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Data extracted from Synthetic Aperture Radar (SAR) have been widely employed to estimate soil properties.
However, these studies are typically constrained to bare soil conditions, as soil information retrieval in vegetated
areas remains challenging. Polarimetric decomposition has emerged as a potentially useful method to separate
Sand the scattering contributions of different targets (e.g. canopy/leaves and the underlying soil), which is of sig-
Silt nificance for areas that are near-permanently covered in low-lying vegetation (e.g. grass) like Ireland - the study
Clay area for this investigation. Here, we test the surface scattering mechanism, derived from H-alpha dual-pol
decomposition, together with other covariates, to estimate percentages of sand, silt, and clay, over vegetated
terrain, using Sentinel 1 data (dual-pol C-band SAR). The statistical modelling approaches evaluated — linear
regression (LRM) and tree-based regression models (machine learning) — explicitly consider the compositional
nature of soil texture. When compared to the models fitted without surface scattering data, results showed that
the inclusion of the surface scattering data improved estimates of silt and clay, with the compositional linear
regression model, and estimates of sand and silt fractions with different tree-based models. While not without
limitations, our study demonstrated that the polarimetric decomposition method, which is typically used for
classification and segmentation purposes, could also be used for soil property estimation, broadening the
application of this technique in microwave remote sensing studies.

Soil texture
Compositional

1. Introduction

Researching and developing novel methods for mapping soil prop-
erties contributes to advances in soil science. Geotechnologies, including
remote sensing techniques, play an important role in this task, for
example, by exploiting methods and ancillary variables for composi-
tional data interpolation to improve model performance (Wang and Shi,
2017; Wang and Shi, 2018; Mondejar and Tongco, 2019). In turn, the
importance of using remote sensing data and techniques to analyse and
estimate soil properties relies on their use over large areas, where
achieving similar coverage taking field measurements are costly and
time-consuming, and may be limited by access to sites. Furthermore,
optical- and microwave remote sensing have significantly contributed to
the advancement of soil science across a range of different applications,

such as the estimation of soil particle size-fractions (Gholizadeha et al.,
2018; Bousbih et al., 2019; Domenech et al., 2020; Marzahn and Meyer,
2020; Azizi et al., 2023), soil moisture (Jackson and Schmugge, 1989;
Barrett et al., 2007; Barrett et al., 2009; Pratola et al., 2014; Petropoulos
et al., 2015), soil carbon content (Gholizadeha et al., 2018; Zizala et al.,
2019; Katebikord et al., 2022), soil organic matter (van Wesemael et al.,
2023; Yang et al., 2023), soil salinity (Metternicht and Zinck, 2003;
Khajehzadeh et al., 2022) and soil mineralogical composition (Coblinski
et al., 2021).

In the microwave remote sensing realm, synthetic aperture radar
(SAR), such as Sentinel 1, can retrieve biophysical measures of vegeta-
tion and soil by the echoes from the Earth’s surface through a radar
antenna, measured as backscattering. In soils, the sensitivity of SAR
relies on the interaction between the transmitted electromagnetic wave
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and the soil moisture and soil roughness (Jagdhuber, 2012). In the mi-
crowave region of the electromagnetic spectrum, natural materials have
a dielectric constant ranging from 3 to 8 when dry, whereas water has a
value of approximately 8 (ESA, 2007:25) (Supplementary table 1). As
water has a dielectric constant 10 times that of dry soil, the presence of
water in the top few centimetres of unvegetated soil (bare soil) can
thereby be detected in radar imagery (ESA, 2007:25). In wet soil, the
dielectric constant value is ~ 20 (Barrett et al., 2007).

Studies on the importance of soil properties, including soil texture
and soil PSF, on the dielectric constant date back to the 1980 s, con-
ducted by Schmugge (1980), Wang and Schmugge (1980), Dobson et al
(1985), and Jackson (1987) who developed dielectric mixture models
for soil. The dielectric constant is related with the bound water in soil
surfaces which in turn is dependant on the total surface area of the soil
available to the water molecules. Jackson (1987) demonstrated that a
sand with a specific soil surface of 1 m?/g would have a much smaller
bound water fraction than a clay with a value of 300 m?/g, at a mi-
crowave frequency of 1.4 GHz (Supplementary Fig. 1).

