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Abstract— Incidence angle diversity of space-borne radiometer
and radar systems operating at low microwave frequencies needs
to be taken into consideration to accurately estimate soil mois-
ture (SM) across spatial scales. In this study, the single channel
algorithm (SCA) is first applied to Soil Moisture and Ocean
Salinity (SMOS) brightness temperatures at vertical polarization
(TBy) to estimate SM at coarse resolution (25 km) and develop a
land cover-specific and incidence angle (32.5°, 42.5°, and 52.5°)-
adaptive calibration of single scattering albedo (w) and soil
roughness (/) parameters. These effective parameters are used
together with fine-scale multiangular Sentinel-1 backscatter in a
single-pass active—passive downscaling approach to estimate TBy
at fine scale (1 km) for each SMOS incidence angle. These TBy s
are finally inverted to obtain the corresponding high-resolution
SM maps. Results over the Iberian Peninsula for year 2018 show
an increasing trend of w and a decreasing trend of h, with
SMOS incidence angle, with almost no variability of » across
land cover types. The active—passive covariation parameter is
shown to increase with SMOS incidence angle and decrease with
Sentinel-1 incidence angle. Coarse and fine TBy maps from the
three SMOS incidence angles show similar distributions (mean
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differences below 0.38 K). Resulting high-resolution SM maps
have maximum differences in mean and standard deviation of
0.016 and 0.015 m3/m?, respectively, and compare well with
in situ measurements. Our results indicate that model-based
microwave approaches to estimate SM can be adequately adapted
to account for the incidence angle diversity of planned missions,
such as Copernicus Microwave Imaging Radiometer (CIMR),
Radar Observing System for Europe in L-band (ROSE-L), and
Sentinel-1 next generation.

Index Terms— Active—passive microwave, incidence angle,
radiometry, signal covariation, spatial disaggregation.

I. INTRODUCTION

VER the last decades, L-band microwave radiometry

has consolidated as the optimal technology to globally
estimate surface soil moisture (SM) [1]-[3]. L-band (1-2 GHz)
is highly sensitive to SM changes due to high contrast in
the permittivity range (¢ = 3 — 80) [4]. Moreover, at these
frequencies, the atmosphere can be considered nearly trans-
parent, and measurements are less affected by soil rough-
ness and vegetation attenuation than at higher frequencies
(e.g., X- or C-bands). Active sensors, in turn, are capable of a
higher spatial resolution, but since radar backscatter is highly
influenced by surface roughness, vegetation canopy structure,
and water content, they have a lower sensitivity to SM under
vegetated conditions.

Currently, there are two operational L-band missions, which
are devoted to globally map the Earth’s SM: the Soil Moisture
and Ocean Salinity (SMOS) mission, launched in November
2009; and the Soil Moisture Active Passive (SMAP) mis-
sion, launched in January 2015. The SMOS satellite carries
the Microwave Imaging Radiometer using Aperture Synthe-
sis (MIRAS), a passive microwave interferometric L-band
(1.41 GHz) sensor. This instrument is capable of measuring
multiangular (0°-65°) dual polarized—vertical (V) and hori-
zontal (H)—brightness temperatures (TB) of the globe with a
revisit time of three days and a spatial resolution of about
~50 km [5]. The SMAP satellite includes a real aperture
L-band radiometer (1.41 GHz) and a high-resolution L-band
radar (1.26-1.29 GHz), which share a 6-m diameter coni-
cal scanning antenna with a surface incidence angle of 40°.
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Fig. 1.
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(b)

(a) Classification map of the four most common land cover types over the Iberian Peninsula: croplands (CRP), savannas (SAV), grasslands (GRS),

and shrublands (SHR), adapted from MODIS IGBP. The black box marks the location of the REMEDHUS network. (b) Zoom into the region that contains
the 22 REMEDHUS validation sites. The location of each of the in situ stations is represented by a triangle: filled, for the stations used in this study; or

empty, for the rest of the stations that make up the REMEDHUS network.

Although the SMAP radar stopped transmitting in July 2015,
its radiometer provides global measures of the Earth’s L-band
emissivity with a footprint of about 40 km and a revisit time
of approximately three days.

Different SM retrieval techniques have been proposed in
the context of these two missions. These algorithms dif-
fer, for instance, in the TB information they use as an
input. Some are designed to exploit one single polarization—
single channel algorithm (SCA) with vertical or horizontal
polarization (SCAy or SCAy) [6], while others are able
to exploit both polarizations jointly—dual channel algorithm
(DCA) [7] and land parameter retrieval model (LPRM) [8].
Also, some require time series—multitemporal DCA (MT-
DCA) [9]—and others optimize the combined use of multiple
incidence angles—official SMOS algorithm from European
Spatial Agency (ESA) and SMOS-IC from Institut National
de la Recherche Agronomique (INRA) and Center d’Etudes
Spatiales de la BIOsphere (CESBIO) [10]. As the abovemen-
tioned algorithms, the retrieval techniques introduced in this
study are based on the tau-omega (r — w) emission model,
a zero-order approximation of the radiative transfer equation.
This approximation has been widely used in literature and
is currently applied for SM estimation from the SMOS and
SMAP surface TB in their baseline algorithms [11]. Also,
as shown by Feldman et al. [12], the zero-order approximation
seems to be sufficient for the Iberian Peninsula, where the
predominant IGBP land cover classes are shrublands, savanna,
croplands, and grassland (see Fig. 1). In the 7 — @ model, the
emissivity is modeled according to the single scattering albedo
(w) and the vegetation optical depth (7)—which quantifies the
scattering and extinction energy loss in the canopy—the soil
roughness (h;) and the soil temperature (7s), among other
parameters [see (1)] [13]. The accuracy of these parameters is
crucial in order to obtain the best possible SM estimates, and
hence, several studies have been dedicated to find the optimal
parameters’ values; in [14], Van der Schalie et al. applied the
LPRM on SMOS observations to retrieve the optimal w and A
values at three independent incidence angles (45°, 52.5°, and
60°). They obtained best results by averaging the retrievals
from the three incidence angles, with good agreement with

in situ over OzNet sites in Australia (R > 0.7) and with the
SMOS SM L3 product (R > 0.8). A similar analysis, but on a
global scale, was also carried out by Van der Schalie et al. [15],
where the resulting estimated SM showed correlations higher
than 0.74, in average (considering whole Australia, the Sahel,
and large parts of North and South America), when compared
against SMOS SM L3. In [16], Fernandez-Moran et al. cali-
brated w and &, in the SM retrieval from SMOS observations
(considering all incidence angles between 20° and 55°) using
the L-band microwave emission of the biosphere (L-MEB)
model. They carried out two analyses, one considering glob-
ally constant values of @ and h; and the other considering
land cover-dependent values, and reported good correlations
(R > 0.6) in both cases against in situ SM measurements.
Other relevant studies focused on the calibration of the para-
meters involved in the 7 — @ model can be found in literature
(e.g., [91, [17], [18]).

