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Abstract—Soil moisture is a key environmental variable, im-
portant to e.g. farmers, meteorologists, and disaster management
units. Here, we present a method to retrieve Surface Soil Mois-
ture (SSM) from the Sentinel-1 satellites, which carry C-band
Synthetic Aperture Radar (S-1 CSAR) sensors that provide the
richest freely available SAR data source so far, unprecedented
in accuracy and coverage. Our SSM retrieval method, adapting
well-established change detection algorithms, builds the first
globally deployable soil moisture observation dataset with 1km
resolution.

The paper provides an algorithm formulation to be operated in
data cube architectures and High Performance Computing (HPC)
environments. It includes the novel Dynamic Gaussian Upscaling
(DGU) method for spatial upscaling of SAR imagery, harnessing
its field-scale information and successfully mitigating effects from
the SAR’s high signal complexity. Also, a new regression-based
approach for estimating the radar slope is defined, coping with
Sentinel-1’s inhomogeneity in spatial coverage.

We employ the S-1 SSM algorithm on a 3yr S-1 data cube over
Italy, obtaining a consistent set of model parameters and product
masks, unperturbed by coverage discontinuities. An evaluation of
therefrom generated S-1 SSM data, involving a 1km Soil Water
Balance Model (SWBM) over Umbria, yields high agreement over
plains and agricultural areas, with low agreement over forests
and strong topography. While positive biases during the growing
season are detected, excellent capability to capture small-scale
soil moisture changes as from rainfall or irrigation is evident.

The S-1 SSM is currently in preparation towards operational
product dissemination in the Copernicus Global Land Service
(CGLS).
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I. INTRODUCTION

THE SENTINEL-1 SATELLITES have been scanning the
Earth’s surface using high-resolution radar sensors since

2014 with unprecedented spatio-temporal coverage. They carry
a Synthetic Aperture Radar system (SAR) and deliver informa-
tion on surface properties independent from daylight and cloud
cover, operating in C-band (5.405 GHz). It is a mission of
the European earth observation program Copernicus with two
identical spacecrafts, Sentinel-1A (S-1A) launched in April
2014 and Sentinel-1B (S-1B) in April 2016. Together with
the multi-spectral sensors of the Copernicus constellation on-
board Sentinel-2 [1] and Sentinel-3 [2], the Sentinel-1 SAR
mission [3] is a pillar of current and future Earth observation.

High expectations have been raised by the Sentinel-1 mis-
sion. The two Sentinel-1 satellites share the same orbit 180◦

apart and follow a strict acquisition scenario with a 12-
day repeat cycle, featuring stable viewing angles, and thus
predictable viewing geometry and spatial coverage. This setup
enables via SAR interferometry the detection of millimetre-
scale vertical surface deformations within 6 days. In its main
sensing mode over land, the Interferometric Wide Swath Mode
(IW), the Sentinel-1 SAR offers a Ground Range Detected
(GRD) resolution of 20m×22m at revisit frequency of 1.5-4
days over Europe (sensed from different orbits).

However, the sensor design and acquisition strategy consti-
tutes also a break with the antecedent C-band SAR missions
ERS-1/2, Envisat ASAR and Radarsat-1/2, as it provides HH-
polarised observations only over polar areas and limits the
range of observations angles. Having said that, its spatio-
temporal resolution is outstanding as it surpasses the level of
detail of its predecessor missions ERS-1/2 and Envisat ASAR,
or any other civil microwave missions, by far. In conjunction
with the anticipated radiometric accuracy and stability, its
projected longevity, and its free-data-policy, the Sentinel-1
radar mission has drawn much attention in the remote sensing
community as well as among users.

One major application of Sentinel-1 is soil moisture mon-
itoring. Knowledge on soil moisture is essential for the as-
sessment of the global water-, energy- and carbon- cycles [4].
Surface Soil Moisture (SSM), defined as the water content
of the top few centimetres soil, is a key driver of water
and heat fluxes between the ground and the atmosphere,
altering air temperature and humidity [5]. Vice versa, it is
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very sensitive to external forcing in form of precipitation,
temperature, solar irradiation, humidity and wind. SSM is
thus both an integrator of climatic conditions [6] and a
driver of local weather and climate [7]. Consequently, the
knowledge of the spatial and temporal variation of SSM is
crucial in the fields of meteorology, climatology, hydrology,
and agronomy. More specifically, estimation of soil moisture
can be a critical skill in numerical weather prediction [8]–[10],
precipitation estimation [11], [12], flood risk modelling [13],
[14], runoff prediction [15], groundwater recharge modelling
[16], irrigation assessment [17], and creating understanding
of heatwaves [18], droughts [19], ocean-land-feedbacks [20],
and long-term trends in hydrology [21]. On these grounds, soil
moisture is listed as essential climate variable (ECV) within
the framework of the Global Climate Observing System [22].

Microwave remote sensing has demonstrated its capability
in observing SSM in a globally consistent and comprehen-
sive way, reaching maturity during the last decade [23].
Alternatively, in-situ techniques [24] allow for accurate mea-
surements at point scale, but lack spatial representativeness
and require equipment, maintenance and ground access. For
areal-extensive or global undertakings, the use of coarse-
scale measurements (12-50km) from active (radars) or passive
(radiometers) microwave sensors for SSM retrieval is well
established and in operational use. Remotely sensed soil
moisture data from Metop ASCAT [25], Windsat [26], SMOS
[27], SMAP [28] have been thoroughly evaluated and found
widespread use [29], [30].

Coarse-scale sensors as exemplified above have a large
swath/footprint and can capture temporal soil moisture dynam-
ics well with their daily or sub-daily revisit times. However,
they lack spatial details. They do not support analysis of
local hydrological patterns below the 10km scale, such as
effects from convectional rains or topography and thus do not
meet the requirements of many applications. With the aim to
enhance the spatial resolution, many different approaches have
been developed in order to obtain sub-pixel SSM informa-
tion. The methods range from geostatistical analysis [31], to
data fusion [32], [33], and to upscaling algorithms applying
subpixel-patterns [34]–[36]. They have in common the need
for auxiliary data, either temporally concurring observations
from different bands, or a-priori local data as e.g. knowledge
on the local land cover or soil properties, which are commonly
not available everywhere nor are of consistent quality. A
comprehensive survey on upscaling methods for soil moisture
is given by [37].

Contrary, SAR remote sensing systems like the (elapsed)
Envisat ASAR and the current Sentinel-1 CSAR radar can
directly resolve dynamics at the kilometric scale and below.
SAR technology involves advanced radar signal processing,
providing sub-antenna footprint resolution by means of range
and Doppler discrimination [38]. With this, the sensors de-
liver high-resolution radar imagery of the Earth’s geometric
and dielectric properties, potentially resolving objects at the
field level, i.e. at the scale of some 10m. Recent studies
demonstrated the capability of SAR sensors to map SSM us-
ing neural-network-based approaches, employing observations
from Envisat ASAR [39], TerraSAR-X [40], and Sentinel-1

[41]. Previously, [42] introduced a change detection method
for SSM retrieval from Envisat ASAR HH-polarised data,
showing capability to monitor soil moisture dynamics at the
continental level and potential for model assimilation [43].

Our proposed SSM retrieval method builds upon this previ-
ous work, involving the TU Wien backscatter model and time
series analysis. We adopt this model to the new Sentinel-1
sensor, and its alterations are designed to harness the high-
resolution IW mode measurements and to extract optimally the
kilometric SSM signal, which is in demand among many user
groups [44]. The underlying algorithm has to cope with the
immanent challenges of the Sentinel-1 SAR data: 1) The high
complexity of the SAR signal at field scale, at which the soil
moisture signal is superimposed by many scattering signals,
and 2) the inhomogeneous spatial coverage of the Sentinel-1
mission due to its acquisition strategy, leading to problems in
building consistent backscatter time series necessary for model
calibration.

The following section shortly reviews the Sentinel-1
mission- and sensor- characteristics and discusses the novel
challenges brought by Sentinel-1 in detail. This is followed
by a methods section about the proposed adaption of the SSM
retrieval algorithm. Subsequently, results from a evaluation
campaign of the obtained 1km Sentinel-1 SSM data over
Umbria in Italy is presented and discussed. The article closes
with an outlook on upcoming improvements.

II. A NEW SENSOR FOR SSM: SENTINEL-1 CSAR

The European SAR missions ERS-1/2 (launched 1991) and
Envisat ASAR (launched 2002) trailblazed the SAR technol-
ogy in Earth observation. The Sentinel-1 mission (launched
2014) builds on this heritage and institutes the first operational
SAR global monitoring system, providing open data with
unprecedented quality, accuracy and spatio-temporal coverage.

Sentinel-1A and Sentinel-1B form the first satellite pair
and observe the Earth operationally since October 2014 and
October 2016, respectively. Each spacecraft has a foreseen
life time of 7 years, with consumables on-board allowing an
extension up to 12 years. Mission continuity is assured as the
follow-up satellite pair Sentinel-1C and -1D will extend the
operational monitoring component at least until the end of
20301.

A. Specifications for Land Applications

The Sentinel-1 satellites carry a C-band SAR instrument
(CSAR) operating at a centre frequency of 5.405 GHz with
support for co- and cross-polarisation receive channels, po-
tentially operating at four exclusive acquisition modes. While
three modes focus on maritime and emergency operations, the
Interferometric Wide swath (IW) mode is the main acquisition
mode over (non-polar) land, designed to satisfy the majority
of user requirements [45].

