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Abstract: Retrieving LST from infrared spectral observations is challenging because it
needs separation from emissivity in surface radiation emission, which is feasible only
when the state of the surface-atmosphere system is known. Thanks to its high spectral
resolution, the Infrared Atmospheric Sounding Interferometer (IASI) instrument onboard
Metop polar-orbiting satellites is the only sensor that can simultaneously retrieve LST, the
emissivity spectrum, and atmospheric composition. Still, it cannot penetrate thick cloud
layers, making observations blind to surface emissions under cloudy conditions, with
surface and atmospheric parameters being flagged as voids. The present paper aims to
discuss a downscaling—fusion methodology to retrieve LST missing values on a spatial
field retrieved from spatially scattered IASI observations to yield level 3, regularly gridded
data, using as proxy data LST from the Spinning Enhanced Visible and Infrared Imager
(SEVIRI) flying on Meteosat Second Generation (MSG) platform, a geostationary instrument,
and from the Advanced Very High-Resolution Radiometer (AVHRR) onboard Metop
polar-orbiting satellites. We address this problem by using machine learning techniques,
i.e., Gradient Boosting, Random Forest, Gaussian Process Regression, Neural Network,
and Stacked Regression. We applied the methodology over the Po Valley region, a very
heterogeneous area that allows addressing the trained models’ robustness. Overall, the
methods significantly enhanced spatial sampling, keeping errors in terms of Root Mean
Square Error (RMSE) and bias (Mean Absolute Error, MAE) very low. Although we
demonstrate and assess the results primarily using IASI data, the paper is also intended
for applications to the IASI follow-on, that is, IASI Next Generation (IASI-NG), and much
more to the Infrared Sounder (IRS), which is planned to fly this year, 2025, on the Meteosat
Third Generation platform (MTG).

Keywords: land surface temperature; radiative; transfer; IASI; downscaling; machine
learning

1. Introduction

LST refers to the radiative skin temperature of the land (soil or top of the canopy) and
can be described as a measure of how hot or cold the surface of the Earth would feel to
the touch [1]. LST is one of the 55 Essential Climate Variables, a group of linked variables
that critically contributes to the characterization of Earth’s climate defined by a panel of
experts from the Global Climate Observing System (GCOS). Its importance covers many
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fields such as meteorology, climatology, agriculture, evapotranspiration, urban planning,
and environmental monitoring [2]. We can have two LST products: in situ observations
and remotely sensed products. In situ observations are primarily used for validation
and calibration of satellite-based LST data, rather than as standalone products. This is
because LST is highly variable depending on surface materials, vegetation cover, soil
moisture, atmospheric conditions, and topography, which can make in situ measurements
less representative on larger scales. Thermal infrared (TIR) or Microwave (MW) remote
sensing is considered to be the most efficient way to obtain accurate LST, both regionally and
globally. However, as in all remotely sensed products, there is a trade-off between spatial,
spectral, and temporal resolution. For example, TIR images from Moderate Resolution
Imaging Spectroradiometer (MODIS), have a high temporal resolution (twice a day) but
a coarse spatial resolution (1 km). Other sensors such as the Thermal Infrared Sensor
(TIRS) onboard LANDSAT platforms, have a greater spatial resolution (100 m in this case)
but much lower temporal resolution (8 days). In contrast, TIR images from geostationary
satellites, like from SEVIRI, have a much lower revisit time (minutes) but at the cost of
low spatial resolution ( 5 km). Having a coarse resolution, results in the thermal mixture
effect, i.e., when a given thermal pixel contains a blend of multiple thermal signals that
are smaller than the resolution cell [3]. Therefore, there is a growing need to improve the
spatial resolutions of LST products.

The retrieval in the LST commonly relies on one or more channels within the TIR
region, spanning 8-13 um. This interval, known as the infrared atmospheric window, is a
portion of the infrared spectrum where atmospheric gases absorb relatively little terrestrial
thermal radiation, allowing the atmosphere to be more transparent. This window plays
a crucial role in the atmospheric greenhouse effect by maintaining the balance between
incoming solar radiation and outgoing infrared radiation to space. Satellite sensors take
advantage of this window for the retrieval of an LST with minimal atmospheric distortion.
These channels also correspond to the wavelengths of the peak monochromatic radiance,
predicted by Wien’s displacement law, for typical LST values (ranging from approximately
250 K to 330 K). The retrieval of the LST from TIR radiances is a physical process that
involves the inversion of the Radiative Transfer Equation (RTE). However, estimating LST
from satellite-measured radiance requires corrections for both atmospheric and emissivity
effects, which is a challenging task. The inversion of the RTE is an underdetermined and
ill-posed problem [4,5], even when atmospheric parameters are known, for N channels
there are still N + 1 unknowns (N emissivities and the LST, which is not wavelength related).
To make the retrieval of LST a deterministic problem, it is necessary to know the value of
at least one emissivity in advance. Alternatively, the LST and Land Surface Emissivities
(LSEs) can be estimated simultaneously by imposing physical assumptions or constraints
on the LSE [2,4-7]. Numerous algorithms have been proposed for estimating LST from
satellite observations, which can be broadly classified into three categories: single-channel
algorithms, multi-channel methods, and multi-temporal methods [8]. The single-channel
method [9-11] is the simplest approach, relying on the inversion of the radiative transfer
equation, provided that Land Surface Emissivities (LSEs) and atmospheric profiles are
known in advance. Multi-channel methods include the Split-Window (SW) algorithm and
the Temperature and Emissivity Separation (TES) method. Among these, the SW algorithm
is the most commonly used for LST retrieval from satellite data and takes advantage of
the differential atmospheric absorption in two adjacent TIR channels [12]. Examples of
LST products generated using an SW algorithm include MODIS LST (MOD11) from the
National Aeronautics and Space Administration (NASA) [13], VIIRS (Visible Infrared Imag-
ing Radiometer Suite) LST from the National Oceanic and Atmospheric Administration
(NOAA) [14], Sentinel-3 LST from the Copernicus Sea and Land Surface Temperature Ra-
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diometer (SLSTR) [15], GOES-16 LST from the Advanced Baseline Imager (ABI) onboard
NOAA'’s Geostationary Operational Environmental Satellites (GOES) [16], and LST prod-
ucts from the LSA SAF (Satellite Application Facility on Land Surface Analysis) derived
from SEVIRI and AVHRR sensors [17]. However, this method still requires the LSEs to be
known a priori, and LST retrieval accuracy is degraded under a highly humid atmosphere
or at large viewing zenith angles [8,18-20]. An improvement over the SW algorithm is
provided by the TES algorithm [7], which utilizes multiple TIR channels and an empirical
relationship between the minimum LSE and the difference between maximum and mini-
mum LSE to dynamically retrieve both LST and emissivity. An example of its application
is NASA’s LST MOD21 from MODIS [21]. However, the TES algorithm’s performance is
limited by the accuracy of the atmospheric correction, and the results are inaccurate for
surfaces with low spectral emissivity contrast (i.e., similar emissivity in different channels),
such as dense vegetation, water, and snow [8]. Multi-time methods combine multi-temporal
information under the assumption that LSEs do not change significantly between adjacent
day and night observations. For example, the physical day and night algorithm [22] em-
ploys both TIR and mid-infrared (MIR) bands to accurately retrieve LSTs and LSEs in a
physical way. However, the retrieval is complicated by the fact that two clear, independent,
and perfectly co-registered observations are needed. Additionally, it still requires an a
priori approximate atmospheric profile, and it assumes constant emissivity throughout the
day, which may not be true (e.g., due to condensation or dew).

Due to its high spectral resolution, the IASI instrument onboard Metop polar-orbiting
satellites is the only sensor capable of simultaneously retrieving LST, the emissivity spec-
trum, and atmospheric composition. This characteristic addresses the limitations of previ-
ous methods, as it permits improvement over a prori information on emissivity, temper-
atures, and gases. IASI has the advantage of having an excellent spectral and temporal
resolution, with a spatial resolution of 12 km at nadir. These characteristics allowed us to
design a scheme for LST retrieval (e.g., see [23,24]) that considers many factors that govern
LST. Our scheme simultaneously retrieves LST and the whole emissivity spectrum. In
addition, we also consider the viewing angle, air temperature, and water vapor mixing
ratio, which makes our methodology unique in its capability of capturing LST variability
and its day-night variations.

Since it is an infrared sensor, it cannot penetrate thick cloud layers and observations are
blinded to surface emissions due to cloudiness, bringing sparse and non-homogeneous dis-
tributed data over a given spatial region (L2 observations). This requires robust techniques
to fill the gaps and retrieve a gridded product.