In previous studies, the benefits of incidence angle diversity
on SM retrievals have been demonstrated, such as offering
the possibility of better constraining the retrieval in the pres-
ence of vegetation or of reducing the impact of radio fre-
quency interference (RFI) [19]. Being aware that future passive
microwave missions may rely on single-angle acquisition [e.g.,
Copernicus Microwave Imaging Radiometer (CIMR)], the first
objective of the present study is to develop a land cover-
specific and incidence angle (32.5°, 42.5°, and 52.5°)-adaptive
parametrization of w and hy. To do this, the SCAy is used to
independently obtain the SM maps at 32.5°, 42.5°, and 52.5°
to finally analyze their similarities. The second objective is to
assess the impact of incidence angle adaptive parametrizations
on active—passive TB disaggregation capabilities.

It is widely acknowledged that the coarse resolution of
SMOS and SMAP SM maps limits their applicability to
develop local and regional applications. Due to the strong
demand for satellite-based SM in regional applications, much
effort has been devoted to downscaling of the existing
coarse-resolution SM datasets to 1 km [20]-[22], hundreds of
meters [23] or even tens of meters [24], and to the estimation
of high spatial resolution SM from active microwave sensors,
e.g., Sentinel-1 [25]-[29].
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TABLE I
SUMMARY OF THE APPLIED DATASETS IN THIS STUDY

Spatial Temporal

Source Variable Product Version Availability
Frequency Frequency

SMOS SM BEC SMOS L3 3 25 km Daily [45]
TB BEC SMOS L3 - 25/12.5 km Daily *

SMAP T SMAP L2E 4 9 km Daily [46]

SMAP L2 API 3 1 km Daily [46]

T SMAP L2E 4 9 km Daily [46]

SMAP L2 AP1 3 1 km Daily [46]

1446 SMAP L2 AP1 3 1 km Daily [46]

o SMAP L2 AP1 3 1 km Daily [46]

CF SMAP L4 LMC 5 9 km Static [46]

MODIS LC MCD12Q1 6 500 m Annually [47]

ECMWF SM ERAS5-land - 9 km Hourly [48]

REMEDHUS SM REMEDHUS - In situ Hourly [49]
Precipitation REMEDHUS - In situ Hourly HoE

* BEC SMOS L3 data have been directly provided by the Barcelona Expert Center. **Rainfall data have been directly
provided by the Water Resources Research group of the University of Salamanca.

Existing SM downscaling techniques can be classified
according to the nature of the scaling model (e.g., machine
learning-based [30]-[33], semi-empirical [21], and physi-
cal [34]) and depending on the input of ancillary data
(e.g., microwave/optical [21], [35], [36], microwave active—
passive [37], [38], topography [39], and so on) [40]. This study
focuses on the specific TB disaggregation technique developed
by Das et al. [22], which blends passive and active information
to disaggregate the SMAP observations, ultimately leading
to high-resolution SM retrievals. This downscaling technique
is based on the active—passive microwave covariation para-
meter (f), modeled as a ratio of emission (radiometer) over
backscatter (radar) loss terms [41], [42]. Then, the SCAy is
used to retrieve the SM from the disaggregated TBy .

The results of this study are relevant in the light of upcoming
missions, such as the CIMR that is planned to operate at a
constant incidence angle of 55°, the Radar Observing System
for Europe in L-band (ROSE-L) planned to work at 25°-46°
incidence angles or Sentinel-1 Next Generation. They would
benefit from this land cover- and incidence angle-adaptive
parametrization and SM retrieval technique, to obtain high-
resolution SM maps, providing enhanced continuity to SMOS
and SMAP L-band observations.

The study region and the data used in this work are pre-
sented in Section II. Section III details how: 1) the SCAy
algorithm is applied to SMOS TB to calibrate @ and h
parameters. This analysis is carried out at three incidence
angles (0 = 32.5°, § = 42.5°, and 8 = 52.5°) and for four
main land cover types (croplands, savannas, grasslands, and
shrublands) across the Iberian Peninsula for the year 2018;
2) the active—passive disaggregation technique proposed by
Das et al. [22] and Jagdhuber et al. [41] is adapted to exploit
SMOS TBy and Sentinel-1 data. The adapted algorithm was
applied to retrieve SMOS TBy at high resolution (1 km) for

each different angle; and 3) the SCAy is applied to retrieve
SM at high resolution. Note that since Sentinel-1 only mea-
sures VV + VH polarizations over land, only disaggregated
SMOS TB at vertical polarization can be obtained with the
downscaling approach proposed in this study (Section III-C).
Hence, the subsequently shown analyses focus on the verti-
cal polarization. The results are presented and discussed in
Section IV. Finally, Section V summarizes the main conclu-
sions and provides perspectives from this study.

II. TEST AREA AND DATA DESCRIPTION

All data used in this study cover the Iberian Peninsula
(34°-45° N, —11°-5° W) for the year 2018. The coastal
areas were discarded to screen out the effect of sea-land
contamination [43]. All the data used through the study are
summarized in Table I.

A. Iberian Peninsula Area

The Iberian Peninsula covers an area of 583832 km?
(34°—45° N, —11°-5° W). Its topography has an average
altitude of 600 m due to the vast plateau, known as the
Meseta, which is surrounded by several mountain ranges
(Cantabrian Mountains, Pyrenees, Central System, Betic Sys-
tem, and Iberian System). The mountain system running from
west to east influences the continental climate, blocking banks
of moist air from the Atlantic Ocean that could temper inland
temperatures.

While a continental climate predominates in inland areas of
the Iberian Peninsula with very cold winters (between 0 °C and
3 °C) and hot summers (24 °C in average), in coastal areas, the
climate is milder, with an average annual temperature between
16 °C and 18 °C.

In terms of precipitation, three main regions can be
distinguished: the north and northwest region, with an
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annual precipitation exceeding 600 mm (occasionally reach-
ing 2000 mm); the southeast, a semiarid region with annual
precipitation below 300 mm; in the rest of the Peninsula, the
annual precipitation is less than 600 mm (predominantly dry).

The wet regions of the Peninsula (north and northwest) are
mainly dominated by evergreen trees and grasslands, while
at the Mediterranean areas, shrublands and xerophilic plants
prevail, along with woodlands (holm oak, Aleppo pine, African
palm, and Australian eucalyptus). Over the most arid areas,
holm oaks have been replaced by thorny bushes [44].

