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ARTICLE INFO ABSTRACT

Keywords: In this study, ten-minute meteorological data-sets recorded at Burgos, Spain, are used to develop models of
PAR Photosynthetic Active Radiation (PAR) following two different procedures: multilinear regression and Artificial
Modelling . . Neural Networks. Ten Meteorological Indices (MIs) are chosen as inputs to the models: clearness index (k),
CIE standard sky classification diffuse fraction (ky), direct fraction (k;), Perez’s clear sky index (g), brightness index (A), cloud cover (CO), air
temperature (T), pressure (P), solar azimuth cosine (cosZ), and horizontal global irradiation (RaGH). The
experimental data are clustered according to the sky conditions, following the CIE standard sky classification. A
previous feature selection procedure established the most adequate MIs for modelling PAR in clear, partial and
overcast sky conditions. RaGH was the common MI used by all models and for all sky conditions. Additional
variables were also included: the geometrical parameter, cosZ, and three variables related to the sky conditions,
k¢, €, and A. Both modelling methods, multilinear regression and ANN, yielded very high determination co-
efficients (R%) with very close results in the models for each of the different sky conditions. Slight improvements
can be observed in the ANN models. The results underline the equivalence of multilinear regression models and

ANN models of PAR following previous feature selection procedures.

1. Introduction

Photosynthetic Active Radiation, PAR, is the region of the solar
spectrum between 400 and 700 nm (Alados et al., 2000) used by plants
in the photosynthesis process. PAR knowledge can provide key inputs
for modelling biomass and forestry production (Aguiar et al., 2012;
Landsberg and Waring, 1997), plant growth (Liu et al., 2016), natural
greenhouse illumination (Alados et al., 1996) and the calculation of the
euphotic depth of the oceans (Kirk, 1979), among others. Usually,
Photosynthetic Photon Flux Density, Q, (umol-s~'-m~2), is measured
and converted into energy units using the McCree’s conversion factor
(4.57 umol-J’I + 3%) depending on climatic factors (Akitsu et al.,
2015)). Spatial distribution and long-term trends of PAR have been re-
ported in many early studies developed in Europe (Ferrera-Cobos et al.,
2020; Jacovides et al., 2003; Jacovides et al., 2007; Leuchner et al.,
2011), China (Hu et al., 2018; Hu et al., 2010; Liang and Xia, 2005;
Wang et al., 2015), United States (Yu et al., 2015) or Africa (Finch et al.,
2004).

Alternative procedures have been developed for calculatingPAR, due
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to the scarcity of PAR data from direct measurements at ground mete-
orological stations. These procedures include other meteorological and
climatic variables, mainly horizontal solar global irradiation (RaGH).
Many studies have established the PAR/RaGH ratio at between 0.45 and
0.50 (Meek et al., 1984; Monteith, 1973; Moon, 1940; Stanhill and
Fuchs, 1977; Szeicz, 1974; Tsubo and Walker, 2005), depending on the
location, solar elevation or atmospheric aerosols, and water vapor
concentrations. Empirical models based on linear regressions have been
developed for PAR estimates. Turbidity, cloud cover, atmospheric
water and aerosols content, clearness and sky brightness, diffuse frac-
tion, dew point temperature, and solar zenith angle have, among others,
been used as data input for multilinear models around the world
(Al-Shooshan, 1997; Alados et al., 1996; Bat-Oyun et al., 2012;
Gonzalez and Calbd, 2002; Janjai et al., 2015; Peng et al., 2015; Wang
etal., 2016; Yu et al., 2015; Zhang et al., 2000). However, the resulting
models are strongly location dependent. Their use at other locations is
not immediate, and requires new experimental studies (Al-Shooshan,
1997; Alados and Alados-Arboledas, 1999; Ferrera-Cobos et al., 2020;
Nwokolo and Amadi, 2018). Satellite data have also been used for
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Fig. 1. Experimental facility on the roof of the Higher Polytechnic School of
Burgos University, Spain.

