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Abstract. We report on the construction of generic models to calculate photosynthetically active radiation (PAR) from
global horizontal irradiance (GHI), and vice versa. Our study took place at stations of the Greek UV network (UVNET) and
the Hellenic solar energy network (HNSE) with- measurements from NILU-UV multi-filter radiometers and CM
pyranometers, chosen due to their long (=1M record/site) high temporal resolution (=1 minute) record that captures a broad
range of atmospheric environments and cloudiness conditions. The uncertainty of the PAR measurements is quantified to be
+6.5% while the uncertainty involved in GHI measurements is up to = 7% according to the manufacturer. We show how
multi-linear regression and nonlinear neural network (NN) models, trained at a calibration site (Thessaloniki) can be made
generic provided that the input-output time series are processed with multi-channel singular spectrum analysis (M-SSA).
Without M-SSA, both linear and nonlinear models perform well only locally. M-SSA with 50 time-lags is found to be
sufficient for identification of trend, periodic and noise components in aerosol, cloud parameters and irradiance, and to
construct regularized noise models of PAR from GHI irradiances. Reconstructed PAR and GHI time series capture ~ 95% of
the variance of the cross-validated target measurements and have median absolute percentage errors < 2%. The intra-site
median absolute error of M-SSA processed models were ~ 8.2 + 1.7 W/m® for PAR and ~ 9.2 + 4.2 W/m? for GHI. When
applying the models trained at Thessaloniki to other stations, the average absolute mean bias between the model estimates

and measured values was found to be ~ 1.2 W/m’ for PAR and ~ 0.8 W/m? for GHI. For the models, percentage errors are



well within the uncertainty of the measurements at all sites. Generic NN models were found to perform marginally better
than their linear counterparts.
Keywords: Photosynthetically Active Radiation, Global Horizontal Irradiance, Neural Networks, Singular Spectrum

Analysis, Radiative Transfer, CM Kipp & Zonnen, NILU-UV

1 Introduction

Photosynthetically active radiation (PAR) occupies the narrow spectral range (=400-700nm) of solar irradiance and is a key
variable in ecophysiological models where accurate estimates are critical (Aguiar et al., 2012). PAR is used to estimate leaf
photosynthesis (McCree, 1972; Alados-Arboledas 1996), to measure the productivity of forests (Landsberg & Waring,
1997), to probe the structure of forest canopies (Perry et al., 1988), and to calculate the euphotic depth of the oceans (Kirk,
1979). Moreover, the need to better constrain agents involved in climate change, mean that accurate PAR measurements
have become central to reliable determination of the level of radiation intercepted by high volume biomass and its forcing
effect (Zhang et al. 2000; Xu et al., 2003), as well as the impact of deforestation (Costa et al., 2007) and climate change on
agriculture (Ma et al., 2012; Pei et al 2013). In terms of PAR measurement, optical instruments have been the most precise
and direct method for obtaining PAR values (Udo and Aro 1999; Ross and Sulev 2000) but are not routinely carried out at
the vast array of global radiometric sites (e.g. Ge et al., 2011; Wang et al., 2013; 2015a; 2015b). As a result, in many areas
strongly affected by biomass burning such as the vast Amazon region of South America or the southern African savannahs
for example, few empirical studies have taken place (Tsubo & Walker 2002; Aguiar et al., 2012). Consequently, PAR
estimates are derived from radiative transfer models (RTMs) or from application of empirical relationships which usually
depend sensitively on local conditions (Gonzalez & Calbo 2002; Gueymard, 2008; Lu et al., 2011; Aguiar et al., 2012; Wang
& Shi, 2010; Janjai & Wattan, 2011; Ge et al., 2011). As a result, the advice is to use conversion relationships when
combining solar measurements and meteorological parameters (Udo & Aro, 1999; Ross & Sulev, 2000; Gueymard, 1989;
Bai, 2012).

The strong dependence of PAR on global horizontal irradiance (GHI) levels (Bai, 2012) means that it can be derived from a

potentially large pool of global measurements. Furthermore, due to the outstanding growth of technologies targeted at



deploying the potential of solar energy for electricity production (IEA, 2012; IEA, 2014: Executive Summary) as an
abundant renewable resource (Szuromi et al., 2007); Burnett et al. (2014); Sarralde et al. (2015)), a large number of studies
(Fernandez-Peruchena & Gaston, 2016; McCandless, Haupt & Young, 2015; Zell, 2015; Sundaram & Sarat Chandra Babu,
2015; Pierro et al., 2015; Pedro & Coimbra, 2015; Zempila et al., 2016a; Kashyap, Bansal & Sao, 2015; Lopez et al., 2001)
have proposed many methods to derive the GHI that is exploited in Photovoltaic systems (PV) (Salas et al, 2009), and to
assess, map, validate and predict its abundancy worldwide.

While PAR and GHI are strongly inter-connected, a lack of coincidence in their measurements results in inhomogeneous
time series that may contain large data gaps. In addition, the PAR to GHI ratio experiences large diurnal or/and seasonal
variations due to cloud fraction, solar elevation and perceptible water in the atmosphere (Alados et al, 1996; Udo & ARO,
1999; Ross & Sulev, 2000). Thus, different models that assess PAR and GHI under the whole range of sky conditions can be
found in the literature (Hanan & Begue 1995; Alados et al., 1996; Ross et al., 1998; Gueymard, 1989; Alados-Arboledas et
al., 2000; Ross & Sulev, 2000; Zhang et al., 2000; Cho et al. 2003; Rubio et al., 2005; Bosch et al. 2008, Bai, 2012).

In this work, we therefore develop and assess the performance of linear regression (LR), multiple linear regression (MLR)
and nonlinear neural networks (NN) to generically calculate PAR from GHI (and vice versa). In the multivariate models we
include the solar zenith angle (SZA), the columnar perceptible water vapour (WV) and the aerosol optical depth (AOD) at
500nm in order to account implicitly for the combined effect of cloud and aerosol.

The rest of this report is arranged as follows. In Section 2 we describe the study region and overview the general
characteristics of the substantive record of calibrated measurements from UVNET and HNSE used in this work. In Section 3,
we carefully describe the data pre-processing and instrumental techniques applied to ensure the integrity of the time series
used for model development and assessment. Multi-channel singular spectrum analysis (M-SSA) which we use for
decomposition, noise regularization and reconstruction of the time series is described here. Section 4 then presents the
construction of linear and nonlinear NN models of PAR from GHI (and vice-versa) together with a description of the
procedure used to train and optimize them. Here, we also report their range of validity. In Section 5, we present simulation
results for PAR and GHI obtained from feeding the models with satellite-calibrated inputs, and we discuss to what extent the

models are generic. We sum up our findings in Section 6 and suggest further work and potential areas of application.



2 Study area and observations

We have selected Greece as the study region for two principal reasons: i) a substantive record (>100K measurements per
monitoring site) of high temporal resolution (=1 minute) co-located data is provided by the two monitoring networks (PAR
from UVNET and GHI from HNSE), ii) the region (latitude: 34°-42°N, longitude: 19°-28°E) is located at a crossroad of
seasonal aerosol flows (influenced for example by dust episodes from Northern Africa and the Middle East as well as local
and transcontinental clouds of biomass burning products) and is exposed to a broad range of atmospheric and cloud
conditions. Greece (latitude: 34°-42°N, longitude: 19°-28°E) is located at the southeastern end of the European continent and
is characterized by a mountainous peninsular mainland in the southeast Mediterranean basin, covering a region of nearly

132,000 km?.

2.1 UVNET: NILU-UV PAR measurements

In line with the scientific objectives of UVNET, 7 monitoring stations were established during 2005 to monitor solar
irradiance under different atmospheric environments (urban and rural) and climatological conditions. UVNET has the
necessary infrastructure in place to ensure smooth and seamless operation and network interconnectivity of the UV
monitoring instruments and, in particular, each station is equipped with a NILU-UV multi-filter radiometer that provides
irradiance measurements in 5 UV wavelength bins (nominally at 305, 312, 320, 340 and 380nm) together with a sixth
channel for measuring PAR. For all channels, mean values are recorded at one-minute intervals together with the

corresponding standard deviation.

2.1.1 Absolute calibration

The absolute calibration of the PAR channel of the NILU-UV radiometers is easy to achieve by comparison against a
calibrated standard lamp. While this is available at LAP, it is not available at the other stations. Therefore an alternative,
slightly less accurate method has been used based on simulations with the libRadtran radiative transfer model (Mayer &
Kylling, 2005) and following the methodology proposed by Dalhback (1996). In particular, irradiance spectra from 290-4500
nm were derived for each station of the network with the uvspec model based on the following input information: the total

ozone column (TOC), the AOD at 550nm, WV, SZA, the date, and the height above sea level. For all stations used in this



study, TOC, AOD and WV were derived from satellite overpasses. In particular, daily overpass data (Collection 3, V8.3)
from the ozone monitoring instrument (OMI) onboard the Aura platform was used for TOC and daily data gridded at 1°x1°
(Collection 5, Level 3) from the moderate resolution imaging spectroradiometer (MODIS) onboard the Aqua and Terra
platforms (also in the A-train), was used to retrieve AOD and WV. Spectra resulting from uvspec simulations were then
evaluated against concurrent clear-sky measurements of the GHI derived from the CM type Kipp & Zonnen pyranometers of
the HNSE (see Section 2.2 for details). After the evaluation and spectral refinement of the RTM dataset based on
comparisons made with ground-based GHI measurements (differences of 2% and below were obtained during the
performance of this quantitative test), PAR measurements were then calibrated by taking into account the trend (corrected by
smoothing spline implementation and found to be of the order of < 3%) and the seasonality corrected by 3-cycle Fourier
analysis using the Levenberg-Marquardt algorithm (LMA) and a least absolute residual (LAR) robust fit to minimize the
effect of sparse extreme values due to random incidences that were not monitored by the quality control imposed on the data
series. The seasonal component was detected to be < 5%. Thus, any small degradation of the PAR channel and the effects of
azimuthal and cosine errors were implicitly taken into account, while the error due to the non-ideal spectral response of the
PAR channel was also implicitly corrected through model assimilations that were performed with an ideal flat weighting
function.