B. Datasets

1) SMOS Data: Two specific SMOS Level 3 (L3) TB prod-
ucts were produced by the Barcelona Expert Center (BEC) on
remote sensing to be used in this study. They were obtained by
quality filtering the operational ESA SMOS Level 1 (L1) C TB
product, using only measurements that are not affected by any
RFI (neither center nor tails). Resulting data were corrected by
the geometry of the antenna plane, the Faraday rotation due to
the ionosphere, and the atmospheric effects. Later, they were
linearly interpolated to the selected incidence angles (32.5°,
42.5°, and 52.5°) by least squares using all observations in a
range of +5° with respect to the desired angle and gridded into
a 25- and 12.5-km Equal-Area Scalable Earth Grid, Version
2.0 (EASEvV2) by a simple average. In the maps at 12.5 km,
pixels with data gaps within the orbit swath were filled with
an inverse-distance weighting interpolation of TB values at a
distance lower than 2 pixels. The obtained daily maps contain
the surface TB at vertical and horizontal polarization at the
three angles.

The BEC SMOS L3 SM product is obtained by filtering
and binning ESA SMOS Level 2 (L2) SM, producing daily
SM maps in a 25-km EASE2v2 grid by a weighted aver-
age. Filtering comprises discarding grid points with failed
retrievals (“no product” flag), affected by RFI (“probability
of RFI” flag), without geophysical sense (“out of range”
flag), or with a data quality index (DQX) value greater than
0.07 m*/m?3. [50].

2) Sentinel-1 Data: Sentinel-1A was launched on April 3,
2014, and Sentinel-1B on April 25, 2016. These satellites
carry a C-band (5.405 GHz) synthetic aperture radar (SAR)
operating in four modes: strip map, interferometric wide (IW)
swath, extrawide swath, and wave mode. Sentinel-1 has multi-
ple incidence angles (20°—45°) within the swath and provides
dual polarization capability (VV + VH over land).

This study uses data from the SMAP/Sentinel-1 L2
Radiometer/Radar 30-Seconds Scene 3-km EASE-Grid
Soil Moisture, Version 3 (SPL2SMAP_S) product. The
SPL2SMAP_S product contains estimates of the land surface
conditions obtained by combining passive SMAP ascending
and descending half-orbit passes and active information
from the Sentinel-1A and -1B SAR [51]. In this research,
we employed the IW swath mode within the SPL2SMAP_S
product of the Sentinel-1 A/B backscatter in co- and
cross-polarization at 1-km EASEv2 grid, which was already
preprocessed and filtered as detailed in [22].

3) Calibration/Validation Data: The fifth generation of
the European ReAnalysis (ERAS5-land) is a dataset obtained

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING

through global high-resolution numerical integrations of
the European Centre for Medium-Range Weather Fore-
casts (ECMWF) land surface model driven by the downscaled
meteorological forcing from the ERAS climate [52]. ERAS-
land describes 53 variables related to the water and energy
cycles over land, with global coverage at a spatial resolution of
9 km, providing hourly information for the period from 1981 to
present. In this study, we use the ERAS-land volumetric soil
water content at 6:00 h local time of the soil layer 1 (0-7 cm).

The Soil Moisture Measurements Station Network of the
University of Salamanca (REMEDHUS) [53] is an SM in situ
network located in the central semiarid area of the Duero
Basin, in Spain. This is a nearly flat region, where a continental
semiarid Mediterranean climate predominates. The land is
mainly cultivated with rainfed cereals, although patchy areas
of forest-pasture, irrigated crops, vineyards, and fallow can
also be found. The REMEDHUS network is composed of
22 stations equipped with Hydra Probes that provide hourly
SM measurements [54] and four automatic weather stations
that measure precipitation, air temperature, relative humidity,
wind speed, and solar radiation. In situ SM measurements are
performed at different soil depths, but in this study, we exclu-
sively use the topsoil data at 5 cm depth [49] and the daily
rainfall data from the weather stations.

4) Ancillary Data: The combined Aqua + Terra Mod-
erate Resolution Imaging Spectroradiometer (MODIS) land
cover product (MCD12Q1 version 6) provides annual land
cover maps with a spatial resolution of 500 m [55]. Among
the five different land cover classifications, this study used
the MODIS International Geosphere-Biosphere Program-Land
Cover (IGBP-LC). This classification contains 17 classes
based on three canopy components: above ground biomass
(perennial and annual), leaf longevity (evergreen and decidu-
ous), and leaf type (needleleaf, broadleaf, and grasses). These
are critical variables for seasonal climate and carbon-balance
modeling, carbon cycle and land energy transfer, and for
explaining gas exchange characteristics [56]. For the purpose
of this research, the IGBP-LC map was aggregated from the
original 500 m to 25 km using the most frequent class, and the
17 classes proposed by the IGBP were aggregated into the four
main land cover types (savannas, croplands, grasslands, and
shrublands) within the study area. Fig. 1 shows the resulting
land cover map over the Iberian Peninsula.

Data from morning passes of the SMAP Enhanced L2
Radiometer Half-Orbit 9-km EASE-Grid Soil Moisture, Ver-
sion 4 (SPL2SMP_E) and SPL2SMAP_S products were used
in this study. The SPL2SMP_E product is the result of
extracting the maximum information from the SMAP antenna
by taking advantage of the SMAP radiometer oversampling
to generate an enhanced radiometer-based SM product, posted
in a 9-km EASEv2 grid. SPL2SMAP_S product is already
explained in Section II-B2. These two products contain the
ancillary data used to estimate the SM—e.g., w, hy, 7, T}, and
vegetation water content (VWC). Here, we use 7 (at nadir)
and T provided in a 1- and 9-km EASEv2 grid and VWC in
a 1-km EASEV2 grid.

A map of clay fraction (CF) was also required. It is provided
by the National Snow and Ice Data Center (NSIDC) in a 9-km
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EASEV2 grid within the SMAP L1-L3 Ancillary Static Data,
Version 1[57].

III. METHODOLOGY

This section is devoted to detail the data preprocessing and
methodological approach followed in this study.

A. Data Preprocessing and Methodology Overview

The flowchart in Fig. 2 shows the three analyses carried
out in this study: 1) calibration of the w and h, parameters;
2) downscaling of the SMOS TBy to 1 km; and 3) retrieval of
high-resolution SMOS SM. The flowchart includes the input
parameters used in each step and the grid pixel size to which
all input data are expressed in order to operate with them.
In the w and h calibration step, all data are aggregated to a
25-km EASEV2 grid (see “Aggregation to LR” block in Fig. 2),
while for the other two steps, the data are resampled to a
1-km EASEvV2 grid (see “Resampling to HR” block in Fig. 2).
The aggregation is done by averaging the values of all the
samples contained within each pixel of the target grid. For the
resampling to 1 km, nearest neighbor interpolation is used.

The next sections detail the methodology of each processing
block shown in Fig. 2.

