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ARTICLE INFO ABSTRACT

Edited by Jing M. Chen Recent research indicates an inverse relation between Synthetic Aperture Radar (SAR) signal and near-surface
soil moisture (SM) over very dry sediments, arid to hyper-arid soils resp., caused by subsurface scattering ef-

Keywords: fects. This phenomenon can lead to large errors when it comes to modelling and remote sensing-based estimation

SAR ) of SM. While the effect of subsurface scattering and its influence on SM estimates is well described and modelled

Sentinel-1

in literature, its actual presence in recorded SAR data is largely unknown. Here we investigate the relation
between C-Band SAR backscatter and SM in the hyper-arid environment of the Atacama Desert (Chile). Time
Soil moisture series (2018-2020) of Sentinel-1 VV/VH intensities are compared to in situ SM, measured at 17 stations located
Subsurface scattering across the Atacama Desert. Linear and non-linear regression modelling is applied to uncover the relationship
Inversion between the SAR intensities and in situ SM, while, in addition, SM variations triggered by seasonal varying
Anticorrelation humidity (i.e., not by precipitation) are investigated. Results indicate (i) a very weak linear relationship between
SM variations and SAR intensities (VV/VH) for most meteorological stations in the Atacama (R2 < 0.5). In
particular, noticeable and significant exceptions are found for stations located in the northern uplands of the
Coastal Cordillera and on sediments, which are characterized by thick atmospheric dust deposits on top of
subsurface cemented crusts; (ii) over these sites a strong inverse linear relationship is present (R? up to 0.84) and
the observable seasonal variations in SAR intensity are linked to the seasonal variations in SM; (iii) remarkably
low changes in SM (ranging from approx. 1 to 3%) lead to comparable high changes in SAR intensity (up to 5.5
dB in VH and up to 4.0 dB in VV); (iv) employing a non-linear regression modelling to the SAR time series
allowed identifying the occurrence and the strength of seasonal variations over the central desert. This study
contributes to a better understanding of SAR scattering over arid to hyper-arid soils, indicates a moisture-
regulated complex interplay of surface and subsurface scattering, and proves the presence of subsurface scat-
tering effects in Sentinel-1C-Band data to occur over large parts of the Atacama Desert.

Intensity
Desert

1. Introduction influences energy fluxes on land (latent and sensible heat), separates
precipitation (runoff and infiltration), and determines the presence and

Soil moisture, defined as the water content in the topmost soil layer, condition of vegetation (mutually influenced by evapotranspiration)

is an important variable in the Earth’s system and regulates feedbacks (Bojinski et al., 2014; Dorigo et al., 2017; Seneviratne et al., 2010).
between the land and the atmosphere (Seneviratne et al., 2010; Yang Thereby, soil moisture is highly heterogenous in space and in time and
et al.,, 2018). It is identified as an essential climate variable as it strongly influenced by meteorological, short-term climatic variations,
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and/or pedologic conditions. From a geomorphological point of view,
soil moisture influences several morphodynamic processes, such as mass
wasting, physical and chemical weathering, and it is therefore an
important factor altering and controlling pedogenesis, crust-formation,
erosion and/or accumulation, especially on long timescales (Fryberger
and Goudie, 1981; Legates et al., 2011). However, continuous, and area-
wide estimation of soil moisture on ground is laborious and time
consuming, even for measuring only the water content of the topmost
soil layer. Therefore, in situ measurements are usually sparse and only
available at selected locations (Montzka et al., 2021).

Accordingly, there are many efforts to estimate soil moisture using
space-borne earth observation data (Wang and Qu, 2009), also including
data of active/passive microwave sensors such as ASCAT (Wagner et al.,
2013), ESA-CCI (Dorigo et al., 2017), SMOS (Kerr et al., 2012), SMAP
(Chan et al., 2016; Colliander et al., 2017; Suman et al., 2020), Sentinel-
1 (Balenzano et al., 2021; Bauer-Marschallinger et al., 2019), or com-
binations (Das et al., 2019; Montzka et al., 2016). In this context, the
high applicability of active and passive systems, operating in the range
of microwave radiation (approx. 1 to 300 GHz), has been extensively
demonstrated in previous studies (Barrett et al., 2009; Jagdhuber et al.,
2015; Kornelsen and Coulibaly, 2013; Li et al., 2021; Wagner et al.,
2007). Thereby, the estimation of soil moisture via microwaves takes use
of the relation between the soil moisture content and the dielectric
properties of the target (Richards, 2009; Ulaby and Long, 2014). Active
systems from Synthetic Aperture Radar (SAR) usually provide a higher
spatial resolution compared to passive systems (microwave radiome-
ters), but the backscattered SAR signal is in first order dependent on the
geometric/structural properties of the target and in second order on its
dielectric characteristics. Thus, effects resulting from vegetation cover
(i.e., plant/leaf moisture) and surface roughness need to be considered
for active soil moisture retrievals (Fluhrer et al., 2021; Hansch et al.,
2021; Kornelsen and Coulibaly, 2013). The simplified relation between
soil moisture content and backscatter is positive, implying an increase in
intensity with increasing moisture (Ulaby and Long, 2014).

In theory, the application of SAR data for the estimation of soil
moisture is advantageous over sites with no or sparse vegetation
coverage, e.g., in arid to hyper-arid environments, as this circumstance
allows neglecting the influence of plant moisture and the scattering from
vegetation on the SAR signal. This facilitates focusing the estimation of
soil moisture (Biirgi and Lohman, 2021; Jordan et al., 2020; Yang et al.,
2019), and/or surface roughness (Ezzahar et al., 2019; Sadeh et al.,
2018; Sano et al., 1998; Ullmann and Stauch, 2020). However, large
anomalies were observed for arid and hyper-arid environments across
the globe from such active soil moisture retrievals (Dostalova et al.,
2014; Morrison and Wagner, 2020; Wagner et al., 2022). Specifically,
anticorrelations were observed over arid and hyper-arid sites charac-
terized by a persistent or temporal increase in backscatter with
decreasing moisture. These anomalies can reduce the value of global
models on the soil moisture estimates and introduce errors and un-
certainties in subsequent products (Morrison and Wagner, 2020; Wagner
et al., 2022).

