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A B S T R A C T

Soil moisture is an important variable controlling many land surface processes and is used to quantify
precipitation, drought, flooding, irrigation and other factors that influence decision making and risk-assessment.
This paper presents the retrieval of high resolution (∼1 km) soil moisture data from Sentinel-1 C-band Synthetic
Aperture Radar (SAR) backscatter measurements using a new bistatic radiative transfer modeling framework
(RT1) previously only tested for scatterometer data. The model is applied over a diverse set of landcover types
across the entire Po-Valley in Italy over a 4-year time-period from 2016 to 2019. The performance of the soil
moisture retrievals is analyzed with respect to the ERA5-Land reanalysis dataset. The model parameterisation
and retrieval method are chosen such as to constitute a trade-off between a physically plausible and a
computationally feasible modeling approach. The results demonstrate the potential of RT1 for the retrieval
of high-resolution soil moisture data from SAR time series.
1. Introduction

Soil moisture, recognized by the Global Climate Observation Sys-
tem (GCOS) as an ‘‘Essential Climate Variable’’ (Bojinski et al., 2014;
Hollmann et al., 2013), is an important input-variable for studies and
applications concerning hydrology, agriculture, soil-sciences and global
climate models (Peng et al., 2021). It can be observed using active and
passive microwave satellites, on regional to global scales, irrespective
of cloud-coverage and lightning conditions, and feasible even in the
presence of low to moderate vegetation coverage (Romshoo et al.,
2002).

While coarse resolution (∼10–50 km) soil moisture (SM) data de-
rived from microwave radiometers and scatterometers (for example
SMOS (Kerr et al., 2001), SMAP (Entekhabi et al., 2010), and AS-
CAT (Wagner et al., 2013)) are capable of providing valuable insights
for large-scale numerical weather prediction and climate models, these
data sets do not capture local scale soil moisture variations. Many
small-scale applications such as localized weather prediction, risk- and
disaster management as well as applications in hydrology, forestry
and agriculture require a minimal spatial resolution below 1 km to
adequately represent the local conditions ultimately desired by the end-
users (Peng et al., 2021). Such a high spatial resolution can be achieved
using Synthetic Aperture Radar (SAR) instruments like the C-band SAR
on board the ESA Copernicus Sentinel-1 satellite constellation (S1A
and S1B and their upcoming successors S1C and S1D). Compared to
other SAR sensors (Balenzano et al., 2021), Sentinel-1 is particularly
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attractive for soil moisture monitoring because of its good temporal
coverage. However, the Sentinel-1 dataset has unique sampling and
measurements characteristics that require the adaption of existing re-
trieval strategies (Bauer-Marschallinger et al., 2019; Gao et al., 2017;
Foucras et al., 2020; Nguyen et al., 2021; Benninga et al., 2019; Zhu
et al., 2022; Mengen et al., 2023).

In addition, it has also been shown that data-fusion methods can
be used to harness the good temporal and radiometric resolution of
coarse-scale observations and the fine spatial details provided by SAR
systems. For example, the Copernicus 1 km Soil Water Index (SWI)
dataset (Bauer-Marschallinger et al., 2018) fuses observations from the
ASCAT instrument (active C-band radar, ∼25 km) and Sentinel-1 (∼1
km) and the ‘‘SMAP/Sentinel-1’’ (Das et al., 2020) product uses a fusion
between SMAP (passive L-band radiometer, ∼33 km) and Sentinel-1
(∼1 km) to generate high-resolution soil moisture products at 1 and
3 km sampling. While these fusion approaches provide a unique way to
obtain datasets with fine spatio-temporal sampling, the temporal signal
is mostly driven by the much more frequent coarse scale observations.
Also the effective spatial resolution of a fused dataset is likely larger
than that of the SAR data that were used to superimpose the fine
spatial details. Small-scale soil moisture patterns caused by irrigation
or highly localized precipitation may not be captured by these datasets.
Therefore, it is important to develop high resolution data sets just
based upon Sentinel-1 observations, even if their temporal sampling
falls short of the fused data sets.
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The aim of this study was to investigate the use of the new radia-
tive transfer model RT1 for retrieving soil moisture from Sentinel-1
SAR time series at 1 km scale. RT1 introduces parametric distribution
functions to simulate the directional dependency of soil- and vegeta-
tion scattering (Quast and Wagner, 2016), thus representing a generic
scattering model capable of simulating not just backscatter as needed
by mono-static radar systems but also bistatic scattering needed for
multi-satellite measurement concepts as realized by Global Navigation
Satellite System (GNSS) Reflectometry (Edokossi et al., 2020) and
the upcoming SAR constellation mission Harmony (ESA, 2022). While
providing a rather flexible framework, the parametrization of RT1 is
challenging. Therefore, studies are needed to test its applicability for
different radar instruments. In Quast et al. (2019) we have already
shown that RT1 is well suited for simulating Advanced Scatterometer
(ASCAT) backscatter measurements at 25 km spatial resolution over
the entire incidence angle range from 25◦ to 65◦. The parametrization
of RT1 profited from the multiple-viewing capabilities of the ASCAT
instrument, and allowed to separate scattering contributions from the
soil surface, the layer of vegetation and soil–vegetation interactions.

Other than ASCAT, the Sentinel-1 SAR instrument provides a much
finer spatial resolution but also entails measurement characteristics
which complicate the separation of soil- and vegetation scattering con-
tributions: A lower temporal resolution, a lower radiometric accuracy,
a narrower range of incidence-angles and only a single incidence-angle
per observation. To overcome these limitations, we investigate the use
of auxiliary Leaf Area Index (LAI) data to serve as a proxy for the
seasonal dynamics of the vegetation layer within the RT1 retrieval.
The presented model parametrization is hereby applied over a variety
of landcover-types in the Po-Valley basin (Italy) for a set of ∼300000
imeseries (2016–2019) at an effective spatial resolution of ∼1 km

(500 m pixel sampling).
The presented work is structured as follows: Section 2 provides a de-

scription of the used methods as well as the RT1 model parametrization
and Section 3 presents details on the used datasets. Finally, Section 4
provides a comprehensive discussion on the constraints that led to the
used model-parametrization and gives an overview of the obtained re-
sults and their performance in comparison to the ERA5-Land reanalysis
dataset (ECMWF, 2018).

All results presented within this paper have been generated with
the RT1-python module which is available as an open-source pack-
age (Quast, 2021).