B. Calibration of @ and h

Over the last years, a variety of SM retrieval approaches
using L-band radiometry have been proposed (see Section I for
details). Among these, those that use both horizontal and verti-
cal polarizations (e.g., DCA, MT-DCA, LPRM, or SMOS-IC)
can simultaneously retrieve SM and another parameter, usually
7. Furthermore, these techniques can benefit from the high
sensitivity to SM due to the high contrast between TBy and
TBy at higher incidence angles [14], [58]. In a previous study,
we tested the LPRM algorithm to calibrate @ and % parame-
ters over the Iberian Peninsula for 2016. We obtained a very
good performance when comparing the resulting SM maps
against the SM observations from the REMEDHUS network,
with correlations (R) always higher than 0.81, a bias lower
than 0.015 m3/m?>, and an unbiased root mean square error
(ubRMSE) of about 0.04 m3/m? (SMOS target accuracy) [59].
Since Sentinel-1 only measures VV + VH polarizations over
land, only disaggregated SMOS TB at vertical polarization
can be obtained with the approach in [22], as will be detailed
in Section III-C. For this reason, we opted for SCAy, which
only needs TB at vertical polarization to estimate SM from
both coarse (SMOS) and fine scale (SMOS/Sentinel-1).

The SCA is a reliable technique [60], straightforward to
implement and computationally fast enough for the purpose
of this study. It allows to retrieve SM using the effec-
tive soil temperature (7y), the TB at one polarization, and
the optimal w [61] and hy values. The SCA is based on
the 7w— model [13]

TBp = er,sty + (1 - w)TC(l - )’)
+(0—ep)(d—w)d—y)Ty (1)

where the subscript p refers to the polarization (vertical in
our case), y = e~ 7/°®? is the transmissivity, z corresponds to

the vegetation optical depth, 6 is the SMOS incidence angle
(32.5°,42.5°, or 52.5°), w denotes the single scattering albedo,
and T, stands for the canopy temperature. Thermal equilib-
rium is assumed (7; =~ T,) in the SCA, an approximation
already used in other microwave-based retrieval algorithms
[15], [16], [22]. The emissivity of a rough surface (e,) is
calculated as follows:

—hcosNep
erpy) =1 — ((1 — Q)R p1y + QRS,p(Z))e hycos™7 (0) )

where the subscripts p(1) and p(2) are the two polarizations
(vertical and horizontal), Q is the polarization mixing factor,
R;,p is the smooth surface reflectivity calculated using the
Fresnel equations, and N, , represents the change in the angu-
lar dependence of the reflectivity due to the soil roughness. The
polarization mixing factor is assumed very small for L-band,
and here, it has been set to Q = 0 to simplify the model [14],
[60], [62], [63]. The Fresnel equations require the dielectric
constant that is estimated with the Mironov mixing model [64]
and N, , is set to 2 [60].

1) Multiangular Parametrization: The following steps were

conducted to obtain the optimized w and &, values.

1) Sensitive ranges were considered for the parameters,
with @ varying between 0 and 0.22 (in steps of 0.02)
and &, between 0 and 0.2 (in steps of 0.01). Daily SM
was retrieved using the SCAy for each pair of @ and
hy values and for each low-resolution pixel within the
study area. In this step, the BEC SMOS L3 TB was used
at a 25-km grid, rather than a 12.5-km grid, due to the
large number of SM estimates required.

2) The resulting SM time series obtained for each pixel
of the study area was compared with the SM used as
reference. Four statistical metrics were considered [65]:
R, ubRMSE, bias, and STD. These statistics were aver-
aged by land-cover type (savannas, croplands, grass-
lands, and shrublands), and for each pair of @ and Ay,
the optimal @ and h; values are those that provide the
best match, on average, of the resulting SM estimates
compared to the reference SM.

The procedure described above was carried out independently
for the three proposed incidence angles. At the 42.5° inci-
dence angle, ERAS5-land SM was used as reference due to
its independence from SM estimates from remote sensing
sensors. Observations are not directly used in the produc-
tion of ERAS-land, but they may have an indirect influ-
ence through the atmospheric forcing used. Since a positive
bias of ERA-land SM (ERAS5-land SM minus in situ) was
reported [52], the optimization of w and h; at 42.5° was
carried out using R and ubRMSE exclusively. Furthermore,
the optimal @ and A, values were selected by comparing them
with the results obtained in previous studies that also use the
SCAy to retrieve SM at a similar incidence angle [60].
Since there is no specifically calibrated values of SCAy
reported in literature for 32.5° and 52.5° angles, the procedure
discussed above could not be followed for these two angles.
Then, the optimal w and h; values for these two angles were
selected using as reference the SM obtained through the SCAy
for the 42.5° incidence angle. The R, ubRMSE, bias, and
difference of STD were used as optimization criteria.
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Fig. 2. Methodology flowchart. (a) Calibration of @ and Ay, (b) disaggregation of the SMOS TB,, and (c) retrieval of the SMOS high-resolution SM maps.
The orange boxes are the required input parameters for each of the three main analyses. The blue boxes are the different operations applied to the input data.
The purple boxes are the results obtained at the end of each of the three main processing blocks (dashed black blocks).

2) Low-Resolution SM and Validation of Retrieval Model application of the SCAy algorithm with the optimal w and A
Parametrization: Daily SM maps were obtained through the values to the SMOS TBy at 25 km. Time series of the three
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(a) (b)

Fig. 3. Mean (a) R and (b) ubRMSE between retrieved SCAy SM at 42.5°
incidence angle and ERAS5-land SM for each possible w and /; value and for
each land cover (savannas, croplands, grasslands, and shrublands) using all
pixels over the Iberian Peninsula.

SM data streams (32.5°, 42.5°, and 52.5°) over REMEDHUS
was obtained and compared against the SM from in situ sta-
tions. Among all the stations available within the REMEDHUS
network, seven were selected (F11, H13, J12, J14, K10, M9,
and O7). They are located in a rainfed/fallow land use, which
is the most representative land use at the SMOS spatial scales,
at low (25 km) and high resolution (1 km) [66]. Hourly
recorded measurements of these stations were aggregated to
a daily [67] and spatially average within the satellite pixel,
before using them as a benchmark to validate the different
products.