Recent research explains these anomalies in SAR data by subsurface
reflections that can become the dominant return once the attenuation of
a covering layer decreases. The occurrence of the effect is likely bounded
to very dry soils and sedimentological settings allowing for a sufficient
wavelength-dependent penetration of the SAR signal into/through the
topsoil (Morrison, 2013; Morrison and Wagner, 2020; Wagner et al.,
2022). Specifically, a buried consolidated layer, with significant
roughness (e.g., bedrock, crusts), is overlaid by less or unconsolidated
layer (e.g., sand or dust deposits). In dry state, microwaves can penetrate
through the upper layer and scattering is dominantly caused at the
buried layer. With increasing moisture, the attenuation of the upper
surface layer increases and leads to a vanishing contribution of the
backscatter from the buried layer. Ultimately, the signal is decreasing
with increasing wetness of the top layer (Morrison, 2013; Morrison and
Wagner, 2020).
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Morrison and Wagner, 2020 have confirmed through laboratory
experiments that such anomalies can arise from the presence of sub-
surface features. Importantly, their results indicated a dependency of
subsurface scattering effects on soil moisture and soil structure, inci-
dence angle, and polarization. The authors state that Sentinel-1C-Band
data will have an increased sensitivity to these backscatter moisture
anomalies (Morrison and Wagner (2020), p. 2197) and that above-
mentioned dependency of polarization might provide diagnostics to
identify locations prone to such anomalies. In fact, experiments of
Morrison and Wagner (2020) indicate that cross-pol. returns were
strongly associated with subsurface features, whereas co-pol. returns
could be dominated by both surface and subsurface returns (Morrison
and Wagner (2020), p. 2190). Recently Wagner et al. (2022) have pre-
sented global estimates on the occurrence of anomalous C-Band back-
scatter signals by investigating ASCAT soil moisture retrievals and
modelled soil moisture data of ERA5-Land. They report negative relation
between (modelled) soil moisture and C-Band backscatter over various
arid regions across the globe (e.g., also northern Chile and the Atacama
Desert, the Namib and Sahara Desert). Further, they note that subsurface
scattering effects might also occur in more humid environments during
dry spells. Wagner et al. (2022) conclude that this effect needs to be
acknowledge in active soil moisture retrievals, and that further analysis
of SAR time series on small-scale geomorphological patterns using field
observations is required. While certainly limiting the value of active soil
moisture retrievals, the identification of subsurface scattering from
rather high resolution SAR imagery might support soil mapping efforts
(Wagner et al., 2022).

In summary, the effect of subsurface scattering, its potential influ-
ence on active soil moisture retrievals and its occurrence in global
ASCAT soil moisture retrievals were described in previous studies;
however, its actual occurrence in recorded SAR data (e.g., Sentinel-1) is
largely unknown. The objective of the study at hand is therefore to
explore the sensitivity of C-Band backscatter time series of Sentinel-1 to
near-surface soil moisture and its temporal dynamics within the hyper-
arid environment of the Atacama Desert and to investigate the presence
and occurrence of subsurface scattering effects leading to an anti-
correlation with the soil moisture. For this purpose, time series from
Sentinel-1 are compared with in situ soil moisture measurements
available through a new network of meteorological stations and with in
situ records of shallow sediment-profiles. The study investigates: (i) the
direct relation between Sentinel-1 time series and near-surface soil
moisture by comparing the backscatter values to in situ observations; (ii)
the type of scattering and the potential occurrence of subsurface scat-
tering effects; and (iii) the spatial patterns of seasonal varying Sentinel-1
intensities within the Atacama Desert.

2. Materials and methods
2.1. Study area - the Atacama Desert

The hyper-arid core of the Atacama Desert (Fig. 1) experiences <10
mm/year rainfall on average and thus is one of the driest places on Earth
(Houston and Hartley, 2003). Factors leading to this pronounced
hyperaridity are the coastal upwelling of the Peru-Chile Current (Rundel
et al., 1991), the subtropical subsidence (Hartley et al., 2005), and the
lee-effects of the Andes (Houston and Hartley, 2003). Consequently, the
surface soils of the Atacama Desert are often dominated by gypsum and
other salts (Arens et al., 2021; Voigt et al., 2020). Due to convective
rainfall from tropical easterlies and the influence of southern westerlies
(de Porras et al., 2017), the precipitation increases north-, east- and
southwards of the hyper-arid core region. A main driver for increased
humidity is the marine fog, which frequently occurs along the coastal
margin and western slopes of the Coastal Cordillera below 1200 m above
sea level (Cereceda et al., 2002; del Rio et al., 2018). However, fog
occurrence may extend inland depending on the local morphology
(Cereceda et al., 2002). The annual water vapor variability reaches 30%
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Fig. 1. Overview of the study area and available datasets: (a) median VV intensity (dB) calculated from Sentinel-1 time series acquired between January 2018 and
December 2020. (b) Digital Elevation Model (GLO-90) of the study area and location of major cities, meteorological stations, surface photographs, sediment profiles,
playas and general morphodynamic zones. (c-f) Photographs of meteorological stations (photos taken by D. H. & S. M. M.; accessible via https://crc1211db.

uni-koeln.de).

and is correlated to ENSO (Bohm et al., 2020). Resulting from these
processes, the driest parts of the Atacama are located between the
coastal ranges and the pre-Andean cordilleras. Further, dryness expands
to the Central Depression, which is confined in the east by the alluvial
fan systems and in the west by the slopes of the Coastal Cordillera

(Fig. 1).

Due to the hyperaridity, the geomorphic processes are taking place in
remarkable slowness, which is evident by the age of surfaces and land-
forms (Clarke, 2006; Dunai et al., 2005; Matmon et al., 2015). Never-
theless, there are several records, especially from the last decade, that
indicate that flash floods can even reach hyper-arid parts of the Ata-
cama, e.g., events in 2015 (Jordan et al., 2018; Scott et al., 2017; Wilcox
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et al., 2016), or 2017 (Lictevout and Gocht, 2018). Besides the fluvial
morphodynamics, salt-driven shrink-swell, slumping, solifluction-type
processes, or seismicity-driven processes, might be responsible for
various landforms (Abele, 1990; Matmon et al., 2015; May et al., 2019;
Quade et al., 2012). Smooth slope morphologies typically result from
thick atmospherically derived salt and dust deposits, leading to soils
containing large amounts of nitrate, iodate and sulphates gypsum and/
or anhydrite (Ewing et al., 2006; Michalski et al., 2004; Rech et al.,
2003; Voigt et al., 2020). Depending on its position, these soils show
salt-cemented horizons (costra) frequently covered by a powdery layer
of dust, with a typical thickness of 20-30 cm, and sulfate salts (chuca)
(Ericksen, 1983; Latorre et al., 2013). The atmospheric deposition may
lead to a remarkable volumetric expansion (up to 950% +370% (Ewing
et al., 2006)) under long-term hyperaridity and is thought to be sup-
ported by Biological Soil Crusts (Wang et al., 2017), while recent
research indicates/speculates about the influence of soil moisture vari-
ations, as soil moisture in such soils varies due to evaporation and to
vapor fluxes at the air-soil interface (Bohm et al., 2020; Shao et al.,
2021).

2.2. Data

2.2.1. Sentinel-1 time series (2018-2020)

Sentinel-1 GRD imagery was processed using the Google Earth En-
gine (Gorelick et al., 2017) for the period from 01 January 2018 to 31
December 2020. All Sentinel-1 datasets were acquired in descending
orbit (orbit 54) and at 10:08 UTC. In total 176 GRD mosaics were ob-
tained. These mosaics had a native pixel size of 10 m by 10 m, were
converted to linear scale, and then filtered using a boxcar filter with a
size of 3 by 3 pixels. Afterwards, data was resampled to a pixel size of 80
m by 80 m using bilinear interpolation and was then transformed to
decibel (dB) units. The resampling to 80 m was done to (i) reduce the
data-load, considering the large study area, and (ii) to increase the
radiometry of the signal. For all acquisitions, both polarization channels
(VV & VH) were available. Prior to the analyses, the mosaics of VV and
VH were cropped and resampled to a common grid using UTM projec-
tion Zone 19 South and the WGS 1984 ellipsoid (EPSG:32719). VV and
VH intensities were finally extracted for all stations (see below).