Furthermore, in Thessaloniki, where a double-monochromator Brewer spectroradiometer and a Cimel sunphotometer, as part
of NASA’s aerosol robotic network (AERONET) are in regular operation, TOC, AOD and WYV from these ground-based
instruments were also used as input data in the RTM simulations. Mean differences due to the different types of input data
used to calibrate the PAR data, were found to be less than 0.5% with a standard deviation of 1.21%. Consequently the
calibration of the PAR channel using satellite inputs in the model-derived estimates can be considered to be of comparable
accuracy to that obtained with ground-based input data. For all 6 NILU-UV multi-filter radiometers, the absolute percentage
difference between the PAR data and RTM estimates is provided in Table 1 together with the associated number of
observations. In Thessaloniki, both the ground-based (GRD) and satellite-based (SAT) calibration procedures are evaluated
to assure the homogeneity of the method applied to all 6 stations.

Table 1 Absolute calibration percentage error and the corresponding number of concurrent measurement observations from the PAR
channel of the 6 participating NILU-UV stations used in this study. The absolute error for the co-located satellite calibration at
Thessaloniki is also shown.



UVNET Stations | Abbrev. Absolute Error (%) No of Observations (N)
Athens ATH +1.26 298
Finokalia FIN +0.67 77
loannina IOA +1.88 320
Mytilene MYT +1.15 480
Thessaloniki (GRD) THE +2.04 3418
Thessaloniki (SAT) THE +1.66 428
Xanthi XAN +1.41 199

In order to investigate the level of accuracy of the absolute calibration factor derived in this way, data calibrated with the
original calibration certificate of NILU-UV 04103 were compared and differences between the two calibrations were
calculated for a day that was cloud-free (6" of June 2005, 17.2<SZA<-80) and a day when clouds were present (8" of May
2005) throughout the whole sunshine duration. Under clear skies (cloud free cases) the percentage differences were found to
be equal to ~3.73%, under scattered cloud conditions the estimated bias was 5.26%, while under overcast skies with low
irradiances the error reached a maximum of 8% when the RTM-derived calibration was found to overestimate the derived
PAR values. Since the manufacturer provides the PAR data in uE/m%s an additional 3.97% of uncertainty is also calculated
based on each RT model spectrum used based on the conversion number provided by Young et al., 1987. Therefore the
overall uncertainty of the absolute calibration of the PAR channel is equal to 11.72-14.3% or £6.51% (section 2.1.4).

2.1.2 Optical characterization

Prior to deployment in UVNET stations, all instruments were optically characterized at the facilities of the Laboratory of
Atmospheric Physics (LAP) in Thessaloniki, Greece, and the spectral, angular and azimuthal responses are calculated for
each channel. The optical characterization unit consists of a 2000W Xenon lamp (ORIEL model 6269) with output spectral
range between 220-2400nm that serves as the radiation source. A double monochromator (Jobin-Yvon SpectraMate 1680)
with a triangular slit function of FWHM = 2.25 nm produces quasi-monochromatic radiation. The monochromatic beam is
separated into two components by a quartz beam splitter that transmits 90% to the tested instrument and reflects 10% to a
calibrated photodiode (Gigahertz-Optik PD-9306) that monitors the stability of the monocromator’s output with an
uncertainty of +4% in the spectral region 380-900nm. By combining the individual uncertainty levels from the key

components of the optical characterization unit, we estimate that the uncertainty in determining the spectral response of the

PAR channel is ~5%. To be specific, with uncertainties associated with the photodiode, the monochromator’s wavelength



accuracy and the stability of the monochromator’s output being +2%, +0.16% and 4% respectively, the combined
uncertainty is calculated to be  [(2%)*+ (0.16%)> + (4%)?] = +4.475%.

For the angular response, determination, the same unit is used while the tested instrument is rotated around a vertical axis
perpendicular to the output beam of the monochromator. To increase the signal at large incidence angles, the gratings in the
monochromator are set to non-dispersive position so that the whole spectrum of the lamp is directed to the output. The
uncertainty of this measurement is only affected by the accuracy of the rotation system and the stability of the photodiode,
and is estimated to be of the order of ~5%. To be specific, here we summed the accuracies associated with the photodiode
(2%), the positioning of the instrument (2.5%) and the rotation of the system (0.01 degrees over each 1 degree angular
interval = 1%) giving a total of 5.5%. In Fig. 1 the spectral response of the PAR channel of each of the 6 UVYNET NILU-UV
instruments used in this study are provided. The spectral response increases almost monotonically with increasing
wavelength with the value at 400 nm being about 20% of the maximum that occurs at around 700 nm and is far from the
expected ideal response of unity over this wavelength range. This deviation from the ideal response results in a small
dependency on SZA and AOD variations of up to about 1.5% and 2%, respectively, for all SZAs, and for AOD at 500 nm
between 0 and 1.2. Changes of up to £0.5% in the integral of the spectral response of the NILU-UV 04103 PAR channel
were detected from two measurements taken 5 years apart, while the general shape of the response remained practically the

same.
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Figure 1 PAR channel spectral responses (normalized to the maximum) for the 6 NILU-UV instruments of UVNET.

In Fig. 2 the cosine error of the PAR channel is shown for NILU 04103 (the error for the other instruments are similar and

are not shown for the sake of clarity). The cosine error of the PAR channel is found to be < 10% for angles of incidence <
80° for all 6 instruments tested.
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Figure 2 Cosine error of the PAR channel of NILU-UV 04103 in two perpendicular azimuthal directions.

Although angular response corrections are not typically applied on NILU-UV PAR measurements (Lakkala et al, 2016), in
our case the cosine error of the PAR channel was estimated from the measured angular-response data in accordance with
standard practices (Seckmeyer at al., 1993; Feister et al., 1997, Landelius et al., 2000). In order to derive the contribution of
the direct and diffuse radiation to the cosine correction factor, knowledge of the ratio of direct to global irradiance is
necessary (Bais et al, 1998). For PAR, the contribution of the direct component (which is directly proportional to the cosine
error), is comparable to that of the diffuse component due to the reduced scattered radiation in this wavelength band, and was
found to range on average between about 60% and 25% for SZA of 20° and 70°. Taking into account that the cosine
correction for the direct component is very small for small SZAs (up to 3% for SZA = 20°) and increases to 15% at SZA =

70° (see Fig. 2), the contribution of the direct component to the correction factor is of the order 2-4%. The contribution of
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the diffuse component can be quantified through the f4 parameter given in Eqg. 1 under the assumption that diffuse radiation
is isotropic (Bais et al, 1998):

_ I R;(8)-sinB-cos6dBd¢

fa = ff sinB-cosBdOd@ (1)

where: 0 is the solar zenith angle, ¢ is the azimuthal angle, and R;(8) is the cosine response of the j™ channel. The f, derived
for NILU-UV 04103 from the mean of the angular spectral response measured at two perpendicular azimuthal directions was
estimated to be +3.5%, resulting in a contribution of the diffuse component to the cosine correction factor of 2-4% for SZAs
between 20° and 70°. Therefore, the cosine correction factor for PAR under clear skies is 4-8% and is about 4% under
cloudy conditions. Similar cosine errors are calculated for the other six instruments of UVNET. Finally, in this sub-section,
the azimuthal dependence of the PAR channel was further evaluated by sequential measurements under real conditions for
different azimuthal orientations of the instrument at an approximately constant SZA of 60°. The measurements at different
azimuths were found to have a variability of 2.7% and are well below the limit of 5% set by other studies (e.g. Hgiskar et al.,

2003).

2.1.3 Stability Tests

Although the instruments are temperature controlled to 50°+0.005° C, the temperature effect on PAR measurements from
NILU-UV 04103 was investigated based on lamp measurements. The raw counts of the PAR channel were monitored for
different internal temperatures in the range 35°-55° C and showed insignificant sensitivity (0.002%/°C) to temperature
changes. The linearity of the channel is also investigated during the optical characterization in the indoor unit by changing
the monocromator’s white light output with lenses. No linearity issues were detected for the PAR channel. Moreover, the
instruments were checked daily for the level of their dark signal making sure that this signal was at least 10* times lower than
the magnitude of the signal during daytime. The long-term stability of the PAR channel is monitored routinely on a monthly
basis in Thessaloniki, using alternatively two sets of three 150W lamps. The current of each lamp is monitored by a
computerized system and is stabilized to 6.6 A. Each lamp is warmed for about 5 minutes before it is placed onto the
instrument to avoid overheating the diffuser. Since this increases the risk of damaging the lamp, extra care is taken to

smoothly move and position the lamp. The measurement lasts for 1 minute and the lamp is then removed. After 1 minute the
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same lamp is measured once again aiming to exclude any random and uncontrolled incidences during the lamp
measurements. For monitoring the stability of the PAR channel, mean values of the measured raw data are used. All 6 lamps
result in a quite stable signal and their maximum percentage coefficient of variation (standard deviation relative to the mean
over all 6 lamp values) during the under study period is ~3.1%. Furthermore for NILU-UV 04103 in Thessaloniki,
comparison against a very stable CM-21 pyranometer of Kipp & Zonnen (Bais et al, 2013) (see section 2.2) did not reveal
any long-term trend in the ratio PAR counts over GHI calibrated data, apart from a seasonal component attributable mainly
to the seasonal cycle of water vapor that affects almost exclusively the GHI measurements. Similar comparisons were
performed for all stations included in this study so as to assess the stability of the PAR channel for the period investigated at

each station.

2.1.4 Overall uncertainty of the PAR data

In Table 2 the uncertainties of each key component of the PAR calibration is evaluated and the overall uncertainty of this
dataset is assessed. We have assumed that errors related to tilt are negligible for this type of silicon diffuser. Furthermore, the
NILU-UV instrument in Thessaloniki has been routinely checked during the ten year period of its operation and it has not
been necessary to address any changes in the tilting even though severe weather conditions (strong winds like the Vardaris
flow) are dominant at the greater area of Thessaloniki. Here, we also wish to note that the study period excludes the first 5
months of deployment in order to minimize the effect of severe degradation (particularly the impact of soiling on the UV
channels) associated with the initial exposure of the instrument to real weather conditions. In UVNET therefore, our
instruments are maintained with caution especially to the Southern part of Greece were Sahara dust events are more frequent

(e.g. Finokalia, Crete).
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Table 2 Uncertainties of each key component of the calibration procedures applied to the PAR data.