C. SMOS TBy Disaggregation

The active—passive downscaling algorithm [22] proposed by
the Jet Propulsion Laboratory (JPL) was originally developed
to disaggregate the SMAP TBy maps. In this study, the SMAP
TBy has been replaced by the BEC SMOS L3 TBy to adapt

(a) (b)

Fig. 4. Mean R, ubRMSE, bias, and difference of STD between retrieved
SCAy SM at 42.5° and retrieved SCAy SM at (a) 32.5° and (b) 52.5° for
each w and h; value in savanna.

the algorithm as follows:

TB,,0(MR)

TB,¢(HR) = + B(MR)

{[opp(HR) — 0,,(MR)] 4+ I'(MR)

[opg(MR) —0,g(HR)] }| - Ts  (3)

where MR accounts for medium resolution (12.5 km) and HR
for high resolution (1 km), TB, »p(HR) is the disaggregated
SMOS brightness temperature at 1 km, TB, o(MR) corre-
sponds to the satellite observed single-angle SMOS brightness
temperature at 12.5 km, o,,(MR) and ¢,,(MR) denote the
Sentinel-1 co- and cross-polarization backscatter aggregated
to 12.5 km, ¢,,(HR) and o,,(HR) are the Sentinel-1 co-
and cross-polar backscatter aggregated to 1 km, and I'(MR)
and f(MR) are defined in the active—passive downscaling
algorithm [22]. The I' parameter represents the vegetation-
induced heterogeneity within the MR radiometer pixel that is
detected by the high-resolution ¢,,(HR) and o,,(HR) radar
observations [41]. T is estimated as the slope of the linear
regression between the high-resolution ,,(HR) and ,,(HR)
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Fig. 5.
Tables II and III and their respective histograms.

values contained within the domain of an MR pixel [41], [68]

“)

I'(MR) = [L(HR)] )
MR

00 g (HR)

The S(MR) parameter represents the covariation between
SMOS TBy and the Sentinel-1 backscatter (VV-VH)

TB,o(MR)

T (+d-o)d—-7))
opp(MR) = T"-5,,(MR)

B(MR) = ®)

It represents the change in emission for a unit change in
backscatter. This study uses the snapshot approach, where f
values are calculated for each overpass without requiring time
series. The variables involved in the computation of f are: w,
7, Ty, 0, and TB, ». Optimal w values at 25 km were obtained
through the SCAvy retrieval algorithm for each incidence angle
and for each land cover, as explained in Section III-B1. The
use of TB, y(MR) at MR instead of at low resolution is chosen
to minimize the boxing effect (the outline of the low-resolution
pixels visible in the high-resolution maps) in the resulting dis-
aggregated TBy (3). The rest of these variables (7, 7, and o)
were provided within the SMAP product SPL2SMAP_S on a
1-km grid. In order to have all the inputs in the same grid
and to enable easy data handling, they were resampled into
a 12.5-km EASEvV2 grid. f was calculated with the ancillary
data described here and its behavior was analyzed for the three
SMOS incidence angles considered (32.5°, 42.5°, and 52.5°),
the Sentinel-1 incidence angles, and the VWC. Finally, (3) was
applied to obtain three SMOS TBy datasets with a spatial
resolution of 1 km, one for each incidence angle.

Maps of SCAy SM averaged over time (2018) obtained at (a) 32.5°,
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(©

(b) 42.5°, and (c) 52.5° using the optimal values of w and A, presented in

D. High-Resolution SM Estimation

To retrieve the SM at 1 km, from the disaggregated SMOS
TBy (see Section III-C), the SCAy model was applied. The
required variables are: Ty, 7, CF, hy, w, and TB, o (HR). 7, and
7 are provided within the SMAP product SPL2SMAP_S in a
1-km grid. CF is provided by the NSIDC in a 9-km grid. A;
and o are obtained through the SCAy algorithm, as explained
in Section III-B1, in a 25-km EASEv2 grid. TB, ¢(HR) is
already at 1 km. In order to have all the inputs in the same
grid, they have been resampled into a 1-km EASEv2 grid.

IV. RESULTS AND DISCUSSION

This section is devoted to: 1) showing the optimal values of
w and h; at three SMOS incidence angles (32.5°, 42.5°, and
52.5°) for four land covers (savannas, croplands, grasslands,
and shrublands) and validating these parameters through the
retrieved SM [see Fig. 2(a)]; 2) analyzing both the resulting
active—passive covariation (f) values and the disaggregated
SMOS TBy maps at the three analyzed incidence angles [see
Fig. 2(b)]; and 3) showing the first high-resolution SM maps at
each incidence angle obtained from the disaggregated SMOS
TBy [see Fig. 2(¢)].

A. Performance of Single Channel Algorithm Applied to
SMOS TB

1) Calibration of Multiangular Model Parametrization:
Fig. 3 shows the mean R and ubRMSE obtained through the
comparison of the estimated SCAy SM at the 42.5° incidence
angle and ERAS5-land SM, which is used as reference to
calibrate w and h, parameters. Results are obtained indepen-
dently for savannas, croplands, grasslands, and shrublands.
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(@)

Fig. 6.

(b)

(a) Retrieved SCAy SM at 32.5° (blue), 42.5° (red), and 52.5° (yellow) versus in situ SM from REMEDHUS. (b) Daily evolution of in situ SM

from REMEDHUS (Top; black), BEC SMOS L3 SM (Top, green), the three retrieved SCAy SM at 32.5°, 42.5°, and 52.5°, and daily rainfall (Bottom).

TABLE I

OPTIMAL @ AND hy VALUES AND MEAN R AND UBRMSE BETWEEN
RETRIEVED SCAvy SM AT 42.5° INCIDENCE ANGLE AND ERAS5-LAND
SM OBTAINED FOR FOUR LAND COVERS (SAVANNAS, CROPLANDS,
GRASSLANDS, AND SHRUBLANDS), USING ALL PIXELS OVER
THE IBERIAN PENINSULA. THE SMAP SCA @ AND hg VAL-

UES HAVE ALSO BEEN INCLUDED

0 =42.5°
© ® h h, ubRMSE
(SMAP) s (SMAP) [m3/m?]
Savannas 0.06  0.08 009 0.156 0.78  0.053
Croplands 006  0.05 008 0.108 081 0.051
Grasslands 0.06 005 0.5 0.156 082 0.052
Shrublands 0.04  0.05 0.0 0.1 073  0.053

As a general trend, it can be seen that R decreases as w
increases in all land covers. For savannas and grasslands, the
ubRMSE decreases as w increases, while for croplands and
shrublands, it remains almost constant for the entire range of
values. On the other hand, the effect of &, on the results is
minimal, both in R and ubRMSE. Final calibration of w and /;
at 42.5° was done according to previous studies in literature,
by comparing our obtained results (see Fig. 3) with those
obtained with the same SM retrieval algorithm at a similar
incidence angle [60]. Table II shows the selected optimal
values of w and h, at 42.5° for each land cover and their
respective performance metrics. The optimal value of w is set
to 0.6 for all the land covers, except for shrublands, which have
a slightly lower value of 0.4. The optimal /4, fluctuates between
0.08 and 0.15. The highest mean correlation (R) is obtained
for grasslands and croplands (0.82 and 0.81, respectively)
and the lowest one is received for shrublands (0.73). The
mean ubRMSE is about 0.05 m?/m? considering the four land
covers.