Table 1
Technical specifications of pyranometers and pyrheliometer.
Model SR11 DRO1 ML-020P
Measurement Range 0 to 3000 (W/ 0 to 4000 (W/ 0-3000 (umol/s-m?)
2 2
m*) m*)
Calibration <18% k= <12%k=2) <2%k=2)
uncertainty 2)
Spectral Range 285 to 3000 x 200 to 4000 x 400 to 700 nm
10°m 10°m
Sensitivity (nominal) 15 x 107°V/ 10 x 107/ 0.15 x 107° v/
(W/m?) (W/m?) (umol/s-m?)
Operating —40°C to 80°C —40°C to 80°C —10°C to 50°C
temperature range
Temperature <+ 2% <+t1% +1.1%
response (-10°C to (-10°C to (-10°C to 50°C)
40°C) 40°C)
Table 2
Sky Camera Technical specifications.
Model SONA201-D
Sensor CMOS-2.3MP
Vision Angle <180° (fisheye lens)
Operating temperature —40°C to 55°C
Image format RAW

estimating PAR (Gao et al., 2011; Janjai and Wattan, 2011; Li et al.,
2015; Vindel et al., 2018), although those models need to be validated
from ground measured PAR data.

Over recent years, machine learning algorithms (ML) have been
developed as a useful tool for modelling meteorological and climatic
data (Huntingford et al., 2019; Torres et al., 2011). Artificial Neural
Networks (ANN) have been used for modelling PAR, with different
meteorological variables as input. Horizontal global solar irradiance,
solar azimuth angle, clearness index and different parameters to take
into account the atmospheric water vapor content such as the vapour
content, the wet bulb temperature or the dew point temperature, are the
most common inputs for developing an ANN for PAR estimations
(Foyo-Moreno et al., 2017; Jacovides et al., 2015; Yu and Guo, 2016).

The sky conditions have a relatively low influence on the PAR /RaGH
ratio. Escobedo et al. (Escobedo et al., 2009) concluded that the sky
conditions had no influence on PAR levels within a variation of + 8%.
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This conclusion might appear to contradict the definition of the PAR
models in relation to sky conditions (Alados et al., 2000; Bosch et al.,
2009; Dye, 2004; Serrano and Bosca, 2011). Most studies have deter-
mined that the PAR/RaGH ratio presents the highest values for
cloud-covered skies and the lowest for clear skies (Blackburn and
Proctor, 1983; Garcia-Rodriguez et al., 2020; Stigter and Musabilha,
1982; Yamashita and Yoshimura, 2018) where the definition of the sky
type is based on different criteria in each of the reviewed works (Gar-
cia-Rodriguez et al., 2020).

Independently of the PAR modelling procedure, RaGH has proven to
be sufficient in itself as a factor to obtain accurate PAR data (+5% ac-
curacy), with no consideration given to sky conditions (Ferrera-Cobos
etal., 2020) using different time intervals (hourly, daily, monthly basis).
However, the inclusion of other meteorological variables in the model
improved the estimations of PAR. The objective of this work is the
establishment of PAR models based on meteorological variables (or
meteorological indices (MIs)) that are easily accessible at ground
meteorological facilities. Its main novelties include the influence of sky
conditions on the models, paying attention to the CIE standard sky
classification (ISO, 2004), and using data collected at ten-minute
intervals.

The following MlIs are included in the study: clearness index (k,),
diffuse fraction (ky), direct fraction (k;), Perez’s clearness sky index (g),
brightness index (A), cloud cover (CC), air temperature (T), pressure (P),
solar azimuth cosine (cosZ), and horizontal global irradiation (RaGH).
First, a feature selection procedure was applied, to identify related
features and remove the irrelevant or less important ones. After the
feature selection procedure, two different strategies were used for
modelling PAR: multilinear regression and ANN. Analysis and compar-
isons of both models were conducted to study the influence of sky
conditions on the accuracy of the model. The experimental data for this
study were collected in an experimental campaign that ran from April
2019, to February 2021, in Burgos, Spain.