Type Estimated Uncertainty
Optical Calibration unit
Spectral response 5%
Angular response 5%
Change of spectral response/year 0.2%
Calibration Procedure
Absolute calibration 6.91%
Angular response 4-8%
Spectral response 5%
Azimuthal response 2.7%
Variability in the model estimations 2.88%

Overall Calibration Procedure

11.72-14.3%

12



The application of the RTM is a component that introduces an additional uncertainty of 5.99% (absolute calibration and
variability in the RTM estimations). Its necessity is due to lack of independent absolute calibration at stations that are not
monitored routinely via lamp checks or other ancillary data. Based on Table 2, we are able to assure that the accuracy of the
time series obtained from the PAR channel is on average +6.5%. The validity of this calibration procedure is further verified
(indirectly) by successful deployment of the models on data from other instruments in UVNET that have unique correction

and calibration factors (see section 5.3). We summarize the steps involved in calibration of the PAR channel in Fig. 3.

* Monthly lamp o z
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t t
PAR channel ndmodel PAR
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Figure 3 Schematic of the key procedures used to calibrate the PAR channel of NILU-UV at all 6 stations of UVNET.
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2.2 HNSE: CM measurements

In 2011, the HNSE was established to augment UVNET (Bais et al., 2013), and extended the number of monitoring stations
from 6 to 13 to increase the spatial representivity of measurements in the region. Interestingly, a cluster analysis of the mean
cloud coverage over Greece performed by Zagouras et al. (2013, 2014) suggests that the country can be divided into 22
spatially-distinct regions, each with their own characteristic (mean) cloud conditions. This is relevant to an assessment of the
spatial representivity of the monitoring network. Each station of the HNSE is equipped with CM (Kipp & Zonen)
pyranometers (types CM10, CM11 and CM21), that provide GHI records at one-minute intervals as mean values together
with the corresponding standard deviation (usually between 50 and 60 seconds). Geolocation and Pyranometer type
information is summarized in Table 3.

Table 3 Geolocation and pyranometer type information for instruments used to provide GHI measurements at the monitoring stations of
HNSE used in this study. Supplementary information for the NILU-UV instruments of UVNET is also provided for completeness.

Station Abbrev.  Latitude (N)  Longitude (E)  Altitude (m) Pyranometer NILU-UV model #

Athens ATH 37.99 23.78 180 CM21 04105
Finokalia FIN 35.34 25.67 250 CMm11 04109
loannina I0A 39.62 20.85 541 CM10 04111
Mytilene MYT 39.11 26.55 80 CMm11 04107

Thessaloniki THE 40.69 22.96 60 CM21 04103

Xanthi XAN 41.14 24.89 75 CM11 04110

Prior to deployment in HNSE stations, all pyranometers were calibrated in the laboratory via the standard technique of
comparing the GHI to that obtained from a 150 Watt Hg radiation source. Absolute calibration factors were deliberated and
applied to the raw dark-corrected signals in order to assess the GHI at each station. Recalibration of the instruments is
scheduled for repetition every 5 years in accordance with the documented stability of CM pyranometers (Bais et al., 2012).
According to the manufacturer’s manual, CM typepyranometers may suffer from nonlinearity (<+0.2%), spectral selectivity
(+2%), temperature dependence of sensitivity (<+1%), tilt errors (<+0.2%), instability (<+0.5%) and a cosine error of the
order of +6%. Thus we can conclude that in general the maximum uncertainty for the GHI measurements is v [(0.2%)* +

(2%)? + (1%)° + (0.2%)+ (0.5%)°+ (6%)?] = + 6.43%.

14



As has been pointed out by Gueymard and Myers (2008) in the context of the construction of new models, data is often
measured at one or a small number of specifically chosen sites, and the generality of a given model is then verified by tests
performed at other sites. This is the approach we adopt here. In particular, since measurements at the Thessaloniki node are
well-characterized, have documented uncertainties, are quality-assured, volumous and of high temporal resolution, this site
will be used for training and validating the GHI and PAR models developed in this study - so that they can be tested with
confidence elsewhere. Also, with careful emphasis on the min-max ranges of parameters used during the model development
stage, we will aim to capture as broad a range of atmospheric conditions as possible and hence to maximize the generality of

the models.

3 Preliminary data analysis and pre-processing

3.1 Data redundancy and co-linearity tests

In Section 4 we will describe the construction of LR, MLR and NN models that relate a target (output) variable (PAR or
GHI) to a set of input variables (SZA, WV and/or AOD) plus either PAR or GHI depending on the choice of target variable.
While a physical basis for this choice of variables has been described in Section 1, we began by assessing whether or not
there was any possible redundancy in the choice of 4 inputs variables using principal components analysis and factor
analysis (PCA-FA). The aim of this is to see if it is possible (and/or necessary) to reduce the complexity of the model and
any potential co-linearity, and determine the relevant variables needed to derive the values of the output variable from a
candidate list of input variables. The PAR and GHI models we construct have the following functional forms:

PAR = f, (GHI, SZA, WV, AOD) 2)

GHI = £, (PAR, SZA, WV, AOD) (3)

and the sought-after candidate list of input variables is provided by the right-hand sides of the above two equations. We
performed PCA-FA and found, for the input variable matrices for the PAR and GHI models of Eq. 2 and Eg. 3, the
correlations between the input variables are not strong enough to warrant or require dimensionality reduction of the data, and
that working with PCs instead of the original variables does not appear to provide any statistical advantage. The corrolary of

this is that PCA shows that the four inputs (SZA, WV, AOD and irradiance) are strongly linearly independent and therefore,
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given the physical basis outlined in Section 2, are suitable for model development. The details of the full PCA-FA can be

found in Appendix A.

3.2 Empirical conversion of PAR counts to irradiance and satellite calibration

In preparing time series for this study, we converted raw PAR counts to irradiance estimates in units of W/m? so as to
facilitate a direct comparison with GHI irradiances. The empirical approach we adopt, described in detail below, is motivated
by a recent study demonstrating that light intensity loggers for estimating PAR have been found to be as accurate and
reliable to within 3.8% as factory-calibrated scalar PAR sensors under a wide range of environmental conditions (Long et al.,
2012).

In order to indirect calibrate the PAR measurements, clear sky raw counts (using the cloud detection algorithm proposed by
Zempila et al., 2016b) were first regressed on RTM estimates obtained with satellite data as inputs, but a clear linear bias
was detected that increases with the size of the PAR irradiance as shown in Fig. 1. Although the magnitude of the trend and
seasonal component due to degradation and cosine and azimuthal errors are less than 3% and 5% respectively, detrending via
application of a smoothing spline interpolation in conjunction with deseasonalization of the raw PAR counts using 3-cycle
Fourier analysis was able to remove this bias (see Fig. 4) and produce a clean linear mapping between counts and RTM

model estimates having an intercept of ~3.7 W/m? and a slope of 1.009 (Pearson R=0.987).
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Figure 4 The effect of detrending and deseasonalizing on the linear regression of clear skies raw PAR count data on RTM estimates
obtained using satellite data as inputs. The plot of raw data is shown by blue circles while the plot of detrended and deseasonalized data is
shown by red dots. All data is from the Thessaloniki site in the HNSE.
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3.3 Time series regularization with multi-channel singular spectrum analysis (M-SSA)

The time series data used in this study, being of geophysical origin, are highly variable. The SZA, PAR and GHI signals are
dominated by the diurnal cycle. Furthermore, the irradiances are strongly modulated by sporadic and non-deterministic
changes in cloud cover, columnar WV and AOD which also have an impact on surface radiation levels (Taylor et al., 2016).
As such, the time series are very noisy (we will address the issue of whether or not they are linearly or nonlinearly
deterministic in Section 5). In order to facilitate NN learning of the functional relation f; and f, in the PAR and GHI models
of Eq. 2 and Eq. 3, the time series variables were made covariant (i.e. normalized by centering on the mean and scaling to the
standard deviation), and were detrended and deseasonalized using singular spectrum analysis (SSA). Before presenting the
details of SSA, we would like to emphasize that this type of detrending and deseasonalization is independent of the
methodology applied during the calibration procedures for the PAR measurements, and is not connected in any way to the
accuracy of the time series themselves. The rationale behind performing this type of time series decomposition is to be able
to correctly model the effects of WV and AOD which can be masked in the daily pattern of the irradiance data, especially
during clear sky conditions and on days with light broken/scattered cloud. On overcast days, or obscuration events associated
with rapid variations in cloud density, the daily curve is probably nearly 100% noise. On these particular days, SSA does not
provide that much of advantage.

Being based on the residual time series, the NN models therefore seek the underlying relation between the covariant noise
signal for the output irradiance and that of each input variable. The modeled PAR and GHI signals are then reconstructed by
re-incorporating the extracted trend and periodic components and denormalizing the reconstructed output signal. While it
may be surprising to want to perform function approximation on the residuals, one should note that noise (usually Gaussian)
is often deliberately added to NN models to help regularize highly variable input data and prevent them from yielding
unreasonable responses (Holmstrém & Koistinen, 1992; Bishop, 1995; Di Noia et al., 2015). Here, we are doing the exact
opposite, i.e. we are removing the deregularizing trend and periodic components from the input and output time series, and
then modeling the noise. The results of Section 5 suggest that this approach is effective for the LR, MLR and NN models we
construct. We shall also see why M-SSA is key to the generic capabilities of the (nonlinear) NN models and their (linear) LR

and MLR counter-parts. For now, we outline the practical details of the M-SSA approach we have adopted to decompose the
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input and output time series into additive trend, periodic and noise components, and to produce the regularized noise models
used in this study.