2.2.2. Meteorological stations and in situ soil moisture measurements

In situ measurements of soil moisture were conducted by a network
of 14 permanently recording meteorological stations and measurements
of soil moisture by three temporary stations on selected locations (see
Fig. 1). The meteorological station network (type: Campbell Scientific
Inc.) was established between 2017 and 2018 to fill the observational
gap in the Atacama Desert (details provided in Schween et al. (2020)).
The raw data is freely available (https://crc1211db.uni-koeln.de) (Hoff-
meister, 2018). The network currently consists of three transects in the
north (~19.7°S), center (~21.5°S) and south (~25°S) of the Atacama,
each ranging from the coast to the slope of the Andes (see Fig. 1). Besides
measurements of standard meteorological parameters (e.g., tempera-
ture, humidity), each station is additionally equipped with further sen-
sors (e.g., soil surface temperature). Particularly, each station also
records soil moisture by at least one CS616 sensor of Campbell Scientific
Inc. in 10 cm depth (https://www.campbellsci.com/cs616-reflectometer),
specifically designed for measurements of the volumetric water content
from 0% to saturation in soft soil. In addition, temporary stations (type:
Ecotech GmbH) were used to monitor soil moisture by TRD-type SMT-
100 sensors (UGT/ Ecotech) in 10 cm depth at three locations (Paposo
Fault (Zebra Stripes), Salar Grande (Sediment Lobes) and Rio Loa
(Patterned Ground)). All meteorological stations provided hourly
temperature-corrected measurements of the near surface soil moisture
(in %; volumetric water content). The measurements closest to the ac-
quisitions of the Sentinel-1 data (see section 2.1) were extracted and
further analyzed.
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2.2.3. Auxiliary data

A collection of 19 georeferenced field photographs, collected during
fieldwork in 2017, 2018 and 2021, was available, along with informa-
tion from 13 shallow sediment profiles (see Fig. 1), also collected in
2017, 2018 and 2021. The sediment profiles provided descriptive in-
formation on the structure and grain size composition down to a mini-
mum depth of approx. 30 cm. In addition, the GLO-90 digital elevation
model (Copernicus Global Digital Elevation Model) was available for the
entire study area (see Fig. 1 and “Data Availability Statement”). It was
resampled to UTM projection Zone 19 South and the WGS 1984 ellipsoid
(EPSG:32719) with a spatial resolution of 80 m, matching the resolution
of the Sentinel-1 data.

2.3. Methods

Recent research (Bohm et al., 2020; Shao et al., 2021) suggests
seasonal variations in near-surface soil moisture in the Atacama Desert
due to seasonal varying humidity (i.e., without the occurrence of pre-
cipitation). Such variations are, on the long-run, potential drives for land
surface dynamics. The initial analyses of the Sentinel-1 time series and of
the soil moisture measurements, confirmed the presence of seasonal
variations over selected locations in the hyper-arid core of the Atacama
Desert (Fig. 2). Identifying a significant correlation between the SAR
time series of Sentinel-1 and the near-surface soil moisture would,
therefore, allow to map and identify locations showing seasonal varia-
tions of humidity. It would also enable to extrapolate the presence of
seasonal changing near-surface soil moisture conditions for the entire
study area at comparable high spatial resolution. Consequently, two
assessments were applied in this study; (i) the relationship between
Sentinel-1 VV/VH intensities and the volumetric soil moisture measured
in situ at the stations was investigated; (ii) the Sentinel-1 time series was
analyzed, and seasonal variations of intensities were identified using a
simple but efficient non-linear least squares fit to a pre-defined sine
function.

2.3.1. Correlation and regression of Sentinel-1 to in situ soil moisture
measurements

The Sentinel-1 time series was compared to the near-surface soil
moisture values (%) measured at the stations. For this task, the tempo-
rally corresponding soil moisture measurements were extracted at the
overflight time of Sentinel-1 (the number of samples per station is pro-
vided in Table 1). For each location, four values were extracted: VV (dB),
VH (dB), VH-VV (dB), and the near surface soil moisture (%). Subse-
quently, the intensities were plotted versus the soil moisture measure-
ments and strength and goodness/quality of the linear fit was estimated
using the Pearson Correlation Coefficient (R), the Coefficient of Deter-
mination (R2) and the Mean Absolute Error (MAE). The significance of
the correlation was assessed using the p-value and correlations were
assigned signification if p-value was lower 0.05.

2.3.2. Characterization of seasonal variations in Sentinle-1 time series

The second analyses aimed to identify locations in the Sentinel-1
time series that exhibit a seasonal characteristic, as SAR intensity is
potentially related to the above-mentioned seasonal variations in near-
surface soil moisture. To facilitate comparison between stations, the
extracted Sentinel-1 time series of each locality/pixel were normalized
(i.e., the arithmetic mean was calculated and subtracted from all mea-
surements). As exemplified in Fig. 2 a, the initially found (normalized)
signal variations follow a seasonal fluctuation, which can be described
approximatively with a simple sine function with a wavelength of one
year (Eq. 1). This function was fitted to the normalized Sentinel-1 time
series of each pixel, using the MPFIT function (Markwardt, 2009) in the
software IDL (htips://www.l3harrisgeospatial.com) and the constraint
that amplitude A is greater zero.
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Fig. 2. Examples on seasonal variations of remote sensing as well as in situ signals and their modelling: (a) seasonal variations in Sentinel-1 VV intensity at selected
locations with meteorological stations that were observed during the initial analysis, (b) examples on a generic sine function defined by parameters A (Amplitude)
and B (Phase) (see Eq. 1), and (c-d) examples on seasonal soil moisture variations measured in situ at the meteorological stations Cerros de Calate and
Cerro Constancia.

Table 1

Relation/correlation between Sentinel-1 features (VV (dB), VH (dB) and difference between VH and VV (VH-VV)) and Soil Moisture (SM) (%) (see Fig. 1). R refers to
the Linear Pearson Correlation Coefficient and MAE denotes the Mean Absolute Error (in dB), n denotes the number of samples, and p denotes the slope of the linear
model. Entries with R% > 0.5 are significant (p-values <0.05). Stronger correlations indicate a better linear relation between SM and the Sentinel-1 feature. Entries with
R2 > 0.5 are marked in bold. Asterisk (*) denotes in situ data from mobile loggers, while all other SM in situ data were collected at meteorological stations (see Section
2.2.2.). “Caleta S.d.P. Grande” denotes the station “Caleta Sur de Punta Grande”.