In effect, the present study is motivated by the need to define and validate suit-
able retrieval methods, including those for LST, for the IASI Next Generation (IASI-
NG) instrument (e.g., [25]), and the Infrared Sounder (IRS). The IASI-NG instrument
is planned to launch in 2025, continue the IASI mission, and is characterized by a spec-
tral resolution that is twice better than that of IASI. IASI-NG is a joint venture of Centre
National d’Etudes Spatiales (CNES)-EUMETSAT (built at CNES, Toulouse, France, see
https:/ /cnes.fr/en/projects/iasi-ng (accessed on 12 February 2025)) and will fly on board
the Metop Second Generation (SG) satellite. The complex retrieval algorithm we devel-
oped for IASI can be extended to IASI-NG in a straightforward manner. IRS is a Fourier
Transform Infrared Spectrometer, the same class as IASI, and has been designed to fly on
the Meteosat Third Generation satellite in 2025. IRS is a joint venture of European Space
Agency (ESA)-EUMETSAT (built at Thales Alenia Space, Cannes, France and OHB, Bremen,
Germany see https:/ /www.eoportal.org/satellite-missions/meteosat-third-generation#
performance-specifications (accessed on 12 February 2025)) , and the instrument has a
spectral resolution that is half that of IASI. The spectral coverage has some limitations com-
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pared to IASI and is composed of two bands, one looking at the longwave spectral region
(700 to 1210 cm ') and the other one at the mid-infrared (1600 to 2175 cm ™). However,
IRS can fly on a geostationary platform and can follow surface and atmospheric processes,
allowing us to extend and improve forward/inverse methods we previously developed,
e.g., for SEVIRI ([26-28] ).

Many studies have focused on interpolation and downscaling of LST products to
produce high-resolution LST data [29], with an increasing application of Machine Learning
(ML) techniques. The biggest advantage of ML algorithms is that they are flexible and
not restricted to linear relationships (as in linear regression or regression kriging). This
flexibility enables the production of accurate results in modelling the relationship between
LST and covariates. For instance, Refs. [30-32] demonstrated that the Random Forest
(RF) algorithm can perform spatial interpolation which is on par with or even surpasses
traditional state-of-the-art techniques. Since LST is an essential environmental parameter,
researchers have made many efforts to improve its resolution. Given the heterogeneity
of LST and its relationship to several types of environmental factors such as land cover,
topography, soil moisture, incoming solar radiation, and wind speed [2,33], ML algorithms
are becoming increasingly popular due to their ability to model this nonlinear relationship.
For example, Refs. [34—40] proved that a simple RF model can outperform many other ML
and NN algorithms in downscaling LST images from MODIS. For example, in [35], the
authors reached a final resolution ten times more detailed than the original one (from 990 to
90 m) with an RMSE of around 2 K. Deep Learning is also involved in LST downscaling, like
with Convolutional Neural Networks (CNN) [41], geographically neural network weighted
regression (GNNWR) [42], and Multi-layer Perceptron [43,44].

However, almost all above-cited studies focus on downscaling LST images from
MODIS, see also [45] and from other sensors, such as AVHRR [46,47], ASTER [48,49],
LANDSAT [50-55], SEVIRI [56,57], or GOES [58]. See [29] and references therein.

To the best of our knowledge, the downscaling of LST products generated from IASI
has not yet been addressed. Some efforts have been made to retrieve regular grid LST using
Deep Neural Networks. For example, Ref. [59] shows an LST product obtained via the
application of a NN to radiances. However, to improve the results, they incorporated a
monthly surface emissivity product, and the predicted LST were subsequently interpolated.
Other examples are described in [60-62] where localized CNNs were tested to predict LST
directly from radiances. Since CNNs operate on images, the authors converted the L1
products into regular grid images at 0.2 degrees resolution. However, missing data are
still present making an inter-/extrapolation algorithm based on PCA necessary to facilitate
smooth training.

In this context, we applied a double-step procedure in order to retrieve an IASI L3
LST product. First, we considered the physical inversion of the RTE using the ¢-IASI
package, a FORTRAN-based inverse radiative transfer code for the optimal estimation of
the thermodynamic state of the atmosphere. It consists of two modules, a forward model
called o-IASI [63,64] and an inverse one called §-IASI [23,65-67]. Ref. [67] refers to the
newest version of the code available upon request. Due to IASI’s outstanding spectral
resolution, our approach retrieves LST, LSE, and atmospheric composition simultaneously
starting from a priori information derived from both climatological, gases, and emissivity
databases. Second, we exploited the capability of different ML algorithms in converting
LST IASI L2 scattered data to a regular L3 grid LST, increasing also the spatial resolution
of the final product. Specifically, we trained a model predicting the LST index over the L2
observations using covariate data from other sensors such as vegetational products, soil
indices, and territorial and geographic information. These data are colocalized temporally
and spatially onto the L2 observations. Afterwards, downscaling of LST is performed using
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the higher resolution of the covariates to predict the index over a 0.05° regular grid, actually
doubling the spatial resolution.

We applied the methodology over the Po Valley region, which experienced an intense
drought in the last three years, which caused high vegetation and soil water stress. More-
over, since the Po Valley region is a very heterogeneous area, we can also address the ability
of the trained models to generalize and give a good prediction over different area types.

The structure of the paper is as follows: Section 2 illustrates the region of interest,
the data we used, and the description of the methods; Section 3 presents the results and
evaluates the LST downscaling result. Finally, Section 4 discusses the results and Section 5
draws conclusions.

2. Materials and Methods
2.1. Study Area

Our study area is the Po Valley (44°—46°N, 7°-13°E W(GS84) located in northern Italy
and covers an area of approximately 105,096 km?. This large area contains the Alps, the
Apennines, and the Po Valley showing strong differences in altitudes, vegetation cover, and
climate. Figure 1 illustrates the region of interest, with land cover information based on the
CLC 2018 dataset, available at https:/ /land.copernicus.eu/pan-european/corine-land-cover
(accessed on 12 February 2024).

7.0

O Po Valley region

Corine Land Cover 2018
M 111- Continuous urban fabric
112- Discontinuous urban fabric

122- Road and rail networks and
associated land

123- Port areas

124- Airports

131- Mineral extraction sites

|
M 121- Industrial or commercial units 212
||

8.0 2.0 10.0 11.0 12.0 13.0

M 132- Dump sites 241- Annual crops associated with 322- Moors and heathland 421- Salt marshes

[ 133- Construction sites permanent crops 323- Sclerophyllous vegetation 422- Salines
141- Green urban areas 242- Complex cultivation patterns 324- Transitional woodland-shrub 423-Intertidal flats
142- Sport and leisure facilities 243-Land principally occupied by 331- Beaches- dunes- sands W 511- Water courses
211- Non-irrigated arable land agriculture with significant areas of 332- Bare rocks 512- Water bodies

- Permanently irrigated land natural vegetation 333- Sparsely vegetated areas 521-- Coastal lagoons

213- Rice fields ;ﬁ /;E;Zdﬁ\):iteré ?Jf:; W 334-Burnt areas 522- Estuaries

W 221-Vineyards ) 335- Glaciers and perpetual snow 523- Sea and ocean
222- Fruit trees and berry plantations W 312-Coniferous forest 411- Inland marshes

313- Mixed forest

223- Olive groves
321- Natural grasslands

231- Pastures

W 412- Peat bogs

Figure 1. The red box indicates the Po Valley target region with the CLC 2018 as shapefile.

The Po Valley region is a flat alluvional plain crossed by the Po River and highly
devoted to agriculture. The plain is surrounded by the Apennines in the southern part
and by the Alps in the northern and western parts. The Apennines, which rarely exceed
2000 m in altitude, extend 1200 km along the Italian peninsula, hosting a rich variety of
flora and fauna. These areas contain some of Europe’s best-preserved montane grasslands
and forests, mainly composed of broad-leaved woodlands. In contrast, the Alps form
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Europe’s largest and highest mountain range, with many peaks exceeding 4000 m and
covered by broad-leaved and coniferous forests.

2.2. Data
2.2.1. IASI Data

The LST we used was retrieved from the IASI sensor [68], a Fourier transform spectrom-
eter that measures infrared radiation emitted from the Earth. IASI was built by the CNES
and flew on board the Metop platforms, satellites of the EUMETSAT European Polar System
(EPS). The spectral coverage of the instrument extends from 645 to 2760 cm ! with a spectral
sampling of 0.25 cm~! providing a total of 8461 channels. IASI is a cross-track scanner with
30 adjacent fields of regard (FOR) per scan. Each FOR covers a square area of 50 x 50 km?
on the ground and consists of a 2 x 2 matrix of instantaneous fields of views (IFOVs) with
a diameter of 0.8394° (corresponding to a ground resolution of 12 km at nadir for a satellite
altitude of 819 km). We downloaded 9 years (from 2015 to 2023) of IASI data (Level 1C) from
the Eumetsat Data Centre at https:/ /archive.eumetsat.int/usc/UserServicesClient.html
(accessed on on 21 March 2024), for a total of almost 10,000 orbits coming from MetOp-A,
MetOp-B, and MetOp-C platforms (here we considered only day passages).