In IW mode, CSAR acquires data with a 250 km swath,
spanning an incidence angle range over flat terrain from 29.1◦

1http://www.esa.int/Our Activities/Observing the Earth/Copernicus/
Sentinel-1/Deal sealed for new Sentinel-1 satellites



IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, ACCEPTED ARTICLE, JULY 14 2018 3

to 46.0◦. More specifically, it captures and merges consecu-
tively three parallel sub-swaths using the TOPSAR (Terrain
Observation with Progressive Scans SAR) imaging technique
[46]. At single look, its spatial resolution is 5m×20m, yield-
ing after multi-looking a ground-range-detected resolution
20m×22m in the high-resolution product (IWGRDH). The
radiometric accuracy is specified with 1dB (3σ).

Prior to the launch of Sentinel-1A, dedicated studies on
the potential for global SSM monitoring were carried out
[47]–[49]. They agree that through the mission’s design, the
Sentinel-1 constellation is a suitable system for operational
soil moisture services. It enables global monitoring in a regular
manner and thanks to the long planned mission life time, it lays
the foundation for long and consistent time series. On these
matters, it achieves capabilities comparable to operational
meteorological missions as e.g. Metop ASCAT. However, by
contrast, Sentinel-1 resolves ground features with a spatial
sampling of 10m and at a high radiometric accuracy and
thus allows for the retrieval of hydrological signals at much
more spatial detail. With SAR information at this scale, effects
from land cover, vegetation, topography and also small-scaled
hydrological phenomena like convectional rains or floods may
be described, which are not seen by coarse-scale systems.
Concerning temporal resolution, the Sentinel-1 does not reach
the frequency of meteorological systems, but still improves
much against preceding SAR missions.

B. From a complex SAR signal to SSM dynamics

Despite its favourable sensor characteristics, the direct ex-
ploitation of high-resolution SAR data for SSM retrieval is
complicated by several matters. One issue is that small-scaled
contributions to the radar backscatter from individual ground
features may obscure the soil moisture signal, rendering
common algorithms incapable of SSM retrieval at this scale
[50], [51]. Furthermore, the influence of soil roughness and
vegetation dynamics on the radar signal and the penetration
depth is less understood than in the coarse-scale case [41],
leading to biases during the vegetation period.

We elaborate on these issues with an example SAR image
in Figure 1, showing an Sentinel-1 IWGRDH image from a
section of the Danube river in western Hungary. It illustrates
the high degree of complexity of SAR backscatter over land
at field scale, which is understood in our context as the scale
of 10m sampling (equivalent to 20m resolution). In the image,
distinct objects like waterbodies, roads, buildings can be easily
resolved, also agricultural fields are differentiated, each with
a individual SAR response as a conglomerate of local crop
and soil status. Yet, the signal is sensitive to many individual,
highly-variable features. Concerning vegetation, these include
water content, crop row orientation, size, density, even wind
bending; concerning soil, these include roughness, tillage and
moisture. Disentangling those signals is scientifically challeng-
ing [44], [52], [53] and furthermore, it is hardly automatised
and thus troubling operational dissemination.

One approach to mitigate this problem is to upscale the
SAR signal to the kilometric scale. When done correctly, the
SAR signal at a 500m sampling holds the kilometric-scale

Fig. 1. A detail scene of a Sentinel-1 IWGRDH image at a section of the
Danube river in Hungary, measured in VV-polarisation from orbit Nr. 124 on
2016-05-24 at 05:01.

soil moisture signal, while underlying signals at field-scale
driven by roughness, vegetation and penetration depth are
minimised. Two assumptions are made here: 1) A region’s
individual fields and zones are subject to persistent regional
soil moisture patterns and thus show alike soil moisture
dynamics. This is supported by the temporal stability concept
[54], suggesting that a local soil moisture signal is highly
correlated with the regional soil moisture signal from the
larger surrounding area. 2) Roughness-driven signals induced
by soil- and plant-structure of individual fields and zones are
mutually independent and thus sum up incoherently during
spatial averaging [38]. In practice, this holds on the condition
that cultivated areas at the regional scale are not completely
well-aligned, nor subject to coherent tillage patterns, otherwise
leading to azimuthal effects [55].

A technique suitable for radar image upscaling is outlined
in [56], a work pioneering in image pyramid generation. Here,
each level of an image pyramid holds a upscaled representation
of its parent level image and results from low-pass filtering
and subsequent value aggregation, reducing concordantly the
sample size and spatial frequency. Practically, the reduced
image may be calculated by convolving the input image with
a Gaussian kernel and subsequent local averaging.

Notwithstanding the substantial downsampling from 10m
to 500m, the original field-scale backscatter signal can be
very useful in such an approach, helping to remove effects
of processes different than soil moisture variations. Very
high backscatter-values originate most likely from cities and
other man-made objects that act as corner reflectors. Very
low backscatter-values mainly originate from standing water
surfaces. Accordingly, extreme backscatter measurements are
highly unlikely to carry any soil moisture signal and they
can be discarded from further SAR to SSM processing. This
thresholding & discarding can be applied to each Sentinel-1
input image individually and is here referred to as dynamic
masking.
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On this account, a specialised resampling algorithm that
combines upscaling and dynamic masking can skilfully trans-
form the high-resolution information of the Sentinel-1 SAR
signal from a 10m to a 500m sampling. A thereof retrieved
1km SSM product eventually describes the soil moisture dy-
namics at medium scale with high quality, effectively reducing
the inherent uncertainties from roughness variability and non-
soil surfaces. Having said this, the SAR backscatter model still
needs to account for the signal dynamics induced by seasonal
changes in the vegetation density at the 1km scale.

C. Effects from the Acquisition Strategy

The Sentinel-1 mission is based on a constellation of two
identical satellites in the same orbital plane. The spacecrafts
follow a near-polar sun-synchronous orbit at 693km mean
altitude and a mean local solar time 18h at ascending node and
6h at descending node. As interferometry requires stringent
control of orbit and viewing direction, the spacecraft positions
are maintained within an orbital tube of 50m (1σ) [3].

The temporal revisit time is the time between two over-
passes of one particular ground location from the same orbit
location, repeating the exact acquisition geometry. This is for
one Sentinel-1 satellite exactly 12 days, and for two satellites 6
days. As a consequence from this acquisition strategy, and not
anticipated by the feasibility studies in [47]–[49], the spatio-
temporal coverage of Sentinel-1 is highly inhomogeneous in
two respects:

First, in alignment with the Sentinel High Level Operations
Plan (HLOP) [57], the Sentinel-1 acquisition strategy priori-
tises European landmasses over other regions, as a necessity
from the CSAR duty cycle. The CSAR is technically con-
strained by energy and downlink limitations, and is capable
of sensing in IW mode to a maximum of only 25 out of 99
minutes per orbit. The HLOP stipulates to employ the limited
capacities with priority over ESA’s member- and associate-
states. The current global coverage can be seen on daily
updated maps in the public data catalogue2 of the Earth
Observation Data Centre (EODC).

Second, the effective ground coverage is not uniform.
Ground locations are overpassed differently often by the
satellites during the 12 day orbit cycle. This so-called coverage
frequency time is in general improving with latitude, but shows
also a longitudinal component. The repeating orbit configu-
ration leads to a rhomboid pattern in the ground footprint,
resulting in areas of high observation frequency next to areas
of low observation frequency. Figure 2 shows the hitherto
coverage pattern of Sentinel-1A over Europe for the period
Oct 2014 - Oct 2016. It is noteworthy that Sentinel-1B, as
with identical orbit configuration as Sentinel-1A, does not
mitigate the spatial differences. However, the local coverage
frequency is then improved by the factor 2 and gives a
temporal resolution (the coverage frequency) of 1.5 to 4 days
over Europe.

Another consequence of the stringent spacecraft vectors and
the repeating orbit setup is the already mentioned stability of
the acquisition geometry across orbit cycles. Accordingly, an

2https://eomex.eodc.eu/cm

Fig. 2. Sentinel-1A coverage pattern: Number of observations per location
over Europe in the first two mission years. Observations from later periods
and from Sentinel-1B are not included due to uncompleted processing status.

individual ground location is observed from a finite number
of so-called local incidence angles (LIA). Directly related to
the ground coverage pattern, this number ranges from 2 LIAs
at the equator, to 6 LIAs at the poles (with descending and
ascending azimuth aspects), and also follows the rhomboid
pattern, yielding sections with more LIAs next to sections with
less.

Overall, the regular acquisition scheme facilitates consistent
and predictable observations and is a feature not implemented
in older SAR missions. The stable orbit geometry may be
advantageous for interferometry and other applications, but
for SSM retrieval it poses new challenges: 1) The temporal
quality of the SAR signal varies much, with a persistent
geographical pattern, favouring some zones over adjacent
zones. Hence, the SSM signal quality will not be consistent
over space. As a subsequent consequence, the parameter for
SSM retrieval, which are built from the SAR time series, will
reach maturity in unfavoured areas later. This applies also
for non-European areas, where the measurement frequency
is in general lower. 2) It leaves some areas with a narrow
LIA-range, where the viewing angle dependency of the SAR
backscatter cannot be determined, and thus observations from
different viewing geometries cannot be directly compared or
combined. This relation of backscatter to LIA is commonly
refereed as backscatter slope and was essential to previous
SSM retrieval algorithms [42], [58].