The paper will be structured as follows: after the Introduction Sec-
tion, the experimental facility and the measurement campaign as well
the quality filters applied to the experimental data will be described in
Section 2. This Section will also include the definition and description of
the meteorological indices used for modelling PAR. The CIE standard sky
classification in Burgos, Spain, during the experimental campaign will
be introduced in Section 3, as well the statistical analysis of the exper-
imental data. In Section 4, the feature selection algorithm will be
described. In Sections 5 and 6, the PAR modelling will be introduced
using multilinear regression models and ANNS, respectively. Finally, the
main results and some conclusions will be advanced in Section 7.

2. Experimental section

The ground meteorological facility where the experimental data used
in this study were recorded, is located on the flat roof of the Higher
Polytechnic School building (EPS) of Burgos University, Spain
(42°21'04" N, 3°41'20” W, 856 m above mean sea level) and it is shown
in Fig. 1. A complete description of the meteorological facility can be
found in previous papers (Garcia-Rodriguez et al., 2020; Gran-
ados-Lopez et al., 2020; Granados-Lopez et al., 2021; Suarez-Garcia
et al., 2020).

The following parameters are required for calculation of the ten MIs
detailed in this study: solar horizontal global irradiance, RaGH; hori-
zontal diffuse irradiance, RaDH; beam irradiance, RaB; cloud cover, CC;
PAR data; air temperature, T; pressure, P; and the sky conditions under
CIE standard. RaGH, RaDH and RaB were measured using a Hukseflux
pyranometers, model SR11, and a Hukseflux pyrheliometer, model
DRO1, respectively (Hulseflux, Delft, The Netherlands). The beam irra-
diance sensor was installed on a sun tracker, model Sun-Tracker 3000,
from Geonica (Gednica, Madrid, Spain). The diffuse irradiance sensor
was protected from direct sunlight by a shadow hat. An ML-020P
quantum sensor was used to measure Q,. Cloud cover, CC, was
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Table 3
Sky scanner technical specifications.

Model MS-321LR Sky Scanner
FOV 11°

Luminance 0 to 50 ked/m?
Radiance 0 to 300 W/m?

16 bits
2%

A/D Convertor
Calibration Error

measured by a sky camera model SONA201D (Sieltec Canary Islands,
Spain) and the sky luminance and irradiance distribution, needed to
establish the CIE standard sky conditions, was determined with a com-
mercial MS-321LR sky scanner manufactured by EKO instruments (EKO
Instruments Europe B.V., Den Haag, The Netherlands). Technical spec-
ifications of all instruments are shown in Tables 1-3

All meteorological and radiometric data were recorded every five
minutes (averages from 30 seconds). Q, data (ymol-sfl-mfz) were con-
verted into PAR data (W-m~2) using McCree’s conversion factor
(4.57 umol-J71). The sky scanner was adjusted on a monthly basis for
taking measurements from sunrise to sunset. It completed a full scan in
four minutes and started a new scan every 10 min. The first and last
measurements of the day were discarded, as well as measurements
higher than 50 kcd-m~2 and lower than 0.1 kcd-m~2, following the
specifications of the equipment. Only simultaneous data-sets could be
used. Experimental data were analyzed and then filtered using con-
ventional quality criteria (Gueymard and Ruiz-Arias, 2016). If a data-set
failed to pass the quality criteria, then all the simultaneous data-sets
were rejected. The original data-set counted 71600 datum, 36% of
which were eliminated after the filtering procedure.

Five of the meteorological indices (MIs) used in this study were
directly obtained from the experimental measurements: cloud cover
(CQC), from the sky camera; air temperature and pressure (T, P); hori-
zontal global irradiation (RaGH); and PAR, measured by the pyran-
ometers and the quantum sensor, respectively. Solar azimuth cosine
(cosZ) was calculated from the geometrical data of the location, using
well-known mathematical relationships Igbal, 1983). The other MIs
-clearness index (Igbal, 1983), k;, horizontal difuse fraction (Erbs et al.,
1982), ky; beam fraction (Suarez-Garcia et al., 2020), kp; and Perez’s
clearness index, € and brightness factor, A (Perez et al., 1990) were
calculated using Egs. (1) to ((6):
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_ RaGH
e By.-€y-cosZ,

@

where, B;. is the extraterrestrial irradiance constant (1361.1 W/
mz(Gueymard, 2018)); Zs is the angle between sky zenith, and sun, and
€o is the average value of the orbital eccentricity of the Earth, calculated
from eq. 2:

dy

gy =1+ 0.033-cos (2'71'-365) 2)
where d, is the day of the year.