2.2.2. Geographical Covariates

The model we aim to build should perform spatial regression, meaning it should
predict new values while considering the spatial dependence of observations. In methods
like Kriging, spatial dependence is integrated within the covariance matrix, but this type
of information is harder to incorporate in an ML model. A straightforward approach is to
include spatial coordinates (latitude and longitude) directly as input features. Additionally,
we used the European Digital Elevation Model (DEM) and the Corine Land Cover (CLC)
2018 to better capture territorial characteristics. The DEM https:/ /land.copernicus.eu/
imagery-in-situ/eu-dem (accessed on 1 December 2023) is a raster with a 25 m spatial
resolution, while the CLC https:/ /land.copernicus.eu/pan-european/corine-land-cover
(accessed on 12 February 2024) is a shapefile. Following a method similar to [69], we
converted the CLC into a raster format with 100 m resolution, simplifying it to five main
classes corresponding to the Level 1 CLC classification: artificial surfaces, agricultural areas,
forest and seminatural areas, wetlands, and water bodies. A more detailed classification
reduced model performance because spatial co-localization becomes challenging when
assigning a single detailed CLC class to pixels with a minimum diameter of 12 km. We
are aware that Copernicus provides also a CLC in a raster format at 100 m, but this
data is created by the rasterization of seamless European CLC vector data using the
CELL_CENTER method https:/ /desktop.arcgis.com/en/arcmap/latest/tools/conversion-
toolbox/how-polygon-to-raster-works.htm (accessed on 15 February 2024). LST varies
significantly with different land cover types [70,71] because each of them has distinct
thermal properties that influence heat absorption and emission. The LST provided by IASI
refers to a huge area of 12 km in diameter, hence averaging the signals from a broad variety
of land cover types. The CELL_CENTER method assigns to a given pixel the CLC class
that exactly falls in the centre. Our approach, instead, considers the CLC class with the
highest area.

2.2.3. Vegetational Covariates

It is well known that healthy vegetation mitigates the LST and the air temperature
by modifying albedo, evapotranspiration, and providing shade [72-75]. The evapotran-
spiration converts solar energy into latent heat, reducing the air temperature and, as a
consequence, the LST. A high canopy density of vegetation communities results not only
in a greater shadowing effect (lower air temperatures and LST) but also in greater water
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retention under the canopy, that is higher air humidity and a higher intensity of humidifi-
cation, determining a better cooling effect [76]. There is, hence, a clear relationship between
vegetation indexes and LST, which is helpful in improving the downscaling process, as
in [77]. We used, as covariates, three different vegetation indices: Leaf Area Index (LAI),
Fractional Vegetation Cover (FVC), and Normalized Difference Vegetation Index (NDVI).
LAI quantifies the thickness of the vegetation cover and is defined as half the total area
of green elements of the canopy per unit of horizontal ground area. FVC corresponds to
the fraction of ground covered by green vegetation and thus, quantifies the spatial extent
of the vegetation. NDVI is a widely used index for quantifying the health and density of
vegetation by measuring the difference between near-infrared (which vegetation strongly
reflects) and red light (which vegetation absorbs). We used the EPS LSA SAF products,
available at the following link https:/ /landsaf.ipma.pt/en/data/products/vegetation/
(accessed on 29 April 2024), with a temporal resolution of 10 days and a spatial resolution
of 1 km (corresponding to 0.0089°). The products are derived from AVHRR, an across-track
scanner carried by the MetOp platforms (the same as IASI). We used only the good quality
pixels, as suggested by the LSA SAF in the Product User Manual (https:/ /nextcloud.lsasvces.
ipma.pt/s/sWn23j9NZn]g2a6?dir=undefined&path=%2FPUM&openfile=27136 (accessed
on 29 April 2024)). Specifically, we discarded observations with poor quality (bit 7 = 1),
large estimating errors (FVC_ERR > 0.2, LAI_ERR >1.5), and large age of observation
(Z_Age >15, associated to snow or persistent cloudiness).

2.2.4. Other LST Products

To further improve the quality of the final prediction we also included two LST prod-
ucts: an LST derived from the AVHRR sensor and an LST derived from the SEVIRI sensor.
We downloaded the two LST products from LSA SAF at https:/ /lsa-saf.eumetsat.int/en/
data/products/land-surface-temperature-and-emissivity/ (accessed on 6 May 2024). The
temporal and spatial resolution of the two products are respectively 15 min and 0.05° for
LST SEVIRI, and 12 h (day and night) and 0.01° for LST AVHRR. Only pixels with nominal
or above-nominal quality (LST uncertainties below 2 K) were considered. This uncertainty
threshold represents a compromise, ensuring high-quality LST values while preserving a
sufficient number of data points for the validation.

For comparison, we used the LST from MODIS, specifically the MOD11A1
Version 6.1 dataset from NASA https://lpdaac.usgs.gov/products/mod11alv061/ (ac-
cessed on 8 October 2024). MODIS LST is a widely used and extensively validated product
[78,79], making it an ideal candidate for comparison. The MODIS sensors, carried on the
Terra and Aqua satellites, have provided daily data since the years 2000 (Terra) and 2002
(Aqua) with a spatial resolution of about 1 km at the nadir in the TIR channels (31 and 32)
used for the computation of the LST. The MOD11 version used in this study is derived
exclusively from the Terra satellite, which has acquisition times closest to IASI, and is
processed using the generalized split-window algorithm [13]. It is well known that in
semi-arid and arid areas, there may be significant uncertainty in the estimated emissivities
of the MOD11 product, but this should not be the case of the Po Valley region. Furthermore,
the MOD11 product appears to be more stable compared to the MOD21, which has more
extreme values, possibly due to incorrect emissivity retrieval or undetected clouds [80].
Again, only MODIS LST data with good quality and an uncertainty smaller than 2 K were
retained for comparison.

2.3. IASI Retrieval

The physical inversion of IASI was performed using the ¢-1ASI package, a FORTRAN-
based inverse radiative transfer code for the optimal estimation of the thermodynamic
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state of the atmosphere. This package, which was recently updated to match the spectral
coverage of the Far-infrared Outgoing Radiation Understanding Monitoring (FORUM)
mission [67], consists of two modules, the forward model, o-IASI [63,64] and the inverse
one, 6-IASI [23,24,65,66]. The forward model is a pseudo-monochromatic, fast line-by-
line radiative transfer scheme which computes the surface/atmosphere spectrum in the
infrared and related Jacobian matrices. The core of o-1ASI is the following radiative transfer
equation valid for computing a clear-sky radiance:

R(0) = R*“f(¢) + R (¢) + R*(¢) + R®(0) =

= £4(0)B(0, Te)w(0) + fom B(‘TfT(Z”ag(zU) dz

00 f
+egl0) = (o) [ B0, 1) 5 Dz
L 1)

7T

T (Gsut)TO (Gsun ) Hsun Lsun (U)

where

*  g4(0) is the surface emissivity;
* T, is the skin temperature;
e T1y(0) is the total transmittance of the atmosphere (along a vertical path);

e B(o,T)= exp(c‘;g% is the Planck blackbody source term with c; = 1.1911 x 10~8
1

Wm2sr~! (cm’1)74 and c; = 14388 K(em™1)

e 7(0) is the transmittance along ds = dz/p pu = cos(6) (with 6 the satellite zenith angle)
from altitude z to +o0;

o 1 (0)=2 fol T (1, z) udy and 7, is the transmittance from altitude z to z = 0 along the
slant path in the direction y;

. Lsun(0) is the solar spectrum [81] incident on a normal surface and normalized to
the solar disk solid angle as seen by the Earth (6.8 x 107> sr) [W m~2 (cm~!)~!],
multiplied by psun = cos(Osun);

*  T(Osun) is the total transmittance along the downwelling 6s,,,-direction;

*  Ty(0sat) is the total transmittance along the upwelling 605,;-direction.

It is important to stress that the top-to-bottom transmittance 7. should not be confused with
the bottom-to-top transmittance 7. According to W.M. Elsasser [82] it is postulated that

tf = 1(3,2), @)

i.e., the diffuse transmittance can be calculated as the transmittance function at a suitable

cosine angle, the term % is referred to as the diffusivity factor and for practical calculations,

the value 1 = 1.66 (corresponding to an effective zenith angle of 52.96° yields accurate
results, which depend on the optical depth; the effective zenith angle is spectrally depen-
dent. For optical depth below 1, exact and approximate (through Equation (2)) calculations
nearly coincide. Equation (1) applies to the case of a non-scattering atmosphere where
only the absorption by atmospheric gas is considered and is a good approximation for
a clear sky. In presence of clouds and aerosols, a source function is needed to properly
deal with multiple scattering, see [67]. The downward infrared radiation reflected at the
surface R}(c) is fundamental for emissivity retrieval, because it depends on emissivity
alone, while the surface term R**f (¢) depends on the product of emissivity and the Planck
function computed at the surface temperature.