SSA is a non-parametric spectral estimation technique that can separate time series into a sum of interpretable components
(see the two reviews by Golyandina et al., 2001; Ghil et al., 2002 for more mathematical detail). The method gets its name
from the spectrum of eigenvalues in a singular value decomposition (SVD) of a lag-covariance matrix formed from M
successive lagged versions of the time series. The lag-covariance matrix can be estimated directly from the data as a Toeplitz
matrix with constant diagonals (Vautard & Ghil, 1989) and can lead to better noise reduction, but it has been noted that this
can lead to a slightly larger bias when the time series is strongly non-stationary (Ghil et al., 2002). More importantly
however, for long time series (e.g. N > 10° as in the case of the simulation runs we perform in Section 5), the calculation of
the SVD in this way is prohibitive in terms of computer runtime on even a relatively powerful desktop PC (e.g. a quad-core
3GHz 16Gb RAM workstation running MATLAB under Windows 7). In a different approach to the problem of estimating
the SVD, Broomhead and King (1986) showed how rather accurate decompositions (and therefore accurate reconstructions)
of time series can be achieved by embedding the time series in a vector space of lower dimension using the Theorem of
Takens (1981). In this delay-coordinate phase space, SSA untangles trajectories by providing data-adaptive filters that help
separate the time series into statistically independent eigenmodes (“components™) at zero lag associated with trends,
oscillatory patterns, and noise. It is important to note that trends need not be linear and that oscillations can be amplitude and
phase modulated (Ghil et al., 2002). So, while nonlinear oscillations often require the use of many harmonics or
subharmonics of the fundamental period when carrying out classical Fourier analysis, a handful of SSA eigenmodes might
suffice to model the same dynamics (Ghil et al., 2002). For the set of N = 47088 coincident input-output data records at
Thessaloniki we used in this work to train our models, we performed M-SSA (see Section 4.2 of Ghil et al., 2002 and also
Hassani & Mahmoudvand, 2011 for details of the multivariate extension of SSA to multiple time series) on L = 5 time series
(4 input variables plus 1 output irradiance), embedding them concurrently in a lower dimensional space with M = 50 delays
each (this was found to be sufficient since SSA reconstruction errors were less than 2% relative to the measured data as we

demonstrate below). To apply M-SSA, we first of all constructed for each coincident time series of SZA, WV, AOD, PAR
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and GHI, the N x M “trajectory matrix” Y formed from time-delayed versions of each time series such that, in the case of

PAR time series for example,

[ PAR;  PAR; PAR; - PARy |
| PAR, PAR; PAR, -  PARy4; |
YPAR=| PAR;  PAR, PARg -+  PARy,; | @
PARy_; PARy 0 PARy,py_s
PARN 0 O °ee PARN+M—1

Note that all elements where the row index j > N are equal to 0 result from padding the lag series so that their columns are of
length N. Note also that the trajectory matrices are Hankel matrices since the values on the anti-diagonals are equal. The
multi-channel trajectory matrix Y used to apply SSA to the variables in Eq. 2 and Eq. 3, is therefore a block matrix formed
by concatenating (or “stacking”) the trajectory matrix of each variable having the same form as Eq. 4 so that,

Y= [YSZAYWVYAODYPARYGHI] (5)

The next step is to perform SVD on Y. This is achieved by calculating the LM x LM lag-covariance matrix C,

C=%WY (6)

which has LM eigenvalues (A¢) and eigenvectors (Eyx). We sort A in decreasing order together with the associated
eigenvectors such that each eigenvalue A, accounts for the partial variance in the direction given by E, and that the sum of
the eigenvalues (i.e. the trace of C) gives the total variance of the original time series. The quantities VA are the singular
values of C from which SSA gets its name. Note that for M-SSA, each E, is composed of L consecutive segments of length
M. Next, we produced the principal components (PC) matrix A of size N x LM by projecting the multi-channel trajectory

matrix Y onto the matrix of eigenvectors E:
A=YE @)

Since the eigenvectors are sorted, the effect of this projection is to gather most of the variance in the first PC, most of the
remaining variance in the second PC and so on with the variance of each PC being identically equal to the eigenvalue of the
corresponding eigenvector. In M-SSA, each element of the PC matrix A is the sum of a linear combination of M values from

each time series weighted by the corresponding part of the eigenvector E. This means that each PC contains characteristics of
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all time series (e.g. they are able to capture periodicities common to all variables). To reconstruct time series in the original
coordinates, it is then necessary to “undo” the time-delay embedding by forming an inverse-trajectory matrix Z of size N x
M for each of the PCs associated with each time series variable (SZA, WV, AOD, PAR and GHI). To do this, for each of the
m=1:M components, a Z matrix is formed from that component’s PC with the time delay running in the opposite direction

(i.e. a time-lead rather than time-lag):

PCT* O 0 0
pPCyt PCT 0 0

™ =|pcr PCY P(;;" 0 (8)
pcr PCy, PCR, = PCRly

Note that, this time, padding with zeros is at the front-end of the time-lead columns of Z. The time series reconstruction of
each component of each time series variable in the original time series coordinates is then obtained by convolving its Z

matrix with the eigenvector for that variable’s component:
RC[" = ~Z™E[" ©)

where | = 1:L are the variables and m = 1:M are the components of each channel (i.e. input-output variable). Inclusion of all
components faithfully recreates the original time series. However, we are interested in being able to interpret components as
trend, periodicity and noise so as to produce stationary and regularized noise models. The key to this process are the
eigenvectors that explain a large portion of the variance as measured by their eigenvalues. A scree plot of the eigenvalues of
the lag-covariance matrix C versus their rank is used to identify a break point between the high variance periodic
components and a shallow plateau (a “long tail”) of components that are associated with a low frequency trend and the
remaining noise components. Fig. 5 shows the rank-eigenvalue spectrum for the trajectory matrix Y of Eq. 5 formed from
the input-output variables used in this study. The separation between periodic components and trend and noise components is
identified from the break-point where the absolute derivative of the eigenvalue curve (normalized to the maximum
eigenvalue) is less than 1. The total periodicity is then obtained from the sum of the periodic components preceeding the
break point. The trend component is identified as that having the maximum absolute mean value of the remaining non-
periodic components, and the noise signal is obtained from the sum of the non-periodic components excluding the trend.
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Figure 5 The rank-eigenspectrum produced by M-SSA applied to the trajectory matrix Y comprising 50 lagged time series for each of the

input and output variables. The separation at the break-point between periodic components and the low plateau of the trend and noise
components is shown by the vertical grey line and the trend component (eigenvalue 7) is circled on the plot.

In Fig. 6, we show the reconstructed PAR time series at Thessaloniki for 7 clear sky days during the summer of 2006 from

13-19" of August with the trend, periodic and noise components obtained with the M-SSA method and the separation point

identified above. The multi-channel reconstruction error =5% and the Pearson correlation of the reconstructed time series

against the PAR time series is R=0.999.
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Figure 6 The PAR time series at Thessaloniki for 7 clear sky days during the summer of 2006 from the 13-19" of August with the trend,
periodic and noise components obtained with the M-SSA method used in this study. The median absolute percentage error (MAPE)
produced from the difference of the measured data and the reconstructed M-SSA model is also given together with the associated Pearson
correlation coefficient (R).

We see that the M-SSA method appears to be an effective way to produce regularized noise models of multivariate time
series data like that used in this study. The method requires 2 parameters: 1) the maximum number of time-delays (the
“window length”) and 2) the number of chosen eigenvectors used for the reconstruction. Better reconstruction can be
obtained by using a larger number of eigenvectors, but this has been found to be at the cost of a decrease in the smoothness
of the reconstructed time series (Kandasamy et al., 2013). Returning to our choice of M=50 in the construction of the
trajectory matrix, in the rank-eigenspectrum shown in Fig. 5, the sum of the first 8 eigenvalues accounted for 90% of the
overall total of the first 50 eigenvalues, 9 eigenvalues accounted for 95%, 20 eigenvalues accounted for 99% and 74 were
able to account for 99.9% of the total. In addition, we also observed that the slope of the spectrum of eigenvalues normalized
to the maximum value did not change by more than = 0.01% for M>50 and so we were confident to the 99.9% level of
confidence that truncating the full SVD by setting M=50 for each time series is a reasonable assumption. To sum up this
rather technical section, M-SSA is applied as a pre-processing step to the time series of all input variables and the target
irradiances to detrend and deseasonalize the data so that the remaining noise signal is regularized. The trend and periodic
component is then added to the modeled irradiances to reconstruct the full model output which is denormalized and can then
be validated against measurements. Before moving on to discuss the development of our NN models of the PAR and GHI
irradiance in Section 4.

The performance statistics we will use to validate and test the LR, MLR and NN models are described in Appendix B.
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4 Neural Network model design

4.1 NN architecture, training and validation

For multivariate input-output data like that used in this study, a feed-forward NN having at least one layer of “hidden”
neurons whose activation functions are general nonlinear sigmoidal functions has been proven to have the potential to be a
universal function approximator (Cybenko, 1989; Hornik, Stinchombe and White, 1989). Given enough hidden neurons and
training data, such networks are capable of learning the mathematical relation between inputs and outputs. The input vectors
and output vectors used in our study as defined by Eq. 2 and Eqg. 3 were connected via 2 network layers. In this study, the
first layer contains 10 hidden neurons with sigmoidal activation functions, and the second contains 10 output neurons with
linear activation functions. A closed form for the algebraic relation between outputs and inputs for this type of NN, which
are multi-nonlinear regression models) is reported in Taylor et al. (2014). An important point to note here has been pointed
out by Di Noia et al (2015) regarding the interplay between NN architectural complexity and generalization potential. An
excess of neurons is known to produce over-fitting (where training errors can be small but simulation performance is poor
for cases not included in the training set), but the risk of this occurring drops with the size of the training set (Di Noia et al.,
2015). In this work, we follow the recommendation of Di Noia et al (2015) whereby the number of hidden layers and
neurons is selected by comparing a number of different architectures and selecting the architecture that gives the lowest MSE
on the validation dataset (see the discussion around Eq. 10 below). Ten hidden neurons gave consistent results for both PAR-
NN and GHI-NN models. In each case, the NN model was coded using MATLAB’s object-oriented scripting language in
conjunction with its Neural Network Toolbox (Beale, Hagan & Demuth, 2015). In addition to specification of the neuronal
topology, a full account of NN architecture also requires a specification of how the performance error associated with the
network model is to be measured, the learning procedure adopted to optimize the performance error, as well as details of any
partitioning of the training dataset into “training” and “validation” components (Bishop, 1995). This is described in the next

section.