In order to find the optimal w and h; values at the other
two analyzed SMOS incidence angles (32.5° and 52.5°), four
statistics (R, ubRMSE, bias, and difference of STD) are
computed between the retrieved SCAy SM at 42.5° and the

retrieved SCAy SM at 32.5° and 52.5°, independently for each
land cover type. Fig. 4 shows the performance metrics in the
savanna land cover, for the 32.5° [see Fig. 4(a)] and 52.5° [see
Fig. 4(b)] incidence angles. At 32.5°, R decreases while the
ubRMSE and the bias increase as w increases. Again, the effect
of hy on the results is low, with slightly better statistical per-
formance for higher values. At 52.5°, the optimal w values are
shifted to higher values, while optimal %, is shifted to lower
values. Note that even the highest values of STD differences
(~0.015 m*/m?) are low enough to neglect this statistic when
choosing wand h; values. Similar behaviors were displayed
for the other land covers (not shown). The optimal @ and
hg values at 32.5° and 52.5°, together with their respective
statistics, are summarized in Table III. The optimal values
of w range between 0.02 and 0.04, while hg is comprised
between 0.12 and 0.18, at 32.5°. At 52.5°, the optimal albedo
value is set to 0.12 for all four land cover regions, and h;
ranges from 0.01 to 0.05. Both at 32.5° and 52.5°, the mean
R is always equal or higher than 0.9. The mean bias reaches
a peak of 0.016 m*/m? at 52.5° for shrublands. Analyzing
Tables II and III, an ascending trend is revealed for w and a
descending trend is found for A, as the SMOS incidence angle
increases.

The retrieval algorithm used in this research (SCAy) was the
original postlaunch baseline algorithm for the SMAP mission
from 2015 to 2021. In the SMAP algorithm [60], & values
are slightly higher (0.156, 0.108, 0.156, and 0.11 for savannas,
croplands, grasslands, and shrublands, respectively) than those
proposed in this study (see Table II). As it was already ana-
lyzed by Wigneron et al. [69], these h; values used in SMAP
have a narrower range compared to those used in the SMOS
baseline algorithm [70], where %, varies between 0.1 and 0.3.
In other global studies, A, is considered constant, as in [9],
where the MT-DCA was applied to Aquarius data to retrieve
SM, 7, and w at L-band by assuming a constant 4, of 0.13 in
time and space. Regarding e, the SMAP algorithm uses a
value of 0.05 for croplands, grasslands, and shrublands, in line
with those proposed in Table II, and a slightly higher value of
0.08 for savannas. Moreover, a global scale study conducted by
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TABLE III

OPTIMAL @ AND hy VALUES AND MEAN R, UBRMSE, B1AS, AND STD DIFFERENCE BETWEEN RETRIEVED SCAy SM AT 32.5°/52.5°
INCIDENCE ANGLES AND RETRIEVED SCAy SM AT 42.5°, OBTAINED FOR FOUR LAND COVERS (SAVANNAS, CROPLANDS,
GRASSLANDS, AND SHRUBLANDS)

0 =32.5° ® =52.5°
w h R ubRMSE Bias Diff. STD. w h R ubRMSE Bias Diff. STD.

[m3m3]  [m¥m?) [m3/m3) [m3/m3) [m3/m3) [m3/m3]
Savannas 0.04 0.18 0.9 0.058 0.004 0.009 0.12 0.03 092 0.056 0.003 0.008
Croplands 0.04 0.12 098 0.019 0.003 0.006 0.12  0.05 0.98 0.021 0.008 0.004
Grassland 0.04 0.16 0.98 0.020 0.000 0.005 0.12 0.02 094 0.041 0.005 0.005
Shrubland 0.02 0.15 0.99 0.010 0.005 0.002 0.12 0.01 098 0.019 0.016 0.002

(a) (b) (©
Fig. 7. Active-passive microwave covariation parameter S along Sentinel-1 incidence angle for three VWC ranges, obtained independently at (a) 32.5°,

(b) 42.5°, and (c) 52.5° SMOS incidence angles. The position of the circles represents the mean values, and its size the number of samples (the larger the

circle, the higher the number of samples, and vice versa). Note that due to the few densely vegetated areas available in the Iberian Peninsula, the number of

/3 samples for the highest VWC class (4-8 kg/m?) is very low.

()
Fig. 8.

(b) (c)
SMOS TBy histograms of data over the Iberian Peninsula for the year 2018, obtained independently at (a) 32.5°, (b) 42.5°, and (c) 52.5°. In blue,

the initial SMOS TBy at 12.5 km, and in red, the disaggregated SMOS TBy at 1 km.

Van der Schalie et al. [15] applied the LPRM to SMOS obser-
vations for optimizing w. An optimal w of 0.12 was found,
invariant in space and time, and independent of the tested
incidence angles (from 42.5° to 57.5°). From Tables II and III,
it can be seen that the retrieved w values of this study are
almost invariant with the IGBP-LC classes. This low sen-
sitivity was also detected by Fernandez-Moran er al. [16],
where a global optimal value of w = 0.10 was selected to
estimate SM and 7 from SMOS multiangular data (from 20°
to 55°), and by Karthikeyan et al. [18] where a global fixed
value of w = 0.06 was assumed to estimate SM, 7, and A
from X-band AMSR-E observations.

2) Validation of Retrieved Low-Resolution SM: Fig. 5 shows
the temporal average of the retrieved daily SM maps and
their respective histograms, for the year 2018, at each inci-
dence angle. These results were obtained by applying the
SCAy to SMOS TBy at 25 km with the optimal w and
hy parameterizations (see Tables II and III). These maps
show similar spatial patterns, mean, and STD. The mean
ranges from 0.162 to 0.169 m?/m® and the STD from
0.035 to 0.038 m3/m?>.

Fig. 6(a) displays the agreement between the single-angle
SCAy SM at 32.5°, 42.5°, and 52.5° and REMEDHUS in situ
time series. SCAy SM shows a slope close to the 1:1 line
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(a) (b)
SMOS TBy maps for January 3, 2018, obtained independently at (a) 32.5°, (b) 42.5°, and (c) 52.5°. At the top, the initial SMOS TBy in a grid of

Fig. 9.
12.5 km, and at the bottom, the disaggregated SMOS TBy at 1 km.

but also a clear dry bias with respect to in situ SM. This
effect can also be seen in Fig. 6(b) (top), where the time
series of multiangular BEC SMOS L3 SM and single-angle
retrieved SCAy SM at 32.5°, 42.5°, and 52.5° are plotted
and statistically compared with the in sifu measurements
using the R, ubRMSE, bias, and the STD metrics, also
added to this figure. Course of daily precipitation acquired
over REMEDHUS is also shown (bottom). All SCAy
SM, retrieved at the three incidence angles independently,
agree reasonably well between each other and show similar
temporal patterns when compared against the BEC SMOS
L3 SM product. They are able to capture wet up and dry
down events. Regarding the performance of the SM retrieval
at the three different incidence angles, R oscillates between
0.75 (at 52.5°) and 0.88 (at 32.5°). The ubRMSE slightly
increases with the increase of the incidence angle, ranging
from 0.05 to 0.06 m3/m>. The three of them have a negative
bias with respect to in situ SM. This bias remains almost
constant along time, but it can turn positive after heavy rain
events, as in March 2018. Underestimation of the SMOS
SM with respect to in situ measurements has already been