Station n SM (%) vs. VV (dB) SM (%) vs. VH (dB) SM (%) vs. VH-VV (dB)
R R? MAE i} R R? MAE i} R R? MAE B

Caleta Loa 80 0.53 0.28 0.32 1.64 0.00 0.00 0.36 0.01 —0.47 0.23 0.36 -1.63
Rio Loa 132 0.04 0.00 0.19 0.15 0.27 0.07 0.57 3.03 0.27 0.07 0.52 2.88
Cerros de Calate 127 —0.87 0.76 0.33 —0.95 —0.92 0.84 0.40 —1.44 —0.83 0.70 0.20 —0.50
Salar de Llamara 132 -0.19 0.03 0.21 -0.25 0.20 0.04 0.72 0.89 0.26 0.07 0.74 1.14
Quebrada de Mani 132 0.08 0.01 0.31 0.00 —0.52 0.27 0.28 —0.02 —-0.43 0.19 0.40 —0.02
Alto Patache 125 —0.01 0.00 0.25 0.00 —0.15 0.02 0.36 —0.06 —0.20 0.04 0.24 —0.06
Caleta Junin 132 —0.01 0.00 0.17 0.00 —0.36 0.13 0.44 —0.01 —0.43 0.18 0.37 —0.01
Cerro San Antonio 132 —-0.72 0.52 0.42 —4.29 —0.69 0.47 0.70 —6.30 —0.57 0.33 0.30 —2.00
Cerro Constancia 132 —0.89 0.79 0.18 —0.80 —0.88 0.77 0.35 —1.43 -0.79 0.63 0.22 —0.63
Quebrada de Aroma 100 —0.75 0.56 0.20 —0.98 —0.87 0.75 0.28 —2.32 —0.81 0.66 0.21 -1.34
Quebrada de Soga 132 —0.26 0.07 0.15 —0.01 —-0.67 0.45 0.27 —0.03 -0.71 0.49 0.20 —0.03
Rio Loa * 44 0.03 0.00 0.19 0.03 0.25 0.06 0.33 0.56 0.26 0.07 0.30 0.53
Salar Grande * 44 0.23 0.05 0.17 0.55 0.38 0.14 0.35 1.92 0.38 0.15 0.24 1.37
Caleta S.d.P. Grande 67 0.55 0.31 0.18 0.12 0.11 0.01 0.19 0.02 —0.55 0.30 0.15 —0.10
Quebrada Matancilla 132 —0.61 0.37 0.12 —0.46 —0.47 0.22 0.23 —0.57 —0.12 0.01 0.21 —0.11
Quebrada Grande 132 —0.23 0.05 0.12 —0.26 —0.43 0.18 0.24 —0.97 —0.38 0.14 0.20 -0.71
Paposo Fault * 105 0.04 0.00 0.20 0.01 —0.06 0.00 0.39 —0.03 —0.11 0.01 0.27 —0.04
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In Eq. (1), X is the variable for the scenes in the time series, while
parameters A and B describe the shape of the sine function (Fig. 2b).
Thereby, A is the amplitude of the function (in dB), while parameter B
defines the phase shift of the function (in days). In the subsequent an-
alyses, parameter B was further adapted to indicate the day of year
(DOY) at which the maximum amplitude of the function is reached. To
avoid confusion, this parameter is referred to as Byaxpoy in the
following (i.e., Byaxpoy indicates the annual phase lag of the phenom-
enon). The goodness of fit between the modelled sine function and the
time series under investigation (i.e., either VV (dB), VH (dB), or VH-VV
(dB)) was estimated using R, R? and MAE. As result of this modelling,
four layers (same extent as in Fig. 1 a) indicating R%, MAE, parameter A,
and parameter Byaxpoy were determined per pixel for VV (dB) and VH
(dB) (see Section 3.2). These parameters describe the best fitting sine
function. Finally, the same fitting was applied to the point-wise time
series of the soil moisture (i.e., for all stations/loggers) to indicate
whether a seasonal sine function applies to the in situ record or not.

3. Results

3.1. Relation/correlation of Sentinel-1 and near-surface volumetric soil
moisture

The comparison of the Sentinel-1 VV, VH and VH-VV intensities
revealed for most stations no significant linear relation (R2 < 0.5) to the
soil moisture (Table 1, Figs. 3 & 4). However, exceptions were found for
the stations Cerros de Calate, Cerro San Antonio, Cerro Constancia
(located in the uplands of the Costal Cordillera and within the core of the
desert) and Quebrada de Aroma (located at transition between the
Central Depression and the Precordillera). These showed R? values
greater 0.5 up to a maximum of around 0.84 (exemplarily illustrated in
Fig. 3 a-d for the station Cerros de Calate; other scatterplots provided in
Fig. A1 & A2). Notably, (i) all significant relations (R? > 0.5 and p <
0.05) between SAR intensities and soil moisture measurements were
negative; (ii) correlations were in most cases slightly higher in VH than
in VV (Fig. 3 and Table 1); (iii) the difference between VH and VV
correlated with the volumetric soil moisture, but at a lower level as the
intensities; (iv) small changes in near-surface soil moisture (e.g. differ-
ences of around 3.2% for Cerros de Calate) led to high changes in
backscatter (e.g. up 3.5 dB in VV, up to 5 dB in VH for Cerros de Calate,
see Fig. 3 and Table 2).

For some stations, partially positive and negative relations were
found, indicating a non-linear and complex relationship when looking at
the entire series. This is exemplarily illustrated in Fig. 3 e-h for the
station Quebrada de Soga, which experienced two rainfall events in
2019 and 2020 causing strong changes in soil moisture. Here, the scat-
terplots of VV, VH and VH-VV reveal a complex response of the Sentinel-
1 intensities to the increase or decrease in near-surface soil moisture.
While the relation between moisture and intensity is negative for soil
moisture values between 10% and 25%, a positive relation in VV (and
less strong in VH) is visible for soil moisture values above ca. 25%.
Noticeably, VH-VV reveals a complex relation, as such as there seemed
to be at least two different modes, best visible for soil moisture values
between approx. 15% and 30%.

3.2. Mapping of seasonal variations of Sentinel-1 backscatter and in situ
soil moisture

The sine function fitting outlined in section 2.3.2. was conducted for
the Sentinel-1 time series (VV, VH, VH-VV) and for the soil moisture
measurements collected at the meteorological stations and soil moisture
loggers. For each fitting, the parameters R%, MAE, parameter A, and
Bmaxpoy were noted and analyzed. Fig. 4 provides a graphical summary
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of the main findings, which are as follows: (i) highest agreement in
seasonal cycling between SAR features and soil moisture was found for
stations having a high relation between SAR intensities and soil moisture
(R? > 0.6); (ii) the agreement was strongest for sine functions with an
amplitude (A) >0.6 dB (i.e., the range of the full cycle is twice that value
and therefore exceeding a seasonal variation of 1.2 dB) (see Fig. 4 a&c);
(iii) the agreement was more pronounced in VH and VV, but less strong
in VH-VV (see Fig. 4 e); (iv) a shift of around 180 days was found be-
tween Byaxpoy values of VV, VH and VH-VV and Byaxpoy values of the
soil moisture measurements, indicating that the maximums of the
respective time series are roughly shifted by half a year (see Fig. 4 b, d &
e), this was best pronounced for sine functions showing parameter A
>0.6 dB. Based on these findings the results of the sine fitting were
mapped for the entire study area and for the sine fitting parameters of
the VV and VH time series (shown in Fig. 5). Results indicated a spatially
variable R? value in both polarizations. R? was generally lower in closer
proximity to the coast and for most regions within the Central Depres-
sion. Further, there were higher R? values in the north of the study area,
whereas regions further south tend to have lower R? values (Fig. 5 a&b).