The radar backscatter signal has a different relationship with the soil
dielectric (moisture, and physical properties) and surface roughness. For
example, Baghdadi et al. (2016) indicated that VV and VH intensities are
more sensitive to surface roughness (i.e. k-root mean square height) than
change in moisture, being more significant for higher incidence angles
(45°) (Supplementary Fig. 2). Sentinel-1 with Interferometric Wide (IW)
swath mode acquisition, which is the product employed in this study,
has an incidence angle ranging from 29.1° to 46.0° (ESA, n.d.).

Soil texture is important for remote sensing (either optical or mi-
crowave types), particularly considering soil mineralogy, since clayey
minerals (hematite, goethite, kaolinite, chlorite, and illite to name a
few) affect soil reflectance (Coblinski et al., 2021), dielectric properties
(permittivity) (Hallikainen et al., 1985; Das and Paul, 2015; Babaeian
et al., 2019) and electrical conductivity (Fletcher, 2022). Clayey min-
erals influence the water dynamics in soil (Coblinski et al., 2021) and
both chemical and physical soil properties.

Regarding wave polarisations (e.g. VV, VH), polarimetry is an
important concept in SAR applications, which relies on oscillations of
the transmitted/received signals. The interaction of the transmitted
pulse with the surface scatterers modifies the polarisation of the trans-
mitted signal. Such modification depends on the geometry (size, shape,
orientation) and the physical properties (dielectric content, density) of
the scatterers (Jagdhuber, 2012). In the context of soils, such differential
propagation of microwaves causes interferometric effects that lead
scattering elements on soil to produce phase and coherence variations
(De Zan et al., 2014). Polarimetry thereby is a potentially useful tech-
nique for retrieving soil properties as it provides information about the
physical description of scattering processes (Jagdhuber, 2012). Such a
technique builds upon interferometry as it uses the phase and amplitude
information of the wave. In the soil context, the differential propagation
of electromagnetic waves into the soil causes interferometric effects,
meaning that small scattering elements in the soil or moisture gradients
can produce phase and coherence variations (De Zan et al., 2014). Due
to the unique characteristic of SAR polarimetry, polarimetric decom-
position is a common technique to separate scattering processes for use
in segmentation and classification studies (Cloude and Pottier, 1996;
Freeman and Durden, 1998; Ji and Wu, 2015; Abdel-Hamid et al., 2018;
Husman et al., 2021).

To date, the investigation of soil parameters with SAR has largely
been constrained to bare soil areas and for retrieving soil moisture or soil
roughness (Bousbih et al., 2019; Marzahn and Meyer, 2020; Bhoga-
purapu et al., 2022). Notwithstanding the importance of soil texture and
PSF as a proxy for other soil properties estimates and various applica-
tions (e.g. agriculture, erosion, civil engineering, etc), the use of SAR to
estimate these remain underexploited.

Separating individual scattering contributions between soil and
vegetation under vegetated fields is a pivotal task to extracting the soil
properties (Jagdhuber, 2012). This is of significance for areas that are
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near permanently covered in low-lying vegetation (e.g. grass) like
Ireland. In areas covered with some vegetation, the SAR backscatter
comprises of scattering from soil, vegetation, and the interaction of these
two elements (Dou et al., 2022). However, removing the contribution of
vegetation to capture only the topsoil surface scattering is challenging
(Wang et al., 2017; Marzahn and Meyer, 2020; Bhogapurapu et al.,
2022). In this context, polarimetric decomposition emerges as a poten-
tial method, as it separates the scattering contributions of different
targets (e.g. canopy and underlying soil) (Barrett et al., 2009; Jagd-
huber, 2012; Jagdhuber et al., 2013; Ji and Wu, 2015; Wang et al., 2017;
Mascolo et al., 2022). In optical remote sensing, such technique is
similar to the spectral mixing analysis or spectral unmixing methods
used to decompose a reflectance or corrected radiance source spectrum
into a set or a given endmember spectra or spectral signature, since not
all pixel of a natural scene is pure, but a mixture (Somers et al., 2016;
Manolakis et al., 2016; Halbgewachs et al., 2022).

