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Abstract: The Advanced Model for the Estimation of Surface Solar Irradiance (AMESIS) was
developed at the Institute of Methodologies for Environmental Analysis of the National Research
Council of Italy (IMAA-CNR) to derive surface solar irradiance from SEVIRI radiometer on board
the MSG geostationary satellite. The operational version of AMESIS has been running continuously
at IMAA-CNR over all of Italy since 2017 in support to the monitoring of photovoltaic plants.
The AMESIS operative model provides two different estimations of the surface solar irradiance: one
is obtained considering only the low-resolution channels (SSI_VIS), while the other also takes into
account the high-resolution HRV channel (SSI_HRV). This paper shows the difference between these
two products against simultaneous ground-based observations from a network of 63 pyranometers
for different sky conditions (clear, overcast and partially cloudy). Comparable statistical scores have
been obtained for both AMESIS products in clear and cloud situation. In terms of bias and correlation
coefficient over partially cloudy sky, better performances are found for SSI_HRV (0.34 W/m2 and
0.995, respectively) than SSI_VIS (−33.69 W/m2 and 0.862) at the expense of the greater run-time
necessary to process HRV data channel.
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1. Introduction

The deployment and optimization of photovoltaic system plants require accurate knowledge
of the temporal and spatial variability of surface solar radiation, which is directly linked to solar
energy production. The characterization of the temporal and spatial distribution of surface solar
irradiance is very challenging due to cloud presence and, in complex orography, to shadowing and
altitude/slope effects [1,2]. Clouds play a major role in the Earth–atmosphere system, affecting the
incoming solar and outgoing thermal energy with interactions with the other atmospheric components.
Clouds absorb and even more scatter radiation in the shortwave part of the spectrum, they absorb
radiation in the longwave part (which is emitted by Earth’s surface and lower troposphere) and they
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reemit it downwards and into space [3]. It is very difficult to estimate the radiative effects of clouds
accurately, due to their high temporal and spatial variability. Ideally, in situ measurements provide the
best method for obtaining solar irradiance estimation at surface [4], but the network of these ground
instruments is not sufficiently dense [5,6]; therefore, methods involving extrapolation statistics based on
surface measurements or satellite observations are commonly exploited to complement ground-based
measurements and cover areas with no ground instruments installed [7–9]. The geostationary
orbit covers the Earth’s surface with a high time resolution, but its weakness is the increase in
the pixel apparent size with latitude and longitude. By contrast, polar satellites, rotating at a much
lower altitude, have a higher spatial resolution but a restricted temporal coverage. Therefore, only
geostationary data allow the diurnal cycle of the solar irradiance at the Earth’s surface to be captured.
However, the availability of satellite-derived solar radiation measurements has often proven to be
spatially and temporally inadequate for many applications [10]; in particular, broken clouds are
difficult to detect, especially small clouds that can make the solar surface irradiance estimation less
accurate [11]. At present, many different methods are exploited for solar radiation mapping, including
the interpolation of surface measurements and the orographic downscaling of satellite data [10,12–14].
The accuracy and the suitability of interpolation and orographic downscaling approaches for
complex-orography regions are still under study. In recent years, several parametric, look-up table
(LUT), and statistical methods have been developed to retrieve the surface solar irradiance from satellite
observations. Parametric methods estimate the surface solar irradiance relying on the parameterization
of surface and atmospheric variables [15–17]. One weakness of these methods resides in the spatial
and temporal variability of some variables, especially cloud, aerosol, and water vapor distribution.
Look-up table methods are based on a pre-established radiative-transfer database, and have been
shown to give satisfactory results [18–22]. In addition, hybrid methods have been extensively used.
Hybrid methods combine the robustness of a physical approach, based on radiative transfer models,
with a simplified cloud/aerosol model using a cloud index. Thus, the clear-sky solar irradiance is
firstly computed by means of a LUT or a radiative transfer model, then it is used to compute the
cloudy solar irradiance depending upon a cloud index derived from satellite observations [23–25].
Also, artificial neural networks (ANN) have been employed to estimate solar irradiation using different
sets of inputs [26–28]. The study presented in [29] developed an ANN to retrieve solar radiation with
hourly cloud parameters derived by combining low-Earth-orbit observations (from MODIS) with
geostationary imagery (from Multifunctional Transport Satellite, MTSAT).