Apart from geographic issues, stipulations in the Sentinel
HLOP have one further impact on SSM retrieval undertakings.
The IW mode is only conflict-free with the other modes when
observing in VV+VH polarisation [57]. This entails that land
surfaces are mainly observed in VV and VH polarisation,
discontinuing HH-polarised observations of (non-polar) land
as done by preceding SAR missions. VV-backscatter signals
stem not only from the soil but also significantly from vegeta-
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tion body and canopy, as they interact more with the (mostly
vertically structured) vegetation than in HH-polarisation [59].
This complicates the isolation of soil moisture dynamics and
potentially aggravates seasonal vegetation biases in SSM time
series [60].

III. THE SENTINEL-1 SSM RETRIEVAL

The here presented Sentinel-1 SSM retrieval algorithm is
based on the TU Wien Change Detection Model [61], which
derives SSM directly from observed radar backscatter, mea-
sured as backscatter coefficient σ0. In this model, changes
in backscatter are interpreted as changes in soil moisture,
while other surface properties as geometry, roughness and
vegetation structure are interpreted as static parameters. The
model parameters describe maximum dry- and wet- conditions,
as well as average signal contributions from vegetation and
surface geometry. The model is self-calibrated at the pixel
scale, as the model parameters are estimated through statistical
analysis of long-term backscatter time series. For the SSM
estimation, the actual backscatter-value σ0(θ, t) at time t and
observation angle θ is normalised to a reference angle Θ and
linearly scaled between dry- and wet-reference values, yielding
relative surface soil water saturation SSM(t) in percent:

SSM(t) =
Δσ0(Θ, t)

S(Θ)
[%] (1)

Here, Δσ0(Θ, t) is the change in normalised backscatter
(relative to dry conditions), and S(Θ) is the sensitivity to SSM
changes at the reference angle Θ. The sensitivity is equivalent
to the local backscatter dynamic range, which is estimated by
the difference between the normalised backscatter coefficients
at wet- and dry- conditions:

S(Θ) = σ0
wet(Θ)− σ0

dry(Θ) [dB] (2)

The model has proven well its capability to produce reliable
soil moisture estimates on a global basis, ingesting C-band
backscatter measurements from ERS-1/2 [62], [63], Envisat
ASAR [43], [64], and Metop ASCAT [65]–[67], whereas for
the latter the model is expanded with a dynamic vegetation
correction (which is not implemented in the here presented
algorithm).

The adaption to Sentinel-1 builds upon knowledge gained
with data acquired from 2004 to 2012 through the Envisat
ASAR mission [42], [43], [68], the preparatory study of
[48], and hands-on experience gained during the first years
of operations [69]. As a result, the novel algorithm complies
with the actual specific attributes of the Sentinel-1 sensor- and
orbit-configuration. Its design allows to efficiently extract the
kilometric SSM-signal from the Sentinel-1’s 10m IWGRDH
data stream, while mitigating impacts from abovementioned
spatio-temporal coverage inconsistencies.

The algorithm’s novelty consists of 1) a specialised SAR
upscaling procedure involving dynamic masking, 2) a new
approach for estimating the slope parameter describing the
incidence-angle-dependency, 3) a more stable estimation of
dry- and wet-reference parameters, and 4) a new procedure for
creating static masks. Moreover, 5) the algorithm is formulated

to be operated in data cube architectures, harnessing the
processing power of High Performance Computing (HPC)
environments. The following sections describe in detail the
complete processing of Sentinel-1 backscatter observations to
1km SSM values.

A. Sentinel-1 Data Cube at TU Wien

The preparatory study of [48] examined the volume and
timeliness of the Sentinel-1 data stream. With a daily data
volume of 1TB, it places high demands on processing- and
storage- facilities. It concluded that global-scale services in
near-real-time (NRT) or reprocessing activities are technically
feasible when employed in HPC environments. With this,
a Sentinel-1 product retrieval algorithm is then required to
support parallelisation.

In recognition of these findings, the Remote Sensing Group
of the TU Wien Department of Geodesy and Geoinformation
developed a fully-fledged, parallel-operating, Sentinel-1 pro-
cessing chain [70] that is built on an optimised data cube
architecture [71]. Its basic framework is the Equi7Grid [72],
a spatial reference system designed to handle efficiently the
archiving, processing and displaying of high resolution raster
data over land, while preserving geometric accuracy. It is
defined for the entire Earth and consists of seven planar sub-
grids for each continent, referenced to the ellipsoidal WGS84
datum. The coordinates are defined by individual realisations
of the Equidistant Azimuthal projection, given as eastings and
northings in metres. The Equi7Grid3 not only allows to handle
conveniently large remote sensing spatio-temporal data, but
also to relate and transform data of diverse spatial scales [73].

Naturally, the data cube approach is also well suited for
the SSM retrieval, since parallel image operations as well as
time series analyses are facilitated. Consequently all processed
backscatter- and SSM- data of this study are organised in the
Equi7Grid.

B. Preprocessing of Raw Sentinel-1 IWGRDH

The preprocessing of the Sentinel-1 data comprises SAR-
geocoding, radiometric correction and spatial resampling, and
yield a gridded SAR image database with a 500m sampling.

As initial step, the processor ingests the VV-polarised IW
data in GRDH format, which is already-focused SAR intensity
data that has been detected, multi-looked and projected to
ground range, given as images in ellipsoidal coordinates at
optimal sampling of 10m. The geocoding and radiometric
correction is done with ESA’s Sentinel Application Platform
(SNAP4). In detail, the Range Doppler Terrain Correction
reduces the geometric distortions present in SAR data due
to the observation geometry and the topography, employing
the fully global 90m SRTM DEM from VFP5. The output
backscatter images are stacked in the Equi7Grid data cube.

3Equi7Grid definitions and tools are available at https://github.com/
TUW-GEO/Equi7Grid

4SNAP - ESA Sentinel Application Platform v5.0.0, http://step.esa.int
53 -voidfilled-SRTM, http://www.viewfinderpanoramas.org/
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C. Upscaling to 1km Scale

Next, the SAR upscaling/downsampling to the 1km-
scale/500m-sampling is performed. The method is a combina-
tion of dynamic masking of SAR-values and image reducing
operators and shall be named Dynamic Gaussian Upscaling
(DGU), in reference to the Gaussian image pyramid technique.
Each SAR image is then upscaled individually as follows:

1) Dynamic masking: Very high and low backscatter mea-
surements are highly unlikely to carry any soil moisture
signal and thus are discarded. The thresholds for our C-
band Sentinel-1 SAR images in VV-polarisation are set to
linear equivalents of -5dB and -20dB, with the the upper
limit construed from qualitative comparisons with urban areas
from CORINE 2012 land cover [74] and optical imagery
from Sentinel-2, and the lower limit conservatively construed
from the sensor’s Noise Equal Sigma Zero (NESZ) at -22dB.
Because the value range in linear domain spreads over many
powers of ten, the masking of high values is of chief im-
portance, as those 10m-points are kept from spreading into
the 500m-point during the resampling, polluting the output
image with non-representative values. Figures 3 exemplifies
this effect over a rural area in southwest England, where
several artificial structures act as corner reflectors. Especially
when they form star-shaped artefacts in the SAR image (a),
downsampling is an ill-posed problem at which common meth-
ods as the Bilinear Interpolation fail to represent the average
local backscatter (b). Through masking out high backscatter
pixels before resampling (d), the DGU method effectively
removes those artefacts (e).

2) Pixel aggregation: For each target 500m pixel, the
contained non-masked 10m pixels (sub-pixels) are averaged to
one value by arithmetic mean. The averaging of the values is
done in the linear domain in order to correctly add backscatter
intensities.

3) Gaussian filtering: To remove aliasing effects generated
by the pixel aggregation (as e.g. in Figure 3b), a Gaussian filter
G1km with a Full Width at Half Maximum (FWHM) equal to
1km is applied onto the image. The FWHM, as a means of
spatial low-pass cutoff frequency [75], relates to the standard
deviation σ of G1km as:

σG1km
=

FWHM

κ
=

1000

2
√
2 ln 2

= 424.7 [m] (3)

The conversion factor κ stems from the probability density
function of the Gaussian distribution. G1km is a low-pass-filter
that suppresses signals with spatial frequencies shorter than
1km, while preserving signals with longer frequencies. Yet,
contrary to common resampling tools (e.g. GDAL), the present
resampling procedure reduces concordantly an image’s sample
size and spatial frequencies and thus complies with Nyquist’s
sampling theorem.

As a note, according to theory (e.g. from [56]), the fil-
tering must be applied before the aggregation when down-
sampling/upscaling an image. However, the downsampling
by factor 50 requires a very large kernel with a size of
about 160×160 to represent the G1km (to cover 95% of the
density function), hence the image convolution needs much
computation time.

Fig. 3. Resampling of Sentinel-1 SAR backscatter imagery over agricultural
area in southwest England, featuring artificial objects with high backscattering
coefficient. (a) Original backscatter image. (b) Image resampled to 500m
by Bilinear Interpolation (no mask applied), showing polluted pixels, and
also aliasing (c) Difference to original 10m-sampled image, highlighting
block-shaped artefacts (d) -5dB mask used for dynamic masking. (e) Image
resampled to 500m with Dynamic Gaussian Upscaling (DGU) method. (f) as
(c), highlighting the accurate removal of strong backscatters.