Parameter Byaxpoy was for most parts of the region rather homog-
enous and around 200-260. This observation compares well with the
Sentinel-1 Byaxpoy values of the meteorological stations (see Fig. 4
dé&e). Noticeable exceptions were found over the alluvial plains and fans
of the Central Depression (Byaxpoy around 50 to 80), the Salar Grande
(Bmaxpoy around 360 to 40), and along the coast (best resolved in VV
with Byaxpoy around 120 to 180). Notably, the amplitude (A) (Fig. 5
g&h) of the sine fitting clearly indicated stronger seasonal variations in
the north of the study area, especially over the northern Coastal
Cordillera and some alluvial fan surfaces situated at the transition be-
tween the Central Depression and the Precordillera. The amplitude (A)
of the sine fitting was generally higher in VH compared to VV, poten-
tially as it has a higher dynamic range for subsurface scattering effects
(see 4. Discussion).

Taking these observations and the findings of the initial assessment
on the sine function fitting further (see Fig. 4 and its description), pa-
rameters Byaxpoy, RZ and A were compiled in a single map. Doing so,
pixels showing R? < 0.6 and A< 0.5 dB were masked out. This was done
to focus on sites that show (i) at least a medium strong correlation (R2 >
0.6) (Fig. 4) and (ii) a seasonal signal variation exceeding the suspected
minimum variation induced by speckle and noise (El Hajj et al., 2016;
Schmidt et al., 2020; Ullmann et al., 2019). This mask was superimposed
to Byaxpoy (Fig. 6 a&b). The generated maps show a distinct anomaly in
VV and VH that stretches north to south and is located in the central
uplands of the Coastal Cordillera. It is roughly limited in the north by the
meteorological station Cerro San Antonio and in the south by the station
Cerros de Calate This anomaly is also evident when just focusing on the
R? values of the sine fitting (Fig. 6 c&d).

Sediments within this region (Figs. 7 & 4. Discussion) are character-
ized by thick atmospherically derived dust deposits and cemented crusts
underneath the dust deposits. The western border of the anomaly cor-
responds well with the 1000 m a.s.] contour line, which is close to the
upper limit of the maritime fog. Among the processed contour lines (100
m equidistant), the 1000 m a.s.] contour was corresponding best with
the western border of the anomaly. To the east the anomaly is bounded
by the transition from the Coastal Cordillera to the Central Depression.
Both polarizations indicate rather homogeneous Byaxpoy values of
around 240, except for the Salar Grande (Byaxpoy around 360 to 40).
Notably, in VH also several alluvial fans at the border between the
Central Depression and the Precordillera are indicated to have a strong
seasonality (R? > 0.6 and A> 0.5 dB) with Byaxpoy values of around
240, e.g., the fan system located between Cerro San Antonio and Que-
brada de Soga (Fig. 6). These are not, or to a lesser extent, found in the
VV anomaly map.
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Fig. 3. Correlation between Sentine-1 time series and near-surface (in situ) soil moisture for the meteorological stations Cerros de Calate (a-d) and Quebrada de Soga
(e-h): (a&e) soil moisture (%) vs. VV intensity (dB), (b&f) soil moisture (%) vs. VH intensity (dB), (c&g) soil moisture (%) vs. VV-VH intensity (dB), and (d&h) time
series of the soil moisture (%). R indicates the Pearson Correlation Coefficient, R? the Coefficient of Determination, MAE the Mean Absolute Error and n provides the
number of valid samples. Grey dashed lines draw the lower and upper limit of the 95% confidence interval of linear regression. Scatterplots of Cerro Constancia,
Cerro San Antonio and Quebrada de Aroma are provided in Fig. Al and Fig. A2 (Appendix).
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Fig. 4. Comparison of parameters deduced from the sine function fitting (see Section 2.3.2.). (a,c,e) Plots relate the Coefficient of Determination R? (i.e., how well
the function fitted the observation) of the time series (2018-2020) of VV, VH, VH-VV and of the soil moisture (SM) records. (b,d,e) Comparison of parameters
Bmaxpoy, indicating the day of year (DOY) at which the maximum of the function (A; amplitude) is reached for VV, VH, VH-VV and of the soil moisture (SM) records.
The diameters of the bubbles correspond to parameter A (dB).

Table 2

Range of Soil Moisture (SM) (%) and Sentinel-1 features (VV & VH (dB) and difference between VH and VV (VH-VV)) for selected meteorological stations (see Fig. 1,
Fig. 3, Fig. A1 & A2) showing a linear relation with a Coefficient of Determination (R?) above 0.5 (see Table 1) between January 2018 and 2020. The table denotes the
observed minimum (min), maximum (max), standard deviation (sd), and the resulting range (span) for SM, VV, VH and VH-VV.

SM (%) VV (dB) VH (dB) VH-VV (dB)
Station min max span min max span sd min max span sd min max span
Cerros de Calate 5.5 8.7 3.2 -16.5 —12.5 4.0 0.86 —24.5 —19.0 5.5 1.26 -8.0 —6.5 1.5
Cerro San Antonio 0.82 1.65 0.83 —14.7 -11.7 3.0 0.74 —23.0 —18.0 5.0 1.13 -8.3 —6.3 2.0
Cerro Constancia 1.9 5.0 3.1 —15.0 -12.7 2.3 0.51 —24.5 —20.5 4.0 0.93 -9.5 -7.8 1.7
Quebrada de Aroma 21 3.9 1.8 —14.5 -12.5 2.0 0.39 —24.0 —20.0 4.0 0.80 -9.5 -7.5 2.0
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Fig. 5. Results of the sine fitting: (a-b) Pixel-wise Coefficient of Determination (Rz), (c-d) pixel-wise day of the year (DOY) at which the maximum amplitude (A) of
the sine fit is reached (Byaxpoy), (e-f) pixel-wise Mean Absolute Error (MAE) of the sine fit, and (g-h) pixel-wise amplitude (A) of the sine fit. Sine fitting was

processed for VV and VH and for the entire time series (2018-2020).
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4. Discussion
4.1. Relation of Sentinel-1 and near-surface volumetric soil moisture

Comparison of Sentinel-1 intensities and near-surface soil moisture
revealed strong negative linear correlations over the driest parts of the
Atacama Desert, as indicated by the comparison of the SAR time series
with in situ soil moisture data (measured at 10 cm depth) of stations
Cerros de Calate, Cerro San Antonio, and Cerro Constancia. The reason
for this inverse relationship is interpreted to be caused by subsurface

