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Abstract

The wide development of solar energy, technical agriculture and climate mon-
itoring happening in these years requires a better knowledge of incoming solar
irradiation. Although solar irradiation can be measured with pyranometers with
high accuracy if correctly maintained, there is a lack of these sensors in most of
the countries and regions. Besides, the high spatial and temporal variability of
solar irradiation make measurements from relatively nearby stations not reliable
for certain applications. As a result, solar irradiation must be frequently modeled
and estimated. Many different approaches have been proposed in the last decades
for generating solar irradiation out of other commonly measured meteorological
variables such as temperatures, rainfall and sunshine duration. More recently,
other techniques using sensors onboard satellites are able to provide solar irradi-
ation with a higher spatial coverage. Furthermore, novel machine learning tech-
niques can generate accurate estimations of solar irradiation. However, despite
the massive development of all these techniques, still there are some drawbacks
and issues in the estimation of solar irradiation directly affecting accuracy.

In this context, this thesis focuses on two main blocks of studies: the tem-
poral and the spatial methods for the estimation of solar irradiation. Beginning
by traditional models, models were benchmarked based on the errors and robust-
ness and their capacity of spatial generalization was also evaluated. From this
point, more complex techniques such as support vector regression with a special
optimization procedure were proposed and results were compared to paramet-
ric models. To end the block of temporal models, a wide range of satellite-based
models were studied to evaluate the sources of uncertainty and error in the estim-
ation of global and also beam irradiation under different scenarios. Regarding the
spatial methods, satellite-based estimations were compared to on-ground meas-
urements and then combined to generate more accurate maps of solar irradiation,
not only for global horizontal irradiation but also for the effective irradiation on
three different tilted angles. Furthermore, a very precise downscaling method
for satellite-based estimations was proposed taking into account the topography
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viii Abstract

and geostatistics using some on-ground records. The results of these proposed
methods show a useful insight on the improvement of the estimation of solar
irradiation.

Some of the methods proposed in this thesis were provided as free R
programming code, available as supplementary material in the articles. This code
was generated with the aim of being useful for future replications and applications
of the proposed methods in different regions and was one the most relevant final
products of this thesis.

To conclude, the contributions presented in this thesis prove the great
field of improvement in the temporal and spatial estimation of the main energy
input in our planet, the solar irradiation.



Resumen

El gran desarrollo que se está viviendo en la actualidad y en los últimos años en el
campo de la enerǵıa solar, de la agricultura tecnificada y del análisis climático re-
quiere de un mejor conocimiento de la irradiación solar que recibe nuestro planeta.
Aunque la radiación solar se puede medir con alta precisión con piranómetros, si
estos están correctamente mantenidos, existe gran escasez de estos sensores en la
mayoŕıa de los páıses y regiones. Además, debido a la alta variabilidad espacial
y temporal de la radiación solar, aquellos datos de estaciones cercanas al punto
de interés pueden tener un alto grado de incertidumbre y no ser fiables para
determinadas aplicaciones. Por lo tanto, la irradiación solar debe ser modelada
y estimada en numerosas ocasiones. En las últimas décadas se han propuesto
una gran variedad de técnicas para estimar la radiación solar a partir de otras
variables meteorológicas comúnmente medidas como las temperaturas, la lluvia
y la duración solar. Además, haciendo uso de los datos generados por sensores
instalados en los satélites se han desarrollado modelos que son capaces de estimar
la radiación solar con una mucho mayor covertura espacial. Además, con el desar-
rollo de las técnicas de inteligencia artificial, también denominadas de artificial
intelligence, se pueden generar estimaciones con un alto grado de precisión. Sin
embargo y a pesar del gran número de estudios e innovaciones en este campo,
todav́ıa existen algunos problemas e inconvenientes en todos estos métodos, que
afectan directamente al error en las estimaciones de radiación solar.

En este contexto, esta tesis se ha centrado en dos bloques de estudios
principales: los modelos temporales y los modelos espaciales para la estimación
de la irradiación solar. Inicialmente, se comenzó con modelos paramétricos tradi-
cionales, que fueron comparados por su error y robustez, aśı como por su ca-
pacidad de generalización espacial. A partir de este punto, otras técnicas más
complejas de inteligencia artificial como las máquinas de vector soporte con un
procedimiento especial de optimizado se desarrollaron y los resultados se com-
pararon con los de los modelos tradicionales. Para terminar con el bloque de
modelos temporales, un gran número de modelos de satélite y de cielo claro
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x Resumen

fueron evaluados para analizar el origen de la incertidumbre y de los errores en
estos modelos y su modo de propagación. Este análisis se realizó para la irra-
diación global y también para la directa en distintos escenarios dependiendo de
la covertura nubosa. En relación a los modelos espaciales, se estudiaron compar-
ativamente los errores de las estimaciones de satélite con las medidas en tierra
y se unieron ambas fuentes de datos para realizar mapas más precisos de irra-
diación solar, no solo para la irradiación global horizontal, sino también para la
irradiación efectiva en tres planos comúnmente usados para la enerǵıa solar foto-
voltaica. En este bloque también se desarrolló una metodoloǵıa para la mejora
de la resolución espacial usando estimaciones de satélite y teniendo en cuenta la
topograf́ıa del terreno y datos de varias estaciones con técnicas geoestad́ısticas.
Los resultados de los métodos que se han propuesto muestran claramente una
mejora respecto a los modelos anteriores alĺı donde se han evaluado.

Algunos de los métodos propuestos en esta tesis han sido facilitados como
código libre programado en el lenguaje R y se han facilitado como material suple-
mentario de los art́ıculos. Este código se generó con un claro objetivo de compartir
los métodos con la comunidad cient́ıfica y que fuesen útiles para futuros estudios
y aplicaciones de los métodos en regiones diferentes. Por lo tanto, este código
libre es uno de los productos finales más relevantes de esta tesis.

Para concluir, las contribuciones presentadas en esta tesis demuestran el
gran campo de mejora que exist́ıa y todav́ıa existe en la estimación temporal y
espacial del principal input energético de nuestro planeta, la irradiación solar.
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Chapter 1

Introduction

1.1 Background

Energy and matter are the main components of the universe and both of them
are limited.

The Industrial Revolution set the beginning of a new civilization based on
high-quality energy sources: coal, oil and natural gas, which propitiated a never
seen growth in the global population. However, the fact that natural resources
and particularly fossil energy sources are limited poses a tremendous challenge of
sustainability for our civilization. In history, sustainability has been traditionally
approached via an increase of complexity for problem resolution (Tainter et al.,
2006). In these days and age, if we want a civilization energetically sustainable
in the long term and at a manageable cost, we need to make the transition from
fossil energy sources to a more varied mix of renewable energy sources.

In the XXth century and beginning of the XXIst, a wide range of renew-
able energy technologies were explored and developed. Some of these technologies
perished and others, mainly wind, solar photovoltaic and solar thermal prevailed
and become commercial. Among the latest sources, the photovoltaic technology
stands out due to its simplicity and scalability from small and isolated rooftop
installations, to more complex multi-megawatt grid-connected power plants. The
global installed photovoltaic capacity has evolved from 3.7GW in 2004, to more
than 177GW at the end of 2014 (REN21, 2015). Furthermore, this technology
has seen a remarkable cost-reduction derived from the economy of scale in photo-
voltaic panels manufacturing, also accompanied by a notable increase on the
efficiency of solar cells.

The photovoltaic development has occurred in the majority of countries
with different penetration depending on the energy solutions provided. Rural
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2 Chapter 1. Introduction

electrification with photovoltaic technology in areas isolated from the grid poses
as one of the most deployed solutions in developing countries. Besides, solar
pumping of water for human consumption and irrigation, and district illumination
are as well common initiatives in many African countries. Nevertheless, most of
the global installed photovoltaic capacity is accounted in on-grid installations,
as a way to reduce the external dependency of countries on fossil fuels, which
are mainly produced in very instable areas of our planet. In this case, countries
have made a strong effort with regulation and subsidies (feed in tariffs, green
certificates and fiscal benefits) to estimulate the installation of this technology.
It is noteworthy that the grid parity of photovoltaic technology, stage when it is
competitive with traditional fossil energy sources, has already occurred in many
areas and still it is expected a 40% cost reduction over the next 4-5 years (DB,
2015).

The concentrated solar power technology has also experienced an out-
standing growth in the last ten years, basically structured in parabolic trough,
central tower and linear Fresnel technologies, and accounting at the end of 2014
a global installed capacity of 4.4GW (REN21, 2015). The manageability of this
energy, which can be stored as latent heat in molten salts, and therefore adapt
generation to demand, is one of its key benefits. However, the high complexity
of this technology that only gets advantage of the beam component of solar irra-
diation, and also the fact that the condenser cooling is best achieved expending
a great amount of water (it can also be performed with dry cooling at a much
higher cost) limits the potential areas of installation. Regarding solar thermal
technologies, the solar thermal energy for water heating, mainly for homes, has ac-
complished the greatest growth from 100GW-thermal in 2004 to 406GW-thermal
at the end of 2014 (REN21, 2015).

This outstanding development of solar energy technologies is still tiny
when looking at big numbers. For instance, in 2014 only the 0.9% of the total
electricity generation was produced by the photovoltaic technology and at the
same time, electricity only represented around the 18.1% of the total final energy
consumption (IEA, 2014). As a result, in a scenario of switching from fossil
fuels to renewables, electrification of energy and ”solarization” of electricity are
expected to have a tremendous growth in the following decades.

This coming development of solar energy technologies requires significant
improvements in capital costs and in the technologies itself, but also, high quality
estimations regarding the available solar resource in order to better plan energy
policies, select optimal locations and reduce uncertainties of these investments.
As a result, the generation of accurate and long-term datasets and maps of solar
radiation is crucial for this upcoming ”solarization”.
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1.2 Problem statement and motivation of this thesis

Solar radiation is the main energetic input in the Earth, affecting life and most
of the climatic and meteorological processes occurring within our atmosphere.
Since the very origin of the gender Sapiens, we have been curious about the solar
geometry and the variations of the incoming solar radiation: sunrises, sunsets,
cloud passing phenomena and solar eclipses. Several old civilizations achieved an
outstanding knowledge of solar geometry, such as the Mayans, Greeks and Egyp-
tians among others, but it has not been until the last century when solar radiation
started to be quantified due to the requirement of numerous scientific areas (i.e.
solar energy, climate monitoring and agriculture management). However, the cost
and complexity derived from measuring solar radiation with sensors and the local
validity of these measurements due to spatial and temporal variations have made
solar radiation estimates an essential source of data.

Solar irradiation was firstly estimated by Angstrom (1924) from measure-
ments of sunshine duration recorded with heliographs. Since then, many other
techniques have been proposed for the same purpose studying the atmosphere
as a filter that mitigates the extraterrestrial incoming irradiation. Tradition-
ally, one of the most deployed methods has been the atmospheric-transmittance
parameterization from commonly measured and related-to-solar irradiation vari-
ables. Hargreaves (1981) and Bristow and Campbell (1984) proposed relatively
simple parametric models to estimate daily solar irradiation using only the daily
range of temperatures and the extraterrestrial irradiation. This way, a cleaner
atmosphere, which usually presents a greater daily range of temperatures, would
provide higher irradiation. Other proposals corrected these models by adding
information about the cloud cover using another simple to record variable: the
rainfall (Jong and Stewart, 1993). Although a massive number of variations of
these models have been proposed, the accuracy of these models is highly spatially
dependent on the location of validation. Besides, novel algorithms of machine
learning techniques have also been applied in the estimation of solar irradiation,
i.e. artificial neural networks, support vector regression, random forests and ex-
treme learning machines, among others. The common feature of these techniques
is the requirement of sufficiently long records of measured irradiation and meteor-
ological variables for model training, validation and testing to avoid over-fitting.
Nevertheless, a higher capacity of generalization, robustness and improvement in
errors has been reported when compared to classic parametric models, although
still facing the issue of low spatial generalization (Urraca et al., 2015).
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Furthermore, another branch of models omitted the influence of clouds
and tried to estimate solar irradiance under clear sky conditions using data of
atmospheric parameters such as aerosols, water vapor and ozone content (Rigol-
lier et al., 2000; Ineichen, 2008; Gueymard, 2008). These models are optimally
combined with cloud-cover data from satellite images and are frequently useful in
the spatial estimation of solar irradiation. However, the low spatial resolution of
atmospheric inputs, in the range of hundreds of kilometers, and satellite images,
in the range of kilometers, propagate errors in the estimation and therefore, these
models also need to be locally validated. In this sense, strong efforts are being
made in the downscaling of solar irradiation to obtain high-resolution maps with
the highest fidelity.

Despite the important advances undertaken in the last years to better
describe the solar radiation, the estimation of the solar resource still faces two
big issues:

• The development of more robust and spatially generalist models to generate
long and reliable solar irradiation datasets.

• The development of high quality and high-resolution maps of solar irradi-
ation.

1.3 Scope of research and objectives

In the framework of solar irradiation modeling is of primary importance to im-
prove the accuracy of models for local estimation and for spatial mapping. The
main objective of this thesis has been the development of different methods to
obtain spatially robust models for global solar irradiation estimation and map-
ping.

The research was structured in order to address the following object-
ives:

1. Achieve a better knowledge on the limitations of classic parametric models
for the estimation of global solar irradiation and provide a general method
for a robust calibration of their parameters.

2. Development of models with machine learning techniques capable to over-
come the limitations of parametric models.

3. Sensitivity analysis of clear-sky and satellite models for solar irradiance
estimation to the accuracy of their inputs and understand the propagation
of errors.
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4. Development of a solar irradiation mapping methodology capable to over-
come errors of current methods.

5. Development of a method in order to generate very high spatial resolution
solar irradiation maps taking into account the topography of terrain.

1.4 Contributions presented in the thesis

The main contributions of this thesis are collated into five scientific publications in
journals listed in the Journal Citation Reports®. The common intersection among
these publications is the estimation of solar irradiation with sufficient accuracy
to be used for solar energy planning, climate monitoring and agriculture.
Publication I (Antonanzas-Torres et al., 2013). Index factor JCR (2013):

3.361 (Q2 23/83, Energy & Fuels).
Antonanzas-Torres, F., Sanz-Garcia, A., Martinez-de-Pison, F.J.,
Perpinan-Lamigueiro, O., 2013. Evaluation and improvement of em-
pirical models of global solar irradiation based on temperature and
rainfall in northern Spain. Renewable Energy 60, 604-614.
In this article it is done the most comprenhensive review to date on
solar irradiation parametric models using temperatures and rainfall as
explanatory variables, accounting a total number of twenty-two differ-
ent models and other two new models that were proposed for the study
area. A new methodology of model evaluation based on bootstrap-
ping is proposed to calibrate and obtain more robust models, which
are therefore less sensitive to the specificity of the training period.
Furthermore, a new methodology for parametric model development
is described, leading to generate optimized models to the study area
depending on the importance of explanatory variables. Eventually,
two different models were created with this methodology for the case
of study in La Rioja region (Spain). Results of models created with
the new methodology strikingly improved the errors obtained with
the review of twenty-two models in the same region. Furthermore,
it has been reported that models proposed in this publication also
overcome the errors of other parametric models not only in this area
of study (Antonanzas-Torres et al., 2015; Urraca et al., 2015).
The author of this thesis worked on all stages of this project and
wrote entirely this publication. A. Sanz-Garcia and F.J. Martinez-
de-Pison collaborated with him in the development of the method-
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ology for model evaluation. O. Perpiñan-Lamigueiro contributed in
the programming using the free-environment R software and also in
the meteorological data-cleaning process.

Publication II (Antonanzas-Torres et al., 2015). Index factor JCR (2014):
4.380 (Q1 14/89, Energy & Fuels; Q1 3/127, Mechanics; Q1 3/21,
Physics, Nuclear; Q1 3/55, Thermodynamics).
Antonanzas-Torres, F., Urraca, R., Antonanzas, J., Fernandez-
Ceniceros, J., Martinez-de-Pison, F.J., 2015. Generation of daily
global solar irradiation with support vector machines for regression.
Energy Conversion and Management 96, 277-286.
This publication presents a different approach to classic parametric
models in the estimation of daily global solar irradiation. Support vec-
tor machines for regression were described with an optimized method
for variable selection with genetic algorithms to develop spatially gen-
eralist models with a high level of accuracy. An evaluation between
general and locally trained models was also presented, concluding that
models trained with meteorological samples from different locations
were able to be more parsimonious and robust than those trained
with data from a single location. Furthermore, this study was also
compared with the equivalent using two different parametric mod-
els from Bristow and Campbell (1984) and Antonanzas-Torres et al.
(2013). While the applicability of parametric models was more re-
commended at the location of training, support vector machines were
able to learn from data from different locations and therefore showed
a higher capacity of spatial generalization. It is remarkable that sup-
port vector regression trained with the method proposed achieved a
striking reduction in the mean absolute error of 41.4% and 19.9% as
compared to the afore-mentioned parametric models. One of the most
remarkable findings of using this technique is that in 33.6% of cases it
was comparable to the use of a First Class pyranometer (uncertainty
within 5%) and that regarding annual sums of solar irradiation only
in 3 out of the 14 sites studied in Spain the error was higher than 5%.
This study was the root for another study in which solar irradiation
was mapped using the estimations of a general model built on support
vector regression that predicted solar irradiation in stations in which
it was not recorded (Antonanzas et al., 2015).
The author of this thesis contributed in all stages of this study. F.J.
Martinez-de-Pison, J. Fernandez-Ceniceros and R. Urraca contributed



New methodologies and models in the estimation of solar irradiation 7

in the development of the optimized methodology for support vector
regression training. Additionally, J. Antonanzas and R. Urraca col-
laborated in the analysis of results.

Publication III (Polo et al., 2014). Index factor JCR (2014): 3.476 (Q1
20/89, Energy & Fuels)
Polo, J., Antonanzas-Torres, F., Vindel, J.M., Ramirez, L., 2014.
Sensitivity of satellite-based methods for deriving solar radiation to
different choice of aerosol input and models. Renewable Energy 86,
785-792.
This article presents a sensitivity assessment of satellite-derived mod-
els for generating solar irradiance direct and diffuse components. The
evaluation takes into account the current main global databases of
aerosols and water vapor: AERONET (on-ground measurements),
MODIS and MISR (based on satellites measurements) and MACC
(reanalysis). Three well-known clear-sky models for solar irradiance
estimation were considered (ESRA, SOLIS and REST2), as well as
three global to direct conversion models (Louche, DirInt and DirIn-
dex) to explore the sensitivity in the case of direct normal irradiance
estimations. The work introduced a novel analysis of uncertainty
propagation of each of these models in the framework of a satellite-
based model. It was observed the impact of the error in aerosol optical
depth into the final estimation of global horizontal irradiance and also
direct normal irradiance. The study also considered the sensitivity
analysis in the specific range of direct normal irradiance for concen-
trated solar power technology (400-900 W/m2). The study was per-
formed using ancillary solar irradiance measurements at the ”Plata-
forma Solar de Almeŕıa” (Almeria, Spain) belonging to the Baseline
Surface Radiation Network and also records from the Almeria-PSA
station belonging to the AERONET network.
The author of this thesis contributed in all stages of the sensitivity
assessment in collaboration with J. Polo. The article was written in
collaboration with J. Polo, J.M. Vindel and L. Ramirez-Espinosa.

Publication IV (Antonanzas-Torres et al., 2013). Index factor JCR (2013):
5.51 (Q1 6/83, Energy & Fuels).
Antonanzas-Torres, F., Cañizares, F., Perpiñán, O., 2013. Com-
parative assessment of global irradiation from a satellite estimate
model (CM SAF) and on-ground measurements (SIAR): a Spanish
case study. Renewable and Sustainable Energy Reviews 21, 248-261.
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This article presents a novel methodology for combining satellite-
derived estimates and on-ground measurements for solar global irra-
diation mapping using the geo-statistical technique of kriging with ex-
ternal drift. Initially, global horizontal irradiation estimates from the
Satellite Application Facility for Climate Monitoring (CM SAF) and
on-ground measurements from 301 meteorological stations in Spain
were compared at the location of these stations. On a second step,
the analysis was compared with estimations of effective irradiation on
three different tilted planes that are common in photovoltaics (fixed,
two axis tracking and north-south horizontal axis), using estimated
irradiation from these two databases. Eventually, different maps of
annual global irradiation in the horizontal plane and in the three
afore-mentioned titled planes were developed using kriging with ex-
ternal drift for Spain and compared against the CM SAF maps. The
methods of this article were implemented in the free-environment R
software and provided as supplementary material for future replica-
tions and applications of the study and methodology.
The author of this thesis contributed in the data collection and ana-
lysis of the results. The programming in R was performed by O.
Perpiñan.

Publication V (Antonanzas-Torres et al., 2014). Index factor JCR (2014):
0.904 (Q3 61/89, Energy & Fuels).
Antonanzas-Torres, F., Martinez-de-Pison, F. J., Antonanzas, J.,
Perpinan, O., 2014. Downscaling of global solar irradiation in complex
areas in R. Journal of Renewable and Sustainable Energy 6, 063105.
doi: 10.1063/1.4901539.
This article introduces a new downscaling method for solar irradi-
ation in order to generate maps of high resolution (200x200m). Data
from the CM SAF satellite database in 0.05x0.05º (˜5km grid) was
downscaled taking into account the topography effects of shading and
sky view factor, which were not considered in the satellite database.
On a second step, kriging with external drift was useful to accur-
ately adjust the downscaled map with a few on-ground measurements
from pyranometers. The method proved useful in a case of study in
La Rioja region, known for its complex topography. The code was
programmed in free-environment R software and freely provided for
future replications and applications of the study in other regions.
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This study was partially financed by a project of the ”Instituto de
Estudios Riojanos” (IER- 2013). The author of this thesis contrib-
uted in all stages of this project. O. Perpiñan helped in the R code
development. J. Antonanzas and F.J. Martinez-de-Pison collaborated
in the article writing.

1.4.1 Thematic unit

The thematic unit involving the publications of this thesis is the solar irradiation
modeling and mapping. All five publications answer to different objectives and
approaches of solar irradiation estimation. However, the common intersection
among these publications is the estimation of solar irradiation with sufficient
accuracy to be used for solar energy planning, climate monitoring and agriculture.
Due to the importance in this study of atmospheric monitoring, soft-computing,
mathematical modeling, statistics and geo-statistics, they must be mentioned in
this section.

1.5 Thesis outline

This thesis dissertation is divided in nine chapters. This first chapter briefly
introduces the topic of solar radiation modeling, explaining the motivation of
the study, as well as its scope and objectives. Chapters 2 through 6 contain the
five scientific publications contributing to this thesis. The first three publications
focuse on the temporal estimation of solar irradiation, whereas the other two
emphasize the spatial estimation. Chapter 7 is a summary of the most significant
results found in these studies. Chapter 8 collates a general discussion of previous
findings. Chapter 9 presents the main conclusions of this dissertation and finally,
chapter 10 collates the future works.
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a b s t r a c t

This paper presents a new methodology to build parametric models to estimate global solar irradiation
adjusted to specific on-site characteristics based on the evaluation of variable importance. Thus, those
variables highly correlated to solar irradiation on a site are implemented in the model and therefore,
different models might be proposed under different climates. This methodology is applied in a study case
in La Rioja region (northern Spain). A new model is proposed and evaluated on stability and accuracy
against a review of twenty-two already existing parametric models based on temperatures and rainfall in
seventeen meteorological stations in La Rioja. The methodology of model evaluation is based on boot-
strapping, which leads to achieve a high level of confidence in model calibration and validation from
short time series (in this case five years, from 2007 to 2011).

The model proposed improves the estimates of the other twenty-two models with average mean
absolute error (MAE) of 2.195 MJ/m2day and average confidence interval width (95% C.I., n ¼ 100) of
0.261 MJ/m2day. 41.65% of the daily residuals in the case of SIAR and 20.12% in that of SOS Rioja fall
within the uncertainty tolerance of the pyranometers of the two networks (10% and 5%, respectively).
Relative differences between measured and estimated irradiation on an annual cumulative basis are
below 4.82%. Thus, the proposed model might be useful to estimate annual sums of global solar irra-
diation, reaching insignificant differences between measurements from pyranometers.

� 2013 Elsevier Ltd. All rights reserved.

1. Introduction

Solar irradiation research is a field of rising interest due to its
many applications, such as the study of evapotranspiration [1] and
optimization of water demand in irrigation, crop forecasting [2]
from near-to-present measurements and estimates, the develop-
ment and reduction of uncertainties in solar energy technologies
(generation and internal rate of return) [3], the adjustment of en-
ergy policies to promote solar energies, and research on climate
change [4]. The high cost of measuring solar irradiation with pyr-
anometers and the scarcity of long, reliable datasets for specific
locations has propitiated the progress in estimators such as the
analysis of satellite images [4,5], artificial neural networks (ANN)
[6,7] and empirically-based parametric models [8e10]; the latter

estimating daily global horizontal irradiation (Rs) from other
meteorological variables.

Satellite-based Rs estimates are only provided with high reso-
lution for specific areas in the planet, for example, 70S-70N, 70W-
70E in the Satellite Application Facility for Climate Monitoring (CM
SAF) [11], Helioclim1 andHelioclim3 fromSODA [12]. In other areas,
resolution from satellite-based estimates is low, such as in some
regions of South America and South-East Asia (INPE [13] and the
National Renewable Energy Laboratory (NREL) [14]with 40� 40 km
resolution). The NASA Surface meteorology and Solar Energy (SSE)
[15] coverage is global but resolution is very low (1�1�). Due to the
effect of local microclimatic events on Rs, daily and annual diver-
gencewithin a 40� 40 kmor 1� �1� cellmight be significant [16]. In
addition, satellite-based daily estimates are not generally freely
accesible in the near present. For instance, the SODA provides Rs
from Helioclim1 for the period 1985e2005, Helioclim3 for the year
2005 and from the SSE database for the period 1983e2005. These
near-to-present estimates are necessary in different applications
such as the estimation of evapotranspiration of previous days to

* Corresponding author.
E-mail address: antonanzas.fernando@gmail.com (F. Antonanzas-Torres).
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forecast irrigation. As a result, the empirically-based parametric
models standout because of their high simplicity in estimatingnear-
to-presentRs frommeasurements of commonly registeredvariables,
generally registered with a higher distribution than the satellite
resolution.

Refs. [17] and [18] developed the first parametric models to
estimate Rs out of sunshine records and introduced the concept of
the atmospheric transmittance that affects incoming extraterres-
trial irradiation (Ra). The common figure of most parametric models
is that they account for latitude, solar declination, the Julian day (J),
and day length by including Ra [19]. Ref. [20] included mean daily
cloud coverage to explain Rs. Ref. [21] introduced relative humidity
and maximum temperature to estimate the monthly mean of the
daily irradiation (Rs). However, the scarcity of sunshine and cloud
cover records limits the usage of these methods to the location of
validation.

Refs. [9], [22], and [8] developed the first models in which Rs is
estimated through the daily range of maximum and minimum
temperatures (DT). Note that in these models DT behaves as an
indicator of atmospheric transmittance, providing information
about cloud cover. The higher emissivity of clouds than clear sky
makes the maximum air temperature decrease and the minimum
temperature increase, and as a result the DT decreases [23].

Refs. [24] studied the [9] model with Rs, distinguishing between
inland and coastal locations and obtaining higher accuracy in
monthly than in daily estimates [25]. Other authors also modified
the [9] model, introducing elevation [26], or modifying the square
root by a Neperian logarithm [27] (the latter attributing it to [25]).

Rainfall (P) was introduced as an explanatory variable directly
[10,28] or as a binary variable (M) equal to 1 in days with some
rainfall (denoted as rainy days) and 0 in days without any rainfall
recorded (non-rainy days) [29e31]. Refs. [30,31] rejected using DT
in his model, considering P sufficient to explain Rs. Ref. [30] also
rejected Ra and applied Fourier series based on the Julian angle (q),
corresponding to the angle in radians of the J.

Ref. [8] (hereinafter BC) calculated DT as the difference be-
tween the maximum temperature of the day and the average of
the minimum temperatures of the current day and the following
day. Ref. [32] modified the BC model, calculating DT related to
rainfall. Ref. [19] studied the influence of DT on estimations,
calculated as the difference between the maximum (Tmax) and
minimum temperatures (Tmin) and as DT as per BC and evaluated

it with sixteen BC and [9] derived models. Eventually, better es-
timations were achieved with DT as the difference between Tmax

and Tmin. The BC equation has also been modified by considering
some parameters as constants [1,19,33,34]. The last of this papers
attributed two new models to [33] and [35]. Additionally [33],
concluded that [25] and BC models perform better for Rs than for
daily values. Ref. [36] and latter [35] (who referred it as BC)
included the monthly mean of the daily DT to smooth the results
of the BC model. Ref. [36] also developed a model in which the
daily average temperature was introduced. Refs. [37,38] also
modified the BC model, introducing the Ra as a function of the
atmospheric transmittance. Indeed, several papers have proved
the efficacy of the BC model by comparing it with their own
models or with other models, e.g. Refs. [1,19,23,28,29,32e35,
39e42].

Most of parametric models to estimate Rs have been derived
from the [9] and the BC models by adding other variables that were
proved to achieve better estimates where validated. However, a
variable which might be correlated with Rs in a site, might not have
such a dependency in other site [26]. This paper proposes the
evaluation of variable importance as a method to adjust general
models, i.e., the BC model. New models are then built by including
important variables, obtained by on-site specific relationships be-
tween predictors and Rs.

Several papers have already evaluated models according to test
errors, assessing the capacity of generalization under unproven
data [23,35,39]. Nevertheless, models might generate low test er-
rors for a specific time series while still being unstable under slight
variations in the calibration data [43]. This paper also proposes an
evaluation including stability and accuracy under different initial
conditions as model selection criteria, and implements it on
twenty-four parametric models (including two new models built
on the method of evaluation of variable importance) in seventeen
meteorological stations in La Rioja (Spain). The estimates of the
best performing model are also compared with the CMSAF SIS
satellite-derived database.

Table 1 summarizes the twenty-four models studied.

2. Meteorological data

The assessment is performed in La Rioja, a 5028 km2 region of
Spainwith significant climatic differencesmainly due to differences

Nomenclature

BC Bristow & Campbell model
DT daily range of maximum and minimum temperatures
DTc average DT of the calibration dataset
DTi�1 daily range of maximum and minimum temperatures

on day i�1
DTm monthly average of DT
DTt average DT of the testing dataset
h elevation above sea level
H daily mean relative humidity
J Julian day
M logical variable of rainfall
MAEtes mean absolute error of testing
MAEval mean absolute error of validation
MAEval average MAEval for the whole set of stations
n length in days of the validation database
P rainfall
Pc yearly average rainfall in mm for the calibration dataset
Pt yearly rainfall in mm for the testing dataset

psat[Tmax]vapor saturation pressure at Tmax

R2 coefficient of determination
Ra extraterrestrial irradiation
Ra,i�30 extraterrestrial irradiation on day i�30
Rs daily global solar irradiation
Rs monthly mean of daily global irradiation
Rs;c average Rs for the calibration period
Rs,est daily estimated irradiation
Rs,meas daily measured irradiation
Rs;t average Rs for the testing period

RMAE;val average confidence interval width of MAE

RRMSE;val average confidence interval width of RMSE

RMSEval average RMSEval for the whole set of stations
RMSEtes root mean square error of testing
Tavg daily average air temperature
Tmax daily maximum temperature
Tmin daily minimum temperature
q Julian angle
W daily mean wind speed
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in elevation and the smoothing influence of the Ebro River. The
daily meteorological data is provided by two public agencies, SOS
Rioja [44] and SIAR (Service of Agroclimatic Information of La Rioja)
[45], with records taken every fifteen and 30 min respectively. Rs is
measured by SOS Rioja with Geonica sensors CM-6B and EQ08,
which are classed as First Class pyranometers according to the
ISO9060 and by SIAR with Kipp&Zonen CM3 and Hukseflux LP02,
which are Second Class pyranometers with 5% and 10% daily
tolerance levels respectively. The impact of the horizon effect on Rs
has been analyzed and not taken into account, since sky-view
factors (ratio of visible sky related to the potential visible sky) are
between 0.985 and 0.999, substantially lower than the uncertainty
of sensors and models and therefore negligible. Tmax, Tmin and P are
recorded with tolerances of 0.1 �C and 0.1 mm by SOS Rioja and
0.2 �C and 0.2 mm by SIAR. Additionally, average wind speed (W)
and relative humidity (H) are recorded with 0.3 m/s and 3% toler-
ance respectively. Eventually, a total number of seventeen meteo-
rological stations are selected (see Fig. 1), with five complete years
of daily historical data on the aforesaid variables from 2007 to 2011.
Spurious data are filtered out according to the following limits, Tmax
lower than 45 �C, Tmin higher than �20 �C, irradiance lower than
1150 W/m2, Rs lower than the daily Ra, P lower than 40 mm/h, W
lower than 30 m/s and H lower than 100%. Spurious data account
for less than 0.14% and are replaced by the average of the previous
and following measurements.