For numerical calculations, we need to compute the atmospheric emission integrals in
Equation (1) for the upwelling and downwelling contribution. To this end, considering L
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atmospheric layers, i.e., the grid zg, z1, - - - , z1, and adopting the approximation of parallel-
plane atmosphere, Equation (1) becomes the following:

L L
R(0) = egB(Tg)10 + Zl B(T(z"))(7j — 1) + (¢g — D)o Zl BITE))(T —5a)+
= j= 3)
%TO(Gsat)To(esun),usun Lsun (o)

with zj1 < z* < zj.

The retrieval module, 6-IASI, implements an iterative algorithm for the optimal es-
timation of the thermodynamic state of the atmosphere. The retrieval algorithm follows
Rodgers optimal estimation method [83] by considering an iterative Gauss—-Newton scheme.
In details, let us indicate with Ry,s = (R(07), -, R(oy))T € RN*1 the vector of observed
radiances, with v = (01, ---,0p1)" € RM*1 the vector of geophysical parameters (atmo-
spheric and surface), then we can express Equation (3) in compact form as

Rops = F(V) +€ 4)

where € is the additive noise which accounts for observational, i.e., instrumental detector
noise €, and forward model bias €,,. We make the hypothesis that the model noise €, can
be neglected with respect to the random error €, that we assume Gaussian with 0 mean
and covariance S, (we omitted the subscript r to simplify notation). Assuming Gaussian a
priori information about the state parameter v, independent from the instrumental one, i.e.,

1
NN arisﬂ 7 5
p(v) (V y > (5)

where ¢ € (0, +o0) quantifies how much we predict that v should be close to v,, then the
predictive distribution [v|R,s] is no longer Gaussian due to the nonlinearity of F

Tg— _
-2 lnp(V‘Rohs> = (Robs - F(")) Se 1<Robs - F(V)) + ')’(V - Vﬂ)Tsa 1(V - Vﬂ)' (6)
The maximum probability state ¥ is the solution to the minimization problem

argmin(Robs - P(V))Tss_l(Rohs - F(V)) + ')’(V - Vﬂ)Tsa_l (V - Va)/ (7)

v

and relaxing to the classical Gauss-Newton iteration scheme, we obtain
-1 Tg-1 T
Vep1 = Vat+ (Wsa +K;S, Kz) Ky Se [(Rops — F(ve)) + Ky (ve = va)l, )

where K, = ‘3—5 |v=v, is the jacobian and a typical choice for the starting value v, for £ = 0
(first guess) in the iteration is v,.

At the starting iteration ¢ = 0, because the derivative is additive, the part related to
the emissivity in the state vector and that to the other parameters can be separated,

K= (K, K;) and v—vp= Vi — Vo1
V2 — V02

where the subscripts 1 and 2 refer to the atmospheric and emissivity components, re-
spectively. The number of atmospheric parameters will be denoted by M;, while that
corresponding to emissivity by M, (note that My = N number of radiance data, i.e., spec-
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tral channels). The Jacobian K is computed as usual as the derivative of the radiance, R(c),
with respect to the surface temperature and atmospheric parameters. In the same way, K;
is computed by differentiating R(c) with respect to emissivity. However, the computation
of Ky is less straightforward because we first transform emissivity to project it into an
unbounded space (spanning from —co to +c0) and then reduce its dimensionality.

We achieve this by transforming emissivity with the logit function,

2(i) = logit((e(i))) = 1og(1 5(2(1,)> = e(i) = % i=1,..., M
The logit transform avoids the retrieval of un-physical emissivities and/or the use of
boundary constraints on each parameter because it allows us to work with a quantity, z,
which is defined in the range [—o0, +c0]. Once back transformed, the retrieved emissivity
is forced to be a number in the interval [0, 1].

The jacobian can be easily derived using the chain rule

OR(i)  AR(i) (3z(i)\ ' _ 9R(i) . o
oz(i) — e(i) (asu)) = e D —e@), i=1. M

and the component pertinent to emissivity reads

Kz (z — zp)

with K, » a diagonal matrix with elements K, »(7,7) = 881;((;)) .

Second, we develop the z spectrum in a truncated PCA series, with truncation point,
T < M;. To develop the PCA basis we used ASTER (Advanced Spaceborne Thermal
Emission Reflection Radiometer) Spectral Library version 2.0 [84] and the MODIS (Mod-
erate Resolution Imaging Spectrometer) UCSB (University of California, Santa Barbara)
Emissivity Library (http://www.icess.ucsb.edu/modis/EMIS/html/em.html (accessed
on 22 March 2024)). The ensemble counts 134 representative emissivity spectra at a global
scale, of senescent and green vegetation, bare soil, desert sand, and rock emissivities. The
emissivity spectra are laboratory measurements at a spectral sampling of 2 cm~!. They
have been linearly re-sampled at the IASI sampling of 0.25 cm~! and re-interpolated to
the IASI range 645-2760 cm~!. Generally, 20 PC scores are sufficient to represent all the
important spectral features. Indeed, the emissivity of natural and terrestrial materials in
the infrared can be fully resolved at a spectral resolution of 2 cm~! (e.g., [84]); therefore,
20 PCA scores should be enough to correctly represent emissivity of Earth’s surface. See
[24,85] for more details and retrieval over heterogeneous surfaces.

By inverting the full IASI spectrum (8461 spectral channels), 6-IASI retrieves all the ma-
jor atmospheric components such as surface emissivity (), surface temperature (Ts), vertical
profiles of temperature (T), water vapour (Q), ozone (O), HDO mixing ratio (D) and average
column abundances of CO,, CO, CHy, N> O, HNO3, SO,, NH3, OCS and CF, [23,24,85-87].

The ¢-IASI algorithm automatically discards cloud pixels using the internal AVHRR
cloud mask: pixels with a cloud fraction greater than 5% are removed. This introduces
missing data, requiring an interpolation algorithm to transform the sparsely populated, non-
uniform L2 observations (¢-IASI output), into evenly-gridded maps. Ref. [88] developed
a procedure similar to Gaussian Optimal Interpolation with the inclusion of background
data, which converted the L2 observations into monthly maps with a resolution of 0.05°.
However, this procedure, which was already tested on many surface and atmospheric
parameters [69,89-91], generates maps that are quite smoothed. Although this approach
is perfectly suitable for parameters like air temperature or gases, which typically show
little variation over short distances, it does not hold true for LST, which can vary sig-
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nificantly. This study aims to address this issue, which will be further discussed in the
subsequent chapters.

2.4. Spatial and Temporal Colocalization

We spatially and temporally collocated all the downloaded and preprocessed data with
the IASI L2 observations to construct the L2 training dataset. As stressed in Section 2.2.1,
each IASI observation has a spatial resolution of 12 km at the nadir, which can extend to
more than 20 km when observations are off-nadir. Additionally, the actual shape of the IASI
footprint is circular only at nadir, becoming elongated and elliptical toward the edges of
the swath. Thus, accurately considering each IASI observation’s footprint is necessary. The
IASI FOV angle (“pixel_zenith_angle”) alone does not suffice to determine the footprint
shape, as the ellipse’s major and minor axes can be oriented in any direction. This requires
knowledge of the IASI orbit, adding complexity to the colocalization process. To simplify,
we approximate the elliptical footprint as a circle with a diameter equal to the ellipse’s
minor axis. This conservative approximation ensures that the entire circular area falls
within the actual footprint. For spatial colocalization, since the covariates have a finer
spatial resolution than IASI, we averaged the covariate values within each IASI footprint.
Since the CLC is categorical, we assigned the most frequent class within each footprint.

More attention should be paid to temporal colocalization since the chosen covariates
have different temporal resolutions. For the vegetational products (LAIL, FVC, NDVI) and
LST AVHRR, which have respectively ten days and 12 h temporal resolution, we took the
closest observation considering the IASI acquisition day. LST SEVIRI, on the other hand,
has a temporal resolution of just 15 min; therefore, we selected the closest observation,
taking into account the exact IASI acquisition time.

The so-built training dataset is cleaned of missing values and outliers. Outliers are
detected considering the differences between the IASI LST values and the corresponding
values from two other LST products. This filtering is crucial, as we found pixels with
differences exceeding 10 °C, which could negatively impact the performance of the trained
models. Specifically, for each month, we applied the Interquartile Range (IQR) Method
to the linear differences between the LSTs rather than to the LST values themselves. The
outliers are defined as any values that fall outside the range (25th Percentile — 3 x IQR) to
(75th Percentile + 3 x IQR), where IQR = 75th Percentile — 25th Percentile. We selected an
IQR threshold of 3 to focus on removing only the most extreme outliers while preserving
the majority of observations. This choice strikes a balance between filtering out major
anomalies and retaining valuable data for model training.