10

o
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Fig. 6. Characterization of seasonal signal variations
in the Sentinel-1 over the entire time series
(2018-2020) for the northern part of the study area,
the 1000 m above sea level (a.s.l) contour and the
morphodynamic zonation. Figures (a) and (b) show
the day of the year (DOY) at which the maximum
amplitude (A) of the sine fit is reached (BMAXDOY)
for VV and) VH. Areas with a Coefficient of Deter-
mination (R?) lower 0.6 and with A< 0.5 dB (i.e.,
range of the sine function lower than 1 dB within one
year) are masked out (black color). Figure (c) and (d)
show the R? Sine Fit images of VV and VH.
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scattering effects, as over these sites a simplified two-layer scheme can
be assumed; an upper layer consisting of the rather smooth fine-grained
unconsolidated dust deposits and a lower layer characterized by the
more rugged cemented crust (Ericksen, 1983; Latorre et al., 2013; May
et al.,, 2020) (Fig. 7; upper left panels). In dry state, microwaves can
penetrate through the first layer and scattering is dominantly caused at
the (rougher) cemented crust. With increasing moisture (due to seasonal
vapor fluxes from the atmosphere to the soil) the first layer causes an
increasing attenuation, leading to a lower influence of reflections at the
dust/crust-boundary on the SAR signal and, therefore, to a decreasing
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Fig. 7. Surface photos and sediments profiles (cf Fig. 1) in relation to the found seasonality (ref. Table 3) in the VV and VH time series of Sentinel-1. (a) Photo and
schematic drawing of sediment profile 10 with results of mean grain size measurements. Below 15-18 cm b.s., a salt-indurated crust hinders further digging. Note
large gypsum nodules surrounded by loose silt-dominated sediment (atmospheric dust) in the upper 15 cm. (b) Uppermost 15 cm of an old alluvial fan surface with
few angular clasts at the surface; the subsurface sediment is dominated by loose homogenous silt with few clasts; note lens cap as scale. (c) Car tracks (and car
struggling) in dusty sediment cover (chuca), which is typically ~20 cm thick in this central part of the northern Coastal Cordillera (between Iquique and Pisagua). (d)
Car tracks in the 15-20 cm-thick chuca layer, central Coastal Cordillera, Pisagua area. (e) Car tracks in the 15-20 cm-thick chuca layer around meteorological station
Cerro Constancia, central Coastal Cordillera, Iquique area. (f) Photo of sediment profile 3, which has originally been described by Owen et al. (2013). Indurated salt
and gypsum layers directly underlie a clast-dominated (zebra-striped) surface. Clasts at surface are ~3-5 cm large. (g) Angular clasts overlying fragmented bedrock in
the Coastal Cordillera, Paposo area; note lens cap as scale. (h) Sediment profile 7, which has originally been described by May et al. (2020) (May et al., 2020, 2019).
The 140-cm thick sediment profile is well stratified, sand-rich and has no indurated salt or gypsum crust-type layer. (i) Small outcrop west of Salar Grande showing
fragmented bedrock at the base covered by partly indurated salt and gypsum layers/nodules; the uppermost ~10 cm consist of fine-grained and slightly indurated
atmospheric dust deposits, covered by a thin surface crust. (j) Shallow sediment profile just north of Rio Loa canyon with <5 cm fine-sediment cover (red) and a thick
gypsum and salt crust overlying shattered bedrock. (k) Sediment profile in an inactive section of an alluvial fan in the Coastal Cordillera close to Paposo; the profile
entirely consists of poorly stratified sediment dominated by gravel in a sandy matrix. (1)) Upper section of a sediment outcrop west of the Salar Grande, at the foot
slope of the western part of the Coastal Cordillera (Medialdea et al., 2020). The uppermost part of the 6-m high outcrop consists of non-indurated heterogeneous
colluvial material (i.e., a mixture of sand, silt and fine angular gravel). (m) Clast-covered surface in the central Coastal Cordillera, Paposo area. All photos taken by S.
M.M,, D.H., and O.B. (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.)

backscatter with increasing soil moisture. This interpretation is sup- (Fig. 7; Sed.-Profile 7) show weaker linear correlations (R2 < 0.6) and no
ported by the field photographs and the soil profiles (Fig. 7 and Table 3) clear relation between the SAR signal and the near-surface moisture
and generally in line with the experiments by Morrison and Wagner content. It needs to be considered that above mentioned sites exhibiting
(2020). Sites with strong linear correlation (R2 > 0.6) (Fig. 6 c&d) are strong negative correlations are situated in geomorphological domains
characterized by loose atmospheric dust deposits in the top soils and the where active morphodynamics are taking place with remarkable slow-
presence of buried cemented crusts. Sites where clast-rich layers occur at ness (see 2.1 Study Area). Therefore, constant roughness conditions over
the surface, and where chuca layer is absent, (Fig. 7; e.g., Sed.-Profile 3 & time can be assumed over these sites. Considering the seasonal nature of
6, Surface Photo 5 & 10) or with missing sub-surface cemented crusts the observed variations, we interpret changes in dielectric properties to

11



T. Ullmann et al.

Table 3
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Assessment of the sine fits for Sentinel-1 time series of VV and VH for selected locations with ground reference (surface photos or soil profiles, see Fig. 7). R? refers to the
Coefficient of Determination. Byaxpoy denotes the day of the year at which the maximum amplitude (A) of the fitted sine function is reached. Note that locations with
surficial dust/crust boundary are characterized by higher R? values (>0.7) in the sine fitting, also having a higher amplitude (A > 0.5) compared to sites without

surficial dust/crust boundary.

Name VH \%A% Dust & Crust?
A (dB) Bmaxpoy R%* A (dB) Bmaxpoy R%*

Sediment Profile 10 1.78 256 0.84 1.08 257 0.89 yes
Surface Photo 1 1.68 252 0.80 1.19 254 0.87 yes
Surface Photo 2 1.38 256 0.77 0.98 251 0.84 yes
Surface Photo 6 1.15 267 0.75 0.66 262 0.82 yes
Sediment Profile 14 1.35 273 0.70 0.78 267 0.77 yes
Sediment Profile 13 1.25 242 0.69 0.78 242 0.76 yes
Sediment Profile 12 0.89 252 0.70 0.58 248 0.74 yes
Surface Photo 15 1.00 254 0.66 0.64 255 0.73 yes
Surface Photo 12 0.35 266 0.26 0.23 241 0.56 no
Sediment Profile 7 0.33 209 0.21 0.21 216 0.30 no
Sediment Profile 3 0.61 242 0.43 0.26 207 0.30 no
Sediment Profile 5 0.51 231 0.55 0.21 192 0.27 no
Sediment Profile 2 0.55 291 0.45 0.26 287 0.27 no
Surface Photo 9 0.15 238 0.20 0.07 242 0.18 no
Surface Photo 16 0.42 348 0.31 0.16 321 0.17 no
Surface Photo 5 0.32 239 0.07 0.22 259 0.12 no
Sediment Profile 6 0.37 294 0.23 0.11 258 0.11 no
Sediment Profile 11 0.26 110 0.06 0.37 160 0.11 no
Sediment Profile 1 0.15 213 0.12 0.08 255 0.09 no
Surface Photo 10 0.24 229 0.33 0.06 227 0.05 no
*R2= < 0.25 < 0.50 < 0.70 <08 < 1.0

be responsible for the observed SAR signal variations, ultimately caused
by a moisture-regulated complex interplay of surface and subsurface
scattering.

