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This paper reports on the development of a neural network (NN) model for instantaneous and
accurate estimation of solar radiation spectra and budgets geared toward satellite cloud data
using a ~2.4M record, high-spectral resolution look up table (LUT) generated with the
radiative transfer model libRadtran. Two NN solvers, one for clear sky conditions dominated by

Keywords: aerosol and one for cloudy skies, were trained on a normally-distributed and multiparametric
Solar radiation subset of the LUT that spans a very broad class of atmospheric and meteorological conditions as
Clouds inputs with corresponding high resolution solar irradiance target spectra as outputs. The NN
Aerosol

solvers were tested by feeding them with a large (10 K record) “off-grid” random subset of the
LUT spanning the training data space, and then comparing simulated outputs with target values
provided by the LUT. The NN solvers demonstrated a capability to interpolate accurately over
the entire multiparametric space. Once trained, the NN solvers allow for high-speed estimation
of solar radiation spectra with high spectral resolution (1 nm) and for a quantification of the
effect of aerosol and cloud optical parameters on the solar radiation budget without the need
for a massive database. The cloudy sky NN solver was applied to high spatial resolution (54 K
pixel) cloud data extracted from the Spinning Enhanced Visible and Infrared Imager (SEVIRI)
onboard the geostationary Meteosat Second Generation 3 (MSG3) satellite and demonstrated
that coherent maps of spectrally-integrated global horizontal irradiance at this resolution can
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be produced on the order of 1 min.

© 2015 Elsevier Ltd. All rights reserved.

1. Introduction

The 5th assessment report of the International Panel on
Climate Change [21] has highlighted a need for increasing
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the breadth of studies into the impact of clouds, aerosols
and their feedback processes on climate change. The main
reason for this emphasis is that there is uncertainty in the
sensitivity of the Earth climate system to the global
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radiation balance [52]. Questions are also being raised
about the reliability of assessments of the level of uncer-
tainty associated with direct aerosol radiative forcing [23].
Importantly, clouds are known to affect the energy balance
of the Earth system by influencing both shortwave solar
radiation and longwave terrestrial radiation [1,37]. The
radiative properties of clouds depend on their height, the
size of constituent water or ice droplets and optical
properties. An increase of cloud top height reduces out-
going infrared radiation and leads to an increase in tro-
pospheric and surface temperature, which in turn can
affect the radiative interaction of clouds with solar and
terrestrial radiation [5]. For example, the introduction of
solar UV flux into a spectral GCM coupled to a chemical
transport model was shown to lead to an intensification of
the polar vortex and a statistically significant surface
warming of up to 1.2 K over North America and Siberia
[11]. Importantly, cloud optical properties have been found
to have a direct influence on climate via various feedback
mechanisms [3]. While changes in cloud water content are
known to have a strong impact on different environmental
scenarios, large uncertainty has been found to be asso-
ciated with cloud optical properties and cloud-climate
feedback mechanisms in particular. Moreover, because
clouds and aerosols are closely related in the climate sys-
tem [26,3], the influences of internal/external mixing of
aerosol need to be considered since they may significantly
alter cloud optical properties and their influence on the
radiation budget [28].

The magnitude of the uncertainty due to the effect of
clouds on large-scale radiation budgets is much less well
constrained than that due to aerosol and has motivated a
number of studies. As part of the International Satellite
Cloud Climatology Project (ISCCP), Zhang et al. [60] esti-
mated top of the atmosphere and surface radiative fluxes
using a radiative transfer model, and used the derived
radiation budget to analyze the distribution of cross-zonal
heating and cooling; an important input in climate models.
Surface radiation budgets have also been estimated in the
context of global surface temperature by capitalizing on
the full-Earth viewing potential offered by geostationary
satellite observations in conjunction with general circula-
tion models (GCM) and/or online coupled numerical
weather prediction models [42,43,59], and have been
shown to be sensitive to cloud feedback processes [53,56].
This has also been confirmed by radiative-convective
models which have demonstrated the sensitivity of cli-
mate to cloud optical properties and the related feedback
processes [19].

Findings such as these highlight the need for more
detailed studies of the influence of clouds and aerosol and
their feedback processes on the Earth system and on
radiation budgets. To achieve this, new and efficient
parameterizations in terms of cloud and aerosol are
required to reduce the uncertainty associated with radia-
tive forcing. An important step in this direction was the
work of Takenaka et al. [54] who developed a customized
neural network (NN) solver based on radiative transfer
calculations from the radiative transfer code RSTAR5b
[35,36] to estimate downward and upward shortwave
fluxes at the surface and the top of the atmosphere from

combined aerosol and cloud parameters with high speed
and accuracy. It should be borne in mind that there is a
growing number of radiative transfer codes which vary
substantially in the numerical approximation method used
(e.g. discrete ordinates and/or 2-stream), their spectral
resolution (UV, visible, near-IR, thermal-IR, mm/sub-mm
and microwave), their treatment of cloud properties and
gas absorption (principal and/or trace), the complexity of
their aerosol models, whether or not they perform line-by-
line (LBL) flux or band integration, their inclusion of scat-
tering and polarization, the geometry adopted as well as
atmospheric profiles and surface characteristics. The
Intercomparison of Radiation Codes in Climate Models
(ICRCCM; http://gcmd.nasa.gov/records/GCMD_CDIAC_
[CRCCM.html) under the auspices of the World Meteor-
ological Organization (WMO) produced benchmark long-
wave LBL fluxes to allow for their assessment [12]. How-
ever, researchers have had to deal with the trade off
between calculation speed and accuracy. On the one hand,
the estimation of radiances for finite spectral intervals (e.g.
to estimate solar energy budgets) with LBL calculations is
precise but computationally intensive, while on the other
hand, band-integrated irradiances are faster but imprecise.
The Continual Intercomparison of Radiation Codes (CIRC;
http://circ.gsfc.nasa.gov/) has emphasized the importance
of using observations to constrain and define inter-
comparison cases [40] and more recently, emphasis has
been placed on computational speed with new para-
meterizations of bands and channels to accelerate radiance
calculations and to provide a good compromise between
computation time and uncertainty for a range of typical
radiative transfer problems, in particular, for satellite
radiometer simulations [15]. Current trends suggest that
the greatest gains in speed are expected to come from NN
models or hybrid approaches that incorporate NNs.