2. Methods

2.1. RT1 model

A key task for radar-based soil moisture retrievals is the separa-
tion of measured backscatter (𝜎0) data into contributions originating
from soil- and vegetation (Fung, 1994; Ulaby et al., 1986). In the
presented study, this separation is performed by using a first-order
radiative transfer model (RT1) (Quast et al., 2019) in conjunction with
a non-linear least squares optimization routine. The scattering response
of a vegetation-covered surface is described via successive orders of
scattering expansions of the radiative transfer equation applied to
the problem of a (rough) surface covered by a tenuous distribution
of particulate media. The primary assumption is that any radiation
which is scattered more than once inside the vegetation-layer no longer
adds a significant contribution to the signal measured by the detector.
This approximation leads to a so-called 𝜔 − 𝜏 model (Attema and
Ulaby, 1978), where the single-particle properties used in radiative
transfer theory (scattering-coefficient 𝜅𝑠, extinction-coefficient 𝜅𝑒𝑥...)
are embedded in the single-scattering-albedo 𝜔 = 𝜅𝑠

𝜅𝑒𝑥
and the optical-

epth 𝜏 = ℎ 𝜅𝑒𝑥 that describe the averaged properties of a uniformly
istributed layer with a height ℎ. The resulting representation of the
ackscatter-coefficient 𝜎 can then be expressed as a power-series in
2

0

𝑠, where each term represents the return-signal with respect to an
ncreasing number of scattering events:

0 = 𝜎0bare-soil 𝑒
− 2𝜏

cos(𝜃) + 𝜎0vegetation + 𝜎0(𝜅𝑠) interactions +⋯ (1)

In general, the response of a (bare) soil surface can be described via
a ‘‘Bidirectional Reflectance Distribution Function’’ (𝐵𝑅𝐷𝐹 ), which
represents both the magnitude and the directionality of the scattered
radiation (Nicodemus et al., 1992). For the vegetation, the direction-
ality is similarly described via the ‘‘volume-scattering phase-function’’
(�̂�) whereas the magnitude of the scattering-response is governed by
the single-scattering albedo 𝜔. The general form of RT1 is then given
by Quast and Wagner (2016):

𝜎0 = 4𝜋 cos(𝜃0)
[

𝑓𝑏𝑠 cos(𝜃0)𝐵𝑅𝐷𝐹 (…)+

(1 − 𝑓𝑏𝑠)
{

𝑒
− 2𝜏

cos(𝜃0) cos(𝜃0)𝐵𝑅𝐷𝐹 (…) + 𝜔
2

(

1 − 𝑒
− 2𝜏

cos(𝜃0)

)

�̂�(…) + 𝜎0𝑖𝑛𝑡
}]

(2)

where the parameter 𝑓𝑏𝑠 accounts for the fraction of bare-soil within
the observed area and the term 𝜎0𝑖𝑛𝑡 depicts all first-order (e.g. double-
bounce) interaction contributions (represented as half-space integrals
over the product of �̂� and the 𝐵𝑅𝐷𝐹 ).

In order to fully specify the RT1 model, both �̂� and the 𝐵𝑅𝐷𝐹
as well as the effective vegetation parameters 𝜔 and 𝜏 have to be
parameterized via functional representations that relate the general
radiative-transfer descriptors to biophysical variables such as soil mois-
ture, vegetation-water-content, roughness, etc. . . The complexity of
these parametrizations however has to be specified in accordance to
the characteristics of the datasets under investigation in order to avoid
the problem of under-determination within the retrieval procedures.
Finding an adequate trade-off between a physically meaningful repre-
sentation of the observed scene and a computationally suitable rep-
resentation, whose functional complexity is simple enough to allow
unambiguous evaluation of unknown parameters, is therefore a key
task for the parametrization of the RT1 model.

2.2. RT1 model parametrization

In the following, a summary of the parametrization strategy used
within the presented study is given. A discussion of the implications and
influencing factors that led to the selected parametrizations is given in
Section 3.4.1.

2.2.1. Bare soil
Many semi-empirical bare soil scattering models exist in literature

that focus just on the parametrization of the mono-static (e.g. back-
scattering) component of the scattered radiation via a combination
of statistical roughness parameters (correlation-length 𝜆, root-mean-
square-height 𝑅𝑀𝑆𝐻) and Fresnel-reflection coefficients (Oh, 2004;
Dubois et al., 1995; Baghdadi and Zribi, 2006; Fieuzal and Baup, 2016).
However, in order to estimate the strength of first-order interaction-
contributions (𝜎0𝑖𝑛𝑡 in Eq. (2)), it is necessary to parameterize the full
bistatic scattering characteristics. In theory, a description of electro-
magnetic scattering from a rough surface can be obtained via the
so-called Integral Equation Model (IEM/IEMM Álvarez-Pérez, 2001)
or one of its successors IEM2M (Álvarez-Pérez, 2012), AIEM (Chen
et al., 2015). While IEM calculations provide valuable insights in
the general scattering mechanisms, an optimization of the required
model parameters via a non-linear regression in conjunction with a
dynamic vegetation-correction on a large database is not computa-
tionally feasible. Since the presented study aims to provide a scalable
parametrization, applicable for big-data processing, the complexity in
modeling the soil scattering behavior is greatly reduced by using a gen-
eralized Henyey–Greenstein function (Eq. (3)) as introduced in Quast

et al. (2019). This function represents a peak in specular direction
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that is normalized with respect to the nadir (𝜃0 = 0) hemispheri-
al reflectance (𝑁). The width of the peak can be adjusted via the
irectionality-parameter 𝑡 (0 for a Lambertian surface, 1 for a mirror)
nd the parameter 𝑎 allows introducing an anisotropy in the incidence-
ngle behavior. This definition allows to disentangle the parameters (𝑡,
) that govern the incidence-angle behavior of the BRDF (related to
oil roughness, texture etc.) from the parameter 𝑁 that sets the overall
agnitude of the scattered radiation (related to the soil-permittivity 𝜖

nd consequently, in the microwave-domain, to soil moisture).

𝑅𝐷𝐹 (𝑁, 𝑡, 𝑎) = 𝑁
𝑅0(𝑡, 𝑎)

𝐻𝐺(𝑡, �̃�𝑎) with (3)

𝐻𝐺(𝑡, 𝛩) = 1
4𝜋

1 − 𝑡2
[

1 + 𝑡2 − 2𝑡 cos(𝛩)
]3∕2

�̃�𝑎 = 𝑎 cos(𝜃0) cos(𝜃𝑠) − sin(𝜃0) sin(𝜃𝑠) cos(𝜙0 − 𝜙𝑠)

𝑅0(𝑡, 𝑎) =
(1 − 𝑡2)
2𝑎2𝑡2

⎡

⎢

⎢

⎢

⎣

(

1 + 𝑡2 + 𝑎𝑡
)

−
√

(

1 + 𝑡2 + 2𝑎𝑡
) (

1 + 𝑡2
)

√

(

1 + 𝑡2 + 2𝑎𝑡
)

⎤

⎥

⎥

⎥

⎦

(𝜃0, 𝜙0) and (𝜃𝑠, 𝜙𝑠) hereby represent the direction of the incident- and
cattered radiation.

