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ARTICLE INFO ABSTRACT
Edited by: Jing M. Chen High spatial resolution of satellite-based soil moisture (SM) data are essential for hydrological, meteorological,

ecological, and agricultural studies. Especially, for watershed hydrological simulation and crop water stress
Keywords: analysis, 1-km resolution SM data have attracted considerable attention. In this study, a dual-polarization al-

Soil moisture gorithm (DPA) for SM estimation is proposed to produce a global-scale, 1-km resolution SM dataset (S1-DPA)

Isv‘?R using the Sentinel-1 synthetic aperture radar (SAR) data. Specifically, a forward model was constructed to
Selg:;vgi ‘{e simulate the backscatter observed by the Sentinel-1 dual-polarization SAR, and SM retrieval was achieved by

minimizing the simulation error for different soil and vegetation states. The produced S1-DPA data products
cover the global land surface for the period 2016-2022 and include both ascending and descending data with an
observation frequency of 3-6 days for Europe and 6-12 days for the other regions. The validation results show
that the S1-DPA reproduces the spatio-temporal variation characteristics of the ground-observed SM, with an
unbiased root mean squared difference (ubRMSD) of 0.077 m®/m®. The generated 1-km SM product will facil-
itate the application of high-resolution SM data in the field of hydrology, meteorology and ecology.
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Table 1
Summary of publicly available soil moisture products, with links verified as active in November 2024.
Category Products Institution or Spatial Grid Temporal Temporal Sensor or model Data link Reference
data center coverage spacing coverage resolution
LPRM SMMR  VUA/NASA  Global 0.25deg  1978-1987  2-3 days SMMR htps://www.geo.vu. o o a1 2008)
nl/%7Ejeur/lprm/
LPRM SSM/I ~ VUA/NASA  Global 50 km 1987-1999  2-3 days SMM/1 hitps://www.geo.vu. (o a1, 2008)
nl/%7Ejeur/lprm/
https: .geo.vu.
LPRM TRMM  VUA/NASA Global 25 km 1997-2015  2-3 days T™I UDS://WWW.EOVUL. (s o o a1 2008)
nl/%7Ejeur/lprm/
LPRMAMSR- yya/NASA  Global 25 km 2002-2011  1-3 days AMSR-E https://www.geo.vu. (s o a1, 2008)
E nl/%7Ejeur/lprm/
https://www.eorc. .
AMSR-E L2/ JAXA/ . . . (Njoku et al.,
L3 NASDA Global 50 km 2002-2011 1-3 days AMSR-E jaxa.jp/AMSR/inde 2003)
x_en.html
https://data.tpdc.ac.
AIRCAS/ cn/en/data
MCCA AMSR TPDC Global 0.25 deg 2002-2022 1-2 days AMSR-E/AMSR2 /034b78c9-80d1 (Hu et al., 2023)
-47f1-9e19-eeaf2a
309010/
https://data.tpdc.ac.
NNsm THU/AIRCAS  Global 36 km 2002-now 1-2 days AMSR-E/AMSR2 en/home (Yao et al., 2021)
15/25 https://smos-diss.eo. (Al Bitar et al.,
SMOS L2/L3 ESA Global km 2010-now 1-2 days SMOS esaint/oads/access/ 2017)
INRAE https://ib.remote-s (Wigneron et al.,
SMOS IC BORDEAUX Global 25 km 2010-now 1-2 days SMOS ensing.inrae.fr 2021)
https://bec.icm.csic. (Portabella
BECSMOSL3  EBC Global 25 km 2010-now 1 days SMOS es/data/available- 2022;) !
products/
. https://bec.icm.csic. )

PaSS} ve BEC SMOS L4 EBC Europe 1 km 2010-2022 1 days SMOS es/data/available- (Portabella,
microwave 2022b)
based products/

NNsm FY AIRCAS/ Global 25 km 2010-now 1-2 days FY-3B https://data.tpde.ac. (. o a1, 2023)
TPDC cn/home
. https://nsidc.org/da (Bindlish et al.,
AQ3_ANSM NSIDC Global 1 deg 2011-2015 1 days Aquarius ta/aquarius/data 2015)
https://nsidc.
AMSR (Jackson et al.,
Unified L2B NSIDC Global 25 km 2012-now 1-2 days AMSR-E/AMSR2 org/qata/au_land 2018)
/versions/1
https://www.eorc.
AMSR-2 L3 JAXA Global 50 km 2012-now 1-2 days AMSR2 jaxa.jp/AMSR/inde (Fujii et al., 2009)
x_en.html
http://satellite.nsmc. (shi et al., 2006
FY-3C/D NSMC Global 25 km 2014-now 1-2 days FY-3C/D or plcn - ’ " and Kang et al.,
& 2020)
. o i (Entekhabi et al.,
SMAPPL2/  Neing Global 9/36 km  2015-now  1-2 days SMAP https://nside.org/dat 1 o o Neil et al.,
L3 a/smap/data
2021)
INRAE https://ib.remote-s o
SMAP-IB BORDEAUX Global 36 km 2015-now 1-2 days SMAP ensing,inrae.fr (Li et al., 2022)
https://data.tpdc.ac.
ATRCAS/ cn/en/data
MCCA SMAP TPDC Global 36 km 2015-now 1-2 days SMAP /591bb9c8-ed6 (Peng et al., 2024)
f-4e86-8372-delc
39ba0283/
https://nsidc.
DS-SMAP UVA/NSIDC Global 1 km 2015-now 1-2 days SMAP org/data/ns (Fang et al., 2022)
idc-0779/versions/1
https://earth.esa.int/
ERS-2 TU/ESA Global 25/50 1991-2011  1-2 days ERS AMI WS web/sppa/activities/  (Wagner et al.,
km multi-sensors-times 1999)
eries/scirocco/
10/ .
) (Bartalis et al.,
ASCATNRT ~ DUMETSAT — (obal 12.5/ 2007-now  1-2 days ASCAT https://hsaf.mete 2007; Wagner
. H-SAF 25/50 oam.it/

Active km et al., 2013)
microwave (Bartalis et al
based ASCAT NRT EUMETSAT Europe 1 km 2007-n0w 1-2 days ASCAT httpsi// hsaf.mete 2007; Wagner

DIS H-SAF oam.it/
et al., 2013)
https://land.co (Bauer-
CLMS SSM Coperciucs Europe 1 km 2014-now 1-3 days Sentinle-1 pernicus.eu/en/pro Marschallinger
ducts/soil-moisture et al., 2019)
SMAPAL2/  veinc Global 3km 2015 1-3 days SMAP https://nsidc.org/dat o a1 2016)
L3 a/smap/data
. ASCAT/SMMR/ . . (Dorigo et al.,
M‘;Z;SZ‘;SM ESA CCI ESA Global 0.25deg  1978now  1day SSMI/TMI/AMSR- h“ﬁi// /archive.ceda. 5417 Gruber
8 E/WindSat/FY/ ac etal., 2019)

(continued on next page)
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Category Products Institution or Spatial Grid Temporal Temporal Sensor or model Data link Reference
data center coverage spacing coverage resolution
AMSR2/SMOS/
GPM/SMAP
https://doi.pangaea.

CCI 9 km PANGAEA Global 9 km 1978-2020 1 day CCI/SMAP de/10.1594/PANGA (Jiang et al., 2022)

EA.940409
SMAP/ASCAT/ https://doi.pangaea
AMSR2/AMSR-E/ be/7CoLpangaca.

RSSSM PANGAEA Global 0.1 deg 2003-2020 10 days SMOS, TMI/FY/ de/10.1594/PANGA (Chen et al., 2021)

EA.
WindSat 940004
. AMSR-E/AMSR-2/ https://data.tpdc.ac. )

DS-AMSR TPDC China 1 km 2003-2023 1 day MODIS e/ (Song et al., 2022)
https://www.ospo.

SMOPS NOAA Global 0.25 deg 2012-now 6h GPM/SMAP/GCOM- noaa.gov/products/ (Liu et al., 2016)

W1/ MetOp-B
land/smops/
. https://nsidc.org/dat .
Entekhal al.
SMAP AP NSIDC Global 3/9 km 2015 1-3 days SMAP Radiometer/ a/spl3smap/v ( nteichabl et al,
SAR . 2016)
ersions/3
https://nsidc.

SPL2SMAP_S NSIDC Global 1/3 km 2015-now 3-12 days SMAP/Sentinel-1 org/data/spl2smap (Das et al., 2019)
_s/versions/3
https://search.ea
rthdata.nasa.gov/sea .