This interpretation is further supported by the observed difference
between the VV and VH intensity. The VH-VV (dB) ratio was negatively
correlated with the soil moisture content over the above-mentioned
sites, therefore, VV and VH react differently to the changes in mois-
ture. Comparing the scatterplots of VV, VH and VH-VV (Fig. 3 a-c) a
stronger response of VH is observed with increasing moisture, which is
in line with findings of Morrison and Wagner (2020) that indicate a
higher dynamic range of the cross-pol. response compared to the co-pol.
response. Taking this further, during wetting the VH response from the
subsurface feature weakens, as the increased soil moisture will increase
the attenuation in the upper layer. Depending on the roughness of the
subsurface feature (i.e., here the indurated salt crust), the dynamic range
of VH will be higher than the dynamic range of VV and, finally, the
dynamic of the VH-VV ratio (i.e., lowering with wetting) can likely be
explained by a stronger decrease with increasing moisture in VH relative
to VV.

While it can be assumed that subsurface scattering effects can
happen over very dry soils in general, the special setting in the uplands
of the Coastal Cordillera of the Atacama Desert amplifies the effect of the
inversion. This is followed by the strong changes in SAR backscatter (up
to 5.5 dB in VH and up to 4.0 dB in VV) that was observed for remarkably
small changes in soil moisture (ranging from approx. 1 to 3%) (ref.
Table 2). As such extremely high absolute values (approx. 2 dB per 1%,
on average) were observed. Similar high changes in SAR intensity from
subsurface scattering effects (approx. 1 dB per 1%), were reported from
laboratory experiments (Morrison, 2013). Besides the negative relation
between SAR intensity and soil moisture, these values are much higher
than values reported in literature for a positive relation between C-Band
SAR intensity and soil moisture (approx. 0.12 dB per 1% for both VV and
VH (El Hajj et al., 2018)), therefore it is unlikely that these strong var-
iations can exclusively be explained by changing moisture content.

Our results also infer that the usage of SAR data to track such subtle
seasonal changes in soil moisture in hyper-arid environments is
restricted to sites, where the sedimentological setting facilitates sub-
surface scattering, as such as the setting magnifies the effect and the
resulting changes in backscatter. Necessarily, a subsurface feature (i.e.,
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here the crust) causing backscatter intensity well above the NESZ (Noise
Equivalent Sigma Zero) is needed in dry state for the detection. The
subtle changes in moisture would otherwise not be detectable by the C-
Band SAR intensities of Sentinel-1, as a further decrease of intensity
during wetting would cause intensities below the NESZ. Note in this
context that VH intensities of Cerros de Calate go done to approx. -24 dB
and might indicate the limit of detection close to the NESZ. Further, this
also means that there is a critical penetration depth that is needed to
cause a reflection at the crust surface, if the penetration of the micro-
waves is not reaching the dust/crust boundary the effect will not be
observable. Besides constrains that arise from the NESZ it is worth
noting that observed SAR signal variations (e.g., visible in Fig. 3 and
Fig. A1) are close, or even below, the absolute radiometric accuracy that
is reported in recent literature (e.g. El Hajj et al., 2016; Schmidt et al.,
2020) with values ranging from 0.3 to 1.0 dB for VV intensity. To our
interpretation, we can see a more accurate relative accuracy over the
investigated locations, as the signal changes over time reveal a distinct
non-random pattern. Additionally, it should be considered that for the
presented stations we observe a VV span >2 dB, which means that the
range between lowest and highest intensity is exceeding the absolute
radiometric accuracy, same is true for VH span which is >4 dB (Table 2).

Besides, results indicate that the uplands of the Coastal Cordillera
(characterized by a thick salt-rich layer of atmospheric dust (chuka) and
buried cemented crust (costra)) do not exclusively provide a sedimen-
tological setting facilitating and amplifying effects related to varying soil
moisture. It was also observed that a strong linear correlation of SAR
backscatter and soil moisture is present over regions towards the station
Quebrada de Aroma. This leaves the possibility that other sedimento-
logical settings may cause a similar magnitude of amplification; how-
ever, available reference data does yet not allow studying these effects in
detail and, thus, these sites will be targeted in future research.

In this regard, also the complex behavior of some of the locations will
be studied in detail to investigate the interplay of surface and sub-
surface scattering, also in the context of precipitation-based SM
changes. These are revealed, for example, for the station Quebrada de
Soga (Fig. 3). The locality experienced two strong rainfall events during
the observation period (2019 and 2020) and these events caused a high
increase in SM up to 50%. The S-1 observations show a complex
response to these varying rain-induced SM conditions and no clear
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(distinct) single pattern/behavior can be observed. Additionally, VV and
VH seem to react at different sensitivity to SM changes once a certain
wetness is reached. Exemplary, for VV the increase in intensity is
particularly strong for SM > 30%, compared to VH. Due to this the
response-pattern of VV is more “V-shaped” compared to the patterns of
VH and VH-VV ratio.

4.2. Seasonal variations of near-surface soil moisture and SAR intensity

Taking the result on the inverse relationship between SAR intensity
and near-surface soil moisture further, we studied the seasonal charac-
teristics and spatial patterns of SAR intensities. This was done by fitting a
sine function to the SAR time series. This function allows capturing and
displaying the seasonal fluctuations of the SAR intensities. Introducing a
minimum goodness of fit [R? > 0.6), and a minimum Amplitude (A) of
the sine function (A > 0.5 dB), two distinct modes, shifted by 180 days,
become visible/reveal across the area. These modes are exemplary
highlighted in Fig. 8 by a boxplot series of a random sample, which was
stratified by Bmaxpoy- The first mode (Fig. 8 a&b) displays variations
with Byaxpoy values between 210 and 290, while the second mode
(Fig. 8 c&d) displays Byaxpoy values between 30 and 110. The shapes of
the two modes underline the phase shift, while the first mode exhibits
the “inverse” situation (i.e., SAR intensities decreasing with increasing
soil moisture), the second mode exemplifies the “normal” situation (i.e.,
SAR intensities increasing with increasing soil moisture), as the peaks of
the second mode (Fig. 8 c&d) correspond well with the observed
maximum soil moisture content across the in situ loggers (cf. Fig. 2).
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Note in this context that the applied sine fitting also indicated seasonal
signal variations over the Salar Grande (Fig. 6 a&b), but with different
Bmaxpoy values compared to sites in the central desert. These harmonic
variations over the salar might be explained by changes in surface
roughness due to weather conditions and salt crust formation (Delsouc
et al., 2020).