Building on the work of Lopez et al. [30], Dorvlo et al.
[10], Zarzalejo et al. [58] and Takenaka et al. [54] which
pioneered the development of NN models of solar radia-
tion, here we report on the development of NN solvers for
radiance spectra parameterized in terms of cloud and
aerosol:

i. that are based on large state-of-the-art LUTs calculated

with libRadtran that span a very broad range of cloud

and atmospheric conditions,

that include cloud optical parameters which are

derived from a new tailor-made satellite product for

the development of radiation budget applications,

that recover the UV, visible and near-IR radiation

spectra at high resolution (1 nm),

iv. and which, once trained, can produce almost instanta-
neous output.

=

ii.

j=H

iii.

To train and validate the NN, we constructed two high
resolution LUTs from a total of ~ 2.5 million runs with the
radiative transfer code, libRadtran [32] for clear sky and
cloudy conditions (separately) using distributed comput-
ing over a network of 8 high-end workstations running
continuously in batch mode for ~ 3 months. The trained
NNs developed here behave like fast radiative transfer
solvers and have been designed to meet the need for both

//dx.doi.org/10.1016/j.jqsrt.2015.08.018
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speed and high accuracy in multivariate studies of cloud-
radiation—aerosol interactions in the atmosphere, as well
as for production of real-time maps of solar irradiance
from real-time satellite inputs.

The rest of this report is arranged as follows. Section 2
presents the data used to train and validate two NN sol-
vers; in particular, the construction of large and high
resolution radiative transfer LUTs for clear sky and cloudy
conditions. Section 3 describes the general NN model and
provides details of the training and validation process.
Section 4 presents the results of testing the NN solvers on
a large and representative sample of parameter values as
well as their application to the production of high spatial
resolution solar irradiance maps using satellite cloud data
inputs. We conclude in Section 5 with a summary of the
key findings and with a discussion of potential applica-
tions of this approach.

2. Data
2.1. Solar irradiance LUTs for clear and cloudy sky conditions

In order to construct reliable and comprehensive
radiative transfer LUTs for clear and cloudy sky conditions,
it was necessary in each case, to compile a list of the
minimal set of input parameters required for calculation of
solar irradiance spectra: the global horizontal irradiance
(GHI), direct normal irradiance (DNI), diffuse horizontal
irradiance (DHI) and the actinic flux (AF), at the surface.
For both clear and cloudy sky conditions, the solar zenith
angle (SZA) and total ozone in the atmospheric column
(TOC) are key input parameters. SZA is a geometrical
parameter of solar irradiance calculated from the Brewer
angle and is dependent on the relative positions of the
Sun, Moon and Earth at each point on the surface (speci-
fied by latitude and longitude), while TOC is the most
important principal gas known to absorb short-wave (SW)
radiation. When modeling clouds, the cloud optical thick-
ness (COT), from which we distinguish between the water
cloud optical thickness (WCOT) and ice cloud optical
thickness (ICOT), is key parameters associated with cloud
water or ice droplet scattering. In our calculations, droplets
were assumed to be spheres having typical climatological
mean heights and values of effective radius (Ref). In par-
ticular, for low-lying water clouds, we used the value
Resr=10 pm and three values of the liquid water path
(LWP): 1 g/m> at 2 km, 2 g/m> at 3 km and 0 g/m> at 4 km.
For ice clouds at 10km we used: Reg=20pm and

Table 1

LWP=0.005 g/m?>, and for ice clouds at 11 km: Ref=0 pm
and LWP=0g/m>. Hess et al. [17] provide a detailed
overview of the optical properties of aerosols and clouds at
different altitudes. All optical thicknesses (water, ice and
also aerosol) in our runs are calculated at 550 nm. When
modeling clear sky radiance, aerosol has a particularly
important impact on the radiation budget [52] and hence
the aerosol optical thickness (AOT), the Angstrom Expo-
nent (AE), and the single scattering albedo (SSA) are
included in our clear sky aerosol model. In particular, the
AE is considered to be a good proxy of particle size and
hence to have an impact on scattering while the SSA is
considered to be a good proxy for absorption. Further-
more, the total columnar water vapor (which we will
denote “H,0”) is an additional principal gas known to
strongly absorb short-wave (“SW”) radiation, and is
included. Regarding the choice of aerosol parameters, the
6-input clear sky parameters were chosen so as to cover:
(a) a wide range of precipitable water loadings, (b) a sig-
nificant range of aerosol loadings and types (as expressed
through the combination of AOT, AE and SSA) and (c) a
significant range of solar angles - as these have been found
to be important factor on the performance of radiative
transfer models of the surface solar radiation [20,39].
Regarding the cloud parameters, the principal aim of our
model is to develop a model that can be driven by MSG-
SEVIRI cloud products and hence the 4 input variables in
the cloudy sky NN model were carefully chosen to be
aligned with the cloud products provided by MSG. Based
on these two sets of minimal aerosol and cloud para-
meters, input files for the radiative transfer code libRad-
tran were generated by permuting parameter combina-
tions over a range of step-sizes. Each run of libRadtran
then produced GHI, DNI, DHI and AF output spectra.
Table 1 presents the parameters applied in the radiative
transfer calculations for construction of the clear sky and
cloudy sky LUTs, their abbreviation, measurement unit,
range of values and step-size used.

The text files comprising the 2 LUTs are quite large and
occupy ~ 2.5 TB. The clear sky LUT comprises 2,100,560
records and the cloudy sky LUT comprises 465,124 records.
In total, some 2,565,684 radiative transfer simulations
were performed complete with output spectra of the GHI,
DNI, DHI and AF. The output wavelength range of the
radiative fluxes is 285-1050 nm for the clear sky LUT and
285-2600 nm and for the cloudy sky LUT (so as to incor-
porate also the effect of H,O absorption in the near to mid-
infrared). All output spectra have a wavelength resolution

Input parameters of the radiative transfer LUTs used to train the NN solvers. Note that both LUTs have the same parameter values for the SZA and the TOC.