GLDAS-2 NASA Global 0.25deg 19482014 3h SL:?AS NM°";' lLa"d rch?q=G f;l‘;}f";‘gi (;‘)“d

nrtace Mode LDAS_NOAHO odel
253H_2.0
https://cds.climate.

ERAS-Land ESA Global 0.1 deg 1950-now 1h IFS Model copermcus:eu/dmase (Munoz Sabater,
ts/reanalysis-era5-1 2019)
and?tab=overview

GHENT/ GLEAM-Hydro https://www.gleam. (Hulsman et al.,
) GLEAM BELSPO/ESA Global 0.1 deg 1980-2023 1 day Model .y 2023)
Reanalysis https://climatedata
data based 05 x Yllilzi(; ucar e;ltl/éli:na (Koster et al
MERRA-2 NASA Global 0.625 1980-now 1 day GEOS ADAS Model gtide.tcar. ; o
de te-data/nasas-merra 2015)
s 2-reanalysis
https://data.tpdc.ac.
TPDC/ ESA-CCI/ERAS5/ cn/en/data/3013 (Zheng et al.,
bs-cal AIRCAS Global 1km 2000-2020 1 day MODIS/ISMN 1436-88d1-4be3-8e3  2023)
d-14905a29d6d6/
ERAS5-Land/GLASS/ http://glass.umd.ed (Zhang et al.,

GLASS WHU/UMD Global 1 km 2000-2020 1 day ISMN w/soil_ moisture/ 2023)

HydroBlocks Model/  https://waterai.earth (Vergopolan et al.,

SMAP-HB PU USA 30 m 2015-2019 6h SMAP /smaphby/ 2020, 2021)

1. Introduction

Soil moisture (SM) plays a crucial role in meteorology, hydrology,
and ecology. It regulates processes such as precipitation infiltration,
vegetation water uptake, and land surface evapotranspiration, making it
an indispensable parameter in the soil-vegetation-atmosphere system
(SVAT) (Seneviratne et al., 2010). The acquisition of SM data is essential
for irrigation guidance (Peng et al., 2021a), estimating crop yields
(Dorigo et al., 2017), monitoring droughts and floods (Thober et al.,
2015; Boeing et al., 2022), weather forecasting (Samaniego et al., 2019),
and long-term terrestrial carbon sequestration (Green et al., 2019).

Neutron scatterometers, electromagnetic sensors, heat pulse probes,
and cosmic-ray neutron sensors exemplify ground-based instruments
utilized for measuring SM with very high temporal resolution (Nguyen
et al., 2017; Kim et al., 2020). However, the SM measurement networks
are insufficient and unevenly distributed on a global scale (Peng et al.,
2017; Babaeian et al., 2019). Implementing extensive SM measurement
networks on a large scale presents logistical impracticalities and eco-
nomic challenges (Vereecken et al., 2008; Zheng et al., 2022). While SM
can be inferred from various land surface model simulations (Loew et al.,
2016; Martens et al., 2017), the complexity of the SVAT system and the
reliability of input data introduce significant uncertainties in model
parameterization and simulation (Samaniego et al., 2013).

Satellite remote sensing technology is an effective means to obtain
SM data on a global scale (Wagner et al., 2013). In particular, synthetic

aperture radar (SAR) is promising in acquiring all-weather, medium-
and high-resolution SM data (Bauer-Marschallinger et al., 2019). The
accessibility of freely available SAR data, from sources like the Coper-
nicus Sentinel-1, has significantly boosted the attention and utilization
of SAR data for SM monitoring (Balenzano et al., 2021). Nevertheless,
the propagation of microwave signals through the SVAT system is
inherently intricate owing to the dynamic and spatially heterogeneous
of soil and vegetations (Das et al., 2019). Therefore, the key to achieving
accurate estimation of SM based on SRA data is to establish a quanti-
tative relationship between the backscatter coefficient and SM and
accurately capture the complex interactions within the soil-vegetation
system (Kim et al., 2012; Zhu et al., 2020; Wagner et al., 2022).

Until now, numerous studies have delved into SM estimation in bare
soil regions by examining the correlation between backscattering coef-
ficient and SM (represented by the dielectric constant) across various
frequencies, polarizations, and observation angles (Oh et al., 1992;
Dubois et al., 1995). Building upon this foundation, Shi et al. (1997)
further refined the polarized backscatter coefficient, the dielectric con-
stant, and the surface roughness power spectrum for bare soil back-
scatter. Moreover, the field of SAR-based SM estimation has witnessed
extensive development through the utilization of theoretical frame-
works such as the integral equation model (IEM), the advanced IEM, and
the numerical Maxwell model in three dimensions. These models possess
the capability to simulate SAR scattering across a broad spectrum of
wavelengths and roughness conditions, thereby receiving widespread
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citation and application in studies focused on SM retrieval (Fung et al.,
1992; Chen et al., 2003; Fung and Chen, 2004; Zhu et al., 2019).

For vegetated areas, observations from optical bands or synchronous
ground-based measurements are often used in SAR backscattering
models to quantify the effect of vegetation (Wagner et al., 2013; Ma
et al., 2019). In this way, SM retrieval methods developed for bare soils
are extended to estimate SM beneath the vegetation canopy. A challenge
here is that the methods used to quantify the impact of vegetation on
SAR backscattering come from specific experimental areas or vegetation
phenological phases, and their generalization and transferability across
spatial and temporal scales requires further validation. Additionally,
reducing the impact of roughness under vegetation coverage on SAR
backscattering poses another challenge for SM retrieval (Ma et al., 2020;
Palmisano et al., 2020). A good solution is to assume that vegetation and
roughness do not change in the short term (Kim and van Zyl, 2009, Kim
et al., 2012; Zhu et al., 2019) and to use the difference in multiple SAR
backscattering coefficients to represent changes in SM (Wagner, 1998;
Pathe et al., 2009; Bauer-Marschallinger et al., 2019; Fan et al., 2022;
Wang et al., 2023). However, these methods still have some flaws when
applied to estimating global SM. For example, rainfall and human ac-
tivities can dramatically change roughness in a short period of time.
Similarly, it is probable that vegetation has undergone alteration during
the two SAR satellite transits, which can result in fluctuations in SAR
backscattering and, subsequently, in erroneous SM estimates (O’Neill
et al., 2021).

Despite these challenges, there is considerable demand for satellite-
based global SM data at 1-km resolution for applications in regional and
global meteorology, hydrology, and ecology (Peng et al., 2021a). For
instance, numerical weather forecasting systems currently operate at 1-
km resolution, underscoring the need for satellite-derived SM datasets
with comparable spatial resolution for tasks such as model initialization,
data assimilation, and model evaluation (Baatz et al., 2021). However,
existing SM products at 1-km resolution with global coverage are typi-
cally derived by downscaling coarse-resolution data from passive mi-
crowave sources or reanalysis, such as the Soil Moisture Active Passive
(SMAP, Entekhabi et al., 2010), the European Space Agency Climate
Change Initiative datasets (ESA CCI, Dorigo et al., 2017), and the Eu-
ropean Centre for Medium-Range Weather Forecasts Reanalysis v5
(ERAS5, Munoz Sabater, 2019), using auxiliary information such as
vegetation index and land surface temperature. Global-scale 1-km res-
olution SM products based on direct remote sensing inversion remain
unavailable (Table 1).

In this study, we propose a novel method for SAR-based SM retrieval.
This method builds upon previous research by eliminating the need for
synchronous roughness observations and the assumption of constant
vegetation and roughness over the short term, allowing for global-scale
SM retrieval using only a single snapshot of SAR observations, and
producing the first global SAR-based SM product at a 1 km resolution,
constraining the error in global SM estimates using C-band SAR to
within 0.08 m3/m3. The results of this study will facilitate the applica-
tion of high-resolution SM products in agricultural management and
optimization, disaster monitoring and early warning, climate research
and modeling, as well as ecological monitoring and protection.

The paper is organized as follows. Section 2 provides a brief intro-
duction to the satellite and ground measurement datasets employed in
this study. The details of the SM retrieval algorithm are described in
Section 3. Section 4 presents the SM retrieval and validation results. The
factors influencing the accuracy of the algorithm are discussed in Sec-
tion 5. Finally, the conclusions drawn from this research are presented in
Section 6.

2. Data and preprocessing
2.1. SAR data

In this study, we utilized the backscattering coefficient data from the
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interferometric wide swath mode of the Sentinel-1C-band SAR for SM
retrieval (Attema et al., 2010). The data was obtained from Google Earth
Engine and pre-processed using the Sentinel-1 Toolbox (Veci et al.,
2014). It features a spatial resolution of 10 m, with temporal resolution
varying across geographic locations, being higher at high latitudes
compared to low latitudes (Torres et al., 2012). The dataset comprises
three bands: the backscatter coefficients of the VV and VH polarizations,
and the angle of incidence. To prepare the SAR data for integration into
our SM retrieval algorithm, we conducted additional processing steps.