Note that this parametrization avoids introducing a direct rela-
ionship to (geometrically defined) statistical roughness parameters
𝜆, 𝑅𝑀𝑆𝐻) but rather aims to be a more generic description of the
istatic scattering distribution resulting from wave–particle interactions
n the first few centimeters of the soil. The effects of soil properties on
he microwave backscattering coefficient 𝜎0(𝜃, 𝜙) are therefore effec-

tively represented via the scattering directionality parameter 𝑡 and its
numerical value is optimized within the retrieval procedure.

2.2.2. Vegetation
The ability of the vegetation-layer to scatter or absorb incoming

radiation is described via the radiative-transfer parameters single-
scattering-albedo 𝜔 and optical-depth 𝜏. Furthermore, the angular
scattering-distribution of the vegetation-layer is parameterized via a
so-called ‘‘volume scattering phase-function’’ �̂�. In theory the shape
f �̂� could be evaluated via statistical electrodynamics, approximating
egetation constituents (e.g. trunks, leaves etc.) as simplified dielectric
hapes (de Matthaeis and Lang, 2005). However, considering the prop-
rties of the utilized dataset within the presented study, an unambigu-
us retrieval of a large set of parameters governing the incidence-angle
ependency of the vegetation-contribution to 𝜎0(𝜃) is not directly possi-
le. With only one incidence-angle per measurement, the directionality
f �̂� and the single-scattering albedo 𝜔 are ambiguous parameters
ith respect to the zero-order vegetation-contribution in Eq. (2). They

ould only be disentangled by studying their effects on higher-order
e.g. interaction) contributions or using bi-static measurements. Those
‘first-order corrections’’ however represent only a minor contribution
o the total backscatter measurement and they are similarly dependent
n the used parametrization of the BRDF. Consequently, for mono-
tatic measurements with a narrow range of incidence-angles, it is
irtually impossible to perform an unambiguous retrieval of vegetation-
irectionality parameters alongside an estimate for 𝜔. Therefore, the
egetation-scattering phase-function �̂� was chosen to be isotropic.

�̂�(𝛩) = 1
4𝜋

(4)

It is important to notice that this choice for �̂� will affect the overall
magnitude of the obtained 𝜔 estimates since the zero-order vegetation-
contribution is governed by the factor 𝜔

2 �̂�(...). A comparison of 𝜔 values
from similar studies must therefore always be done with respect to the
associated choice for �̂�. In order to incorporate the seasonal variabil-
ity of the vegetation coverage, the temporal behavior of the optical
depth 𝜏 is prescribed via auxiliary Leaf-Area-Index (LAI) timeseries
provided by the ERA5-Land Service (2019) reanalysis dataset. While
3

in general we expect a complex functional relationship between 𝜏 and
𝐿𝐴𝐼 , depending on multiple plant-physiological factors, unambiguous
parametrization of such a relationship at an effective spatial resolution
of 1 km is challenging and it would require extensive knowledge on the
vegetation characteristics at the time of observation.

For the sake of this study, we therefore use a extremely simplified
relationship by assuming a homogeneous dynamic range throughout
the study-area:

𝜏 = 𝐿𝐴𝐼→ scaled to ∈ [0, 0.5] (5)

The numerical range was chosen to preclude saturation of the absorp-
tion from the vegetation-layer, taking into account the fact that at a
spatial resolution of ∼1 km we always expect a fraction of the pixel to
exhibit no or only moderate vegetation cover. In general, the use of aux-
iliary datasets inevitably adds additional uncertainties to the retrieval
procedure that propagate to the obtained model parameters. Large
differences in magnitude that are not reflected in the 𝜎0 measurements
as well as instantaneous ‘‘jumps’’ or gaps in the data will complicate
the retrieval procedure and consequently degrade the soil moisture
retrieval performance. The utilized ERA5-Land dataset has an effective
spatial resolution of ∼9 km that represents the monthly climatology
obtained from the MODIS MOD12A2 LAI product (ECMWF, 2018). As
such it represents a continuous, generally ‘‘well-behaved’’ timeseries
that can directly be used to approximate the expected seasonal dynam-
ics of the vegetation-cover. The spatial variability of the LAI dataset
however is insufficient to capture abrupt changes in the magnitude of
the 𝜎0 vegetation contribution at 500 m sampling. The spatial dynamics
of the LAI dataset were therefore harmonized to avoid issues with
the spatial representativeness of the LAI dataset, and the retrieved 𝜔
values consequently subsume all remaining spatial variability of the
vegetation-cover within the RT1 parametrization.

2.3. Retrieval procedure

The retrieval procedure is based on a non-linear least squares re-
gression utilizing the trust-region-reflective Levenberg–Marquardt algo-
rithm (Moré, 1978) as implemented in the python module
scipy.optimize (Virtanen et al., 2020). The optimization mini-
mizes the root mean square difference between the observed and mod-
eled backscattering-coefficient of the whole timeseries 𝛥𝜎
=
√

∑

(𝜎0𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 − 𝜎0𝑚𝑜𝑑𝑒𝑙𝑙𝑒𝑑 )
2 for each pixel individually. 𝜎0𝑚𝑜𝑑𝑒𝑙𝑙𝑒𝑑 is cal-

culated via Eq. (2), and the parametrization of the remaining unknown
parameters 𝜔, 𝑡 and 𝑁 is done as follows:

Since the moisture state of the soil surface can change completely
from one timestamp to the next, a unique 𝑁 value is optimized for
each Sentinel-1 timestamp. As stated in Quast et al. (2019), physical
plausibility considerations (based on Kirchhoff’s law and measurements
on C-band emissivity) suggest 𝑁 < 0.1. The range of 𝑁 within the
retrievals has therefore been chosen between [0.01, 0.075] with a
start-value of 0.025. The actual bare-soil scattering response 𝜎0𝑏𝑎𝑟𝑒_𝑠𝑜𝑖𝑙 is
etermined by both 𝑁 and the accompanying directionality parameter
𝑠 of the BRDF-function (as defined in Eq. (3)). This parameter was
stimated for each pixel as a temporally constant parameter within a
ange of [0.01, 0.5] and a start-value of 0.2. 𝑡𝑠 hereby fully specifies
he bistatic soil scattering directionality which is required for the
stimation of first-order interaction contributions. It is important to
ote, that since we are dealing with mono-static measurements with
narrow range of incidence-angles, the bistatic part of the distribution
ust be seen as a ‘‘best-guess’’ and not as a reliable estimate (which

ould only be obtained when using an actual bistatic measurement
onfiguration). Finally, a unique (temporally constant) 𝜔 value is op-

timized for all timestamps that belong to a given Sentinel-1 orbit
ID. This is done to account for systematic differences with respect to
changing azimuth and incidence-angles. Depending on the Sentinel-1
orbit-coverage pattern (Fig. 4), this leads to 2–4 individual 𝜔 values
per pixel. The range of possible values is set to [0.01, 0.5]. Since
𝜔 represents the primary parameter that governs the strength of the
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Table 1
Summary of the parameter specifications used in the presented results.