Cloudy and cloud-free satellite pixels must be distinguished before the estimation of solar
irradiance surface. The main difficulties in cloud detection are due to the reduced cloud-surface
contrast [30]. To improve cloud detection from satellite observations, many efforts have been made
and different methods have been proposed. Most of the techniques based on satellite image algorithms
use the threshold method [31–36] or statistical procedures [37,38]. Artificial intelligence techniques are
increasingly being used in areas of prediction and classification, these algorithms are robust and very
flexible [39,40]. In the last few years, the Spinning Enhanced Visible and InfraRed Imager (SEVIRI)
High-Resolution Visible (HRV) channel on board the Meteosat Second Generation (MSG) has been
used for solar irradiance estimation [41,42] and short-term forecasting [43].

This work focuses on the improvement of the spatial resolution of surface solar irradiance by
using higher-resolution imaging; this allows us to avoid downscaling techniques to achieve ~1 km and,
at the same time, to apply downscaling techniques starting from ~1 km when higher spatial resolution
is required. In this work, we use observations from the SEVIRI. Solar radiance varies rapidly in time
and space and therefore requires instruments with high spatial and temporal resolution. Among the
operational instruments in Europe, the most suitable temporal and spatial resolution trade-off is from
SEVIRI on MSG-4 (0◦N, 0◦E). SEVIRI images are also available at higher temporal resolution (5 min)
through the Rapid Scanning Service (RSS) from MSG-3 (0◦N, 9.5◦E). The Advanced Model for the
Estimation of Surface Solar Irradiance (AMESIS) [19] operative model (described in the following
sections) that we have developed is able to produce surface solar irradiance using both the IR-VIS
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and IR-VIS + HRV SEVIRI channel combinations. The implementation of AMESIS on RSS images is
currently under development. However, this would not improve the spatial resolution, which is the
main focus of this work. Similarly, benefits are expected from the ever-increasing spatial resolution of
new and future satellite instruments, e.g., the Flexible Combined Imager (FCI) on the Meteosat Third
Generation series planned from 2021 onwards. The SEVIRI High-Resolution Visible (HRV) channel is
able to resolve sub-pixel clouds not detectable by the other SEVIRI VIS channels. The main purpose of
this paper is to understand whether the use of the HRV channel at a higher resolution can improve the
accuracy of the solar irradiance estimation in particular over partially cloudy sky. The paper shows a
comparison between these two products against ground-based in situ observations.

2. Data and Methods

The SEVIRI instrument is designed to support numerical weather forecasting and nowcasting over
Europe and Africa [44,45]. The SEVIRI radiometer is the main payload on board the MSG geostationary
satellite series, operated by the European Organization for the Exploitation of Meteorological Satellites
(EUMETSAT). The MSG satellites—namely, Meteosat-8, -9, -10 and -11—operate over Europe, Africa
and the Indian Ocean in geostationary orbit 36,000 km above the equator. SEVIRI, a 50-cm-diameter
aperture line-by-line scanning radiometer, has twelve spectral channels, eleven at low and one at high
spatial resolution. The low spatial resolution channels are in infrared and visible bands, with a spatial
sampling of 3 km and an actual instantaneous field of view leading to a spatial resolution of about
4.8 km at the sub-satellite point (SSP). The high spatial resolution channel, the HRV, is a broadband
(0.3–1.1 µm) channel with a spatial sampling of 1 km and an actual instantaneous field of view leading
to spatial resolution of about 1.67 km at the SSP. The HRV images are acquired on a reduced Earth area.

A ground-based pyranometer network is deployed and maintained by the regional agency
for environmental protection (ARPA) of Lombardy region in Italy (http://www.arpalombardia.it/).
ARPA Lombardia performs data acquisition, processing and quality control at either 10 or 60 min
temporal intervals. The network consists of 63 pyranometers manufactured by Kippen and Zonen.
The instrument specification states ~3% measurement uncertainty. Overall instrument maintenance
is performed every ~2 years. Following WMO guidelines, automatic data quality tests have been
implemented by ARPA Lombardia [46,47]. The pyranometer stations reported in Table 1 are located at
different altitudes (see Figure 1).