Alternatively, when the pixel aggregation is done before-
hand as suggested here, the convolution6 is applied on a 500m-
sampled image and G1km can then be approximated by a 3×3
kernel:

G1km =
1

16



1 2 1
2 4 2
1 2 1


 (4)

4) No-data-value imprinting. Pixels without any backscatter-
values, and pixels with less than 1% valid sub-pixels within,
are set to the no-data-value. With this, backscatter values from
soil surfaces are propagated into adjacent (semi-) urban areas.
Pixels dominated by water bodies are masked out in a later
step (see Section III-F).

D. Model Parameter Generation

The SSM algorithm requires model parameters for the
estimation of relative soil moisture content. These parameters
are inferred from the Sentinel-1 backscatter archive through
time series analysis. For each grid point, the backscatter
time series is built and statistically examined. Therefrom, the
(static) parameters are retrieved and saved to disk as parameter

6convolve() of astropy v2.0.1, http://www.astropy.org/
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layers, holding values on backscatter distribution, observation
frequency and incidence angle dependency.

1) SAR Slope and LIA Normalisation: The dependency
of the backscatter to the local incidence angle (LIA, θ) is
described by the slope parameter β. This can be modelled in
the most simple way by an indirect linear relationship between
θ and backscatter σ0 [42], yielding the so-called direct slope
βd (see Figure 4a). However, as a result from the Sentinel-1
acquisition strategy, a reliable slope estimation as linear fit
is not possible everywhere for this sensor – in poorly covered
areas lacking either sufficient samples or a large enough spread
of LIA.

To overcome this problem, a new approach is developed
to enable the slope estimation in poorly covered areas. The
correlation of slope β with (non-normalised) sensitivity S
and mean backscatter σ̄0 is for C-band radar found to be in
general very high [76]. Thus, at an individual pixel, a linear
combination of sensitivity S and mean backscatter σ̄0 (i.e. the
dynamic range and the all-time mean of the pixel’s σ0-time
series) can act as surrogate for the slope, called regression
slope βr:

βr = aS + b σ̄0 + c [dB/◦] (5)

This approach exploits the fact that the predictors S and σ̄0

are practically not disturbed by the inhomogeneous coverage
of Sentinel-1 and thus can be calculated throughout the area.
For clarity, we note that βd is available only where the
coverage is adequate, whereas βr can be estimated where
estimates for S and σ̄0 are robust (which is commonly a much
larger area).

The coefficients a, b, and c in Eq. 5 are determined in
areas with adequate coverage, where it is possible to infer
directly the slope βd from the linear relationship between θ
and σ0. Initially, a multiple linear regression model was formu-
lated, predicting the slope βd through the available statistical
parameters of Sentinel-1 backscatter time series, like mean,
sensitivity, standard deviation and other. By support of Monte
Carlo methods testing a multitude of linear combinations
between them, the regression model as in Eq. 5 was found
as optimal, in terms of simplicity and skill to predict βd. The
inclusion of more parameters, or higher-order terms, did not
bring significant improvement.

The regression analysis was performed on a Sentinel-1
backscatter dataset at 500m sampling, covering the period Oc-
tober 2014 to October 2016 and a 1200km × 1200km area in
central Europe (Equi7Grid-tiles E042N012T6, E042N018T6,
E048N012T6, E048N018T6). The thereof obtained coefficient
for Eq. 5 are:




a
b
c


 =




−0.01725
0.00553
0.02546


 (6)

The obtained βr values are used per grid point for the
LIA normalisation of the SAR backscatter observations. The
reference angle Θ = 40◦ is chosen due to its central location
in the range of LIA in Sentinel-1 observations, minimising
the overall error from extrapolation. With this, all resampled

backscatter-values σ0(θ, t) in the archive are normalised to the
LIA of 40◦ by (see also Figure 4b):

σ0(40, t) = σ0(θ, t)− βr (θ − 40◦) [dB] (7)

2) Dry- and wet- reference parameters: To determine with
change detection the relative soil moisture content from the
SAR observations, one must know the SAR backscatter at
dry- and wet- conditions. Ideally, the local backscatter archive
spans over a period long enough (e.g. > 10 years) to cover
events when the soil is completely dry or saturated, respec-
tively. Then, the lowest and highest values of the time series
represent well the dry- and wet- reference parameters (σ◦

dry

and σ◦
wet). Due to measurements errors, outliers (e.g. from

frozen conditions), signal noise, or failing to cover complete
dry- or wet- conditions (over arid climates, or when the
observation record is too short), this is often ill-posed.

To mitigate this problem, and to reduce the necessary
archive length, the algorithm is enhanced in the following way:
A grid point’s dry- and wet- reference backscatter coefficients
are estimated through the 10%- and 90%-percentiles of the
normalised backscatter time series (σ0

P10
(40) and σ0

P90
(40)),

assuming that by this choice, the estimation is not violated
by outliers. These values are then interpreted as 10% and
90% SSM, and extrapolated linearly to 0% and 100% SSM,
respectively (see also Figure 4c):

k =
90%− 10%

σ0
P90

(40)− σ0
P10

(40)

d = 90%− k σ0
P90

(40)

σ0
dry(40) =

0%− d

k
[dB] (8)

σ0
wet(40) =

100%− d

k
[dB] (9)

E. SSM Product Retrieval

The TU Wien Change Detection model attributes changes
in normalised backscatter to changes in soil moisture. This is
realised by linearly scaling of the actual backscatter between
the backscatter coefficients from dry and wet conditions.
1) SSM Estimation: The retrieval of SSM values is per-

formed by application of the scaling equation (Eq 10). With
this, the normalised backscatter-value σ0(40, t) is scaled be-
tween the two values representing historical driest (σ◦

dry(40))
and wettest (σ◦

wet(40)) condition at the grid point in question.

SSM(t) =
Δσ0(40, t)

S(40)
=

σ0(40, t)− σ0
dry(40)

σ0
wet(40)− σ0

dry(40)
[%] (10)

Since the dry- and wet parameters are statistically deter-
mined, extreme events can lead to SSM values out of the
range 0% – 100%. Values that are less than ±20% off-limit
are set 0% or 100%, respectively, and values exceeding those
extended limits are masked as no-data.
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Fig. 4. Sketches for SAR LIA-normalisation and SSM-scaling. (a) The direct slope βd as linear fit between backscatter and local incidence angle (LIA).
(b) Result from conversion of σ0(θ, t)- to σ0(40, t)- backscatter through LIA-normalisation as in Eq. 7. (c) SSM from scaling σ0(40, t) between dry- and
wet-reference backscatter parameters σ0

dry(40) and σ0
wet(40), following Eqs. 8, 9, 10.

2) SSM Error Estimation: The SSM retrieval error is esti-
mated through error propagation of the noise of the Sentinel-1
CSAR instrument in IW mode and the respective uncertainties
of the model parameters. Following the approach for Envisat
ASAR SSM proposed in [42], the SSM retrieval error consti-
tutes of 1) SAR backscatter measurement error Δσ◦, 2) dry
reference error Δσ◦

dry , 3) wet reference error Δσ◦
wet, and 4)

slope error Δβ, and the errors are assumed to be independent
of each other.

Eq. 11 shows the error model from [42], with Δσ◦ as the
error of the S-1 IW data at 1km, Δβ as the noise of the slope
parameter, Δσ◦

dry as the error of the dry reference and Δσ◦
wet

as the error of the wet reference.

ΔSSM2 =
Δσ◦

S

2

+
(θ − 40)Δβ

S

2

+ . . .

+
(SSM − 1)Δσ◦

dry

S

2

+
SSM Δσ◦

wet

S

2

(11)

The CSAR sensor’s uncertainty in IW-mode is given by the
radiometric accuracy with a standard deviation of 0.33 dB for
a 10x10m pixel [3]. The noise level of CSAR in IW mode at
1km was already estimated in [48] to be between 0.05 and 0.07
dB. We revised this estimate to Δσ◦ = 0.2dB after inspection
of the data and assuming higher correlations between the errors
at the 10m scale.

The uncertainties of the model parameters
Δσ◦

dry,Δσ◦
wet,Δβ are estimated based on assumptions

about the potential error sources. Errors can occur in the
model parameters due to incomplete sampling over the
seasons, which was a problem for Envisat ASAR but is not
so problematic for Sentinel-1 CSAR due to the higher and
more regular revisit rate. They can also occur due to inherent
uncertainties in the statistical methods used to estimate the
model parameters. Another error source is the non-dynamic
vegetation correction, which leads to seasonally varying errors
in the model parameters, which are assumed to more severe
for CSAR than for ASAR since observing in VV-polarisation.

Following the reasoning in [42] and [48], we chose the
error of the slope to be 10% of the slope parameter, meaning
Δβ = 0.1β. The errors for the dry- and wet- references are

expected to be 10% of the sensitivity, meaning Δσ◦
dry =

Δσ◦
wet = 0.1S. The maximum retrieval error occurs either

in very dry (SSM = 0%) or very wet (SSM = 100%)
conditions and when the incidence angle of an observation is
furthest away from the reference angle, at 29.1◦. Inserting the
assumptions into the error model of Eq. 11 allows an estimate
of the maximum SSM error:

ΔSSMmax ≈ 0.2

S

2

+
1.09β

S

2

+ 0.01 [%] (12)

F. Static Mask Generation

The Sentinel-1 SSM algorithm does not apply everywhere,
or rather does not result in reliable SSM values for every
surface, as e.g. water, cities or complex terrain. In example,
it is straightforward to mask out water surfaces to remove
misleading values over the sea, lakes and rivers.