(1) The incidence angle greatly affects the backscattering coefficient
from bare soil and the length of the microwave penetration path
through the vegetation layer during SM retrieval. While Sentinel-
1 provides the incidence angle based on radar observation, it does
not account for the effects of terrain. Therefore, we calculated the
local incidence angle (LIA) for each pixel by integrating the
observed incidence angle from Sentinel-1 with the Global Multi-
resolution Terrain Elevation Data 2010 (Danielson and Gesch,
2011). For right-looking radars such as Sentinel-1, the LIA (¢) can
be computed as follows:

0 = arccos(cosd;cosa + sind;sinacos(y — f) ) 1)

where 6; is the SAR incidence angle,y is the SAR azimuth angle, @ and
denote the slope and aspect of the ground, respectively.

(2) To mitigate the influence of terrain on backscattering co-
efficients, we applied the method proposed by Bauer-Marschal-
linger et al. (2021) to normalize Sentinel-1 backscattering
coefficients to an LIA of 38°. It can be expressed as:

6°(38) = 6°(0) — ¢ (60— 38°) [dB] 2

where ¢°(38) is the normalized backscatter in dB, ¢° is the backscatter
from Sentinel-1 observations, 6 is the LIA, and ¢ is an empirical
parameter, where ¢ = —0.13 (Bauer-Marschallinger et al., 2021).

(3) Extremely high or low values of backscattering coefficient values
are less likely to contain credible SM information and should be
discarded. In this study, pixels with a backscatter less than —20
dB or greater than —5 dB in VV polarization were masked. The
threshold of —5 dB is derived from a qualitative estimate of
backscatter in urban areas, while the threshold of —20 dB is based
on a conservative estimate of sensor noise (—22 dB) (Bauer-
Marschallinger et al., 2019).

(4) The backscattering coefficients are converted from decibels to
linear units to preserve the original SAR signal. Subsequently, the
data were aggregated form a 10 m resolution to 1 km by aver-
aging. Although this averaging method overlooks the nonlinear
nature of signal reflections in SAR data, it is commonly used in
large-area SAR data processing because it indirectly reduces
random noise, thereby enhancing the effect of SM on the back-
scatter coefficient (Bauer-Marschallinger et al., 2019; Fan et al.,
2022; Wang et al., 2023). Additionally, the processed SAR data
for each day are mosaicked separately according to their
respective ascending and descending orbits.

2.2. Vegetation data

The vegetation layer is a critical component that significantly in-
fluences backscatter signals (Kim et al., 2012; Qiu et al., 2019). In this
study, Normalized Difference Vegetation Index (NDVI) data from the
Moderate Resolution Imaging Spectroradiometer (MODIS) MOD13A2
V6.1 and the annual land use and land cover dataset derived from the
MODIS MCD12Q1 V6 International Geosphere-Biosphere Programme
(IGBP) classification scheme were used to estimate the vegetation water
content (VWC) for each grid (O’Neill et al., 2021):
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Table 2
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Basic information of the ISMN networks used in this study. The land cover types derived from the IGBP classification include evergreen needleleaf forest (ENF),
evergreen broadleaf forest (EBF), deciduous broadleaf forest (DBF), mixed forest (MF), closed shrubland (CS), open shrubland (OS), woody savanna (WS), savanna (S),
grassland (G), permanent wetlands (PW), croplands (C), urban and built-up land (UB), cropland/natural vegetation mosaics (CNVM), permanent snow and ice (PSI),

barren or sparsely vegetated (B), and water bodies (W).

Network Country Number of Land cover Reference
sites
Benin, Niger, p
AMMA-CATCH Mali 10 G(6), C(4) (Lebel et al., 2009)
ARM USA 51 G(21), C(30) (Cook, 2016)
BIEBRZA S-1 Poland 18 S(18) (Musial et al., 2016)
FLUXNET- .

AMERIFLUX USA 3 S(1), G(1), C(1) (https://ameriflux.1bl.gov/)
FR_Aqui France 3 WS(3) (Al-Yaari et al., 2018)
HOAL Austria 41 WS(1), C(40) (Bloeschl et al., 2016)
HOBE Denmark 54 ENF(3), S(18), C(25), CNVM(8) http://www.hobe.dk/
MAQU China 13 G(13) (Su et al., 2011)

NAQU China 7 G(7) (Su et al., 2011)

OZNET Australia 19 G(10), C(9) (Smith et al., 2012)

PBO_H20 USA 124 EBF(1), CS(1), 0S(10), WS(2), S(3), G(85), C(9), (1), B(12) (Larson et al., 2008)
REMEDHUS Spain 20 0S(5), G(1), C(14) (Gonzalez-Zamora et al., 2019)
RISMA Canada 66 G(3), C(63) il;l/t)p://aafcﬁeldvlslon.

RSMN Romania 14 C(14) (Ojo et al., 2015)

SCAN USA 199 ](ESF(U, EBF(3), DBF(14), 0S(10), WS(28), S(19), G(65), C(52), CNVM(1), B (Schaefer et al., 2007)
SMN-SDR China 33 G(31), C(2) (Zhao et al., 2020)
SMOSMANIA France 27 ENF(1), WS(8), S(7), C(10), CNVM(1) (Albergel et al., 2008)
SNOTEL USA 362 ENF(24), MF(2), 0S(7), WS(51), S(76), G(201), B(1) (Serreze et al., 2001)
SOILSCAPE USA 20 0S(3), S(6), G(11) (Moghaddam et al., 2010)
TAHMO Ghana 3 WS(2), C(1) (https://tahmo.org/)

TERENO Germany 14 MEF(2), S(3), C(9) (Zacharias et al., 2011)
TWENTE Netherlands 28 S(18), G(3), C(1), CNVM(6) (Van der Velde et al., 2023)
TxSON USA 40 S(7), G(33) (Caldwell et al., 2019)

USCRN USA 104 Egl;(B), DBF(3), MF(2), CS(1), 0S(7), WS(20), S(11), G(45), C(7), CNVM(3), (Bell et al., 2013)

XMS-CAT Spain 17 ENF(1), S(8), G(3), C(5) ((]l]w:;ps://wsor&lcgr.cat/mcsuras
iRON USA 9 S(3), G(6) (Osenga et al., 2021)

m, = (1.9134NDVI* — 0.3215NDVI) + S(NDVI,s —0.1) /(1-0.1)  (3)

where m, is the VWC. For croplands and grasslands, the NDVI is the
current NDVI, and for other land covers, the NDVIs denotes the annual
maximum NDVL S is the function of the sapwood, leaf area, and vege-
tation height. In this study, the look-up table from the research of
O’Neill et al. (2021) was used to obtain the S of each pixel based on the
IGBP classification.

To obtain globally seamless VWC data, we applied climatological
processing to global MODIS NDVI data from 2000 to 2016 (Jackson
et al., 2011; Bindlish et al., 2011; O’Neill et al., 2021). This processing
generated 36 global seamless NDVI datasets, each with a 10-day tem-
poral resolution and a 1 km spatial resolution, representing the average
vegetation state at specific times of the year. While this average state
may not fully capture actual conditions during SM retrieval, it helps
address substantial data gaps in NDVI caused by clouds and rain, serving
as a valuable supplementary dataset for global SM retrieval in the SMAP
single-channel algorithm (O’Neill et al., 2021).

2.3. Soil texture data

Soil texture is a critical factor influencing soil dielectric properties
(Ulaby et al., 2015). In this study, the soil clay fraction was used as an
auxiliary input to a dielectric constant model to quantify the relationship
between SM and dielectric constant across different soil textures. The
clay fraction dataset from OpenLandMap (Hengl, 2018), which provides
global clay fraction data at a depth of 0-10 cm for each 250 m grid cell,
was used. This dataset was aggregated to a 1 km scale by averaging to
match the spatial resolution of other datasets used in SM retrieval.

2.4. Snow cover and surface temperature data

Snow cover and surface temperature data are utilized to exclude
pixels affected by snow and soil freezing, as they are not suitable for SM
retrieval. These data are derived from the land component of the ERA5-
Land (Munoz Sabater, 2019), which provides snow cover and surface
temperature measurements every hour for each 9 km grid. Specifically,
data at 6:00 AM and 6:00 PM were employed to mask the retrieved SM of
the descending and ascending orbits, respectively.