4.2 NN training and validation
In our NN models, the performance error of the NN was measured via the mean squared error (MSE) calculated from the

difference between NN-derived irradiances (PAR or GHI) as outputs (y;).and the corresponding target measurements (t;).
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During each iteration of the learning process, the weights and biases are tuned to minimize the MSE cost function over the
set of N input-output vectors:
MSE = % Lt —y)? (10)

In each training run, the number of iterations was set to 100 and training was stopped when the MSE of the validation dataset
reached its minimum value. A large sample of coincident data and co-located input-output vectors for which SZA < 80 and
0.2 < PAR/GHI < 0.8 at the Thessaloniki node of HNSE, comprising 40,000 records was then split into 3 proportions such
that 20,000 vectors (=42%) were used to train the two NN models (the “training set”), a further 10,000 (=21%) vectors were
used to monitor the generalization ability of the NN during the training phase (the “validation set”) to ensure that no
overtraining was taking place, and an equal number of 10,000 (=21%) independent vectors were then used to assess NN
retrievals after the training phase was terminated (the “test set”). As emphasized by Di Noia et al. (2015), an important
consideration for the applicability of a NN methodology to real data is that the min-max ranges and statistical properties of
the training data are general enough to allow the performance of the algorithm to be valid for other realistic conditions not
“seen” by the NN models during training. The range of values of each of the input and output variables used to train and test

all of the models are given in Table 4.

Table 4 The min-max values, mean and standard deviation of the input and output variables used to train and test the NN, MLR and LR
models on calibrated and coincident data at Thessaloniki. Note that the “training data” includes both the training set and the validation set.

Training data N Min Max Mean  St. Dev.
SZA (degrees) | 30000 17.19  79.73  55.57 16.86
PAR {W/m? |[30000 31.33 52827 22329 11454
WV (cm) 30000 0.23 4.17 2.16 0.79
AOD (1) 30000 0.01 2.58 0.25 0.15
GHI (W/m? | 30000 66.60 1170.03 504.29 249.81
Test data N Min Max Mean  St. Dev.
SZA (degrees) | 10000 17.19 79.40 55.84 16.68
PAR {W/m? | 10000 41.73 539.30 221.86 113.52
WV (cm) | 10000 0.28 4.06 2.14 0.80
AOD (1) 10000 0.02 2.00 0.25 0.15
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GHI (W/m?) | 10000 101.64 1189.40 501.20 247.63

Note that data range of the variables using to test the models is well spanned by the data range of the training data. Note that
the test data, while unseen by the model(s) during the training phase, at this stage is not used to test their extrapolation
potential. This particular exercise is performed via the simulation runs at “external” sites reported in the results and
discussion of Section 5. The NNs are trained with the Levenberg-Marquardt (LM) error backpropagation learning algorithm
(Levenberg, 1944; Marquardt, 1963), which has been reported by Hagan & Menhaj (1994) to be faster and more stable than
other algorithms like online backpropagation (Rumelhart et al., 1986) or conjugate gradient (Mgller, 1993). While it is
necessary with LM back-propagation to present the entire training dataset to the NN before each update of the network
weights and that it can be slow to train the models in the case of large training sets (Wilson and Martinez, 2000), once
trained, the models can simulate without further calculation (Di Noia et al., 2015). In Fig. 7 the course of the NN learning is
presented for the PAR-NN as for the case of data with M-SSA pre-processing (the GHI-NN curve is similar). Pre-processing
of the input-output time series with M-SSA has the desirable effect that the descent of the learning curve is smooth. Note
also that the models regularized with SSA have undergone normalization and this is why the validation MSE is low in Figure
7. The performance statistics for the training, validation and testing of the PAR-NN and GHI-NN regularized by M-SSA are

summarized in Table 5.
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Figure 7 Network training plot showing the variation of the MSE (as defined by Eq. 10) between target values and NN outputs with epoch
of the learning process for the PAR-NN with M-SSA.

Table 5 NN training performance statistics (described in Section 3) for the retrieved GHI and PAR irradiances (y) and target
measurements (t) computed for both the PAR-NN and GHI-NN models on the training, test and validation set. The statistics are separated
into exploratory, 1% moment (linear) and 2™ moment (quadratic) categories.

Statistics | PAR-NN PAR-NN PAR-NN | GHI-NN  GHI-NN  GHI-NN
training  validation Test training validation test
N 20000 10000 10000 20000 10000 10000
mean(t) 222.725 224.405 221.862 503.075 506.722 501.198
std(t) 114.492 114.641 113.522 249.665 250.105 247.627
mean(y) 222.729 224.429 221.816 503.057 506.591 501.127
std(y) 114.049 114.188 113.068 249.423 249.788 247.254
b 0.004 0.024 -0.046 -0.017 -0.131 -0.071
MAE 4.599 4.637 4.651 10.151 10.268 10.297
r 0.998 0.998 0.998 0.998 0.998 0.998
d; 0.977 0.977 0.977 0.977 0.977 0.976
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RMSE 6.375 6.461 6.741 14.000 14.384 14.814
RMSE(s) 0.620 0.634 0.655 0.634 0.742 0.819
RMSE(u) 6.345 6.430 6.709 13.986 14.365 14.792

R? 0.997 0.997 0.996 0.997 0.997 0.996
d, 0.999 0.999 0.999 0.999 0.999 0.999

The training performance statistics suggest that there is consistency between the NN irradiance outputs for the training,

validation and test sets. It is important that for both models, the measure of model precision expressed via RMSE, for the

validation and test sets < 3% of that obtained for the training set and never exceeds 7 W/m? for PAR and 15 W/m? for GHI.

This is echoed also by the size of the average error for all 3 data sets. The size of the mean bias is also low (< 0.14W/m?),

and the models appear to capture extremely well the variance in the data as expressed by the range of values of the

coefficient of determination 0.996 < R? < 0.997. This is also reflected visually in the reconstructed PAR-NN output for the

test set shown in Fig. 8.
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Figure 8 Target measurements in the test set (grey circles) and the outputs from the PAR -NN model (red dots).

4.3 Linear versus nonlinear models
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At this point, we assess the performance of modelling PAR and GHI with simpler linear regression models having the

general multivariate form:

PARyir = by X SZA + b, X GHI 4+ by X WV + b, X AOD + ¢,
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GHIyr = a; X SZA+ a, X PAR+a; X WV +a, X AOD + ¢, (12)

LR models of GHI and PAR correspond to the case a;=as=a,=b;=bs=h,=0. For the same 30,000 coincident records of
combined training and validation data at Thessaloniki used to train and validate the NN models, regression of the responses
(the LHS of Eqg. 11 and Eq. 12) on the matrix of predictors formed from the input variables (the corresponding RHS of Eq.
11 and Eq. 12), gave the following coefficient estimates for the linear regression (LR) and multiple linear regression (MLR)
models of the target PAR and GHI irradiances with coefficients estimated via least squares optimization at the 95% level of

confidence (upper and lower bounds on the coefficients are not shown for clarity):

PAR,y = 0.457 GHI — 7.424 (13)
PARyg = —0.375 SZA + 0.431 GHI + 3.673 WV — 3.447 AOD + 19.940 (14)
GHI,z = 2.176 PAR + 18.398 (15)
GHIyz = —1.439 SZA + 1.983 PAR + 10.769 WV — 7.555 AOD + 166.615 (16)

Table 6 presents the training performance statistics for the LR and MLR models of PAR (given by Eq. 13 and Eq. 14
respectively). Similar performance was found for LR and MLR models of GHI.

Table 6 Training performance statistics for the retrieved PAR irradiances (y) and target measurements (t) computed with LR and MLR
models (data sets and statistics used are the same as in Table 5)

o LR LR LR MLR MLR MLR
Statistics — o o o

training validation test training validation test

N 20000 10000 10000 20000 10000 10000

mean(t) | 222.725 224405 221.862 | 222.725 224405 221.862
std(t) 114492  114.641 113522 | 114.492  114.641 113.522
mean(y) | 222.715  224.426  221.811 | 222.720 224.416 221811
std(y) 114196 114379 113.237 | 114241 114403  113.270

b -0.010 0.021 -0.052 -0.006 0.011 -0.051
MAE 4.961 4.952 5.010 4.755 4.768 4.789
r 0.998 0.998 0.998 0.998 0.998 0.998
d; 0.975 0.976 0.975 0.976 0.976 0.976

RMSE 6.813 6.863 7.128 6.613 6.663 6.886
RMSE(s) | 0.499 0.468 0.511 0.442 0.431 0.463
RMSE(u) | 6.794 6.847 7.109 6.598 6.649 6.871
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R 0.996 0.996 0.996 0.997 0.997 0.996
d, 0.999 0.999 0.999 0.999 0.999 0.999