Min Max Start value Frequency

N 0.01 0.075 0.025 Per observation
𝜔 0.01 0.5 [0.05, 0.25, 0.4] Per orbit
𝑡𝑠 0.01 0.5 0.2 Constant

vegetation-contribution, a set of 3 different start-values (0.05, 0.25 and
0.4) have been processed to assess the impact of different start-values
on the obtained parameter-estimates (see Table 1).

2.4. Urban area, water-body and topography masking

Urban areas and water-bodies are masked using the resampled
CCI land cover classification as described in Section 3.2. To avoid
considering pixels that show physical properties that contradict certain
model assumptions (e.g. snow-cover, frozen-soil or areas with high
topographic complexity) a topography mask is incorporated. Thresh-
old values for masking are defined with respect to the mean (ℎ𝑚𝑒𝑎𝑛)
and standard-deviation (ℎ𝑠𝑡𝑑) of the orthographic height within a
500 m × 500 m pixel based on the 90 m Copernicus Digital Evaluation
Product (Fahrland, 2020). For the presented study, any point that
exhibits ℎ𝑚𝑒𝑎𝑛 > 675m or ℎ𝑠𝑡𝑑 > 35m is masked. This masking results in
a number of ∼165000 valid and ∼135000 masked pixels. The resulting
mask is visible in Fig. 3.

3. Datasets

3.1. Study area

The study region is the catchment area of the Po river in Northern
Italy with some smaller contributing areas in Switzerland. It is the
largest basin in Italy, covering ∼24% of the Italian national territory
with a population of ∼17 million inhabitants, contributing ∼ 38% of
the national GDP (∼35% of the national agricultural product) (Mosello,
2015). The climate (classified via the Köppen climate classification Kot-
tek et al., 2006) ranges from ‘‘humid subtropical’’ to ‘‘hot-summer
mediterranean’’. Annual precipitation is ∼ 1200 mm and monthly mean
temperatures range from 0–5 ◦C in winter (January) to 22–25◦C in
summer (July). The North-Western part of the basin is covered by the
Alps with barren mountains ranging above 4000 m whereas the central
flat basin (referred to as the ‘‘Po-valley’’) is dominated by agricultural
areas used for intensive cultivation of rice, grapes, cereals, vegetables
and fruits. The selected area covers ∼75000 km2, encompassing more
than 300000 pixels at the used spatial sampling of 500 m. (See Fig. 1).

3.2. CCI land cover

The European Space Agency (ESA) CCI land cover dataset v2.0.7
(European Space Agency (ESA), 2017) at 300 m spatial resolution
is used to assess the retrieval performance (Section 4) for different
land cover classes. The dataset is aggregated from the initial grid
(equidistant Latitude–Longitude grid with 0.002778 degree separation)
to the spatial sampling used within this study (500 m Equi7EU grid BM
et al., 2019) by assigning the most commonly encountered land cover
class among the intersected pixels (on average, each 500 m pixel is
intersected by ∼ 4 CCI landcover pixels). The resulting classification is
shown in Fig. 2
4

Fig. 1. Location of the study area (Background map: Sentinel-1 global backscatter
model (vv) Bauer-Marschallinger et al., 2021a).

Fig. 2. CCI landcover classification with respect to the most commonly encountered
landcover-class for each 500 m pixel. The used abbreviations are specified in Appendix.

3.3. Copernicus global digital evaluation model (CopDEM)

Topographic information is obtained from orthometric height mo-
saics based on the global 90 m Copernicus Digital Evaluation Model
(CopDEM). Fahrland (2020) The dataset is further aggregated (in the
same way as the CCI Land Cover) to the 500 m Equi7 grid, and
the corresponding mean and standard-deviation of the orthometric
heights of the intersected pixels are evaluated. (For the area of interest,
each 500 m pixel is covered by ∼ 40 CopDEM pixels) The resulting
topography is indicated in Fig. 3

3.4. Sentinel-1

Observational input to our RT1 soil moisture retrieval is generated
by the C-band sensor (CSAR) onboard the Sentinel-1 A and -1B satellites
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Fig. 3. Mean CopDEM orthographic height resampled to the 500 m Equi7 grid.

of the European Copernicus program, operated in the Interferometric
Wide-swath (IW) mode that is the mission’s main operational mode
over land and measures backscatter in dual-polarization (VV and VH).
In IW mode, Sentinel-1 offers a systematic and regular revisit of 9
to 1 local observations within 12 days, following the mission’s orbit
cycle and its observation scenario1 (see details in Bauer-Marschallinger
et al., 2019, 2021b). In the Po-Valley in northern Italy the ground
coverage leads to one observation every 1–5 days. Over our study
region, we collected for the period 2016–2019 all available Ground-
Range-Detected at High resolution (GRDH) data at VV-polarization.
This data holds backscatter amplitudes and is specified by a 10 m
pixel spacing, a nominal spatial resolution of 20 m × 22 m, and a
radiometric accuracy of 1 dB (3𝜎) (Torres et al., 2012). All products
underwent preprocessing (Wagner et al., 2021) with our dedicated
python package s1_sigma, embedding workflows for image- and signal-
processing, and a parallelized SAR-preprocessing module environing
the Sentinel-1 Toolbox2 (S1TBX) of ESA’s Sentinel Application Platform
(SNAP v7.0). For each IWGRDH file we subsequently applied 1) orbital
state vectors, 2) image border noise removal (following an algorithm
developed specifically for S-1 Ali et al., 2018), 3) annotated radiometric
calibration factors, 4) slant range – zero Doppler geometric terrain cor-
rection (using a combined 3arcsec SRTM/GDEM elevation model [VFP
SRTM DEM at 90 m pixel sampling (de Ferranti, 2015)]), yielding an
intermediate image at 10 m pixel sampling in geographical coordinates.
Using gdalwarp,3 each file is projected onto the Equi7Grid (Bauer-
Marschallinger et al., 2014) and downsampled with Gaussian filtering
to a 500 m pixel-size, and split into 600 km-sized tiles (following the ap-
proach of Bauer-Marschallinger et al. (2019)). The obtained Sentinel-1
backscatter images hold 𝜎0𝑉 𝑉 (VV-polarized sigma nought) backscatter
coefficient values in decibel (dB). More details on the applied SAR
preprocessing can be found in Naeimi et al. (2016), Elefante et al.
(2016), Ali et al. (2018) and in the specifications for the Sentinel-1
DataCube (Wagner et al., 2021).