RaDH

¢~ RaGH )

RaB-seny,
" = " RacH “)
where 7, is the solar elevation;

RaDH+RaB+ kz3

&= RaDH s (5)

1+k2

where k is 1.04 for Z; expressed in rad (or 5.56-107 if Z; is expressed in
degrees); and

-RaDH
PNl (6)
B9
where m is the optical air mass calculated using the Kasten model
(Kasten, 1993).

3. CIE standard sky classification in Burgos

Following the analysis, great variability was observed in the exper-
imental data, due to the different environmental and atmospheric con-
ditions during the extensive experimental campaign. In many studies,
the CIE standard sky classification for homogeneous skies has been
considered an adequate representation of empirical sky conditions
(Alshaibani, 2011; Li and Cheung, 2006; Li et al., 2008; Torres et al.,
2010a; Torres et al., 2010b; Tregenza, 2004). Sky types of the same
category have the same well-defined sky luminance pattern. The general
formula for defining the relative pattern of luminance for any sky type is
a combination of a gradation function, dependent on two parameters,
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Fig. 2. Frequency of occurrence (FOC, %) of CIE standard sky types in Burgos, Spain, between April 2019 and February 2021.
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Fig. 3. Statistical analysis of air temperature, T (a), and cloud cover, CC (b), vs. CIE standard sky type: before (1) and after (2) filtering the outliers.
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Fig. 4. The Pearson Correlation Coefficient (r(PAR, MI;)) calculated for the 10 MIs used in this study.

Table 4

The Pearson correlation coefficient or Pearson’s r(PAR, MI;) taking into account
the sky conditions defined by the CIE standard sky classification (overcast,
partial and clear).

[r(PAR, MI;)|
CIE sky type [1-0.9] (0.9-0.71 (0.7-0.5] (0.5-0.3] (0.3,0]
Overcast RaGH ke, A cosZ ky, € P, T
Partial RaGH cosZ ke, € ky, T CC, P
Clear RaGH, cosZ € ke ky, T

and the indicatrix function, which considers the scatter of luminance
with regard to the direction of sunrays, modelled as a function of three
adjustable parameters. The gradation function modifies the luminance
value between the horizon and the local zenith, assigning the highest
luminance value to the zenith with cloudy skies and in reverse to clear
skies. The indicatrix function shows the dispersion in the atmosphere of
sunlight. The maximum luminance appears near the solar position,
decreasing rapidly with the distance to the sun. Each of the functions
takes six different forms and the combination yields 36 sky types from
which 15 were selected: five overcast, five partly cloudy, and five clear
sky types. Once the sky types are identified, the basic solar irradiance
and daylight illuminance on the surfaces of interest can be obtained
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Table 5
Multilinear regression models of PAR.

Sky Multilinear R2 nRMSE nMAE nMBE
conditions regression model (%) (%) (%)
Clear skies PAR = 0.3806- 0.991 3.93 2.72 -2:107°
(MLR1) RaGH + 0.524-¢ +
33.247-cosZ — 2.646
Partial skies PAR = 0.3958- 0.976  7.81 5.04 -2107°
(MLR2) RaGH + 18.282-cosZ —
2.508
Overcast PAR = 0.4335- 0.985  6.62 4.44 -5.107°
skies RaGH — 7.726-k, —
(MLR3) 9.078-A + 4.065