1) Water Mask: This is facilitated with the SAR backscatter
parameters. The water mask is created from the 5%-percentile
parameter σ0

P5
(40), where each pixel with a value lower than

-17dB is classified as water. In the SSM images, those pixels
are set automatically to no-data, since SSM cannot be retrieved
over water.
2) Sensitivity Mask: The normalised sensitivity S(40) is

an important measure for the accuracy and reliability of the
Sentinel-1 SSM algorithm. Therefore, a sensitivity mask is
generated, masking out pixels with a low sensitivity of CSAR
to soil moisture changes. A threshold of 1.2dB is used. This
yields a mask that mainly covers urban areas. This mask is
stored as auxiliary layer.

3) Terrain Mask: The terrain correction in the pre-
processing step does not completely remove errors stemming
from topographic effects, owing to azimuthal effects and the
insufficient accuracy of available global DEMs. To identify
and mask out locations with high topographic complexity, an
analysis of the VFP-SRTM90 DEM is carried out and the
elevation slope (the gradient) is computed. From this elevation
slope, a terrain mask is produced, indicating pixels with an
elevation slope higher than 30% (equivalent to a gradient of
17◦). This mask is stored as auxiliary layer.
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IV. DATASETS AND EVALUATION AREA

For evaluating the Sentinel-1 SSM retrieval method, we
generated a 3yr dataset over Italy, using all available
Sentinel-1A/B observations from Oct 2014 – Oct 2017. A
comprehensive evaluation of remotely sensed SSM data re-
quires a reference dataset of comparable spatio-temporally
density and coverage. Here, we used the Soil Water Balance
Model (SWBM, [77]) and carried out an in-depth analysis
of the signal quality over the Umbria region in central Italy,
validating the S-1 SSM data against the model data, as well
as against reference from in-situ and satellite observations.

A. The 1km Sentinel-1 SSM Dataset: S-1 SSM

For the evaluation, all available Sentinel-1 IWGRDH ob-
servations over Italy, which were quality-checked and eligible
for the SSM retrieval, were processed with the algorithm in
Section III. The obtained data cube comprise SAR imagery
over five Equi7Grid-tiles (each 600km wide), with 180 to 420
single observations per 500m pixel (average 291) from the
period Oct 2014 – Oct 2017. From the pre-processed SAR
backscatter data cube, we generated the SSM parameters as
described in section III-D, yielding a set of four parameters
and three masks per Equi7Grid-tile. Finally, we retrieved the
SSM images for each input SAR image. We masked the SSM
data for complex terrain, water and low sensitivity as described
in section III-F.

Figure 5 displays the S-1 SSM model parameters generated
by the algorithm in section III-D over Italy and its neighbours,
along with the Sentinel-1 coverage and land cover from
CORINE [74] for comparisons.

The number of available Sentinel-1 scenes (Figure 5a) is a
function of the Sentinel-1 observation pattern, ranging from
180 to 420 measurements in 3 years. Also, it is obvious
that the inclusion of Sentinel-1B observations is perpetuating
the inhomogeneous coverage of the satellite mission. The
Umbria region showcases the challenges coming from the
inhomogeneity, as comprising in small space the full range of
observations number. The Terrain Mask, generated by methods
described in section III-F, marks many pixels along the Alps
and the Apennines, as well as great portions of Corsica. The
Sensitivity Mask basically marks pixels in and around cities
and coastlines. Both masks work as desired, to exclude pixels
from the product where the S-1 SSM retrieval is insensitive to
soil moisture changes.

Figures 5b-c show the inputs for the dry- and wet references
that hold the average backscatter values under dry- and wet
conditions, respectively. They comprehend many patterns re-
flecting geographic features that are governed by topography
and land cover, but seem to be free of artefacts stemming from
the inhomogeneous coverage pattern. Apparently, the 3yr S-1
backscatter archive allows already a robust estimation of the
parameters. When compared to the land cover (as in Figure
5f), the dry-reference values are in general higher over cities,
and lower in agricultural areas (for example the Po Valley in
central-northern Italy, or the area east of Vienna in the north-
eastern corner of the image). Along the Alps, and also along
the high ranges of the Apennines, the dry-reference is also very

low, likely due to the prevalence of wet snow conditions. The
wet-reference shows high values over cities, too, but lower
values over forests (e.g. at the margin along the Alps), and
moderate values over agricultural areas.

The SSM sensitivity (Figure 5e) is the difference between
the dry- and wet-reference and reflects the algorithm’s ability
to sense SSM changes, constituting a quality indicator. Fortu-
nately, the sensitivity is clearly high over flatlands and agricul-
tural areas, which of special interest of many users, but also
over the central Alps. The latter results from the large range
between wet and dry (or no) snow that commonly governs the
backscatter of the Alps’ higher altitudes. Hence, the Terrain
Mask is of particular importance over high mountain ranges. In
Umbria, only parts of the region feature high SSM sensitivity,
whereas the in-situ station in Emilia-Romagna is located in the
Po Valley, an area featuring almost entirely high sensitivity.

The SAR Slope (Figure 5d) is the parameter used for
normalising the backscatter data for the radar local incidence
angle (LIA), with the latter being a function of the satellite
orbit geometry and the terrain. The here generated regression
slope (following section III-D1) shows a higher dependency of
S-1 SAR measurements on the LIA over cultivated areas and
the central Alps. The reason for the first is to a great portion
the presence of crops and other low vegetation, acting often
as non-lambertian microwave scatterers. The reason for the
strong slope over higher ranges of the Alps is the incapacity
of the regression approach to model the slope where a snow
cover is prevalent. This becomes evident when comparing the
S-1 slope with historic slope estimates from Envisat ASAR
WS (Wide Swath mode) from the years 2005 – 2012 (see
mini map at Fig. 5d). This reference dataset on the one
hand confirms most of the spatial patterns in the S-1 slope
obtained by regression approach, but on the other hand shows
a completely different slope over the Alps (albeit noisy and
erroneous, too). In conjunction with the issue that radar remote
sensing over strong topography is in general error-prone [38],
this encourages us in applying the Terrain Mask consequently.

Moving now on to the resulting S-1 SSM data, Figure 6a
shows an monthly mean SSM image of Italy and its neighbours
for July 2017, when the area was struck by a persistent
drought. The monthly mean image allows full coverage of the
area (in contrast to single observations) and reflect well the
extraordinary dry conditions in Italy at that period, especially
in the east-central regions of Tuscany, Umbria, and Lazio. The
minimap in Fig.6a provides as reference the 2017 July mean
SSM from ASCAT (see Section IV-E), widely confirming the
general SSM pattern in the Sentinel-1 data. While the known
issue of wet biases around larger cities is present in the ASCAT
data (e.g. around Munich or Vienna in the north), it suggests
even drier soils over Italy in that period. Since the SSM-levels
agree well in the other areas, the longer parameter baseline of
the ASCAT sensor (which observes since 2007) presumably
covers more extreme conditions and hence allows the ASCAT
product to estimate more accurately the drought’s severity.

Figure 6b zooms into the Po Valley on July 10-11th, where
a rainfall event, as recorded by interpolated terrestrial rainfall
observations of the Department of Civil Protection in Italy,
is well captured by two consecutive S-1 SSM images. The
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Fig. 5. Collection of S-1 SSM model parameters, and for comparison land cover, at 500m-sampling. (a) Number of observations from Sentinel-1A and -1B
during the evaluation period, overlaid with Terrain Mask and Sensitivity Mask. (b) for the dry-reference, the 10%-percentile of normalised SAR backscatter.
(c) for the wet-reference, the 90%-percentile. (d) the Regression SAR Slope, with historic slope estimates from Envisat ASAR WS (Wide Swath mode) in
the lower left. (e) SSM Sensitivity, overlaid with Sensitivity Mask and location of Emilia-Romagna in-situ-station. (f) CORINE 2012 land cover classes as
major groups.

24h-cumulative precipitation image marks out rainfall areas,
whose outlines correspond well with areas in the SSM data
that changed from dry to wet soil. Analysis at this resolution
of rainfall-induced soil moisture changes is not possible with
established remote sensing SM products, e.g. from Metop
ASCAT or SMOS (not shown).

Figures 6 h) and i) show example S-1 SSM images retrieved
from data sensed by Sentinel-1B the ascending overpasses
on 2017-05-07 and 2017-06-05 at ca. 17h. The extents of
the SSM images illustrate the coverage of Sentinel-1 from
single overpasses. The first image from May shows contrasted
large-scale SSM patterns north of the Alps in Bavaria and
Upper Austria, while over central Italy contoured paths of
rain showers, which crossed the area on that afternoon (as

reported from meteo-data, not shown), are evident in the SSM
image. The second SSM image from June shows rather wet
conditions north of the Alps in southern Germany, as well as
at the southern fringe of the Alps in the Lombardy region.
Weather records (not shown) report heavy local rainfall events
in the area, reflected by the SSM data as scattered wet-spots
in a general dry setting in central-northern Italy. The value
of the Terrain Mask becomes evident when focusing on the
boxed Alpine section, showing unmasked version of the SSM
data. Over strong topography, the radiometric correction of
the radar response and the LIA-normalisation are failing and
create noisy data. The Water Mask appears to correctly take
out pixels over the sea or lakes, reproducing well the coastlines
of the Mediterranean or the lakes in the Alps and in central
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Fig. 6. (a) Monthly mean SSM image over Italy and neighbouring countries for July 2017. Masked areas, and areas outside of the dataset domain, are
displayed in white. The region of Umbria is outlined in red. (b) Zoom into the Po-valley on July 10-11th, with cumulative rainfall from terrestrial rainfall
radars on the left, and single Sentinel-1 SSM observations on the right. Basemap from Google Earth. (c) Example S-1B SSM masked image from 2017-05-07,
afternoon overpass at 17h from orbit Nr.117. (d) As (c) but for 2017-06-05, and with detail over the Alps showing unmasked version. (e) Maximum error in
SSM following Eq. 12.