3.4.1. Implications of the data characteristics
A discussion of the utilized methodologies and the obtained results

can only be done in conjunction with the characteristics of the used
radar-dataset as well as the incorporated auxiliary datasets. Properties
such as the spatial/temporal/radiometric resolution or the observation
geometry will act as limiting factors in the search for suitable soil-

1 https://sentinel.esa.int/web/sentinel/missions/sentinel-1/observation-
scenario

2 https://step.esa.int/main/toolboxes/sentinel-1-toolbox/
3 https://gdal.org/programs/gdalwarp.html
5

Fig. 4. Number of unique Sentinel-1 orbits available per pixel for the selected study-
period. Masked pixels are indicated with a dimmed color. Both histogram and legend
depict only pixels that are not masked. (For interpretation of the references to color
in this figure legend, the reader is referred to the web version of this article.)

and vegetation parametrizations and impact the performance of the
retrieval procedure and the interpretation of the obtained validation
metrics. The following section therefore summarizes important aspects
of the Sentinel-1 𝜎0 data characteristics and their implications on the
presented study.

Spatial resolution. In order to reduce noise and speckle effects, the
Sentinel-1 data is re-sampled to an effective spatial resolution of ∼1
km (500 m spatial sampling) prior to soil moisture retrieval. An image’s
pixel of 1 km × 1 km encompasses several different soil- and vegetation
characteristics within its area. The obtained parameters consequently
serve as an spatial average that effectively represents the combined
radar response.

The initial re-sampling from the native sampling of Sentinel-1
(∼10 m) to the 500 m pixel spacing aims to enhance the soil moisture
retrieval’s robustness, recognizing the high SAR signal complexity
at the 10 m scale. Additionally, extremely high backscatter values
originating from corner-reflectors, as well as extremely low values from
water-bodies, have been dynamically masked prior to the re-sampling
process. The retrievals are therefore expected to show a noticeable soil
moisture response even in populated areas. This sensitivity however
must be seen as an extrapolation of measurements from surrounding
soil moisture sensitive areas.

Temporal resolution and coverage pattern. The satellites of the Sentinel-
1-constellation (S1A and S1B) operate in a near-polar sun-synchronous
orbit with a 12 day repeat cycle and 175 relative orbits per cycle (Tor-
res et al., 2012).

As can be seen in Fig. 4, the implemented mission observation
scenario4 creates an inhomogeneous number of unique orbits that cover
a given pixel. This pattern leads to a variable number of measurements
(= inhomogeneous effective temporal resolution > 1 day) depending on
the number of total covering orbits (e.g. ∼390 ± 12 observations for 2
orbits, ∼580 ± 18 for 3 orbits and ∼780 ± 28 for 4 orbits, in the period
2016–2019).

Certain regions are therefore captured more often than others and
both, the density of measurements as well as the time-difference be-
tween two consecutive measurements, can vary greatly. This results in
the following implications:

4 https://sentinel.esa.int/web/sentinel/missions/sentinel-1/observation-
scenario

https://sentinel.esa.int/web/sentinel/missions/sentinel-1/observation-scenario
https://sentinel.esa.int/web/sentinel/missions/sentinel-1/observation-scenario
https://step.esa.int/main/toolboxes/sentinel-1-toolbox/
https://gdal.org/programs/gdalwarp.html
https://sentinel.esa.int/web/sentinel/missions/sentinel-1/observation-scenario
https://sentinel.esa.int/web/sentinel/missions/sentinel-1/observation-scenario
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• The inhomogeneous data-density will impact how performance-
metrics such as R or RMSD compare, since they are in general
dependent on the number of available observations. However
since the number of observations is always bigger than 390, the
resulting metrics are expected to provide a robust estimate that
is barely affected by the orbit-pattern.

• The distribution of incidence-angles is dependent on the available
satellite orbits. This will affect the retrieval of soil- and vegetation
parameters since the separation between soil- and vegetation con-
tributions is incidence-angle dependent. The lack of information
from certain incidence-angles will make the distinction of differ-
ent parameter combinations more difficult and as a consequence
the selected start-values might have a greater impact on the
retrieved parameter estimates.

• Individual orbits observe areas not only at different incidence-
angles, but also look at the scenes from different directions
(e.g. ascending/descending). This results in a periodic ‘‘orbit-
bias’’ that is dependent on both the topography as well as the
angular distribution of the physical properties of the observed
scene. Since the temporal coverage is already limited, methods for
correcting such orbit-effects are necessary in order to maintain the
temporal resolution and to avoid a ‘‘sawtooth’’-like appearance of
the retrieved SM timeseries.

andcover and topography. The density of the vegetation-cover, the
resence of artificial structures as well as the steepness and topographic
omplexity of the terrain can have a significant impact on the usabil-
ty of Sentinel-1 data for SM retrieval. Therefore, the interpretation
f results for mountainous regions, dense forests or close to densely
opulated areas must be performed with care as the underlying 𝜎0 mea-

surements might exhibit a significantly different behavior compared to
sparsely vegetated areas in flat terrain.

3.5. ERA5-land

The ERA5-Land dataset is a ‘‘replay of the land component of the
ERA5 climate reanalysis with a finer spatial resolution: 9 km grid
spacing’’, providing information on soil- and vegetation variables at
hourly timestamps on a global scale (Service, 2019). Within this study
the following parameters have been used:

• lai_lv (Parameter ID: 66) : Leaf area index, low vegetation
[m2∕m2]
‘‘This parameter is the surface area of one side of all the leaves found
over an area of land for vegetation classified as ‘low’ (e.g. crops
and mixed farming, irrigated crops, short grass, tall grass, tundra,
semidesert, bogs and marshes, evergreen shrubs, deciduous shrubs, and
water and land mixtures)’’.
The data is used to simulate the seasonal component of the
attenuation of the signal during the propagation through the
vegetation-layer. See Section 2.2 for further discussion on the
actual incorporation of the LAI variability within the presented
study.

• swvl1 (Parameter ID: 39: Volumetric soil water layer 1 [m3∕m3]
This parameter is the volume of water in soil layer 1 (0–7 cm, the
surface is at 0 cm).
The dataset is used as a reference-dataset to assess the quality of
the obtained retrievals presented in Section 4.

. Results and discussion

.1. SM retrieval performance

The following section presents results for the selected RT1 model
arametrization applied to a set of ∼300000 𝜎0 timeseries from 2016 to
019, using 3 different retrieval start-values for 𝜔, processed with and
6

without the consideration of first-order interaction contributions. The
soil moisture retrieval performance is hereby discussed by analyzing
the Pearson-correlation (𝑅) between the retrieved timeseries for 𝑁
and the top-layer soil moisture estimates (‘‘swvl1’’, depth = 0–7cm)
rovided by ERA5-Land ECMWF (2018). This analysis therefore implies
linear relationship between the nadir-hemispherical reflectance (𝑁)

nd the volumetric soil moisture in the top soil-layer. In order to assess
he impact of the aforementioned Sentinel-1 orbit-pattern, results are
urther analyzed with respect to the number of available orbits to
dentify possible issues that have to be addressed when dealing with
entinel-1 derived soil moisture datasets.