At the same time, a striking spatial agreement with the presence of
the anomaly and the geomorphological/environmental setting was
observed (Fig. 6; Table 3). Strongest and most meaningful expression of
the phenomena were nearly exclusively found over the central upland of
the Coastal Cordillera (i.e., the hyper-arid core of the desert) that is
characterized by the above-mentioned subsurface stratigraphy. This
spatial agreement calls for the sedimentological setting to be responsible
for the anomaly, especially when considering the seasonal fluctuations
visible in both, the SAR and the in situ data record. The boundary to the
west is demarked by the 1000 m contour line; thus, the occurrence of the
effect seems to be caused/confined also by the occurrence of fog. Re-
gions below the 1000 m contour were indicated by rather low R? (<0.6)
of the sine fitting (Fig. 6 c&d) and a reason for this observation might be
the more frequent appearance of the fog below this elevation. This is
potentially causing a higher temporal variance of soil moisture changes
and thus does not facilitate a clear regular oscillation belonging to
specific seasons. Nevertheless, subsurface scattering may be present here
but is not detectable by employing the sine fitting. To the east the
anomaly is demarked by the boundary between the Coastal Cordillera
and the Central Depression, this transition is characterized by a system
of smaller alluvial fans and different surficial sediments without the

(b) VH - BMAXDOY € [210;290] & A>0.5dB

VH Intensity (dB)
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Fig. 8. Time series statistics (boxplots) of VV and VH estimated from a random sample (n = 3000) taken from areas with a Coefficient of Determination ) higher
0.6, with a maximum amplitude A> 0.5 dB (see Fig. 6) and with (a-b) Byaxpoy (day of the year at which A is reached) between 210 and 290, (c-d) Byaxpoy between

30 and 110.
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presence of thick dust deposits at the surface. It is characterized by an
abrupt change from mountainous terrain with slopes towards flat allu-
vial plain and the distal alluvial fans of the Precordillera and/or with
salar type strata.

4.3. Potential to map sites prone to subsurface scattering effects

Morrison and Wagner (2020) stated that analyzing the diversity in
polarization and incidence angle might provide observations to flag
regions prone to subsurface scattering, potentially also from the
Sentinel-1 record. As indicated in this research, the different behavior of
VV and VH and the inverse seasonal oscillation provided means to
indicate localities where surface-scattering effects most likely occur.
That was exemplified by strongly negative relations between the SAR
intensities and the in situ measured soil moisture and might further
extended using data acquired at different look angles (i.e., from different
orbits). Nevertheless, this issue needs further elaboration, as also other
sites (most likely not characterized by dust deposits and cemented
crusts) were indicated by strong inverse seasonal fluctuations, as such
other sedimentological/environmental factors need to be considered
and researched, as also outlined by related studies (Biirgi and Lohman,
2021; Jordan et al., 2020; Scott et al., 2017). Further, it needs to be
considered that differences in the inverse relation will be present as SAR
intensities variations will be controlled first order by (i) the attenuation
properties of the first layer and (ii) the roughness and composition of the
second (buried) layer, thus not only by varying soil moisture content.
For sites in the hyper-arid core of the Atacama this might be researched
by investigating the composition of the dust deposits and the micro-
morphology of the cemented crusts (i.e., besides moisture, permit-
tivity, roughness, and homogeneity of the individual soil layers). Sam-
pling this information would support the generation of scattering models
that can create a sound physical basis for the observed phenomenon and
for SAR observations (Morrison and Wagner, 2020). These future efforts
should be complemented by other concepts that were presented to
analyze soil moisture variations in (hyper-)arid environments. For the
Atacama Desert the studies on the interferometric coherence of Sentinel-
1 have demonstrated that the InSAR coherence is sensitive to changing
soil moisture (Jordan et al., 2020) and precipitation events (Scott et al.,
2017; Ullmann et al., 2019). Similar, Biirgi and Lohmann (2021) have
researched the InSAR coherence loss using Sentinel-1 time series related
to changing soil moisture for arid study areas in Southern Arabian
Peninsula.

5. Conclusions

This study investigates the relation between C-Band SAR backscatter
and near-surface soil moisture (SM) in the hyper-arid environment of the
Atacama Desert (Chile). Time series (2018-2020) of Sentinel-1 VV/VH
intensities are compared to in situ SM, measured at several stations
located across the Atacama Desert. Linear and non-linear regression
modelling (using sine functions) is applied to uncover the relationship
between the SAR intensities and in situ SM. Results indicate a very weak
linear relationship between SM variations and SAR intensities (VV/VH)
for most stations in the Atacama (R% < 0.5), while noticeable and sig-
nificant exceptions are found for stations located in the northern uplands
of the Coastal Cordillera and on sediments, which are characterized by
thick atmospheric dust deposits on top of subsurface cemented crusts
(confirmed for selected locations by sediment profiles). Over these sites
a strong negative linear relationship is present (R? up to 0.84) and the
observable seasonal variations in SAR intensity are linked to the sea-
sonal variations in SM. Remarkably low changes in SM (around 2.5%)
can lead to comparable high changes in SAR intensity (up to 5 dB),
leading to high absolute values of change (approx. 2 dB per 1% on
average). The reason for this strong inverse relationship is interpreted to
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be caused by subsurface scattering effects; a moisture-regulated complex
interplay of surface and subsurface scattering.

Chances to use C-Band intensities of Sentinel-1 to estimate the near-
surface soil moisture content in the hyper-arid environment of the
Atacama Desert are nevertheless challenging. This is due to the presence
of subsurface scattering effects that cause an inverse and/or complex
relation between SAR intensity and soil moisture, also at sites not
exhibiting the above-mentioned seasonal variations. Consequently, any
area-wide modelling using SAR data would need to incorporate infor-
mation on the properties of the surficial soil/sediment conditions at
sufficient high spatial resolution to investigate these effects and needs to
consider effects caused by different polarizations and/or acquisitions
geometries. Further efforts using Sentinel-1 time series might take use of
different look angles to identify regions that are prone to subsurface
scattering and that exhibit an inverse relation between intensity and soil
moisture. Concepts relying on the SAR phase alterations (Jordan et al.,
2020; Morrison and Wagner, 2022) might be promising here in addition.
Future research should also address modelling the influence of changing
attention and roughness on the SAR intensities, this will allow
approaching the identification of the critical penetration depth of the
SAR signal and potentially the estimation of the thickness of the dust
deposits in this hyper-arid environment.
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Fig. Al. Correlation between Sentinel-1 time series and near-surface soil moisture for the meteorological stations Cerro Constancia (a-d) and Cerro San Antonio (e-
h): (a&e) soil moisture (%) vs. VV intensity (dB), (b&f) soil moisture (%) vs. VH intensity (dB), (c&g) soil moisture (%) vs. VV-VH intensity (dB), and (d&h) time
series of the soil moisture (%). Grey dashed lines draw the lower and upper limit of the 95% confidence interval of linear regression. See Fig. 3 for further details.
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