Italy.

Finally, Figure 6e maps the potential error of the SSM
product over the study’s data domain. These estimated maxi-
mum SSM errors are calculated with Eq. 12. The values range
from 10% to 20% SSM and reflect the error under the most
unfavourable measurement configuration, assuming extreme
observation angles and extremely dry or wet soils. One can see
that the SSM error is strongly related to the SSM sensitivity,
with relatively good conditions over e.g. the Italian valleys, or
western Slovakia/Hungary and the surroundings of Vienna in
the north-east. Zooming into Umbria, and with regard to the

land cover showed in Fig.5f, we see that the estimated error
is low over the agriculturally used lowlands and high over the
forested hills (see also Figure 8 and the next section).

B. Study Area: Umbria Region

The Umbria region in central Italy has a complex landscape
topography and it is characterized by terrigeneous facies and
flysch deposits. The soil, overlying practically impervious
rocks, is composed of clay and sandy silt. The main land uses
are woods (42.6%), and crops (49.2%) that are mainly located
in the flat area, whereas urban areas cover only 3.5% of the
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territory. Forests are generally located in headwater areas and
crops in the low-lying areas. See in Figure 8a the region’s
topography, and in Figure 8b its land cover as from CORINE
2012 [74].

The climate is Mediterranean, with mean annual rainfall
of ca. 950 mm. Precipitation ranges over the study area
between 650 mm and 1600 mm (based on the period 1951-
1999 and on a network of more than 60 raingauges). Higher
monthly rainfall values generally occur during the autumn-
winter period. In this period floods normally occur, caused by
widespread rainfall. The mean annual air temperature (for the
period 1951-1999) ranges between 3.5C◦ and 14.0C◦, with a
maximum in July and a minimum in January. Accordingly, the
mean annual potential evapotranspiration, computed with the
Thornthwaite formula, is, on average, about 800 mm.

A dense real-time hydrometeorological network (1 station
every 150km2) has been operating in the Umbria region for
more than 20 years which currently consists of 90 raingauges,
77 thermometers and different 12 soil moisture stations dis-
tributed throughout the territory [78]. The monitoring network
provides semi-hourly data for which a quality-check step is
performed in order to remove anomalous values and to fill
any temporal gaps.

C. Model Data: SWBM-SA Umbria

We used modelled 1km soil moisture (Model SM) estimated
with semi-analytical SWBM (SWBM-SA, [79]) to test the
ability of the S-1 SSM data to reproduce the temporal and
the spatial variation of SM. The structure of the SWBM was
derived from an extensive study carried out in an experimental
catchment located in Umbria, so the model is specifically
suited for providing reliable SM estimates in this region
[77]. It has been applied also in different test-sites located
across Europe, obtaining a good performance in all of them,
with correlations higher than 0.8–0.9 and RMSDs lower than
0.025m3/m3 [79]–[81].

For this study, interpolated 1km rainfall and temperature
data drove the SWBM-SA model, yielding hourly-based SM
estimates on a 1 km-based regular grid for an area of 8991km2

(Figure 8). The mountainous eastern part of the region was
intentionally excluded as the density of rain gauges here is
much lower and the Sentinel-1 observations are expected to
be largely impacted by the topography. Input precipitation and
temperature data cover the period 2014-2017. Input soil model
parameters were specifically built for Umbria region (outlined
in [78]). SM estimates were produced for the topmost 10cm
of the soil, to minimize the depth mismatch with S-1 SSM
(topmost 5cm).

D. Insitu Data: ISMN

In-situ data from the International Soil Moisture Network
(ISMN, [82]) were used for evaluation (In-Situ SM). The
ISMN provides a harmonised repository of in-situ soil mois-
ture observations all over the world and is well-evaluated and
established in the community [83]–[85]. Here, we use five
UMBRIA-stations from the Umbria region and one COSMIC-
station, close-by in the Emilia-Romagna region (see Fig. 8a).

During the analysis period, only five out of twelve
UMBRIA-stations measured soil moisture, some of them
discontinuously, or not during the full period. The five in-
struments consist of four Frequency Domain Reflectometry
(FDR) stations and one Time Domain Reflectometry (TDR)
station with sensors located at different depths (5-40 cm).
Three stations (Cerbara and Torre dell’Olmo and Petrelle) are
operating in real-time and provide measurements every 30
minutes. For the validation of Sentinel-1 SSM data, we used
only measurements at a depth of 10cm. The two stations in
the east of Umbria are located in a section of good coverage
by S-1 (Foligno, Torre Dell’Olmo with 401 measurements),
the other three in the north-west were measured only half as
often (Cerbara, Monterchi, Petrelle with 198 measurements).

The COsmic-ray Soil Moisture Observing System (COS-
MOS) is a network of stations that measure soil moisture
through a newly-developed cosmic-ray method [86]. The sta-
tionary cosmic-ray soil moisture probe measures the neutrons
that are generated by cosmic rays within air and soil and
other materials, moderated by mainly hydrogen atoms located
primarily in soil water, and emitted to the atmosphere where
they mix instantaneously at a scale of hundreds of meters
and whose density is inversely correlated with soil moisture.
This measurement scale makes it a valuable reference for the
remotely sensed 1km S-1 SSM.

We used the station Water4Crops Budrio IT (098), located
in Emilia-Romagna in the Po Valley in an extremely flat
area with intensive, irrigated agriculture. The site is a test
site for different irrigation techniques and different water
sources (reuse of treated wastewater) and has a mean annual
precipitation of about 750 mm with a mean annual temperature
of 16.0C◦. The station provides measurements of soil moisture
in the range of 0–21cm and data are available from about
2014 to 2016. This station is located in section of medium
S-1 coverage (286 measurements).

E. Satellite Reference: ASCAT SSM

As reference satellite data, we uses SSM data derived from
the Advanced SCATterometer (ASCAT) on-board the Metop
polar-orbiting satellite series (Metop-A/B/C). The ASCAT
sensor is an active microwave remote sensing instrument
operating at C-band (5.255 GHz) in VV polarization. Thus,
this sensor is very similar to the Sentinel-1 CSAR, but with a
substantial lower spatial resolution and higher temporal revisit
time. It has proven to be a valuable instrument monitoring soil
moisture changes over the land [81], [83], [87], employing the
TU Wien backscatter model, too.

The Metop ASCAT SSM dataset was provided by the
EUMETSAT Satellite Application Facility on Support to Oper-
ational Hydrology and Water Management (H-SAF) service7.
The H111 product was selected, a global Climate Data Record
(CDR) of Metop ASCAT 25km SSM time series at 12.5
km sampling on a discrete global grid (DGG), covering the
period 2007 – 2016. The H-SAF SSM CDR is released each
year end of January providing most complete and consistent
SSM information. The product contains SSM retrieved from

7http://hsaf.meteoam.it/
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all orbiting Metop satellites if the calibration between the
instruments has proven to be consistent.

V. EVALUATION

We evaluated the S-1 SSM data against soil moisture data
from the model-, satellite-, and in-situ-datasets presented in
above Section IV. Also, the new Dynamic Gaussian Upscal-
ing (DGU) method for downsampling Sentinel-1 images was
evaluated.

A. Preparations

The different soil moisture products are characterized by
different measurement units and have different grids. Thus,
we reprocessed them for a meaningful comparison.

a) Data Matching to Reference: In particular, the com-
parison of S-1 SSM and ASCAT SSM data with the reference
data required the following steps: 1) Spatial matching: The
satellite pixel of ASCAT and S-1 whose centroid is nearest to
the reference location has been selected and the corresponding
relative SSM time series has been extracted. 2) Temporal
matching: The site-specific soil moisture data closer to the cor-
responding acquisition time of S-1 and ASCAT were extracted
from their time series. Flagged data due to water, sensitivity
or complex terrain, or out-of-bound values, were masked out.
3) Conversion to volumetric SM units: Following [88], per
pixel, the mean and the variance of S-1 SSM and ASCAT SSM
(both in relative units) were matched to those of co-locating
reference data to transfer the values to the absolute domain
with the unit m3m−3. The model-data-grid-points are already
co-locating with the Sentinel-1 pixels, thus spatial matching
(step 1) was not necessary for the evaluation against the model.

b) S-1 SSM Upscaling to 25km: For an additional com-
parison to ASCAT SSM, a spatial upscaling of S-1 SSM
from 1km to 25km was done, following the Gaussian method
described in Section III-C (without pixel masking). With this,
we minimise effects from the different measurement scales
and can assume the same representativeness errors.