The time series of daily values from 2007 to 2011 of each station
is divided into the calibration dataset, running from 2007 to 2010
and the testing dataset, which covers 2011 alone. Table 2 provides
general information about the main variables measured during the
calibration and testing periods.

Additionally, Rs from the CM SAF SIS for 2007e2011 is ob-
tained to evaluate and compare errors from the best-performing
parametric model with those from this satellite-derived
database.

3. Method

3.1. Methodology of model evaluation

The analysis of robustness proposed leads to the stability of
models being assessed under many different initial conditions, and
it is advisable to select the most suitable model, based not only on
the lowest testing errors [46]. The evaluation is based on boot-
strapping to extract a large amount of knowledge from a short time
series [47,48]. It is performed with each model at each station. 80%
of the calibration dataset for every station (1168 days) is sampled to
calibrate the parameters of each model. The remaining 20% (292
days) is used to validate the calibration by calculating the validation
mean absolute error (MAEval) and the validation root mean square
error (RMSEval). This process is repeated one hundred times,
resampling the 80% of the calibration dataset and calculating
MAEval and RMSEval to eventually obtain the confidence intervals of
the model parameters and errors.

MAEval ¼
1
n

Xn
i¼1

���Rs;meas � Rs;est
��� (1)

RMSEval ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
n

Xn
i¼1

�
Rs;meas � Rs;est

�2
vuut (2)

where, Rs,meas and Rs,est stand for daily measured irradiation and
daily estimated irradiationwith the model to be validated. n stands
for the length in days of the validation database (292 days).

Each model is calibrated with both spectral projected gradient
methods for large-scale optimization [49] and a quasi-Newton al-
gorithm known as the Broyden, Fletcher, Goldfarb and Shanno
(BFGS) method [50], which updates an approximation to the

Table 1
Summary of the twenty-four parametric models studied. DT is the difference between Tmax and Tmin. Ra,i�30 is the extraterrestrial irradiation on day i�30, h is the elevation
above sea level, Tavg is the daily average air temperature, DTm is the monthly average of DT and psat[Tmax] is the vapor saturation pressure at Tmax.

Model no. Equation Parameters Authors

1 Rs ¼ a
ffiffiffiffiffiffiffi
DT
p

Ra a [9]

2 Rs ¼ að1þ 2:7$10�5$hÞ
ffiffiffiffiffiffiffi
DT
p

Ra a [26]

3 Rs ¼ ða
ffiffiffiffiffiffiffi
DT
p

þ bÞRa a, b [27]

4 Rs ¼ ða$lnðDTÞ þ bÞRa a, b [27]
5 Rs ¼ a

ffiffiffiffiffiffiffi
DT
p

Ra þ b a, b [28]

6 Rs ¼ a
ffiffiffiffiffiffiffi
DT
p

Ra þ b$Tmax þ c$P þ d$P2 þ e a, b, c, d, e [28]

7 Rs ¼ a$Ra$DTbð1þ c$P þ d$P2Þ a, b, c, d [10]

8 Rs ¼ að1� expð�b$DTcÞÞRa a, b, c [8]
9 Rs ¼ a$Rað1� expð�b

ffiffiffiffiffiffiffi
DT
p

� c$DT � d$DT2ÞÞ a, b, c, d [28]

10 Rs ¼ a
�
1� exp

�
� b DTc

Ra

��
Ra a, b, c [37]

11 Rs ¼ a
�
1� exp

�
� b DTc

Ra;i�30

��
Ra a, b, c [38]

12 Rs ¼ 0:7ð1� expð�b$DT2;4ÞÞRa b [33]
13 Rs ¼ 0:75ð1� expð�b$DT2ÞÞRa b [19]
14 Rs ¼ 0:75

�
1� exp

�
� b$DT

2

DTm

��
Ra b [19]

15 Rs ¼ ða$DTbÞRa a, b [22]

16 Rs ¼ aþ b$cosðqÞ þ c$sinðqÞ þ d$cosð2qÞ þ e$sinð2qÞ þ f $Mj�1 þ g$Mj þ h$Mjþ1 a, b, c, d, e, f, g, h [30]
17 Rs ¼ a$Ra þ b$Mj�1 þ c$Mj þ d$Mjþ1 a, b, c, d [31]
18 Rs ¼ Ra$að1� expð�b$DTcÞÞ$ð1þ d$Mj�1 þ e$Mj þ f $Mjþ1Þ þ g a, b, c, d, e, f, g [29]
19 Rs ¼ Ra$að1� expð�b$DTcÞÞ þ d$Mj�1 þ e$Mj þ f $Mjþ1 þ g a, b, c, d, e, f, g [29]
20 Rs ¼ a

�
1� exp

�
� b DTc

DTm

��
Ra a, b, c [36]

21 Rs ¼ 0:75ð1� expð�b$DT2$f ðTavgÞÞÞ
f ðTavgÞ ¼ 0:017expðexpð�0:053$Tavg$DTÞÞ

b [36]

22 Rs ¼ a$Ra$DTbð1� expð�c$psat½Tmax�ÞÞd a, b, c, d [39]

23 Rs ¼ Ra$að1� expð�b$DTcÞÞ$ð1þ d$Mj�1 þ e$Mj þ f $Mjþ1 þ g$DTjþ1 þ h$DTj�1Þ þ l a, b, c, d, e, f, g, h, l Proposed model
24 Rs ¼ Ra$að1� expð�b$DTcÞÞ$ð1þ d$Mj�1 þ e$Mj þ f $Mjþ1 þ g$DTjþ1 þ h$DTj�1 þ l$Wj þm$HjÞ þ n a, b, c, d, e, f, g, h, l, m, n Proposed model
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inverse Hessian along with a point line search strategy [51]. The
parameters calibrated minimize the sum of the square residuals
between the measurements (Rs,meas) and the estimations (Rs,est). A
combination of square errors in model calibration, and mean ab-
solute errors (MAE) is chosen as indicators of model performance to
reduce the impact of outliers in the evaluation [52].

The stability and accuracy of each model are assessed at the set
of stations as a whole with the mean confidence interval width of
MAE ðRMAE;valÞ and the mean MAE ðMAEvalÞ. The unpaired t-test is
also evaluated to determine if MAEval means are statistically
different between pairs of models within each station. The t is
calculated with Equation (3) and then the p-value of the null hy-
pothesis is derived.

t ¼ xi � xjffiffiffiffiffiffiffiffiffi
s2i �s2j
n

q (3)

where xi and xj are the mean MAEval by bootstrapping with 100
samples of model i and j, si and sj the standard deviations and n the
number of samples.

The capacity of generalization for non-common values is
assessedwith the confidence interval width of RMSE ðRRMSE;valÞ and
the mean RMSE ðRMSEvalÞ, as a result of the amplifying property of
this statistic with outliers.

The capability for generalization under unproven continuous
data [53] is assessedwithin the testing dataset with the testingMAE
(MAEtes). The figures for the model parameters are obtained from
the median of the bootstrapping distributions.

The analysis described in this paper has been implemented
using the free software environment R [54] and several contributed
packages: gstat [55] and sp [56] for the geostatistical analysis,
optimx [57] for the calibration of models, solaR [58] for the solar
geometry, raster [59] for spatial data manipulation and analysis,
and rasterVis [60] for spatial data visualization methods.

Fig. 1. Location of the meteorological stations selected in the region of La Rioja. The color band represents elevation (m). SIAR stations are shown by blue circles and SOS Rioja
stations by red triangles. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 2
Summary of the seventeenmeteorological stations. DTc and DTt are the average DT of the calibration and testing datasets, respectively. Pc is the yearly average rainfall in mm for
the calibration dataset and Pt is the yearly rainfall for the testing dataset. Rs;c and Rs;t are the daily average Rs for the calibration and testing datasets, respectively.

# Name Net. Lat. (�) Long. (�) Alt. DTc DTt Pc Pt Rs;c Rs;t

1 Agoncillo SIAR 42.46 �2.29 342 12.3 12.6 484 318 14.7 15.3
2 Aldeanueva SIAR 42.22 �1.90 390 11.1 11.4 405 327 15.4 15.4
3 Alfaro SIAR 42.15 �1.77 315 12.5 12.9 335 364 15.3 15.2
4 Casalarreina SIAR 42.53 �2.89 510 11.8 12.4 486 341 14.2 14.2
5 Cervera SIAR 42.00 �1.89 495 13.9 14.3 356 331 15.2 15.0
6 Foncea SIAR 42.60 �3.03 669 10.1 10.5 647 422 14.8 14.7
7 Leiva SIAR 42.49 �3.04 595 11.4 11.5 499 379 14.5 14.4
8 Rincon SIAR 42.25 �1.85 277 12.3 12.7 393 348 15.3 15.5
9 Urunuela SIAR 42.46 �2.71 465 11.4 12.4 476 345 14.1 14.2
10 Aguilar SOS 41.96 �1.96 752 9.3 9.7 463 236 14.5 14.7
11 Calahorra SOS 42.29 �1.99 350 11.1 11.3 305 250 13.3 13.4
12 Ezcaray SOS 42.33 �3.00 1000 10.3 10.7 538 381 13.6 13.6
13 Logroño SOS 42.45 �2.74 408 10.1 10.3 423 212 14.3 14.3
14 Moncalvillo SOS 42.32 �2.61 1495 7.8 7.7 567 429 12.0 11.9
15 San Roman SOS 42.23 �2.45 1094 8.2 8.2 323 332 13.9 14.2
16 Ventrosa SOS 42.17 �2.84 1565 7.4 7.7 447 412 12.2 12.1
17 Villoslada SOS 42.12 �2.66 1235 9.7 9.9 499 325 12.6 12.4
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3.2. Methodology of model development

The evaluation of variable importance leads to improve the
performance of a general model with specific relationships be-
tween predictors and outcomes of the site to be assessed. This
evaluation is performed by means of a loess smoother fit model,
also known as locally weighted polynomial regression, which is
fitted between the outcome and the predictors [61]. Each point (x)
of the dataset is fitted with a low-degree polynomial. The poly-
nomial is adjustedwith weighted least squares, giving more weight
to points near the point whose response is being estimated and less
weight to points further away. The weights are determined by their
distance from x with the tricubic weight function (Equation (3)).

uðxÞ ¼
�
1�

���x3���� (4)

Eventually, the R2 is calculated for this model against the
intercept only null model. The R2 is returned as a relative measure
of variable importance.

The evaluation is performed with typically used variables such
as P, M and DT and other two non-commonly used variables W and
H of the study day (i) and of three days, two days and the day before
(i�3, i�2, i�1) and after (i þ 3, i þ 2, i þ 1). Those variables with
high R2 are useful to improve the estimation of Rs within a classic
model, such as the BC. As a result, new BC-derived models are built
according to Equations (5) & (6) with those important variables and
then evaluated according to Section 3.1.

Rs ¼ að1� expð�b$DTcÞÞRa$Aþ pnþ1 (5)

A ¼ 1þ
Xn
j¼1

pj$vj (6)

where, A is the adjustment of the BC model according to the eval-
uation of variable importance, p is the parameter related to the
variable v and n is the number of variables of adjustment.

4. Results and discussion

4.1. Model building

The evaluation of variable importance for La Rioja is collated in
Table 3. DT, H, and M show values of R2 higher than 0.15.
Throughout the analysis of variable importance it might be proved
that rainfall in this region should be explained with M instead of P
(0.153 vs. 0.056), which however, is implemented inmodels 6 and 7.
As a result, P is rejected as a variable to explain Rs. Equation (6)
might be fitted with different combinations of variables (pj) and
therefore, differentmodelsmight be built and then evaluated as per
Section 3.1. Two different sets of models are built regarding inputs
used. The first set of models, constituted by 9 models, is built
considering commonly registered meteorological variables (Tmax,
Tmin and M). The second set of models also integrates W and H and
is composed by 3 different models. Since DT is already considered
within the BC model, only DTjs1 are considered in A. Eventually,
only pj and pj�1 are relevant in Rs, showing lower errors in the
evaluation. Mj, Mj�1, DTj and DTj�1 provide information about the

cloud coverage [23] andW and H refine the sky clearness. However,
Hjs1 andWjs1 reduce the robustness of models and increase errors.
M, Mi�1 and Miþ1 were already implemented in the [29] models
(models 18 and 19). Equations (6) and (7) show the final models
proposed for both afore-mentioned sets.

Rs ¼ Ra$að1� expð�b$DTcÞÞ$�1þ d$Mj�1 þ e$Mj þ f $Mjþ1
þ g$DTjþ1 þ h$DTj�1

�þ l

(7)

Rs ¼ Ra$að1� expð�b$DTcÞÞ$�1þ d$Mj�1 þ e$Mj þ f $Mjþ1
þ g$DTjþ1 þ h$DTj�1 þ l$Wj þm$Hj

�þ n

(8)

4.2. Evaluation of parametric models

The results of the robustness assessment are collated in Fig. 2,
showing the 95% confidence intervals (95% C.I., n ¼ 100) of the
MAEval obtained by bootstrapping and also the test errors (MAEtes).
Narrow confidence intervals and low values of MAEval imply both
stability and accuracy in models, and low MAEtes means high ca-
pacity for generalization within the testing period. Several models,
such as 12 and 13 at station 1, 12-14 at station 8, 10 and 12 at the
station 12, and 1-5, 7-10, 12 and 20 at the station 17 among others,
generate wide confidence intervals and high values of MAEval and
at the same time low MAEtes. In spite of the high capacity for
generalization of the afore-mentioned models within the testing
period, the methodology proposed leads to their selection being
avoided. For instance, stable and accurate models such as 24 should
be selected at station 17 instead of model 20, although the latter
generates lower MAEtes. The robustness assessment is found useful
when only short and biased time series are available to evaluate
models.

The stability of models is assessed through the RMAE;val of the
model for the whole set of stations (Table 4). The proposed models
(models 23 and 24) improve the results of [29] (models 18 and 19)
with RMAE;val of 0.360 and 0.261 MJ/m2day and 0.387 and 0.385 MJ/
m2day, respectively. Therefore, model 23 is considered the most
stable for this region by means of rainfall and daily range of tem-
peratures. However, a significant improvement in stability is ach-
ieved introducing W and H in addition to DT and M, as seen with
model 24. Models 1e10, 15, 20 and 22 generate similar RMAE;val

between [0.42e0.45] MJ/m2day, and models 12e14, 17 and 21 be-
tween [0.48e0.53]MJ/m2day. The low stability of models 11 and 16,
with RMAE;val of 0.761 and 0.764 MJ/m2day, might be explained by
the inclusion of Ra,i�30 and the lack of Ra, respectively.

Model accuracy is assessed via the average of MAEval for the
whole set of stations ðMAEvalÞ. The highest accuracy in pre-
dictions is also achieved with models 24, 23 and 18 with MAEval
of 2.195, 2.247 and 2.317 MJ/m2day (Table 4). In addition, model
23 and 24 obtain the lowest values of MAEval of 1.886 � 0.161 and
1.887 � 0.090 (95% C.I., n ¼ 100) MJ/m2day (Fig. 2) at station 11
(Calahorra). According to the t-test the MAEval mean is statisti-
cally lower in model 24 than any other model in all stations,

Table 3
Summary of variable importance results related to each variable v.

v Pi Piþ1 Pi�1 Mi Miþ1 Mi�1 DTi DTiþ1 DTi�1 DTiþ2 DTi�2
R2 0.056 0.012 0.016 0.153 0.068 0.059 0.533 0.359 0.340 0.301 0.172
v DTiþ3 DTi�3 Wi Wiþ1 Wi�1 Hi Hiþ1 Hi�1 Hiþ2 Hi�2
R2 0.206 0.167 0.089 0.076 0.071 0.465 0.344 0.251 0.251 0.199

F. Antonanzas-Torres et al. / Renewable Energy 60 (2013) 604e614608



except in station 9, in which models 18, 19 and 23 have lower
MAEval mean (Table 5). From this test, it can also be deduced that
model 23 has statistically lower MAEval than models 18 and 19 in
all stations.

The original BC model (model 8) achieves lower MAEval
(2.617 MJ/m2day) than other BC-derived models such as 10e14 and
20e21. Models 3, 5 and 6, derived from Ref. [9] (model 1), obtain
lower MAEval than the initial model. Ref. [10] (model 7), derived
from Ref. [22] (model 15) improves the MAEval from 2.719 MJ/
m2day (model 15) to 2.534 MJ/m2day (model 7). Refs. [30] and [31]
models (models 16 and 17), in which DT is not considered, achieve
MAEval of 6.315MJ/m2day and 3.405MJ/m2day. Ref. [38] (model 11)
generates a MAEval of 4.426 MJ/m2day, due to its high dependency
on the Ra,i�30.

The capacity of generalization of models to non-common days is
assessed through the RMSEval and RRMSE;val in Table 4. The model

proposed (model 24) behaves with lower RMSEval (2.879 MJ/
m2day) than the other models analyzed and also with a lower
RRMSE;val (0.361 MJ/m2day). This model generates lower median of
RMSEval in all stations, except in station 9, in which is lower in
models 18, 19 and 23.

Eventually, the models 24 (model proposed by means of DT, M,
W andH) andmodel 23 (model proposed bymeans ofDTandM) are
considered the most suitable models for estimating Rs in La Rioja.
Notwithstanding, the model evaluation is focused on model 24 due
to its superior stability and accuracy. 41.65% of the daily residuals in
the case of SIAR and 20.12% in that of SOS Rioja fall within the
uncertainty tolerance of the pyranometers of the two networks

Model

M
AE
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1 2 3 4 5 7 8 9 10 12 13 14 15 18 19 20 21 22 23 24

Station 1
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2.5
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Fig. 2. Confidence intervals (95% C.I., n ¼ 100) of MAEval (grey vertical lines) and MAEtes (blue crosses) (MJ/m2day). Note that some of the values of models 11, 16 and 17 lie outside
the range of the figure. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

Table 4
Summary of statistics in MJ/m2day.

Model 1 2 3 4 5 6 7 8 9 10 11 12

MAEval 2.814 2.809 2.699 2.679 2.797 2.768 2.534 2.617 2.613 2.791 4.426 2.791
RMAE;val 0.436 0.415 0.426 0.425 0.411 0.430 0.420 0.420 0.422 0.423 0.761 0.527
RMSEval 3.572 3.560 3.475 3.448 3.541 3.488 3.409 3.294 3.398 3.584 5.873 3.825
RRMSE;val 0.559 0.545 0.601 0.569 0.549 0.539 0.577 0.605 0.593 0.579 0.996 0.745

Model 13 14 15 16 17 18 19 20 21 22 23 24

MAEval 2.804 2.751 2.719 6.273 3.366 2.317 2.336 2.678 2.728 2.723 2.247 2.195
RMAE;val 0.491 0.488 0.444 0.764 0.498 0.387 0.385 0.445 0.498 0.432 0.360 0.261
RMSEval 3.798 3.708 3.485 7.377 4.256 3.023 3.081 3.457 3.693 3.504 2.995 2.879
RRMSE;val 0.715 0.691 0.583 0.802 0.649 0.548 0.538 0.606 0.694 0.576 0.543 0.361
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(10% and 5%, respectively). However, smaller differences between
Rs,meas and Rs,est are found in Fig. 4 when considering yearly sums of
Rs. Yearly sums of Rs fall within the uncertainty tolerance of the
pyranometers in all estations during the five years (2007e2011)
with a higher divergence of 4.823% in 2011. Regarding the relative
differences between measured and estimated monthly sums of Rs
in 2011, 91.7% and 45.8% of the cases in SIAR and SOS Rioja stand
within the tolerance of pyranometers.

The performance of the whole set of models is related to
elevation, as shown in Fig. 5, with higher MAEval being produced at

higher altitudes, as evidenced at stations over 1000 m. A suitable
explanation of this behaviour might be because there is more
meteorological variability in the mountainous areas of La Rioja,
than in the lowlands [26]. A slight correlation with elevation is
found in models 10, 14 18-20, 23 and 24, not as marked as with
other models.

Fig. 6 shows the parameters calibrated on model 24 to estimate
Rs in Wh/m2day. High variability between stations is found within
the non explanatory constant (parameter n). This variability was
also reported by Ref. [29] and might be explained by the strong site

Table 5
Summary of p-values of t-test in the MAEval of model 24 against model 18 and model 23 (p-values greater than 0.05 imply statistically significant lower MAEval in model 24).

Mod. 18 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
p-value 0.9 0.9 0.9 0.6 0.9 0.8 0.8 0.9 0.0 0.9 0.6 0.9 0.9 0.7 0.9 0.6 0.9
Mod. 23 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17
p-value 0.9 0.9 0.9 0.9 0.9 0.7 0.4 0.9 0.0 0.9 0.7 0.6 0.9 0.7 0.3 0.6 0.9

Fig. 3. Correlation between Rs,meas (MJ/m2day) and Rs,est of the model proposed (model 24) with green points and Rs,cmsaf with black crosses within the testing time series at all
seventeen stations. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)
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dependency described by Refs. [26,62]. Refs. [23] and [19] described
correlations between the parameters and the distance between
stations or latitude and longitude. Nevertheless, no correlation
between the values of the parameters and latitude, longitude,
elevation or distance between stations is found in model 24.

The effect of rain in model 24 is shown in Fig. 7, in which the
MAE of non-rainy days is on average 11.3% lower than that of rainy
days for the whole set of stations. This is also widely found in the
rest of the models, and is explained by the fact that solar irradiation
is more complex on rainy and overcast days [10]. 2011 was an
especially dry year in La Rioja, with 19.7% less rainfall than the
average for the calibration period 2007e2010 (Table 2), so the
MAEtes figures are significantly low in comparison with the confi-
dence intervals of the MAEval in Fig. 2. However, this tendency is
broken with some models at station 14 (Moncalvillo), where the
MAEtes are higher than the MAEval. More cloud cover in the testing
period, evidenced by DTt being lower that the DTc seen in Table 2 at
station 18, might explain this finding [23].

4.3. Evaluation compared with CM SAF

The mean MAE registered by CM SAF related to Rs,meas is
1.983 MJ/m2day with a standard deviation of 0.517 MJ/m2day, in
average 10.7% lower than MAEval from model 24, although in sta-
tions 9, 11, 14, 16 and 17 MAECMSAF is higher than the confidence
interval (95% C.I., n ¼ 100). The RMSECMSAF is 3.207 MJ/m2day with
a standard deviation of 0.449 MJ/m2day, being higher than the
confidence interval (95% C.I., n ¼ 100) in stations 6, 7, 9, 12, 14, 16
and 17. Table 6 shows the errors of testing (testing dataset) for the
model 24 and CM SAF. It might be deduced that CM SAF generally

performs with lower errors than model 24 except in stations 9, 11,
14, 16 and 17 (same stations with lower MAEval and RMSEval than
CM SAF), in which model 24 is superior.

Fig. 3 shows the performance of model 24 with new data from
the testing database. This model achieves coefficients of determi-
nation (R2) with linear regression of [0.87e0.91] and [0.79e0.87]
for stations below and above 1000 m respectively. The coefficients
of determination from CM SAF against Rs,meas (R2CMSAF) are signifi-
cantly higher than R2, but also showing a relation with elevation,
being lower at higher elevation.

The annual irradiation estimated by CM SAF is significantly
higher than the Rs,meas, which was also found in Spain by Ref. [63].
Stations 11, 14, 16 and 17 present relative differences substantially
above the tolerance of pyranometers reaching 22.95% in station 14
in year 2011. Thus, the model proposed (model 24) is able to esti-
mate more accurately annual irradiation in this region than the CM
SAF during years 2007e2011.

It could be argued that, because the CM SAF estimations show
higher R2 values, their worse results in the RMSE and MAE in-
dicators may be improved with a local calibration. This approach
was developed in Ref. [63] with a geostatistical interpolation
(kriging with external drift) using data from a network of 301
ground stations and also CM SAF. A more simplified approach is to
use a parametric model as Equation (9),

Rs ¼ Ra$
�
a$
Rs;cmsaf

Ra
þ b

	
(9)

where the CMSAF estimations are normalized with the extra-
terrestial radiation and calibrated with the on-ground radiation

Fig. 4. Annual relative difference (%) between Rs,meas and Rs,est for the model proposed (model 24) and CM SAF during the testing period (year 2011).

Fig. 5. Relation between elevation (m) and median of the MAEval (MJ/m2day). Models 11, 16 and 17 are not shown due to their high MAEval.
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measurements. This approach has been analyzed achieving MAEval
and RMSEval of 1.913 and 2.987 MJ/m2day with RMAE;val and

RRMSE;val of 0.422 and 0.886 MJ/m2day, respectively. The R2 in this
parametrization is also lowered respect the actual R2 of CM SAF.
This means that it is only improved theMAEval respect to themodel
24 while getting the other indicators worse. However, this re-
calibration of CM SAF leads to lower errors in annual sums of
global irradiationwith CM SAF (in 15 stations the error is within the
5% and a 5.7% maximum error). The Table 7 shows parameters of
Equation (9), where amean, bmean, asd, bsd are the average and
standard deviations of a and b.

5. Conclusions

The methodology proposed of model development of adjusting
a general model with the on-site peculiarities based on the evalu-
ation of variable importance is proved appropriatedwithin the case
study of La Rioja region (northern Spain). The high site dependency
of Rs related to the meteorological trends suggests the adjustment
of general parametric models (such as the BC and [9] models) with
those variables that show higher correlation with Rs. By means of
this methodology, different models might be proposed in locations
with different climates. The new model includes M, Mi�1, Miþ1,
DTi�1, DTiþ1, W, H as explanatory variables (derived from the eval-
uation of variable importance) that adjust the BC model in La Rioja.

The methodology proposed of model evaluation is based on
bootstrapping and proves useful in selecting models according to
stability and accuracy and not only based on test errors. The
proposed model is evaluated with this methodology against a
review of twenty-two already existing parametric models at
seventeen meteorological stations within La Rioja. The new model
improves the estimates of the other twenty-two models with
MAEval of 2.195 MJ/m2day and RMAE;val of 0.261 MJ/m2day. How-
ever, several BC derived models (10e14, 20e21) fail to improve the
estimates of the original model. This might be explained because
these models include variables that do not show high correlation
with Rs (such as P) within La Rioja. In addition, significant differ-
ences in stability between models and meteorological stations are
recorded with these models. The performance of the model pro-
posed is compared with Rs,CMSAF, obtaining lower confidence in-
terval (95% C.I., n ¼ 100) of MAEval than MAECMSAF in 5 stations
and for RMSEval in 7 stations.

Rainfall and elevation are shown to influence the accuracy of
model performance (generating higher errors in rainy days and also
at higher stations). The fact that the testing dataset (year 2011) was
significantly drier than the calibration dataset (years 2007e2010)
explains the low MAEtes recorded.

The residuals of estimates are found to have yearly periodicity,
with higher relative residuals when meteorological variability is
greater. 41.65% of the daily residuals in the case of SIAR and 20.12%
in that of SOS Rioja fall within the uncertainty tolerance of the
pyranometers of the two networks (10% and 5%, respectively).
However, the annual relative differences between Rs,meas and Rs,est
are lower than 4.82%, which means that estimates are within the
confidence interval of pyranometers.

The analysis of parametric models against the CM SAF satellite-
derived irradiation data shows that the mean MAECMSAF is in
average 10.7% lower than MAEval, but also that in 5 stations the
MAEval is significantly lower than the one of CM SAF. This tendence
is also common with the RMSE, which is generally lower with CM
SAF, but not always (7 stations). Nevertheless, attending to the
annual irradiation it has been proved that the model proposed
(model 24) achieves significantly better estimates that the CM SAF,
which over-estimates solar irradiation within the region studied.
The possibility of shades on the positions of stations over the CM
SAF estimates has been previously analyzed and rejected. As a
result, the proposed model might be useful to estimate annual
sums of Rs, reaching insignificant differences with Rs from pyran-
ometers and also to be used on a daily basis when correctly cali-
brated with on-ground data.
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Fig. 7. Average MAE (MJ/m2day) of the proposed model (model 24) for rainy days
(black dots) and non-rainy days (black crosses).

Table 6
Testing errors of model 24 and CM SAF (year 2011).

Station MAEtes,24 MAEtes,CMSAF RMSEtes,24 RMSEtes,CMSAF

1 2.18 0.91 2.85 1.20
2 1.92 0.86 2.46 1.17
3 1.95 1.05 2.55 1.33
4 2.22 1.09 3.00 1.43
5 1.99 1.12 2.65 1.60
6 2.16 1.13 2.83 1.67
7 2.16 0.95 2.89 1.29
8 1.93 0.93 2.45 1.19
9 2.12 2.27 2.79 3.20
10 2.03 1.37 2.71 1.80
11 1.74 2.35 2.28 2.74
12 2.32 1.34 2.99 1.79
13 2.15 1.30 2.93 1.65
14 2.49 3.18 3.36 4.02
15 2.28 1.32 3.07 1.87
16 2.15 2.83 2.99 3.63
17 2.18 2.28 2.90 2.91

Table 7
Summary of CM SAF re-calibration as per Equation (9).

amean asd bmean bsd

0.61 0.05 0.09 0.04
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a b s t r a c t

Solar global irradiation is barely recorded in isolated rural areas around the world. Traditionally, solar
resource estimation has been performed using parametric-empirical models based on the relationship
of solar irradiation with other atmospheric and commonly measured variables, such as temperatures,
rainfall, and sunshine duration, achieving a relatively high level of certainty. Considerable improvement
in soft-computing techniques, which have been applied extensively in many research fields, has lead to
improvements in solar global irradiation modeling, although most of these techniques lack spatial
generalization.

This new methodology proposes support vector machines for regression with optimized variable selec-
tion via genetic algorithms to generate non-locally dependent and accurate models. A case of study in
Spain has demonstrated the value of this methodology. It achieved a striking reduction in the mean abso-
lute error (MAE) – 41.4% and 19.9% – as compared to classic parametric models; Bristow & Campbell and
Antonanzas-Torres et al., respectively.

� 2015 Elsevier Ltd. All rights reserved.

1. Introduction

Solar photovoltaic energy has experienced enormous growth in
recent years due to its mass scale economy and subsequent cost
reduction, which has rendered its price competitive in many elec-
tricity markets. The globally installed capacity reaches 138.9 GW
[1] and this power is expected to continue increasing. Accurate
solar resource assessment is critical to the proper development
of solar technologies [2], as it mitigates uncertainties in these
investments.

Solar global irradiation has traditionally been estimated from
other related and commonly measured variables, with relatively
simple parametric models, generally, calibrated onsite, aiming to
parameterize the atmospheric transmittance and relate it to the
extraterrestrial irradiation. Extraterrestrial irradiation accounts
for the stationary component of solar irradiation, which is only
dependent on solar geometry, being the atmospheric transmit-
tance the stochastic component. Angstrom first proved the exis-
tence of a linear relationship between sunshine duration and
extraterrestrial irradiation and daily global irradiation [3]. Many
other approaches consisted of the daily range of temperatures
[4–8] or the daily range of temperatures and rainfall [8–11]. The

daily range of temperatures is associated with cloud cover and
cleanliness of the atmosphere. Thus, high daily ranges of tempera-
tures are typical of sunny, predominantly clear-sky days. Another
different alternative resulted from the cloud cover measurement
[12]. For a more detailed description of parametric models, the
authors refer to their previous study [13]. This research concluded
that some of the drawbacks of parametric models were the
complexity of variable selection for model tuning and high mean
absolute errors, ranging between 2.2–3.3 MJ/m2 day.

Solar irradiation can also be estimated from satellite images and
clear sky models. Basically, a satellite image collates the upwelling
radiance from the Earth. This radiance varies depending on ground
albedo and atmospheric transmittance, from clear sky periods to
completely overcast, providing direct information about cloudiness
and clear skies, throughout the cloud and clear-sky indexes
[14,15]. The cloud index is computed from the reflectivity recorded
outside the atmosphere, normalized with the range between the
darkest pixel (corresponding to clearest sky conditions) and the
brightest value (corresponding to the most overcast conditions).
The clear sky index is calculated from the relationship between
global horizontal irradiance and the clear sky global horizontal
irradiance. These indexes are used to attenuate irradiance obtained
via clear sky transmittance models, which are generally based on
aerosol and precipitable water vapor content in the atmosphere
[16,17].
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The fact that satellite derived solar irradiation deviation is
associated with the spatial resolution of sensors (image’s pixel
size) and that this resolution generally falls within the range of
kilometers implies a high level of uncertainty [18,19]. Other
sources of uncertainty are found in the inherent uncertainty of
aerosol and water vapor estimations [14,20], which are normally
estimated for very low spatial resolutions in the range of the
Multi-angle Imaging SpectroRadiometer – MISR 0.5 � 0.5� [21]
and the Moderate Resolution Imaging Spectroradiometer –
MODIS 1 � 1� [22]).