The training performance statistics of the LR and MLR models of the PAR above are comparable with those for the NN
model of PAR presented in Table 4 so that for example, r=0.999 in all 3 models, the mean bias is very low, close to zero and
marginally negative in the range: -0.052 < b < -0.046 W/m?, and the average errors are in the range: 4.651< MAE < 5.010
W/m? or 6.709 < RMSE(u) < 7.109 W/m? for the test data. The NN model slightly out-performs the MLR and LR models
here. We would like to say that the fact that the noise component only represents a small fraction of the time series’ variance,
means that the impact of the SSA-processed LR, MLR and NN models is swamped by the variance contained in the signal
(combined trend and periodicity). However, for studies of other geophysical quantities where the signal to noise ratio is very
different (e.g. 1:1) then the quality of the model of the noise is more important. In such cases, it is expected that NN models
will greatly outperform their linear counterparts. In our study, it may be expected then, that all models will also perform
more or less equally well in unsupervised mode where they are used for simulations with satellite-corrected inputs (described
in Section 3.2). This comparison is made in order to answer the question of whether or not there is any advantage to be
gained (in terms of model performance) by developing a nonlinear NN model instead of a linear or multilinear regression
model of the same complexity (i.e. choice of input parameters). It is important to recall here that in Table 5 and Table 6,
training performance statistics are associated with time series variables that have been pre-processed and reconstructed with
M-SSA. As such, the outputs from the LR, MLR and NN models are reconstructed from the additive sum of the “stationary”
signal (the extracted trend and periodic components) and the modeled noise component. The very high signal to noise ratio
arising from the presence of strong periodicity (see the discussion related to the diurnal cycle and other deterministic effects
in Section 3.3) means that the reconstructed model outputs are expected to be dominated by the stationary signal rather than
the modeled noise. In the next section it will become clear that LR, MLR and NN models that are regularized with M-SSA
perform generically and are quite accurate (with some small advantage in the case of the NN models) due to the ability of M-
SSA to capture =~ 95% of the variance of the time series. We will see that it is this feature of M-SSA that gives all 3 models

their high level of simulation performance. It is also the reason why all 3 models perform more poorly on days where the
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noise component is large (i.e. the signal to noise ratio is lower). On these days, proper regularization of the time series with

M-SSA is paramount. We summarize the rational for the modeling approach in Fig. 9.
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LR, MLR and NN adequately the connection
models of PAR from between GHI and PAR
GHI (and vice-versa) iradiances

e 2 LLERCl <Reason: WV and AOD effects
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Thessalonik daily pattem of variability
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separate signal (trend
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noisein the PAR &

extracted and stored

* WV and AOD effects in the
PAR from GHI (and vice-

GHI wradiances

versa) models are now
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* The noise-free signal is
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performance of the
reconstructed model estimates
againstreal data
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Thessalonika

* The generc nature
of the models is
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The trained models are
tested for generality on

the datafrom the
remaining stations

Figure 9 A schematic of the rationale for the model configuration and their implementation.

5. Results and discussion

We now turn to a presentation of the results of running trained models (LR, MLR and NN) of PAR and GHI with the
satellite-corrected inputs described in Section 3.2. We will present model simulations at the training site in Thessaloniki and
also at the “external” sites (ATH, FIN, IOA, MYT, XAN) so as to test the generic nature and spatial extrapolation capability

and applicability of the trained models.
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5.1 The impact of M-SSA on LR, MLR and NN simulations

In Fig. 10, log density scatterplots of the PAR outputs of the LR, MLR and NN models regressed on coincident satellite-
corrected PAR measurements at the Thessaloniki site are presented for the case of data that is regularized and reconstructed
with or without M-SSA. Without M-SSA, the PAR-MLR and especially the PAR-NN models show a large degradation in
performance at lower values of measured PAR where large dispersion is apparent. This is reflected in a decline in the
Pearson correlation coefficient R (e.g. from 0.988 to 0.949 in the case of the GHI-NN model), a substantial increase in the
RMSE (e.g. from 30.714 to 59.741 in the case of the PAR-NN model) and the appearance of a substantial mean bias, b (e.g.

from -0.020 to -6.728 in the case of the PAR-MLR model). The PAR-LR model appears to be more robust.
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Figure 10 Log density scatterplots of the outputs of the LR, MLR and NN models regressed on coincident satellite-corrected PAR
measurements at the Thessaloniki site in the HNSE. The red line is the 1:1 line. The left hand panels are for models trained on time series
regularized and reconstructed with M-SSA. The right hand panels are without M-SSA processing.

However, inspection of the variation of the modeled time series on the daily timescale shows that regularization with M-SSA
is very important for constraining all 3 models as can be seen in Fig. 11. A number of effects are visible. First of all, in the

upper panels of Fig. 11, the model simulations appear to diverge from the data after the peak of the irradiance. This is due to

33



the arrival of clouds in the scene (visible as “absorption troughs”) which disrupt the background “clear sky” irradiance curve.
While M-SSA is not able to fully correct for this effect, a minor correction is apparent despite the sporadic nature of clouds.

Such corrections are more stark in the regularization of the scattered cloud and overcast irradiance curves of the middle and

lower panels of Fig. 11 given by M-SSA.
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Figure 11 The fit of the outputs of the LR, MLR and NN models to coincident PAR measurements during a clear sky day (top panels), a
day with scattered clouds (middle panels) and overcast conditions (lower panels). The left hand panels are for models trained on time
series regularized and reconstructed with M-SSA. The right hand panels are without SSA processing.
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In order to assess the quality of the M-SSA reconstruction, Table 7 summarizes the variance accounted for by the extracted
trend, periodic and noise components at the training site and the external sites used to assess the simulation performance of
the LR, MLR and NN models of PAR and GHI.

Table 7 Statistics of the M-SSA reconstruction of the modeled input-output time series at the “training site” (Thessaloniki) and the 5
“external sites” (Athens, Finokalia, [oannina, Mytilene and Xanthi).

M-SSA THE ATH FIN 1I0A MYT XAN

Records (N) 1469922 188850 390956 309922 417755 295514
Variance of Trend (%) 0.76 1.20 1.01 1.45 1.04 1.40
Variance of Periodic (%) 95.41 94.91 95.62 93.73 95.90 94.18
Variance of Noise (%) 3.27 3.27 2.70 410 2.48 3.74
Variance unaccounted for (%) 0.56 0.62 0.68 0.72 0.58 0.67

As expected from the discussion of the signal to noise ratio in Section 4.3, it is clear that the most dominant component of
the M-SSA time series decomposition is the periodic component which accounts for between 94.18% and 95.90% of the
total variance in the input-output time series at all sites used in this study. It is noteworthy also that the noise component
(ranging from 2.48% to 3.74%) accounts for much more of the variance than the trend component (which ranges from 0.76%
to 1.45%). For all sites, the M-SSA reconstruction accounts for at least 99.28% of the total variance (even though this is
expected to vary on individual days). The unaccounted-for variance arises from the SVD truncation error associated with
performing the reconstruction with M=50 eigenvectors as described in Section 3.3.

In Table 8 we present the MAPE arising from a comparison of the satellite-corrected PAR and GHI target data with the M-
SSA reconstruction and also the reconstruction of only the signal (without the noise component). The purpose of this
exercise is to assess the impact of the noise component in our LR, MLR and NN models on the fit to the target data. For both
PAR and GHlI, the reconstructed model outputs, correlate strongly with the target satellite-corrected data (0.998 <r <0.999),
and the error of the reconstruction (the “SSA error”) is very low (0.16% < MAPE < 0.62%) despite the fact that there is an
intrinsic error due to unaccounted for variance in the truncated SVD. However, when we compare the target PAR and GHI
with the reconstructed trend and periodic component then we see that the highest reconstruction errors are at the IOA and

XAN sites, and correspond to high MAPEs for the reconstructed trend and periodic components (i.e. the “stationary” signal).
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The corrolary of this is that these errors are due to the presence of higher variance noise components at these 2 sites. A look
at Table 8 confirms that this is the case. We therefore expect that the LR, MLR and NN models of PAR and GHI without M-
SSA pre-processing to be error prone.

Table 8 Statistics of the data versus time series reconstruction of PAR and GHI at the “training site” (Thessaloniki) and the 5 “external
sites” (Athens, Finokalia, Ioannina, Mytilene and Xanthi) resulting from the M-SSA of Table 7.

PAR THE | ATH FIN I0A MYT XAN

MAPE: SSA stationary signal (%) | 2.47 | 1.94 294 441 174 315
MAPE: SSA reconstruction (%) | 0.30 | 022 041 055 0.16 042
Pearson r: SSA stationary signal | 0.980 | 0.970 0.977 0.959 0.978 0.964
Pearson r: SSA reconstruction 0.998 | 0.999 0.998 0.998 0.999 0.998
GHI THE | ATH FIN I0OA MYT XAN

MAPE: SSA stationary signal (%) | 2.43 | 1.99 299 494 173 3.26
MAPE: SSA reconstruction (%) 031 | 023 047 062 021 045
Pearson r: SSA stationary signal | 0.978 | 0.968 0.975 0.957 0.976 0.962
Pearson r: SSA reconstruction 0.998 | 0.999 0.998 0.998 0.999 0.998

The M-SSA based models developed here therefore, produce valid results for one of the two radiometric values
when only the second is available (in conjunction with supplementary geolocation and aerosol data that can be provided by
satellite instruments). In particular, since GHI measurements are generally more common, these can be used to derive PAR
reconstructed data of high accuracy at sites around the globe. Spatial interpolation methods can then be used to enrich the
spatial distribution of both quantities worldwide. Also, in the reverse situation such as the measurements from the Greek
UVNET where PAR measurements are available since 2005 but GHI measurements are of more limited duration (HNSE,
since 2011), the GHI can be reconstructed from the NN model to augment the time series of available measurements, and
thus result in a longer accurate dataset for statistical analysis of GHI levels. In addition to the production of regularized noise
models like the ones used in this study, SSA has also been shown to enable powerful time series forecasting capability (see
for example Hassani et al., 2009 and Golyandina & Korobeynikov, 2014). Key to this is that SSA can provide a basis for the
construction of forecast models by forward extrapolation of trend and periodic components in conjunction with either a

linear ARMAX model or a nonlinear NARX-NN model of the modeled noise component using lag values. The advantage of
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SSA applied in this way is that the removal of trend and periodic components as a pre-processing step and their reintegration
into model output as a post-processing step, means that the forecast model is reduced to the problem of forecasting only the

regularized noise component, and is therefore better constrained.