(0)

Fig. 10. Histograms of the high-resolution SCAy SM at 32.5° (blue), 42.5°
(red), and 52.5° (yellow).

highlighted in previous studies [21], [36], [66], [71], the
so-called “dry bias.” As reported in [72], this “dry bias” could
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(b)

(a) Retrieved high-resolution SCAy SM at 32.5° (blue), 42.5° (red), and 52.5° (yellow) versus in situ SM from REMEDHUS. (b) Daily evolution

of in situ SM from REMEDHUS (Top; black), the three retrieved high-resolution SCAy SM at 32.5°, 42.5°, and 52.5°, and daily rainfall (Bottom).

be the result of underestimating the effective soil temperature.
In this study, the applied soil temperature is derived from
the National Aeronautics and Space Administration (NASA)
Goddard Earth Observing System (GEOS)-5 models.
A possible underestimation of the soil temperature would
lead to an overestimation of the soil microwave emissivity,
resulting in an underestimation of SM. Moreover, there is
an inherent scale gap when comparing a point-scale in situ
measurement at REMEDHUS against an area-averaged
satellite-based SM estimation, which could also explain this
mismatch between in situ and satellite observations.

B. Analysis of Active—Passive Covariation and Disaggregated
SMOS TB

Fig. 7 shows the active—passive microwave covariation £
between SMOS and Sentinel-1 for different Sentinel-1 inci-
dence angle bins (from 34° to 44°) and for three VWC
ranges (0-2, 2—4, and 4-8 kg/m?). The analysis is indepen-
dently performed for 32.5°, 42.5°, and 52.5° SMOS inci-
dence angles. It can be observed that § values gradually and
gently decrease with increasing Sentinel-1 incidence angle.
This effect was also found in a previous study conducted
by Jagdhuber et al. [41], where the active—passive covari-
ation between SMAP (¢ = 40°) and Sentinel-1 was ana-
lyzed. Jagdhuber et al. suggested that the dependence of the
active—passive covariation on the Sentinel-1 incidence angle
was increasingly masked by denser vegetation. We not only
provided S behavior as a function of the Sentinel-1 angle but
also in relation to different SMOS angles. The largest variation
(sensitivity), in magnitude of £, is around d 0.7 at the 32.5°
SMOS angle [see Fig. 7(a)]. f dependence with Sentinel-1
angle is less evident for higher SMOS angles, being almost
insensitive to Sentinel-1 angle variations. A clear trend of
with the SMOS incidence angle is also observed; the larger the

Fig. 12.  Number of concurrent samples of SMOS, SMAP, and Sentinel-1
for the year 2018.

SMOS angle, the closer the values are to zero, which translates
into a loss of backscatter sensitivity to changes in emissivity,
for the highest SMOS incidence angle (52.5°).

The histograms of the initial SMOS TBy in a 12.5-km
grid and the disaggregated SMOS TBy at 1 km, obtained
from (3), are displayed in Fig. 8. They are obtained using the
information of the entire study region along the year 2018.
The spread of the distribution is similar for both products
with slightly higher differences at 32.5°. The mean difference
never exceeds 0.38 K for any of the three SMOS incidence
angles, with an STD that is always higher for the disaggregated
estimations. Differences between high and low resolution can
be partially explained by the fact that the Sentinel-1 signal at
C-band, used to disaggregate the SMOS TBy, cannot penetrate
through dense or tall vegetation [41], [73]. Fig. 8 shows
that the number of samples is lower for 32.5° and 52.5°

667

668

669

670

671

672

673

674

675

676

677

678

679

680

681

682



683

684

685

686

687

688

689

690

691

692

693

694

695

696

697

698

699

700

701

702

703

PORTAL et al.: IMPACT OF INCIDENCE ANGLE DIVERSITY ON SMOS AND SENTINEL-1 SM RETRIEVALS 13

(@

Fig. 13.
incidence angles using the parameters presented in Tables II and III.

compared to 42.5°. This could be explained by the shape of the
alias-free field of view of the SMOS instrument, from which
the incidence angles, sorted from highest to lowest spatial
coverage, are 42.5°, 32.5°, and 52.5° [74].

The SMOS TBy maps at low and high resolution for 32.5°,
42.5°, and 52.5° are presented in Fig. 9 for January 3, 2018.
Similarities in the spatial patterns can be easily detected,
in agreement with the results of Fig. 8. From Fig. 9, it can
also be understood that the TBy maps, both at high and low
resolution, are highly affected by RFI in some areas with no
information (in the south of the Iberian Peninsula), but this
effect is slightly different for each incidence angle, being the
steepest angle (52.5°) the most affected. For the particular
case of the Iberian Peninsula, this is a common effect, at
least during the year 2018, the study period selected for this
analysis. An RFI of about 9000 K located in Algeria could
explain these data gaps (with a shape of RFI tails) on the
Iberian Peninsula. The shape size of the affected area and the
steepest angle (52.5°) being the most affected could indicate
that the RFI originates from a directional antenna, pointing
toward the horizon.

(b)

©

Retrieved SMOS SM maps for January 3, 2018, at 25 km (Top) and 1 km (Bottom), obtained independently at (a) 32.5°, (b) 42.5°, and (c) 52.5°

C. Analysis of High-Resolution SM Maps

Fig. 10 shows the histograms of the retrieved high-
resolution SMOS SM at three incidence angles 32.5°, 42.5°,
and 52.5°. Comparing the results for the three angles, it can
be seen that the number of samples is smaller for 32.5° and
52.5° than for 42.5°. Taking this into consideration, the mean
is similar for the three incidence angles, with a maximum
value of 0.177 m?*/m?® at 52.5° and a minimum value of
0.161 m*m? at 42.5°. The STD ranges from 0.097 m?/m?
at 52.5° to 0.112 m*/m? at 32.5°. When the same analysis is
carried out using the concurrent samples at the three incidence
angles (not shown), the STD is 0.109, 0.098, and 0.09 m?/m?
at 32.5°, 42.5°, and 52.5°, respectively, and the differences
between the means of the high-resolution SMOS SM at these
angles never exceed 0.01 m?/m>. The agreement between
the high-resolution SCAy SM and REMEDHUS in situ time
series is displayed in Fig. 11. The scatter plot shows that the
results obtained are close to the 1:1 line and the estimates
with the three SMOS incidence angles are consistent (R >
0.57, ubRMSE < 0.077 m’/m3, |bias|] < 0.013 m’/m’,
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and p-value < 0.01), although a larger number of samples
would be necessary to confirm these results. Due to the
missing synchronization between Sentinel-1, SMAP, and
SMOS acquisition orbits (see Fig. 12), the number of samples
is much lower at high resolution than at low resolution
(see Figs. 6 and 11), which is a limiting factor considering
the fast SM dynamics. To develop an operational version
of the high-resolution SMOS SM, only simultaneously
measurements from Sentinel-1 and SMOS will be required,
which would improve the temporal resolution.