In addition, solar irradiation can be estimated with soft-
computing techniques using different atmospheric transmittance
parameterizations and techniques. Artificial neural networks
(ANN) have been widely employed to estimate solar irradiation
using different sets of inputs depending on climatic criteria: in
Turkey [23], Brazil [24], Saudi Arabia [25] or Spain [26], among
others. Bayesian neural networks were also found to be useful
when trained with maximum and minimum air temperatures
[27]. Other techniques such as fuzzy genetic (FG) and adaptive
neuro fuzzy inference systems (ANFIS) have been applied using
spatial information (latitude, longitude and elevation) as inputs
for models to account for spatial dependence [28]. Eventually,
support vector machines for regression (SVR) began to be used to
estimate solar irradiation from sunshine duration [29] and air tem-
peratures [30] in China, detecting a remarkable spatial influence
induced by elevation and temperature differences between train-
ing and testing sites.

The main drawbacks of these soft-computing techniques are the
high computational costs, the complexity in variable selection and
the low capacity of generalization if over-fitted, rendering them
extremely locally dependent. In this study, the authors propose a
new methodology to simplify the estimation of solar irradiation
with support vector machines for regression with a wrapper-based
scheme for input selection to obtain non-locally dependent mod-
els. This methodology was proven useful for developing a general
(non-locally dependent) model for solar irradiation estimation,
which was implemented in a case of study in Spain, under different
climates and on diverse terrain. The results are compared with the
classic parametric models [5,13].

2. Methodology

This study aims to develop a methodology capable of generating
spatially general solar irradiation models, using data from different
locations. To this end, SVR was the predictive technique chosen
(see Section 2.1). In order to improve on the quality of the predic-
tions, model optimization parameter (MPO) of SVR and feature
selection (FS) were performed simultaneously using genetic algo-
rithm (GA), as an evolution-based optimization algorithm, as
detailed in Section 2.2.

This methodology was also applied to locally-trained models,
i.e. models trained with data from a specific location, in order to
quantify differences between local and general prediction models.
Furthermore, some classical parametric techniques (Section 2.3)
are included in the analysis as a benchmark for comparison with
the proposed methodology.

2.1. Support vector regression

Support vector machines (SVM) were originally developed by
[31] for classification problems. The popularity of this technique
rapidly increased due to its ability to deal with non-linear data
whilst maintaining satisfactory generalization ability and avoiding
overfitting during the training process. The regression variant of
SVM, also known as support vector regression, was later

introduced by [32] who proposed the e-intensive loss function
(e-SVR). In the present methodology, e-SVR is applied and it is
hereafter described.

SVR can be more easily understood by first assuming linear
data. Here, the general equation for a linear regression model is
as follows:

f ðxÞ ¼ w; xh i þ b ð1Þ
where x is the set of input patterns, w the unkown weight vector,
w; xh i is the dot or inner product between w and x and b a threshold

value. Traditional models, such as multiple linear regression, com-
pute the weight vector based on the reduction of quadratic errors.
On the contrary, e-SVR are based on optimizing the absolute error.
The initial goal of e-SVR is to develop a function where all errors lie
under a predefined value e but with the best generalization capacity
possible (generally related to model flatness). These two conditions
are imposed as follows:

minimize
1
2
jjwjj2

subject to
yi � w; xih i þ bð Þ 6 e

w; xih i þ bð Þ � yi 6 e

� ð2Þ

A flat model is obtained by minimizing the norm of the weight
vector jjwjj. Moreover, the constraints of Eq. (2) guarantee that
every error is lower than e. Nevertheless, this formulation assumes
that a solution for the optimization problem exits, which is not
always true. In order to overcome this problem the condition
imposed in Eq. (2) is relaxed and samples with errors higher than
e are admitted:

minimize
1
2
jjwjj2 þ C

XN

i¼1

ni þ n�i
� �

subject to

yi � w; xih i þ bð Þ 6 eþ ni

w; xih i þ bð Þ � yi 6 eþ n�i
ni; n

�
i P 0

8><
>:

ð3Þ

where ni and n�i are the slack variables. A second term is included to
measure the amount of loss via the slack variables. Here is where
the foundation under the e-intensive loss function njej lies:

njej ¼
0 if yi � ŷij j < e
yi � ŷij j � e otherwise

�
ð4Þ

where yi and ŷi are the measured and predicted outcome, while e is
a parameter defined by the user. Points inside the e-intensive region
have null slack variables (ni ¼ 0 and n�i ¼ 0), while points out of this
region have either (ni > 0 and n�i ¼ 0) or (ni ¼ 0 and n�i > 0), as slack
variables are constrained to be non-negative. Therefore, SVR tuning
is influenced solely by points out of the e-intensive region, also
known as support vectors.

The trade-off between the two terms of Eq. (4) is controlled by
the regularization parameter C, also referred to as cost. For low C
values, the first term dominates the equation. A flat general model
is then obtained but at the expense of under-training the model.
On the contrary, for high C values, the second term dominates.
The training error is then reduced, but at the same time, a risk of
overfitting appears.

Standard dual optimization through Lagrange multipliers is
used to solve the optimization problem of Eq. (3). Once the
Lagrangian is computed, several transformations are conducted
until the following expression is then obtained:

f ðxÞ ¼
Xn

i¼1

ai � a�i
� �

xi; xh i þ b ð5Þ

where ai and a�i are Lagrange multipliers. A unique solution to this
optimization problem can be obtained via quadratic programming
(QP) techniques.
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SVR methodology is generalized to solve non-linear regression
problems by including a kernel function. Instead of working in
the original input space, data is mapped into a higher-dimensional
feature space where a linear model can be fitted [33]. This trans-
formation is implemented via the mapping x! /ðxÞ, using a
non-linear function /. However, data do not have to be explicitly
mapped into the feature space, saving computational time. This
is known as the kernel trick. In the SVR Eq. (5), data are only
expressed as dot products, and it is sufficient to know what dot
products look like in the new feature space. This is what the kernel
function does:

Kðxi; xÞ ¼ /ðxiÞ;/ðxÞh i ð6Þ
Any function that satisfies Mercer’s theorem [34] can be used as

a kernel function. In this process, the radial basis function (RBF)
[35] is selected among others:

Kðxi; xÞ ¼ e�cjjxi�xjj2 ; c > 0 ð7Þ
where c is predefined value which controls the width of the
Gaussian function. Finally, the generalization of Eq. (5) for non-
linear problems remains:

f ðxÞ ¼
Xn

i¼1

ai � a�i
� �

kðxi � xÞ þ b ð8Þ

Parameters e;C and c account for a significant effect on the SVR
performance. As a result, SVR training should be performed by tun-
ing these three variables with some MPO technique, as explained
in Section 2.2.

2.2. Genetic algorithm optimization

In the training process of any predictive technique, the goal is
usually to obtain models as accurate as possible, but also to avoid
overfitting, so that the model can perform well when fed by new
unseen data. As shown in Section 2.1, SVR already seeks out a com-
promise between these two concepts by including the cost
parameter C. However, the best guess for C is not known in
advance. The same occurs with e and c. These three parameters
must be carefully adjusted in order to obtain an efficient perfor-
mance with SVR. Moreover, the number of input variables used
can be also reduced. Sometimes, two apparently distinct variables
add redundant information to the model, resulting in collinearity
problems. Besides, some input variables may be irrelevant to pre-
dicting the studied parameter. In these situations, more samples
are required for the original set than for the feature selected subset
to obtain a similar degree of accuracy.

Within this context, several meta-heuristic techniques exist to
obtain the best combination of model parameters and feature sub-
set for training a predictive model given specific input data. Hence,
genetic algorithms, a bio-inspired optimization technique, come
forth as one of the most prevalent procedures to undertake this
task [36,37]. GA are based on the principles of natural selection
and genetics in biological systems [38]. A set of candidate solutions
for the optimization problem, also known as the population Kg , is
subjected to the laws of evolution. The suitability of each solution
or individual is evaluated based on a fitness function J (evaluation).
Only the fitter individuals (selection) are chosen as parents for the
next generation (mating). After obtaining a new generation, ran-
dom variations are included (mutation) in order to prevent the
algorithm from falling into a local optimal solutions. The procedure
is repeated along g ¼ 1; . . . ;G different generations.

In GA, each candidate solution or individual is characterized by
its chromosome ki

g , which is a combination of the variables being
optimized. In this case, the chromosome includes SVR parameters
(C; c and e) and the selected features as inputs. Due to the diverse

nature of these variables, the chromosome is divided into two dis-
tinct parts (see Fig. 1).

The first part of the chromosome is a boolean array (q), which
specifies the set of selected features. A bit with value ‘1’ indicates
that the variable is included as an input whilst ‘0’ implies that
the variable has been excluded. The second part of the chromo-
some represents the SVR parameters and it is real-coded. The range

for each parameter was set as follows: ½�3:9̂;1:49̂� in base-10

logarithms for C and ½0:000001;0:9̂� for e and c.
Based on this hybrid chromosome, the GA methodology was

implemented following the scheme in Fig. 2.
The procedure begins by defining the initial population

K0 : k1
0; k

2
0; . . . ; kP

0

� �
. Latin hypercube sampling (LHS) [39] is used

to generate a population with enough diversity in the search space
and to accelerate convergence. With this first population, the e-SVR
algorithm is executed in each individual following the speci-
fications of its chromosome. SVR are fed normalized data between
0 and 1 and k-fold cross validation is used to prevent overfitting
[40]. In this study, 10-CV is implemented. In addition to training
and validation errors, a generalization or testing measurement is
computed with a external set of samples. Once the prediction
errors are obtained, the fitness function J is evaluated in each
individual, which in this case is the cross-validation mean absolute
error (MAE):

JðKgÞ ¼ MAEvalðKgÞ ð9Þ
Afterwards, individuals are ranked according to J. Based on this
ranking, the best individuals are kept as parents for the next genera-
tion. In this case, an elitism percentage of 25% is imposed, which
means that the 25% most fit individuals are selected for reproduc-
tion. From these selected individuals, couples of chromosomes are
randomly chosen for mating (random pairing). Each couple of par-
ents produce two offspring and mating between the two parents
is performed using heuristic blending [41]. When all individuals
of the new generation are computed, random mutations are carried
out to maintain genetic diversity of population. A mutation rate xm

of 10% is imposed and the best individual is never mutated. This
procedure is repeated until the maximum number of generations
G is reached.

Both, maximum number of generations and population size are
set based on trial-and-error procedures. In this case, a population P
of 64 individuals was used and the number of generations G was
set to 30 and 20 for general and local models, respectively.

2.3. Parametric models

Parametric models are based on the dependent relationship
between solar irradiation and other meteorological variables such
as temperatures and rainfall. Two different parametric models are
considered for daily global solar irradiation estimation (Rs): [5,13]
(Eqs. (10) and (11), respectively) based on the extraterrestrial daily

Fig. 1. Chromosome description.
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irradiation (Ra), daily range of temperatures (DT) and rainfall.
These two models were selected due to their efficient performance
in Spain as compared to 20 other parametric models [13].

Rs ¼ a 1� exp �b � DTcð Þð ÞRa ð10Þ
where a; b and c are the empiric parameters to be calibrated.

Rs ¼ Ra � a 1� exp �b �DTcð Þð Þ
� 1þ d �Mj�1 þ e �Mj þ f �Mjþ1 þ g �DTjþ1 þ h �DTj�1
� �þ l ð11Þ

where Mj�1;Mj and Mjþ1 are the logical variables (0 or 1) depending
on rainfall available in previous day (j� 1), current day (j) and day
after (jþ 1) and a; b; c;d; e; f ; g;h and l the empirical parameters.

The model’s calibration is performed via iterative process aim-
ing to minimize the sum of square errors (penalizing to the square
errors).

3. Case of study: Spain

Meteorological data were collated from the Spanish Advisory
Service for Farmers (SIAR) [42] on a daily basis. Fig. 3 depicts the
topographic map of the 14 meteorological stations selected.
These stations are located in different climates (Mediterranean,
dry and humid continental and desert). Table 1 shows the
geographic characterization of the locations examined herein.

Maximum, minimum and average temperatures (Tmax; Tmin and
Tavg) were recorded with Vaisala HMP45-Pt1000 IEC 751 1/3 Class
B sensors with tolerance of 0.3 �C. Relative humidity (RH) was mea-
sured with Vaisala HMP45-Humicap 180 sensor with tolerance of
±2% for 0–90% and ±3% for 90–100%. Rainfall (R) was recorded with
Campbell Scientific ARG100 sensor with ±2%. Wind speed (WS) was
measured with Young 05103 sensors with ±0.3 m/s. Daily global
horizontal irradiation (GHI) was integrated from global horizontal
irradiance measurements with SKYE Instruments SP1110 with
�5% tolerance.

Spourious cleaning was performed considering Tavg between
0–32 �C, Tmax 0–42 �C, Tmin �8–28 �C, RH 0–100%, R 0–40 l. Global
horizontal irradiation was filtered via a clear sky index higher than
0.2. Those days with any spurious or unavailable values were
eliminated.

4. Results and discussion

This section is divided into the general model development, its
comparison with locally-trained SVR models (Section 4.1) and the
spatial validation of the general model (Section 4.2).

4.1. General model development

Initially, meteorological datasets were normalized between 0
and 1 and subsequently divided into training/validation and testing
datasets. The testing database comprises collated data from all sta-
tions for the year 2013, while the training/validation database
includes the rest of data. However, only a subset of the training/val-
idation period was used in the GA-based optimization of the gen-
eral SVR to reduce computational costs. This subset was created
via proportional stratified sampling taking the 10% of the total
amount of observations in the training/validation period per sta-
tion. Once the best combination of model parameters and input
variables was determined, a general SVR was trained with the com-
plete training/validation database. Sampling was not required for
tuning the local models as the number of samples is considerably
lower.

Fig. 4 depicts how the normalized mean absolute error (average
of 10-CV) for validation (MAEval), testing (MAEtest) and the number
of selected features evolves throughout the different generations of
the GA-optimization process. Wide boxplots are observed during
the initial iterations indicating strong variability between individ-
uals. This is a consequence of the number of individuals utilized
(64) and the selected procedure for defining the first generation
(LHS) which guarantees optimal diversity starting with generation
0. This variability ensures that the GA algorithm searches for the
optimum in every location of the search space, rejecting local opti-
mal solutions. The algorithm promptly converges with the solution
in both the testing and validation errors, stabilizing around genera-
tion 25. MAEtest and MAEval reach very similar values in the range of
0.06 using 11 features as input variables. This similarity between

Fig. 2. Flowchart of the GA optimization procedure. ki
g is the chromosome of

individual i at generation g;Kg the population at generation g; J the fitness function,
P the population size, Pe the number of elite individuals, G the number of
generations, xe the elitism percentage and xm the mutation rate.
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Fig. 3. Topographic map of the positions of meteorological stations (elevation in m).

Table 1
Geographic characteristics of meteorological stations selected, where T stands for the average daily mean temperature in �C, RH the average relative humidity (%), Rad the average
daily global horizontal irradiation (kW h/m2 day), Ci the average daily clear index, rain the average annual rainfall (l).

# Station Lon. Lat. Elev. T RH Rad Ci Rain Period Days

1 Aranjuez �3.63 40.04 487 15.1 60.2 5.02 0.60 175.6 2003–13 3215
2 Barbastro 0.11 42.01 410 14.9 62.6 5.05 0.62 214.3 2003–13 3312
3 Calatayud �1.61 41.36 518 14.57 62.83 4.92 0.58 194.2 2010–13 1170
4 Ciudad Rodr. �6.53 40.59 635 13.2 68.5 4.96 0.58 279.2 2000–13 4209
5 Córdoba �4.80 37.85 117 17.8 61.6 5.20 0.61 233.9 2000–13 4263
6 Jaén �3.77 37.89 299 17.12 59.0 5.30 0.62 254.4 2001–13 4241
7 Puebla Río �6.13 37.22 25 17.6 69.3 5.21 0.61 254.4 2000–13 4452
8 Lerma �3.76 42.03 840 12.06 67.6 4.90 0.57 262.4 2000–13 4025
9 Málaga �4.53 36.75 68 18.5 61.7 5.32 0.62 167.6 2000–13 4392

10 Medina Rios. �5.07 41.86 739 12.3 69.3 5.17 0.61 253.7 2004–13 2996
11 Níjar �2.15 36.9 182 18.3 63.6 5.10 0.61 121.5 2001–13 4179
12 Sartaguda �2.05 42.36 307 14.7 70.3 4.73 0.57 284.6 2004–13 3062
13 Teruel �1.16 40.34 928 13.0 63.9 4.84 0.57 227.0 2005–13 2705
14 Vilajoiosa �0.25 38.52 138 18.2 60.3 4.76 0.57 162.0 2000–13 4667
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validation and testing measurements demonstrates a lack of over-
fitting in the training process.

Table 2 lists the variables selected for the general model and
also for locally-trained models, respectively. It is important to note
that most of the local models require a similar amount of variables
(8–11 variables), with the exception of station # 2, which only
requires 7. Extraterrestrial irradiation, relative humidity, wind
speed and temperatures were selected in most local models, which
also occurred in the general model. Furthermore, most of these
variables had been previously considered in traditional parametric
models, given their relationship with atmospheric transmittance.
The daily range of daytime temperatures (DTi) provides informa-
tion regarding the cloud cover and clear sky index, since higher
values are typical for non-covered and clear sky days. The logical
variable of rainfall (M) indicates whether any rainfall is recorded
or not (1–0). By adding information from previous (i � 1) and con-
secutive days (i + 1), information regarding meteorological persis-
tence is incorporated. The values for C; c and � and training time
are also provided in Table 2 for both general and local models.

Table 3 depicts the MAE of testing (MAEtest) of general and local
models evaluated at each station for the testing database (year
2013). Additionally, this Table shows MAEtest for parametric models
(Bristow & Campbell-BC and Antonanzas-Torres et al.-Anto) evalu-
ated for the same testing period. The tolerance of pyranometers
(5%) implies an intrinsic MAE of testing ranging between
0.82–0.96 MJ/m2 day for all stations.

SVR of both general and local models generate low MAE values
at all stations (average MAE 1.81 and 1.78 MJ/m2 day, respectively).
The results demonstrated the optimal generalization capacity of
SVR that is able to adequately adapt to existing conditions in
diverse locations. Small differences are observed between stations,
with the MAE ranging between (1.41–2.36 MJ/m2 day) for the gen-
eral SVR and between (1.46–2.12 MJ/m2 day) for locally-trained
SVR. These MAE values are significantly lower than others regis-
tered by other authors in locations with similar irradiation condi-
tions (2.05 MJ/m2 day with a locally trained parametric model in
Spain [43] and 2.33 MJ/m2 day with a general artificial neural net-
work model also in Spain [44].

The fact that the SVR general model performs better than the
locally trained SVR models in 7 out of 14 stations is noteworthy.
The authors believe this might be explained by the overfitting com-
mon in locally trained SVR, which decreases their performance on
days with higher variability. This result is the initial suggestion of
the robustness of general models trained in several locations as com-
pared to locally-trained models, despite of the fact that local SVRs
outperform the general SVR when considering the average MAE.

Other techniques, such as parametric models, show a lower
capacity for generalization explained by higher MAE in the general
model than in the locally trained (average MAE 2.56 vs. 2.19 MJ/m2

day for BC and 2.17 vs. 1.97 MJ/m2 day for Anto). Both BC and Anto
perform better at all stations with locally trained models than with
general models, except in station # 3 with the Anto model.

Table 2
Parameters of the best individual for local SVRs (per station) and for the general SVR obtained with the GA-based optimization process. Feat. stands for the number of inputs
selected by the methodology, a ‘1’ indicates that the input has been included while a ‘0’ shows that it has been excluded. The last column lists the computational time in minutes.

Feat. Tmed Tmax Tmin HR WS R Ra;i DTi DTi�1 DTiþ1 Mi Mi�1 Miþ1 C � c Time

SVR1 10 1 1 1 1 1 0 1 1 1 1 1 0 0 1.47 0.05 0.08 154
SVR2 7 1 0 1 1 1 1 1 1 0 0 0 0 0 3.09 0.00 0.13 146
SVR3 9 1 1 1 1 1 0 1 1 0 1 1 0 0 2.09 0.06 0.07 21
SVR4 9 1 1 0 1 1 1 1 1 1 1 0 0 0 2.22 0.12 0.08 228
SVR5 7 1 0 1 1 1 0 1 1 1 0 0 0 0 1.47 0.06 0.14 226
SVR6 10 1 1 1 1 1 0 1 1 1 1 1 0 0 1.94 0.06 0.10 276
SVR7 9 1 1 0 1 1 1 1 1 1 1 0 0 0 2.13 0.04 0.10 261
SVR8 9 1 1 0 1 1 0 1 1 1 1 1 0 0 1.21 0.07 0.11 241
SVR9 8 1 1 0 1 1 1 1 1 0 0 0 0 1 1.76 0.05 0.13 270
SVR10 10 1 1 1 1 1 0 1 1 1 1 1 0 0 1.56 0.07 0.07 137
SVR11 10 1 1 1 1 1 1 1 1 0 0 1 0 1 2.91 0.07 0.08 235
SVR12 9 1 1 0 1 1 0 1 1 1 1 1 0 0 1.83 0.04 0.08 153
SVR13 10 1 1 1 1 1 0 1 1 0 1 1 1 0 6.02 0.07 0.04 116
SVR14 8 1 1 1 1 1 0 1 1 0 0 1 0 0 1.05 0.09 0.11 289
SVRgen: 11 1 1 1 1 1 0 1 1 1 1 1 0 1 1.96 0.05 0.07 629

Table 3
MAE testing errors (MJ/m2 day) for the 14 local models (SVRlocal) and for the general model using SVR (SVRgeneral), Bristow–Campbell (BClocal and BCgeneral) and Antonanzas et al.
(Antogeneral and Antolocal) algorithms compared to the tolerance of the pyranometers (Tol.).

# SVRgeneral SVRlocal BCgeneral BClocal Antogeneral Antolocal Tol.

1 1.60 1.57 2.17 1.79 2.07 1.75 0.90
2 1.66 1.48 2.36 2.02 2.38 1.86 0.93
3 1.98 2.06 2.88 2.61 2.25 2.28 0.86
4 1.54 1.70 2.35 2.09 2.05 1.87 0.88
5 1.41 1.46 1.80 1.50 1.70 1.47 0.95
6 1.57 1.64 1.90 1.70 1.73 1.59 0.93
7 1.81 1.74 2.25 2.07 1.97 1.92 0.96
8 1.69 1.76 2.83 2.31 2.28 1.98 0.83
9 1.78 1.80 2.84 2.42 2.15 1.98 0.95

10 1.53 1.71 2.46 2.06 2.07 1.83 0.88
11 2.36 2.01 3.23 2.32 2.34 2.10 0.97
12 2.07 1.97 2.72 2.64 2.60 2.38 0.82
13 1.97 1.85 2.70 2.45 2.21 2.04 0.86
14 2.23 2.12 3.41 2.71 2.58 2.52 0.87

Mean 1.81 1.78 2.56 2.19 2.17 1.97 0.90
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Fig. 5. Temporal distribution of relative residuals ðmeasured� estimatedÞ=measured obtained with the general SVR in each station. The percentage of estimations with a
relative residual under the pyranometer tolerance (±5%) is depicted per station in the upper-right corner.

Fig. 6. Scatter plots of measured and estimated irradiation in MJ/m2 day obtained with the general SVR at each station.
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Fig. 5 depicts the relative residuals of the general model for the
testing period. These residuals show a strong trend, with higher
values in the winter time and lower in the summer, which was pre-
viously noted by [13], due to the higher cloud cover in winter in
Spain. The great variability of cloudy and overcast days in global
irradiation renders estimation more complex than on clear sky
days. The proportion of residuals falling within the intrinsic
tolerance of pyranometers ranged between 20.82% and 46.58%,
implying that on those days, SVR estimates were equivalent to
pyranometer measurements. Although overestimation of the
model could be inferred from Fig. 5, a positive mean bias errors
(MBE) was obtained at some stations, i.e. stations # 7 and 11,
proving that this effect was only due to negative outliers.

Fig. 6 shows scatter plots for the testing period at all stations.
The coefficients of determination (averaged R2 0.91) are higher
than others cited in the literature for Spain (R2 0.86 with an artifi-
cial neural network [44], or 0.89 with a parametric model [44]).
Higher variability of points is recorded for medium values around
15 MJ/m2 day than in peak values, supporting the finding that
clear-sky summer days are easier to estimate. The small differ-
ences observed between the linear regression curve fitted (black
line) and the diagonal or perfect fit (red line) in stations # 3, 11
and 13 have no relationship with the bias (MBE of Fig. 5); rather,
it is caused by some extreme outliers.

Table 4 shows the relative errors of annual sums of solar
irradiation for 2013. The SVR general model performs within the
�5% pyranometer tolerance at 11 out of 14 stations, which exceeds
the parametric models (5 and 8 stations for BC and Antonanzas
et al., respectively). This finding implies that estimates and mea-
surements are equivalent for those 11 stations. The highest annual

error recorded with SVR was 7.38%. Regarding locally trained mod-
els, the results show similar behavior between SVR and parametric
models at most stations within the tolerance margin.

4.2. Spatial validation

The capacity of spatial generalization is evaluated in both, gen-
eral and local SVRs, in search of non-locally dependent models.
Table 5 depicts the results of spatial cross-validation generated
by training a general SVR model with data from 13 stations and
testing at the 14th. The average cross validation MAE for SVR
(MAEcv ;svm) was 1.86 MJ/m2 day, in the range of the general model
obtained for 14 stations (1.81 MJ/m2 day), which also occurs for
average R2 (0.90 vs. 0.91). The same trend is observed with the
parametric models, where the cross validation MAE also remains
close to MAEstest of Table 3, 2.55 vs. 2.56 MJ/m2 day for the
Bristow–Campbell and 2.16 vs. 2.17 for Antonanzas et al. The
insignificant differences between these two values in both, para-
metric models and SVR, denote an optimal spatial generalization
capacity of general models when trained with data from a
sufficient number of stations.

Table 6 shows the spatial performance of locally trained SVR
and how these models are spatially-dependent and over-trained
to specific conditions. Compared to general models, local models
tend to fail at predicting irradiation in new locations. Testing
MAE values around 2 and 3 MJ/m2 day were obtained in most
situations.

The last row lists the average estimation errors obtained at a
particular station obtained with local models trained in each of
all remaining locations. Nijar (station # 11) and (Vilajoiosa (station
# 14), with MAEtest of 3.20 and 3.68 MJ/m2 day respectively, were
the stations with the highest errors. This suggests that irradiation
is especially difficult to predict in locations close to the coast.
These results are graphically compared to those obtained with
the general SVR in Fig. 7. The bubble plot shows that the same
trend is observed in both types of models, as models have difficul-
ties in predicting irradiation at the same stations. However, despite
exhibiting a similar trend, an overall reduction of 2–3 MJ/m2 day is
observed between general and local models. This reinforces the
idea that general models are preferable to local models for estimat-
ing irradiation in new locations.

The last column of Table 6 averages the prediction errors of a
local model trained at a specific location and the prediction errors
obtained at each of the remaining stations. This column measures
the similarity between the conditions in a particular location and
the overall conditions of the entire area of study, i.e. Spain.

Table 4
Relative errors (%) of annual sums of solar irradiation for testing period.

# SVRgeneral SVRlocal BCgeneral BClocal Antogeneral Antolocal

1 3.79 0.01 8.35 0.80 5.99 0.71
2 �1.82 �1.27 �5.52 �2.66 �6.37 �3.57
3 7.38 �2.90 8.20 �3.63 4.36 �3.63
4 3.89 6.16 6.25 1.13 4.02 1.44
5 �0.34 �1.89 �0.20 �0.27 0.63 �0.05
6 �0.83 �0.12 3.54 0.56 2.86 1.74
7 �4.37 �4.65 �4.80 �4.14 �1.65 �2.49
8 0.95 1.43 11.02 4.07 6.12 3.03
9 �1.99 0.31 �7.74 �0.39 �3.49 �0.02

10 0.73 5.10 3.22 3.14 �0.52 2.31
11 �7.00 �3.40 �14.16 �4.27 �7.50 �3.04
12 �2.32 �2.95 2.14 �1.05 �2.35 �3.98
13 6.92 �0.16 9.52 �1.22 6.54 �0.93
14 �1.05 �1.64 �14.64 �3.99 �8.21 �4.78

Table 5
Spatial cross-validation of the general models. Each model is trained with a 13 stations database and evaluated on the 14th station.

# MAEcv ;svr RMSEcv ;svr R2
cv;svr

MAEcv;BC RMSEcv;BC R2
cv ;BC

MAEcv ;Anto: RMSEcv;Anto: R2
cv ;Anto:

1 1.74 2.57 0.92 2.12 3.17 0.88 1.95 2.80 0.90
2 1.63 2.35 0.92 2.26 2.86 0.89 2.01 2.66 0.90
3 2.10 2.93 0.91 2.71 3.65 0.84 2.25 3.09 0.88
4 1.76 2.37 0.93 2.55 3.39 0.86 2.22 2.95 0.89
5 1.67 2.42 0.91 1.99 2.66 0.89 1.95 2.65 0.89
6 1.63 2.36 0.92 2.03 2.82 0.89 1.84 2.55 0.91
7 1.59 2.28 0.92 2.09 2.73 0.89 1.85 2.54 0.90
8 1.99 2.77 0.89 2.61 3.54 0.84 2.24 3.01 0.88
9 1.90 2.54 0.90 2.97 3.63 0.84 2.27 2.89 0.87

10 1.94 2.57 0.92 2.55 3.22 0.88 2.30 2.92 0.90
11 1.90 2.61 0.88 3.22 3.88 0.85 2.31 2.90 0.87
12 1.99 2.80 0.88 2.54 3.35 0.83 2.26 3.04 0.86
13 2.07 2.97 0.89 2.62 3.71 0.83 2.28 3.21 0.87
14 2.15 2.97 0.82 3.46 4.18 0.78 2.48 3.12 0.82

Mean 1.86 2.60 0.90 2.55 3.34 0.86 2.16 2.88 0.88
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Results show that Puebla Rio (station # 7) and Sartaguda (station #
12) with a MAEtest of 2.31, are the locations where the local model
had the best generalization capacity. Nevertheless, this value is still
not close to the generalization capacity demonstrated by the gen-
eral models (1.81 MJ/m2 day).

5. Conclusions

A methodology based on support vector machines for regres-
sion combined with feature selection and genetic algorithms was
extensively described in order to generate models with a high
capacity for generalization and selection of only those non
co-correlated variables. This methodology was applied at 14
meteorological stations in Spain, under different climates and on
diverse terrain, and compared with two parametric models [5,13].

The results demonstrate that the model trained with this meth-
odology had an extremely high capacity for generalization at all
the stations, which indeed improves MAE in some locations com-
pared to locally trained models. Testing MAE averaged 1.81 MJ/m2

day, significantly lower than in general parametric models consid-
ered (41.4% and 19.9% lower MAE, respectively). Additionally, on
average 33.6% of the residuals fell within the intrinsic tolerance
of pyranometers (5%). It is also remarkable that MAE, and R2

(average 0.91) as well, perform better than in other studies found
in the literature for Spain. The methodology is also spatially
validated achieving a significant lower MAE with the general SVR
than with the locally trained.

The model performs remarkably efficiently with annual sums of
daily irradiation. Estimation errors fell within the intrinsic toler-
ance of pyranometers in 11 stations, with the highest error as
low as 7.38%. Thus, this methodology can be useful for solar
resource mapping, wherein annual sums are normally considered.
The model proposed used temperatures, relative humidity, wind
speed and rainfall records, and other calculated variables as well,
such as the daily range of temperatures and a logical variable indi-
cating the presence of rain to estimate the atmospheric transmit-
tance and then relate it to the extraterrestrial irradiation. These
variables are commonly measured in standard meteorological sta-
tions, leading to estimations in other nearby locations based on
these records.

Furthermore, this methodology for solar irradiation modeling
could be useful in solar resource mapping with geo-statistics
increasing the density of locations and thereby, improving
accuracy.

6. Software

The methodology explained herein was implemented in free
language R [45] using different contributed packages raster

[46] for spatial data analysis, e1071 [47] for soft-computing
modeling, optimx [48] for iterative process optimization and
parallel for parallel computing. All computations were run in
a dual quad-core opteron server (Intel � Xeon � CPU E5410 @
2.33 GHz).

Table 6
Spatial cross-validation of local SVRs. Models are trained with data from a single station (rows) and tested against the 13 remaining locations. Diagonal terms indicate the training
error. The last row averages the error obtained when predicting irradiation in one station with each different local model. The last column lists the error obtained in each station
with a local model trained at a single location. The diagonal terms (testing errors) are not included in either mean.