2.5. ML Algorithms

We used the built dataset to train a model to predict the LST over a regular grid.
We considered different ML algorithms, i.e., Random Forest (RF) [92], Gradient-Boosted
Trees (GBT) [93], Neural Network (NN) [94], Gaussian Process Regression (GPR) [95], and
combined them using Stacked Regression [96]. From a mathematical point of view, we
modeled the L2 spatial observation y;, i = 1,---,n as y; = u(x;) + ¢;, where y is the
regression function to be estimated and x € R is the features vector.

¢ RF and GBT are both ensemble methods that combine multiple decision trees,
such as Decision Trees or Classification and Regression Trees (CART), to improve
predictive performance.
In Random Forests (RF), M trees are created through bagging [92] and random feature
selection. Each tree is independently trained on a randomly selected subset of the
training data, with a series of splitting rules applied to build the tree. The essential idea
in bagging is to average many noisy but approximately unbiased models, and reduce
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the variance. Trees are ideal candidates for bagging, since they can capture complex
interaction structures in the data, and if grown sufficiently deep, have relatively low
bias. See [97] for more details.

The bagging process can be summarized as follows:

1. Form=1,..., M (where M is the total number of trees):

(a) Sample, with replacement, k training examples from X,Y; call these
Xin, Y.

(b) Train a classification or regression tree f;; on X;;, Y;; considering only a
random subset of the features. This random feature selection enhances
decorrelation between trees. Recursively repeat the following steps for
each terminal node of the tree, until the minimum node size is reached.

i.  Select p variables at random from the d variables.
ii.  Pick the best variable/split-point among the p.
iii. Split the node into two daughter nodes.

2. After training, predictions for unseen samples x” are made by aggregating the
predictions from all individual trees, and for regression tasks, the final prediction
is obtained by averaging:

R 1 M
f) = 35 1 )

By aggregating M decorrelated trees, RF effectively reduces variance and produces a
robust final estimate.

Gradient Boosted Trees (GBT), on the other hand, use boosting [93] to aggregate
trees. The key difference is that in bagging, each tree is built independently, while in
boosting, each new tree is added sequentially, specifically designed to correct errors
made by previous trees.

A generic GBT algorithm for regression, as described in [97], can be written as follows:

1. Initialize fo(x) = argmin, Y ; L(y;, ) where L is the loss function.
2. Form=1to M:

(a) Fori=1,...,n, compute the pseudo residuals:

(m) _ _ [9L(yi, f(xi))
Lt [ 9f (xi) } P
(m)

(b)  Fitaregression tree to the targets r;", giving terminal regions Rjm, j =

1,..., ] m.
(0 Forj=1,..., s compute:
Yjm = argmin Z L(yi, fn1(xi) +7)-
v X,‘Eij
(d) Update:

Jin
fm(X) = fm-1(x) +7 E'ij]l(x € ij)/
=

where I(+) is the indicator function and 7 is the learning rate.
3. Output f(x) = fm(x).
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In this work, we used the Least Squares Loss function, simplifying the initialization to
fo(x) = 7, and the residuals to rfm) =y; — f(x;).

This iterative approach enables GBT to focus on improving the predictions where
prior models underperformed, often resulting in enhanced accuracy.

A Gaussian process g(x) ~ GP(m(x),k(x,x’)) is a stochastic process fully specified
by its mean function m(x) and covariance function k(x, x’), consisting of an infinite
collection of random variables, where any finite subset has a multivariate Gaussian
distribution [95].

In realistic scenarios, it is often assumed the mean m(x) = h(x)!B, where h(-) are a set
of fixed basis functions that transform the original feature vector x in R? into a new
feature vector h(x) in R”, where parameters f must be inferred by data. Moreover,
data are often noisy hence we typically have access only to noisy versions of true
function values, y; = h(x;)!B+ f(x;) +¢&;,i=1,--- ,n, where f(x) ~ GP(0,k(x,x))
and & ~ N(0,021) represents additive independent and identically distributed (i.i.d.)
Gaussian noise with covariance ¢21 [95]. This formulation expresses that the data
is close to a global linear model with the residuals being modelled by a GP and the
model fitting optimizes over the parameters jointly with the hyperparameters of the
covariance function.

The kernel Kjj = k(x;, x]'), i,j = 1,---,n encodes the similarity between the input
points according to some metric, i.e., points characterized by similar features must
have similar target values y and thus, training points that are near to a test point
should be informative about the prediction at that point. This is translated in terms
of correlation. Indicating with r = d(x;, x;) any distance between points j, j, the most
common kernel function to account for such a similarity between points is the squared
exponential (SE)

k(xi, xj) = exp(—é) )

where [, also called the length scale parameter, indicates how quickly the correlation
between two points drops as their distance increases. This kernel is infinitely differen-
tiable, which means that the GP has mean square derivatives of all orders, and is thus
very smooth and such strong smoothness assumptions can be unrealistic for modelling
many physical processes. So an alternative option is the Matérn class defined as

1-v v
k(xi,xj)_i(v)< ?vr> Ky( ?w> 10)

withv > 0,1 > 0 and K is a modified Bessel Function [98] (see section 9.6). Note that
for v — oo we obtain the SE covariance function. For the Matérn class the process

f(x) is k-times Mean Square differentiable if and only if v > k. For the definition of
Mean Square Differentiability see Section 4.1.1 in [95]. When v = p + 1/2 with p non-
negative integer, the kernel becomes a product of an exponential and a polynomial of
order p, and the most interesting case for machine learning are p = 3/2and p = 5/2,

for which
e = (10 ) e 2)

ke = (12 Y5 VO _vor
5/2 = ] 32 exp ] .
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Using standard algebraic manipulation it is possible to evaluate the predictive distri-
bution in the point ¥, given the new features vector X;ew

P(ynew‘y/ X, Xnew) = N(h(xnew)t,B +u, o? + Z)/ (11)
where
t 2 -1
Ho= K X) (KX, X) +0%1) (- HB) (12)
-1
L= k(e Xnew) = KX X) (KOOX) 4+ 021) KX, X (13)
with
y1 f(x1)
B PP EL )
Yn f(xn)
X h(xq)!
t t
X = x.2 cR™¥ H= h()fZ) ,€ RW<P.
x;tq h(xn)t
k(x1,x1) k(xy,x2) -+ k(xq,xn)
K(X,X) = k(x2., x1) k(le, xp) - - k(xz./ Xn) ]
k(xu,x1)  k(xn,x1) -+ k(xu,Xn)

Artificial neural networks (ANN), or simply Neural Networks (NN) take inspiration
from how the human brain computes complex processes and, specifically, how neurons
in our brains work. Similarly to our brain, an NN consists of many units called artificial
neurons connected by edges (synapses in our analogy). Each neuron receives a signal
from other neurons, processes it and then sends it to other connected neurons. The
signal refers to a real number, and each neuron’s output is determined by a nonlinear
function applied to the sum of its inputs, known as the activation function. The
strength of the signal at each connection is controlled by a weight, which is modified
during the learning process. A basic feedforward neural network consists of many
layers of neurons, and the output of the previous layer serves as the input to neurons
in the next layer. Given a nonlinear activation function f(-) (e.g., ReLU, sigmoid, or
tanh) a NN can be written as follows:

y=f(WL-f(Wr-1-... f(W1-X+b1)+bL1)+byp) (14)

where X is the input matrix, Wy, is the weight matrix associated to layer L, by the L
layer bias. Train an NN means finding the weights W and biases b that minimize a
loss function (e.g., Mean Squared Error for regression), gradient-based methods such
as backpropagation are used. Roughly speaking, gradients of the loss function with
respect to the weights are calculated and the weights are updated iteratively with the
following rule:
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Whew = Wold - VL(W) (15)

where 7 is the learning rate and VL(W) is the gradient of the loss function L with
respect to the weights W.

The predictions from the methods described above are used as input for the Stacked
Regression. Stacked Regression, first introduced by Breiman [96], is an ensemble learning
technique to combine multiple regression models via a meta-regressor. Stacking combines
the strengths of individual estimators by using their outputs (i.e., predictions) as inputs for
a final estimator. For example, in [99], Stacked Regression outperformed three ML models
in downscaling ERA5 air temperature.