Input parameter Abbreviation Unit Clear sky LUT Cloudy sky LUT
Solar zenith angle SZA deg 2:2:88 2:2:88

Water cloud optical thickness WCOT 1 0:1:30

Ice cloud optical thickness ICOT 1 0:1:30

Total ozone column TOC DU 250:20:450 250:20:450
Aerosol optical thickness AOT 1 0:0.05:1.5

Angstrom exponent AE 1 0.2:0.6:2.0

Single scattering albedo SSA 1 0.6:0.1:1.0

Columnar water vapor H20 cm 0.5:0.5:3.5

//dx.doi.org/10.1016/j.jqsrt.2015.08.018
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of 1 nm. Regarding the different spectral ranges used for
the clear sky and cloudy sky models, we would like to
point out that the clear sky NN model was constructed
over a shorter wavelength range for 3 reasons. Firstly, to
compare outputs with surface measurements from preci-
sion solar radiometers (PSR) instruments which operate in
this range. The second reason is that, since the clear sky
LUT has 6 input parameters (compared to 4 input para-
meters for the cloudy sky LUT), extending the spectral
range to 2600 strongly impacts on the modeling process
by meaning that the construction of the LUT would have
taken much longer than the already heavy computational
time investment ( ~ 3 months continuous runs on 5 multi-
core PCs). We wish to emphasize that for solar energy
applications, the cloudy sky NN with its larger wavelength
coverage (285-2600 nm) is the priority due to the effect of
COT on the magnitude of the level of the surface solar
radiation. Thirdly, the clear sky model was also designed to
facilitate an investigation into the dependence of the
irradiance spectrum on particular aerosol parameters.
While line-by-line calculation is the most precise way
to calculate the spectra, it is far too slow for the con-
struction of LUTs on the scale constructed here. Instead,
we adopted a band parameterization based on the corre-
lated-k approximation [13,24,61] and the exponential sum
fitting technique. This method has been found to be able to
offer accurate estimates of the spectral irradiance in
spectral intervals comparable with those provided by
detailed line-by-line calculations in clear sky and cloudy
conditions [38] and is a compromise between speed and
accuracy. In the libRadtran run we used the default aerosol
model according to Shettle [50]. Regarding the specifica-
tion of the extraterrestrial solar source spectrum, solar flux
data was taken from Kurucz [27] for the cloudy sky runs
and from the code for spectral irradiance (COSI) developed
in 1D [16,49] for the clear sky runs. Note that the two
radiative source setups are different for the clear sky and
cloud sky models. The reason for this is that the Kurucz
[27] configuration is valid up to 10,000 nm while the COSI
configuration [16,49] has higher spectral resolution but is
only valid up to 1050 nm which is the upper operating
limit of PSR instruments. Since, as mentioned above,
planned applications for the clear sky and cloud sky
models are clearly separated, this does not cause a conflict.
We would like to emphasize also here that, while an
estimate of the clear sky spectrum can be obtained with
the cloudy sky NN by setting cloud COT values to zero,
direct comparison with the clear sky model is not possible
because this would require specification of the AOD and
H,0 aerosol parameters in the cloudy sky NN model. In a
future work we will construct a NN model for investigation
of mixed aerosol/cloud conditions. To model gas absorp-
tion, the parameterization of molecular bands provided by
LOWTRAN [25,45] were used together with 32 standard
gas type based on the U.S. Standard Atmosphere [33] and
the atmospheric pressure and surface albedo were set to
constant values of 1000 hPa and 0.03 respectively so as to
exclude the effects of complex topography. The radiative
transfer equation is then numerically integrated with a
discrete ordinate radiative transfer solver [51] that has a
numerically stable algorithm for solving the equations of

plane-parallel radiative transfer in a vertically in homo-
geneous atmosphere [46]. The radiative transfer solver we
used is called SDISORT and is the “pseudospherical” analog
of the DISORT solver described in Stamnes et al. [51] and
which caters for large (twilight) angles (SZA > 80°) as
described by Dahlback and Stamnes [7]. This choice of
solver ensures that the spectra output from our libRadtran
simulations are valid from 0° to 90°.

2.2. Cloud data from satellite

In addition to the LUTs used to train and test the 2 NN
models which will be described in Section 3 (and validated
in Section 4), we obtained satellite cloud data products in
order to assess the speed and accuracy of the coudy sky
NN model for producing near-real time solar irradiance
maps. To accomplish this, the Spinning Enhanced Visible
and Infrared Imager (SEVIRI) onboard; the Meteosat Sec-
ond Generation 3 (MSG3) satellite was utilized to provide
the cloud type (CT), cloud phase (CP) product and a tailor-
made product for the cloud optical thickness (COT). Cloud
phase allows for recognition of whether or not a simulated
cloud pixel presents ice or water radiative transfer char-
acteristics, cloud type allows for identification of their
height and effective radius, while COT allows for a quan-
tification of the attenuation of incoming solar radiation.
The geostationary orbit of MSG3 at 36,000 km above the
Earth, allows for continuous monitoring of the Earth disk
every 15 min, however with a coarse spatial resolution of
approximately 0.05° x 0.05°. Following raw MSG-SEVIRI
data acquisition by the station, pre-processing of data is
performed. The result is a radiance image of the Earth disk
depicting Europe, Africa and South America (partly). Sub-
sequently, clouds are identified and their properties are
extracted using the Satellite Application Facility for Now-
casting Weather Conditions software (SAFNWC, [34,9]).
Note that in the current implementation, Numerical
Weather Predictions (NWP) are retrieved from the Global
Forecasting System (GSF of the U.S. National Climatic Data
Center) for the entire Earth with a grid size of 5°. This step
is performed utilizing a sophisticated multi-spectral
threshold method that employs different criteria for
areas located at daytime, nighttime and twilight. The
products of interest (i.e. CT, CP and COT) are provided for
the entire Earth disk and then appropriate latitude and
longitude datasets are used to extract a region of interest
(ROI): Greece in the case of this study. CT is a standard
output product of the SAFNWC computational procedure,
while COT extraction required an appropriate intervention
in the process chain to be implemented. A stereoscopic
rotation of this initial data was performed (illustrated in
Fig. 1) together with resolution adaptation to overcome
gaps resulting from the conversion of spheroids.

As a result of this processing, high spatial resolution
maps were obtained that had synchronous values of cloud
phase, type and COT, together with the SZA. Since satellite
and ground-based remote sensing instruments do not yet
provide aerosol data (AOT, AE, SSA and H,0) at this tem-
poral and spatial resolution, only satellite cloud data is
used here with the purpose of assessing the feasibility of
generating real-time solar irradiances via NN models.

//dx.doi.org/10.1016/j.jqsrt.2015.08.018
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Fig. 1. Processing steps from the initial global MSG3 cloud products to the final stereoscopically-rotated map for the case of the cloud phase product.