5.2 PAR simulations

When summarizing the simulation performance statistics of the difference between the outputs of the LR, MLR and NN
models of the GHI and the target measurements at the training site and the 5 external sites when M-SSA processing is
applied, we note that there is a moderate degree of variation with site as can be seen from the distribution of differences in
Fig. 12 for the NN model of PAR. The mean (p) of the differences at each site occupies a small range (0.859 < p < 1.50) and
the standard deviation of the differences is relatively broad (12.12 < ¢ <23.87). In Table 9, we present the simulation

performance statistics for the PAR-NN model with site.
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Figure 12 Histograms of the difference between the outputs of the PAR-NN and the time series of the target measurements at the “training
site” (Thessaloniki) and the 5 “external sites” (Athens, Finokalia, [oannina, Mytilene and Xanthi). In all cases, the number of bins is equal
to 200, the best fit Gaussian distribution with mean difference () and standard deviation (o) is shown.

Table 9 Statistics of the difference between the outputs of the PAR-NN and the time series of the target measurements at the “training
site” (Thessaloniki) and the 5 “external sites” (Athens, Finokalia, loannina, Mytilene and Xanthi) with M-SSA processing.

PAR-NN

THE

ATH

FIN

I0A

MYT

XAN

N

1469645

188767

390890

309544 417693

295428
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mean(t) | 210.117 | 223.382 221.208 181.774 223.777 202.657
std(t) 123.150 | 125.664 134.848 120.490 118.421 123.105
mean(y) | 211.019 | 224,521 222.272 182.924 224.636 203.775
std(y) 122.806 | 124.839 134.274 119.586 117.810 122.319

b 0.902 1.139 1.064 1.150 0.859 1.118
MAE 7.217 5.780 9.618 10.368  8.545 8.706
r 0.994 0.995 0.989 0.980 0.986 0.989
d, 0.966 0.973 0.959 0.949 0.958 0.959

RMSE 13.446 | 12176  19.998 23.901 19.633 - 18.606
RMSE(s) 1.403 1.811 2.311 3.462 2.393 2.455
RMSE(u) | 13.373 | 12.040 19.864 23.649 19.487 18.444

R? 0.988 0.991 0.978 0.961 0.973 0.977
d, 0.997 0.998 0.994 0.990 0.993 0.994

The LR, MLR and NN models of PAR largely agree with one another as shown by the min-max of the statistics shown in

Table 10.

Table 10 Summary of the simulation performance statistics of LR, MLR and NN models of the PAR with M-SSA processing across the
training and external sites.

b MAE r d, RMSE RMSE(s) RMSE(u) R? d,
Min (NN) 0.859 5780 00980 0.949 12176  1.403 12.040  0.961 0.990
Max (NN) 1.150 - 10.368 0.995 0.973 23901  3.462 23649  0.991 0.998
Mean (NN) | 1.039 8372 0.989 0.961 17.960  2.306 17.809  0.978 0.994
St. Dev. (NN) | 0.127 1.657 0.005 0.008 4.393  0.697 4347  0.011 0.003
Min (MLR) |[-0.020 5313 0980 0.950 11.186  0.908 11.148  0.960 0.990
Max (MLR) | -0.012 10.177 0.996 0.976 24.149  2.988 23963  0.992 0.998
Mean (MLR) |-0.017 8.169 0.989 0.962 17.785  1.729 17.698  0.978 0.994
St. Dev. (MLR) | 0.003 1.745 0.006 0.009 4.744  0.769 4694  0.012 0.003
Min (LR) -0.024 5263 0.979 0.949 11.373  0.445 11.364  0.958 0.989
Max (LR) | -0.015 10.443 0996 0.976 24790  2.590 24654  0.992 0.998
Mean (LR) |-0.021 8313 0988 0.961 18233  1.376 18.177  0.977 0.994
St. Dev. (LR) | 0.003 1.834 0.006 0.009 4.895  0.772 4852  0.012 0.003
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There is also close agreement in the average simulation performance of all 3 models across the training and external sites. In
terms of linear statistics, the mean bias is again low, close to zero and in the range: -0.017 < b < 1.039 W/m?, the MAE is as
expected, lower than in the case of the GHI, and is in the range: 8.169 < MAE < 8.372 W/m?, r is in the range 0.988 <r <
0.989, and d; is in the range 0.961 < d; < 0.962. The second order statistics report minor differences between the average
performance of the models - with the NN and MLR models performing marginally better than the LR model on average

across all sites.

5.3 GHI simulations

Summarizing the simulation performance statistics of the difference between the outputs of the LR, MLR and NN models of
the PAR and target measurements at the training and external sites, just as PAR, we note that there is a moderate degree of
variation with site as can be seen from the distribution of differences in Fig. 13 for the GHI-NN model. While the mean (u)
of the differences at each site occupies, once again, a small range (-0.28 < p < -0.78), the standard deviation of the
differences is much broader (26.12 < ¢ < 56.48). In Table 11, we present the simulation performance statistics for the NN

model with site.
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Figure 13 Histograms of the difference between the outputs of the GHI-NN and the time series of the target measurements at the “training

site” (Thessaloniki) and the 5 “external sites” (Athens, Finokalia, loannina, Mytilene and Xanthi). In all cases, the number of bins is equal
to 200, the best fit Gaussian distribution with mean difference (i) and standard deviation (o) is shown.

Table 11 Statistics of the difference between the outputs of the GHI-NN model and the time series of the target measurements at the
“training site” (Thessaloniki) and the 5 “external sites” (Athens, Finokalia, loannina, Mytilene and Xanthi) with M-SSA processing.

GHI-NN THE ATH FIN I0A MYT XAN
N 1469154 | 188804 390236 309664 416732 295404
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mean(t) | 475.504 | 500.009 498.409 422.305 511.020 455.307
std(t) 276.568 | 280.290 305.976 279.678 269.319 277.698
mean(y) | 474.741 | 499.491 497.626 422.021 510.332 454.892
std(y) 275.315 | 278.344 304.126 278.187 267.768 276.026

b -0.763 -0.518 -0.783 -0.284 -0.688 -0.415
MAE 16.702 | 12.822 21.799 24579 19.269 19.861
r 0.994 0.996 0.989 0.980 0.987 0.988
d, 0.965 0.974 0.959 0.948 0.959 0.959

RMSE 30.790 | 26.123 45,596 56.479 43.885 - 42.031
RMSE(s) | 3.060 3.199 5.299 7.195 5.167 4.865
RMSE(u) | 30.637 | 25.926 45287 56.019 43.580 41.749

R? 0.988 0.991 0.978 0.959 0.973 0.977
d, 0.997 0.998 0.994 0.990 0.993 0.994

As in PAR simulations, despite the existence of a small variation of simulation performance with site, the 3 models however,
largely agree with one another as shown by the min-max of the statistics shown in Table 12.

Table 12 Summary of the simulation performance statistics of LR, MLR and NN models of the GHI with M-SSA processing across the
training and external sites.

b MAE r di RMSE RMSE(s) RMSE(u) R? d,
Min (NN) | -0.783 12.822 0.980 0.948 26.123  3.060 25926  0.959 0.990
Max (NN) | -0.284 24579 0.996 0974 56.479  7.195 56.019  0.991 0.998
Mean (NN) | -0575 19.172 0.989 0.961 40.817  4.798 40533  0.978 0.994
St. Dev. (NN) | 0.202 4.075 0.006 0.009 10.913  1.531 10.812  0.011 0.003
Min (MLR) | 0.019 12615 00979 0948 25766  3.103 25567  0.959 0.990
Max (MLR) | 0.090 24556 0.996 0.974 56.485  7.810 55.942  0.992 0.998
Mean (MLR) | 0.036 19.146 0.989 0.961 40.999  4.970 40.694  0.978 0.994
St. Dev. (MLR) | 0.028 4.149 0.006 0.009 11.127  1.726 11.005 0.012 0.003
Min (LR) 0.048 11.996 00978 0948 25770  1.861 25702  0.957 0.989
Max (LR) 0.125 24651 0996 0975 58255  6.685 57.870  0.992 0.998
Mean (LR) | 0.067 19.202 0.988 0.961 42.040  3.991 41.846 0976 0.994
St.Dev. (LR) | 0.031 4.419 0.006 0.009 11.766  1.720 11.657  0.012 0.003
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There is close agreement in the average simulation performance of all 3 models across the training and external sites. In
terms of linear statistics across sites and for each of the 3 models, the mean bias is low, close to zero and in the range: -
0.575 <b < 0.067 W/m®, the MAE is in the range: 19.146 < MAE < 19.202 W/m?, t is in the range 0.988 < r < 0.989, and
d;=0.961 to 3 decimal places. Second order statistics which are more sensitive to the size of differences suggest that the NN
model is, on average, slightly more precise with RMSE (u)=40.533 than the MLR and LR models where RMSE(u)= 40.694
and 41.846 W/m? respectively. This is also reflected in a slightly higher average value of R?=0.978 for the NN model as
compared with R?=0.976 for the LR model. While these are rather minor differences, they suggest that the nonlinear NN

model consistently performs better than its linear counterparts (LR and MLR).

5.4 Generality and applicability

The results of Section 5.1 and Section 5.2 demonstrate that the linear and nonlinear models, despite being trained on data at a
single site, achieve excellent performance at all sites and thus exhibit generic capabilities. M-SSA has demonstrated a
capacity for i) regularizing models constructed from an array of highly variable time series and ii) gives extrapolation power
to both linear regression (LR and MLR) and nonlinear multivariate models (NN) of PAR and GHI irradiances. This study
therefore suggests that LR, MLR and NN models of PAR and GHI are generic provided that M-SSA is applied to input-

output time series.