1 2 3 4 5 6 7 8 9 10 11 12 13 14 Mean

1 1.37 2.44 2.04 2.08 2.18 1.91 2.93 2.15 3.86 2.83 4.28 2.61 1.95 4.51 2.85
2 2.10 1.28 2.52 2.16 1.79 2.06 1.93 2.42 3.14 2.06 3.58 2.22 2.53 5.12 2.65
3 1.87 2.72 1.60 2.38 2.44 2.29 2.44 2.49 3.81 3.34 3.34 2.73 2.04 4.44 2.84
4 1.89 1.92 2.30 1.53 1.91 1.72 2.39 2.02 2.83 2.61 3.38 2.31 2.28 3.70 2.45
5 1.98 1.81 2.42 2.12 1.49 1.73 1.74 2.49 2.84 2.39 2.82 2.19 2.39 3.70 2.38
6 1.80 2.14 2.12 1.84 1.91 1.35 2.38 2.13 2.55 2.63 3.13 2.44 2.15 3.47 2.40
7 1.92 1.74 2.38 2.12 1.70 1.84 1.28 2.47 2.63 2.22 2.31 2.21 2.35 3.81 2.31
8 1.91 2.75 2.26 1.87 2.84 2.41 3.17 1.65 3.29 3.17 3.98 2.81 2.19 3.35 2.83
9 2.16 2.24 2.65 2.18 2.01 1.88 2.02 2.58 1.48 3.38 1.96 2.88 2.64 2.49 2.33

10 2.09 1.94 2.61 1.98 1.90 2.08 2.18 2.27 3.68 1.57 3.83 2.04 2.55 4.27 2.62
11 2.93 1.93 3.19 2.88 2.15 2.85 1.96 3.12 1.88 2.93 1.41 2.83 3.08 2.46 2.56
12 1.99 1.79 2.32 1.97 1.73 1.86 1.90 2.19 3.15 1.98 2.99 1.63 2.33 3.45 2.31
13 1.70 2.23 1.95 2.10 2.17 2.12 2.50 2.20 3.66 2.76 3.98 2.44 1.68 4.59 2.74
14 4.14 3.57 4.02 3.99 3.58 4.15 3.19 4.15 2.43 5.43 3.04 4.17 3.89 1.81 3.75

Mean 2.25 2.24 2.57 2.32 2.19 2.26 2.37 2.57 2.94 2.94 3.20 2.64 2.54 3.68

MAE local MAE general

●

●
●
●
●
●

[1.59,1.939]
(1.939,2.287]
(2.287,2.636]
(2.636,2.984]
(2.984,3.333]
(3.333,3.681]

Fig. 7. MAE bubble plot of locally-trained (left) and general (right) models. In the left plot, the average MAE of 13 locally trained models are evaluated at the 14th station. In
the plot on the right, the MAE of a general model trained with a 13-station database is assessed at the 14th station.
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a b s t r a c t

This paper presents a sensitivity analysis of satellite-based methods for deriving solar irradiance com-
ponents for analyzing the impact of the external inputs that are normally associated to the satellite
model. Different sensitivity calculations have been performed using as reference site the PSA (Solar
Platform of Almeria) station placed at the south-east of Spain. Thus, the sensitivity to the aerosol in-
formation input has been addressed by comparing the estimations using aerosol input from AERONET
data with those using aerosol dataset such as MODIS or MISR (based on satellite) and MACC (based on
reanalysis). Sensitivity to the clear sky model choice has been also studied by using three different
models, from the simpler ESRA model (in terms of input parameters) to the most sophisticated REST2.
Finally, three global to direct conversion models (Louche, DirInt and DirIndex) have been included to
explore the sensitivity of the direct normal irradiance estimations. The sensitivity analysis has shown the
interrelations between the different cases according to the uncertainty of the input information used.
The results have been analyzed for clear and non-clear sky conditions separately and for the DNI irra-
diance range of 400e900 W m�2 as a case of special interest for the concentrating solar power appli-
cations. The work presented here has as novelty the analysis of the propagation of uncertainty of
individual models and atmospheric datasets in the framework of a satellite-based model for solar irra-
diance computation and their relative weights to the final performance of the model. An underesti-
mation of AOD by 50% causes an error in the global horizontal irradiance calculated by a clear sky model
of 3e5% depending on the model used, and slightly less for an overestimation of AOD. For DNI the error
ranges are 12e15% and 9e12% for 50% underestimation and overestimation of AOD respectively.

� 2014 Elsevier Ltd. All rights reserved.

1. Introduction

Accurate knowledge of solar irradiance components at the earth
surface is important in scientific and technology branches such as
meteorology, climate, agriculture and solar energy engineering. In
the specific case of solar energy systems the resource assessment
represents an initial and ongoing step in every project, where ac-
curate data of solar radiation components are regularly required for
the design, power output estimation, system simulation and risk
assessment stages.

Solar radiation measurement availability is increasing both in
spatial density and in historical archiving. However, it is still quite
limited and most of the situations cannot make use of a long term

ground database of high quality since solar irradiance is not
generally measured where users need data. Nowadays it is widely
accepted that solar radiation derived from satellite represents an
excellent tool for solar resource analysis and for supplying solar
irradiance time series as well [1e3]. The methodology for calcu-
lating solar radiation components from satellite images has been
evolving during the last 30 years advancing in experience, im-
provements and developments, and many papers document this
trend from the beginning [4e6] till today [7e10]. An overview of
the fundamentals of some of the most currently used methods can
be found in Ref. [11].

Solar radiation traversing through the atmosphere interacts
with the atmospheric constituents before reaching the surface. A
part of this radiation is backscattered toward the space, a part is
absorbed, and the remainder reaches the ground. The ground ab-
sorbs a part of the radiation reaching the earth’s surface, while the
remainder is again reflected toward the space. Therefore, the ra-
diation emerging from the atmosphere is composed of the solar
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radiation backscattered by the atmosphere and the radiation re-
flected by the ground or by clouds.

Basically, a satellite image, in the visible channel, is a measure of
the upwelling shortwave radiance emitted from the earth at a
specific time, within a given spectral range and over a spatial win-
dow. The radiance values recorded by the radiometer of the satellite
can vary according to the state of the atmosphere, from clear sky
situations to complete overcast, and depending also on the reflec-
tance of the ground surface. In this sense, satellite images give in-
formation of the cloudiness at a given time and site. Thus they are
able to reproduce most of the variability associated to cloud atten-
uation of solar radiation by establishing a relationship between the
cloud index (as estimator of cloudiness) and clear sky index (as
estimator of surface solar irradiance). These two indices, which will
be formally defined later, are used in a semi-empirical approach to
estimating solar radiation components from satellite data.

Clear sky irradiance estimations are then a crucial part of the
semi-empirical satellite-based methods for computing solar radi-
ation since they are needed for calculating the clear sky index,
defined as the ratio of global irradiance to that for clear sky con-
ditions. They are generally computed with clear sky transmittance
models which performance depends on the goodness of their pa-
rameterizations and on the atmospheric attenuants knowledge as
main input to those models. Many clear sky solar irradiance models
have been proposed in the literature so far and some good com-
pilations can be found in several validation and assessment works
[12e15].

Clear sky atmospheric conditions depend on the variability and
changing concentrations of the atmospheric components, namely
aerosols and water vapor mainly, and ozone and other gases in a
lesser extent. The accurate knowledge of these atmospheric con-
stituents is extremely important in the accuracy of the solar irra-
diance estimations by the clear sky radiative models. Under
cloudless situations atmospheric aerosols are the most important
factor determining solar irradiance components, especially direct
normal irradiance (DNI) magnitude. The aerosol extinction in-
tensity is characterized by a parameter denoted as aerosol optical
depth (AOD), and this parameter is an input in several clear sky
transmittance models. Atmospheric gases as water vapor and
ozone use to be considered in clear sky models by the vertical
column content as input. Some models simplify the situation by
considering one unique attenuation parameter, in addition to the
well-known Rayleigh scattering, denoted as Linke turbidity factor
[16,17]. Linke turbidity factor is defined as the number of clean and
dry atmospheres equivalent to the actual attenuating atmosphere
[18]. It could be considered thus as a total optical depth, excepting
for the Rayleigh scattering, that combines the attenuation of
aerosols, water vapor, ozone and other mixed gases.

Aerosol optical depth varies spectrally, and for the last few de-
cades, has been measured by multiwavelength sun photometers or
even by spectroradiometers. An extensive collection of ground data
of AOD and water vapor column is available and being maintained
by AERONET network (http://aeronet.gsfc.nasa.gov) which is based
mainly on the CIMEL CE-318 sun photometer and it covers over 400
ground stations worldwide. On the other hand, for about the last 12
years the Moderate Resolution Imaging Spectroradiometer
(MODIS) and Multi-angle Imaging Spectroradiometer (MISR) on
Terra and Aqua satellites produces gridded information on AOD and
water vapor worldwide. Finally, there are also gridded information
on these parameters from reanalysis estimations such as MACC
(Monitoring Atmospheric Composition and Climate) providing data
records on atmospheric composition for recent years (http://www.
gmes-atmosphere.eu/) or NCEP/NCAR reanalysis from NOAA
providing long term information of many atmospheric parameters,
such as water vapor content [19].

The variety of information sources for retrieving aerosol optical
depth and other atmospheric constituents data, the diverse models
for computing solar irradiance under clear sky conditions and the
different global to direct normal conversion models has motivated
the performance of a sensitivity study of satellite-based solar ra-
diation models to these different information sources acting as
input. This paper presents the results of this sensitivity calculation
using as reference high-quality measurements of solar irradiance
components, aerosol optical depth and water vapor collected in
Solar Platform of Almeria (PSA) placed in the Tabernas desert in the
south east Spain. In addition to the results of the sensitivity analysis
a novelty study of how the individual uncertainties in the clear sky
models, global to direct conversion models and aerosol datasets
propagate in the framework of a satellite-based method for
computing solar radiation. The motivation of including the sensi-
tivity analysis of global to direct conversion models comes from the
fact that most semi-empirical satellite-based methods estimate
only global irradiance, and the need of computing direct normal for
CSP (Concentrating Solar Power) applications.

2. Data

Ground data of the three components of solar radiation and of
atmospheric aerosols and water vapor column measured at PSA by
the DLR (Deutsches Zentrum für Luft- und Raumfahrt) have been
used in this work. Solar irradiances have been carefully recorded at
PSA also by the DLR with Kipp & Zonen CM11 and CH1 radiometers.
For aerosol optical depth and water vapor column content the sun
photometer measurements of the AERONET station at PSA (Taber-
nas_PSA-DLR station) have been used. The geographic coordinates
of the PSA station are 37.09� N and �2.36�E, and the height above
sea level is 500 m. Even though solar radiation has been measured
for more than ten years only the period of time with overlapping
aerosol and solar irradiances measurements was used here;
therefore, only hourly solar irradiance data and daily aerosol optical
depth and water vapor content from 2011 to 2012 were used.
Quality check according to BSRN (Baseline Surface Radiation
Network) and MESoR project protocols have been used to ensure
the quality of the solar irradiances measurements [20].

Aerosol optical depth from remote sensing retrievals like MISR
and MODIS (C005 collection, MOD08 and MYD08 products from
Terra and Aqua, respectively) instruments on board of Terra and
Aqua satellites have been also used in this work. MISR and MODIS
deliver, among other atmospheric parameters, daily gridded values
of aerosol optical depth at 550 nm and Angstrom exponent with a
spatial resolution of 0.5 � 0.5� and 1 �1�, respectively. The gaps in
the daily retrievals, which comprise less than 15% of the record for
each sensor, have been substituted by the monthly mean value in
both datasets. In addition, aerosol optical depths at different
wavelengths provided byMACC reanalysis have been also used. The
daily values of aerosol optical depths at 469, 550, 670, 865 and
1240 nm at spatial resolution of 1.125 � 1.125� were used to
compute the input parameters to clear sky models. MACC is based
on the ECMWF integrated forecasting system (IFS) coupled to a
global chemical transport model for offering forecasting and
reanalysis of different atmospheric constituents including aerosol
optical properties [21].

Finally, water vapor content has been obtained fromNCEP/NCAR
reanalysis with a spatial resolution of 2.5 � 2.5� [22].

3. Methodology

Hourly estimations of global horizontal (GHI) and direct normal
irradiances (DNI) have been made using 12 images per day of
Meteosat Second Generation (MSG) High resolution visible channel
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during the period 2011e2012 for the PSA site. The main charac-
teristics of the method used for that computation are detailed next.

3.1. Approach for solar radiation derived from satellite images

Solar radiation derived from satellite images frequently relies on
the relationship between cloud index and atmospheric trans-
mittance characterized by the clear sky index.

The cloud index is a relative measure of the reflectivity detected
on the satellite sensor normalized by the dynamic range, that is the
range of values at a given pixel from its lowest (darkest pixel) to its
highest values (brightest pixel) [3,9], and it can be effectively
defined by the following expression of the reflectivity.

n ¼ r� rg
rc � rg

(1)

where r is the instantaneous planetary reflectivity, that is the
reflectivity measured by the satellite sensor, rc is the cloud reflec-
tivity that should represents the reflectivity of the brightest pixel,
and rg is the ground reflectivity, that is the reflectivity of the darkest
pixel. The methodology for estimating the cloud index has evolved
from the direct use of digital counts [4,23] to a more physical
approach with the calculation of the radiance of the point at the
image from which reflectivity can be computed; the latter needs
the knowledge of calibration constant of the satellite sensor for
estimating radiances from the digital counts [24], that is normally
delivered with the image information.

The clear sky index is the quotient between global horizontal
irradiance at ground and the global horizontal irradiance under
clear sky conditions. Therefore, the estimation of the clear sky in-
dex requires the use of a clear sky transmittance model that com-
putes the solar radiations components at ground for cloudless
atmosphere. Thus, global horizontal irradiance is computed from
cloud index estimated from the satellite images by Refs. [7,25],

Gh ¼ Gclearsky
h Kc ¼ Gclearsky

h f ðnÞ (2)

where f(n) is a linear function of the cloud index that can be
determined empirically.

3.2. Clear sky transmittance models

The computation of broadband solar radiation components
under cloudless conditions has been addressed by many authors
and therefore there are many methods and models proposed in the
literature as well as assessment studies [12,13,15,26,27]. All these
models require two types of input: the sun position (determined by
zenith angle or air mass) and the attenuating capacity of the at-
mosphere. The way of a clear sky model to deal with the

atmospheric attenuants can vary significantly from one model to
another. In this work three different clear sky models have been
selected according to their different requirements on the atmo-
spheric input: ESRA model, simplified SOLIS and REST2.

The ESRA model is the basis of the European Solar Radiation
Atlas and it is also included in the well-known heliosat-2 method
for solar radiation computation from satellite information [7,17].
The formulation of ESRAmodel is based on the BouguereLamberte
Beer law and it consolidates all the atmospheric attenuation
excepting the Rayleigh scattering in one unique parameter denoted
the Linke turbidity factor. The Linke turbidity factor (TL) is defined
as the number of clean and dry atmospheres needed to achieved
the attenuation of the solar radiation [18]. It can be normally
determined from direct normal irradiance measurements but it can
be estimated from aerosol optical depth and water vapor column
content by Ineichen’s correlation [28].

The simplified SOLIS model is a broadband and reduced version
of the SOLIS model [8] developed to avoid the radiative transfer
computations required and making thus the model easier to be
implemented and less computing time consuming [29]. The input
requirements are the air mass, the aerosol optical depth at 700 nm
(s700) and the water vapor column (pw) in atm-cm.

REST2 is a two-band model derived from the well-known
spectral model SMARTS [14,30]. It includes attenuation due to ab-
sorption by nitrogen dioxide, ozone, water vapor and Rayleigh and
aerosol scattering. Aerosol attenuation estimation requires
Angstrom turbidity (b) and alpha exponent (a) parameters as input.
Despite it is a two-band model referring to the aerosol attenuation,
in this work the model has been used as a one single band, so that
one unique value of the Angstrom exponent is used here in the
input of the model.

3.3. Global to direct conversion

In this work satellite images are used with a clear sky trans-
mittance model for computing global horizontal irradiance.
Therefore a global to direct conversion model is used here to esti-
mate direct normal irradiance. There are many correlations and
methods to estimate direct normal from global horizontal irradi-
ance which have been widely described and assessed in the liter-
ature [31,32]. Most of them are simple correlations for determining
the diffuse fraction or direct transmittance as function of the
clearness index [33e36]. A few of them are more sophisticated
including some different parameters in the input [37,38]. The
selected global to direct conversion methods here are the Louche
formula [39] that correlates the direct transmittance and the
clearness index, and the DirInt and DirIndex models [37]. The
Louche correlation was developed with stations with a Mediter-
ranean climate so that it is a good example of a local empirical
model for estimating direct from global irradiance at PSA.

Table 1
Matrix of sensitivity cases.

Atmospheric attenuants information Clear sky model Global-to-direct method

Case AERONET MODIS MISR MACC ESRA SOLIS REST2 Louche DirInt DirIndex Observations

R1 X X X Assessment of clear sky with accurate attenuants input
R2 X X X
R3 X X X
A1 X X X Uncertainty due to Aerosol input retrievals
A2 X X X
A3 X X X
C2 X X X Uncertainty due to clear sky model
C3 X X X
D2 X X X Uncertainty due to Global-to-direct method
D3 X X X
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3.4. Sensitivity calculations

A sensitivity calculation matrix has been designed in order to
analyze the impact to the global uncertainty of each external input
in a satellite-based schemed for solar radiation calculation
(Table 1). The first group of cases, denoted with the letter R, ex-
amines the effect of choice of clear sky model on the uncertainty of
the satellite derived solar irradiances when the atmospheric input
comes from accurate measurements, as is the case of AERONET. In
this case all the daily atmospheric input parameters (TL, s700, b, a
and pw) were obtained and derived from the measurements of
spectral aerosol optical depth at eight wavelengths taken with the
sun photometer. The second group, named A, explore the uncer-
tainty associated to the external aerosol retrieval database; the
same aerosol parameters have been derived here with the excep-
tion of pw which was obtained from NCEP/NCAR reanalysis. The
third group of cases (C) tries to determine the contribution to the
uncertainty of the clear sky model when external aerosol retrieval
is used as input (i.e. MACC). Finally, the cases named with D are
aimed at estimating the uncertainty associated to a different global-
to-direct conversionmethod. Note that group C is similar to group R
except that the aerosol source is MACC instead of AERONET.

3.5. Analysis of uncertainty

The analysis of uncertainty in this sensitivity study has been
performed using first and second order statistics. First order sta-
tistics used here are the mean bias error (MBE), relative mean ab-
solute error (rMAE), root mean squared error (RMSE), and the
coefficient of determination (R2).

MBE ¼ 1
N

XN
i¼1

ei

rMAE ¼

 PN
i¼1
jeij
!,

N

< m >

RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
1
N

XN
i¼1

e2i

vuut

R2 ¼ 1�

PN
i¼1

e2i

PN
i¼1
ðmi� < m > Þ2

being ei ¼ ci �mi

(3)

where ci refers to the computed values and mi to the measured
values. Second order statistics is based on the differences between

the distribution functions of the computed andmeasured values. In
this work a statistic based on the KolmogoroveSmirnov test have
been used [40], denoted as KSI (KolmogoroveSmirnov Integral)
that has been previously proposed in benchmarking of solar radi-
ation estimated from satellite images [41].

KSI ¼
Zxmax

xmin

DnðxÞdx

DnðxÞ ¼ jPcðxÞ � PmðxÞj
(4)

where Dn is the statistic of the KolmogoroveSmirnov test, Pc(x)
denotes the cumulative distribution function of the computed
values and Pm(x) is the cumulative distribution function of the
corresponding measurements.

4. Results

4.1. Analysis of all sky conditions

The results of the hourly global horizontal and direct normal
irradiances estimated from MSG satellite for 2011 and 2012 are
summarized for all the sensitivity cases in Table 2. The results

Table 2
Statistics of sensitivity analysis for all sky conditions.

Case R1 R2 R3 A1 A2 A3 C2 C3 D2 D3

Global horizontal irradiance
MBE (Wm�2) 0.009 0.029 0.004 0.046 0.009 0.024 0.084 0.019 0.024 0.024
rMAD 12.95% 14.06% 13.80% 13.45% 13.47% 13.24% 15.60% 14.39% 13.24% 13.24%
RMSD (Wm�2) 98.53 101.20 99.82 98.11 98.53 98.41 104.46 99.42 98.41 98.41
R2 0.907 0.900 0.908 0.908 0.906 0.906 0.903 0.907 0.906 0.906
KSI 8.81 13.57 15.14 19.91 7.81 11.88 26.41 16.84 11.88 11.88
Direct normal irradiance
MBE (Wm�2) �0.019 �0.021 0.014 0.091 0.010 0.028 0.105 0.057 �0.004 0.056
rMAD 16.60% 18.67% 16.47% 19.39% 19.70% 18.11% 20.74% 19.22% 17.88% 18.61%
RMSD (Wm�2) 212.20 194.20 184.85 185.46 198.93 193.34 190.18 187.91 182.43 189.78
R2 0.640 0.678 0.704 0.708 0.653 0.676 0.703 0.694 0.764 0.683
KSI 10.85 12.05 10.84 51.00 17.09 20.64 57.29 32.35 32.82 38.89

Fig. 1. KolmogoroveSmirnov plot for global horizontal irradiance estimations.
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show a very low bias in the estimations of both components for
all the cases. As expected the performance of the satellite model
is better for global horizontal (GHI) than for direct normal irra-
diance (DNI), the mean absolute error for all the cases ranges in
the interval of 12e15% and in 16e20% for GHI and DNI, respec-
tively. Figs. 1 and 2 show the KolmogoroveSmirnov (KeS) plots
for GHI and DNI estimations, respectively. The KeS test is a
common test for determining whether two distribution functions
can be attributed to the same population and can be considered
within the second order statistics. The second order statistics
shows greater differences among the sensitivity cases. The figures
plot the curve of the KeS statistic (Dn) for each case and
component over the range of irradiance values in the x-axis. The
plots include also a horizontal line showing the threshold level to
pass the test, which depends only on the data sample size. The
original formulation of KeS test states that the maximum value
of the statistic Dn must be below the threshold to pass the test
[40]; in this work, a graphic approach of the test is shown to
indicate the model goodness according the KeS test in ranges of
irradiance. In addition, the KSI is another extension of the test
useful for benchmarking different datasets; the lower the KSI the
better the model goodness [41]. In the case of GHI most of the

sensitivity cases have a KeS statistic placed below the threshold
practically all over the irradiance range. The cases C2 and A1 are
those with worse performance considering the KeS statistic,
which is also pointed out by the KSI values in Table 2. On the
other hand, for the case of DNI the cases with KeS statistic below
or closer to the threshold are only those corresponding to AER-
ONET aerosol input, confirming the goodness of models when
accurate aerosol information is used. Nevertheless, the case A3
(aerosol input from MACC) shows rather good performance since
the KeS statistic is below the threshold over a wide range of ir-
radiances and it shows worse results at irradiance levels beyond
800 Wm�2.

4.2. Analysis of clear and non-clear sky days

The analysis of the performance of the different cases differ-
encing clear and non-clear sky days is detailed next. Clear sky days
have been selected from the period 2011e2012 using the criteria
used by the authors in previous works [42]. The method for se-
lection basically consists of analyzing the correlation coefficient
matrix of the global horizontal measured with global horizontal
irradiance estimated for clear sky situations. For each day the cor-
relation matrix whose determinant is close to zero will correspond
to a complete clear sky day.

Table 3 shows the statistics for all the sensitivity cases for both
irradiance components. In the case of clear sky days the perfor-
mance is, as expected, better than that for all sky conditions, the
errors being notably lower for both GHI and DNI. The best perfor-
mance of GHI is done by using AERONET data as aerosol input and
ESRA clear sky model, and in the case of DNI it is done for the case
R3 (AERONET and REST2). The comparison among other datasets
for the aerosol input remarks the goodness of MACC dataset for
both GHI and DNI. On the other hand, despite REST2 has a really
good performance when the input comes from AERONET, it in-
creases the errors for the case of satellite or reanalysis gridded
aerosol input and in those cases ESRA has better performance.
Therefore in the case of using aerosol input from MACC, ESRA
seems to contribute to better performance, and the global to direct
conversion models have a good general behavior, but DirInt and
DirIndex produce slightly better results.

Table 4 shows the results for non-clear sky days, which are those
days that do not fulfill the criterion for selecting clear sky conditions.
All the uncertainty parameters are significantly higher. Regarding
the aerosol dataset used to input themodel it can benoted thatMISR
and MACC yield to slightly better results than MODIS, for both GHI
and DNI. By comparing A3, C2 and C3 cases ESRA seems to yield also
a slightly better performance of the models. Concerning the global
to direct conversion model, despite the results are quite similar
DirInt (case D2) yield to a better performance.

Table 3
Statistics of sensitivity analysis for clear sky days.

Case R1 R2 R3 A1 A2 A3 C2 C3 D2 D3

Global horizontal irradiance
MBE (Wm�2) �0.023 0.004 �0.035 0.012 �0.008 �0.008 0.047 �0.018 �0.008 �0.008
rMAD 7.43% 9.04% 9.14% 7.67% 8.51% 7.64% 10.74% 9.90% 7.64% 7.64%
RMSD (Wm�2) 42.29 45.67 47.74 35.17 41.50 41.23 49.31 45.05 41.23 41.23
R2 0.986 0.981 0.987 0.989 0.985 0.985 0.983 0.985 0.985 0.985
KSI 5.72 7.86 7.18 11.89 5.03 8.30 17.83 9.28 8.30 8.30
Direct normal irradiance
MBE (Wm�2) �0.051 �0.063 �0.017 0.054 0.020 �0.004 0.029 0.028 �0.069 �0.001
rMAD 12.41% 14.79% 10.11% 14.29% 17.88% 13.62% 13.56% 14.06% 13.15% 13.14%
RMSD (Wm�2) 201.14 148.71 116.39 125.51 155.83 154.37 126.11 128.19 128.81 132.16
R2 0.579 0.733 0.790 0.806 0.690 0.694 0.791 0.784 0.780 0.764
KSI 5.89 7.50 8.99 20.30 10.48 11.21 29.82 14.91 57.39 20.23

Fig. 2. KolmogoroveSmirnov plot for direct normal irradiance estimations.
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4.3. Analysis of DNI estimated for CSP operational range

A case of particular interest is the performance of satellite
models in the framework of concentrating solar power (CSP)
plants, since the CSP output production is modeled and estimated
in different stages of CSP deployment project and time series
produced by satellite estimations are frequently used in this
context. Therefore, it is encouraging to analyze the sensitivity
cases presented here in the range of operation of a CSP plant. This
analysis is focused only on the DNI component and the operational
range has been assumed as 400e900 Wm�2, since most of the CSP
plants are generally thought for being working under that irradi-
ation range most of the time. Table 5 presents the statistics of the
performance of the sensitivity cases for DNI under the so called
CSP operational range. Again it can be pointed out that the use of
aerosol input from AERONET generates better results of the
models. As it has been observed in other sky conditions REST2 is
the best performance model when the input is taken from AER-
ONET. Concerning the use of gridded aerosol dataset, the good
results of the case A3 (MACC dataset) should be remarked. Finally,
comparing the cases focused on the global to direct conversion
model the use of DirIndex yield to better results; moreover, only in
this particular case an important difference between DirInt and
DirIndex is observed.

4.4. Uncertainty of clear sky models

In order to explore the impact of the uncertainty in the response
of clear skymodels a parametric analysis for ESRA, SOLIS and REST2
is done by perturbing AOD and studying the models output. In this
exercise the hypothesis is that the AOD determined from AERONET
yield to zero error in the clear sky models output. Progressive
perturbations in the AOD in the range of �50% to 50% are input to
the clear sky models to analyze the error propagation, and the er-
rors are computed by comparing the model output at a perturbed
value of AOD with the non-perturbed value. Other inputs are fixed
at constant values. Fig. 3 shows the trend of the clear sky model
errors in daily basis as a function of the uncertainty in the AOD. It
shows that the impact of the uncertainty in AOD is much higher for

DNI than for GHI in the case of underestimation and overestimation
of AOD. REST2 is the least sensitivemodel to the uncertainty of AOD
in GHI estimations, but on the contrary is very sensitive to the AOD
uncertainty for estimating DNI (in the case of DNI the least sensitive
model is ESRA). In addition, all the models are a bit more sensitive
to underestimation than to overestimation of AOD.

Fig. 4 also shows the propagation of errors for each clear sky
models, again using the AERONET measurements of AOD and
adding a variable perturbation to them that ranges from �50% to
50%. However, in this case the errors have been computed using the
measurements of daily GHI and DNI, and thus this figure differs
from the former one in the fact that theminimum error is located at
different places for each model. The propagation of the error is very
soft in GHI and quite strong in DNI estimations. In the case of DNI
REST2 is clearly the most accurate model. However in cases of
overestimation of AOD the propagation of errors increases in
REST2. It is interesting to analyze what happens to ESRA, which has
a significantly higher error than SOLIS and REST2, but in cases of
overestimation of AOD the errors are compensated by the ESRA
response and it could yield to more accurate output. For instance,
MACC retrieval has an average trend to overestimate the aerosol
optical depth exhibiting around 30% of overestimation. Therefore,
the different behavior of the propagation of errors, particularly in
the DNI estimations, in each clear sky model could explain the
differences observed in the results of the sensitivity cases.

5. Discussion

The results presented here remark that the satellite-based
models for estimating solar radiation have many sources of un-
certainties. The most contribution to the uncertainty comes from
the cloudy days, i.e. the impact of clouds in the estimation of global
horizontal irradiance. Other important sources of uncertainty come
from the external input that uses the model, as it is the case of the
aerosol input required by the clear sky models. Obviously, the most
accurate information of atmospheric attenuants (aerosol optical
depth and water vapor content) has a remarkable impact on the
satellite estimations, as it has been shown in the cases corre-
sponding to the use of information from AERONET. However, in

Table 5
Statistics of sensitivity analysis for DNI in the CSP operational range (400e900 W/m2).

Case R1 R2 R3 A1 A2 A3 C2 C3 D2 D3

MBD (Wm�2) �0.029 �0.017 0.001 0.03 �0.005 0.005 0.029 0.019 0.005 0.003
rMAD 5.51% 5.66% 4.86% 6.69% 6.26% 6.01% 6.28% 6.27% 6.04% 5.89%
RMSD (Wm�2) 46.76 49.54 42.04 55.07 53.94 51.05 52.53 52.90 51.13 50.07
R2 0.886 0.875 0.892 0.842 0.829 0.841 0.857 0.839 0.847 0.852
KSI 21.52 13.74 4.92 22.46 8.26 9.04 22.13 9.66 9.35 7.70

Table 4
Statistics of sensitivity analysis for overcast sky days.

Case R1 R2 R3 A1 A2 A3 C2 C3 D2 D3

Global horizontal irradiance
MBE (Wm�2) 0.046 0.058 0.049 0.084 0.029 0.061 0.126 0.062 0.061 0.061
rMAD 17.44% 18.14% 17.58% 18.14% 17.50% 17.79% 19.55% 18.04% 17.79% 17.79%
RMSD (Wm�2) 127.00 129.82 127.26 128.16 127.21 127.12 133.37 127.49 127.12 127.12
R2 0.817 0.809 0.820 0.817 0.816 0.817 0.813 0.819 0.817 0.817
KSI 13.06 20.51 21.16 22.20 10.21 17.06 24.01 16.00 17.06 17.06
Direct normal irradiance
MBE (Wm�2) 0.033 0.050 0.066 0.155 �0.007 0.082 0.233 0.107 0.104 0.152
rMAD 20.77% 22.53% 22.79% 24.47% 21.52% 22.57% 27.89% 24.34% 22.58% 24.06%
RMSD (Wm�2) 222.65 230.68 228.58 230.05 234.02 225.49 237.29 232.52 294.84 233.34
R2 0.563 0.530 0.546 0.541 0.524 0.549 0.548 0.531 0.511 0.523
KSI 31.59 42.58 20.35 43.35 18.35 22.90 38.68 30.83 26.98 31.39
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most of the situations there is not a sun photometer placed in the
target site where satellite estimations are computed, and a gridded
dataset from satellite or reanalysis is frequently used to input the
atmospheric attenuants information. In that case the uncertainty in
the atmospheric parameters that governs the solar radiation
extinction could have a different impact depending on the clear sky
model used.

6. Conclusions

The sensitivity of the satellite-based methods for computing
solar radiation to different external inputs has been explored in this
work. A sensitivity matrix of cases for covering different options
concerning the aerosol input, the clear sky model used and the
method for global to direct conversion was designed.