2.5. SM data

The SMAP enhanced L3 radiometer global daily 9 km EASE-Grid SM
product version 5 (L3_SM_P_E, O’Neill et al., 2021) are used to pre-
calibrate the parameters of the proposed algorithm in this study. This
data provides SM data for each 9-km grid every 1-2 days, in which the
water bodies, cities, snow cover, and frozen pixels are removed in
advance. Extensive verification shows that it is one of the most accurate
global SM datasets currently available, with a root mean square error
(RMSE) of less than 0.04 m3/m? (Peng et al., 2021b; Beck et al., 2021).

Four representative global 1 km SM products were compared with
the SM retrieved by the algorithm proposed in this study: (1) the global
1 km spatiotemporally seamless SM product (GLASS), synthesized using
ERA5-Land reanalysis data, ground-based SM data, and auxiliary data-
sets, such as land surface temperature, albedo, NDVI, leaf area index,
and elevation (Zhang et al., 2023); (2) the global daily surface SM
product on a 1-km grid, derived from gap-filling and downscaling of the
ESA CCI datasets (DS-CCI, Zheng et al., 2023); (3) the 1 km SM product
obtained by downscaling the SMAP enhanced L2 radiometer half-orbit
SM product using thermal inertia theory, with land surface tempera-
ture and NDVI data (DS-SMAP, Fang et al., 2022); and (4) the 1-km
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resolution SM product, which synergistically uses SMAP L-band radi-
ometer and Sentinel-1C-band SAR data through the SMAP active-passive
algorithm (SPL2SMAP_S, Das et al., 2019).

Moreover, SM data from ground-based probes of the International
Soil Moisture Network (ISMN, Dorigo et al., 2021) were adopted to
validate the proposed SM retrieval algorithm. ISMN serves as a data
hosting and sharing center for global ground-based SM data and is often
used as the “true value” in the verification of remote sensing and model-
derived SM products (Dorigo et al., 2011). In this study, measurements
from the topmost probes (0-5 cm) covering the period 2016-2022 were
considered as the reference SM. Only SM data identified as “good” by the
quality control file were used. A total of 1299 ground observation sta-
tions from 26 networks were selected for this study, and the basic in-
formation of these in-situ observations is presented in Table 2.

3. Methodology

To enhance the applicability of the algorithm across various land
surface conditions, we developed a forward model aimed at quantifying
the relationship between SM and SAR backscattering coefficients. Sub-
sequently, the SM was retrieved as the value that minimizes the differ-
ence between the backscattering coefficient obtained from the forward
model and the observation acquired from Sentinel-1. The specific SM
retrieval algorithm is described below.

3.1. Forward model description

In this study, the water-cloud model (Attema and Ulaby, 1978) was
applied to quantify the effects of SAR backscattering coefficients
affected by vegetation. In this model, the vegetation layer is character-
ized as a homogeneous attenuating medium with a uniform thickness
that remains consistent horizontally. As a result, the total backscattering
coefficients can be attributed to direct backscattering by vegetation, soil
backscattering after being attenuated twice by vegetation, and direct
soil backscattering.

Opg = Ongy + L2000 ©)]
0oy = ApqTTpgyC0SO (1 - Lﬁq) 5
L2, = exp( — 2tpgsech) (6)
Tpq = DpgMmy @

Where pq is the polarization of vertical and horizontal, agq is the total

SAR backscattering coefficients, o, and o, denotes the direct back-
scattering coefficients for vegetation and soil, respectively. L,q is the
vegetation transmissivity, 6 represents LIA (°), 7,4 is the vegetation op-
tical depth, A,; and b, are parameters in connection with the vegetation
layer, and m, is the VWC (kg/mz), which can be estimated from the land
cover types and NDVI (Eq. 3, O’Neill et al., 2021).

The Oh model (Oh et al., 1992) was utilized to quantify the back-
scattering coefficients of bare soil. This model treats the backscattering
coefficients of bare soil as a function of SM, surface roughness, LIA, and
SAR frequency.

o0 8cos30[I,(6) + I'x(6) ]

8

s \/F ( )
Opps = TOY¢ ©)]
Ohys = U (10)

where 69, 6%, and ¢, are soil backscattering coefficients in three
different polarizations, v and h are the polarization of vertical and
horizontal, and r, u and g are empirical parameters, which could be
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calculated by:

u:%:O,zs\/r—o[l—exp(—ks)] 12
g= 0.7[1 7exp(70.65(ks)1‘8>} (13)

14
k =21/ (15)

where k is the SAR wavenumber, 1 is the wavelength, and s is the root-
mean-square height of the soil surface, which can be calculated from the
height z; and the average height z of the N sampling points. I'g, Iy, and I'y
is the Fresnel reflection coefficient of nadir and in the polarization of v
and h, respectively, which could be calculated by:

2
1-e
Iy = 16
el (16)
2
L= e-cosO — Ve — sin%0 a7
" e-cos + Ve — sin20
2
L= cos — & — sin%0 18)
" cosf + V& — sin%0

where ¢ represents the dielectric constant (real part) of bare soil, which
can be calculated using a variety of dielectric models (Loor, 1968; Topp
et al., 1980; Wang and Schmugge, 1980; Dobson et al., 1985; Mironov
et al., 2004; Hallikainen et al., 2007).

In this study, we utilized the Mironov model (Mironov et al., 2004,
2009) to quantify the dielectric constant of soil. This model treats the
dielectric constant of soil as a volume-weighted average of the dielectric
constants of various soil constituents, such as mineral solids, air, and SM.
Additionally, it distinguishes between bound and free SM, which is
expressed as follows:

\/a + (\/E_b - l)ms-,
VEd + (\/E —l)mst—&- (\/6_,, — 1>(m5 —mg), mg>my

ms < My

V=

19

where the ¢, and ¢, are the dielectric constant of bound and unbound
SM, respectively. ¢, is the dielectric constant of the absolutely dry soil,
my; is the volumetric moisture of the soil, and my is the maximum bound
SM fraction. It is a function of SAR frequency, soil texture (clay fraction),
and SM (see Appendix A).

3.2. Forward model calibration

The forward model can be employed to simulate the backscattering
coefficients corresponding to different SM levels once the semi-
empirical vegetation parameters A, b, and the soil surface roughness
parameter s have been determined using Egs. (4) ~ (19). In the SMAP
single-channel algorithm, parameters A, b, and s are defined as constants
for each land cover (O’Neill et al., 2021). However, due to differences in
spatial resolution and wavelength between Sentinel-1 and SMAP, these
parameters cannot be directly applied in this study. Furthermore, the
insufficient and uneven distribution of ground sites makes global-scale
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Table 3
Summary of input parameters.

Parameter name Symbol  Threshold Iteration step

size
Frequency f 5.405 (GHz) -
Local incidence angle [4 38(°) -

. 3

Soil moisture my 212)2 0.60 (m 0.01 (m®/m?)
Clay fraction C 0-62 (%) -
Surface roughness So 0-6 (cm) 0.1 (cm)
Vegetation water content m, 0-17.8 (kg/mz) -
Pa;ameter of vegetation type Ao 01 0.01
Pabrameter of vegetation type bo 01 0.01

model parameter calibration based on ground measurements imprac-
tical. Therefore, the SMAP L3_SM_P_E product, characterized by rela-
tively high spatial resolution (9 km) and accuracy (RMSD <0.04 m>/
m>), was used to calibrate the forward model parameters.

In this study, the backscattering coefficients at the time of the
Sentinel-1 overpass were simulated based on the forward model, and
parameters A, b, and s were calibrated by minimizing the discrepancy
between simulated and observed backscattering coefficients. The cost
function (C.q) is defined as follows:

1 1/ 2
Ceal(Ao, bo, S0) = 3 Z 7 Z (Ggq(A07b0730) - Ggq) (20)
p t=1

q=vv.vh

where Ay, by, and sy are the calibrated vegetation and surface roughness
parameters in the forward model, pq is the polarization mode, t is the
Sentinel-1 overpass index, n is the number of simulated and observed
backscatter, and qu is the backscattering coefficients simulated by the
forward model, while agq represents that of the normalized Sentinel-1
observations.