through simple mathematical expressions (Li et al., 2013). Therefore,
the CIE standard sky taxonomy was selected for atmospheric conditions
reference. A complete description of the CIE standard sky classification
and the procedure to obtain the CIE standard sky classification from the
sky scanner measurements can be found in previous works (Gran-
ados-Lopez et al., 2021; Suarez-Garcia et al., 2020; Suarez-Garcia et al.,
2018). Fig. 2 shows the Frequency Of Occurrency (FOC) of the different
CIE standard sky types in Burgos during the experimental campaign,
which extended from April, 2019 to February, 2021. As can be seen, in
Burgos, the clear sky conditions were prevalent, as sky types 11 to 15
were the most frequent over the period under study. Sky type 13
(Cloudless polluted with a broader solar corona) had the highest FOC
(17.4%) followed by sky types 7 (Partly cloudy with a uniform gradation
and a brighter circumsolar effect) and 8 (Partly cloudy, rather uniform
with a clear solar corona).

Once the reference sky conditions had been established, The MIs
included in the study were analyzed from the sky conditions to identify
the correlation between the MIs and the CIE standard sky conditions.
The box-plot of the MIs, with respect to the CIE standard sky type, gave
the following conclusions: air temperature, pressure, and cosZ were not
influenced by the sky type, while CC, k, kg, kp, €, and A were greatly
affected by the sky conditions. A new quality test of the experimental
data was introduced, discarding any simultaneous data corresponding to
outliers in the box-plots. Fig. 3 shows the results for CC and T, where the
influence of the sky type on the MI value is almost negligible in the case
of T and very important in the case of CC. The discarded data reached
10%.

4. Feature selection

Feature Selection (FS) is the identification of related features within
a set of data and the removal of irrelevant or less important features that
contribute little or nothing to the definition of the target variable, so as
to achieve models of greater accuracy. FS is one of the core concepts of
ML that will impact on the performance of the developed model,
improving its precision and reducing its complexity and overfitting as
well as its runtime.

In this work, the Pearson criterion was used to analyze the degree of
correlation of each of the selected MIs to PAR. The Pearson criterion is
based on the Pearson correlation coefficient, r. For the case under study,
if PAR and one selected MI are strongly correlated, the Pearson coeffi-
cient is 1 (direct correlation) or -1 (inverse correlation). However, a
Pearson coefficient near 0 implies a weak or null correlation. The Thumb
rule (Mukaka, 2012) established five r intervals for the correlation:
direct (1 > |[r(PAR, ML)| > 0.9), strong (0.9 > |[r(PAR, ML)| > 0.7),
moderate (0.7 > |r(PAR, MI;)| > 0.5), weak (0.5 > |r (PAR, MI;)| > 0.3),
and negligible (|r(PAR, MI;)| < 0.3).

Fig. 4 shows the Pearson coefficient, r(PAR, MI;), calculated for the
10 MIs used in this study, regardless of the sky conditions. A direct
correlation was obtained between PAR and RaGH and a strong corre-
lation between PAR and ¢, k;, and cosZ. The r coefficient with the other
MIs was moderate, weak or negligible, so, these MIs were discarded as
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Fig. 5. Correlogram of the multilinear regression model of PAR: a) Clear skies;
b) Partial skies; ¢) Overcast skies.

inputs for modelling PAR.

As Fig. 4 highlights, RaGH, the geometric parameter solar azimuth
cosine, cosZ, Perez’s clearness index, ¢, and the clearness index, k;,
showed the strongest correlation to PAR (|r(PAR, MJ;)| > 0.7). These
results agree with the literature, in that RaGH (or alternatively k) is the
most widely used parameter for modelling PAR (Nwokolo and Amadi,
2018). Air pressure, P, the brightness factor, A, and cloud cover, CC,
presented weak correlations with PAR.

The data were clustered, taking into account the CIE standard sky
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Table 6

Statistical results of the ANN models.
Sky conditions R? nRMSE (%) nMAE (%) nMBE (%)
Clear skies (ANN1) 0.992 3.846 2.59 -2:10°°
Partial skies (ANN2) 0.977 7.795 5.00 -3.107°
Overcast skies (ANN3) 0.987 6.466 4.34 -5.107°

classification for clear sky (CIE sky types 1 to 5), and partial (CIE sky
types 6 to 10) and overcast sky conditions. The Pearson correlation
coefficient or Pearson’s r(PAR, MI;) was calculated taking into account
the sky classification and the results are shown in Table 4.