Table 1. Identity code (ID), location, and altitude of ground observation stations.

ID_Station Latitude Longitude Altitude (m) ID_Station Latitude Longitude Altitude (m)

132 45.659851 19.659089 211 1347 45.950001 9.4600000 1713
146 46.013573 9.6624260 1824 110 44.963810 10.767801 22
595 45.633198 9.5564108 190 139 45.156864 10.797858 19
586 45.826481 10.097358 192 214 45.187836 10.887401 15
847 46.040707 9.7975283 1954 148 45.547844 8.8476763 182

1360 45.885708 9.9469538 564 166 45.157330 10.824207 25
119 45.881668 9.6473770 700 695 45.412109 10.683630 113
129 46.025890 10.342786 362 671 45.151348 10.860067 22
596 45.620644 9.6118517 182 100 45.496109 9.2578459 120

1077 45.880001 9.7700005 1138 102 45.186337 9.4865770 140
1325 45.810440 10.375551 1068 140 45.281292 8.9889202 100
1365 45.673401 10.340300 911 147 45.541992 9.2059374 142
1367 45.877102 10.447216 775 502 45.472557 9.2226477 122
134 45.433056 10.039325 93 620 45.470985 9.1894445 122
145 45.891499 10.188790 222 106 44.823254 9.1953688 500
846 46.174320 10.471110 2108 114 45.320095 9.2646246 88

1075 46.169319 10.341660 659 125 45.232506 8.6830683 106
1366 46.038010 9.1413231 291 512 45.671303 9.2342949 250
1378 45.750465 10.736627 291 642 45.194016 9.1649857 77
136 45.162968 10.059123 44 672 45.039421 8.9145050 74
141 45.717659 9.0858936 310 133 46.105179 9.5694208 800
150 45.121067 10.195482 39 143 46.493744 10.207782 2320

http://www.arpalombardia.it/
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Table 1. Cont.

ID_Station Latitude Longitude Altitude (m) ID_Station Latitude Longitude Altitude (m)

629 45.365639 9.7042618 79 848 46.477097 10.205837 2660
677 45.141880 10.044145 43 836 46.147926 10.159731 1950
1202 46.181168 9.3250074 980 1343 46.366001 9.8999996 3032
1303 45.109543 10.069242 36 1346 46.417400 9.3619003 1880
109 45.260002 9.3799944 60 107 46.164913 9.8488007 307
111 45.930000 9.4799995 1234 108 46.235424 9.4269791 206
123 45.269161 9.5620594 67 835 46.460434 10.343612 43
127 45.701279 9.3094740 360 1273 46.240761 9.6324825 1191
706 45.233459 9.4002743 272 1342 46.144493 9.9752855 2440
1266 45.233459 9.6662951 65
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Figure 1. Geographical locations of the used meteorological ground observation stations.

AMESIS is the software package developed at IMAA-CNR that implements and operates the
Advanced Model for the Estimation of Surface Solar Irradiance (AMESIS). AMESIS has been running
at IMAA-CNR since 2017 in support to photovoltaic plant site monitoring. The operational model is
an upgrade of the AMESIS version described in [19]; the new features consist mainly in providing two
output products, one obtained using the HRV and the other using the lower resolution channels only.
This feature was developed specifically for quantifying the improvements obtainable with the use of
the HRV channel.