3. Methodology

One thing that should be noted is that while satellite
cloud data is continuous, cloudy sky LUTs are discrete. For
real-world applications based on cloud data, this creates the
need for either: i) an interpolating function to be applied to
adjacent/nearest-value LUT parameter sets, or ii) a con-
tinuous function-approximating model that is valid over the
span of values of the LUT. In order to assess the viability of
(i), we coded an interpolation algorithm in MATLAB's object-
oriented scripting language to solve the following equation:
GHI(1) = f(WCOT, ICOT, SZA, TOC) using a grid of 480 input-
output vectors much coarser than the LUT: WCOT=0:10:30,
ICOT=0:10:30, SZA=0:10:90, and TOC=250:100:450 and
corresponding GHI spectra from 285:1:2600 nm. However,
this approach was found to be excessively computationally-
expensive with each interpolation calculation requiring a
time in excess of each single run of libRadtran used to
generate the LUT in the first place. Indeed, it has already
been noted by researchers in the field that the inclusion of
many parameters and small step sizes can dramatically
increase the LUT volume [54] and that the multidimensional
nature of the dataset requires interpolation/extrapolation
procedures that impact strongly on calculation speed
[14,48]. As a result, we opted for (ii) and proceeded to
construct, train and validate a NN model that is a continuous

function-approximator and which, once trained, produces
instantaneous output solar irradiance spectra per input
vector. This makes NN models suitable for real-time appli-
cations where radiation spectra are required at high fre-
quency (e.g. 1 every 15 min). to match the frequency of
output from geostationary satellites like MSG3). As will be
demonstrated in Section 4.4 in the context of producing
high spatial resolution regional maps of spectral radiation
estimates (e.g. 54k pixels are needed for Greece and scaling
up to regions the size of Europe requires millions of pixels),
the capacity of NNs to produce instantaneous spectral out-
put makes them preferable to interpolation-based alter-
native approaches.

3.1. The NN model

In this section, we describe a generic continuous
function-approximating NN model for retrieval of solar
irradiance spectra (outputs) from cloud and aerosol para-
meters (inputs). For multivariate input-output data, a feed-
forward NN having at least one layer of “hidden” neurons
whose activation functions are nonlinear hyperbolic tangent
functions or other general nonlinear sigmoidal functions,
has been proven to be a universal function approximator
([6]; Hornik et al. 1989). This means that, given enough
hidden neurons and training data, such networks are

//dx.doi.org/10.1016/j.jqsrt.2015.08.018
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capable of learning the mathematical relation between
inputs and outputs. The input and output vectors used in
our study were connected via 2 network layers - the first
containing hidden neurons with Tanh activation functions,
and the second containing output neurons with linear
activation functions as depicted in Fig. 2.

The exact mathematical equation relating the NN out-
puts to the NN inputs for this type of NN model is given by
the matrix equation [55]:

Y=f2 (sz,1f1 (lW“X+b1)+b2) 1)

The multiplication of the matrix IW"! and the vector X
is a dot product equivalent to the summation of all input
connections to each neuron in the hidden layer. Eq. (1) is
the continuous (nonlinear) functional approximation that
relates the output vector to the input vector. The NN model
was coded using MATLAB's object-oriented scripting lan-
guage in conjunction with its Neural Network Toolbox [8].
Such NN models require specification of how the perfor-
mance error associated with the network model is to be
measured and also neural network architecture. We mea-
sure the performance error of the network via the mean
squared error (MSE) calculated from the difference
between NN outputs (y;) and libRadtran target values (t;).
During each iteration of the learning process, the weights
and biases are tuned so as to minimize the MSE cost
function:

1

N
MSE == " [t;—y;|? (2)
i=1

=

over the set of N input—output vectors. In this report, when
comparing model outputs with target data, we calculate
the root mean squared error (RMSE), the mean absolute
error (MAE), the bias (b) and the percentage fractional
error (PFE):

1 N
RMSE = N;{ti—yi{z 3)

1 N
MAE:N; |ti—yi 4)

Inputs Layer 1

1 N
b=y (63 ®)

—

ti—yi)

i

PFE = x 100% (6)
as statistical measures of the average error (or difference)
- and which have the same units as the data. The PFE is
used in this paper for comparing maps of quantitue. The
Pearson product-moment correlation coefficient, R [41] is
calculated as a linear regression measure when comparing
spectrally-integrated irradiance. When comparing the
quality of models to recreate spectral dependence of irra-
diance with wavelength, the coefficient of determination,
R? (see for example: [4]) is calculated.

In order to identify the optimal NN architecture for the
NN model, we then adopted the approach developed in
Taylor et al. [55] where by: all input and output variables
are normalized to their z-score values, principal compo-
nents analysis (PCA) is applied separately to input and
output vectors to eliminate parameter redundancy (while
retaining 98% of the variance), the number of hidden
neurons and the proportion of training data are varied, and
the optimal NN is selected as that having the minimum
MSE. For a more general introduction to NN models and
their implementation, we refer to reader to Bishop [2], and
for details of PCA to Jolliffe [22]. We would like to point out
that, while specialized custom NNs like those detailed in
Takenaka et al. [54] are specialized and problem specific,
our aim here is to outline a simpler and more accessible
approach (based on MATLAB) that can be easily emulated
by researchers studying solar radiation budgets and to
help facilitate the development of new parameterizations
of solar irradiance spectra in terms of cloud and aerosol
parameters that can help reduce the uncertainty asso-
ciated with their impact on planetary radiative forcing.

3.2. NN training

In this work we report on the training of two NN
models - one with aerosol input parameters (for analysis
of clear sky atmospheres), and one with cloud input
parameters (for analysis of cloudy skies and atmospheric
conditions). In each case, we performed a batch of runs on

Layer 2 Outputs

2’ = (LWa'+b) Y

X a' = f'(IW"X+b")

Fig. 2. Schematic showing the neural connectivity between input and output parameters.
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a grid of 100 NNs permuting through a range of archi-
tectures such that the number of hidden neurons ranged
from 4-24 (in steps of 2) and so that the training propor-
tion ranged from 40% to 90% (in steps of 5%). The NN
connection weights and biases were then updated (i.e.
trained) using an optimization learning algorithm. For
each of these tests, 4 different optimization learning
algorithms were investigated: the Levenberg-Marquardt
(L-M) back-propagation optimization learning algorithm
[29,31]: MATLAB flag “trainlm”, Bayesian regularization:
MATLAB flag “trainbr”, resilient back-propagation:
MATLAB flag “trainrp”, and scaled conjugate-gradient
back-propagation: MATLAB flag “trainscg”. Details of the
operation of back-propagation learning algorithms can be
found in Rumelhart et al. [47]. For both the clear sky NN
and the cloudy sky NN (see below), we found that the best
results were obtained with the L-M algorithm. Training
proceeded through a number of epochs until the MSE
between NN outputs and the libRadtran targets (expected
outputs) is minimized. In particular, the MSE obtained for
each input-output vector in the validation proportion of
the dataset was calculated for each NN in the grid. The
optimal NN was then identified as the one whose archi-
tecture had the smallest validation MSE.