6. Conclusions

In this study, robust linear regression and nonlinear NN time series models that implicitly include the effect of cloud and
aerosol physics, are introduced in order to access PAR from GHI measurements (and vice versa). The models were trained,
validated and tested on calibrated and high temporal resolution measurements taken at the station of Thessaloniki where both
ground-based measurements of PAR and GHI as well as satellite AOD and WV data and geolocation data (SZA) were
available. Uncertainties in the time series of PAR and GHI data were found to be equal to + 6.05% and < £7% respectively.
The generic performance of the models was then validated against satellite-corrected PAR and GHI calibrated data at 5

geographically distinct (and distant) stations across Greece. The major findings of this study are that:
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Quality assured calibrated data can be provided by the PAR channel of NILU-UV instruments and for GHI from
CM pyranometers

It is possible to construct accurate and generic noise models of PAR from GHI (and vice-versa) with quantifiable
uncertainties based on the calibrated data obtained from RTM runs and satellite data

Multilinear and nonlinear NN models in particular, allow aerosol and cloud effects expressed through the AOD and
WV to be easily and implicitly incorporated

Key to the performance of all linear and nonlinear NN models is M-SSA. For both PAR and GHI models, the
reconstructed outputs based on time-delay embedding with 50 lag series correlate strongly with the target satellite-
corrected data (0.998 < r < 0.999) and have very low reconstruction errors (0.16% < MAPE < 0.62%) despite the
fact that there is an intrinsic error due to unaccounted-for variance in the truncated SVD. While the nonlinear NN
model only marginally out-performs the linear LR and MLR models in this study, this small improvement of
nonlinear models over linear models is attributed to the fact that the noise component represents only a small
fraction of the time series’ variance (< 4.1%) — i.e. signal to noise ratios of the order 23:1. Cloud effects appear to
impact the “background” clear sky curve in this domain and are coincident with the noise component extracted by
M-SSA.

Provided that M-SSA is used to regularize the time series, NN models out-perform linear models of both the PAR
and GHI with an average MAE with respect to target calibrated measurements ~ 8.2 + 1.7 W/m? for PAR and =~
19.2 + 4.2 W/m? for GHI (well within the uncertainty of the measurements themselves), and an absolute mean bias
~ 1.2 W/m® for PAR and = 0.8 W/m?for GHI models. Both PAR and GHI models correlate strongly with calibrated
measurements and achieved Pearson correlation coefficients r > 0.978 at all sites and coefficients of determination

R?> 0.957.

In conclusion, the models of the PAR and GHI, once trained, produce fairly accurate outputs directly from matrices of input

vectors. As such, computer processing is reduced to the problem of pre-processing the inputs with M-SSA which is not

resource intensive. Furthermore, since PAR and GHI are central to contemporary studies in many biological and physical

fields (e.g. renewable energy, agricultural productivity, carbon dynamics etc., the generic models developed here should be
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able to assist studies in these areas by helping provide accurate long-term time series via time series gap-filling or direct and
unsupervised modelling. The fairly high performance and generality of the models presented here means that they are to be
recommended for widespread application. These technically sophisticated (albeit straight-forward to code) models can be
used as reference predictions in other models like Numerical Weather Prediction (NWP) models or stochastic models, while
long-term gap-filled datasets accompanied by specifiable uncertainties, can help create a benchmark against which model

estimates can be validated.
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Appendix A

The starting point of PCA-FA is to perform two initial factor analysis tests (Kaiser, 1974) on the full matrix of input
variables: 1) Barlett’s Test for sphericity, and 2) categorization of the data using the Kaiser-Meyer-Olkin (KMO) measure of
sampling adequacy. In order to apply these tests, we assembled the co-located matrix of input variables (see Eq. 2 and Eq. 3)
using available data at the Thessaloniki site which is to be used for construction of the GHI and PAR models. The number of
complete data records is N=47,088. For both models, Barlett’s sphericity test was found to show a very high degree of
relationship between the 4 variables with x* values in excess of 10° and p-values << 0.005, suggesting that the data is
suitable for factor analysis at the 95% confidence level. However, the KMO measure of sampling adequacy (which is in the
range O to 1) was found to be very low with values less than 0.5 (0.48 for the GHI model inputs and 0.45 for the PAR model
inputs) - suggesting that the degree of common variance is “unacceptable” for factorization according to the categorization of
Kaiser (1974). In such a case of an initial contradiction, further initial information can be gained by looking at the correlation
between variables for both sets of model inputs. Analysis of the covariance matrix of inputs (centered and normalized values,
i.e. z-scores) indicated the presence of a strong anti-correlation between SZA and PAR (R = -0.983), and SZA and GHI (R =
-0.981), a very weak anti-correlation between SZA and WV (R = -0.280), and a mildly positive correlation between WV and
AOD (R = 0.491) for both input matrices. In order to assess whether or not the existence of these correlations is sufficiently
strong to warrant or require dimensional reduction, we performed standard PCA and also PCA with VARIMAX rotation
(Kaiser, 1958) to the input matrix. The results are presented in Table Al.

Table Al The results of application of standard PCA (unrotated eigenvectors) and PCA with VARIMAX rotation to the matrix of input
data for the GHI and PAR models.

GHI eigenvalues Variance Cumulative GHI eigenvalues Variance Cumulative
(unrotated) (%) (%) (VARIMAX rotated) (%) (%)
2.13 53.26 53.26 1.98 49.50 49.50
1.38 34.46 87.72 1.01 25.21 74.71
0.48 11.98 99.70 1.00 24.99 99.69
0.01 0.30 100.00 0.01 0.31 100.00
PAR eigenvalues Variance Cumulative PAR eigenvalues Variance Cumulative
(unrotated) (%) (%) (VARIMAX rotated) (%) (%)
211 52.82 52.82 1.98 49.45 49.45
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1.39 34.85 87.67 1.01 25.21 74.66
0.48 12.04 99.71 1.00 25.05 99.71
0.01 0.29 100.00 0.01 0.29 100.00

A typical guideline, provided by VARIMAX-rotated PCA, is that the number of principal components (PCs) is indicated by
the number of eigenvalues greater than unity (i.e. 3 in our case). This finding is echoed also by the factor loading (or “weight
matrix”) of the variance explained in each variable by each principal component (PC) in both input matrices — which also
suggests that 3 of the 4 PCs contribute substantially to at least one of the input variables as shown in Fig. Ala) and Fig.
Alb). For example, while the contribution to the variance of the GHI and PAR from PC4 seems insignificant (as it only
explains 0.6% of the variance), it is clear from Fig. Alc) and Fig. Ald) that all 4 PCs are needed to reconstruct this

variable’s variance fully.
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Figure Al The factor loading as a percentage of the variance of each input variable accounted for by each PC for a) GHI model inputs and
b) PAR model inputs. Plots ¢) and d) show the regression of the PCA model of the GHI and PAR irradiance input variables respectively on
the raw time series data.
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Appendix B
Analysis of the performance of multivariate models like the PAR and GHI models presented below, inevitably involves a

choice of the statistics used to assess the goodness of fit of model simulations or predictions (P;) against measurements or
observations (O;). As a result of the work of Willmott et al. (1985) which outlined a set of difference measures that can be
used to evaluate the operational performance of a wide spectrum of geophysical models (regardless of whether the model
predictions are manifested as scalars, directions, or vectors), difference or error measures have gradually replaced
correlation- and skill-based indices which are not consistently linked to model accuracy. In particular, Willmott et al. (1985)
demonstrated that both model accuracy and precision can be meaningfully estimated by analyzing and reporting the
following narrow but extensive set of data versus model statistics. Firstly, at the level of exploratory statistics, the average
values of predictions and observations given by the means pp and po and their variability by the standard deviations sp and sq
should be reported. The reason for this is that in scatterplots containing a large number of model outputs and measurement
data, a cloud of points is often observed. The means pp and po tell us where the centre of such a cloud is and the deviations
sp and so measure how dispersed it is around this centre. Secondly, for differences D;= P;- O;the mean bias (b) calculated

viab = Z]-Nzl D;/N should be used to measure the direction of the average error (i.e. whether or not there is under- or over-

estimation), while the mean absolute error (MAE) calculated from:
1/y
El/y _ [Zy:1|Di|y] (Bl)
N

with y = 1 should be used to measure its size. Then, setting y = 2 in Eq. B1, the root mean-squared error (RMSE) provides a
complimentary measure (to the MAE) of the size of the average error that is more sensitive (being calculated from squared
differences). In addition, Willmott et al. (1985) demonstrated that both model accuracy and precision can be meaningfully

estimated by analyzing and reporting also the systematic average error:

’ N 150,
RMSE, = M (B2)

and the unsystematic average error:

N |p._p.|?
RMSE, = /w (B3)
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calculated by decomposing the RMSE using P, an OLS estimate of P obtained by regressing P on O. The RMSE;, (like the
MAE and the RMSE) is also a (more sensitive) measure of the size of the linear bias between model predictions and
observations, while RMSE, is a measure of model precision (Willmott et al., 1985). Note that, being dependent on the
differences D; = P;- O;the quantities b, MAE, RMSE, RMSE; and RMSE, all have the same units as the data. Willmott et al.
(1985) also describe two unit-independent indices of agreement d; and d, as measures of model performance in the interval
(0,1) which should be reported and which depend on linear differences (d;) and squared differences (d,) given by:

Y
Z?I:1|Dj|

=1- ;
21 (|Pj=up|+]0j=Hol)

(B4)

such that d; corresponds to y = 1 and d, corresponds to y = 2. Finally, as a measure of the amount of variance captured by the
model, Willmott et al. (1985) recommend also calculation of the coefficient of determination R?. In this work therefore, we
adopt this narrow but extensive set of statistics to evaluate the performance of the generic NN models. Another important
point to note here is that, while we report measurement errors in the form of the MAPE, when calculating the statistics above
in the context of data versus NN model comparisons, we follow the recommendation of Willmott et al. (1985) that
observations are assumed to be effectively “error-free” so that the statistical framework described above is valid and can be
applied. When presenting data versus model statistics we will distinguish between i) exploratory statistics (means and
standard deviations of the measurements and model outputs), ii) linear (1% moment) statistics (b, MAE, r and d;) and iii)

quadratic (2" moment) statistics (RMSE, RMSE,, RMSE,, R? and d,) which are more sensitive measures of difference.

Highlights

e  Generic linear regression and nonlinear neural network models of PAR and GHI are constructed
e The LibRadtran UVspec model is used to calibrate PAR data and convert counts to irradiance

e  Multi-channel singular spectrum analysis is central to regularization of PAR and GHI time series
e PAR and GHI models use solar zenith angle, aerosol optical depth and water vapor as inputs

¢ Nonlinear neural network models are found to perform slightly better than linear models
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