RaGH was the MI with the strongest correlation to PAR, regardless of
sky conditions. cosZ only showed a very strong correlation to PAR for
clear skies. MIs with strong correlations to PAR were ¢ for clear
skies, cosZ, for partial skies, and k;, and A in overcast sky conditions.
The brightness factor, A, that presented weak correlations to PAR when
data were not clustered, highlighted its strong correlation in overcast
sky conditions. In the following sections, the PAR is modelled by
following different procedures for each of the CIE standard sky condi-
tions that were developed using the MIs with the Pearson correlation
coefficient |r(PAR, MI;)|>0.7.

5. Multilinear regression models

Three multilinear regression models, one for each sky type, were
formulated to estimate PAR, based on the previous feature selection

process shown in Table 4. The experimental data-set, taking into account
the CIE standard classification, was randomly divided into two groups:
the first one, comprising 85% of the data, was used to fit the models. The
other group, with the remaining 15% of the data, was used to validate
the models. The statistics used for this validation were as follows: the
corresponding determination coefficient (R?), the normalized mean bias
error (nMBE), the normalized mean absolute error, nMAE, and the root
mean square error (nRMSE). The expressions for these last three statis-
tical terms are:

1 Y0 (PARyoq — PAR.y,)

MBE = —— x 100 (% 7
; e : %) %)
I [Y" (PAR,y — PAR.,)
nRMSE = i= )% 100 (%) 6)
PAR.,, n
1 " |PARoq — PAR,,
nMAE = 2] ¢ /| x 100 (%) 9

PAR,., n

where n is the number of the experimental data used for fitting the
models; PARpoq are the modelled values of PAR; and PAR,y, is the
experimental value of PAR. As Table 5 shows, the results of fitting the
models presented good correlation with the experimental data, given
that R2>0.97 and nRMSE was lower than 8% and nMAE lower than 5%.
The small and negative values of nMBE indicate that the models present
a good fit although tend to underestimate PAR values. The graph in
Fig. 5 shows the multilinear regression models for each of the sky
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Table 7
Results of the correlograms of the different models.
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conditions.
6. Artificial neural network for modelling PAR

This section proposes an Artificial Neural Network (ANN) trained
with the Levenberg-Marquardt Back-Propagation (LMBP) algorithm
(Du and Stephanus, 2018) that is used to model PAR for each of the CIE
standard sky conditions (clear, partial and overcast skies). ANN training
uses an iterative process to assign the correct weight that each neuron
must set to each input to obtain the desired output value, PAR data in
this case. Including the dependency between the input and output var-
iables is not necessary, because the ANN is training to learn this de-
pendency. ANN works as a ‘black box’ and only the final result is known
and not the intermediate processes that are followed. It is therefore not
possible to obtain the relationship between the input variables and their
relative weight in the final result. Fig. 6 illustrates the system archi-
tecture used in this work.

A three-layer configuration has been chosen: the input layer, where
the selected MIs for the model were introduced in the system; the hidden
layer, or the information processing centers and the output layer, where
the result is obtained. Each processing center (neuron) adjusts to the
other neurons in an interactive process. The fit of the weights (weighting
matrix, W) in each iteration is done using the Levenberg Marquardt
algorithm (Lv et al., 2017). Fig. 7 shows the structure of a neuron where
the input information is calculated from eq. 10:

K
n= Y WP+b (10)

J=1

W; are the components of the weighting matrix, P; are the input vari-
ables and b is the bias. The neuron generates an output, a, in Fig. 7,
through the activation function (f(n)) given, in this work, by Eq. 11:

_ 1
T l4em

fln) an

The input data-set of an ANN is divided into three groups for its
training process: a training group (with 70% of data), a validation data-
set (15% of data) and a test data-set (15% of data). The training and
validation groups have been established by dividing the fitting dataset
used in the MLR modelling. The training group is used to determine the
weighted matrix and the bias in an iterative process. The training is over
when the results of the performance of the resulting model, calculated
using the validation set, reach the desired quality. The test data group is
used to calculate the performance of the model. The test data-set
matched the one used for the test of the multilinear regression models
fitted in the previous section.