Fig. 13 shows the low- (top) and high-resolution (bottom)
SMOS SM maps for January 3, 2018, both retrieved using
the SCAy with the parameters presented in Tables II and III.
The high-resolution SMOS SM map at 52.5° is dryer than the
maps at 32.5° and 42.5°. This effect can also be seen at low
resolution, which means it is not introduced by the single-
acquisition disaggregation technique. Differences in SM maps
at individual incidence angles may be due to the fact that
one constant set of @w and h; parameters is obtained for the
entire year of 2018. The result could potentially be improved
by optimizing these parameters for shorter time periods, for
example, per season, per months, or even fortnights.

V. CONCLUSION AND PERSPECTIVES

In this study, the effective scattering albedo (w) and soil
roughness (/) described in the 7 — w radiative transfer model
have been calibrated independently for three SMOS incidence
angles (32.5 £ 5°, 42.5 &+ 5°, and 52.5 £ 5°), over the
four main land covers (croplands, savannas, grassland, and
shrublands) within the Iberian Peninsula, for the year 2018.
These vegetation and soil parameters have been applied within
the SCA at vertical polarization (SCAy) to low-resolution
(25-km grid) SMOS TB in order to estimate low-resolution
SM maps that have been shown to be consistent among
them (mean differences below 0.007 m*/m?) and show good
agreement (R > 0.75 and ubRMSE < 0.06 m3/m3) with
0-5 cm ground-based measurements from the REMEDHUS
network. A single-pass active—passive disaggregation tech-
nique (3) has been applied, using the optimal e and &, values,
to SMOS and Sentinel-1 data to estimate fine-scale (1 km)
brightness temperatures at vertical polarization (TBy) at the
three respective incidence angles. Finally, the SCAy is applied
to obtain the high-resolution (1 km) SM maps for the Iberian
Peninsula.

Regarding the incidence angle- and land cover-adapted para-
metrization of w and hy, results show (see Tables II and III)
an increasing trend of the estimated w with increasing SMOS
incidence angle and an opposite trend for 4. For the three
SMOS incidence angles tested, the selection of optimal w has
a significant impact on the results, taking into consideration the
R, the ubRMSE, and the bias. Instead, the optimal value of &,
does not affect the final result as much as o (see Figs. 3 and 4).
Scattering albedo has shown a very low variability with the
land cover type, ranging from a minimum value of 0.02 at
32.5° to a maximum value of 0.12 at 52.5°. Soil roughness
ranges from a minimum value of 0.01 at 52.5° to a maximum
value of 0.18 at 32.5°, for four land cover types (savannas,
croplands, grasslands, and shrublands).
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The SCAvy algorithm has been applied to retrieve the low-
resolution SM maps (25-km grid) using simultaneously the
SMOS TBy with the optimal values of w and &;. The resulting
SM maps were validated against the REMEDHUS SM in situ
measurements, using R, ubRMSE, and bias. Retrieved SM
at the different incidence angles has revealed considerable
agreement between them, being able to capture wet up and
dry down events. The best statistical performance is obtained
at 32.5° with a R = 0.88 and an ubRMSE = 0.05 m3/m?,
while the worst is obtained at 52.5° with a R = 0.75 and
an ubRMSE = 0.06 m*/m®. A dry bias is present for all
three incidence angles. This mismatch between satellite esti-
mations and in situ observations at REMEDHUS could be
explained by the inherent scale gap when comparing a point-
scale in situ measurement against an area-averaged satellite-
based SM estimation. In addition, the underestimation of SM
could be the result of underestimating the soil temperature
(derived from the NASA GEOS-5 models), which leads to an
overestimation of the soil microwave emissivity and, in turn,
in an underestimation of SM.

The active—passive covariation parameter (f) is a crucial
variable to disaggregate the SMOS TBy (3) with the single-
acquisition methodology applied in this study. In this way, f
has been retrieved individually for the three SMOS incidence
angles. This active—passive covariation has revealed a depen-
dence with the Sentinel-1 incidence angle. The S values grad-
ually decrease with the increase of the Sentinel-1 incidence
angle (see Fig. 7). This effect is less evident for larger SMOS
incidence angles (e.g., 52.5°). There is also a dependence of S
with the SMOS incidence angle, the steeper the SMOS angle,
the lower the covariation values, in magnitude. This means
that it is less sensitive to changes in soil emissivity for higher
SMOS incidence angles due to the stronger effect of vegetation
during elongated ray path through the canopy.

The single-acquisition methodology allows us to merge
active (Sentinel-1) and passive (SMOS) observations for disag-
gregating the coarse-resolution SMOS TBy at = 32.5 + 5°,
42.5 £ 5°, and 52.5 £ 5°, independently. Disaggregated
SMOS TBy (1 km), obtained using the estimated f, and
optimal @ and h values (see Tables II and III), has been
compared with the BEC SMOS Level 3 TBy (12.5-km grid),
across the Iberian Peninsula at 32.5°, 42.5°, and 52.5°, inde-
pendently. Overall, TBy maps show similar spatial distribu-
tion and temporal evolution between high and low resolution
(see Figs. 8 and 9), for the three incidence angles studied.
Slightly higher differences were found at 52.5°, but the mean
difference never exceeds 0.38 K.

Finally, the SCAy algorithm was applied to the disag-
gregated SMOS TBy, retrieving high-resolution (1 km) SM
maps at 32.5°, 42.5°, and 52.5°. A comparison of these
high-resolution SM maps, across the Iberian Peninsula for
2018, exhibits similar patterns in their distributions, despite
the differences in the number of samples for the different
incidence angles. The mean difference between the three
incidence angles was about 0.016 m3/m3. When analyzing
daily SM maps, some differences can be observed in the
retrievals of the same day among three incidence angles (see
Fig. 13, bottom). These differences were not introduced by the
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single-acquisition disaggregation methodology because they
were already present at low resolution (see Fig. 13, top).
Disparities in retrieved SM maps at different incidence angles
may be due to the fact that both w and h, parameters were opti-
mized for the entire year of 2018 with a unique value, instead
of considering shorter periods (e.g., seasonal or monthly) to
derive variable w and &, values over time.

Results presented in this study are intended to underline the
relevance of developing a land cover-specific and incidence
angle-adaptive parametrization of radiative transfer models to
accurately estimate SM from space-borne radiometers oper-
ating in low-frequency microwaves. In addition, we imple-
ment and tested further a single-pass method to downscale
SMOS TB with Sentinel-1 backscatter for any individual
incidence angle combination (radar and radiometer). This is
especially relevant taking into account upcoming missions,
such as CIMR, ROSE-L Copernicus high-priority missions,
and Sentinel-1 next generation, which offer great potential to
estimate high-resolution SM through the synergy of active and
passive microwave sensors.
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