To train the clear sky NN, we extracted a subset of 2592
libRadtran input-output vectors from the clear sky LUT cor-
responding to a coarse but representative grid of runs span-
ning the parameter space: SZA=1:10:81, TOC=250:100:450,
AOT=0:0.5:1.5, AE=0.2:0.6:2.0, SSA=0.7:0.2:0.9 and H20=
0.5:1.0:3.5, with each combination having an associated GHI
(285:1:1050 nm). To train the cloudy sky NN, we extracted a
subset of 1323 libRadtran input-output vectors from the
cloudy sky LUT corresponding to a coarse but representative

S

107
10
—
]
=
w
°© 3
@ 10"
o
-]
T
]
[
o
s
10° |
10’

Best Validation Performance is 326.1224 at epoch 70

1

40

grid of runs: SZA=2:10:82, TOC=250:100:450, WCOT=
0:5:30 and ICOT=0:5:30, with each combination having an
associated GHI (285:1:2600 nm). In both cases, best results
were obtained with 10 hidden neurons and a training: vali-
dation data ratio of 75%:25%. In relation to the evolution of NN
performance with back-propagation epoch, the best validation
MSE for the clear sky NN was 0.00015 (RMSE ~ 0.01 W/m?)
after 20 training epochs (iterations) while the best validation
MSE for the cloudy sky NN was 326.1 (RMSE ~ 18.1 W/m?)
after 70 training epochs. Fig. 3 shows the progression of
training for the cloudy sky NN where convergence has clearly
been reached after 70 epochs at the horizontal asymptote for
the best validation MSE. Note that the validation error curve,
even after decades of epochs post-optimum training, does not
increase. This signals both that a) training convergence has
been achieved and b) over-fitting has been avoided.

4. Results

In order to test the (optimal) trained NNs described in
Section 3.2, we created two test datasets (one for the clear
sky NN and one for the cloudy sky NN) that spanned the full
range of the training datasets, but which were constructed by
randomly selecting 10,000 input-output vectors from each
LUT so as to produce a finer grid of test runs. We wish to
reiterate that, for each NN model, a large LUT is used twice —
once for training and once for validation. For NN training a
coarse grid spanning the full range of input parameter values
was used so as to ensure that the NN was trained on a broad
range of possible atmospheric conditions as represented by
the 10,000 points in the multidimensional space of input-
output data. Furthermore, during the validation stage, points

= Train
Validation
Best

)

1 L | L J
50 60 70 80 90
Epoch

Fig. 3. Optimization of the cloudy sky NN. The MSE of the training data and validation data (100%-training %) with back propagation iteration (epoch) is
shown for the optimal NN having 10 hidden neurons and a training: validation proportion of 75%:25%. For all NNs in the grid the goal for the back-
propagation cost function was set to 1/100th of the total variance of the targets.
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that are coincident to both the training and validation sam-
ples were excluded so that, in essence, the validation space
comprises a fine lattice spanning the LUT and overlaid
(without coincident vertices) on a coarse lattice of training
points. The coarse grid allows the NN to be general and is
needed for the NN to be “accurate” in the sense of producing
expected results for a wide range of input vectors. The fine
grid tests the ability of the NN to interpolate to values near
the points used to train the NN and therefore is a measure of
its “precision”. For implementation of this approach then, a
full LUT is therefore necessary and is what gives our NN
model its computational power. Once trained, the NN is able
to function as an independent entity without the need for
further reference to a LUT.

4.1. Testing the clear sky NN

Of the 10,000 randomly-selected runs to be used for
testing the clear sky NN, 255 had input vectors that coin-
cided with the 2592 input-output vectors of the training
dataset and were eliminated, leading to a reduced set
containing 9745 records. The input parameters were then
fed to the trained clear sky NN to generate output spectra
of the DNI, GHI, DHI and AF over the spectral window:
285-1050 nm. Fig. 4 visually shows the set of GHI spectra
obtained with libRadtran and with the NN.

The spectra produced by libRadtran and those simu-
lated by the NN were then integrated in order to assess the
performance of the clear sky NN as shown in Fig. 5.

In Section 4.3 we will assess the average error and
goodness of fit of the clear sky NN model. For now, we

a libRadTran: N=9745

1.8 -

16

14 -

GHI [W/m?/nm]

0.8

06

04 |

300 :OO 500 600 700 800 900 1000
Wavelength [nm]

note that the spectrally-integrated GHI is very well mod-
eled over the spectral range of PSR instruments considered
here and for a large range of values of the integrated
spectral irradiance resulting from differing atmospheric
aerosol conditions. In order to investigate the impact of
individual parameters on the spectra, we extracted records
at the 10%, 25%, 50%, 75% and 90% quartiles of input
parameter values in the random sample space. Fig. 6
shows the sensitivity of the NN fit to the libRadtran GHI
spectra with AOT, SSA, SZA, TOC, H,0 and AE.

It is clear from Fig. 6 that the spectral GHI is not
strongly sensitive to the level of atmospheric ozone (TOC)
or columnar water vapor (H,0). Some sensitivity to the
level of H,O is apparent in the near-IR part of the spectrum
around 900-980 nm where water absorption is stronger.
The solar irradiance decreases marginally with increasing
AOT and increasing AE. A reverse trend is observed for the
SSA. However, the GHI spectrum is highly sensitive to the
SZA. The spectral maximum occurs at a wavelength
~ 480 nm and decreases strongly in magnitude as the SZA
increases from its 25% quartile value of 22° towards the
zenith. In all cases, the NN is able to recover dominant
absorption lines (e.g. at ~ 420 nm, ~ 690 nm, ~ 760 nm,
~ 840 nm, and ~ 930 nm).

4.2. Testing the cloudy sky NN

Of the 10,000 randomly-selected runs comprising the
subset of the cloudy sky LUT, 104 had input vectors which
coincided with the 1323 input-output vectors of the
dataset used to train the NN and were eliminated, leading

b NN: N=9745

T T

GHI [W/m?/nm]

300 400 500 600 700 800 900 1000
Wavelength [nm]

Fig. 4. Left: the 9745 randomly-selected GHI spectra produced by libRadtran. Right: the corresponding spectra produced by the NN solver. The spectral

range for the clear sky NN is 285-1050 nm.
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Fig. 5. (a) Scatterplot and linear regression of the 9745 randomly-selected and spectrally-integrated GHI spectra produced by the NN (y-axis) on the target
libRadtran values (x-axis). (b) Histogram of the differences fit with a Gaussian distribution (black line). The mean difference is also shown (red line). Dotted
red lines in both plots correspond to 0, + 30 and + 60 W/m? difference levels. (For interpretation of the references to color in this figure legend, the reader

is referred to the web version of this article.)

to a reduced set containing 9896 data points. While it is
generally not good practice to remove outliers (since they
often correspond to interesting phenomena), in relation to
the development of NN models, it is important that data
values that are infrequently-occurring or which fall out-
side the problem domain, are removed as they can sig-
nificantly bias the assessment of NN performance. This led
us to study the input-output vector data in more detail.
The random sample revealed that a small sub-sample of
the GHI spectra (108 data points) presented uncharacter-
istic (“irregular”) trends with very sharp high irradiance
peaks in the near-infrared part of the spectrum, suppres-
sion of the GHI in the visible and ultraviolet parts of the
spectrum, and again in the mid-infrared. These irregular
spectra were associated with the specific combination of
conditions: SZA > 88° concurrent with ICOT > 17 and were
eliminated from the test sample, leading to a reduced set

containing 9788 data points. The input parameters were
then fed to the trained clear sky NN to generate output
spectra of the GHI over the spectral window: 285-
2600 nm. Fig. 7 visually shows the set of GHI spectra
obtained with libRadtran and with the NN.