The pixel-by-pixel calibration process was conducted at a resolution
of 9 km, corresponding to the resolution of the SMAP L3_SM_P_E prod-
uct. Prior to calibration, Sentinel-1 backscattering data and ancillary
data such as VWC and soil clay fraction were aggregated to the coarse
resolution of 9 km by averaging. This approach preserves the accuracy of
the SMAP L3 SM P_E data in the forward model and greatly improves
calibration efficiency. Unlike typical machine learning methods that
require extensive parameter calibration, the model used in the study
incorporates a specific physical mechanism and requires only a mini-
mum of one year’s data, cover a complete vegetation growth and
withering cycle, for accurate calibration. The specific calibration pro-
cedure can be expressed as follows:

(1) Using the SMAP L3_SM_P_E as input, along with soil clay fraction

and vegetation data, iterate the parameters Ay, by, and sp with a

small step (as shown in Table 3) to simulate the backscatter under

specific conditions of SM, VWC, LIA, SAR frequency, and
polarization.

Compute the disparity between the backscatter values obtained

from forward model simulations and normalized Sentinel-1 ob-

servations in both VV and VH polarizations across various pa-
rameters Ay, by, and sy at each overpass time.

(3) Iterate through the aforementioned steps using all data from
2016 and 2017 as input. Calculate the average forward model
simulation error for all Sentinel-1 overpasses corresponding to
each parameter Aj, by, and syo. Subsequently, identify the
parameter combination A, by, and sy associate with the mini-
mum overall error (as defined in Eq. 20) as the optimal calibra-
tion result.

(4) Traverse each 9 km grid globally to calibrate the parameters Ao,
by, and sg.

(2

—
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3.3. SM retrieval

Once the vegetation parameters are calibrated, only SM and surface
roughness remain as the two variables needing estimation. However, the
simultaneous estimation of SM and surface roughness is sensitive to
sensor noise because the observed backscattering of VV and VH polari-
zations is not completely independent (Konings et al., 2015). To address
this issue, Fan et al. (2022) proposed a dual-temporal dual-channel al-
gorithm that simultaneously estimates SM at the time of two adjacent
observations and the surface roughness over a specified time interval
using four data sets obtained from two adjacent dual-channel SAR ob-
servations. In addition, Kim et al. (2012), Zhu et al. (2019), and Wang
et al. (2023) also utilized multiple observations to reduce the uncer-
tainty in SM retrieval.

Based on the above research, we proposed a dual-polarization al-
gorithm (DPA) that can estimate both SM and surface roughness
simultaneously using only a single snapshot of dual-polarization SAR
data. Specifically, the DPA algorithm enables the simultaneous retrieval
of SM and surface roughness using dual-polarization SAR data by: I)
limiting SM and surface roughness thresholds (Table 3), what’s more, II)
assuming that the surface roughness at the time of the SAR observation
(s) should be close to the “long-term” roughness (so) of that pixel.
Consequently, at each Sentinel-1 observation time, SM and surface
roughness can be estimated concurrently by minimizing the discrepancy
between the backscattering coefficients derived from the calibrated
forward model and the Sentinel-1 observations in both VV and VH po-
larizations. The cost function is (Cy.) defined as follows:

2
+(1-w) <5;75°> 21

0

Cret(msas) = Z w

0 0 12
0,q(Ms,s) — o
pg=vvyvh

where m; and s are the SM and surface roughness that are intended to be
retrieved, sy is the “long-term” roughness parameter of the pixel ob-
tained by the calibration process, and w represents the weight of the
residual of backscattering coefficients and roughness. This wight is an
empirical parameter and is taken as 0.5 here to ensure that the retrieved
SM is more continuous in temporal and spatial scales. Since there is no
need to process multiple sets of data simultaneously, this approach
significantly reduces the complexity of the multitemporal algorithm,
making it suitable for the retrieval of long-term SM on a global scale. The
specifics of the proposed retrieval algorithm are as follows:

(1) To match the grid size of the SAR backscatter, VWC, and clay
fraction data, we interpolate the calibrated parameters from a
spatial resolution of 9 km to 1 km using the nearest neighbor
approach.

Utilizing the calibrated forward model, SM and surface roughness
are iterated with a small step size (Table 3) to simulate a series of
backscattering coefficients and calculate the cost function value
(Eq. 21). The SM corresponding to the minimum cost function
value is then considered as the retrieved result.

For each 1 km grid and during each Sentinel-1 overpass time,
repeat the process described in step 2 to obtain the long-term 1-
km resolution SM.

Pixels with snow cover exceeding 10 %, a surface temperature
below 275.15 K, or a cost function value (Eq. 20) exceeding 1
were masked to mitigate the effects of snow cover, ground
freezing, or calibration errors (Fig. B2a). The schematic diagram
illustrating the proposed SM retrieval method is depicted in
Fig. 1.

(2

—

3

-

(4

—
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Fig. 1. Flowchart illustrating the proposed SM retrieval method. (1) In the calibration part, by iterating the parameters Ao, by, and s, and using SMAP passive SM
data as input, the cost function C, is minimized at 9-km resolution. (2) In the retrieval part, the SM and surface roughness must be iterated until the cost function Cre

is minimized at a resolution of 1 km (see

Appendix B). (3) In the validation part, the SM derived from the proposed method (S1-DPA) is compared with SM data from

the machine learning-based product (GLASS), downscaled reanalysis product (DS-CCI), downscaled passive microwave product (DS-SMAP), joint passive and active
microwave product (SPL2SMAP_S), and ground measurements (ISMN) to analyze spatio-temporal patterns and calculate the correlation coefficient, bias, root mean
square difference, and unbiased root mean square difference.
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Fig. 2. Twelve-day coverage of S1-DPA SM and its latitudinal variations from 1st to 12th of January, April, July, and October in 2020. The zoom-in views of the

selected sub-regions over different ISMN networks: (1) ARM network in America, (2) SMOSMANIA network in Europe, (3) TAHMO network in Africa, (4) OZNET
network in Australia, and (5) SMN-SDR in China.
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Table 4
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Temporal correlation R, bias, RMSD, and ubRMSD between S1-DPA and ISMN from 2016 to 2022. The number of sites and data used for each network are provided in
the last two columns of the table. Sites with an effective data amount of less than 10 and networks with an effective number of sites of less than 3 are excluded.

Network Median R Median bias Median RMSD Median ubRMSD Number of Sites Data pairs
(m®/m?) (m®/m?) (m®/m®)
AMMA-CATCH 0.547 0.078 0.092 0.037 10 892
ARM 0.370 —0.021 0.133 0.109 51 9877
BIEBRZA S-1 0.215 —0.193 0.215 0.080 18 2625
FLUXNET-AMERIFLUX 0.739 0.004 0.115 0.104 3 700
FR_Aqui 0.656 0.147 0.156 0.050 3 1892
HOAL 0.470 —0.081 0.127 0.090 41 3987
HOBE 0.549 0.044 0.113 0.088 54 12,984
MAQU 0.663 0.035 0.125 0.081 13 372
NAQU 0.600 0.059 0.109 0.085 7 291
OZNET 0.575 0.040 0.116 0.107 19 1843
PBO_H20 0.497 —0.025 0.078 0.055 124 6064
REMEDHUS 0.414 0.020 0.089 0.061 20 11,628
RISMA 0.303 0.003 0.158 0.135 66 3978
RSMN 0.460 0.087 0.116 0.080 14 8229
SCAN 0.290 0.015 0.105 0.078 199 25,749
SMN-SDR 0.411 —0.023 0.087 0.055 33 1329
SMOSMANIA 0.405 —0.003 0.095 0.077 27 16,616
SNOTEL 0.267 —-0.010 0.106 0.080 362 36,976
SOILSCAPE 0.515 —0.002 0.100 0.058 20 252
TAHMO 0.613 0.081 0.093 0.046 3 450
TERENO 0.515 —0.058 0.105 0.074 14 8766
TWENTE 0.577 —0.003 0.104 0.084 28 13,627
TxSON 0.659 —0.019 0.073 0.044 40 6015
USCRN 0.402 0.012 0.097 0.072 104 18,532
XMS-CAT 0.330 0.042 0.096 0.067 17 4429
iRON 0.231 0.003 0.052 0.033 9 784
Median for all stations 0.377 —0.003 0.105 0.077 - -

4. Results
4.1. Spatio-temporal pattern of the S1-DPA data

The SM data product derived from Sentinel-1 DPA has a spatial
resolution of 1 km, covering the period from 2016 to 2022. This dataset
matches the swath width (250 km) of Sentinel-1’s interferometric wide
swath mode, with revisit intervals ranging from 6 to 12 days depending
on the region (Bauer-Marschallinger et al., 2019). Synthesizing S1-DPA
SM data every 12 days enables coverage of most land areas (Fig. 2).
Notably, there is more valid data in July than in January, largely due to
temperature and snow cover effects that render many pixels unsuitable
for SM retrieval during winter. This limitation is especially evident in
high-latitude and high-altitude regions, such as Siberia and the Qinghai-
Tibet Plateau. The theoretical minimum value of this dataset is 0.02 m>/
m®, primarily observed in desert regions, while the maximum value is
0.6 m®/m?®, found mainly in tropical rainforests and sub-polar areas. To
illustrate the spatiotemporal variations in detail, we selected regions
from five ground-based SM observation networks across different con-
tinents. For example, within the TAHMO network (labeled as (3) in
Fig. 2), soil is relatively dry in January and April, becoming increasingly
moist in July and October.