The most important contribution to the uncertainty of the sat-
ellite estimations comes from the impact of clouds to the global
horizontal irradiance. However, the input of aerosol information
and the clear sky model used can have an important role on the
uncertainty. Therefore, the accuracy of the aerosol input, aerosol
optical depth, is clearly an aspect to consider in the application of
clear sky models. Despite this affirmation has been already stated

by other works, in this work it has been studied also how this
uncertainty affect to the clear sky model used. The use of more
advanced clear sky models can yield to high benefits to a satellite-
based method for retrieving solar radiation. REST2 for instance
deals the atmospheric extinction in a more advanced and conve-
nient way (using the two parameters of Angstrom law for aerosols
and taking into account the effect of other attenuants). ESRA on the
contrary has a rough approximation to the atmospheric attenuation
by using only one parameter (the Linke turbidity factor). However,
the different accuracy of these models can be affected in a different
way depending on the uncertainty of their input parameters.
Therefore, the choice of a specific clear sky model in a satellite
methodwill depend on the knowledge of the general uncertainty of
the aerosol optical depth dataset used as input.

On the other hand, regarding the aerosol dataset, the results of
the sensitivity cases have shown that, when there are no AOD
measurements, MACC has a better performance than AOD from
MODIS or MISR in most of the cases. In addition, another advantage
of MACC as gridded dataset is its worldwide coverage and the
absence of gaps.

Different sky conditions have been established here for pre-
senting the sensitivity results. In most of the conditions MACC

Fig. 4. Clear sky models error propagation to the uncertainty of aerosol optical depth. In this case the starting point is just the error of each model relative to observations using
AERONET AOD as input and the figure shows the evolution from that point when AOD is increasing and decreasing until 50% of its initial value.

Fig. 3. Impact of the uncertainty of aerosol optical depth on the clear sky models output. Assuming zero error for a given initial condition of AOD, the plot shows the evolution of the
error of each model when AOD is increasing or decreasing from the starting point.
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seems to yield to a better performance of the model. In particular,
the results for the condition denoted as CSP operational range,
assumed as the DNI irradiance range of 400e900 W m�2, showed
also a better performance of the models when MACC aerosol data
were used. Under these conditions the uncertainty of the satellite
estimations of DNI is significantly lower than for all sky conditions.
This observation could have an important role in the reliability of
satellite-based direct normal irradiance for the concentrating solar
power industry.

Finally, the use of different global to direct conversion models in
satellite estimations has been also explored. The differences be-
tween simple methods as Louche and some other more sophisti-
cated ones (DirInt) are small. Nevertheless, in most cases DirInt
seems to yield to slightly better performance. There were not
practically found differences in using DirInt and DirIndex (the latter
incorporates a clear sky model in the computation scheme),
excepting in the case of the CSP operational range where the use of
DirIndex clearly showed a better performance.
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b SOLUTE Ingenieros. Avda. Cerro del Águila 3, 28703 San Sebastián de los Reyes, Spain
c Electrical Engineering Department, EUITI-UPM, Ronda de Valencia 3, 28012 Madrid, Spain
d Instituto de Energı́a Solar, Ciudad Universitaria s/n, Madrid, Spain

a r t i c l e i n f o

Article history:

Received 14 June 2012

Received in revised form

3 December 2012

Accepted 9 December 2012

Keywords:

Solar PV energy

Global solar radiation

Effective solar radiation

Satellite based climate monitoring

Universal kriging

CM SAF

SIAR

a b s t r a c t

An analysis and comparison of daily and yearly solar irradiation from the satellite CM SAF database and a

set of 301 stations from the Spanish SIAR network is performed using data of 2010 and 2011. This analysis

is completed with the comparison of the estimations of effective irradiation incident on three different

tilted planes (fixed, two axis tracking, and north–south horizontal axis) using irradiation from these two

data sources. Finally, a new map of yearly values of irradiation both on the horizontal plane and on inclined

planes is produced mixing both sources with geostatistical techniques (kriging with external drift, KED).

The Mean Absolute Difference (MAD) between CM SAF and SIAR is approximately 4% for the irradiation

on the horizontal plane and is comprised between 5% and 6% for the irradiation incident on the inclined

planes. The MAD between KED and SIAR, and KED and CM SAF is approximately 3% for the irradiation on

the horizontal plane and is comprised between 3% and 4% for the irradiation incident on the inclined

planes.

The methods have been implemented using free software, available as supplementary material, and the

data sources are freely available without restrictions.
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1. Introduction

Nowadays, with a wide range of applications in agriculture,
climate monitoring and renewable energies, research in solar
irradiation is a very demanded field.

Solar irradiation can be evaluated by processing images from
satellites or by on-ground measurements with pyranometers in
meteorological stations. The high cost of these meteorological
stations and the requirement of specific and periodic calibrations
explain the low density of the existing networks in many countries,
although this kind of measurements is reliable to elaborate solar
irradiation maps [1]. The satellite models need to be validated and
refined with high quality measurements, which are provided by on-
ground stations [2]. The satellite estimates present a wide spatial
and temporal coverage, but their spatial resolution is in the range of
kilometres, which in many applications may not be sufficient and
this can be improved with geostatistics [3]. The high degree of site
dependence of solar irradiation makes geostatistics suitable to
evaluate the spatial distribution of solar irradiation and to build
maps with pyranometers measurements [4,5].

Geostatistics were firstly applied in the study and estimation
of ore resources [6], soil properties [7] and afterwards, in fields
such as on-ground water analysis [8] and solar irradiation maps
with kriging techniques [3,9]. Residual and ordinary kriging have
been applied to elaborate solar irradiation maps taking into
account elevation and cloudiness as significant variables [10], or
topographic shadow cast and elevation [11], and also with
artificial neural networks (ANN) with temperature and precipita-
tion as inputs [12]. Kriging with external drift (KED) has been
useful to develop solar irradiation maps using multiple linear
regression (MLR) models [13]. Comparing solar irradiation maps
obtained with different techniques and inputs is necessary to
assess the divergence of the estimates. The MESOR project
compared EnMetSol, Helioclim-2, NASA SSE version 6, Satel-
Light and SOLEMI databases obtained with satellite estimates
and ESRA, PV GIS Europe, and Meteonorm version 6.1 databases

generated from geostatistical models and meteorological obser-
vations in Europe [1].

Recently, the Spanish Agency of Meteorology (AEMET) has
released a new solar irradiation atlas for Spain (the former
was of 1984) [14] providing monthly, seasonal and annual
average of global, direct and diffuse irradiation on the hor-
izontal plane with a resolution of 3 km using monthly data
sets from 1983 to 2005 of CM SAF. Besides, a validation
process has been developed comparing CM SAF data with
uninterrupted registers from 2003 to 2005 of 29 meteorolo-
gical stations from the National Radiometric Network (RRN) of
AEMET. On the other hand, for direct irradiation, only two
ground stations, with uninterrupted data from 1992 to 2005,
were selected. The Mean Absolute Deviation (MAD) obtained
from this validation process for global monthly average is
12.23 W/m2 (6.7%), which is slightly higher than the CM SAF
target of 10 W/m2. It is important to underline that the AEMET
global irradiation atlas is restricted to the horizontal plane.

This paper innovates with an analysis and comparison of solar
irradiation from the CM SAF database (Section 2.1) and a large set
of stations, considering 301 meteorological stations (versus the 29
of the aforementioned assessment by AEMET) from the Spanish
SIAR network (Section 2.2), and with the estimation of effective
irradiation incident on three different tracking planes.

Therefore, the contribution of this paper is threefold:

� Analysis and comparison of daily and yearly global irradiation
on the horizontal plane obtained by on-ground measurements
and satellite estimate data.
� Analysis and comparison of yearly global irradiation incident

on different tilted planes (fixed, two axis tracking on azimuth
and solar elevation, north–south horizontal axis) estimated
from these two data sources.
� Elaboration of a new map of yearly values of irradiation both

on the horizontal plane and on inclined planes with a smooth
combination of both sources using geostatistical techniques.

Nomenclature

AEMET Spanish Meteorology Agency
b̂k estimated coefficients of the deterministic model in

kriging with external drift
BSRN Baseline Surface Radiation Network
CM SAF Satellite Application Facility on Climate Monitoring

DGð0Þ difference between GCMSAF
ð0Þ and GSIAR

ð0Þ

DGCMSAF
KED ð0Þ difference between GKED

ð0Þ and GCMSAF
ð0Þ

DGSIAR
KED ð0Þ difference between GKED

ð0Þ and GSIAR
ð0Þ

GCMSAF
ð0Þ yearly global irradiation on the horizontal plane data

obtained by estimations from CM SAF
GSIAR
ð0Þ yearly global irradiation on the horizontal plane data

obtained by on-ground measurements from SIAR

DGCMSAF
ef ,KED difference between GKED

ð0Þ and GCMSAF
ð0Þ

DGSIAR
ef ,KED difference between GKED

ð0Þ and GSIAR
ð0Þ

DGef difference between Gef
CMSAF and Gef

SIAR

ÊðsyÞ interpolated residual in kriging with external drift

GKED
ð0Þ yearly global irradiation on the horizontal plane

estimated with kriging with external drift
GKED

ef ð0Þ yearly effective global irradiation on the inclined
plane estimated with kriging with external drift

gðhÞ semivariogram function
ĝðhÞ estimator of the semivariogram function

Gef
CMSAF yearly effective global irradiation incident on differ-

ent planes estimated from data from CM SAF
Gef

SIAR yearly effective global irradiation incident on differ-
ent planes estimated from data from SIAR

h separation vector between two locations
KED kriging with external drift
li kriging weights determined by the spatial depen-

dence structure of the residual
LUT look-up table
m̂ðsyÞ fitted deterministic part of the random spatial field at

a new location
MAB Mean Absolute Bias
MAD Mean Absolute Difference
MBD Mean Bias Difference
OK ordinary kriging
qkðsyÞ auxiliary predictors obtained from the fitted values of

the explanatory variable at the new location in kri-
ging with external drift

RMSD biased Root Mean Square Difference
RMSDn unbiased Root Mean Square Difference
RTM radiative transfer model
SIAR Agroclimatic Information System for Irrigation
SIS shortwave incoming solar radiation
ẑ kriging estimation of the random spatial field
ZðsÞ random spatial field
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The analysis comprises daily irradiation data of 2010 and
2011. The global irradiation on the horizontal plane is compared
both in a daily and a yearly basis, while the effective irradiation
incident on different planes is only examined in a yearly basis. In
order to ease the discussion of results, the yearly analysis is
carried out with the averages of 2010 and 2011.

To enable reproducible research [15], the methods have been
implemented using free software (Section 6). Both the source code
and the data sources are freely available without restrictions.

2. Radiation data sources

2.1. CM SAF

The Satellite Application Facility on Climate Monitoring (CM
SAF) [16] is a joint venture of the Royal Netherlands Meteorolo-
gical Institute, the Swedish Meteorological and Hydrological
Institute, the Royal Meteorological Institute of Belgium, the
Finnish Meteorological Institute, the Deutscher Wetterdienst,
Meteoswiss, the UK MetOffice, with the collaboration of the
European Organization for the Exploitation of Meteorological
Satellites (EUMETSAT). The CM SAF was funded in 1992 to
retrieve, archive, and distribute climate data to be used for
climate monitoring and climate analysis. The spatial resolution
of the different products ranges from 15 km2 to 90 km2 [17].

The CM SAF provides two categories of data: operational
products and climate data. The operational products are built on
data that is validated with on-ground stations and then is
provided in near real time to develop variability studies in diurnal
and seasonal time scales. However, climate data are long-term
data series to assess inter-annual variability [18].

In this study, the shortwave incoming solar radiation product
(SIS) is selected with a spatial resolution of 15 km2, available as
daily and monthly averages (Figs. 1 and 2). SIS collates shortwave
radiation (0:224 mm wavelength range) reaching an horizontal
unit earth surface obtained by processing information from
geostationary satellites (SEVIRI sensor on board of the METEOSAT
Second Generation (MSG)) and also from polar satellites (AVHRR
sensor on NOAA polar satellites) [17] and then validated with

high-quality on-ground measurements from the Baseline Surface
Radiation Network (BSRN).1

In this paper, SEVIRI data has been selected following the CM
SAF recommendation of these data to be used for latitudes south-
ern 651N [19]. Validation of SEVIRI SIS data with 4 BSRN stations
showed that more than 90% of the values are below the accuracy
target value of 10 W/m2 (plus the uncertainty of the ground based
measurements). Besides, the absence of a trend in the bias
demonstrates the stability and homogeneity of the product [20].

The method for retrieving the solar surface irradiance
employed by CM SAF is based on the libRadtran radiative transfer
model (RTM) [22] in combination with a new approach of several
parameterizations and eigenvector look-up tables (LUT). A LUT is
a data structure with discrete pre-computed RTM results for a
variety of atmospheric and surface states. Thus, the surface
irradiance (transmittance multiplied by extraterrestrial incoming
solar flux density) for a given atmospheric state can be obtained
by interpolation, through the LUTs, for each satellite pixel and
time. Therefore, with a LUT approach the results are similar to
those obtained with a RTM reducing computation costs [23].

Fig. 2. Average of yearly horizontal irradiation (kWh/m2) on the horizontal plane

as published by CM SAF during 2010 and 2011.Latitude
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Fig. 1. Hovmöller plot with the time evolution of the daily horizontal irradiation

(Wh/m2) as published by CM SAF, averaged along 101W to 51E.
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Fig. 3. Meteorological stations of the SIAR network. The color key indicates the

altitude (m). Those stations whose average yearly absolute difference from the CM

SAF values is higher than 5% are displayed with red points. (For interpretation of

the references to color in this figure caption, the reader is referred to the web

version of this article.)

1 http://www.bsrn.awi.de/en/home/.
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The CM SAF method still can be improved by a better semi-
empirical adjustment of cloud effects and by improved meteor-
ological information about aerosols and snow cover maps [23].
In fact, one main goal of the Continuous Development and Operations
Phase of the CM SAF (2007–2012) is to improve all data sets in order
to develop studies of inter-annual variability [17].

Fig. 1 displays a Hovmöller plot [21] with the time evolution of
CM SAF daily irradiation for 2010 and 2011 averaged along 101W
to 51E, from 35.51N to 441N. Fig. 2 displays the average of annual
global irradiation on the horizontal plane for 2010 and 2011.

2.2. SIAR

Land-measured daily irradiation is collected from the Agrocli-
matic Information System for Irrigation (SIAR) [24] a free-
download database operating since 1999, covering the majority
of the irrigated area of Spain [25–29]. This network belongs to the
Ministry of Agriculture, Food and Environment of Spain, as a tool
to predict and study meteorological variables for agriculture. SIAR
is composed by 12 regional centers and a national center, aiming
to centralise and depurate measurements from the 361 stations of
the network. The stations include SKYE-SP1110 (Campbell-Scien-
tific)2 or CMP6 (KIPP&ZONEN),3 first class pyranometers according
to the World Meteorological Organization (WMO).4 The absolute
accuracy is within 75% and is typically lower than 73%.

The calibration of the pyranometers is performed by Tragsatec
[24,30] according to ISO 9847:1992 [31] using two CMP6-
KIPP&ZONEN reference pyranometers [32] on a yearly basis.
Irradiation is computed on a half-hourly basis from irradiance
samples recorded each 10 s, collated through a CR10X (Campbell
Scientific) datalogger within the station and then sent to the
regional and national centers [24].

Data has been filtered under two assumptions: average annual
irradiation must be higher than 1000 kWh/m2, and only stations
with more than 600 measurement days available (out of a total of
730, 2 years) are selected. Besides, some stations have been
omitted due to difficulties in the access to the coordinates of
some stations, to uncompleted or spurious data series, or to
stations out of the area of study. Eventually, 301 meteorological
stations5 (Fig. 3) and their daily global irradiation measurements
on the horizontal plane for 2010 and 2011 have been considered.

3. Methods

3.1. Statistics

The analysis is built upon the next structure (Fig. 4):

� Analysis and comparison of daily and yearly global irradiation
on the horizontal plane data obtained by on-ground

Fig. 4. Organization of the analysis procedure. Ellipses represent point data sets (values from the meteorological stations, for example) and rectangles denote raster maps

(values from CM SAF, for example). The red color is used to identify the original sources, green for comparison results, and blue for transformation results (geostatistical

interpolation or effective irradiation). (a) Horizontal irradiation comparison. (b) Effective irradiation comparison. (For interpretation of the references to color in this figure

caption, the reader is referred to the web version of this article.)

2 ftp://ftp.campbellsci.com/pub/csl/outgoing/uk/manuals/sp1110.pdf.
3 http://www.kippzonen.com/?product/1251/CMPþ6.aspx.
4 http://www.wmo.int/pages/index_es.html.

5 The name and location data of these stations are available at http://solar.

r-forge.r-project.org/data/SIAR.csv.
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measurements, GSIAR
ð0Þ, and satellite data, GCMSAF

ð0Þ. The dif-
ference between these sources is a matrix of values examined
in Section 4.1.

DGð0Þ ¼ GCMSAF
ð0Þ�GSIAR

ð0Þ ð1Þ

� Analysis and comparison of yearly global irradiation incident
on different planes (fixed, two axis, north–south horizontal
axis) estimated from these two data sources, Gef

SIAR and Gef
CMSAF,

respectively. The difference between these results is a set of
three matrices examined in Section 4.1

DGef ¼ GCMSAF
ef �GSIAR

ef ð2Þ

� Elaboration of a new map of yearly values with a smooth
combination of both sources using geostatistical techniques,
both for the horizontal plane, GKED

ð0Þ, and for the inclined
planes, Gef

KED. Section 3.3 outlines the geostatistical interpola-
tion technique (kriging with external drift, KED) used to
combine the information from SIAR and CM SAF.
The difference between the SIAR stations and the results of the
interpolation are

DGSIAR
KED ð0Þ ¼ GKED

ð0Þ�GSIAR
ð0Þ ð3Þ

DGSIAR
ef ,KED ¼ GKED

ef �GSIAR
ef ð4Þ

The difference between the CM SAF maps and the results of the
interpolation are

DGCMSAF
KED ð0Þ ¼ GKED

ð0Þ�GCMSAF
ð0Þ ð5Þ

DGCMSAF
ef ,KED ¼ GKED

ef �GCMSAF
ef ð6Þ

These differences are summarized using several statistics: the
unbiased and biased Root Mean Square Difference (RMSDn and RMSD,
respectively), the Mean Bias Difference (MBD) and the Mean Absolute
Difference (MAD) (Tables 3–5). It must be noted that RMSD2

¼

RMSDn2
þMBD2 and that MADrRMSDrn1=2 �MAD. The reader is

referred to Ref. [33] for the details on the convenience of these
statistics.

These statistics are normalized by the average SIAR values
when comparing CM SAF or KED with SIAR (Eqs. (1)–(4)) and by
the average CM SAF values when comparing KED with CM SAF
(Eqs. (5) and (6)). For example, the RMSDn, RMSD, MBD and MAD

corresponding to Eq. (1) are

RMSDn

G0 ¼

GCMSAF 0ð Þ�GCMSAF 0ð Þ
� �

� GSIAR 0ð Þ�GSIAR 0ð Þ
� �h i2

 !1=2

GSIAR 0ð Þ

ð7Þ

RMSDG0 ¼
DG2 0ð Þ
� �1=2

GSIAR
ð0Þ

ð8Þ

MADG0 ¼
9DGð0Þ9

GSIAR
ð0Þ

ð9Þ

MBDG0 ¼
DGð0Þ

GSIAR
ð0Þ

ð10Þ

3.2. Effective irradiation

Three different tracking methods have been considered

� Fixed plane, oriented towards the south and with optimum
inclination angle (latitude minus 101).
� North–south horizontal axis tracker: the axis of rotation is

horizontal with respect to the ground and is on a north–south
line. Panels are mounted horizontally upon the tube which will
rotate on its axis to track the apparent motion of the sun
through the day.
� Two-axis tracker: both azimuth and altitude are constantly

changing to track the sun.

Detailed description of these methods can be found in [34].
Table 1 summarizes the calculation procedure from global daily
irradiation on the horizontal plane to effective global irradiation
incident on an inclined plane. It is important to highlight that this
calculation procedure does not include shadow losses.

The first step of the procedure (once sun and trackers geome-
try equations have been computed) is to decompose the daily
global irradiation on the horizontal plane in two components,
direct and diffuse irradiation. Diffuse fraction, the ratio of diffuse
to global irradiation, is estimated from the clearness index with
the equations proposed in [35].

The second step is to build irradiance profiles from daily
irradiation values. The ratio of the diffuse irradiance to diffuse
irradiation is assumed to be equivalent to the ratio of extra-
terrestrial irradiance to extraterrestial irradiation. The ratio of
global irradiance to daily global irradiation is estimated with
the equations proposed in [35]. It must be noted that, because of
the frequent low variability of solar irradiance, this step assumes
that the average value of irradiance during a short time interval
(for example, an hour) coincides numerically with the irradiation
during that interval. Under this assumption the profile of irra-
diance incident on a surface estimated in the next step can be
aggregated to produce daily irradiation.

The third step computes direct and diffuse irradiance incident
on the inclined plane considering purely geometrical criteria.
Direct irradiance is estimated with the solar zenith angle and
the angle of incidence on the generator. Diffuse irradiance is
calculated with the anisotropic model proposed in [36]. This

Table 1
Calculation procedure for the estimation of effective irradiation incident on a PV generator from daily global horizontal irradiation data.

Step Method

Sun and trackers geometry Set of equations as provided in [34]

Decomposition of daily global horizontal

irradiation

Correlation between diffuse fraction of horizontal irradiation and clearness index [35]

Estimation of irradiance Ratio of global irradiance to daily global irradiation [35]

Estimation of irradiance on inclined surface The direct irradiance is calculated with geometrical equations. The estimation of the diffuse component makes use of the

anisotropic model [36]

Albedo irradiance Isotropic diffuse irradiance with reflection factor equal to 0.2.

Effects of dirt and angle of incidence Equations proposed in [37]. A low constant dirtiness degree has been supposed (2%)
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model divides the diffuse irradiance in circumsolar (near the sun
region) and isotropic, using an anisotropy index to estimate the
ratio between them. The albedo is assumed to be isotropic and is
estimated from the global irradiance with a reflection factor
of 0.2.

The last step estimates the effective irradiance incident on a
generator subtracting dust and angle of incidence losses from the
incident irradiance with the model proposed in [37].

3.3. Geostatistical interpolation

Geostatistics deals with the analysis of random fields ZðsÞ,
where s¼ ðx,yÞ is a location and x, y its geographical coordinates.
Measurements of the random field Z is commonly only available
at a limited set of locations (in our case, the meteorological
stations of the SIAR network). In order to predict the value of Z at
locations without observations, the geostatistical analysis
involves estimation and modelling of spatial correlation under
simplifying assumptions of stationarity [38].

Assuming that the samples are representative, non-
preferential and consistent, values of the field at a new location
can be derived using a spatial prediction model. This geostatistical
interpolation procedure is generally known as kriging [39]. A
standard version of kriging is called ordinary kriging (OK). Here
the predictions are based on the model:

ẑðsÞ ¼ mþEðsÞ ð11Þ

where m is the constant stationary function (global mean) and EðsÞ
is the spatially correlated stochastic part of variation.

The assumption of constant mean is hardly acceptable for
the estimation of irradiation over a large area. Ordinary kriging
was initially tried within this study, generating inaccurate esti-
mations due to the long distances among some stations. In
mountainous-heterogeneous regions such as Galicia (north of
Spain), this inaccuracy was more significant than in flat-
homogeneous regions, such as Castilla-La-Mancha (center of
Spain).

This model can be improved including additional information
from an exhaustively-sampled explanatory variable. If the expla-
natory variable is significantly correlated with the field ZðsÞ,
predictions at a new location, sy, can be obtained modelling the
deterministic and stochastic components separately

ẑðsyÞ ¼ m̂ðsyÞþ ÊðsyÞ ð12Þ

where m̂ðsyÞ is the value of the fitted deterministic part at the
new location, ÊðsyÞ is the interpolated residual. These two com-
ponents can be derived with

ẑðsyÞ ¼
Xp

k ¼ 0

b̂kqkðsyÞþ
Xn

i ¼ 1

liEðsiÞ ð13Þ

where b̂k are the estimated coefficients of the deterministic
model, qkðsyÞ are the auxiliary predictors obtained from the fitted
values of the explanatory variable at the new location, li are the
kriging weights determined by the spatial dependence structure
of the residual, and EðsiÞ are the residual at location si.

This improved model (Eq. (13)) is known as kriging with
external drift (KED) or regression kriging [39]. In this paper, the
explanatory variable is the irradiation on the horizontal plane
estimated by CM SAF, GCMSAF

ð0Þ, both for the irradiation on the
horizontal plane and for the irradiation incident on inclined
planes. Therefore, the KED method is fed with three sources of
information to produce new maps:

� Yearly irradiation measurements on the horizontal plane from
SIAR stations or estimations of yearly irradiation on the
inclined plane based on the measurements from SIAR.

� Estimations of yearly irradiation on the horizontal plane from
CM SAF as explanatory variable.
� A semivariogram function to model the spatial dependence

structure of the residuals.

The semivariogram is a function defined as [40,41]

gðhÞ ¼ 1

2
EðEðsÞ�EðsþhÞÞ2 ð14Þ

where h is the separation vector between two locations, h¼ si�sj.
This equation is defined under the assumption that the variance
of E is constant and that spatial correlation of E does not depend
on location s but only on separation distance h. The estimator of
the variogram, called the sample semivariogram is

ĝðhÞ ¼ 1

2Nh

X
Nh

ðEðsiÞ�EðsjÞÞ
2

ð15Þ

with Nh ¼ fðsi,sjÞ : si�sj ¼ hg, the set of all pairs of locations
separated by vector h. It is common to assume that the variogram
is isotropic and, consequently, that the correlation at two loca-
tions depends only on the distance between them and not on the
direction between them.

The sample variogram gives estimates only at observed spatial
lags. Therefore, it is not enough for prediction at new locations. A
common solution is to infer a parametric variogram model from
the data fitting a model to the sample variogram. Some well-
known parametric variogram functions are the exponential,
gaussian or spherical models. The parameters of the model to
be determined are the sill, the range and the nugget [39]. Table 2
displays the parameters of the variograms fitted to the SIAR data
for different planes using CM SAF irradiation as explanatory

Table 2
Parameters of the variograms fitted to the SIAR data for different planes using CM

SAF irradiation as explanatory variable.

Irradiation plane Model Nugget Sill Range

Gð0Þ Pure nugget 4609.11 – –

Fixed Pure nugget 7275.30 – –

N–S horizontal Spherical 13,138.08 6768.78 458.45

Two axis Spherical 19,831.10 9336.59 478.47
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Fig. 5. Semivariances and variograms fitted to the SIAR data for different planes

using CM SAF irradiation as explanatory variable.
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Fig. 6. Relative differences of the yearly values of horizontal (Eq. (1)) and effective irradiation (Eq. (2)) between CM SAF and SIAR for the whole set of SIAR stations.

(a) Dotplot and (b) Map.

Table 3

Statistics of the yearly irradiation values from CM SAF and SIAR. The RMSD, RMSDn, MBD and MAD statistics are calculated with adimensionalized differences using GSIAR
y ð0Þ

or GSIAR
ef ,y as normalization factors.

Irradiation plane sCMSAF ðkWh=m2Þ sSIAR ðkWh=m2Þ MBD (%) RMSDn
ð%Þ RMSD ð%Þ MAD (%)

G0 92.50 102.09 3.41 4.44 5.60 4.19

Fixed 88.16 112.09 3.59 5.21 6.33 4.69

N–S horiz 146.21 170.28 4.24 5.93 7.30 5.57

Two-axis 155.99 195.63 4.33 6.36 7.69 5.84
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variable. Fig. 5 shows the semivariances and the fitted variogram
models.

The nugget effect, associated to micro-variability and mea-
surement error, models the discontinuity of the variogram at the
origin. When the nugget effect is present, the kriging method is
not an exact interpolator (it does not preserve the original
observations). It must be highlighted that the variograms corre-
sponding to irradiation on the horizontal plane and on a fixed
plane are the pure nugget model, that is, the residuals show no
spatial auto-correlation.

4. Discussion of the results

4.1. Comparison between SIAR and CM SAF

The comparison of GCMSAF
ð0Þ and GSIAR

ð0Þ must be performed
taking into account that the SIAR pyranometers present a toler-
ance of 5% (Section 2.2). In Fig. 6a 71% of the locations are inside
the range of this pyranometer uncertainty. Outside this 5% band,
96.5% of the stations SIAR provide lower global irradiation values
than CM SAF.

The relative difference increases when a tracking system is
considered, 9DGð0Þ9=GSIARð0Þo9DGef 9=Gef ,SIAR (Fig. 6). Besides,
Table 3 shows that both the standard deviation of the irradiation
values (sSIAR and sCMSAF) and the statistics of the differences
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(For interpretation of the references to color in this figure caption, the reader is

referred to the web version of this article.)

36°N

38°N

40°N

42°N

8°W 6°W 4°W 2°W 0°

[7.1e−05,0.01)
[0.01,0.02)
[0.02,0.028)
[0.028,0.039)
[0.039,0.051)
[0.051,0.064)
[0.064,0.08)
[0.08,0.094)
[0.094,0.12)
[0.12,0.18]

36°N

38°N

40°N

42°N

8°W 6°W 4°W 2°W 0°

[0.037,0.052)
[0.052,0.061)
[0.061,0.07)
[0.07,0.079)
[0.079,0.09)
[0.09,0.1)
[0.1,0.12)
[0.12,0.14)
[0.14,0.17)
[0.17,0.19]

36°N

38°N

40°N

42°N

8°W 6°W 4°W 2°W 0°

[0.049,0.065)
[0.065,0.075)
[0.075,0.086)
[0.086,0.097)
[0.097,0.11)
[0.11,0.13)
[0.13,0.15)
[0.15,0.17)
[0.17,0.19)
[0.19,0.23]

36°N

38°N

40°N

42°N

8°W 6°W 4°W 2°W 0°

[0.048,0.065)
[0.065,0.075)
[0.075,0.084)
[0.084,0.095)
[0.095,0.11)
[0.11,0.13)
[0.13,0.15)
[0.15,0.16)
[0.16,0.18)
[0.18,0.2]
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(RMSD and MAD) increase with the application of the formulas to
account for tilted surfaces. This observation is consistent with
[42,43], where the variability of the effective irradiation incident
on tracking planes was reported to be higher than the variability
of irradiation on the horizontal plane.

No significant latitudinal behavior is appreciated in any of the
cases of Fig. 6, although as per Figs. 1 and 2, solar irradiation is
clearly latitudinally dependent.

In Fig. 7, DGð0Þ presents a seasonal periodicity of the 5% and 95%
quantiles, with a wider range for winter and more confined in
summer. In this figure SIAR presents a set of samples in which
GSIAR
ð0Þ is significantly lower than GCMSAF

ð0Þ. It may be explained

36°N

38°N

40°N

42°N

5°W 0°
1200

1300

1400

1500

1600

1700

1800

1900

36°N

38°N

40°N

42°N

5°W 0°

1400

1500

1600

1700

1800

1900

36°N

38°N

40°N

42°N

5°W 0°

1400

1600

1800

2000

2200

2400

2600

36°N

38°N

40°N

42°N

5°W 0°

1600

1800

2000

2200

2400

2600

2800

3000

Fig. 9. Global solar irradiation estimated with KED using CM SAF as external drift. (a) G0. (b) Fixed. (c) NS Horiz. (d) Two.
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Fig. 10. Histograms of the normalized differences between the effective irradia-

tion incident on a fixed plane, a north–south horizontal axis tracker, and a two-

axis tracker.

Table 4
Statistics of the yearly horizontal irradiation values from KED and SIAR. The RMSD,

RMSDn, MBD and MAD statistics are calculated with adimensionalized differences

using GSIAR
y ð0Þ or GSIAR

ef ,y as normalization factors.

Irradiation

plane

sKED

ðkWh=m2Þ

sSIAR

ðkWh=m2Þ

MBD

(%)
RMSDn

ð%Þ
RMSD

(%)

MAD

(%)

G0 72.67 102.09 0.00 4.28 4.28 3.02

Fixed 63.01 112.09 0.00 5.23 5.23 3.66

N–S horiz 122.67 170.28 0.00 4.60 4.60 3.32

Two-axis 131.11 195.63 0.00 5.01 5.01 3.63
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Fig. 11. Relative differences (%) between the horizontal irradiation estimated with

kriging of the values at the SIAR stations using the Gyð0Þ from CM SAF as external

drift, and the horizontal irradiation estimated from CM SAF. Positive values mean

that the estimation with kriging is higher than with CM SAF.
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due to local events not registered by the satellite resolution, or to
failures in the on-ground registers, which were not detected when
filtering spurious data. It is important to highlight that these
extreme events are smoothed with the averages of annual sums.