Fig. 5 shows the spatial distribution of the Pearson correlation (𝑅)
or the retrieved 𝑁 parameter and the ERA5-Land top-layer soil mois-
ure variable 𝑠𝑤𝑣𝑙1 using 𝜔𝑠𝑡𝑎𝑟𝑡 = 0.25 without first-order corrections.
he obtained distribution indicates an overall good agreement between
he variables with a mode of 𝑅𝑚𝑜𝑑𝑒 ∼ 0.6 and a median of 𝑅𝑚𝑒𝑑𝑖𝑎𝑛 ∼ 0.56.

The retrieval procedure in general is affected by numerous influ-
ncing factors. In the following, we focus on assessing the impact
f:

• different choices for the 𝜔 start-value within the retrieval
• the respective CCI landcover class for each pixel
• the number of available Sentinel-1 orbits (see Fig. 4)
• the consideration of first-order interaction contributions in the

retrieval

Fig. 6 indicates the obtained 𝑅 distributions resulting from the 3
ifferent 𝜔 start-values, classified with respect to the most common
andcover-types as well as the number of unique Sentinel-1 orbits. Since
he individual distributions represent results from different locations
which might exhibit very different soil and vegetation characteristics),
direct comparison of the values must be performed with care. How-

ver, it is possible to deduce several general aspects of the retrieval
rocedure: The consideration of first-order interaction effects seem to
rovide only minor improvements on the soil moisture retrieval perfor-
ance. Considering the properties of the available 𝜎0 measurements,

his is however not surprising since the magnitude of these corrections
s highly dependent on the bistatic scattering characteristics of soil-
nd vegetation and the corrections primarily affect the incidence-
ngle dependency of the modelled 𝜎0. The limited number of available
ncidence-angles from Sentinel-1 makes it virtually impossible to obtain
he necessary information to unambiguously parameterize the model
or higher order corrections. Consequently we will in the following limit
he analysis to configurations that omit higher-order corrections.

A distinct feature visible in Fig. 6 that might come as a surprise is
he fact that the obtained correlations are actually higher for forested
reas than for ‘‘Croplands’’ & ‘‘Herbaceous cover’’.

Separating long- and sort-term trends (see Fig. 8) however reveals
hat this increase in correlation is solely related to the fact that the
epresentation of the long-term soil moisture variability is much better
or areas covered by natural vegetation compared to croplands. The
epresentation of soil moisture anomalies on the other hand shows

similar performance. A detailed analysis of the individual perfor-
ance of long- and short-term soil moisture variabilities is given in

ection 4.1.1.
Finally, it is clearly visible that the selected start-value for 𝜔 has

much lower impact on the soil moisture retrieval performance for
‘Croplands’’ & ‘‘Herbaceous cover’’ than for densely vegetated ar-
as (e.g. Tree cover) where higher start-values result in significantly
igher correlations. This indicates that using start-values based on
andcover-classifications might provide considerable improvements in
he retrieval performance, especially over densely vegetated areas.
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Fig. 5. Pearson-correlation (R) between RT1 𝑁 and ERA5-Land 𝑠𝑤𝑣𝑙1 for 𝜔𝑠𝑡𝑎𝑟𝑡 = 0.25 without first-order corrections. Results are masked with respect to topography, and all pixels
classified by the CCI landcover as ‘‘Water body’’ or ‘‘Urban area’’ are excluded.
Fig. 6. Dependency of the Pearson-correlations (R) for RT1 𝑁 and ERA5-Land 𝑠𝑤𝑣𝑙1 on the used retrieval start-value for 𝜔. Results are classified with respect to the most common
CCI-Landcover classes and split with respect to the number of Sentinel-1 orbits available per pixel. The small maps indicate the location of relevant pixels. The suffix [int] indicates
retrievals that consider first-order interaction contributions.
4.1.1. Soil moisture anomalies
An individual analysis of soil moisture anomalies is highly depen-

dent on the method used for separating long- and short-term dynamics.
In the following, the long-term dynamics are identified by applying a
rolling-mean filter with 30, 60, 90 and 120 days to both the RT1 and
the ERA5-Land soil moisture timeseries. Fig. 7 indicates the resulting
Pearson correlation distributions which clearly reveals the impact of
the length of the rolling mean filter. Despite the difference between
the mean-value periods, we see that long-term dynamics show higher
correlations with values around 𝑅𝑚𝑒𝑑𝑖𝑎𝑛 ∼ 0.7–0.8 whereas anomalies
obtain 𝑅 ∼ 0.5–0.55.
7

𝑚𝑒𝑑𝑖𝑎𝑛
Fig. 8 depicts the obtained correlations (anomalies, seasonalities
and absolute-values) classified with respect to the CCI landcover for
the 90 days rolling period. Looking at the anomalies, we see that
rainfed croplands as well as areas covered by natural vegetation show
a similar performance (𝑅𝑚𝑒𝑑𝑖𝑎𝑛 ∼ 0.55) while ‘‘Irrigated or post-flooding
croplands’’ exhibit a lower correlation (𝑅𝑚𝑒𝑑𝑖𝑎𝑛 ∼ 0.45). The reason
for this might be either the distinctly different scattering behavior of
the intermittently flooded fields resulting in anomalous soil moisture
retrievals, or it might be an indication of actual soil moisture signals
originating from irrigation-practices that are present in the retrievals
but not adequately represented in the ERA5-Land 𝑠𝑤𝑣𝑙1 dataset.



Remote Sensing of Environment 295 (2023) 113651R. Quast et al.

n-
Fig. 7. Distribution of single-pixel Pearson correlations for seasonalities and anomalies
of 𝑁 vs. 𝑠𝑤𝑣𝑙1 with respect to different evaluation periods (for the configuration using
𝜔𝑠𝑡𝑎𝑟𝑡 = 0.25). The seasonality hereby represents a rolling-mean of the respective time-
period, and the anomalies represent the remaining difference between the seasonality
and the actual retrievals.

Considering the long-term dynamics, we see that areas covered by
natural vegetation are generally better represented than Croplands or
Herbaceous cover. This is attributable to the fact that long-term soil-
and vegetation dynamics are better represented for ‘‘natural’’ areas,
whereas the spatial resolution of ∼9 km of the auxiliary dataset (used
to mimic the seasonal dynamics of 𝜏) as well as the comparison-dataset
(used for evaluating the soil moisture correlations) does not represent
the dynamics of croplands (irrigation, tilling, harvesting etc.) in the
same way as the utilized Sentinel-1 𝜎0 dataset (which is affected by
variabilities at an effective spatial resolution of ∼1 km).