4.2. Accuracy verification of the S1-DPA products

We compared the S1-DPA product with in-situ SM data from 1299
sites across 26 networks, covering the period from 2016 to 2022
(Table 4). For each site, the correlation coefficient (R), bias, root mean
square deviation (RMSD), and unbiased root mean square deviation
(ubRMSD) were calculated. To mitigate extreme anomalies or reconcile
positive and negative data errors between stations, we calculated the
median values for each network and all involved stations. Overall, the
S1-DPA product shows a R of 0.377 with in-situ SM, a bias of —0.003
m3/m®, an RMSD of 0.105 m®/m?, and an ubRMSD of 0.077 m®/m®.

Fig. 3 illustrates the accuracy of ascending and descending orbit data
from the S1-DPA product across all ground observation networks. The
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S1-DPA descending orbit data correspond to a local time of 6:00 AM at
ground station locations, while the ascending orbit data correspond to
6:00 PM. Due to the site location and observation mode of Sentinel-1,
S1-DPA does not provide effective descending estimates at some sta-
tions, such as those included in the AMMA-CATCH network, or
ascending estimates at stations in the OZNET network. The overall ac-
curacy (median) of S1-DPA descending orbit data is R = 0.387, with a
bias of —0.004 m®/m®, RMSD of 0.102 m*/m?, and ubRMSD of 0.075
m3/m°. For ascending orbit data, R = 0.370, bias is —0.003 m3/m3,
RMSD is 0.108 m*/m?®, and ubRMSD is 0.079 m>/m>.

To validate the performance of the S1-DPA product in depicting
actual SM changes over time, we selected four ground observation
networks to illustrate the temporal trends of S1-DPA SM. These trends
were compared between ascending (blue dots) and descending (pink
dots) observations, as well as in-situ SM measurements (black lines)
from 2016 to 2022 (Fig. 4). In high SM conditions, the S1-DPA product
may overestimate actual SM, as observed in the OZNET network. In this
case, the ubRMSD is relatively large, at 0.096 m>/m?, but the correlation
with in-situ measurements remains high, at 0.737. Overall, the product
accurately represents temporal variations in SM in most cases, for both
ascending and descending orbits.

4.3. Comparison with existing SM products

Fig. 5 shows the distribution of the temporal average and annual
seasonal amplitude (SA) for five typical SM products with a spatial
resolution of 1 km in 2020. SA is defined as the difference between the
maximum SM value (expressed as the 95th percentile) and the minimum
SM value (expressed as the 5th percentile) after applying a 45-day
sliding average (Konings et al., 2017; Li et al., 2022; Peng et al.,
2024). As shown in Fig. 5a, the spatial pattern of the GLASS product
appears relatively smooth, with lower SM levels in tropical and subarctic
zones. This stability may result from the integration of multiple datasets,
especially reanalysis data, within the GLASS product, which could
dampen peak SM values (Dorigo et al., 2017). The DS-CCI data at low
and mid-latitudes primarily stem from remotely sensed observations,
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allowing for the visualization of high SM levels in tropical rainforests. In
contrast, high-latitude areas are supplemented with reanalysis data,
leading to a relatively smooth representation (Fig. 5¢). By comparison,
the DS-SMAP, SPL2SMAP_S, and S1-DPA products are predominantly
derived from remote sensing observations. As a result, these products
display higher SM levels in regions such as central South America, Af-
rica, Southeast Asia, and northern North America and Europe (Fig. 5Se, g,
and i). Regarding spatial variability of SA, GLASS and DS-CCI exhibit
slight SM variability, particularly in high-latitude regions, contrasting
with the more pronounced SA seen in SPL2SMAP_S and the moderate
fluctuations in DS-SMAP and S1-DPA. Notably, only SPL2SMAP_S dis-
plays significant SA in tropical rainforest regions, including Central
America, Central Africa, and Southeast Asia.

Fig. 6 displays the R and ubRMSD between the S1-DPA product and
four typical SM products at a 1 km spatial resolution for 2020. High
correlation values are observed in tropical and subtropical monsoon
regions, including African and South American grasslands, as well as
much of India and Indochina. Conversely, barren regions with extremely
low SM levels, such as the Sahara Desert, Arabian Peninsula, and west-
central Australia, exhibit notably low R values and ubRMSD. In high-
latitude areas, such as northern North America and northern Europe,
R values are relatively low while ubRMSD is high, especially for the
GLASS and DS-CCI products. Overall, S1-DPA data show the highest
agreement with DS-SMAP (Fig. 6e and f), with a median R value of 0.373
and a ubRMSD of 0.056 m>/m>. In contrast, the largest relative
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differences are found between S1-DPA and SPL2SMAP S (Fig. 6g and h),
with a median R value of 0.319 and a ubRMSD of 0.077 m®/m?, corre-
sponding to the pronounced spatial variability of SPL2SMAP_S shown in
Fig. 5h.

The SMOSMANIA network area serves as an example to characterize
the detailed spatial and temporal distribution of the five 1-km-resolution
SM products (Fig. 7). All products effectively capture the seasonal SM
trend in this region, displaying a gradual drying from January to July,
followed by increased moisture in October. The GLASS and DS-CCI data
provide seamless daily SM estimates across both temporal and spatial
dimensions, making them highly useful for analyzing spatiotemporal SM
variability on regional and global scales. However, both products rely on
machine leaning algorithms, which are limited in explaining the radia-
tive transfer mechanism. In both data products, NDVI was identified as a
significant input parameter, yielding highly similar distribution patterns
for SM and NDVI, as shown in the second and third lines of Fig. 7.

The DS-SMAP product downscales the 9 km SMAP SM product
(SPL2SMP _E) to a 1 km resolution by leveraging the negative correlation
between SM and land surface temperature changes under a given
vegetation cover. This product retains the 100 km swath width and 1-2
day revisit period of the SMAP passive microwave radiometer, giving it
an advantage over the S1-DPA product in temporal coverage. However,
despite being grounded in physical principles, the coarse-resolution
pixel decomposition algorithm employed may introduce discontinu-
ities in the 1 km results, particularly at the edges of the 9 km cells. This
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issue, known as the “block effect”, is more pronounced in regions with
high spatial variability in SM, as illustrated in the fourth line of Fig. 7.
The SPL2SMAP_S product utilizes 1-km-resolution Sentinel-1 SAR
backscatter to capture the spatial heterogeneity within the 9-km SMAP
microwave radiometer pixels. This method enables the downscaling of
coarse-resolution brightness temperatures to finer resolutions, followed
by inversion to produce SM data at a 1-km resolution. By relying
exclusively on active and passive microwave remote sensing observa-
tions, the product provides a detailed representation of SM’s spatial
distribution, as illustrated in the fifth line of Fig. 7. However, this
approach requires concurrent observations from both the SMAP mi-
crowave radiometer and Sentinel-1 SAR, resulting in a lower temporal
resolution compared to the S1-DPA product, as shown in Appendix C.
Fig. 8 illustrates the R values, bias, RMSD, and ubRMSD for the five
SM products across all available ISMN sites in 2020. These sites are
primarily situated in woody savannas, savannas, grasslands, and

12

croplands, with annual NDVI values ranging from 0.3 to 0.6. The GLASS
and DS-CCI products, derived from machine learning and reanalysis
data, demonstrate strong agreement with ground-based SM measure-
ments. However, some ISMN-based SM measurements are used in model
training, potentially inflating validation accuracy, as it is not possible
within this study to determine which sites were included in training.
Additionally, these products rely on reanalysis data, which may limit
their ability to capture seasonal variations at high latitudes and repre-
sent fine-scale spatial changes in SM (Fig. 5 and Fig. 7). The DS-SMAP
product maintains the high accuracy of passive microwave measure-
ments and shows strong consistency with ground-based SM, making it an
excellent source of SM data once the block effect is reduced. Comparing
the SPL2SMAP_S and S1-DPA products, both of which utilize Sentinel-1
SAR, SPL2SMAP_S demonstrates relatively higher accuracy when NDVI
is below 0.5, while S1-DPA outperforms it when NDVI exceeds 0.5.
Overall, the S1-DPA product developed in this study exhibits lower
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accuracy than the GLASS and DS-CCI products, which rely on reanalysis
and machine learning. Nevertheless, S1-DPA excels in capturing the
spatiotemporal details of SM. Compared to DS-SMAP, which is based on
passive microwave product decomposition, S1-DPA exhibits lower ac-
curacy but offers superior spatial continuity without noticeable block
effects. When compared to the SPL2SMAP_S product, which also utilizes
Sentinel-1 data, S1-DPA achieves slightly higher accuracy at higher
NDVI values and provides better temporal resolution.
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5. Discussion
5.1. Effect of land cover on retrieval accuracy

Both the soil and vegetation scattering models used in this study are
semi-empirical, which have the advantage of requiring only a few input
parameters. However, the Oh model is not adjusted for the scattering of
the subsurface soil, and the accuracy of the backscatter simulation is
limited over highly rough surfaces (Oh et al., 1992). Therefore, it may
not be suitable for areas with extremely low SM and high roughness. The
water-cloud model, which interprets vegetation as a horizontally
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uniform scatter, ignores the multiple scattering between the vegetation
layer and the soil surface. This simplification can be justified in areas
such as grasslands, but the applicability of this model may be reduced in
areas with high vegetation (Wang et al., 2023).