Care must be taken when implementing stacked regression, as an improper setup
can lead to overfitting. As Breiman highlights, if the base estimators are trained on the
entire dataset, the final estimator is likely to overfit the data. A common solution is to
use cross-validated predictions: the dataset is divided into k folds, each base estimator is
trained on the k — 1 folds, while the remaining fold is used to compute the predictions.
In each iteration, the base estimators generate predictions for the fold that was not used
during training, which are then collected across all iterations, stacked together, and then
used as input for the final estimator.

Mathematically, the original Stacked Regression proposed by Breiman consists of
finding B, that minimizes:

N H

Y (vn— Y Bufu(x))? (16)
where H is the number of base estimators, f;, are the weights assigned to the predictions of
the h-th base estimator, and f;,(x) is the prediction of the h-th base estimator for input X,
i.e., the stacked estimator is the least squares. This has been generalized to include different
types of estimators. Algorithm 1 shows the pseudo-code used in this work to perform
Stacked Regression.

Here, the base estimators H are RF, GBT, GPR, and NN , while the final estimator G is
the eXtreme Gradient Boosting (XGBoost) [100], an efficient and scalable implementation
of the gradient boosting framework that has gained substantial popularity in recent years,
largely due to its role in helping teams win nearly every Kaggle structured data competition.
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Algorithm 1 Stacking with Cross-Validation

1: Input:

2. Dataset D = {(Y;, X;)}I\, where X,, is an input vector

3:  Number of folds V for cross-validation

4:  Number of base estimators H

5: Step 1: Split the dataset into folds:

6:  Split D into V equal-sized folds Dy, D», ..., Dy

7. Step 2: Initialize prediction storage:

8 Initialize an empty list to store predictions, § = {Yil, Yiz, v YiH N
9: Step 3: Train base estimators for each fold:

10: foreachfoldv =1,2,...,V do

11: Define training set D% =D — D, and validation set D,
12: for eachmodelh = 1,2, ..., H do,

13: Train the base estimator (level 0) M}(l_v) on D(-?)

14: Predict Y/U(h) using model M}(l_v)

15: Store prediction Yéh) in $(v, h)

16 end for

17: end for

18: Step 4: Create level 1 learning sample:

19:  Create Dcy = {(Y,$)}

20: Step 5: Train the final estimator (level 1 learner):

21:  Train the final estimator G (level 1 learner) on D¢y
22: Step 6: Final prediction:

23: for each new input X; in test data Xiest do

24: for eachmodel h = 1,2,...,,K do

25: Predict ?i(k) using base model M,

26 end for

27: Stack predictions into Xggacked test = (Yi<1), 171.(2), e, Yi(H))

28: Predict final output using the final estimator ¥; = G(Xgacked_test):
29: end for

30: Output: Final predictions Viest for test data

2.6. Training

Then, the training dataset built in the Section 2.4 is used as input for the ML algorithms.
By conducting an ablation study, we were able to isolate the most impactful covariates
for the model. The ablation study involved iteratively removing subsets of covariates
and assessing the impact on the RMSE. Variable importance plots, which quantify how
much each feature influences the model’s accuracy, are also used. The best combination of
covariates we found is as follows:

LSTias; = f(lat,lon, DEM, DOY, minutes, year, LSTsgyr1, LSTAvHRR,

(17)
CLC,LAL FVC,NDVI)

where DOY (Day of the Year) is acquisition day (from 1 to 365) and minutes refers to
the acquisition time expressed in minutes (from 1 to 1440). Since our goal is to predict a
monthly product, we removed the seasonal variability by training a model for each month
for a total of 12 models for each ML method. LAI and FVC were removed during the
winter months (from November to April) since they were not useful in those months. The
workflow is as follows:
1. The whole training dataset is used to perform a hyperparameter optimization of the
base estimators (RF, GB, GPR, NN). These models will be used again for prediction,
see Section 2.7;
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2. The training dataset is divided into 5 categories, the base estimators are trained on the
first 4/5 of the data using the hyperparameter found in step 1. The last fold is used
for prediction. At each iteration, the predictions are concatenated in a vector;

3. Predictions from step 2 are used as input for the final estimator (XGBoost). Hyperpa-
rameter optimization for XGBoost is also performed.

4. The trained XGBoost is used to predict the L2 observations and compute the residuals
(i.e., the difference between the real IASI L2 observations and the predicted ones)
required for residual correction.

More specifically, all the ML models are trained within Matlab using “fitrensemble” for
RF and GBT, “fitrgp” for GPR, “fitrnet” for NN. XGBoost is not natively implemented in
Matlab (version R2024b), but in [101] there is an implementation of the C++ version. This
code works only for classification, but we adapted it for regression implementing also the
Matlab Bayesian Hyperparameter optimization algorithm, a faster approach compared to
the classic grid search or random search methods. The same hyperparameter optimization
algorithm is used for the other ML models. A five-fold cross-validation is used in the
hyperparameter optimization step. Moreover, for RF and GBT we optimized the number of
trees, maximized the number of decision splits (or branch nodes), minimized the number
of leaf node observations, and the learning rate (only for GBT); for the XGBoost learning
rate, a maximum depth of the trees, and minimum weight was required in order to create a
new node in the tree. For the NN, we followed a more rigorous approach using the formula
provided in [102] for a two-hidden-layer NN with m output neurons and N number of
samples. The sufficient number of neurons in the first layer is \/(m +2)N + /N /(m + 2),
and in the second it is m+/N/(m +2). In our case, we used 300 neurons for the first
layer and 60 for the second layer. Finally, for the GPR we used the Matern 3/2 kernel as

kernel function.

2.7. Prediction

The aim of our study is to predict the LST on a 0.05° L3 grid. This prediction is carried
out using the models trained in Section 2.6 and an L3 dataset (referred to as the test dataset)
that has the same spatial resolution. To build the test dataset, we adopted an approach
similar to the one outlined in Sections 2.4 and 2.6. For spatial colocalization, instead of
using the IASI footprints, we used the grid cells of a 0.05° regular grid placed on our target
region, resulting in a total of 4961 pixels. Therefore, we averaged all the covariate values
within each 0.05° grid cell. Regarding temporal colocalization, we took advantage of the
high temporal resolution of the covariates creating a daily test dataset. Thus, we applied a
temporal colocalization similar to that shown in Section 2.4, where instead of using different
acquisition days and minutes for each grid cell, we used the following: (1) for a given day
calculated the minimum, the maximum, and the average for the acquisition time related to
the corresponding IASI observations; (2) used the mean acquisition time as a reference for
all covariates except for SEVIRI, where we applied the minimum and maximum acquisition
times, averaging all observations within this time window; (3) assigned the current day
to the DOY variable and the mean acquisition time to the minutes variable. Pixels with
missing values are removed. Then, we used the base estimator trained on the whole
training dataset (Step 1 in Section 2.6) to compute daily predictions over the L3 grid. From
these intermediate predictions, we predicted the final estimates using the XGBoost model.
The final daily predictions are averaged over the whole month. Caution is necessary when
using ML algorithms for interpolation. The resulting LST maps contain values where the
covariates are available. In the best-case scenario, where covariates have no missing data,
the resulting LST maps are also complete. Unfortunately, certain regions, such as the Alps,
lack IASI L2 observations, even when considering nine years of data. This means that the
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trained models have not seen any observations in those impervious areas, resulting in a
prediction based only on the remaining data (which are different). Taking this example
to the extreme, it is like training a model on data from the African Savannah and then
attempting to use it to predict conditions in the Russian boreal forest. For this reason, we
discarded the L3 LST predictions in areas with a total absence of L2 observations.

The final step is a residual correction. As described in [103], residual correction is a
post-processing technique that adjusts the final prediction based on the residuals, which
represent the error on the training set. Therefore, we built an L3 0.05° residual map
by colocalizing the residuals to the L3 grid taking into account the corresponding IASI
footprint (which can vary depending on the IASI FOV angle).

Since L2 observations are scattered, we don’t have residuals all over the region of
interest. For this reason, we used thin-plate smoothing spline (Matlab “tpaps” function)
to interpolate the missing values and have a complete residual map. Figure 2 illustrates
the complete workflow from the IASI LST retrieval to the final downscaled L3 LST. Panel
(a) represents the IASI LST retrieval described in Section 2.3, panel (b) depicts the training
phase highlighted in Section 2.6, and panel (c) illustrates the procedure for predicting the
final L3 LST, as discussed in Section 2.7.

(a) Retrieval of LST
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(c) L3 LST

L3LST
Stacked regression
predictions

Test Dataset Final LST L3

Figure 2. Flowchart of the proposed framework. (a) Retrieval of LST; (b) Training; (c) L3 LST.

3. Results

We applied the methodology described in the previous sections to retrieve the LST
over the target region for the year 2022. Note that the drought that hit northern Italy in
2022 was unprecedented in more than two centuries, and is part of a long-term trend of
more frequent and severe drought in the area [104].