We report the following macro-statistics to assess the
performance of the cloudy sky NN: (i) the sample bias as a
measure of systematic error, (ii) the root mean squared
error (RMSE) as a measure of dispersion, and (iii) the
Pearson product-moment correlation coefficient as a
regression measure. Fig. 8 shows that the correlation
coefficient calculated by regressing NN outputs on
libRadtran targets was found to be R=0.991 (with slo-
pe ~ 0.97), the sample bias was found to be: —0.076 W/m?
and the RMSE=7.767 W/m?. In particular, only 394 of the
N= 9788 data points (4.03% of the random sample) are
marginally outside the + 60 W/m? band; the majority (
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Fig. 6. Quartile trends of the spectral GHI with (a) AOT, (b) SSA, (c) SZA, (d) TOC, (e) H20 and (f) AE. The libRadtran data is shown by the dots while the NN
model is represented by lines. For each case, the bias b, the RMSE and the coefficient of determination R? are presented. For case (f), the 10% and 25%

quartiles coexist at AE=0.2.

9394 of the N= 9788 data points or 95.97%) of the NN
model outputs are well within + 0-60 W/m? band of the
libRadtran simulated target values. These initial results
suggest that the optimal cloudy sky NN is generally well
trained and performing properly the function approxima-
tion between input and output vectors.

In Section 4.3 we will assess the average error and
goodness of fit of the cloudy sky NN model in detail. In
what follows, we investigate the dependence of the irra-
diance spectrum on variations in the values of the NN
model inputs. Fig. 9 shows the sensitivity of the NN fit to
the libRadtran GHI spectra with WCOT, ICOT, SZA and TOC.
It is clear from Fig. 9 that the spectral GHI is not sensitive
to the level of atmospheric ozone. There is an expected
drop in solar irradiance with COT (both ice and water), and
with SZA. Importantly, the GHI appears to be insensitive to
the level of total columnar ozone (TOC).

In next section, we analyze the size of average errors
and goodness of fit measures for both the clear sky NN and

for the cloud sky NN models with a view to providing an
assessment of their quality and performance in terms of
accuracy and precision.

4.3. Assessment of the performance of the NN models

In Table 2 we summarize the goodness of fit statistics
associated with the differences between the values of the
integrated spectra for both the clear sky NN and the cloud NN.

In the case of the cloudy NN for example, the propor-
tion of points above the 30 W/m? difference level is 532/
9788 or 5.44%. It is useful to check that the minimum
RMSE at this level given by 1/[(5.44/100)*30%]=6.99 W/m?
is well below the value of RMSE=18.067 W/m? for the
whole sample of N=9788 points, which is the case. The
same is true for the 150/9788 or 1.53% of points above the
60 W/m? level where the minimum RMSE given by
v/[(1.53/100)*30%]=3.71 W/m? again is well below the
value of RMSE for the whole sample. Similarly, for the case
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Fig. 7. Left: the 9788 randomly-selected GHI spectra produced by libRadtran. Right: the corresponding spectra produced by the NN solver.

of the clear sky NN (where the agreement is stronger as
can be seen in the upper panel of Fig. 5, the proportion of
points above the 30 W/m? is accordingly much lower at
34/9745 or 0.35% and the minimum RMSE given by
/[(0.35/100)*30%]=1.77 W/m? is well below the value of
RMSE=7.65W/m? for the whole sample of N=9745
points. In this particular case, there are no points where
the difference is in excess of 60 W/m?. Note that we have
followed the standard practice (Willmott et al, 1985) of
assuming that the reference values (libRadtran simulated
output spectra) used to valid our model (NN output
spectra) have zero error. While it has not yet been possible
to associate an error with target spectra produced by
libRadtran, it is worth trying to place the performance of
such radiative transfer codes in context by understanding
the general uncertainty associated with them. Band-
integrated irradiances have been reported to be as low as
1% for spectrally-integrated cases such as short- and long-
wave fluxes at the top of the atmosphere and/or at the
surface [15]. In their presentation of the results of inter-
comparison of radiative transfer codes that use line-by-
line calculation rather than band-integration, Oreopoulos
and Mlawer [39] also quote an uncertainty of the order 1%
for these fluxes at specific solar zenith angles and cloud-
free conditions. An important study by Ineichen [20], that
evaluated the performance of 8 high performance clear
sky solar irradiance models against a set of 16 independent
datasets covering 20 years/stations, found that the accu-
racy of these models for the GHI using the RMSE as a
measure was of the order ~4-5% (or ~ 19-23 W/m?) for
mostly clear sky conditions [20]. These studies provide a
useful guide and general context for the evaluation of the
performance of our NN models using goodness of fit sta-
tistics presented above.

With regard to considerations of speed, we have com-
pared the NN model runtime with the libRadtran simulation
runtime for production of the 10,000 output spectra used for
validation for both the clear sky and cloudy sky cases. As an
indication, with a single batch process on a quad-core PC, the
clear sky libRadtran simulation involving 6 input parameters
and spanning the spectral range 285-1050 nm requires
~ 200 h while the cloudy sky libRadtran simulation involving
4 input parameters but spanning the spectral range 285-
2600 nm requires =~ 235 h (to the nearest hour). The clear
sky NN requires 0.916 s and the cloudy NN requires 0.714 s.
Clearly, for real-time mapping applications at the national
scale where the number of pixels is typically of the order
~ 10-10° then radiative-transfer simulations are computa-
tionally too slow and the NN is greatly advantageous, allow-
ing maps to be produed well within a 1-min timescale. This
makes the NN practical for application to high spatial reso-
lution cloud data maps and possibly for the development of
forecast models since cloud maps from weather satellites like
MSG3 are produced at 15-min intervals. The clear sky and
cloudy sky NN solvers are capable of taking continuous data
directly as input and instantaneously generating the spectral
GHI accurately. In the next section we show how the cloudy
sky NN can be applied to real-time satellite cloud data.