As shown in Table 5, the S1-DPA product exhibits higher accuracy in
croplands (C), grasslands (G), and cropland/natural vegetation mosaics
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(CNVM), while demonstrating lower accuracy in dense forests (ENF,
EBF, and DBF) and barren or sparsely vegetated regions (B). For land
cover types such as grasslands, their vegetation characteristics align
with the assumptions in the water-cloud model employed by this algo-
rithm. This enables the forward model to accurately describe the
transmission process of SAR signals in this type of vegetation, resulting
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Table 5

Comparison between the S1-DPA and ISMN over different land cover types from
2016 to 2022. The land cover type is obtained from MODIS data in 2020,
aggregated by mode to a resolution of 1 km. The majority of stations are located
at grasslands, croplands, and savannas.

IGBP Median Median Median Median Number Data

R Bias RMSD ubRMSD of Stations ~ pairs

m*m?®  @%m®  (@%m?

ENF 0.140 0.100 0.145 0.097 33 5060
EBF 0.066 —0.086 0.125 0.076 433
DBF 0.306 0.116 0.161 0.099 17 1863
MF 0.409 0.115 0.154 0.083 1733
CS 0.401 —0.026 0.080 0.075 2 761
oS 0.313 0.013 0.070 0.042 43 7575
WS 0.307 0.047 0.122 0.076 115 17,372
S 0.340 0.002 0.110 0.079 198 37,443
G 0.414 —0.016 0.094 0.071 545 60,189
C 0.419 —0.006 0.123 0.095 296 57,783
CNVM 0.550 0.001 0.099 0.089 19 6897
B 0.127 0.001 0.056 0.035 21 1778

in higher SM estimation accuracy compared to other land cover types. In
contrast, for forests, scattering from trunks and interaction scattering
from the vegetation canopy to the soil surface are not accounted for in
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the water-cloud model. Additionally, the penetration of C-band radar
into dense vegetation, such as forests, still presents significant uncer-
tainty, leading to low product accuracy in forested areas. In barren or
sparsely vegetated regions, the penetration effect of microwaves and the
structure of the subsurface soil can result in a negative correlation be-
tween SM and backscattering, as noted by Ullmann et al. (2023).

Fig. 9 illustrates the spatial distribution of statistical parameters for
the S1-DPA product at each ground observation site. At most sites, a
positive correlation is observed between S1-DPA and in situ SM mea-
surements. However, a negative correlation is noted between S1-DPA
and ISMN data in the CONUS region (Fig. 9b), including sites such as
FordDryLake, DesertCenter, DeathValleyJCT, and TuleValley from the
SCAN network; ANGUS-PROP and IMPS-SCGN from the PBO_H20
network; and Stovepipe-Wells-1-SW from the USCRN network. These
sites, classified as barren in the MODIS IGBP dataset, align with the
statistical results presented in Table 5. Other validation indicators reveal
that regions with larger errors are primarily situated in the mountainous
areas of the western and eastern United States, where terrain and
vegetation conditions are more complex compared to the central plains.

5.2. Effect of terrain on retrieval accuracy

Terrain induces variations in the SAR backscattering coefficient by



D. Fan et al.

Remote Sensing of Environment 318 (2025) 114579

L[] £ 0
120°W 100°W 80°W
N E— 02
A S LSS SR .
e

80°W

100°W

120°W

0.2

0.1

m3/m?3

— 50°N
60°N i
0°N| | R ’ : 40°N
® ¢
30°S -~ 30°N
100°W 0 100°E
@ 50N
60°N LY N a4 e
@ 30°N| b ) 40°N
m O
30°S g 30°N
100°W 0 100°E
@ 50N
B60°NF =« T
Qaoent |, W7 g 40°N
= 0 .
o
30°S v 30°N
100°W 0 100°E
@ 50N
60°N |5+ ; 1
(] . i@ .
2 30°Np . o > 1 40°N
X of g -
0
S 30°S| o . 41 30°N
100°W 0 100°E

120°W

100°W

80°W

0.2

0.1

m3/m?3

.
° e o Oy
S . . °'®
‘“'\;a‘;' ‘o™ ': :. ?.' oo oo f J mE
3 . o
RSy TNV et O 0 o
. °
3 A " :5,‘.;“.' *3e €
Ay 2 4
[ ] > L e
. %
o
-0.2
23
B e
o
e .
~

120°W 100°W 80°W

Fig. 9. Statistical values between S1-DPA and ISMN data over all sites in the global (left) and the continental United States (right) during 2016-2022: R (a, b), bias (c,

d), RMSD (e, f), and ubRMSD (g, h).

affecting the local incidence angle. In this study, we applied the LIA-
based backscatter normalization method proposed by Bauer-Marschal-
linger et al. (2021) to reduce terrain effects on the backscattering co-
efficient (see Eq. 2). This method uses a linear correction approach to
normalize backscatter in mountainous regions, offering advantages such
as fewer input parameters and higher computational efficiency. How-
ever, it is important to note that the parameters in this method are
derived from long-term backscattering coefficient time series within
Europe, and their validity has not been widely tested outside this region.
Additionally, the method uses the same correction parameters for both
VV and VH polarizations, without accounting for differences in back-
scattering polarization effects across varying LIAs.

Fig. 10 shows that as slope increases, the R decreases, while bias,
RMSD, and ubRMSD between S1-DPA and ISMN data increase. For sites
with slopes between 0 and 15 degrees, SM retrieval accuracy shows
minimal variation with slope. However, accuracy notably declines for
slopes above 15 degrees. Additionally, under relatively gentle slopes, SM
retrieval accuracy is similar for both ascending and descending obser-
vations when the same correction coefficients are applied (see Eq. 2).
This finding indirectly supports the effectiveness of the LIA-based
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backscatter normalization method proposed by Bauer-Marschallinger
etal. (2021) in areas with gentle slopes, regardless of orbit direction and
extending beyond Europe.

5.3. Effect of vegetation water content on retrieval accuracy

This study utilizes climatologically processed global MODIS NDVI
data, combined with MODIS land cover data, to estimate VWC on a grid-
by-grid basis, similar to the SMAP single-channel algorithm. This
approach addresses the limitations of optical bands, which are sensitive
to clouds and precipitation, by providing a temporally and spatially
continuous vegetation dataset. However, since these data represent a
theoretical value for each pixel on a specific day of the year, they may
not accurately capture the vegetation state at the time of a Sentinel-1
overpass. Consequently, the accuracy of the S1-DPA product may
decrease in cases of abrupt vegetation or land cover changes, such as
those caused by extreme events like droughts or floods.

To investigate the dependence of the algorithm on vegetation, we
calculated the mean values of VWC at each site and assessed the accu-
racy of S1-DPA at different VWC levels (Fig. 11). The mean VWC values
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Fig. 11. Statistical values of R, bias, RMSD, and ubRMSD divided by various VWC levels for S1-DPA at all ISMN sites during 2016-2022.

across all sites range from 0 kg/m? to 17.8 kg/m?. These values can be 5.0 kg/m?, extremely high VWC levels complicate soil moisture
categorized into two subsets: sites in forested areas with VWC greater retrieval, leading to reduced accuracy of the S1-DPA product.

than 10.2 kg/m?, and most other sites with VWC less than 4.3 kg/m?.