The spatial patterns of the anomaly and seasonality correlations are
both similar to Fig. 5.

4.1.2. Impact of the sentinel-1 orbit pattern
Fig. 9 shows timeseries grouped with respect to the number of

available Sentinel-1 orbits for forested areas and areas covered by
croplands.

From the general appearance of the timeseries, we see that the
overall dynamics are similarly well represented, whereas an increas-
ing number of orbits adds a ‘‘sawtooth-like’’ disturbance to the soil
moisture timeseries which stems from unaccounted differences of the
𝜎0 observations originating from different orbits. The added value of
a much higher temporal resolution (from ∼4.5 daily observations to
∼ daily observations) therefore introduces at the same time the need
for orbit-corrections. Whether it is better to perform these corrections
on the 𝜎0 timeseries prior to the retrievals or as a post-processing
step on the retrieved parameter-timeseries remains an open question
that requires further analysis. Possible methods to tackle this problem
include orbit-dependent mean-standard deviation scaling, cumulative
distribution function (CDF) matching or timeseries based approaches
like rolling averages or Savitzky–Golay filters or combinations of the
aforementioned methods. In general, it is important to devise meth-
ods that correct only for systematic effects introduced by the orbits
(e.g. observation-geometry and time etc.) while maintaining the ac-
tual signal variabilities introduced by soil- and vegetation dynamics
between consecutive measurements.

4.1.3. In situ comparison
In the following, a comparison with respect to all available in

situ network provided by the International Soil Moisture Network
(ISMN) (Dorigo et al., 2021) is given.

It must be noted that this analysis is only provided for completeness
since the available data is not sufficient do draw definite conclusions.

Results for the 2 available networks are shown in Fig. 10. The
UMSUOL network (Pasquali, 2023) provides a single sensor located in
flat, primarily agricultural area at a depth of 10 cm. Despite the short
time span (until March 2017), the comparison indicates an overall good
agreement to the RT1 retrievals.
8

The second network (STEMS (Darouich et al., 2022), 4 sensors at
10 cm depth) is part of a long-term soil erosion experiment, aiming
to evaluate effects of agricultural management practices on the hy-
drologic, soil erosion and soil compaction process in vineyards. All 4
sensors are encompassed within a single 500 m pixel which exhibits a
complex topography and a high landcover variability. These conditions
are not ideal for comparison with satellite data at an effective spatial
resolution of 1 km which is also evident from the high variability
between the individual station timeseries. The poor agreement between
the RT1 retrievals and the in situ timeseries is consequently related to
the high sub-pixel variabilities that cannot be resolved at an effective
spatial resolution of 1 km.

4.2. Model parameter evaluation

The retrieved temporally static model parameters (e.g. 𝜔 and 𝑡𝑠)
provide additional insights in aspects that affect the observed Sentinel-
1 𝜎0 measurements and consequently the associated performance of
the RT1 retrievals. Fig. 11 shows the spatial distribution of the single-
scattering albedo (𝜔) (averaged over the Sentinel-1 orbits) as obtained
when using a start-value of 𝜔𝑠𝑡𝑎𝑟𝑡 = 0.25. It is immediately evident
that urban areas are characterized by very high 𝜔 values. This stems
from the fact that the mean 𝜎0 is much higher (independent of the
incidence-angle range) due to the presence of strong reflection surfaces
(rooftops, corner-reflectors etc.). The retrieval algorithm will react to
this incidence-angle independent increase in the mean 𝜎0 by increasing
the magnitude of the vegetation-contribution (since it represents a
nearly incidence-angle independent contribution to the total simulated
𝜎0). Since 𝜔 is the only free parameter, acting as a multiplicative factor
of 𝜎0𝑣𝑒𝑔𝑒𝑡𝑎𝑡𝑖𝑜𝑛, densely populated urban areas exhibit very high 𝜔 values.
On the other hand, large man-made structures with a comparably large
fraction of bituminized or moderately vegetated areas (such as airports)
show a distinctly lower 𝜔. For example, the ‘‘Milan Malpensa Airport’’
as well as the 2 neighboring airports ‘‘Ghedi Air Base’’ and ‘‘Brescia
Airport’’ are clearly visible in Fig. 11 (as extended areas with 𝜔 ∼ 0.1).

To analyze the characteristics of 𝜔 with respect to different vegetatio
types, Fig. 12 indicates the distribution of the (orbit-averaged) 𝜔
retrievals for each pixel, classified with respect to the most common
CCI landcover classes. The general trend again follows the a-priori
expectations that croplands obtain a much lower 𝜔 than more densely
vegetated areas (e.g. Mosaic cropland/natural vegetation and areas cov-
ered by broadleaved forests). Also we see that selecting an appropriate
start-value for 𝜔 has a much greater impact for densely vegetated areas
than croplands.

This can be explained by considering the fact that areas covered
by dense vegetation show much lower dynamics in the 𝜎0 timeseries.
This results in an increased number of possible parameter-combinations
that adequately represent the observed 𝜎0 timeseries. The selected start-
value will therefore have a stronger impact on which combination
of parameters will be identified first. Looking at the associated soil
moisture correlations for the forested areas (Fig. 6), we see that while
the model is capable of representing the observed 𝜎 timeseries also with
a lower single-scattering albedo (e.g. using 𝜔𝑠𝑡𝑎𝑟𝑡 = 0.05), a comparison
of the resulting soil moisture timeseries to ERA5-Land shows a much
lower correlations. For croplands on the other hand, a high consistency
between the different start-values is found. This indicates that despite
the overall under-determination of the retrieval procedure, the regres-
sand (e.g. ∑(𝜎0observed−𝜎0modelled)

2) shows a clear minimum with respect
to the obtained distribution of 𝜔 values for moderately vegetated areas.

The spatial distribution of the soil scattering-directionality param-
eter (𝑡𝑠) is depicted in Fig. 13. In the same way as before, the most
prominent features are airports which seem to show a distinctly dif-
ferent behavior than other (sufficiently large) man-made structures.
This time, they exhibit a unusually high 𝑡𝑠 compared to other areas.
In general, a higher 𝑡𝑠 (effectively representing a ‘‘smoother’’ surface)
represents a steeper decrease of the (bare-soil) 𝜎0 with increasing
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Fig. 8. Single-pixel Pearson-correlations for seasonalities and anomalies calculated with respect to a 90 day rolling mean, classified with respect to the most commonly encountered
CCI landcover classes. Results are masked with respect to topography. The small maps indicate the location of the relevant pixels.
incidence-angle. Looking at the overall distribution of values, most
areas obtain 𝑡𝑠 ≈ 0.01 which can again be accounted to the limited
availability of incidence-angles that would be required to distinguish
subtle differences in the scattering-behavior with respect to the soil-
scattering directionality. The obtained value-range (0.01 < 𝑡𝑠 < 0.1)
hereby represents only minor corrections to the calculated 𝜎0 compared
to the impact of other optimized parameters (e.g. 𝑁 and 𝜔).