For evaluating the SAR backscatter upscaling from 10m
to 500m sampling, we analysed 29 Sentinel-1 IWGRDH
images, distributed over the period Feb 2016 – Nov 2016
and major European regions. Two independent upscaling runs
were applied to the images, yielding two sets of 29 images
at 500m sampling: 1) Run in sequence filtering–aggregation:
First filtering the 10m pixels with an 171×171 Gauss-kernel
and than aggregating them to 500m pixels (as suggested
by theory). 2) Run in sequence aggregation–filtering: First
aggregating them and then filtering with the 3×3 Gauss-kernel
from Equation 4 (as applied in the S-1 SSM algorithm). The
dynamic masking of extreme values at the 10m sampling was
done identically in both runs.

B. SAR Upscaling Performance

According to theory on image sampling, the filtering
must be applied before the aggregation when downsam-
pling/upscaling an image [56]. Regardless of this, the Dynamic
Gaussian Upscaling (DGU, section III-C) first aggregates the

pixels and then applies the (coarse) filter in order to speed up
the processing. We tested the DGU method for a set of 29
Sentinel-1 IWGRDH images.

The comparison of the two upscaling procedures at hand, the
sequence aggregation–filtering against the sequence filtering–
aggregation, shows the following:

1) The processing time, excluding reading/writing opera-
tions, is reduced by factor 9.

2) The median RMSD between the two output sets is
0.05dB.

Fig. 7. SAR resampling from 10m to 500m: Root Mean Square Differ-
ence (RMSD) in backscatter between output from the sequence filtering–
aggregation and the sequence aggregation–filtering (coarse, fast filtering).

Figure 7 shows the distribution of the RMSD between the
two sets of backscatter images. Overall, the errors are of the
same magnitude as the sensor’s noise level at the 1km scale
(0.05dB to 0.07dB estimated by [48], revised to 0.2dB by
us), with most of them smaller, and thus can be regarded as
insignificant. The savings in computation time, however, are
substantial and constitute a major algorithmic improvement.

C. S-1 SSM Signal Quality: Umbria Model Domain

Main results from the evaluation of the S-1 SSM data
against the Umbria Model SM are displayed in Figure 8, with
statistics summarised jointly with the analyses at the in-situ
stations (Section V-D) in Figure 9, comprising the Pearson-R
distributions as well as mean RMSD values in m3/m3.

Fig.8c is a plot of the Pearson correlation coefficients
(R) between the satellite and the model data, mapping
8991 1km grid pixels. The median R-value is 0.38 (mean
RMSD=0.099m3/m3), suggesting only medium agreement
between the two datasets. However, a clear pattern of higher
R-values is detected, reproducing geographic features in the
topography map in Fig. 8a and in the land cover data in
Fig. 8b. It appears that the S-1 SSM shows higher agreement
with the model in the lowlands that are used agriculturally. In
particular the areas classified by CORINE as arable stand out
in the correlation map in Fig.8c, whereas forested areas show
low R-values, confirming the insights from analysing the SSM
sensitivity and SSM maximum error in Fig.5.

The land-cover-driven behaviour of the S-1 SSM is as
expected, as there are similar results documented for previous
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Fig. 8. (a) Evaluation area over Umbria, with Model SM domain, in-
situ stations, and COSMOS-station in Emilia Romagna. Elevation map as
background. (b) CORINE Land Cover, grouped to main classes occurring in
the area. (c-f) Results from the comparison of S-1 SSM with Model SM,
showing the Pearson R over the full model domain (c), the subset of grid
points with high R (d), the summer analysis (e) and the winter analysis (f) of
the subset grid points.

C-band missions as e.g. Envisat ASAR. The radar interac-
tions with forests are not straightforward and the S-1 SSM
sensitivity is as expected low. Certainly, the performance is
higher over areas with less vegetation density, demonstrated
by the map in Fig.8d, showing all grid points with a R-value
higher than 0.50, clearly resembling CORINE’s arable classes.
This underlines that the current S-1 SSM product is not
capable of estimating SSM over dense vegetation like forests.
For further analyses against the Umbria model, we narrowed
down the spatial extent to this subset domain, focusing on the
performance over agricultural land.

That followed, we expect also a seasonal component in the
signal quality, as vegetation dynamics are not modelled by the
algorithm yet. Indeed, the season-separating analysis in Fig.8e-
f show lower R-values during the summer months (April to
September) than during the winter months (October to March)
over the subset area. As this is mainly agriculturally used land,
this indicates that the vegetation variation interferes with the
S-1 SSM signal during the growing season. The hypothesis
that such effects are weaker during the winter months is
supported by the higher agreement for this period (median
R=0.57, mean RMSD=0.076m3/m3).

Fig. 9. Compilation of statistics on Pearson R-values and average RMSD
from the temporal analyses between S-1 SSM and references (Model SM,
ASCAT SSM, In-Situ SM) over in-situ stations (a-c) and the Umbria SM
model (d-k).

Analogue analyses over the Umbria model between
S-1 SSM and ASCAT SSM endorse above findings, albeit
with higher R-values (full model domain, median R in to-
tal period: 0.45 (mean RMSD=0.090m3/m3), in summer:
0.49 (mean RMSD=0.083m3/m3), in winter: 0.75 (mean
RMSD=0.056m3/m3); maps not shown; statistics see in Figure
9e, i, k). The S-1- and ASCAT- SSM-retrievals are very
akin, but one major difference is the absence of a dynam-
ical vegetation correction in the Sentinel-1 algorithm. Thus,
this comparison against ASCAT SSM further indicates an
interference of vegetation dynamics with the SSM signal as
captured by S-1 during the growing season. Obviously, as
being based on the same measurement principle and similar
SSM modelling, the overall agreement is higher with ASCAT
than with the model data (median R=0.45 vs. 0.38; mean
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RMSD=0.090m3/m3 vs. 0.099m3/m3). To suppress the scale
mismatch, an upscaling the S-1 SSM data to the 25km-scale
of the ASCAT observations was done, yielding a median R
of 0.52 and a mean of RMSD=0.080m3/m3 between 25km
S-1 SSM and ASCAT SSM (Figure 9f). We classify this as
a good result, considering the large share of forest and crop
areas in the model domain. We assess from this result also
that implementing a vegetation correction in the S-1 SSM
algorithm would potentially improve the overall signal quality
over vegetated areas.

ASCAT SSM itself shows high agreement with the Model
SM, with an median R of 0.72 (mean RMSD=0.065m3/m3;
Figure 9g), giving us confidence in the signal quality of the
two reference datasets over Umbria.

D. S-1 SSM Signal Quality: In-Situ Stations
Figure 9a-c and Figure 10 display representative results

from the evaluation of the S-1 SSM against the reference
data at the in-situ stations. Overall, the agreement be-
tween S-1 SSM and In-Situ-SM is low (median R=0.29,
mean RMSD=0.088m3/m3), contrary to the comparison with
ASCAT SSM at these locations (median R=0.56, mean
RMSD=0.070m3/m3). The ASCAT SSM product itself seems
to agree well with the ground data (median R=0.63, mean
RMSD=0.056m3/m3), but less than with the Umbria model,
though.

Comparisons of remotely sensed SM data to point-like
ground data is often somewhat troublesome due to the scale
mismatch, but the (larger-scaled) signal from the COSMOS-
station in Emilia-Romagna from Jul 2015 – Aug 2016 is
relatively well reproduced by the S-1 SSM data (R=0.49,
RMSD=0.032m3/m3) Figure 10a). Also the ASCAT SSM sig-
nal, which was available for a longer period, is comparatively
well reproduced (R=0.62, RMSD=0.027m3/m3). Even indi-
vidual peaks are captured, commonly stemming from rainfall
events. At this location, which is defined by flat terrain and
intensive agriculture with irrigation practices, the S-1 SSM
shows a similar agreement with the ground data as the well-
proven ASCAT product (R=0.58, RMSD=0.028m3/m3).

The Torre Dell’Olmo station was recording SM during
the entire validation period (Figure 10b). Here, the S-1 SSM
seems to miss the SM signal (R=0.11, RMSD=0.085m3/m3).
However, inter-comparison of the two satellite products yields
much higher correlation (R=0.64, RMSD=0.056m3/m3), let-
ting us speculate that a scale mismatch troubles the com-
parison, as also the ASCAT shows relatively low agreement
(R=0.60, RMSD=0.059m3/m3) with the in-situ point data.
From the time series plots, also a distinct positive bias during
summer 2015 is evident in the S-1 SSM data. As this is not the
case for 2016 or 2017, more knowledge on the local cultivation
and crop rotation could give insight on this potential vegetation
bias. However, from 2016 ongoing, the temporal dynamics of
the S-1 SSM appear overall to follow a more distinct pattern,
with less noise-like variation. The inclusion of Sentinel-1B
data, starting in Oct 2016, enhances significantly the density
of observations.

Similar observations can be done at Foligno station in east-
ern Umbria (Figure 10c), where we found a similar positive

Fig. 10. Comparisons of time series of S-1 SSM with references (In-Situ
SM and ASCAT SSM) at selected in-situ stations. Values in volumetric units
[m3m−3]. All available data for the period 2014 – 17 are displayed. With
Pearson corr. coeff. (R) and associated sample number of temporally matched
data (Np).

bias in the S-1 SSM data for summer 2015, which is not case
for the ASCAT SSM. While the evaluation against the short in-
situ data is not very meaningful, the agreement with ASCAT
is again high (R=0.68), but with a substantial (mostly positive)
bias (RMSD=0.133m3/m3). The distinct drop of SM levels in
March 2016, as observed at all stations, and by all reference
data, is again well reproduced by the S-1 SSM.