Fig. 11 shows that for VWC less than 4.5 kg/m?, the error in S1-DPA data

slightly increases with higher VWC, though the variation remains 5.4. Effect of precipitation and priori SM data on retrieval accuracy
limited, with unbiased root-mean-square difference (ubRMSD) generally

below 0.1 m®/m? for most sites. However, in areas where VWC exceeds The influence of precipitation is not accounted for in the proposed
algorithm, which may lead to unreliable SM estimates under
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precipitation conditions. To enhance the accuracy of the S1-DPA algo-
rithm, pixels and conditions are excluded from the analysis if the cost
function (Eq. 21) does not converge to an appropriate minimum during
the SM retrieval process.

In the forward model, three parameters that vary with wavelength
and land cover need to be pre-calibrated. In this study, the widely
verified SMAP L3_SM_P_E product is used to pre-calibrate the vegetation
parameters and surface roughness parameters in advance. It is noted
that the contribution of vegetation cover and surface roughness to
backscattering may even exceed that of SM in some cases. Therefore,
there is a trade-off in calibrating these parameters in advance with long-
term SM data. However, these parameters can be effectively calibrated
using at least one year of SM data, allowing the calibrated forward
model to be used independently for SAR-based SM retrieval.

6. Summary and conclusions

A semi-empirical forward model was developed by integrating the
water-cloud model, the Oh model, and the Mironov model to simulate
VV and VH backscatter across a range of SM and vegetation conditions.
Three parameters of the forward model were calibrated for each 9 km
grid cell globally, using the SMAP passive SM product for its high ac-
curacy and spatiotemporal resolution. With these calibrated parameters,
we proposed a backscatter cost function incorporating roughness con-
straints to estimate SM from Sentinel-1 dual-polarization SAR observa-
tions. As a result, a global SM product with a spatial resolution of 1 km
was generated for the period from 2016 to 2022. Validation was per-
formed using ground-based measurements, followed by an analysis of
factors affecting retrieval accuracy. The primary findings are summa-
rized as follows.

The S1-DPA product effectively captures the spatiotemporal varia-
tion of SM. Validation against SM data derived from 26 ground-based
networks spanning 2016 to 2022 yielded a median correlation coeffi-
cient of 0.377, a bias of —0.003 m®/m3, a RMSD of 0.105 m®/m?, and an
ubRMSD of 0.077 m3/m®. The accuracy of SM estimation is higher in
croplands, grasslands, and cropland/natural vegetation mosaics. Sta-
tions with significant errors are primarily located in deserts, forests, and
areas with steep slopes, where SM retrieval is challenging due to the
considerable and complex influence of land surface properties (e.g.,
vegetation and terrain) on the total observed backscatter signal.

The primary advantages of this newly developed dual-polarization
algorithm are as follows: it requires only a single snapshot input of
dual-polarization SAR data, making it suitable for large-scale SM map-
ping. The first global SM dataset at 1 km resolution based on Sentinel-
1C-SAR has been produced. It offers daily ascending and descending
SM estimates with a swath width of 250 km and a temporal resolution of
3-6 days in Europe and 6-12 days in other regions.

The primary limitations of the proposed algorithm are as follows: it
requires external SM and vegetation data for pre-calibration of the for-
ward model. Additionally, the forward model has limited capability to
simulate volume scattering, multiple scattering, extremely rough

Remote Sensing of Environment 318 (2025) 114579

surfaces, and lacks accuracy in deserts and areas with dense vegetation.
The algorithm also does not account for the effect of precipitation.
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Appendix A. Detailed equations for the dielectric constant model used

The real ¢ and the imaginary ¢” parts of the complex dielectric constant of bare sol are derived form the refractive index n; and the normalized

attenuation coefficient k;:

¢ =n? —k?; e = 2n.k,
{ ng + (np — 1)mg, ms < my
ng =
ng+ (my — V)my + (1, — 1)(ms —my), mg >my

k { kq + (kp — 1)my, ms < my
T kq+ (ko — L)my + (ky — 1)(ms —my), m; >my
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Where ny and k, are function of clay portion, ny, kp, n,, and k, can be calculated using the Debye relaxation equations:

NgpuV2 = \/\/ Eabu + Eibu’ F Eibu a9
kd.b‘u\/i - \/ % Sii.b,u2 + Sé.b,uz - 6Jd,b.u (AS)

€0b,0u — €0

Epy = t—— (A6)
bu 1+ (2ﬂf1b7u)2

” E0b,ou — € Ob,u

A 2nf Ty + (A7)
bu 1+ (ZIIfTb,u)z “ 7 2meof

The subscripts s, d, b, and u is the moist soil, dry soil, bound soil water and free soil water. The value f is the frequency of microware, 7 is the
relaxation time, ¢, denotes the dielectric constant of free space, while ¢,, represents the dielectric constant in the high-frequency limit. These pa-
rameters were fitted as a function of soil clay fraction (C) in the study of Mironov et al. (2009).

ng = 1.634—0.539 x 1072C +0.2748 x 107*C? (A8)
ks = 0.03952 — 0.04038 x 10°2C (A9)
my = 0.02863 —0.30673 x 1072C (A10)
€0p = 79.8 —85.4 x 1072C+32.7 x 1074C? (A11)
€ou = 100 (A12)
7, =1.062 x 1071 +3.45x 107 1C (A13)
7, =85x10712 (A14)
o, = 0.3112+0.467 x 1072C (A15)
0, =0.36314+1.217 x 1072C (A16)
g0 = 8.854 x 10712 (A17)
£ = 4.9 (A18)

Appendix B. Forward model parameter calibration results and statistics

20



D. Fan et al. Remote Sensing of Environment 318 (2025) 114579

5
0.1 Tl
3
= 10
005 3>
g
&= 5
0 0.5 1
Longitude Ao
c) x10° (d
x5 8
%
>6
c
S4
(on
o
w2
0 0.5 1
by
5
4><‘I0 ()
>3
&
=
(on
o
I 1
- . 0
100°W 0 100°E 0 3 6
Longitude s, (cm)

Fig. B1. Spatial pattern of the calibrated parameters Aq (a), bp (b), and sg (c), while their means and standard deviations are denoted as y and o. The pixels marked as
barren by MODIS IGBP are assumed to have no vegetation cover, and Ag and by are set to 0 in the calibration process.
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Fig. B2. The minimum of the cost function C4 (a, b) and the effective data volume (c, d) involved in the forward model calibration. Their means and standard
deviations are denoted as u and o, respectively. All data have a grid size of 9 km.

Table B1

Statistical values of the calibrated parameters for different land cover types.
IGBP Ao bo so (cm) Simulation error (linear) Number of valid observations

mean standard deviation mean standard deviation mean standard deviation mean standard deviation mean standard deviation

ENF 0.007 0.023 0.015 0.015 1.444 1.154 0.006 0.002 42.987 45.909
EBF 0.020 0.074 0.010 0.013 2.240 1.654 0.011 0.004 60.458 27.991
DNF 0.017 0.023 0.012 0.009 1.132 1.057 0.005 0.001 14.393 6.849
DBF 0.042 0.113 0.014 0.013 2.290 1.810 0.009 0.003 61.329 52.035
MF 0.017 0.052 0.011 0.009 1.131 1.024 0.006 0.002 29.650 35.745
CS 0.039 0.062 0.285 0.238 3.769 1.921 0.006 0.005 44.978 21.768
oS 0.072 0.122 0.206 0.298 1.434 1.693 0.004 0.003 30.631 35.232
WS 0.050 0.084 0.022 0.026 1.416 1.631 0.006 0.003 37.361 37.461
S 0.053 0.107 0.047 0.053 2.241 2.149 0.007 0.004 43.228 43.830
G 0.095 0.173 0.141 0.179 1.784 1.928 0.007 0.004 47.905 36.830
PW 0.014 0.046 0.003 0.014 0.430 0.350 0.007 0.003 14.631 15.594
C 0.133 0.231 0.051 0.056 1.541 1.691 0.009 0.003 80.388 64.614
U — — — — — — — — — —
CNVM 0.121 0.205 0.036 0.037 2.661 2.094 0.011 0.005 80.153 52.368
PSI - - - - - - - - - -
B - - - - 1.510 1.599 0.005 0.004 59.895 42.195
W _ _ _ _ _ _ _ _ _ _

Appendix C. Effective data of SPL2SMAP_S and S1-DPA in 2020
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Fig. C1. The number of effective data in 2020 for two global 1-km resolution SM products involving Sentinel-1 SAR: SPL2SMAP_S (a) and S1-DPA (b).
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Data availability

Sentinel-1 DPA data will be available on this website: https://doi.

pangaea.de/10.1594/PANGAEA.968754
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