Figure 3 shows the training observations for the 9 year period 2015-2023 along with
the spatial domain used for prediction at 0.05° for the month of August as an example, we
again stress that in areas where L2 observations are missing across all years, no predictions
were made. Therefore, the mask was created by verifying if at least one L2 observation
over all years falls within a 0.05° grid cell.
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Figure 3. Comparison of L2 IASI observations and the derived prediction mask for August 2022. The

left panel shows the spatial distribution of L2 observations across the 9 years of data, while the right

panel shows the spatial domain used for prediction.

We first selected the best-performing algorithm among all the trained models. For
each month, we computed the Mean Absolute Error (MAE) and Root Mean Square Error
(RMSE) on our cross-validated predictions of Step 2 in Section 2.6. Since the data used for
each prediction in each fold differs from the training set, MAE and RMSE reflect errors
evaluated on a test set rather than a training set, thereby minimizing the risk of choosing a
model that overfits. Figures 4 and 5 show that the Gradient Boosting is the best among the
ML algorithms with MAE of 0.52 and RMSE of 0.71. However, combining these algorithms
with Stacked Regression further improved the results, reducing the MAE and RMSE to 0.49
and 0.68, respectively. Hence, Stacked Regression was selected as the candidate model for
the L3 predictions, as the errors on the L2 observations are well below 1 K.

-
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o

1 2

o

RMSE for Ist_iasi ~ lat + lon + dem + day + minutes + year + Ist_: sevm + Ist_: avhrr + corine, S|mple + lai + fvc + ndvi - (No LAI/FVC for months 11 to 4
T T T
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wE—
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Sl —

6 7 8 9 10

1" 12

Figure 4. Comparison of MAE cross validated errors of the tested ML algorithms: Random Forest
(blue), Boosting (orange), Neural Network (yellow), Gaussian Process Regression (purple), and
Stacked Regression (green). The numbers in the legend represent the average MAE for all methods
calculated across all months.

- RF-0.85

I Boosting - 0.71
[TINN - 084

I GPR - 0.80

[ Stacked_XGBoost - 0.68

1" 12

Figure 5. Comparison of RMSE cross validated errors of the tested ML algorithms: Random Forest

(blue), Boosting (orange), Neural Network (yellow), Gaussian Process Regression (purple), and
Stacked Regression (green). The numbers in the legend represent the average RMSE for all methods
calculated across all months.

Following Section 2.7, we generated the L3 LST maps at a resolution of 0.05°, see
Figures 6 and 7.
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Figure 6. Example of the L3 LST for the months January-June. The first column represents the IASI
LST L2 observations, while the second column shows the LST L3 predicted with Stacked Regression;
each row represents a month.
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Figure 7. Example of the L3 LST for the months July-December. The first column represents the IASI
LST L2 observations, while the second column shows the LST L3 predicted with Stacked Regression;
each row represents a month.

There is a strong agreement between the L2 observations and the predicted L3 maps,
although the L2 maps are an aggregated product of all L2 observations for a given month
(with acquisition times spanning up to 2 h between the first and last observation of a day
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over our target area). This explains the higher variability in the L2 observations compared
to the L3 maps, which, in contrast, represent a monthly product. This is another clear
advantage of this methodology: using a classical interpolation method, such as kriging,
on scattered data that varies both spatially and temporally can produce inaccurate maps.
For example, if there are only a few observations in a given area, and these observations
are acquired two hours after the surrounding pixels, the interpolated LST values for that
area will likely be higher than those of the surrounding pixels, resulting in maps that
appear “bumpy” or “bubble-shaped”. A graphical proof of the accuracy of the predicted
values is the high level of detail in the LST maps: based solely on the LST values we can
clearly distinguish the plains, the Apennines, the Alps, and even specific features such
as valleys and woodlands. For example, in the area around 8°E and 45°N in April, May,
September, and October, the LST has lower values compared to the surrounding areas.
Upon examining the CLC map, we see that this area, shaped like a horse, corresponds to
the Monferrato Hills, a wooded region with hills between 200 and 500 m high. The lower
LST values in this area are explained by the cooling effect provided by healthy vegetation.

Note that our proposal retrieves LST in months with low IASI observation density
due to the high spatial covariates used for the training phase. See, for example, the months
of May, June, July, August, and particularly December. Still, we stress again that in these
areas, the retrieval is not completely independent from IASI observations since, in the
training phase, we consider only spatial areas with IASI coverage. For example, we focused
on August 2022 where we calculated the difference between the prediction and the mean
of nine years of AVHRR and SEVIRI LST for the same month. The accuracy of these
predictions is illustrated in Figure 8 together with the spatial locations of observations. It
is interesting to note that IASI L3 LST retrieval better agrees with SEVIRI LST mean than
AVHRR LST mean, perhaps due to a greater spatial homogeneity between IASI and SEVIRI
field of views than AVHRR. This behavior is confirmed for the other months too. For the
sake of brevity, we only show the plot for March 2022, see Figure 9, the worst month in
terms of precipitation and dryness conditions.

4'63 INST IASI August 2022 - average of L3 LST SEVIRI (2015--2022%)5

T e
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Figure 8. Comparison between the predicted LST for August 2022 and the mean of nine years of
AVHRR and SEVIRI data for the same month. The top-left panel shows the IASI L2 observations,
while the right panel displays the difference maps with SEVIRI (top) and AVHRR (bottom) including
also the L2 observations represented by the small black dots. The bottom-left panel presents the KDE
plot of these differences, including the mean and standard deviation of the errors.
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Figure 9. Comparison between the predicted LST for March 2022 and the mean of nine years of
AVHRR and SEVIRI data for the same month. The top-left panel shows the IASI L2 observations,
while the right panel displays the difference maps with SEVIRI (top) and AVHRR (bottom) including
also the L2 observations represented by the small black dots. The bottom-left panel presents the KDE
plot of these differences, including the mean and standard deviation of the errors.

A more robust comparison is given considering the LST derived from MODIS (see
Section 2.2.4). Both IASI and MODIS are sensors onboard polar satellites with a close
acquisition time (especially for the Terra satellite). The daily observations are first averaged
over the month and then interpolated to the 0.05° grid by averaging all MODIS pixels that
lie inside each 0.05° grid cell. For each month and year the following was conducted:

e We computed the differences between the two products both at levels L2 and L3. The
IASI L2 observations and the corresponding MODIS LST were colocalized using the
same approach described in Section 2.4. For each month we also evaluated the bias
(average of the errors) and standard deviation. The L2/L3 differences are shown using
a Kernel Density Estimate (KDE);

e We fitted a linear model, LSTyopis ~ LSTiagp, to assess the linear relationship. For
each month we also evaluated R? index. See Figures 10 and 11.

Although the two products are derived from different sensors, with different acqui-
sition times, and algorithms, our predicted LST exhibits a strong correlation with an R?
greater than 0.90 for almost all months. Additionally, the standard deviation shows good
results, ranging from 1 K to 1.5 K. On the other hand, bias is highly seasonal-dependent
with a positive bias during the summer months (indicating higher IASI LST) and a negative
bias in the winter months (indicating higher MODIS LST). However, the bias is not only
still present in the L2 data but is even more pronounced.

The seasonal variability is also addressed by comparing the colocalized (L2) LSTs from
IASI, AVHRR, SEVIRI, and MODIS. Figures 12 and 13 present the KDE plots and boxplots
of the differences between the L2 LSTs.

Among the different LSTs, the one derived from AVHRR shows the highest agree-
ment with IASI, exhibiting the highest R? values (with the only exception of January and
December), the lowest absolute bias (<1 °C) and standard deviation (<2 °C). In contrast,
MODIS and SEVIRI have biases that vary significantly throughout the year, with a very
negative bias during winter months and a positive bias in the summer months, consistent
with patterns observed for the L3 product in Figures 10 and 11. Additionally, their standard
deviation values are higher than those of AVHRR but do not show any seasonal patterns.
SEVIRI presents higher R? values compared to MODIS, similar to those of AVHRR.
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Figure 10. L2 /L3 Differences IASI - MODIS for the months January-June. The first column displays
the L2/L3 differences using KDE plots with the mean and standard deviation: the red curves
display the L2 errors, and the blue curves display the L3 errors. The second column shows the
scatterplots between the predicted IASI L3 LST values and the MODIS L3 LST values, the linear fits,
and the R? indexes.
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Figure 11. 1L2/L3 Differences IASI - MODIS for the months July-December. The first column
displays the L2/L3 differences using KDE plots with the mean and standard deviation: the red
curves display the L2 errors, and the blue curves display the L3 errors. The second column shows the
scatterplots between the predicted IASI L3 LST values and the MODIS L3 LST values, the linear fits,

and the R? indexes.
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Figure 12. Comparison LSTs from IASI, AVHRR, SEVIRI and MODIS for the months January—June.
The first column displays the L2 differences using KDE plots with the mean and standard deviation:

0
-15 -10 -5

the blue curves represent the L2 differences between IASI and AVHRR, the red curves represent the
L2 differences between IASI and SEVIRI, and the yellow curves represent the L2 differences between
IASI and MODIS. The second column shows the same differences using boxplots, with the R? indexes
included on the x-axis.
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Figure 13. Comparison LSTs from IASI, AVHRR, SEVIRI and MODIS for the months July-December.
The first column displays the L2 differences using KDE plots with the mean and standard deviation:
the blue curves represent the L2 differences between IASI and AVHRR, the red curves represent the
L2 differences between IASI and SEVIRI, and the yellow curves represent the L2 differences between
IASI and MODIS. The second column shows the same differences using boxplots, with the R? indexes
included on the x-axis.
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4. Discussion

The innovation brought by this work is two-fold. The first is the LST retrieval from
the IASI sensor using the physical retrieval package ¢-1ASI. This approach simultaneously
retrieves LST, LSE, and atmospheric composition starting from a priori information on sur-
face and atmosphere. The second innovation involves applying an ML downscaling—fusion
methodology to both interpolate missing LST values and enhance spatial resolution, achiev-
ing promising results. While the literature contains hundreds of studies on downscaling
LST, relatively little attention has been given to LST from IASI, whose naturally irregular
and scattered observations add another layer of complexity.

We first tested RF, GBT, NN, and GPR, finding that GBT exhibits the lowest errors,
with an average cross-validated MAE and RMSE of 0.52 and 0.71, respectively. A classical
approach would be to use GBT as the final predictor, since it showed the lowest errors. How-
ever, a more accurate predictor can be obtained by combining (stacking) these predictors
using Stacked Regression. The results presented in [96] demonstrated that Stacking never
performs worse than selecting the single best predictor, and that the biggest improvement
comes when dissimilar sets of predictors were stacked. For example, stacking k different
NN is unlikely to yield significant improvement since the predictors are learning from
the data in similar ways. In our case, we applied Stacked Regression on predictors that
each operates in its own unique way and, indeed, results further improved, lowering the
cross-validated MAE and RMSE to 0.49 and 0.68, respectively.

The generated L3 maps are then compared against the LST from MODIS (specifically
the MOD11A1 product), showing a standard deviation lower than 1.5 K and a bias that
fluctuates significantly across different months. A portion of these standard deviation
values are attributed to the Alps, a region where IASI observations are sparse or entirely
absent due to the constant presence of snow. Consequently, the model lacks sufficient
training in this area. Instead, the seasonal bias may be explained by the MODIS split-
window retrieval algorithm, which uses a fixed emissivity, in contrast to our methodology,
which simultaneously retrieves both LST and emissivity. We also assessed the goodness of
the downscaling method by comparing the IASI L2 LST with the colocalized MODIS LST.
The same seasonal bias and a slightly higher standard deviation persist, indicating that
the differences arise from the products themselves rather than our downscaling method,
which, by contrast, slightly reduced the differences. The same seasonal trend was observed
in the comparison with the L2 SEVIRI, while AVHRR demonstrated the highest agreement
with IAS], as both are on board the same platform. However, due to the strong spatial
and temporal variability of LST, comparing IASI and MODIS data with a time difference
of one or more hours can result in temperature differences of several degrees or more in
certain regions. It is also important to note that in order to maintain a sufficient number
of data points for comparison, we included MODIS, AVHRR, and SEVIRI pixels with LST
uncertainties up to 2 K (nominal quality), as stated in Section 2.2.4. Furthermore, this time
difference not only influences LST values due to the diurnal LST cycle but also by the
amount of pixels averaged within the IASI footprint, which depends on cloud cover. For
example, consider an IASI observation taken at a specific time under clear-sky conditions.
Since the LSTs from the other sensors (e.g., MODIS) have a much finer resolution, multiple
observations fall within the IASI footprint. If the sky remains completely cloud-free, we
will average always the same number of observations. However, during the time window
between the IASI observation and the corresponding LST observations from other sensors,
clouds could move and partially cover the footprint. In effect, cloud coverage and the
same land coverage can affect the comparison among different sensors because the other
platforms overpass the given area at various times, and cloud dynamics is much faster than
the delay among the platforms themselves. The situation explains why our results better
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agree with the AVHRR, a companion instrument of IASI onboard the identical MetOp
satellites. This would reduce the number of clear-sky observations used in the averaging
process, resulting in LST values that represent only a portion of the footprint. This could
explain the seasonal bias observed with SEVIRI and MODIS; during winter months, clouds
are much more prevalent, reducing the number of LST observations averaged for each IASI
footprint. To substantiate this claim, AVHRR, which shares the same platform and observes
the exact same scene, does not show this seasonal bias. Despite that, we observe a strong
correlation between the two L3 products, with an R? value reaching 0.95 in some months.
The L2 comparisons among the four LSTs also revealed a strong correlation, with AVHRR
showing the highest R?, followed by SEVIRI and MODIS. However, the R? values are still
the highest in the L3 comparison.

Moreover, this procedure is also suitable for gap-filling. For instance, in August
2022 (see Figure 7), predictions were made even in areas lacking L2 observations for the
considered year. These predictions are possible because the trained models are taking
advantage of L2 observations from other years. While it is expected that predictions in
areas with fewer L2 observations are more influenced by the covariates, Figure 8 indicates
that some areas show large differences despite the limited number of observations. This
suggests that in these regions, the predicted LST is not merely an interpolation of the LST
covariates but still incorporates information from IASI observations of other years.

5. Conclusions

The greatest advantage of this work is the generation of a high-resolution LST prod-
uct from IASI, a sensor capable of retrieving numerous atmospheric parameters, which
facilitates the study of the relationships between LST and other atmospheric variables.
For instance, LST from IASI is used to compute the Water Deficit Index (WDI), an index
proposed by Masiello et al. [89,90], defined as the linear difference between LST and
dew point temperature (Tw). This index has already proven useful for detecting drought
events [69,89-91], and preliminary efforts have been made to downscale it using machine
learning [105]. Still, directly validating the WDI is challenging due to the lack of a ground
truth. Most LST products are derived from infrared sensors, while the only Tw product
with adequate spatial resolution is the ERA5-Land dataset that is derived from a global
atmospheric reanalysis model. Combining LST and Tw from different algorithms or sensors
(e.g., Tw from ERA5 and LST from MODIS) will introduce uncertainties. On the other
hand, LST and Tw individually are more straightforward to validate. Future work will
focus on applying this methodology to the IASI Tw retrieved using the same physical
inversion algorithm. This will ultimately aim to create a high-resolution WDI in which both
components are validated against other sensors or ground-based observations. Moreover,
the strategy we have developed for WDI exploits the capability of IASI to retrieve LST and
Tw simultaneously, and as such, the study has been performed in perspective of the new
missions, IASI-NG and MTG-IRS, which will continue to contribute to the European project
of Earth Observations from polar and geostationary orbit for the future years, but also offer
significant enhancement of the current suite of instruments on Metop and MSG satellites,
with improved spectral resolution, improved spatial coverage, and repeat time.
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Abbreviations

The following abbreviations are used in this manuscript:

ABI Advanced Baseline Imager

AVHRR  Advanced Very High-Resolution Radiometer
CLC Corine Land Cover

CNN Convolutional Neural Networks

DEM Digital Elevation Model

DOY Day of the Year

EPS European Polar System

FOR Fields Of Regard

FvC Fractional Vegetation Cover

GBT Gradient-Boosted Trees

GOES Geostationary Operational Environmental Satellites
GPR Gaussian Process Regression

TIASI Infrared Atmospheric Sounding Interferometer
IFOV Instantaneous Fields Of View

IOR Interquartile Range

KDE Kernel Density Estimate

LAI Leaf Area Index

LSE Land Surface Emissivity

LSA SAF  Satellite Application Facility on Land Surface Analysis
LST Land Surface Temperature

MAE Mean Absolute Error

ML Machine Learning

MIR Mid-infrared

MODIS  Moderate Resolution Imaging Spectroradiometer
NASA National Aeronautics and Space Administration
NDVI Normalized Difference Vegetation Index

NN Neural Network
NOAA National Oceanic and Atmospheric Administration
RF Random Forest

RMSE Root Mean Squared Error
SEVIRI Spinning Enhanced Visible and Infrared Imager
SLSTR Sea and Land Surface Temperature Radiometer

SW Split-Window

TES Temperature and Emissivity Separation
TIR Thermal Infrared

Tw Dew Point Temperature

VIIRS Visible Infrared Imaging Radiometer Suite
WDI Water Deficit Index

XGBoost  eXtreme Gradient Boosting
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