Despite the limitations involved in obtaining a representative esti-
mate for 𝑡𝑠, a classification with respect to the CCI Landcover (Fig. 14)
still reveals a clear difference between natural and agricultural areas.
A considerable fraction of areas covered by natural vegetation hereby
shows a distinctly higher 𝑡𝑠 compared to croplands, which are nearly
everywhere represented by 𝑡𝑠 = 0.01.

5. Conclusion

The presented study represents a first assessment of the applicability
of the RT1 modeling framework for retrieval of high-resolution (∼1 km)
soil moisture from Sentinel-1 SAR C-band backscatter measurements.
Important aspects concerning the use of high-resolution Sentinel-1 data
are highlighted and a thorough analysis of the performance of the
obtained retrieval performance for a set of ∼ 300000 pixels over a 4-year
time-period from 2016 to 2019 is given. The overall good correlations
with respect to the ERA5-Land top-layer soil moisture variable (𝑠𝑤𝑣𝑙1)
(median Pearson correlation of 0.6) highlights the potential of using
resampled Sentinel-1 SAR 𝜎0 measurements for the generation of high-
resolution soil moisture datasets. The utilized radiative transfer based
model (RT1) hereby serves as a flexible and extensible method that
performs well under a variety of different landcover types and data-
characteristics. To correct for effects induced by the seasonal variability
of the covering vegetation layer, the utilized parametrization uses
auxiliary Leaf Area Index (𝐿𝐴𝐼) timeseries with magnitudes scaled to a
unified range to mimic the temporal signal of the associated vegetation
optical depth (𝜏). The spatial variability of the vegetation coverage was
9

then accounted for by retrieving a temporally constant single-scattering
albedo (𝜔) estimate. The assumption of a unified dynamic range of 𝜏 to-
gether with a spatially varying 𝜔 turned out to provide a robust method
for correcting long-term vegetation dynamics with a minimal number
of unknown variables. While the presented parametrization provides an
overall good performance over the selected study-area, future studies
have to assess the applicability of the approach for large-scale pro-
cessing as well as possibilities for improving the parametrization of
the vegetation-correction with respect to the temporal dynamics as
well as the spatial representability (e.g. by using actual high-resolution
datasets to better capture the small-scale variability of the vegetation
coverage). The usability of the obtained soil-moisture retrievals for
the evaluation of accumulated rainfall via the SM2RAIN algorithm has
been assessed by Filippucci et al. (2021), and a broader perspective
on potential applications of Sentinel-1 high-resolution soil moisture
retrievals for hydrological modeling is given by Alfieri et al. (2021).
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Fig. 9. Comparison of averaged soil moisture timeseries for 100 randomly selected (clustered) pixels selected from areas classified by the same CCI landcover-class and the same
number of unique Sentinel-1 orbits. The green lines indicate the mean ± standard deviation of the temporal variability of 𝜏. (For interpretation of the references to color in this
figure legend, the reader is referred to the web version of this article.)

Fig. 10. In situ comparisons with respect to the available stations provided by the ISMN. The inset-maps show circular areas with 500 m radius around the stations (blue triangles).
The poor agreement to the STEMS network is related to the fact that all stations are located on a hillslope and highly affected by agricultural management practices.
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Fig. 11. Retrieved (orbit-averaged) single scattering albedo (𝜔) for 𝜔𝑠𝑡𝑎𝑟𝑡 = 0.25. Results are masked with respect to topography and all pixels classified by the CCI landcover as
‘‘water-body’’ are excluded.

Fig. 12. Mean single scattering albedo (𝜔) retrievals classified with respect to the most common CCI-Landcover classes. Results are masked with respect to topography. The small
maps indicate the location of relevant pixels.
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Fig. 13. Retrieved soil directionality parameter (𝑡𝑠) for the best configuration that yields the best soil moisture performance. Results are masked with respect to topography and
all pixels classified by the CCI landcover as ‘‘water-body’’ are excluded.

Fig. 14. Soil directionality parameter (𝑡𝑠) retrievals classified with respect to the most common CCI-Landcover classes. Results are masked with respect to topography. The small
maps indicate the location of relevant pixels.



Remote Sensing of Environment 295 (2023) 113651R. Quast et al.

e

s

(

(
M

R

A

A

Á

Á

A

B

Declaration of competing interest

The authors declare the following financial interests/personal rela-
tionships which may be considered as potential competing interests:
Raphael Quast reports financial support was provided by European
Space Agency. Raphael Quast reports financial support was provided
by Karl Neumeier PhD Stpendium. Wolfgang Wagner, Mariette Vreug-
denhil, Bernhard Bauer-Marschallinger reports financial support was
provided by European Space Agency.

Data availability

Data will be made available on request.

Acknowledgments

Processing and analysis of the results presented within this paper
as well as the development of the RT1 python infrastructure (Quast,
2021) would not have been possible without the help of numerous
open-source packages, most importantly: numpy (Harris et al., 2020),
scipy (Virtanen et al., 2020), sympy (Meurer et al., 2017), pandas (McK-
inney, 2010), matplotlib (Hunter, 2007), cartopy (Elson et al., 2021),
geopandas (Jordahl et al., 2021) pytables (PyTables Developers Team,
2002), xarray (Hoyer et al., 2021).

All maps have been created with the open-source package
EOmaps (Quast, 2022).

River-, and lake-overlays displayed on the maps are based on
the EEA WISE (Surface water body) dataset (European Environment
Agency, 2020).

Appendix. CCI land cover legend abbreviations

Legend abbreviations as used in Fig. 2:WB:Waterbody, BA: Bare ar-
as, UA: Urban areas, sv(SHC)(<15%) ∶ Sparse vegetation (tree, shrub,

herbaceous cover) (<15%), G: Grassland, MTaS(>50%)Hc(<50%): Mo-
aic tree and shrub (>50%) / herbaceous cover (<50%), TcMLT(aN):

Tree cover, mixed leaf type (broadleaved and needleleaved,
TcNEcto(>15%): Tree cover, needleleaved, evergreen, closed to open
>15%), TcBDcto(>15%): Tree cover, broadleaved, deciduous, closed

to open (>15%), Mnv(SHC)(>50%)C(<50%) ∶ Mosaic natural vegetation
tree, shrub, herbaceous cover) (>50%) / cropland (<50%),
C(>50%)nv(SHC)(>50%): Mosaic cropland (>50%) / natural vege-

tation (tree, shrub, herbaceous cover) (<50%), CI or P: Cropland,
irrigated or post-flooding, CR: Cropland, rainfed,
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