Three ANNs were developed and tested in this work, one for each sky
type, based on the feature selection previously performed and shown in
Table 4. The statistic used for the validation of the models were the
corresponding determination coefficient (R?), the normalized mean bias
error (NMBE), and the normalized root mean square error (nRMSE),
previously defined. Table 6 summarizes the statistical results of the
ANNSs, and Fig. 8 shows a graph of these results.

The slope and intercept (W-m~2) of the correlograms shown in Figs. 5
and 8 give a practically perfect fit for all sky conditions, as the results
show in Table 7.

Sky conditions R? Slope Intercept (W-m~2) Sky conditions R? Slope Intercept(W-m~2)
Clear skies (MLR1) 0.992 1.0009 -0.6753 Clear skies (ANN1) 0.992 1.0004 -0.5484
Partial skies (MLR2) 0.978 0.9922 0.6845 Partial 0.978 0.9924 0.6078
skies (ANN2)
Overcast skies (MLR3) 0.987 0.9990 -0.2836 Overcast skies (ANN3) 0.988 1.0002 -0.3550
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7. Conclusions

Two different procedures, multilinear regression and ANNs, have
been used to develop PAR models using Meteorological Indices (MIs). A
previous feature selection procedure has been performed with the
Pearson’s correlation coefficient that pointed to the most influential
variables, so that the irrelevant ones could be discarded. As its main
novelty, sky conditions were included in the modelling of PAR, using the
CIE standard sky classification as the criterion for the definition of clear,
partial, and overcast skies. The experimental data-set collected at ten-
minute intervals, was extended for twenty-two months. In addition to
the traditional quality filters for solar radiation measurements, a second
filtering procedure has been applied in statistical terms and according to
the clustering of the data following the CIE standard sky classification,
which guarantees the quality and homogeneity of the experimental data
for each of the established sky conditions.

A feature selection procedure has been applied before the modelling
of PAR, for selecting the most influential variables and discarding the
most redundant ones. In the feature selection procedure, a maximum of
three MIs were selected as input for the models. RaGH was the common
MI used by all models and for all sky conditions. The additional variables
were the geometrical parameter, cosZ, and three variables related to the
sky conditions, k., €, and A. These variables have been used in other
works for modelling PAR (Aguiar et al., 2012; Alados-Arboledas et al.,
2000; Alados et al., 1996; Lopez et al., 2001; Wang et al., 2014) with
different time intervals and following different strategies, obtaining
comparable results to this work.

Both modelling methods, multilinear regression and ANN, have ob-
tained very high determination coefficients (R%) with very close results
in the models for each of the different sky conditions. Slight improve-
ments were observed in the ANN models. The lowest nRMSE values were
obtained for clear skies models while modelling of partial conditions
yielded the highest values. nMBE values were practically insignificant in
all cases, although its negative value showed than all models tend to
underestimate PAR values.

Regarding the ANN models of PAR, the use of Levenberg-Marquardt
Back-Propagation (LMBP) algorithm with three layers (input, hidden
layer and output) was the chosen configuration, based on literature data
(Ferrera-Cobos et al., 2020) and previous experience.

In this study, the equivalence of multilinear regression models and
ANN models of PAR following a feature selection procedure has been
highlighted. The main advantage of the multilinear regression models is
knowledge of the relationship between the variables: in the case of PAR,
the RaGH coefficient indicated that PAR value is higher under overcast
sky conditions than in partial and clear skies, as previous works have
demonstrated (Garcia-Rodriguez et al., 2020). The transferability of the
models to other locations and its local adaptation will be discussed in
future works.
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