In this Section, we provide a brief overview of AMESIS, while for further detail we refer to [19].
AMESIS exploits MSG-SEVIRI spectral information (at 15 min resolution) by ingesting the values of
radiance and brightness temperature from all SEVIRI channels to estimate surface solar irradiance.
The first step of AMESIS consists of classifying the pixels as clear, cloudy, partially cloudy, or affected
by aerosol presence [19,48]. A cloud phase retrieval is then applied to pixels identified as cloudy
or partially cloudy. To this end, the cloud Classification Mask Coupling of Statistical and Physical
methods (C_MACSP) algorithm is used [31,49]. C_MACSP, i.e., the cloud mask developed by us,
has been validated widely with other operating products and also with 2B-GeoProf (CLOUDSAT
Geometrical Profiling Product) [50]. GeoProf is one of the standard products produced by CLOUDSAT,
a satellite mission designed to measure the vertical structure of clouds from space. In all the cases,
except for those detected as clear after the first step, the model retrieves the microphysical optical
parameters for clouds or aerosol. The cloud microphysical parameter retrieval uses radiances at visible
(0.6–0.8 µm), near-infrared (1.6 µm), and infrared (10.8–12.0 µm) wavelengths as a first step, whereas
as a second step, the retrieval also uses the other channels to improve the accuracy of cloud parameters,
because the other channels (for instance, the channels at 3.9 µm) can contain useful information on
particular types of clouds. Retrieving aerosol properties from satellite observations over land can
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be difficult because of the surface reflection, complex aerosol composition and aerosol absorption.
Nonetheless, since aerosols are highly variable in time and space, we prefer to use information
retrieved at the same time and location of solar irradiance estimation, rather than from spatially
distant ground measurements or temporally distant satellite retrievals derived from other platforms.
Aerosol information retrieved by AMESIS has been validated through comparisons with MODIS
and AERONET. Validation of cloud and aerosol microphysical properties has been reported in [19].
Subsequently, the model retrieves the surface solar irradiance on the basis of the correspondent look-up
tables. The look-up tables are periodically updated in order to take into account albedo/emissivity
variations. The update is typically performed once every 8 days. The model, therefore, incorporates
the effects due to aerosol, overcast and partially cloudy coverage; the retrieval of surface temperature,
total integrated water vapor, cloud and aerosol microphysical parameters is achieved by using the low
spatial resolution VIS and IR SEVIRI channels, whereas surface solar irradiance is retrieved through
the high spatial resolution HRV channel. If the HRV pixel is classified as clear, AMESIS model retrieves
the correct coefficient from the correspondent look-up table according to albedo, integrated water
vapor, solar zenith, azimuth solar-satellite angles, and the elevation above sea level. If the HRV and the
IR/VIS pixels are classified as cloudy, the procedure starts to retrieve cloudy microphysical parameters.
Depending on the cloud microphysical parameter information obtained from this first step, the surface
irradiance is estimated by using the correspondent look-up table. If the HRV and the IR/VIS pixels
are classified, respectively, as cloudy and partially cloudy, the procedure starts to retrieve cloudy
microphysical parameters for partially cloudy cases according to the cloud fraction index. In the
second step, the surface irradiance is estimated by using the correspondent look-up table for the
cloud microphysical parameters. To evaluate the performances (in terms of run-time and accuracy),
the AMESIS operational version gives two different estimated solar surface irradiance products, one
using IR-VIS channels only (called SSI_VIS hereafter), the other also using the HRV channel (called
SSI_HRV hereafter).

3. Methodology

The AMESIS SSI_VIS and SSI_HRV products are validated against the surface solar irradiance
product from the ground pyranometer network (called SSI_Ground hereafter). Data from these three
sources were treated in order to check data quality, to find space/time colocation, and finally to
compute statistical scores.

The AMESIS surface solar irradiance products are co-located with the ground-based products in
order to associate each satellite pixel with the corresponding surface solar irradiance values measured
by ground-based pyranometers. The temporal co-location is obtained as follows.

The SEVIRI imaging phase takes twelve minutes for acquisition, and three minutes for calibration,
retrace and stabilization. The knowledge of the pixel scan time relative to the initial time of the full disk
scan cycle is necessary for co-locating satellite-derived products with ground-based measurements.
The scan time (minutes) is calculated for each MSG SEVIRI scan line (the scan line is completed in less
than a second)

∆t(lin) =
lin + (linsev−lintot)

2 − 1
linsev

· tfull

where linsev and lintot indicate the number of SEVIRI and total lines, and tfull = linsev/(3·100) is the
full disk scan time in minutes, since 3 VIS/IR lines are scanned per MSG revolution and the MSG
satellite rotates at 100 rotations per minute. Please note that the sensor has more lines than reported in
the Level 1.5 image data: linsev = 3750 (11,250 for HRV) and lintot = 3712 (11,136 for HRV) [44].