4.4. Real-time application using satellite cloud data

In this section, we apply the cloudy sky NN solver to
real cloud parameter data from the geostationary satellite
MSG3 (see Section 2.2) over a region of interest (ROI):
Greece which spans an area from 34°N to 43°N latitude
and 19°E to 29°E longitude. MSG3-SEVIRI cloud phase
flags (O=clear sky, 1=water cloud, 2=ice cloud, and
3=mixed cloud) and associated ICOT and WCOT values
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Fig. 8. (a) Scatterplot and linear regression of the 9788 randomly-selected and spectrally-integrated DHIGHI spectra produced by the NN (y-axis) on the
target libRadtran values (x-axis), together with the 0, + 30 and + 60 W/m? bands (red dotted lines). (b) Histogram of the differences fit with a Gaussian
distribution (black line). The mean difference is also shown (red line). (For interpretation of the references to color in this figure legend, the reader is

referred to the web version of this article.).

were extracted for each of 54,531 pixels ( ~ 0.05° x 0.05°)
in the 2D stereoscopically-rotated map of the ROI on the
4th of June 2014 at 07:30am UGT. The resultant COT map
for the ROI is shown in Fig. 10(b). To this data, the SZA in
each pixel together with a constant climatological value of
TOC=350DU, was appended to form a matrix of 54,531
row vectors (one for each pixel) having 6 columns: lati-
tude, longitude, ICOT, WCOT, SZA and TOC. Sub-matrices
(excluding latitude and longitude entries) were then fed to
the trained cloudy sky NN and the GHI was generated and
spectrally-integrated for each input vector/ pixel resulting
in Fig. 10(d). In order to provide an assessment of the
underlying clear sky GHI map, a replica of the input matrix
was made with all ICOT and WCOT values set to 0 and fed
to the cloudy sky NN to produce “clear sky” GHI spectra
which were also integrated for each pixel. The NN-

calculated clear sky spectrally-integrated GHI is shown in
Fig. 10(a). Close observation of these images illustrates that
the map of integrated GHI for cloudy skies (the general
case) in Fig. 10(d) results from the modulation of the “clear
sky” GHI map of Fig. 10(a) by the map of COT in Fig. 10(b).
A quantitative measure of this is the clear sky factor (CSF)
which is calculated by integrating the spectral GHI in the
presence of clouds and normalizing it to the value of the
integrated spectral GHI for clear sky conditions (i.e.
ICOT=WCOT =0):

oS 2 GHI(ICOT, WCOT, A)da
B 2 GHI(0,0, 2)dz

)

As such, the CSF ranges from [0, 1] such that CSF=1
corresponds to the clear sky case. The map of the CSF for
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Fig. 9. Quartile trends of the spectral GHI with (a) ICOT, (b) WCOT, (c) SZA and (d) TOC. The libRadtran data is shown by the dots while the NN model is
represented by lines. For each case, the bias b, the RMSE and the coefficient of determination R? are presented.

Table 2

Goodness of fit statistics associated with the differences between the
values of the integrated spectra for both the clear sky NN and the
cloud NN.

Clear sky NN Cloudy NN
N 9745 9788
b [W/m?] —0.01 -0.12
MAE [W/m?] 5.98 12.14
RMSE [W/m?] 7.65 18.07

N (0 < difference < 30 W/m?) 9711 (99.65%)
N (30 < difference <60 W/m?) 34 (0.35%)
N (difference > 60 W/m?) 0

9256 (94.56%)
382 (3.90%)
150 (1.54%)

the ROI calculated in this way is shown in Fig. 10(c). In
reality, as we have shown, the GHI is also a function of SZA
(to a major extent) and TOC (to a minor extent). In the
context of more general real-time pixel maps of the
spectrally-integrated GHI over a ROI, one should picture
maps of the actual spectrally-integrated GHI as resulting
from the product of 2 maps: the first, corresponding to a
map of the spectrally-integrated clear sky GHI and the
second, being a map of the CSF. The reason that this
interpretation (in terms of the effect of clouds only) is valid
is because the integrated spectral GHI is insensitive to TOC.
In addition, the SZA is a constant of the solar position (i.e.
local time and geolocation) and therefore there exists an
inertial frame of reference (siderial time) where the
spectral GHI is also independent of SZA. The CSF is the
normalized and spacetime-invariant manifestation of the
spectrally-integrated actual GHI. As a further assessment
of the performance capability of the cloudy sky NN, 54,531

libRadtran simulations (one for each pixel) corresponding
to the matrix of input vectors were used to generate GHI
spectra which were then integrated to produce the map in
Fig. 10(e). The PFE calculated from the difference of the
spectrally-integrated GHI calculated with the cloudy sky
NN and with libRadtran is shown in Fig. 10(f).

There is strong visual agreement between the NN-
calculated spectrally-integrated GHI map of Fig. 10(d) and
that derived from libRadtran simulated spectra in Fig. 10
(e). Two key observations can be made: i) regions of GHI
below ~ 400 W/m? in both maps correspond, as expected,
to regions of high COT above ~ 30 (i.e. dominated by the
presence of thick cloud) and ii) clear sky regions where
COT is less than ~5 have slightly higher values of GHI
when calculated with libRadtran ( ~ 700 W/m?) compared
with the cloudy sky NN ( &~ 600 W/m?). This latter finding
is observable in the PFE “difference map” of Fig. 10
(f) where the cloudy sky NN is seen to under-estimate
“clear sky” regions (PFE=~ +15% to +20%) and over-
estimate the regions of dense cloud (PFE~ —10% to
—15%). In Fig. 11 the spectrally-integrated GHI obtained
with the cloudy sky NN and that derived from libRadtran
spectra using the same inputs in all 54,531 pixels of the
ROI are plotted.