Above findings are widely supported by the time series
analyses at the remaining three stations, which are included in
the statistics in Figure 9 (time series plots are not shown).
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VI. CONCLUSIONS AND OUTLOOK

In this paper, we report on the Sentinel-1 mission and its
suitability for global soil moisture monitoring, continuing the
legacy of ERS-1/2 and Envisat ASAR into the next decade. We
discuss how the mission’s satellite- and sensor- configuration
lays the foundation for operational global monitoring, how
the high-resolution CSAR backscatter measurements can be
used to retrieve soil moisture at the kilometric scale, and
how the processing can be carried out in an efficient manner.
The presented S-1 SSM retrieval algorithm, based on the
well-established TU-Wien backscatter model, consolidates the
knowledge gained during the examination of the Sentinel-1
mission characteristics and data record, and migrates success-
fully the retrieval method to the new sensor.

Several steps had to be taken in order to formulate the
current algorithm.

1) The high spatial resolution of the Sentinel-1 CSAR
imagery brings the benefit of very detailed information on the
soil properties, but comes at the cost of high signal complexity
and large data volume. Here, the Dynamic Gaussian Upscaling
(DGU) method, with the dynamic masking of non-soil pixels
and the efficient downsampling, enables a most correct and
fast upscaling of the 10m sampled input images to a 500m
sampling (featuring a 1km resolution), while exploiting the
high level of detail provided by S-1. The evaluation of the
DGU method showed very satisfying results, as the computa-
tion cost could be reduced significantly (factor 9), while the
errors in backscatter are negligible.

2) The speeded up computation is especially important in
the light of the encountered large data volumes produced by
the S-1 CSAR sensors, when the aim is a daily processing
of continental or global coverage in near-real-time (NRT).
When employing one computer node, the DGU downsamples
one S-1 IWGRDH image in ca. 1min (instead of ca. 10min)
and hence reduces time pressure on the NRT-processing-
facility. Apart from that, the S-1 SSM algorithm with its
design suitable to a tiled data-cube architecture, here realised
by the Equi7Grid, supports parallel processing and lays the
foundation for successful NRT operations employing HPC
systems.

3) The repeating orbit geometry of S-1 constitutes a major
challenge when estimating SSM through SAR change detec-
tion: First, the normalisation of the SAR measurements for
the local incidence angle (LIA) is not possible with methods
used for precursor sensors. A new approach to obtain the
SAR slope through regression from stable SAR parameters
was proven successful. The so-called regression slope enables
the LIA-normalisation of Sentinel-1 observation not only in
well-covered sections, but also in the poorly covered sections.
However, backscatter over strong topography is still wrongly
normalised, but on top of an enhanced model for snow areas,
one would require azimuthal modularisation to be taken into
account, too. A current study [89] tackles this problem, as
it examines the orientation of the slope and discusses a new
method to simultaneously normalise for the incidence- and the
azimuthal- angle of a Sentinel-1 measurement.

4) The second impact of the repeating S-1 orbit geometry

is the inhomogeneous coverage pattern, which will persist
in time. However, a general insight from the examination
of the obtained parameters is that the inhomogeneity of the
S-1 coverage does not lead to a defective parameter set,
suffering from e.g. strip-wise discontinuities. With three years
of data over Italy (which is i.g. less often overpassed than
northern areas), the S-1 SSM algorithm estimates reliably
and consistently slope and reference parameters, effectively
coping with the unequal coverage. Hence, only the varying
observation frequency remains in the SSM data, leading to a
varying temporal resolution around the area, equivalent to a
range of frequency from 1.5 to 4 days over Europe.

5) The dry- and wet-references of the SSM model are now
determined by the 10%- and 90%- percentile of the local
backscatter record, enabling a more robust estimation of these
parameters. However, an absence of pronounced dry- and wet
conditions in the data record period could still incapacitate
the algorithm. With the relatively short S-1 data archive, the
severity of extreme events may be under- or overestimated,
but the percentile-approach seem to be helpful in reducing the
necessary archive length.

6) The production of masks for troubling terrain, low
sensitivity and water bodies was introduced and found to be
valuable to the SSM product during the evaluation. Here, we
identify the masking of frozen soil and snow cover as further
important addition to the algorithm, as radar measurements of
frozen surfaces can impair significantly both the SSM esti-
mates and the model parameters. Work on masking for frozen
soil through detection of snow and freeze/thawing conditions
was already done for Metop ASCAT [90], and is envisaged
now for migration to S-1. Also, an integration of external
remote sensing data on snow cover and soil temperature bears
much potential, as such data is more and more available on
the kilometric scale.

The evaluation of the S-1 SSM’s signal quality over Italy
yielded satisfying results, considering the challenging topog-
raphy and land cover over Umbria. While the agreement with
the ground data at the Umbria in-situ stations is on average
low, the product shows moderate to high agreement with
the 1km model data, especially over non-forest areas. We
foreground the comparison with the model data, as the spatial
representativeness of modelled soil moisture values matches
the S-1 SSM’s resolution. This is supported by the results at
the COSMOS-station, where the sensor is also measuring soil
moisture over a greater area, representing some hundreds of
meters. Here, the agreement of the Sentinel-1 product with
the ground data is at the same level (similar correlation; with
smaller bias) as it was found for Envisat ASAR SSM over
Oklahoma [42], a more favourable area for remote sensing of
soil moisture, as featuring no strong topography and less share
in forest area. The comparison with ASAR SSM is specifically
interesting, since it ingests HH-polarised SAR data that is
much less sensitive to vegetation influences. Indeed, the S-1
product, based on VV-polarised data, does not reliably detect
SSM changes in densely vegetated conditions. Furthermore,
over agricultural areas, it wrongly attributes vegetation dy-
namics, in form of changes in plant stature and water content,
to SSM dynamics, potentially inducing a positive bias during



IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, ACCEPTED ARTICLE, JULY 14 2018 17

the growing season.
On these grounds, enhancing the algorithm with a dynamic

vegetation correction would constitute a major quality boost.
This could be implemented in the retrieval algorithm by
realising parameters based on seasonal or monthly data, which
of course would require a longer data record for a stable
estimation. Also the so-called cross-ratio (CR) of VH- and
VV-polarised backscatter images, which are usually recorded
concurrently by S-1 in IW mode, bears much potential to
account for vegetation signals, as documented recently [91].
Alternatively, vegetation data from optical satellite sensors
could be used, once aggregated to e.g. 7- or 10-day averages to
cope with the timing mismatch or data gaps because of cloud
cover.

Despite these remaining issues, the 1km S-1 SSM demon-
strated its capability to sense soil moisture at high spatio-
temporal resolution, becoming especially valuable when
changes in local hydrology due to rainfall or irrigation need to
be captured. A recent study [92] found over Emilia-Romagna
that the S-1 SSM product can quantify the impact of irrigation
on local soil moisture, which is missed out by (downscaled)
products from coarser sensors. This virtue of capturing small-
scale changes is a clear difference to established (coarse-
resolution) satellite products, thus the product constitutes a
rich data source for agricultural and meteorological analysis
and modelling.

Also, the prospect of the long-lasting Sentinel-1 mission
attaches value on the S-1 SSM algorithm, facilitating a long
and consistent data record on soil moisture at the compara-
tively high resolution of 1km, starting in 2015 and lasting at
least until the end of 2030. While the data density is currently
sufficient only over Europe and other selected areas, over time,
the measurement number will reach serviceable levels all over
the globe, fuelled since 2016 by two satellites in the orbit.

The Copernicus Global Land Service8 (CGLS) of the
European Commission disseminates operationally and freely
soil moisture products together with other bio-geophysical
variables to enable the monitoring of the global vegetation,
water and energy budget. In recognition of the here presented
findings, our method for retrieving 1km SSM from Sentinel-1
is currently in preparation towards operational product dissem-
ination in the CGLS, featuring data in an initial phase over
Europe, and subsequently globally.
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[43] A. Dostálová, M. Doubková, D. Sabel, B. Bauer-Marschallinger, and
W. Wagner, “Seven Years of Advanced Synthetic Aperture Radar
(ASAR) Global Monitoring (GM) of Surface Soil Moisture over Africa,”
Remote Sensing, vol. 6, no. 8, pp. 7683–7707, 2014.

[44] A. Loew, R. Ludwig, and W. Mauser, “Derivation of surface soil
moisture from ENVISAT ASAR wide swath and image mode data
in agricultural areas,” IEEE Transactions on Geoscience and Remote
Sensing, vol. 44, no. 4, pp. 889–899, 2006.

[45] ESA Sentinel-1 Team, Sentinel-1 User Handbook, P. Potin, Ed. Euro-
pean Space Agency, 2013, no. GMES-S1OP-EOPG-TN-13-0001.

[46] F. De Zan and A. M. Guarnieri, “TOPSAR: Terrain observation by
progressive scans,” IEEE Transactions on Geoscience and Remote
Sensing, vol. 44, no. 9, pp. 2352–2360, 2006.

[47] W. Wagner, D. Sabel, M. Doubkova, A. Bartsch, and C. Pathe, “The
potential of Sentinel-1 for monitoring soil moisture with a high spatial
resolution at global scale,” in Symposium of Earth Observation and
Water Cycle Science, 2009.

[48] M. Hornacek, W. Wagner, D. Sabel, H.-L. Truong, P. Snoeij, T. Hah-
mann, E. Diedrich, and M. Doubková, “Potential for high resolution
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