In Fig. 8a and b, the statistics MBD and MAD are lower than 5%
in most of the stations, although a set of outliers is appreciated in
the Valencia region (middle east of Spain). In Fig. 8c and d, the
RMSD and RMSDn are generally lower than 7%. In a set of stations in
the north of Spain in which the MBD were lower than 6%, the RMSD

and RMSDn are significantly higher, which may be explained due to
the strong meteorological variability existing in the Ebro valley.
In the middle Ebro valley there are marked thermal contrasts,
with possible generation of orographic fog, typical in valleys.

This variability generates a much more variable distribution of
error magnitudes which produces higher levels of RMSD [33].

Both Figs. 6 and 8 compare irradiation on the horizontal plane
from SIAR and CM SAF. However, there are remarkable differences
between them. For example, there are some stations in the north
of Spain clearly visible in Fig. 6 (important difference between CM
SAF and SIAR) but they are invisible in Fig. 8. To explain this
apparently contradictory behavior is important to note that some
stations include missing values in their data sets. Fig. 8 compares
daily values with a collection of statistics computed without
those missing values. However, Fig. 6 compares yearly values
with missing values contributing as zeros. Therefore, those sta-
tions with a higher proportion of missing values will provide
lower annual irradiation values, although their daily statistics
could be assimilable to a station without missing values.

4.2. Comparison between KED, SIAR and CM SAF

The KED technique does not perform as an interpolation
function when the nugget effect is not null, which occurs in this
study as shown in Table 2. This fact indicates that there is an
intrinsic variability independent from the distance between sta-
tions. In this case, the KED behaves as a smoothing function of the
SIAR values, with the external drift of CM SAF, generating a
solution that differs both from SIAR and CM SAF in the positions
of the meteorological stations.

Maps of global irradiation obtained with KED using CM SAF as
external drift are shown in Fig. 9 on the horizontal surface, fixed
tilted plane, tracking system with north–south axis and two-axis
tracking system. Differences between one axis tracking and fixed
plane range from 0.2% to 36%, and between two axis tracking and
fixed plane range from 11% to 55% (Fig. 10). These differences are
more significant in southern Huesca (421N, 01W), Zamora (421N,
61W), the peninsular center (381N to 411N, 11W to 61W) and
Almeria (371N, 21W), and lower along the Cantabric coast (431N,
11W to 91W), due to the reduced influence of direct irradiation.
Differences in irradiation estimated with KED between the two
tracking systems range from 11% to 14%, with higher values in the
Ebro valley (401N to 421N, 51W to 21E) and along the Mediterra-
nean coast and lower values in Jaen (381N, 41W).
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Fig. 13. Relative differences (%) between the effective irradiation incident on a

fixed plane estimated with kriging of the values at the SIAR stations using the

Gyð0Þ from CM SAF as external drift, and the effective irradiation estimated with

the CM SAF raster. Positive values mean that the estimation with kriging is higher

than with CM SAF.
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Fig. 14. Relative differences (%) between the effective irradiation incident on a

north–south horizontal axis tracker estimated with kriging of the values at the

SIAR stations using the Gyð0Þ from CM SAF as external drift, and the effective

irradiation estimated with the CM SAF raster. Positive values mean that the

estimation with kriging is higher than with CM SAF.
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Fig. 15. Relative differences (%) between the effective irradiation incident on a

two-axis tracker estimated with kriging of the values at the SIAR stations using the

Gyð0Þ from CM SAF as external drift, and the effective irradiation estimated with

the CM SAF raster. Positive values mean that the estimation with kriging is higher

than with CM SAF.
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Figs. 11, 6b and 12b reveal that 9DGSIAR
KED ð0Þ9=GSIARð0Þ and

9DGSIAR
ef ,KED9=Gef ,SIAR are slightly lower than 9DGð0Þ9=GSIARð0Þ and

9DGef 9=Gef ,SIAR, respectively, and correspondingly for the CM SAF
values. Once again, the RMSD and MAD values are very similar for
all trackers and higher than those corresponding to the irradiation
on the horizontal plane (Table 4).

In Fig. 16,6 higher latitudes present higher dispersion of the
differences than lower latitudes, although values remain in a 4%
band. Specially, from 401N to north, just when average elevation
increases (Fig. 3), dispersion values are higher. As already men-
tioned, CM SAF shows a more inaccurate behavior when clouds or
snow can appear. This fact can widen the range of differences for
mountainous areas. In Fig. 2 mountainous areas act as modulators
of irradiation [14]. In Fig. 11 (irradiation on the horizontal plane)
SIAR only presents higher irradiation than CM SAF in the very
north of Spain. Nevertheless, the variability of the previous map is
in the range of 5%, which stands within the uncertainty band.

In Fig. 16, relative differences of irradiation incident on tilted
planes reach values of 10% for fixed systems and �10% for one-
axis and two-axis with higher dispersion in these last cases. KED
shows higher values than CM SAF especially in the north area for
fixed systems, and to a lesser extent, for one and two axis around
the Pyrenees area. The RMSD and MAD values are very similar for
all trackers and higher than those corresponding to the irradiation
on the horizontal plane (Table 5).

One possible explanation for the positive values of relative
differences existing in the area of Pyrenees would come from the
influence of the terrain elevation on satellite methods [44]. The
solar irradiation dependence with altitude is not well described in
the satellite retrieving methods yet. In a mountain area each pixel
cover an area of very varying altitude and therefore the irradia-
tion estimations have more uncertainty than in flat terrains.
Besides, satellite methods have difficulties in distinguishing snow
and ice from clouds typically at mountain areas. An underestima-
tion of the amount of water vapor and/or aerosols produces an
overestimation in the values of CM SAF. Also the uncertainties
associated with estimating the clouds cover plays an important
role in divergence observed [14]. A special version of CM SAF for
mountainous areas is being developed using methods proposed
by and maybe, after this update, relative differences at those areas
will decrease [45].

5. Conclusions

An analysis and comparison of daily and yearly solar irradia-
tion from the satellite CM SAF database and a set of 301 stations
from the Spanish SIAR network is performed using data of 2010
and 2011. This analysis is completed with the comparison of the
estimations of effective irradiation incident on three different
tilted planes (fixed, two axis tracking, north-south horizontal
axis) using irradiation from these two data sources. Finally, a
new map of yearly values of irradiation both on the horizontal
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Fig. 16. Violin plot of the relative differences (%) between irradation estimated with kriging of the values at the SIAR stations using CM SAF as external drift, and the

irradiation estimated with the CM SAF raster. Positive values mean that the estimation with kriging is higher than with CM SAF. Each latitude interval include between 41

and 43 stations with an overlap of 10%.

Table 5
Statistics of the yearly horizontal irradiation values from KED and CM SAF (Figs. 11

and 13–15). The RMSD, RMSDn, MBD and MAD statistics are calculated with

adimensionalized differences using GCMSAF
y ð0Þ or GCMSAF

ef ,y as normalization factors.

sKED

ðkWh=m2Þ

sCMSAF

ðkWh=m2Þ

MBD

(%)
RMSDn

ð%Þ
RMSD

(%)

MAD

(%)

G0 112.24 142.86 �2.52 1.84 3.12 2.86

Fixed 93.06 148.43 �2.31 2.93 3.73 3.42

N–S horiz 215.48 239.73 �3.48 2.62 4.35 3.60

Two-axis 242.62 265.95 �3.67 2.75 4.59 3.82

6 This figure displays the data distribution with a violin plot, a combination of

a boxplot and a kernel density plot. Therefore, this graphical tool shows the lower

quartile, median (Q2), and the upper quartile, and the kernel density estimation.
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plane and on inclined planes is produced mixing both sources
with geostatistical techniques (kriging with external drift, KED).

The comparison between the irradiation values from SIAR, CM
SAF and KED is performed in the context of the SIAR pyran-
ometers tolerance (5%). The difference of global irradiation from
SIAR and CM SAF at 71% of the locations are inside the range of
this pyranometer uncertainty. Outside this 5% band, 96.5% of the
SIAR stations provide lower global irradiation values than CM SAF.
The relative difference increases when a tracking system is
considered: both the standard deviation of the irradiation values
(sSIAR and sCMSAF) and the statistics of the differences (RMSD and
MAD) increase with the use of tracking systems.

The Mean Absolute Difference (MAD) between CM SAF and
SIAR is approximately 4% for the irradiation on the horizontal
plane and is comprised between 5% and 6% for the irradiation
incident on the inclined planes.

The use of kriging with external drift reduces the difference
with SIAR and CM SAF, both for the horizontal plane and for
inclined planes. The MAD between KED and SIAR, and KED and
CM SAF is approximately 3% for the irradiation on the horizontal
plane and is comprised between 3% and 4% for the irradiation
incident on the inclined planes.

6. Software

The methods described in this paper have been implemented
using the free software environment R [46] and several contrib-
uted packages, namely: gstat [40] and sp [41] for the geosta-
tistical analysis; solaR [47] for the solar geometry, irradiation
and PV energy calculations; raster [48] for spatial data manip-
ulation and analysis, and rasterVis [49] for spatial data visua-
lization methods.

The source code is available at https://github.com/oscarperpi
nan/CMSAF-SIAR.
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A methodology for downscaling solar irradiation from satellite-derived databases is

described using R software. Different packages such as raster, parallel,

solaR, gstat, sp, and rasterVis are considered in this study for improving

solar resource estimation in areas with complex topography, in which downscaling

is a very useful tool for reducing inherent deviations in satellite-derived irradiation

databases, which lack of high global spatial resolution. A topographical analysis of

horizon blocking and sky-view is developed with a digital elevation model to deter-

mine what fraction of hourly solar irradiation reaches the Earth’s surface.

Eventually, kriging with external drift is applied for a better estimation of solar

irradiation throughout the region analyzed including the use of local measurements.

This methodology has been implemented as an example within the region of La

Rioja in northern Spain. The mean absolute error found using the methodology

proposed is 91.92 kW h/m2 vs. 172.62 kW h/m2 using the original satellite-derived

database (a striking 46.75% lower). The code is freely available without restrictions

for future replications or variations of the study at https://github.com/

EDMANSolar/downscaling. VC 2014 AIP Publishing LLC.

[http://dx.doi.org/10.1063/1.4901539]

I. INTRODUCTION

During the last few years, the development of photovoltaic energy has flourished in devel-

oping countries with both multi-megawatt power plants and micro installations. However, the

scarcity of long-term, reliable solar irradiation data from pyranometers in many of these coun-

tries makes it necessary to estimate solar irradiation from other meteorological variables or sat-

ellite images [Schulz et al., 2009; Polo et al., 2014; and Vindel et al., 2013]. In such cases, me-

teorological or satellite derived models need to be validated via nearby pyranometer records,

since they lack spatial generalization. Thus, in some regions in which there are no pyranometers

nearby these models are ruled out as an option and irradiation data must be obtained from satel-

lite estimates. Although satellite-derived irradiation databases such as NASA’s Surface meteor-

ology and Solar Energy (SSE) (http://maps.nrel.gov/SWERA), the National Renewable Energy

Laboratory (NREL) (http://www.nrel.gov/gis/solar.html), INPE (http://www.inpe.br), SODA

(http://www.soda-is.com/eng/index.html), and the Climate Monitoring Satellite Application

Facility (CM SAF) (http://www.cmsaf.eu) provide wide spatial coverage, only NASA and some

CM SAF climate data sets give global coverage, albeit at a reduced spatial resolution (Table I).

Satellite estimates tend to average solar irradiation and omit the impact of topography

within each cell, which generally are in the range of kilometers. As a result, intra-cell variations

can be significant in areas with local micro-climatic characteristics and in areas with complex

topography (which are often one and the same) [Bosch et al., 2010]. In this case, the irradiation

data might not be accurate enough to enable a photovoltaic installation to be designed.

a)Author to whom correspondence should be addressed. Electronic mail: antonanzas.fernando@gmail.com.
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Perez et al. (1994) analyze the spatial behavior of solar irradiation and conclude that the thresh-

old distance from satellite estimates is in the order of 7 km. Antonanzas-Torres et al. (2013a)

reject ordinary kriging as a spatial interpolation method for solar irradiation in Spain with sta-

tions more than 50 km apart in mountainous regions, as a result of the high spatial variability

of solar radiation in such areas. The NASA-SSE and CM SAF surface incoming solar radiation

(SIS) Climate Data Sets provide global horizontal irradiation (GHI) with global coverage with

resolutions of 1� � 1� and 0.25� � 0.25� (Table I), which in most latitudes implies a grosser re-

solution than the previously mentioned 40–50 km.

The influence of terrain has not been widely implemented in satellite-derived solar irradia-

tion databases, although it is well known that complex topography attenuates solar irradiation

due to shadowing, sky-view (portion of visible sky), and ground reflectance [Ruiz-Arias et al.,
2010]. The incoming solar irradiation not blocked by terrain also varies at different solar eleva-

tions due to the atmospheric attenuation by aerosols and water vapor (being the influence higher

at lower elevations). As a result, complex topography affects micro-climate and makes solar

irradiation estimation more complex than in flat areas. For this reason, the analysis of solar irra-

diation with high spatial resolution is very interesting in areas with complex terrain.

One of the alternatives for obtaining higher spatial resolution of solar irradiation is the

downscaling of satellite estimates. Irradiation downscaling can be based on interpolation kriging

techniques when pyranometer records are available, with the implementation of continuous

irradiation-related variables such as elevation, sky-view-factor (SVF) [Alsamamra et al., 2009

and Batlles et al., 2008], and other meteorological variables (i.e., temperature gradient and rain-

fall) as external drifts [Antonanzas-Torres et al., 2013b]. Downscaling is generally based on

digital elevation models (DEM) with satellite-derived irradiation data to account for the effect

of complex topography. It has previously been applied in mountainous areas such as the Mont

Blanc Massif (France) [Corripio, 2003] and Sierra Nevada (Spain) [Bosch et al., 2010 and

Ruiz-Arias et al., 2010] with image resolutions of 3.5� 3.5 km. Influence of topography for

shade analysis has also been implemented in geographical information systems for solar irradia-

tion modeling, such as r.sun [Suri and Hofierka, 2004] with simplified atmospheric parametriza-

tions, which limit accuracy [Ruiz-Arias et al., 2009].

However, the NASA-SSE and CM SAF SIS Climate Data Sets are based on much lower

resolutions and are the only irradiation datasets in numerous countries where there has been

recent interest in solar energy. In this paper, a downscaling methodology of global solar irradia-

tion is explained by means of R software and studied in the region of La Rioja (a mountainous

region in northern Spain).

In a first step, hourly data from the CM SAF with 0.03� � 0.03� resolution is downscaled

to a higher resolution (200� 200 m). In a second step, kriging with external drift (KED), also

referred to as universal kriging, is applied to interpolate data from 6 on-ground pyranometers in

the region, and this downscaled CM SAF data is considered as an explanatory variable. The

evaluation of the proposed method is performed with on-site measured GHI. Finally, a down-

scaled map of annual global solar radiation throughout this region is obtained.

II. DATA

The CM SAF was funded in 1992 as a joint venture of several European meteorological

institutes, with the collaboration of the European Organization for the Exploitation of

Meteorological Satellites (EUMETSAT) to retrieve, archive and distribute climate data to be

used for climate monitoring and climate analysis [Trentmann et al., 2011 and Schulz et al.,
2009]. CM-SAF provides satellite-based operational products and climate data (using the nomen-

clature by the CM SAF). Operational products are built on data validated with on-ground stations

and provided in near-to-present time and climate data are long-term series for evaluating inter-

annual variability. This study is built on hourly surface incoming solar radiation and direct irradi-

ation climate data, denoted as SIS and SID by CM SAF, respectively, for the year 2005. These

climate data are derived from Meteosat first generation satellites (Meteosat 2 to 7, 1982–2005)

and validated using on-ground records from the Baseline Surface Radiation Network (BSRN) as
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a reference. The validation threshold monthly mean absolute bias of SIS and SID is 15 and

20 W/m2 [Posselt et al., 2012], providing a maximum spatial resolution of 0.03� � 0.03�. The

high reflectivity of bright surfaces (i.e., snow covered areas, deserts, and salty areas) leads to a

higher uncertainty in the calculation of SIS. The CM SAF uses an algorithm based on fuzzy

logic, which specifically improves the estimation in these bright areas [Trentmann et al., 2011].

In the study, SIS and SID data are selected with spatial resolution of 0.03� � 0.03�. Data is freely

accessible via file transfer protocol (FTP) through the CM SAF website. Hourly GHI records

from SOS Rioja (http://www.larioja.org/npRioja/default/defaultpage.jsp?idtab¼442821), taken

from 6 meteorological stations (shown in Figure 1 and Table II) in 2005 serve as complementary

measurements for downscaling within the region studied. These stations have First Class pyran-

ometers (according to international standards organization (ISO) 9060) with uncertainty levels of

5% in daily totals. These data are filtered from spurious (not available data and values with

atmospheric transmissivity relation between GHI and extra-terrestrial solar irradiation higher than

0.85), assuming when relevant the average between the previous and following hourly measure-

ments. The DEM is also freely obtained from product MDT-200 by the [copyright] Spanish

Institute of Geography (http://www.ign.es) with a spatial resolution of 200� 200 m.

Four meteorological stations 1, 2, 4, and 6 (corresponding to Ezcaray, Logro~no, San

Roman, and Yerga) are used in the downscaling and data from stations 3 and 5 (Moncalvillo

and Ventrosa) are used for testing the downscaling proposed.

TABLE II. Summary of the meteorological stations selected. GHIa stands for the annual GHI in kW h/m2.

# Name Net. Lat. (deg) Long. (deg) Alt. GHIa

1 Ezcaray SOS 42.33 �3.00 1000 1479

2 Logro~no SOS 42.45 �2.74 408 1504

3 Moncalvillo SOS 42.32 �2.61 1495 1329

4 San Roman SOS 42.23 �2.45 1094 1504

5 Ventrosa SOS 42.17 �2.84 1565 1277

6 Yerga SOS 42.14 �1.97 1235 1448

FIG. 1. Topographic map of the region analyzed (with elevation in meters) and meteorological stations considered.
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III. METHOD

This section has been divided into three subsections based on the irradiation decomposition,

sky view factor, and horizon blocking, and finally the post-processing with kriging with exter-

nal drift.

A. Irradiation decomposition

Initially, diffuse horizontal irradiation (DHI) is obtained from the difference between GHI
and beam horizontal irradiation (BHI) rasters, previously obtained from CM SAF. DHI and BHI
are first disaggregated from the original gross resolution (0.03� � 0.03�) into the DEM resolu-

tion (200� 200 m) using the bilinear method. In a second step, DHI is divided in two compo-

nents: isotropic diffuse irradiation (DHIiso) and anisotropic diffuse irradiation (DHIani) as per

the model by Hay & Mckay [Hay and Mckay, 1985] (Eq. (1)). This model is based on the ani-

sotropy index (k1), defined as the ratio of the beam irradiance (B(0)) to the extra-terrestrial irra-

diance (B0(0)), as shown in Eq. (2). High k1 values are typical in clear sky atmospheres, while

low k1 values are frequent in overcast atmospheres and those with a high aerosol density,

DHI ¼ DHIiso þ DHIani; (1)

k1 ¼ B 0ð Þ
B0 0ð Þ : (2)

The DHIiso accounts for the incoming diffuse irradiation portion from an isotropic sky,

being higher with higher cloudiness,

DHIiso ¼ DHI � ð1� k1Þ: (3)

DHIani, also denoted as circumsolar diffuse irradiation, considers the incoming portion

from the circumsolar disk, which is area surrounding the solar disk. It can be analyzed as beam

irradiation [Perpi~n�an-Lamigueiro, 2013],

DHIani ¼ DHI � k1: (4)

B. Sky view factor and horizon blocking

Topographical analysis is performed accounting for the visible sky sphere (sky view) and

horizon blocking. The DHIiso is directly dependent on the sky view factor (SVF), which com-

putes the proportion of visible sky related to a flat horizon. The sky-view factor is considered

in earlier irradiation assessments [Ruiz-Arias et al., 2010 and Corripio, 2003]. It is calculated in

each DEM pixel by considering 72 vectors (separated by 5� each) and evaluating the maximum

horizon angle (hhor) over 20 km in each vector (Eq. (5)). The hhor stands for the maximum

angle between the altitude of a location and the elevation of the group of points along each

vector, related to a horizontal plane on the location. Locations without horizon blocking have

SVFs close to 1, which means a whole visible semi-sphere of sky,

SVF ¼ 1�
ð2p

0

sin2hhordh: (5)

Eventually, the downscaled DHIiso (DHIiso,down) is computed with the below equation,

DHIiso;down ¼ DHIiso � SVF: (6)

Horizon blocking is analyzed by evaluating the solar geometry in 15 min samples, particu-

larly the solar elevation (cs) and the solar azimuth (ws). Second, the mean hourly cs and ws
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(from those 15 min rasters) are calculated and then disaggregated as explained above for DHI
and BHI rasters. The hhor corresponding to each ws is compared with the cs. As a consequence,

if the cs is lower than the hhor, then there is horizon blocking on the surface analyzed and there-

fore, BHI and DHIani are blocked. Finally, the sum of DHIani,down, DHIiso,down, and BHIiso,down

constitutes the downscaled global horizontal irradiation GHIdown.

C. Post-processing: Kriging with external drift

The fact that this downscaling accounts for the irradiation loss due to horizon blocking and

the sky-view factor leads us to introduce a trend in estimates (lowering them) compared to the

original data (gross resolution data). However, satellite-derived irradiation data implicitly con-

siders shade, as a consequence of the lower albedo recorded in these zones, but it is later aver-

aged over the pixel. GHIdown is used as the raster layer with the shading behavior on solar irra-

diation within the region studied. Universal kriging or KED includes information from

exhaustively sampled explanatory variables in the interpolation. As a result, GHIdown is consid-

ered as the explanatory variable for interpolating measured irradiation data from on-ground cali-

brated pyranometers, which is denoted as post-processing. GHIdown is correlated with the DEM

as a consequence of the major influence of horizon blocking with topography, estimations can

be derived by separating the deterministic and stochastic components

ẑðshÞ ¼
Xp

k¼0

b̂kqkðshÞ
|fflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflffl}

deterministic

þ
Xn

i¼1

ki�ðsiÞ
|fflfflfflfflfflffl{zfflfflfflfflfflffl}

stochastic

; (7)

where ẑðshÞ is the estimated value in sh; b̂k are the estimated coefficients of the deterministic

model, qk(sh) are the auxiliary predictors obtained from the fitted values of the explanatory vari-

able at the new location, ki are the kriging weights determined by the spatial dependence struc-

ture of the residual, and �(si) are the residual at location si [Antonanzas-Torres et al., 2013a].

The semivariogram is a function defined as Eq. (8) based on a constant variance of � and

also on the assumption that spatial correlation of � depends on the distance amongst instances

(h) rather than on their position [Pebesma, 2004],

c hð Þ ¼ 1

2
E � sð Þ � � sþ hð Þ� �2

: (8)

Given that the above sample variogram only collates estimates from observed points, a fit-

ting model of this variogram is generally considered to extrapolate the spatial behavior of

observed points to the area studied. Different variogram functions are commonly defined such

as the exponential, Gaussian, or spherical models. Along these equations, different parameters

such as the sill, range, and nugget of the model must be adjusted to best fit the sample vario-

gram [Hengl, 2009]. The nugget effect, generally associated with intrinsic micro-variability and

measurement error, models the discontinuity of the variogram at the source. It must be high-

lighted that when the nugget effect is recorded, estimates are different from measured values in

the stations. The variogram model of solar horizontal irradiation is evaluated in Spain, and the

conclusion reached is that a pure nugget fitting behaves best, which implies no spatial auto-

correlation on residuals [Antonanzas-Torres et al., 2013a].

Figure 2 displays the method diagram using red ellipses and lines for data sources, blue

ellipses and lines for derived rasters (results), and black rectangles and lines for operations.

The mean absolute error (MAE), root mean square error (RMSE), and mean bias error

(MBE), described in Eqs. (9), (10), and (11), are used as indicators of models deviation,

MAE ¼
Xn

i¼1
jxest � xmeasj

n
; (9)
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RMSE ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiXn

i¼1
xest � xmeasð Þ2

n

s
; (10)

MBE ¼
Xn

i¼1
xest � xmeas

n
; (11)

where n is number of stations and xest and xmeas are the annual estimated and measured irradia-

tion, respectively.

IV. IMPLEMENTATION

The method proposed is applied in the region of La Rioja (northern Spain). Figure 3

shows the corresponding annual global horizontal irradiation from CM SAF with resolution

0.03� � 0.03�.

FIG. 2. Methodology of downscaling: this figure uses red ellipses and lines for data sources, blue ellipses and lines for

derived rasters (results), and black rectangles and lines for operations. GHI and BHI stand for global and direct horizontal

irradiation, respectively. DHI stands for diffuse horizontal irradiation. Subscripts dis stand for disaggregated, iso for iso-

tropic, ani for anisotropic, down for downscaled and ground for measured values. KED and DEM stand for kriging with

external drift and digital elevation model, respectively.
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A. Packages

The downscaling described in this paper has been implemented using the free software

environment R [R Development Core Team, 2013] and various contributed packages:

• raster [Hijmans and van Etten, 2013] for spatial data manipulation and analysis.
• solaR [Perpi~n�an-Lamigueiro, 2012] for solar geometry.
• gstat [Pebesma and Graeler, 2013] and sp [Pebesma et al., 2013] for geostatistical analysis.
• parallel for multi-core parallelization.
• rasterVis [Perpi~n�an-Lamigueiro and Hijmans, 2013] for spatial data visualization methods.

R> library(sp)
R> library(raster)
R> rasterOptions(todisk¼FALSE)
R> rasterOptions(chunksize¼1eþ06, maxmemory¼1eþ07)
R> library(maptools)
R> library(gstat)
R> library(lattice)
R> library(latticeExtra)
R> library(rasterVis)
R> library(solaR)
R> library(parallel)

B. Data

Satellite data can be freely downloaded after registration from CM SAF (www.cmsaf.eu)

by going to the data access area, selecting web user interface and climate data sets and then

choosing the hourly climate data sets named SIS (Global Horizontal Irradiation) and SID (Beam

Horizontal Irradiation) for 2005. Both rasters are projected to the UTM projection for compati-

bility with the DEM.

R> projUTM <- CRS(‘þproj¼utmtþzone¼30’)
R> projLonLat <- CRS(‘tþproj¼longlattþellps¼WGS84’)

FIG. 3. Annual GHI of 2005 from CM SAF estimates (0.03� � 0.03�) in La Rioja (kW h/m2).
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R> listFich <- dir(pattern¼‘SIShm2005’)
R> stackSIS <- stack(listFich)
R> stackSIS <- projectRaster(stackSIS,crs¼projUTM)
R> listFich <- dir(pattern¼‘SIDhm2005’)
R> stackSID <- stack(listFich)
R> stackSID <- projectRaster(stackSID, crs¼projUTM)
We compute the annual global irradiation, which will be used as a reference for subsequent

steps.

R> SISa2005 <- calc(stackSIS, sum, na.rm¼TRUE)
The Spanish Digital Elevation Model can be obtained after registration from the [copyright]

Spanish Institute of Geography (http://www.ign.es) by going to the free download of digital ge-
ographic information for non-commercial use area, and then cropping to the region analyzed

(La Rioja). As stated above, this DEM uses the UTM projection.

R> elevSpain <- raster(‘elevSpain.grd’)
R> elev<- crop(elevSpain, extent(479600, 616200, 4639600, 4728400))
R> names(elev)<-‘elev’

C. Sun geometry

The first step is to compute the sun angles (height and azimuth) and the extraterrestrial so-

lar irradiation for each cell of the CM SAF rasters. The function calcSol from the solaR
package calculates the daily and intradaily sun geometry. By means of this function and overlay

from the raster package, three multilayer raster objects are generated with the sun geometry

needed for the next steps. For the sake of brevity, we show only the procedure for extraterres-

trial solar irradiation. The sun geometry is calculated with the spatial resolution of CM SAF

(0.03� � 0.03�). First, it is defined a function to extract the hour for aggregation, choose the an-

nual irradiation raster as reference, and define a raster with longitude and latitude coordinates.

R> hour <- function(tt)as.POSIXct(trunc(tt,‘hours’))

R> r <- SISa2005

R> latlon <- stack(init(r, v¼‘y’), init(r, v¼‘x’))
R> names(latlon) <- c(‘lat’,‘lon’)

The extraterrestrial irradiation is calculated with 5-min samples. Each point is a column of

the data frame locs. Its columns are traversed with lapply, so for each point of the

raster object a time series of extraterrestrial solar irradiation is computed. The result, B05
min, is a RasterBrick object with a layer for each element of the time index BTi, which is

aggregated to an hourly raster with zApply and transformed to the UTM projection.

R> BTi <- seq(as.POSIXct(‘2005–01-01t00:00:00’),
þ as.POSIXct(‘2005–12-31t23:55:00’), by¼‘5tmin’)
R> B05min <- overlay(latlon, fun¼function(lat, lon){
þ locs <- as.data.frame(rbind(lat, lon))
þ b <- lapply(locs, function(p){
þ
þ hh <- local2Solar(BTi, p[2])
þ sol <- calcSol(p[1], BTi¼hh)
þ Bo0 <- as.data.frameI(sol)$Bo0
þ Bo0})
þ res <- do.call(rbind, b)})

R> B05min <- setZ(B05min, BTi)
R> names(B05min) <- as.character(BTi)
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R> B0h <- zApply(B05min, by¼hour, fun¼mean)
R> projectRaster(B0h,crs¼projUTM)

D. Irradiation components

The CM SAF rasters must be transformed to the higher resolution of the DEM (UTM

200� 200 m). Because of the differences in pixel geometry between DEM (square) and irradia-

tion rasters (rectangle) the process is performed in two steps.

The first step increases the spatial resolution of the irradiation rasters to a larger pixel size

than the DEM with disaggregated data, where sf is the scale factor. The second step post-

processes the previous step by means of a bilinear interpolation which resamples the raster

layer and achieves the same DEM resolution (resample). This two-step disaggregation pre-

vents the loss of the original values of the gross resolution raster that would be directly interpo-

lated with the one-step disaggregation.

R> sf <- res(stackSID)/res(elev)

R> SIDd <- disaggregate(stackSID, sf)
R> SIDdr <- resample(SIDd, elev)

R> SISd <- disaggregate(stackSIS, sf)
R> SISdr <- resample(SISd, elev)

The diffuse irradiation is obtained from the global and beam irradiation rasters. The two

components of the diffuse irradiation, isotropic and anisotropic, can be separated with the ani-

sotropy index, computed as the ratio between beam and extraterrestrial irradiation.

R> Difdr <- SISdr - SIDdr

R> B0hd <- disaggregate(B0h, sf)
R> B0hdr <- resample(B0hd, elev)

R> k1 <- SIDdr/B0hdr

R> Difiso <- (1-k1) * Difdr
R> Difani <- k1 * Difdr

E. Sky view factor and horizon blocking

1. Horizon angle

The maximum horizon angle required for the horizon blocking analysis and to derive the

SVF is obtained with the next code. The alpha vector is visited with mclapply (using paral-

lel computing). For each direction angle (elements of this vector) the maximum horizon angle

is calculated for a set of points across that direction from each of the locations defined in

xyelev (derived from the DEM raster and transformed in the matrix locs visited by rows).

R> xyelev <- stack(init(elev, v¼‘x’),
þ init(elev, v¼‘y’),
þ elev)
R> names(xyelev) <- c(‘x’,‘y’,‘elev’)

R> inc <- pi/36
R> alfa <- seq(�0.5*pi,(1.5*pi-inc), inc)

R> locs <- as.matrix(xyelev)

Separations between the source locations and points along each direction are defined by

resD, the maximum resolution of the DEM, d, maximum distance to visit, and consequently

in the vector seps.
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R> resD <- max(res(elev))

R> d <- 20000
R> seps <- seq(resD, d, by¼resD)
The elevation (z1) of each point in xyelev is converted into the horizon angle: the larg-

est of these angles is the horizon angle for that direction. The result of each apply step is a

matrix, which is used to fill in a RasterLayer (r). The result of mclapply is a list, hor, of

RasterLayer which can be converted into a RasterStack with stack. Each layer of this

RasterStack corresponds to a different direction.

R> hor <- mclapply(alfa, function(ang){
þ h <- apply(locs, 1, function(p){
þ x1 <- p[1]þcos(ang)*seps
þ y1 <- p[2]þsin(ang)*seps
þ p1 <- cbind(x1,y1)
þ z1 <- elevSpain[cellFromXY(elevSpain,p1)]
þ hor <- r2d(atan2(z1-p[3], seps))
þ maxHor <- max(hor[which.max(hor)], 0)
þ})
þ r <- raster(elev)
þ r[] <- matrix(h, nrow¼nrow(r), byrow¼TRUE)
þ r}, mc.cores¼8)
R> horizon <- stack(hor)

This operation is very time-consuming as it is necessary to work with high resolution files.