For the cyan region (COT > 30) and the blue region
(COT <5) of Fig. 11, the level of correlation shows a
marked dependence on the magnitude integrated solar
irradiance. In particular, the cloudy sky NN underestimates
for COT <5 and slightly overestimates for COT > 30. The
overestimation for COT > 30 reaches a 30 W/m?2. Indeed,
Up to a value of ~550W/m? the difference in the
spectrally-integrated GHI lies within the + 30 W/m? error
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Fig. 10. (a) The spectrally-integrated “clear sky” GHI map for the ROI (54,531 pixels) at 07:30am UGT. Note that, at this time of the morning in Greece, the
sun is situated nearly due East. (b) The COT map obtained from MSG3 satellite measurements of ICOT and WCOT by the SEVIRI instrument and associated
cloud products. (c) The CSF map. (d) The spectrally-integrated GHI map generated by the cloudy sky NN. (e) The spectrally-integrated GHI map generated
by libRadtran for the same inputs. (f) The PFE resulting from the difference between the spectrally-integrated GHI map generated by libRadtran and the
cloudy sky NN.
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Fig. 11. A scatter plot of the spectrally-integrated GHI calculated from libRadtran (x-axis) and cloud sky NN spectra (y-axis) for the 54,531 pixels of the ROI
color-coded for three different behaviors of the performance of the cloudy sky NN with respect to libRadtran: i) “linear” (5 < COT < 30), ii) “over-esti-
mation” (COT > 30) and iii) “under-estimation” (COT < 5). The red dotted lines correspond to the 0, + 30 and + 60 W/m? bands. (For interpretation of the
references to color in this figure legend, the reader is referred to the web version of this article.)
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band. Above this level of solar radiation, the cloudy sky NN
under-estimates the spectrally-integrated GHI compared
to libRadtran, leading to an increase in the value of the
average difference as atmospheric conditions approach
purely clear skies where COT=0. Since the lowest
spectrally-integrated GHI values occur at high COT values,
the impact of the overestimation is not of such importance
in solar energy applications where the surface integrated
solar irradiance is low. For clear sky pixels at low COT
values is more pronounced and exceeds 60 W/m?. This has
to do with the limited ability of the cloudy NN to accu-
rately model clear sky conditions. The aim, however, of
this paper is to demonstrate a new methodology for
deducing solar radiation spectra from aerosol and cloud
inputs using neural networks and to assess the sensitivity
of the models to variations in the input parameters. This
work is a first step to support the development of holistic
systems that are valid for both cloudy and clear sky con-
ditions in the presence of aerosol.

In Table 3 we investigate the dependence of the size of
the average error with COT using an exponential scale.

According to the findings of Table 3, average error
statistics are within + 30 W/m? for low to high levels of
COT above ~ 4 with an optimum error ~ 5 W/m? for cloud
conditions corresponding to the interval 8 < COT < 16. The
average error increases exponentially as condition
approaches pure clear skies being of the order 113 W/m?
for the interval 0 < COT < 1. We wish to reiterate here that
the COT is a derived parameter in the cloud data algorithm
used by MSG3 and is sensitive to non-uniformity of cloud
features in the SEVIRI field of view. In the near future we
will validate the results presented here against in situ
measurements from precision solar radiometers (PSR) and
other instruments in the National Observatory of Athens
(NOA) solar radiation network, as well as simulations
provided by NOA's operational forecasting numerical
weather prediction model (MM5).

Finally in this section, in addition to the statistical
analysis of the differences between the spectrally-
intergrated GHI obtained from spectra produced by the
cloudy sky NN and libRadtran, we also calculated the
structural similarity index for maps (SSIM) developed by
Wang et al. [57] to assess agreement in morphological
detail between 2 images/maps. The SSIM has values in the
range [0, 1] with unity corresponding to perfect morpho-
logical similarity. For the 54,531 pixel maps of Fig. 10
(d) and (e), we obtained the value: SSIM=0.91 when a
Gaussian window of size 10 pixels was used, suggesting a

Table 3

strong degree of structural similarity despit the fact that
the RMSE for clearest sky pixels (0 <COT < 1) is of the
order of ~ 113 W/m?2. The analysis above performed with
reference to radiative transfer simulations suggest that the
cloudy sky NN has the potential to produce irradiance
spectra whose spectrally-integrated GHI values that are
accurate for the majority of realistic cloud conditions and
spatially-robust in terms of solar irradiance features.

Conclusion

In this paper, we report on the development of NN
solvers for estimation of solar irradiance spectra based on
clear sky (aerosol) parameters and cloudy sky parameters.
To accomplish this, a large (2.4 million record) LUT of DNI,
GHI, DHI and AF irradiance as a function of ICOT, WCOT,
TOC, SZA AOT, SSA, AE and H,O was generated with
libRadtran. Two feed-forward NN solvers were trained and
tested on a broad range of ~ 10,000 randomly-selected
records that smoothly span a large input parameter space
for both clear sky and cloudy sky conditions. The NN sol-
vers, once trained, are fast and accurate, and offer new
parameterizations of clear sky and cloudy atmospheres. In
particular, the application of the clear sky NN solver to an
array of parameters including: AOT, SSA, SZA, TOC, H20
and AE revealed that solar spectra are most sensitive to the
SZA and that the effect of TOC on the spectral GHI, for
example, is small. These two effects were also found to be
true in the context of cloudy skies.

The cloudy sky NN solver for the GHI has a spectral
resolution of 1 nm over the range of wavelengths 285-
2600 nm and is capable of producing maps of spectrally-
integrated GHI of the order of 10*-10° pixels within 1-min
and with relative errors less than 20% of libRadtran-
simulated values. Application of the cloudy sky NN solver
to satellite cloud data (cloud optical thickness, cloud type
and cloud phase) extracted and stereoscopically-rotated
for the Greek region from MSG3-SEVIRI, was straight-
forward, rapid, and provided coherent results that could be
interpreted in terms of the clear sky factor. Work is in
progress to elucidate the multiparametric dependence of
the CSF on a fuller set of aerosol and cloud parameters. The
development of NN solvers that account for some particle
mixing (e.g. cloud and aerosol internal/external mixing or
mixing of aerosol types, nonspherical shape) using meth-
odologies like the one presented here, will help open the
door to new simulations of these important interactions

The average error associated with the difference between NN-calculated and libRadtran calculated spectrally-integrated GHI as a function of increasing COT

(in powers of 2).

N N (cumulative) (%) b [W/m?] MAE [W/m?] RMSE [W/m?]
0<COT<1 22,239 40.8 113.67 113.67 113.86
1<CO0T<2 1310 43.2 90.60 90.60 90.95
2<C0T<4 7200 56.4 68.27 68.27 69.87
4<COT<8 4843 65.3 22.22 22.22 24.63
8<COT< 16 6815 77.8 5.00 5.00 5.67
16 <COT <32 8234 92.9 6.99 7.0 7.8
COT > 32 3890 100.0 —6.66 8.35 10.87
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and their impact on radiation budgets. It is hoped that the
fast and accurate, clear sky and cloudy sky NN solvers
presented here are an initial step in this direction and will
help facilitate studies of the impact of aerosol and cloud
parameters on solar irradiance spectra at the local, regio-
nal or global scale, important to improving our under-
standing of the Earth's radiation budget.
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