An accurate georeferencing of satellite imagery is very important when computing the surface
solar irradiance estimation for the monitoring of the incoming solar power to the PV power plants.
To our knowledge, only few studies regarding the SEVIRI geometry accuracy have been reported in
the open literature. An East-West image shift immediately after eclipse of up to 3 pixels with respect to
the multispectral channels of Meteosat-8 with 3 km nominal resolution has been reported [51]. A shift
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of up to 8 pixels to the North on the HRV images over Alpine areas using lakes as landmarks has been
reported in [52]. Such accuracy for HRV navigation does not fully satisfy the accuracy requirements for
photovoltaic monitoring. Thus, a weekly automatic routine was developed to correct the navigation
of IR/VIS and HRV channels. The navigation is based on a coastline-matching algorithm using the
SEVIRI solar channels (HRV, 0.6 and 0.8 µm). The navigation procedure is, thus, restricted to daytime
operation and assumes that the misalignment is linear in both north/south and west/east directions.
For navigation correction, clear images have been used in order to have 70% or more coastline edge
pixels visible.

Each AMESIS product is associated with the scan time of the satellite overpass. Pyranometer
surface solar irradiances measured every 10 min have been interpolated at scan time of the
satellite overpass.

The validation of the AMESIS products against the ground-based reference products is performed
through the assessment of statistical scores. In addition to the correlation coefficient, four different
statistical scores, from among the most commonly used, are calculated. These are the mean bias error
(MBE), root mean square error (RMSE), mean absolute error (MAE) and mean absolute percentage
error (MAPE) computed as follows:

corr =
cov(p, s)

δpδs

where p denotes ground measured data, s denotes satellite products, cov is the covariance, δp is the
standard deviation of p and δs is the standard deviation of s;

MBE =
1
n

n

∑
i=1

(si − pi)

RMSE =

[
1
n

n

∑
i=1

(si − pi)
2

]1/2

MAE =
1
n

n

∑
i=1
|si − pi|

MAPE =
100%

n

n

∑
i=1

∣∣∣∣ (pi − si)

pi

∣∣∣∣
4. Results and Discussion

From the data listed in Table 2, three datasets were derived (clear, cloudy and partially cloudy) by
using cloud detection AMESIS modules for low (VIS) [31,49] and high spatial (HRV) [53] resolution.
In the validation phase, we did not find features that could be related to geographic/altitude
characteristics of ground-based stations. Conversely, the quality of the estimates seems to be mostly
related to meteorological and albedo conditions, particularly the cloud/aerosol and surface emissivity
values used. The pre-established LUTs have been calculated for different altitudes (0 to 3500 m).
The min/max statistical scores obtained for each station in clear sky are 0.993/0.996 correlation
coefficient, 2.33/3.95 W/m2 MBE, 18.52/27.03 W/m2 RMSE, and 2.36/9.28 W/m2 MAE.

Table 2. Periods considered in the AMESIS validation.

Year Month Days

2017 June 10 to 30
2017 October 1 to 20
2018 March 10 to 30

The datasets were compared against ground observation data.
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Figures 2–4 show the surface solar irradiance estimated by AMESIS and measured by ground
pyranometers for different days under different meteorological situations. For cloudy (Figure 3) and
clear pixels (Figure 2) the AMESIS SSI_VIS and SSI_HRV products are comparable, while for partially
covered sky (Figure 4), we can see how the SSI_HRV product is closer to the ground-measured data
with respect to the SSI_VIS product. This is likely due to the fact that HRV, thanks to its resolution,
better captures the weather conditions at the pyranometer site, especially in cloud-broken sky. At the
same time, the HRV channel also exhibits a difference in mountainous areas, better capturing the sharp
changes of albedo. The resolution of the other channels is low compared to the scale of peculiarities
of the surface and broken clouds. Other authors have investigated the potential to increase the
fraction of cloud-free observations by increasing sensor resolution. Particularly, some authors have
also demonstrated that the relative gain in cloud-free observations as a function of sensor resolution
depends on cloud coverage regions and seasons [54].
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Tables 3 and 4 show the statistical analysis by means of the RMSE, MBE, MAE, MAPE and
correlation coefficient. Figures 5–7 show the scatterplot of the irradiance derived from AMESIS
compared against the ground-based measurements for clear, overcast and partially cloudy sky.