Computation time can be decreased by increasing the sampling space (200 m) or the sectoral

angle (5�) or by reducing the maximum distance (20 km).

2. Horizon blocking

Horizon blocking is analyzed by evaluating the solar geometry in 15 min samples, particu-

larly the solar elevation and azimuth angles from the original irradiation raster. Second, the

hourly averages are calculated, disaggregated, and post-processed as explained above for the

irradiation rasters. The decision to solve the solar geometry with low resolution rasters enables

a significant reduction to be obtained in computation time without penalizing the results.

First, the azimuth raster is cut into different classes according to the alpha vector (direc-

tions). The values of the horizon raster corresponding to each angle class are extracted using

stackSelect.

R> idxAngle <- cut(AzShr, breaks¼r2d(alfa))
R> AngAlt <- stackSelect(horizon, idxAngle)

The number of layers of AngAlt is the same as idxAngle and can therefore be used for

comparison with the solar height angle, AlShr. If AngAlt is greater, there is horizon blocking

(dilogical ¼ 0).

R> dilogical <- ((AngAlt-AlShr) < 0)

With this binary raster, beam irradiation and diffuse anisotropic irradiation can be corrected

with horizon blocking.

R> Dirh <- SIDdr * dilogical
R> Difani <- Difani * dilogical

3. Sky view factor

The sky-view factor can be easily computed from the horizon object with Eq. (5). This

factor corrects the isotropic component of the diffuse irradiation.
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R> SVF <- calc(horizon, function(x) sin(d2r(x))̂ 2)
R> SVF <- 1 - mean(SVF)

R> Difiso <- Difiso * SVF

Finally, the global irradiation is the sum of the three corrected components, beam, and ani-

sotropic diffuse irradiation including horizon blocking, and isotropic diffuse irradiation with the

sky view factor.

R> GHIh <- Difanis þ Difiso þ Dirh
R> GHI2005a <- calc(GHIh, fun¼sum)

F. Kriging with external drift

The downscaled irradiation rasters can be improved by using kriging with external drift.

Irradiation data from on-ground meteorological stations is interpolated with the downscaled

irradiation raster as the explanatory variable. To define the variogram here we use the results

previously published in [Antonanzas-Torres et al., 2013a].

R> load(‘Stations.RData’)
R> UTM <- SpatialPointsDataFrame(Stations[,c(2,3)], Stations[,-

c(2,3)],
þ proj4string¼CRS(‘þproj¼utmtþzone¼30tþellps¼WGS84’))
The file Stations.RData contains information regarding annual measured and CM SAF

GHI (GHImed and GHICMSAF, respectively). For a better insight of this file it is provided at

https://github.com/EDMANSolar/downscaling. The variogram is built using the spatial data of

the SpatialPointsDataFrame object and the nugget model.

R> vgmCMSAF <- variogram(GHImed � GHIcmsaf, UTM)
R> fitvgmCMSAF <- fit.variogram(vgmCMSAF, vgm(model¼‘Nug’))
R> gModel <- gstat(NULL, id¼‘G0yKrig’,
þ formula¼ GHImed� GHIcmsaf,
þ locations¼UTM, model¼fitvgmCMSAF)
R> names(GHI2005a) <-‘GHIcmsaf’
R> G0yKrig <- interpolate(GHI2005a, gModel, xyOnly¼FALSE)

V. RESULTS

This methodology leads to an improvement in estimates: the MAE is down by 46.75% and

the RMSE by 43.38% compared to CM SAF. Table III shows the errors obtained with CM

SAF and with the methodology proposed. In addition, the downscaling proposed obtains lower

MBE (�91.92 kW h/m2) than the validation threshold by CM SAF (131.4 kW h/m2) [Posselt

et al., 2012]. Nevertheless, this threshold value is surpassed in the case of CM SAF (175.62 kW

h/m2) in testing meteorological stations. Both, CM SAF and downscaling under-estimate GHI

proved by negative MBE.

Figure 3 shows the annual GHI as per CM SAF with the gross resolution analyzed

(0.03� � 0.03�). Figure 4 shows the downscaled maps (200� 200 m), presenting lower values

of GHI in mountainous areas with lower sky-view and a higher effect of shades.

TABLE III. Summary of testing errors obtained in kW h/m2.

GHICMSAF GHIdown,ked

MAE 172.62 91.92

RMSE 175.02 99.08

MBE �172.62 �91.92
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In order to evaluate the behavior of the method proposed, relative differences evaluated

with station measurements are shown in Figure 5. In this figure, stations used for the downscal-

ing and for testing are shown. As can be deduced from this figure, relative differences are lower

in the downscaling than in CM SAF or GHIdown, at 611.2%. Some stations (1 and 4) present

higher relative error with the downscaling than with CM SAF and this might be explained due

to a lower influence of sky-view and horizon blocking.

The intrapixel variability due to the downscaling procedure is indicative of the importance

of the topography as an attenuator of solar irradiation. As a result, this zonal variability is

higher in pixels with complex topographies and downscaling is more useful. Figure 6 shows the

relative difference between downscaling with KED and CM SAF. As might be deduced, CM

SAF over-estimates GHI in this region by between 11% and 22%. Figures 7 and 8 display the

standard deviations of the downscaled maps within each cell of the original CM SAF raster

(0.03� � 0.03�). The zonal function from the raster library permits this calculation, explain-

ing the intrinsic variability of solar radiation within gross resolution pixels. Consequently, in

those pixels with higher standard deviations there will be greater variability. Figure 8 shows

how the KED method smooths the deviation within pixels and also the range of solar irradiation

in the region (Figure 4).

VI. CONCLUDING COMMENTS

A methodology for downscaling solar irradiation is described and presented using R soft-

ware. This methodology is useful for increasing the accuracy and spatial resolution of gross re-

solution satellite-estimates of solar irradiation.

It has been proved that areas whose topography is complex show greater differences with

the original gross resolution data as a consequence of horizon blocking and lower sky-view fac-

tors, so downscaling is highly recommended in these areas.

Kriging with external drift with the gstat package has proved very useful in downscaling

solar irradiation when on-ground registers are available and an explanatory variable is provided.

This methodology is implemented as an example in the region of La Rioja in northern

Spain, and striking reductions of annual 46.75% and 43.38% in MAE and RMSE are obtained

compared to the original gross resolution database. MBE obtained with downscaling are lower

FIG. 4. Annual GHIdown,ked of 2005 (0.03� � 0.03�) in La Rioja (kW h/m2).
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FIG. 6. Relative difference of GHIdown,ked and GHIdis (GHIdown,ked/GHIdis� 1) in per one units.

FIG. 5. Annual relative differences in per one units evaluated with station measurements (1�GHIestimated/GHIground). The

x and y axes represent the latitude and longitude (�), respectively.
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the threshold value of CM SAF (131.4 kW h/m2), proving the high influence of topography on

solar irradiation.

The high repeatability of this methodology and the reduction in errors obtained with annual

values might be also very useful in the downscaling of hourly and daily values of solar irradia-

tion and also for different meteorological variables (omitting the sky-view and horizon blocking

steps). The code is freely available without restrictions for future replications or variations of

the study at https://github.com/EDMANSolar/downscaling.

FIG. 8. Density plot of zonal standard deviations between CM SAF and downscaling.

FIG. 7. Difference of zonal standard deviations (kW h/m2) of GHIdown and GHIdown,KED.
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VII. SOFTWARE INFORMATION

The results discussed in this paper were obtained in a R session with these characteristics:

• R version 2.15.2 (2012-10-26), x86_64-apple-darwin9.8.0
• Locale: es_ES.UTF-8/es_ES.UTF-8/es_ES.UTF-8/C/es_ES.UTF-8/es_ES.UTF-8
• Base packages: base, datasets, graphics, grDevices, grid, methods,
parallel, stats,utils

• Other packages: foreign 0.8-51, gstat 1.0-16, hexbin 1.26.0, lattice 0.20-15,

latticeExtra 0.6-19, maptools 0.8-14, raster 2.1-16, rasterVis 0.20-01,

RColorBrewer 1.0-5, rgdal 0.8-01, solaR 0.33, sp 1.0-8, zoo 1.7-9
• Loaded via a namespace (and not attached): intervals 0.14.0, spacetime 1.0-4, tools

2.15.2, xts 0.9-3.

ACKNOWLEDGMENTS

F. Antonanzas-Torres would like to express his gratitude for the FPI-UR-2012 and ATUR

Grant No. 03061402 at the University of La Rioja. J. Antonanzas would also like to acknowledge

the fellowship FPI-UR-2014 granted by the University of La Rioja.

Alsamamra, H., Ruiz-Arias, J. A., Pozo-V�azquez, D., and Tovar-Pescador, J., “A comparative study of ordinary and resid-
ual kriging techniques for mapping global solar radiation over southern Spain,” Agric. For. Meteorol. 149(8), 1343–1357
(2009).

Antonanzas-Torres, F., Ca~nizares, F., and Perpi~n�an, O., “Comparative assessment of global irradiation from a satellite esti-
mate model (CM SAF) and on-ground measurements (SIAR): A Spanish case study,” Renewable Sustainable Energy
Rev. 21, 248–261 (2013a).

Antonanzas-Torres, F., Sanz-Garcia, A., Mart�ınez-de-Pis�on, F. J., and Perpi~n�an-Lamigueiro, O., “Evaluation and improve-
ment of empirical models of global solar irradiation: Case study northern Spain,” Renewable Energy 60, 604–614
(2013b).

Batlles, F. J., Bosch, J. L., Tovar-Pescador, J., Mart�ınez-Durb�an, M., Ortega, R., and Miralles, I., “Determination of atmos-
pheric parameters to estimate global radiation in areas of complex topography: Generation of global irradiation map,”
Energy Convers. Manage. 49(2), 336–345 (2008).

Bosch, J. L., Batlles, F. J., Zarzalejo, L. F., and L�opez, G., “Solar resources estimation combining digital terrain models
and satellite images techniques,” Renewable Energy 35(12), 2853–2861 (2010).

Corripio, J., “Vectorial algebra algorithms for calculating terrain parameters from DEMs and solar radiation modelling in
mountainous terrain,” Int. J. Geogr. Inf. Sci. 17, 1–23 (2003).

Hay, E. and Mckay, D. C., “Estimating solar irradiance on inclined surfaces: A review and assessment of methodologies,”
Int. J. Sol. Energy 3, 203–240 (1985).

Hengl, T., “A practical guide to geostatistical mapping,” 2009, see http://spatial-analyst.net/book/.
Hijmans, R. J. and van Etten, J., raster: Geographic data analysis and modeling, 2013, R package version 2.1–25, see

http://CRAN.R-project.org/package¼raster.
Pebesma, E. J., “Multivariable geostatistics in S: The gstat package,” Comput. Geosci. 30, 683–691 (2004).
Pebesma, E. and Graeler, B., gstat: Spatial and spatio-temporal geostatistical modelling, prediction and simulation, 2013,

R package version 1.0–16, see http://CRAN.R-project.org/package¼gstat.
Pebesma, E., Bivand, R., Rowlingson, B., and Gomez-Rubio, V., sp: Classes and methods for spatial data, 2013, R package

version 1.0–9, see http://CRAN.R-project.org/package¼sp.
Perez, R., Seals, R., Stewart, R., Zelenka, A., and Estrada-Cajigal, V., “Using satellite-derived insolation data for the site/

time specific simulation of solar energy systems,” Sol. Energy 53(6), 491–495 (1994).
Perpi~n�an-Lamigueiro, O., “solaR: Solar radiation and photovoltaic systems with R,” J. Stat. Software 50(9), 1–32 (2012),

see http://www.jstatsoft.org/v50/i09.
Perpi~n�an-Lamigueiro, O., Energ�ıa solar fotovoltaica, 2013, see http://procomun.wordpress.com/documentos/libroesf/.
Perpi~n�an-Lamigueiro, O. and Hijmans, R. J., rasterVis: Visualization methods for the raster package, 2013, R package ver-

sion 0.20-07, see http://CRAN.R-project.org/package¼rasterVis.
Polo, J., Antonanzas-Torres, F., Vindel, J. M., and Ramirez, L., “Sensitivity of satellite-based methods for deriving solar

radiation to different choice of aerosol input and models,” Renewable Energy 68, 785–792 (2014).
Posselt, R., Mueller, R. W., St€ockli, R., and Trentmann, J., “Remote sensing of solar surface radiation for climate monitor-

ing—The CM SAF retrieval in international comparison,” Remote Sens. Environ. 118, 186–198 (2012).
R Development Core Team, R: A Language and Environment for Statistical Computing (R Foundation for Statistical

Computing, Vienna, Austria, 2013), see http://www.R-project.org.
Ruiz-Arias, J. A., Cebecauer, T., Tovar-Pescador, J., and �S�uri, M., “Spatial disaggregation of satellite-derived irradiance

using a high-resolution digital elevation model,” Sol. Energy 84(9), 1644–1657 (2010).
Ruiz-Arias, J. A., Tovar-Pescador, J., Pozo-V�azquez, D., and Alsamamra, H., “A comparative study of DEM-based models

to estimate solar radiation on mountainous terrains,” Int. J. Geogr. Inf. Sci. 23(8), 1049–1076 (2009).
Schulz, J., Albert, P., Behr, H.-D., Caprion, D., Deneke, H., Dewitte, S., D€urr, B., Fuchs, P., Gratzki, A., Hechler, P.,

Hollmann, R., Johnston, S., Karlsson, K.-G., Manninen, T., M€uller, R., Reuter, M., Riihel€a, A., Roebeling, R., Selbach,
N., Tetzlaff, A., Thomas, W., Werscheck, M., Wolters, E., and Zelenka, A., “Operational climate monitoring from space:

063105-16 Antonanzas-Torres et al. J. Renewable Sustainable Energy 6, 063105 (2014)

 This article is copyrighted as indicated in the article. Reuse of AIP content is subject to the terms at: http://scitation.aip.org/termsconditions. Downloaded to  IP:

85.219.10.56 On: Tue, 11 Nov 2014 14:50:57



The EUMETSAT satellite application facility on climate monitoring (CM-SAF),” Atmos. Chem. Phys. 9(5), 1687–1709
(2009).

�S�uri, M. and Hofierka, J., “A new GIS-based solar radiation model and its application for photovoltaic assessments,” Trans.
GIS 8(2),175–190 (2004).

Trentmann, J., Tr€ager-Chatterjee, C., M€uller, R., Posselt, R., and St€ockli, R., “Meteosat (MVIRI) solar surface irradiance
and effective cloud albedo climate data sets,” The CM SAF validation report, Technical Report, The EUMETSAT net-
work of satellite application facilities, 2011.

Vindel, J. M., Polo, J., and Antonanzas-Torres, F., “Improving daily output of global to direct solar irradiance models with
ground measurements,” J. Renewable Sustainable Energy 5, 063123 (2013).

063105-17 Antonanzas-Torres et al. J. Renewable Sustainable Energy 6, 063105 (2014)

 This article is copyrighted as indicated in the article. Reuse of AIP content is subject to the terms at: http://scitation.aip.org/termsconditions. Downloaded to  IP:

85.219.10.56 On: Tue, 11 Nov 2014 14:50:57



Chapter 7

Results

This chapter summaries and discusses the most relevant results included in the
publications associated with this thesis.

The general framework of this section is structured into five subsections,
one for each publication. The first three subsections refer to the improvement of
solar radiation models for the generation of solar radiation time-series: (i) classic
parametric models based on temperatures and rainfall, (ii) complex models based
on support vector regression and (iii) sensitivity of clear-sky and satellite models
to their atmospheric inputs.

The last two subsections refer to the spatial estimation of solar irradi-
ation: (iv) spatial mapping with geostatistics in different tilted angles and (v) for
the downscaling of solar irradiation derived from satellite images considering the
topography.
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7.1 Results in Publication I

All the results described in this section are collated in the paper ”Evaluation and
improvement of empirical models of global solar irradiation: Case study northern
Spain” (Antonanzas-Torres et al., 2013).

The objectives of this study were proving the validity of the method
proposed to create locally adapted models based on the variable importance and
then, evaluating parametric models according to their robustness. Eventually,
these objectives were fulfilled in this study by developing on-site calibrated and
more robust models than the other twenty-models reviewed.

The evaluation of variable importance seeks to improve the performance
of the well known Bristow and Campbell (1984) general model with the local and
specific relationships between predictors and the estimated daily global horizontal
irradiation using the equation 7.1.

GHId = a · (1− exp (−b ·∆T c)) ·Bo0d · A+ pn+1 (7.1)

A = 1 +
n∑

j=1
pj · vj (7.2)

where A (equation 7.2) is the correction of the Bristow and Campbell (1984)
model based on the variable importance, p the parameter related to the variable
v and n the number of total variables to be considered.

As a result, it is possible to correct this model with other meteorological
variables recorded at the location based on their importance. The evaluation of
variable importance was performed using the locally weighted polynomial regres-
sion, denoted as the loess smoother fit model (Cleveland, 1979). Each instance
of the dataset was fitted with a low degree polynomial adjusted with weighted
least squares. Hence, instances more related to the output received more weight,
which was determined with equation 7.3.

w (x) =
(
1− |x3|

)
(7.3)

Finally, the coefficient of determination (R2) was calculated for this
model against the intercept only null model as a measure of variable import-
ance.

The assessment of variables importance was evaluated in seventeen differ-
ent meteorological stations in La Rioja region (Spain) under different conditions
and terrain during the period 2007-2010. Figure 7.1 depicts meteorological sta-
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tions considered in the study from two different databases (SOS Rioja in blue
circles and SIAR in red triangles with pyranometers within 5% and 10% of daily
tolerance, respectively). Maximum and minimum daily temperatures, daily rain-
fall (P ), daily average wind speed (W ), daily average relative humidity records
(H) and daily global horizontal irradiation (GHId) were obtained and filtered
from spurious. On a second step, other variables were created from the previous:
the binomial variable of rainfall (M), equal to 1 with some rain recorded and 0
with no rainfall, and the daily range of temperatures (∆T ). Since the influence
of the past conditions the present and the present conditions the future, these
variables were created for the previous and following days. With this, Table 7.1
collates the variable importance.
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Figure 7.1: Location of the meteorological stations selected in the region of La Rioja. The
color band represents elevation (m). SIAR stations are shown by blue circles and
SOS Rioja stations by red triangles
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Table 7.1: Summary of variable importance results related to each variable v for the improve-
ment of parametric models

v Pi Pi+1 Pi−1 Mi Mi+1 Mi−1 ∆Ti

R2 0.0056 0.012 0.016 0.153 0.068 0.059 0.533

v ∆Ti+1 ∆Ti−1 ∆Ti+2 ∆Ti−2 ∆Ti+3 ∆Ti−3 Wi

R2 0.359 0.340 0.301 0.172 0.206 0.167 0.089

v Wi+1 Wi−1 Hi Hi+1 Hi−1 Hi+2 Hi−2

R2 0.076 0.071 0.465 0.344 0.251 0.251 0.199

It is noticeable that the influence of M is greater than P , which means
that GHId is more sensitive to the fact that any rainfall is recorded than the
quantity of this rain. Consequently, a whole battery of models with different
combinations of variables was built. Eventually, two different models were selec-
ted based on the robustness assessment explained latter on in this section: one
using only temperatures and rainfall and the other including relative humidity
and wind speed as per equations 7.4 and 7.5.

GHId = Bo0d · a (1− exp (−b ·∆T c))
· (1 + d ·Mj−1 + e ·Mj + f ·Mj+1 + g ·∆Tj+1 + h ·∆Tj−1) + l (7.4)

GHId = Bo0d · a (1− exp (−b ·∆T c))
·(1 + d ·Mj−1 + e ·Mj + f ·Mj+1 + g ·∆Tj+1 + h ·∆Tj−1 + l ·Wj +m ·Hj)+n

(7.5)

where, lower case letters stand for parameters to be calibrated.
On a second step, it is performed a robustness assessment in order to

evaluate the stability of models when trained under many different conditions. As
a result, the most suitable model is not only selected based on the lowest errors
of testing (Lawrence et al., 1996), but based on the robustness. The training
datasets (2007-2010) are divided into sampled 80% for calibration and 20% for
validation. Bootstrapping was found useful to obtain a high level of knowledge
from these relatively short datasets (Crawley, 2005; Mora and Mora-Lopez, 2010).
This technique was repeated 100 times in each station for each model to eventually
obtain the confidence intervals of the model parameters and errors.
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Figure 7.2 depicts the confidence intervals (95%, n=100) of the mean
absolute errors of validation (MAEval) with grey vertical lines. The mean abso-
lute error of testing (MAEtest) using the dataset of 2011 was represented with
blue crosses. Low values of MAEval accompanied of a narrow confidence interval
indicate accuracy and stability of the model in that station. On the other side, a
low MAEtest implies a high capacity of generalization with unseen data.
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Figure 7.2: Confidence intervals (95% C.I., n = 100) of MAEval (grey vertical lines) and
MAEtest (blue crosses) (MJ/m2day) of the 24 parametric models evaluated. Note
that some of the values of models 11, 16 and 17 lie outside the range of the figure

The proposed methodology was useful to discriminate those models that generate
wide confidence intervals of high MAEval and at the same low MAEtest. Thus,
the model can perform with low errors for a specific period of testing but very
likely increase the errors in a different scenario. For instance, several models such
as the 12, 13 and 14 at station 8, models 10 and 12 at station 12, models 12 and 13
at station 1 and models 12 and 20 at station 17, among others, behaved in that
way. In the bibliography parametric models were always evaluated calibrating
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with a specific dataset and testing with other, which migh result in this situation
of low stability and at the same low errors of testing.

Following this method, stable and accurate models such as model 24
(proposed and built in this article based on the variable importance) should be
selected at station 17 instead of model 20, although the latter generates lower
MAEtest. The applicability of this method is of special interest with short data-
sets available for the evaluation of models. In order to select the most suitable
model for the study region, four different variables were created for this purpose,
the mean confidence interval width of MAE and RMSE (RMAE,val and RRMSE,val)
and the average MAE and RMSE (MAEval and RMSEval). Table 7.2 collates the
values of these variables for each of the models. It is noticeable that the proposed
models (23 and 24) outperformed the other models with RMAE,val as low as 0.360
and 0.261 MJ/m2day, respectively. Thus, the model 23 achieved the best errors
by means of rainfall and temperatures. Nevertheless, a striking improvement was
obtained in terms of robustness and accuracy by including two additional vari-
ables: the wind speed and relative humidity, used in the proposed model 24. In
this case, MAEval of 2.195 MJ/m2day and RMSEval of 2.879 MJ/m2day were
achieved, significantly lower values than in the other 23 models.

The unpaired t-test was also evaluated to determine whether averages
of MAEval were statistically different between pairs of models within each sta-
tion. According to this test, models 23 and 24 built with the proposed method
of variable importance were statistically more robust (lower MAEval) than any
other model in all stations. Regarding the other models, the original Bristow and
Campbell (1984) model was superior to other derived from the original models,
which was also the case with the original Hargreaves (1981) model. This fact
proves the extremely local validity of these models, since where they were ori-
ginally validated surpassed the general models but not in other regions such as
La Rioja. Therefore, it is evident the benefits of using a method to adjust ori-
ginal models according to the local conditions, for instance, the proposed model
adjustment based on the variables importance.
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Table 7.2: Summary of statistics in MJ/m2day of the 24 parametric models tested

Model 1 2 3 4 5 6 7 8
MAEval 2.81 2.81 2.70 2.68 2.80 2.77 2.53 2.62
RMAE,val 0.44 0.42 0.43 0.43 0.41 0.43 0.42 0.42
RMSEval 3.57 3.56 3.48 3.45 3.54 3.49 3.41 3.30
RRMSE,val 0.56 0.55 0.60 0.57 0.55 0.54 0.58 0.61

Model 9 10 11 12 13 14 15 16
MAEval 2.61 2.79 4.43 2.79 2.80 2.75 2.72 6.30
RMAE,val 0.42 0.42 0.76 0.53 0.49 0.49 0.44 0.76
RMSEval 3.40 3.59 5.87 3.83 3.80 3.71 3.49 7.38
RRMSE,val 0.60 0.58 1.00 0.75 0.72 0.69 0.58 0.80

Model 17 18 19 20 21 22 23 24
MAEval 3.40 2.32 2.33 2.68 2.73 2.72 2.25 2.20
RMAE,val 0.50 0.39 0.39 0.44 0.50 0.43 0.36 0.26
RMSEval 4.26 3.02 3.08 3.46 3.69 3.50 3.00 2.88
RRMSE,val 0.65 0.55 0.54 0.61 0.70 0.58 0.54 0.36

The proposed model 24 was able to achieve a high level of certainty when
compared to the tolerance of pyranometers, with which solar irradiation is meas-
ured. In the case of stations belonging to SIAR (10% of pyranometers tolerance)
and SOS Rioja (5% of tolerance), 41.65% and 20.12% of the daily residuals fell
within those tolerance and therefore, being equivalent to a pyranometer. These
differences were lower attending to the monthly sums of daily irradiation with
91.7% and 45.8% of the cases in SIAR and SOS Rioja within the tolerance. But
regarding to the annual sums of daily irradiation, value that is generally assumed
for solar irradiation mapping to characterize a territory in terms of solar irradi-
ation, all stations were strikingly within a 5% of divergence (maximum value of
4.8%). Thus, this proposed parametric model and a pyranometer of 5% tolerance
were equivalent for annual sums of daily irradiation.
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Figure 7.3: Relation between elevation (m) and median of the MAEval (MJ/m2day)) of the
24 parametric models evaluated. Models 11, 16 and 17 are not shown due to their
high MAEval

The influence of elevation on the performance of parametric models was observed
in most models as shown in Figure 7.3, in which stations located at higher altitude
than 1000m presented higher errors. This can be explained by the greater met-
eorological variability at higher altitude, generally associated in this region with
more nubosity, situation in which parametric models fail more. For instance, the
differences in MAE for the model 24 were on average 11.3% lower discriminating
between non rainy days and rainy days for the whole set of stations. This find-
ing was also proved with the other parametric models and it is explained by the
fact that solar irradiation is more complex to be estimated on rainy and overcast
days that in perfectly clear sky days Jong and Stewart (1993). Furthermore, it
can explain the low MAEtest observed in Figure 7.2 by the fact that 2011 was
a especially dry year in La Rioja with on average 19.7% less rainfall than in the
training period (2007-2010).

7.2 Results in Publication II

All results in this section are collated in the paper “Generation of daily global
solar irradiation with support vector machines for regression” Antonanzas-Torres
et al. (2015).

The main objective of this study was proving the benefits of an automatic
procedure for training a general support vector regression (SVR) model for solar
irradiation estimation based on commonly measured meteorological variables.
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The general model performance was compared against local models, one trained
in each station. The high difficulties of selecting important variables for solar
irradiation estimation and avoiding over-fitting were surpassed with a wrapper-
scheme with genetic algorithms for input selection. The method was proved useful
in Spain using 14 meteorological stations depicted in Figure 7.4, under different
climates and terrain.
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Feat. Tmed Tmax Tmin HR WS R Ra,i ∆Ti ∆Ti−1 ∆Ti+1 Mi Mi−1 Mi+1 C ε γ T ime
SV R1 10 x x x x x x x x x x 1.47 0.05 0.08 154
SV R2 7 x x x x x x x 3.09 0.00 0.13 146
SV R3 9 x x x x x x x x x 2.09 0.06 0.07 21
SV R4 9 x x x x x x x x x 2.22 0.12 0.08 228
SV R5 7 x x x x x x x 1.47 0.06 0.14 226
SV R6 10 x x x x x x x x x x 1.94 0.06 0.10 276
SV R7 9 x x x x x x x x x 2.13 0.04 0.10 261
SV R8 9 x x x x x x x x x 1.21 0.07 0.11 241
SV R9 8 x x x x x x x x 1.76 0.05 0.13 270
SV R10 10 x x x x x x x x x x 1.56 0.07 0.07 137
SV R11 10 x x x x x x x x x x 2.91 0.07 0.08 235
SV R12 9 x x x x x x x x x 1.83 0.04 0.08 153
SV R13 10 x x x x x x x x x x 6.02 0.07 0.04 116
SV R14 8 x x x x x x x x 1.05 0.09 0.11 289
SV Rgen. 11 x x x x x x x x x x x 1.96 0.05 0.07 629

Table 7.3: Parameters of the best individual for local SVRs (per station) and for the general
SVR obtained with the GA-based optimization process. Feat. stands for the number
of inputs selected by the methodology. The last column lists the computational time
in minutes

On a first step, daily meteorological time-series were normalized (0-1)
and divided into two datasets, one for training and other for testing. The testing
dataset comprised the year 2013, while the training dataset collated 2000-2012.
In order to reduce the high computational cost associated to the development of
the general SVR, it was performed sampling a proportional stratified 10 % of the
training dataset. From the best combination of variables and parameters of the
SVR obtained applying the methology proposed, again a new general SVR model
was trained using all the data from the training dataset. Figure 7.5 depicts the
training process showing of the normalized MAE (average of 10 cross validation
(CV)) for validation MAEval and testing MAEtest and the number of variables
selected. Although convergence of errors was almost achieved in the first genera-
tions using genetic algorithms, the convergence of number of variables took more
generations (around 23). The normalized MAEtest and MAEval reached sim-
ilar values in the range of 6% with 11 variables, which is related with no model
over-fitting. These variables are shown in Table 7.3 both for the general SVR
model and also for a SVR trained with the same method in each of the stations.
It is noticeable that both the general and local models required relatively sim-
ilar variables (8-11 variables). The extraterrestrial irradiation, the daily range of
temperatures, relative humidity and temperatures were selected in most of the
models. These variables are also selected in most of the parametric models in the
literature.

The SVR models were able to significantly improve the results of the
parametric models analyzed (Bristow and Campbell, 1984; Antonanzas-Torres
et al., 2013), with average MAEtest of 1.78 MJ/m2day and 1.81 MJ/m2day for
local and general SVR models, respectively. This is around twice the tolerance of
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the First Class pyranometers (5 % of daily uncertainty) used in the study, which
is about 0.9 MJ/m2day. These results proved the high capacitiy of generalization
of SVR models, which were also superior compared to other techniques for the
same region (2.05 MJ/m2day with a locally trained parametric model (Almorox
et al., 2011) and 2.33 MJ/m2day with a general model built on an artificial
neural network (Moreno et al., 2011)). It is also noteworthy that the general
SVR performed better in half of the stations. This was explained by the higher
capacity of generalization of the general SVR model to unseen events in a location
that might have happened in other sites. Nevertheless, due to the simplicity of
parametric models, they performed better with locally trained models than with
a general model.

A strong trend of higher errors in the winter time was detected in contrast
with the summer, which was previously found by Antonanzas-Torres et al. (2013)
and explained by the higher cloud cover, which leads to higher errors (as explained
in the following Chapter 7.3). The proportion of days in which the estimation was
within the tolerance of pyranometers strikingly ranged between 21-47%. In these
cases, the general SVR model and a First Class pyranometer were equivalent for
recording daily global solar irradiation. Furthermore, regarding the annual sums
of solar irradiation, commonly required for solar energy planning and mapping,
the SVR general model performed within the 5% error at 11 out of 14 stations,
significantly better than using the same inputs but using parametric models (5
and 8 stations for (Bristow and Campbell, 1984; Antonanzas-Torres et al., 2013),
respectively). The highest annual error with the general SVR was as low as
7.4%.

One of the key aspects of developing a general model for estimating
solar irradiation is the idea that it might perform better when it is necessary
to use it in a different site from the training. Thus, the capacity of spatial
generalization was evaluated with general SVR models and parametric models.
Figure 7.6 depicts these differences in spatial MAE between a general SVR model
and locally trained SVR models. The average cross validation MAE for SVR,
obtained from training general models in 13 stations and testing in the station left,
was 1.86 MJ/m2day, very similar to the testing MAE of the general SVR (1.81
MJ/m2day). This finding also occurred with parametric models, which proved
something that was expectable: general models are better for spatial estimation
than locally trained models. The MAE in stations in the center and South of
Spain were lower compared to those in the North. This can be explained by
the higher meteorological complexity of this area. Compared to general models,
local models tend to fail at predicting irradiation in new locations due to the
over-fitting to locally specific conditions.
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Figure 7.6: Bubble plot of the MAE of locally-trained (left) and general (right) models. In
the left plot, the average MAE of 13 locally trained models are evaluated at the
14th station. In the plot on the right, the MAE of a general model trained with a
13-station database is assessed at the 14th station

7.3 Results in Publication III

All results in this section are collated in the paper “Sensitivity of satellite-based
methods for deriving solar radiation to different choice of aerosol input and mod-
els” (Polo et al., 2014).