Table 3. Results of statistical assessment for the SSI_VIS product with respect to SSI_Ground. Units of
the statistical scores are specified in the bracket. N indicates the number of used pixels.

N CORR MBE (W/m2) RMSE (W/m2) MAE (W/m2) MAPE

Clear 653 0.996 1.37 23.02 16.12 10.46
Cloudy 4564 0.969 −2.92 49.95 36.47 24.31

Partially cloudy 4028 0.862 −33.69 117.84 76.84 112.13

Table 4. As in Table 2, but for the SSI_HRV product with respect to SSI_Ground.

N CORR MBE (W/m2) RMSE (W/m2) MAE (W/m2) MAPE

Clear 474 0.997 0.76 17.25 11.79 4.93
Cloudy 4558 0.968 0.86 53.88 41.91 33.07

Partially cloudy 4143 0.995 0.34 23.04 15.44 12.37
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Small positive biases, of 1.30 and 0.76 W/m2, respectively, for SSI_VIS and SSI_HRV,
and correlation above 0.99 for both the products are found. This indicates, together with the other
statistical scores, a very good agreement between AMESIS model and measurements for clear sky. For
overcast cloudy sky, we found biases of −2.92 and 0.86 W/m2, respectively, for SSI_VIS and SSI_HRV,
and a correlation above 0.96 for both products. The RMSEs were 49.95 and 53.88 W/m2, respectively,
for SSI_VIS and SSI_HRV, indicating a good detection of clouds and an accurate estimation of their
microphysical parameters, despite the limitations due to the SEVIRI low vertical resolution. The bias,
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RMSE, and correlation coefficients from the comparison with ground-based measurements show that
AMESIS provides cloudy sky products that are generally as accurate as other methods of similar a
kind. A large negative bias of −33.69 W/m2 and a correlation of 0.862 were found for SSI_VIS for
partially cloudy sky. Dramatic improvements (bias 0.34 W/m2 and 0.995 correlation) were found for
SSI_HRV. This indicates that HRV is able to detect clear area contained within the largest pixel of
low spatial resolution SEVIRI channels. Also, the RMSE is much larger for SSI_VIS (117.84 W/m2)
than for SSI_HRV (23.04 W/m2). The RMSE in all cases is slightly higher than the MAE, except for
VIS partially cloudy data; this means that there are values quite different from the measured ones.
In fact, as seen from Figure 7, and also from the MBE value, the SSI_VIS often underestimates the
measured values. The HRV channel is very useful for analyzing low-resolution pixels and estimating
the fraction of the pixels covered with clouds. Additionally, MAPE values can be seen as acceptable,
with the lowest value being found for the clear HRV dataset. The analysis of statistical scores suggests
that the HRV channel, or more generally, a higher-resolution sensor, can improve the estimation of
solar irradiance over partially cloudy sky. In the evaluation of the performances under different sky
conditions, the statistical scores were also compared to those given by the validation of 4 different
papers cited in the introduction. The first and the second [11,22] were selected because they report the
statistics for different weather conditions and different satellite platforms; the third [42] was considered
because it uses the HRV channel, whereas the fourth [2] is based on MSG/SEVIRI and reports on
the validation against some alpine stations. The statistical scores reported in [11] for two different
stations in clear sky are (min/max): 0.77/0.86 correlation coefficient, 47.80/−22.29 W/m2 MBE and
191.81/140.77 W/m2 RMSE. For cloudy sky, the statistical scores are 0.74/0.84 correlation coefficient,
80.66/40.31 W/m2 MBE and 193.79/151.24 W/m2 RMSE. The results of the comparison in [22] based on
seven pyranometers showed that the estimated surface irradiance agreed with ground measurements
with correlation coefficients of 0.94, 0.69, and 0.89, a bias of 26.4 W/m2, −5.9 W/m2, and 14.9 W/m2

for clear-sky, cloudy sky, and all-sky conditions, respectively. The root mean square errors (RMSEs)
of surface solar irradiance were 80.0 W/m2 (16.8%), 127.6 W/m2 (55.1%), and 99.5 W/m2 (25.5%) for
clear sky, cloudy sky (overcast sky and partly cloudy sky), and all sky (clear-sky and cloudy-sky)
conditions, respectively. The min/max statistical scores reported in [42] for the different seasons are
0.94/0.98 correlation coefficient, −7.46/13.31 W/m2 MBE, 64.25/97.23 W/m2 RMSE. The last one [2],
discussing the HelioMont model based on MSG/SEVIRI, reports the statistical scores for three alpine
stations. The min/max statistical scores reported are 20/40 W/m2 MAE, −5/17 MBE W/m2 for clear
sky, while 49/72 W/m2 MAE, −17/−8 W/m2 MBE are reported for cloudy sky. In the HelioMont
model, correction methods are also implemented to account for the effects of topography, such as
shadowing, reflection, local horizon elevation angle and sky view factor. All these statistical scores,
compared with those obtained using AMESIS model (Table 4), suggest that our proposed method can
successfully estimate surface solar irradiance and yields similar or sometimes better performances.
Obviously, in order to properly evaluate the performances of the models it would be necessary to
consider the same ground-data set. Concerning processing time, it may be useful to separate the
process into two steps. During the first step, HRV calibration, navigation, co-location and cloud mask
run simultaneously with VIS and IR channel processes (calibration, navigation, cloud detection and
classification, aerosol and cloud microphysical parameter retrievals) and, therefore, HRV processing
does not add significant delay to the low channel processing chain. During the second step, i.e.,
the final estimation of SSI, the HRV processing takes longer than the VIS processing by a factor of
five. More precisely, the operative chain process 1,415,088 HRV pixels and 79,616 low-resolution pixels
centered in Italy. The runtime is 3.48 min to estimate the SSI_VIS product, while it is 4.48 min for the
SSI_HRV product. The processes were run on a server with 2 x Intel Xeon Gold 6132 2.6 GHz RAM
256 GB DDR4-2667MT/S.
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5. Conclusions

The AMESIS model was developed at the Institute of Methodologies for Environmental Analysis
of the National Research Council of Italy (IMAA-CNR) in order to infer surface solar irradiance from a
SEVIRI radiometer on board the MSG geostationary satellite. The operational version of the AMESIS
model has been running continuously at IMAA-CNR over all Italy for a year in order to estimate the
accuracy of the continuous monitoring from space in comparison with real PV energy inputs and
outputs within the framework of the SolarCloud project. This paper shows the difference between
the two AMESIS products (SSI_VIS and SSI_HRV) against simultaneous ground-based observations
from a network of 63 pyranometers for different sky conditions (clear, overcast and partially clear).
Regarding the impact on PV systems, a dedicated field campaign is ongoing; the in-depth analysis
will be the subject of future work. For clear conditions, both products are very accurate; indeed, a
small positive bias of 1.37 and 0.76 W/m2, respectively, for SSI_VIS and SSI_HRV, and a correlation
above 0.99 for both products, was found. For overcast cloudy sky, we found biases of −2.92 and
0.86 W/m2, respectively, for SSI_VIS and SSI_HRV, and a correlation above 0.96 for both products.
A large negative bias, −33.69 W/m2, and a correlation of 0.862 were found for SSI_VIS for partially
cloudy sky, whereas a bias of 0.34 W/m2 and a correlation value of 0.995 were found for SSI_HRV.
This indicates that solar resource monitoring requires footprints that minimize the effect of clouds.
The HRV channel is able to detect clear areas contained within the larger pixels of low spatial resolution
SEVIRI channels, thus providing more accurate surface solar irradiance, while the SSI_VIS product
underestimates the surface solar irradiance due to its lower resolution. During the first step, HRV
processing does not add significant delay to the low channel processing chain. During the second step,
i.e., the final estimation of SSI, the HRV processing takes longer than the VIS processing by a factor
of five, due to the greater number of pixels to consider. To evaluate the AMESIS performance, our
statistical scores were compared against those obtained in [2,11,22,42]; this comparison suggests that
our proposed AMESIS model (SSI_HRV) can successfully estimate surface solar irradiance and yields
similar or sometimes better performances. This confirms that the HRV channel, or more generally, a
higher-resolution sensor, can improve the estimation of solar irradiance over partially cloudy sky.
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