This study was motivated by the great range of information sources for
obtaining aerosol and other atmospheric data, the variety of models to estimate
solar irradiance under clear sky conditions and also models to compute direct nor-
mal irradiance from global irradiance. The objective was to quantify the range
of errors under different choices of models and data and the way uncertainties
propagate in the framework of a satellite-based method for estimating solar ra-
diation. Although most clear sky models calculate the three components of solar
irradiance, the reality is that satellite-based methods only calculate global ir-
radiance, and then direct normal irradiance is calculated on a second step for
CSP applications. Table 7.4 shows all combinations considered. R1, R2 and R3
serve for the assessment of the sensitivity of clear sky models (ESRA (Rigollier
et al., 2000), SOLIS (Ineichen, 2008) and REST2 (Gueymard, 2008)) with accur-
ate attenuants input from the Aerosol Robotic Network (AERONET). A1, A2
and A3 evaluate the uncertainty due to the choice in the source of aerosol data
(Moderate Resolution Imaging Spectroradiometer (MODIS); Multi-angle Imaging
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SpectroRadiometer (MISR); Monitoring Atmospheric Composition and Climate
(MACC)). C2 and C3 evaluate the uncertainty due to the clear sky model selected
and finally, D2 and D3 assess the uncertainty due to global-to-direct conversion
models (Louche (Louche et al., 1991), DirInt and DirIndex (Perez et al., 1992)).

Table 7.4: Cases considered for the sensitivity study regarding the kind of atmospheric data
used, the clear-sky model and the global-to-direct model

Atmospheric Clear Global-to-direct
Case AERONET MODIS MISR MACC ESRA SOLIS REST2 Louche DirInt DirIndex
R1 x x x
R2 x x x
R3 x x x
A1 x x x
A2 x x x
A3 x x x
C2 x x x
C3 x x x
D2 x x
D3 x x

The study was performed with data from the Solar Platform of Almeria
(PSA) in an area of special interest for solar power plants (PV and CSP). In order
to benchmark the results, ancillary measurements of solar irradiance (global,
diffuse and beam) were collected from the Baseline Surface Radiation Network
(BSRN) at the PSA. Furthermore, high quality atmospheric components from on-
ground records were obtained for the same location from AERONET. Results are
firstly presented for all kind of sky conditions and on a second step, disaggregated
into clear-sky and non clear sky conditions. Besides, it is performed an analysis of
direct normal irradiance specifically for the operational range for CSP. Eventually,
a novel evaluation on the propagation of uncertainties from aerosol optical depth
to irradiation was performed for clear-sky models.

Table 7.5: Summary of errors and statistics for clear-sky conditions for the different cases
analyzed in the sensitivity study

Case R1 R2 R3 A1 A2 A3 C2 C3 D2 D3
GHI

MBE (Wm−2) -0.023 0.004 -0.035 0.012 -0.008 -0.008 0.047 -0.018 -0.008 -0.008
rMAE (%) 7.43 9.04 9.14 7.67 8.51 7.64 10.74 9.9 7.64 7.64

RMSE (Wm−2) 42.29 45.67 47.74 35.17 41.5 41.23 49.31 45.05 41.23 41.23
R2 0.986 0.981 0.987 0.989 0.985 0.985 0.983 0.985 0.985 0.985

DNI
MBE (Wm−2) -0.051 -0.063 -0.017 0.054 0.02 -0.004 0.029 0.028 -0.069 -0.001

rMAE (%) 12.41 14.79 10.11 14.29 17.88 13.62 13.56 14.06 13.15 13.14
RMSE (Wm−2) 201.14 148.71 116.39 125.51 155.83 154.37 126.11 128.19 128.81 132.16

R2 0.579 0.733 0.79 0.806 0.69 0.694 0.791 0.784 0.78 0.764
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Table 7.6: Summary of errors and statistics for cloudy and overcast conditions for the different
cases analyzed in the sensitivity study

Case R1 R2 R3 A1 A2 A3 C2 C3 D2 D3
GHI

MBE (Wm−2) 0.046 0.058 0.049 0.084 0.029 0.061 0.126 0.062 0.061 0.061
rMAE (%) 17.44 18.14 17.58 18.14 17.5 17.79 19.55 18.04 17.19 17.79

RMSE (Wm−2) 127 129.82 127.26 128.16 127.21 127.12 133.37 127.49 127.12 127.12
R2 0.817 0.809 0.82 0.817 0.816 0.817 0.813 0.819 0.817 0.817

DNI
MBE (Wm−2) 0.033 0.05 0.066 0.155 -0.007 0.082 0.233 0.107 0.104 0.152

rMAE (%) 20.77 22.53 22.79 24.47 21.52 22.57 27.89 24.34 22.58 24.06
RMSE (Wm−2) 222.65 230.68 228.58 230.05 234.02 225.49 237.29 232.52 294.84 233.34

R2 0.563 0.53 0.546 0.541 0.524 0.549 0.548 0.531 0.511 0.523

Table 7.5 shows the errors for all scenarios under clear-sky conditions.
It is noticeable the low bias in estimations both for GHI and DNI in all cases.
Errors were higher in DNI than in GHI due to the higher complexity of es-
timating DNI (derived from the difficulties of cloud impact calculation). The
relative mean absolute error (rMAE) ranged 7-11% for GHI and 10-15% in DNI.
The best performance in GHI was obtained using high quality atmospheric data
from AERONET as input and the ESRA clear sky model, while for DNI was for
REST2 with AERONET data. Regarding the comparison with other low spatial
resolution aerosol datasets, results using MACC showed an acceptable perform-
ance. Besides, the REST2 model only was able to obtain accurate results with
high quality data, while a more simple model, such as ESRA, performed better
with satellite or reanalysis gridded aerosol inputs. DirInt and DirIndex generated
better results that the specific global-to-direct conversion of clear sky models.

Table 7.6 shows errors for cloudy and overcast conditions. These errors
kept higher in DNI than GHI, same as for clear sky conditions. rMAE for not
clear-sky conditions ranged 17-18% and 20-28% for GHI and DNI, respectively.
The R2 was in the range of 0.8 and 0.55 for GHI and DNI. Both MISR and
MACC obtained better results than MODIS for GHI and DNI. As for clear-sky
conditions, the ESRA model showed a slightly better performance than the other
clear sky models.

Furthermore, it is analyzed the particular case of DNI estimation for
the operational range for the concentrated solar power (CSP), 400-900 W/m2,
the range of irradiance for which CSP plants are designed. The REST2 model
using data from AERONET yielded the best results, while results with MACC
were superior than using MODIS or MISR. DirIndex yield to better results than
DirInt.

Finally, the uncertainty of clear sky models is evaluated synthetically
by perturbing the aerosol optical depth (AOD) on a ±50%, and evaluating the



New methodologies and models in the estimation of solar irradiation 93

output of ESRA, SOLIS and REST2 models while the other inputs are fixed at
constant values.

Figure 7.7: Impact of the uncertainty of aerosol optical depth on the clear-sky models output.
Assuming zero error for a given initial condition of AOD, the plot shows the
evolution of the error of each model when AOD is increasing or decreasing from
the starting point. The left plot corresponds to the global horizontal irradiance and
the right plot to the direct normal irradiance

Figure 7.7 depicts the errors of the clear-sky model errors on a daily basis as
a function of the uncertainty in the AOD. The impact of the AOD uncertainty
was significantly higher for DNI than for GHI. REST2 was the least sensitive to
the uncertainty on GHI, but on the contrary, it was very sensitive for DNI. The
ESRA model showed more parsimonious for DNI than SOLIS and REST2. All
models showed a bit more sensitive to under-estimation of AOD than to over-
estimation.

The previous figure of the synthetic analysis must be complemented with
Figure 7.8, which shows the propagation of errors for the real case of study in the
PSA. The comparison was performed with real measurements of GHI and DNI.
Thus, minimum errors are located in different positions for each models in this
figure. While the propagation of errors was quite soft for GHI, for DNI was strik-
ingly strong. REST2 was generally the most accurate model for DNI. However,
ESRA yielded to higher errors than SOLIS and REST2 with under-estimation of
AOD, while it was the most accurate for over-estimation of AOD >30%. This
finding explains the noticeable good performance with MACC retrievals in DNI,
which were found to over-estimate around 30 % the AOD. As a result, the dif-
ferent behavior of clear-sky models to the errors in AOD explains the previous
results of the sensitivity scenarios.
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Figure 7.8: Impact of the uncertainty of aerosol optical depth on the clear-sky models output.
Assuming zero error for a given initial condition of AOD, the plot shows the
evolution of the error of each model when AOD is increasing or decreasing from
the starting point. The left plot corresponds to the global horizontal irradiance and
the right plot to the direct normal irradiance

The results presented in this publication show the different sources of uncertain-
ties that affect satellite-derived models of solar radiation. Thus, the first and most
important uncertainty came from the impact of the cloud cover in the estimation
of solar irradiation. This was explained by the general and remarkable differ-
ences between GHI and DNI errors. Other second order factors were the sources
of aerosol inputs and global-to-direct models. Regarding the source of aerosols,
the most accurate and available database (AERONET), using sun-photometers,
generated the best results with DNI, the component of solar irradiation in which
aerosols are more important. Nevertheless, since the presence of sun-photometers
in meteorological stations is very rare, solar irradiation is normally approached
via gridded datasets from satellite or reanalysis. Using these gridded databases,
the uncertainty of these variables that govern solar radiation have a different im-
pact basically depending on the clear sky model used and the component of solar
irradiation.

7.4 Results in Publication IV

All the results described in this section are extensively described in the paper
“Comparative assessment of global irradiation from a satellite estimate model
(CM SAF) and on-ground measurements (SIAR): a Spanish case study” Antonanzas-
Torres et al. (2013).

The main objective of this article was the development of a methodology
to improve the accuracy of solar irradiation maps in different tilted planes with
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special interest in photovoltaics (effective irradiation on a fixed plane, north-
south horizontal axis tracking and two axis tracking on elevation and azimuth) by
combining satellite-derived irradiation data and on-ground measurements. All the
programming code in R environment was freely released for the implementation
of this methodology in other regions.

Initially, the satellite-derived database of solar irradiation by the Cli-
mate Monitoring Satellite Application Facility (CMSAF, 2015) was compared
against on-ground GHI measurements in 301 meteorological stations in con-
tinental Spain. The 71% of these stations were in yearly values of GHI with
a difference lower than 5% between both sources: CMSAF and measurements.
This 5% represents the intrinsic daily uncertainty of the First Class pyranometers
installed in these stations. Furthermore, it is noticeable that 96.5% of the yearly
values outside the 5% band were greater in CMSAF than in SIAR. This might
be explained by several factors such as: the topographic attenuation by shades
and sky view factor (both analyzed in Section 8.5) and not considered in the
CMSAF, the effect of atmospheric events not taken into account by the CMSAF
and also also due to the lack of some measurements and soiling on sensors in the
meteorological stations. Regarding these yearly differences in the effective irra-
diation on three different tilted planes, the values increase with the complexity
of the plane (lower differences for the fixed plane and greater for two-axis track-
ing), which might be due to the decomposition model used for extracting diffuse
and beam components from global irradiation (Collares-Pereira and Rabl, 1979).
This finding was consistent with previous studies (Suri et al., 2007; Perpinan,
2009). In this line, a seasonal pattern was found on the divergence between data
sources, with a wider range in the winter time and lower in the summer, which
is explained by the higher cloud cover in the winter time in Spain that leads to
higher errors in the estimation (Urraca et al., 2015).

Secondly, the performance of the kriging with external drift (KED) using
irradiation data from the CMSAF as explanatory variable was evaluated. The
KED technique did not perform as an interpolation function in this study since
the nugget effect of the semi-variogram was not null and therefore, there was an
intrisic variability independent from the distance between meteorological stations.
The solution achieved with the KED was a smoothing funcion of the on-ground
measurements using CM SAF as the spatially known variable. In the case of GHI
and fixed plane, a pure nugget variogram model was the most indicated, which was
also considered in other studies (Antonanzas et al., 2015). Regarding the other
tracking cases, a spherical variogram was considered. The spatial divergences
between the map of yearly sums of dailyGHI and effective irradiation on the fixed
plane generated with KED and the homologous maps by the CMSAF showed that
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KED provided higher values than CMSAF in the Cantabric coast (43.1ºN, 1W to
6W), while in Andalucia (southern part of continental Spain) the CMSAF over-
estimated the KED. Nevertheless, this spatial pattern changes in the two-tracking
systems, in which in general terms the effective irradiation by the CMSAF was
greater than with KED, although generally within the 5% uncertainty band.

7.5 Results in Publication V

All the results described in this section are collated in the paper ”Downscaling of
global solar irradiation in complex areas in R” Antonanzas-Torres et al. (2014).

The main objective of this paper was to develop a useful methodology to
downscale and generate solar radiation maps of high spatial resolution in areas
with complex topography and provide open-source code for replications of the
study in other regions under similar conditions. The idea of releasing free open-
source code in R environment for solar radiation downscaling deeply contrasts with
other “black-box” approaches of the literature (Meteonorm, 2015; SolarGis, 2015).
This method was proved useful with a striking 46.75% and 43.38% reduction in
MAE and RMSE, compared to the original gross resolution database in a very
mountainous region of Spain (La Rioja).

Although it is well known the impact of topography on solar radiation,
satellite-derived solar radiation databases generally omit this attenuation. As
a result, in these models it is considered a perfectly flat Earth surface and the
shading is only taken into account as a variation of the pixel albedo in satellite
images. However, the low spatial resolution of these images, generally in the
range of kilometers, soften the impact of shadows and mask their impact when
shades are sufficiently small. In the present study, the effect of topography was
evaluated and integrated via shade analysis and sky-view factor (portion of visible
sky). The method was applied to the satellite-derived solar radiation datasets
from the Climate Monitoring Satellite Application Facility (CM SAF) in order
to reduce the spatial resolution from the original 0.05º (˜5 x 5 km) to 200 x 200
m.

Although the method proposed is indeed part of the methodology and
not specifically a result, it has been presented in this section since this method is
one of most remarkable results of this publication, given that several calculation
approaches were investigated until the best performing algorithm was obtained.

Figure 7.9 depicts the final calculation procedure. Initially, hourly values
of global horizontal irradiation (GHI) and beam horizontal irradiation (BHI)
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from the CM SAF were disaggregated into the final resolution (200 x 200 m),
and the diffuse component (DHI) was obtained from the difference of GHI and
BHI. On a second step the DHI was decomposed using the Hay and McKay
(1985) model into the isotropic (DHIiso) and anisotropic (DHIani) components;
the isotropic corresponding to the solar radiation coming from all sky directions
and the anisotropic from the Sun surroundings.

On a second step, the impact of horizon block was evaluated on the
DHIani and BHI. As a result, the horizon was divided into 72 portions of 5º
each and the horizon angle, angle between the point of study and the horizon, was
calculated and compared against the solar elevation. In case the solar elevation
angle was lower than the horizon angle it was assumed the effect of horizon block.
It must be noted that for the Northern hemisphere only the 180º corresponding
to the South direction would affect these components, but it was calculated for
the whole horizon to extract the sky view factor, ratio of visible sky. The sky
view factor affects the DHIiso in a way that for instance, areas located at the
bottom of a valley would receive a reduced portion of the DHIiso and in the case
of the highest peak in the area DHIiso would be totally received.

The sum of all these components was denoted as GHIdown. However,
the fact that GHIdown lowered the values of the original gross-resolution GHI

within each pixel in complex topographic areas introduced a bias only in these
regions. But, as previously stated satellite-derived irradiation considers someway
shades based on the lower albedo registered as an average in the pixel. Thus,
GHIdown was considered a valid explanatory variable of kriging with external drift
(KED) to interpolate on-ground measured data from pyranometers. This step was
denoted as post-processing of GHIdown. Based on the findings explained in the
Results in Publication IV (Antonanzas-Torres et al., 2013) a pure nugget effect
was considered for the semi-variogram of the KED, which is generally associated
with intrinsic variability of solar radiation and with no spatial autocorrelation on
residuals.
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Figure 7.9: Methodology of downscaling: this figure uses red ellipses and lines for data sources,
blue ellipses and lines for derived rasters (results), and black rectangles and lines
for operations. GHI and BHI stand for global and direct horizontal irradiation,
respectively. DHI stands for diffuse horizontal irradiation. Subscripts dis stand
for disaggregated, iso for isotropic, ani for anisotropic, down for downscaled and
ground for measured values. KED and DEM stand for kriging with external drift
and digital elevation model, respectively

Figures 7.10 and 7.11 depict the original gross resolution solar radiation map
as per CM SAF and the downscaled map obtained with the method proposed,
respectively.
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Figure 7.10: Annual GHI of 2005 from CM SAF estimates (0.05 x 0.05º) in La Rioja
(kWh/m2)
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Figure 7.11: Annual GHI of 2005 downscaled (200 x 200 m) in La Rioja (kWh/m2)

This methodology leads to an improvement in estimates. The MAE was strik-
ingly down by 46.75% and the RMSE by 43.38% compared to CM SAF. Table
7.7 shows the errors obtained with CM SAF and with the methodology proposed.
Furthermore, the downscaling proposed obtains lower MBE (91.92 kWh/m2)
than the validation threshold by CM SAF (131.4 kWh/m2) (Posselt et al., 2012).
Nevertheless, this threshold value is surpassed in the case of CM SAF (175.62
kWh/m2) in testing meteorological stations. Both, CM SAF and downscaling
under-estimated GHI proved by the negative MBE.

Table 7.7: Summary of testing errors obtained in kWh/m2 for CM SAF and for the down-
scaling proposed

GHIcmsaf GHIdown,ked

MAE 172.62 91.92
RMSE 175.02 99.08
MBE -172.62 -91.92
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The downscaling with KED was able to improve the results of the CM
SAF in four stations at an average range of 11.2% (including sites of testing and
also used in the KED. Figure 7.12 depicts the zonal variability of solar radiation
within each pixel due to the topography. It is noticeable that in some areas of the
study region solar radiation can vary up to 60% within a pixel size of 0.05º. This
finding is clearly indicative of the importance of considering the topography effect
as attenuator of solar irradiation in areas of complex topography and therefore,
downscale solar irradiation in these areas.

Longitude

La
tit

ud
e

42°N

42.2°N

42.4°N

42.6°N

3°W 2.5°W 2°W

0 10 20 30 40 50 60

Figure 7.12: Difference of zonal standard deviations between the downscaling GHIdown,ked

and the CM SAF GHI in per one units
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Chapter 8

General Discussion

This chapter presents the main implications and limitations of this work following
the same structure of the Results (Chapter 7).

The main goal of this thesis was the estimation of solar irradiation with as
much accuracy as possible without the use of pyranometers. Different methods
and approaches were proposed combining a wide range of atmospheric records
and data sources.

Traditionally, solar irradiation was estimated with models related to
other commonly measured meteorological variables such as air temperatures and
rainfall. In order to have an overview of the range of errors of these classic models,
it was performed a wide review accounting twenty-two models. Throughout the
evaluation of these models in seventeen sites of a small region of Spain (La Rioja),
it was found a disagreement between the errors of models and sites. Thus, the
accuracy of classic models was very dependent on each site condition, and also to
the period used for calibration. It was noticed that errors obtained in this region
were significative higher than those obtained where these models were originally
proposed. This was explained in Antonanzas-Torres et al. (2013) due to the dif-
ferent importance of variables in each site and region. As a result, the rainfall
has a different model importance in arid or humid areas, which also occurs with
the temperatures. Furthermore, the calibration data assumes an important role
in the model performance. So, if models are calibrated along a specifically sunny
period and then used to estimate solar irradiation during a more cloudy period,
higher errors are expected. Based on the importance of meteorological variables
and the calibration period, a method to generate locally adapted models to the
specific conditions of each site was proposed. Furthermore, the robustness of
models was evaluated via training models with bootstrapping seeking for models
with less variation in their parameters and errors. The new models generated
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significantly improved the results of previous models in the literature, and des-
pite their simplicity around 20% of the days were estimated within a 5% of error.
It was also found that other commonly measured variables such as relative hu-
midity and wind speed, scarcely considered in previous studies, also led to an
improvement in errors. The MAE ranged 2.195 MJ/m2day and the robustness
of models was as low as 0.261MJ/m2day.

Nevertheless, despite the effort taken in selecting the most relevant vari-
ables in this area, the errors were still high to be acceptable for solar energy
applications. So, the limits of the accuracy of solar irradiation estimation were in-
vestigated with much more complex machine learning techniques considering the
same meteorological variables used in the previous parametric models. In a spe-
cific study for La Rioja region (Spain) (not included in this thesis) (Antonanzas-
Torres et al., 2014), different techniques such as the multilayer perceptron, the
M5P regression trees, the instance based learning (IBK) and the support vector
regression (SVR) were compared with the results of the best performing para-
metric models and it was concluded that the support vector regression led to a
significant improvement in errors compared to other techniques. From this initial
insight of improvement in the solar irradiation estimation for a small region it
came the idea of developing a general model capable of being more parsimounious
and generalistic to new events and thus, avoiding the problem of local depend-
ency.

As a result, the region selected was enlarged to the continental Spain
area, including a higher diversity of meteorological events. In Antonanzas-Torres
et al. (2015) it was found that the errors were improved with a general SVR model
trained with data from several locations when evaluated in a not seen location,
than a local model trained with a data from a single location and evaluated
in different sites. Furthermore, the errors with the general SVR model were
comparable to the local model when evaluated where trained. This implies that
the SVR was able to learn from the different meteorological events. However,
due to the simplicity of parametric models, local models were superior than the
general model.

The SVR estimates with the general model were equivalent to a First
Class pyranometer (5% of daily error) in 20-46 % of the instances of the stations,
which in the case of parametric models it was around the 20%. These findings
were the root for a further study (Antonanzas et al., 2015), in which solar radi-
ation maps were generated with kriging out of a great number of meteorological
stations without pyranometers, that were used with SVR as estimators of solar
radiation for increasing the density of sites with solar radiation data.



New methodologies and models in the estimation of solar irradiation 105

The fact that some solar irradiation records are necessary to train models
based on meteorological variables and, that these records are not always available
makes satellite-derived solar irradiation a suitable source for these situations.
However, these satellite estimations rely on inputs that are available in very low
spatial resolutions (in the range of degrees) and therefore can be sensitive to these
inputs. This was the main goal of our study (Polo et al., 2014). The cloud cover
was the main factor affecting the accuracy of solar irradiation estimated with
satellite images. Thus, GHI can be estimated with a higher level of certainty
than the DNI, in which the impact of the cloud cover is deeper.

The source of the aerosols data and the global-to-beam models accounted
as second order factors in the errors. Aerosol data from the sun-photometers
of AERONET led to the lowest errors in DNI estimation. However, it must
be stated that these AERONET records have many gaps, short registers and
consequently, cannot be considered for solar resource assessments in most of the
cases. Therefore, although higher errors are obtained, it is necessary to rely on
gridded datasets from satellite or reanalysis for aerosols and water vapor. It
was noticeable a great disaggrement between AERONET records and estimated
values from MACC, MODIS and MISR. This disagreement can be due to the low
spatial resolution of these estimates. Therefore, a higher resolution and accuracy
in the estimation of these aerosols would lead to a better estimation of solar
irradiation. This was the motivation of a different study developed by the author
of this thesis in which the aerosol optical depth was downscaled for a better solar
resource estimation using other exogenous variables (Antonanzas-Torres et al.,
2014).

One of the limitations of the study by Polo et al. (2014) is that it was
only analyzed for one location in the Solar Platform of Almeria (Spain) due to the
complexity of the scenarios considered. Thus, other factors such as the influence
of elevation on aerosols and in clear-sky models performance was not evaluated.
This was the motivation of a different study (Antonanzas-Torres et al., 2016) de-
veloped in a very specific location in the Tenerife island (Canary Islands, Spain),
in which two meteorological stations vertically separated 2200m and horizont-
ally 11km were used for this study. The influence of elevation was noticeable
when using aerosol data from the upper sites into the lower, with a strong trend
to the over-estimation. One of the limitations we found in these studies is the
difficulty in obtaining water vapor content data, required for estimating solar
clear-sky irradiance in many models. Although the water vapor content is recor-
ded in AERONET sites, these registers are generally short and with many gaps
complicating the long term estimation of solar irradiation.
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The fourth contribution of this thesis (Antonanzas-Torres et al., 2013)
was the comparison between datasets from pyranometers and satellite estimations
from the CM SAF in continental Spain. We found a noticeable good agreement
between both sources on a daily and annual basis. The relative mean absolute
difference on a daily basis was in most of the stations within a 5% and the relative
root mean square difference within a 7%. Indeed, the yearly difference between
both sources was at 71% of the sites within 5% (the pyranometers uncertainty),
and outside this 5%, 96.5% of the pyranometers provided lower irradiation than
the CM SAF. Regarding, the irradiation incident on the inclined planes it was
comprised between 5% and 6%. We used kriging with external drift (KED) using
the spatially known irradiation data from CM SAF as exogenous variable, as a
tool to attenuate differences between both sources and somehow adjust the CM
SAF estimations to real measurements. Thus, differences between KED estimates
and measurements were lowered to a mean absolute difference of less than 3.8%
for all planes. This method can be of high applicability in other regions where
some pyranometers are available, since nowadays most of the world is covered
with CM SAF free satellite data. We released the code in R environment and also
the data for future replications of the study. The main limitation of this study is
that we neglected the effect of topography on surface incoming solar irradiation.
However, due to the fact that solar energy power plants are generally installed on
flat areas this method provides a relatively high confidence for this purpose.

The fifth contribution (Antonanzas-Torres et al., 2014) was motivated
by considering the effect of topography on solar irradiation. In this case, we
downscaled satellite irradiation from CM SAF to a very fine spatial resolution
(200x200m) considering the shades and the sky-view factor. Finally, we applied
kriging with external drift using the downscaled raster layer (considering shades
and sky-view factor) as exogenous variable. The study was performed in La Rioja
region (northern Spain) and noticeable differences were found between downscaled
irradiation and CM SAF in the mountainous areas (up to 22% on a yearly basis).
The method was freely released for future replications of the study. The main
drawback for its applicability is the high computational cost of calculating the
horizon angle for each of the pixels. Although in the northern hemisphere the
shades are only calculated for the south direction, the sky view factor must be
calculated for 360º. For this reason, parallel-multicore computing was utilized to
speed up the process.



Chapter 9

Conclusions

In the framework of solar radiation modeling, different approaches were explored
and improved, providing useful methods and code for future replications of the
study in other regions. The results revealed an outstanding number of possibilities
for estimating solar radiation with a relatively high level of certainty without the
necessity of pyranometers.

The contributions of this thesis were organized into two main blocks of
studies. The first block collates the temporal models seeking to generate accurate
solar irradiation time series. The second block was oriented to the spatial models
for the estimation and mapping of solar irradiation.

The research presented in this thesis provided the following main find-
ings:

1. Parametric models for solar irradiation estimation are not universal. The
usage of parametric models should be accompained of an onsite adjustment
of these models not only based on the calibration of parameters, but also
on the relative importance of available meteorological variables with solar
irradiation. Due to the high diversity of climates in our planet, the import-
ance of these meteorological variables differs from one location to other.
Furthermore, it must be taken into account the robustness of these models
to be calibrated with different data from the same location (in other words,
how much parameters and errors vary depending on the training period).

2. The performance of support vector machines for regression trained with
the method based on feature selection and parameter tuning with genetic
algorithms proved superior to parametric models. This technique showed
a extremely high capacity of spatial generalization when trained with data
from different sites, so the errors were improved in some cases against locally
trained models. Since, most of the stations performed within the 5% of an-
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nual error (tolerance of First Class pyranometers), this methodology is very
promising for solar resource mapping, wherein annual sums are normally
considered.

3. Regarding the study of uncertainties in satellite-derived irradiation, the
most important source of uncertainty comes from the impact of clouds.
Other second order factors are due to the aerosol information and the clear-
sky model selected. Although some clear-sky models can lead to a better
estimation of solar irradiation with a satellite-based method than others,
this is a function of the quality/uncertainty of the aerosol data used. For
this reason, the choice of a specific clear-sky model in a satellite-based
method clearly depends on the knowledge of the general uncertainty of the
aerosol data to be used as input.

4. A method based on kriging with external drift using data from pyranometers
and the satellite-based CM SAF as exogenous variable led to smooth and
adjust CM SAF estimations to measured data. This method proved very
promising for solar radiation mapping on the horizontal plane and effective
irradiation on three different tilted planes (fixed, one axis tracking, two axis
tracking). Furthermore, this method can be utilized for other meteorological
variables mapping and downscaling if provided as spatially gridded data.

5. A method for solar irradiation downscaling using spatial data from a satellite-
based method and taking into account the topography effect and kriging
with external drift was proved useful in mountainous regions. We observed
that areas with more complex topography suffered from a much higher
divergence respect satellite-based data from CM SAF. Although the topo-
graphy impact is generally neglected by satellite-based models, considering
this factor clearly contributes to a significant improvement in the spatial
estimation of solar irradiation.



Chapter 10

Future works

All in all, the main findings of this thesis contribute to a better knowledge of
solar irradiation modeling. These methods can be of useful application for solar
resource assessments in those areas with lack of pyranometers, or to reconstruct
and generate long time series and maps where desired.

During the progress of this thesis, we found some exciting questions and
issues that could be a matter of research in the future:

1. Study of solar irradiation in areas with high albedo. We have found that
satellite estimates frequently confuse the ground albedo with the cloud cover
in areas with high albedo, such as deserts and snow covered regions leading
to errors. Particularly, due to this albedo confusion the CM SAF generates
not available (NA) datasets in some of these regions(Riihela et al., 2015).
Furthermore, deserts and snow covered regions usually present a high aer-
osol content due to the propagation of dust and snow particles with the
wind. However, the access to high quality aerosol data for clear-sky solar
irradiance estimation is limited and normally, low spatial resolution gridded
estimates are considered, which also introduces uncertainty in the estima-
tion of solar irradiation. Additionally, there is a lack of pyranometers in
these regions and some of the time series are not complete due to the ex-
treme conditions that in some cases make unable the measurements. In the
line of some of the studies we have performed in the EDMANS group using
soft-computing techniques for the estimation and mapping of solar irradi-
ation (Antonanzas-Torres et al., 2015; Antonanzas et al., 2015; Urraca et al.,
2015), it could be very interesting to adapt these studies to the conditions of
high albedo areas and evaluate the errors. Furthermore, exogenous stations
without pyranometers but with records of other meteorological variables
could be considered as remote sensors, estimating solar irradiation with a
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previously trained model in the other stations with pyranometers, using
the methodology by Antonanzas et al. (2015). Besides, kriging could be
tested and compared in case of the availability of a sufficiently high grid of
pyranometers.

2. Benchmarking of methods for the estimation of solar radiation in different
regions. It would be interesting to benchmark different parametric mod-
els, soft-computing techniques, satellite-derived models and interpolation
techniques in different regions. Most of the studies focus on techniques be-
longing to the same method (for instance, benchmarking of soft-computing
techniques), but not to the range of errors that could be obtained using
other methods. Given that satellite estimates can generate remarkable er-
rors in some areas and also long gaps in the estimation, it could be useful
to have a ranking of other methods and techniques as a backup for these
situations. These studies could be divided as follows: desert regions, snow
covered regions, tropical regions, coastal locations and islands and finally,
continental areas. Furthermore, the distance between stations could be
varied in order to have more scenarios.

3. Study of the impact of local aerosol sources on solar irradiation. There
are several sources of atmospheric aerosols, such as dust, snow particles,
smoke, and anthropogenic pollution, among others. However, as previously
commented, satellite estimates normally rely on gridded estimates of aer-
osol content in low spatial resolution and therefore, these sources neglect
most local events such as dust derived from agriculture, wildfires, and smog
from cities, which clearly affect incoming solar irradiation. Although some
studies have been done regarding the effect of these local aerosols on solar ra-
diation (Perry and Troccoli, 2015; Khodakarami and Ghobadi, 2016), there
is still a wide field for research. It would be very interesting to quantify the
impact of some of these aerosols out of the potential radiation with a clean
atmosphere, understanding clean as the available aerosol content previous
to the studied event. This way, it would be possible to have a range of un-
certainty in the estimation of solar irradiation in areas with frequent events
of local aerosols.

4. Study of solar irradiation in areas with high atmospheric water vapor con-
tent. A similar study to the previous point for aerosols could be developed
for water vapor. Tropical regions are known for the high water vapor con-
tent, which affects solar irradiation. Once again, satellite estimates rely on
low spatial resolution estimates and on-ground records of water vapor are
very rare. This introduces uncertainty in the estimation of clear-sky solar
irradiation. In my opinion, a deeper research in the estimation and down-
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scaling of water vapor could be performed with a consequent improvement
in clear-sky solar irradiance estimates.
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