Polarimetric decomposition or target decomposition is the process of
extracting information about the scattering process and describing
scattering properties by partitioning the total power or intensity into
relative contributions of different idealised scatterers. The H-alpha Pol
Decomposition (H-o decomposition), otherwise known as Cloude-
Pottier Decomposition, was developed by Cloude and Pottier (1997) to
separate the scattering contributions of targets in radar images. Similar
to other polarimetric decomposition methods, it converts the random
scattering mechanism into several independent elements that can be
related to the physical properties of the target (Salma et al., 2022;
Cloude and Pottier, 1997), whose information is given by the resulting
alpha, isotropy, and alpha parameters. The assumption behind this
method is that there is always a dominant scattering mechanism in each
pixel or cell, which is typically provided by the alpha parameter. As a
target decomposition, the resulting scattering mechanisms can be sur-
face, volume or double-bounce types.

Surface scattering refers to the scattering that occurs on the surface
between two different but homogeneous media (e.g. soil surface or
topsoil, sea surface) and the direction of scattering depends on the de-
gree of surface roughness. When electromagnetic radiation transmits
from one medium to another, volume scattering occurs. Trees or
branches, subsurface or deeper soil layers, snow layers, etc. are exam-
ples of volume scattering. The surface and the volume components come
from the ground surface and the vegetation, respectively (Magagi et al.,
2022). In general, single scatterers will have lower alpha values being
produced by a rough surface (i.e. seawater, snow surface, ploughed bare
soil) which will increase as biomass increases. On a bare, smooth field,
alpha will indicate a dominance of single bounce scattering and entropy
will remain low. With increasing vegetation cover (e.g. dense vegeta-
tion, forests), the polarisation of the scattered wave becomes less pre-
dictable and entropy will increase.

While H-alpha Decomposition was originally developed for quad-
polarised SAR, the method has been adapted for dual-polarised radar,
such as Sentinel 1. Despite inherent limitations due to the reduced
number of polarisations (i.e. two channels), dual-polarisation has pro-
duced reasonable results in different applications as outlined in the next
section. Here, we test the potential importance of surface scattering,
derived from a dual-polarimetric decomposition method (H-alpha
decomposition), to estimate the content (%) of sand, silt, and clay from
in situ topsoil samples from bare-soil and low vegetated cover employ-
ing a linear regression and a tree-based model with additional cova-
riates. An intrinsic characteristic of soil particle size-fractions (PSF) —i.e.
sand, silt, and clay - is their compositional nature (i.e. the sum of the
fractions-components is equal to 100). This requires appropriate
multivariate analysis that can handle compositional data in order to
avoid the potential for spurious correlation or unrealistic results
(Aitchison, 1982; Aitchison, 2005; Niang et al., 2014; Pawlowsky-Glahn
et al., 2015; Filzmoser et al., 2018; Todorov, 2021). Moreover, the sum
of the components in a predicted soil sample (e.g. 100 %) is not guar-
anteed with standard statistical methods that are designed for
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unconstrained multivariate data in a Euclidian space (Weiss et al., 2017;
Amirian-Chakan et al., 2019). We explicitly consider the compositional
nature of soil texture in the modelling approach.

We sought to address two key research questions: (i) to evaluate to
what extent polarimetric decomposition with scattering partitioning can
be employed to predict soil particle-size fractions, that is, to assess how
well the Sentinel 1 pseudo-polarimetric product contributes to the es-
timates of soil PSF in comparison with the original dual-polarization
product SLC-1; and, (ii) to evaluate if the surface scattering mecha-
nism can ameliorate vegetation cover issues for soil particle size pre-
diction on soils under (low) vegetated cover.

It is worth noting that, due to the limited polarisation channels, this
work does not intend to be exhaustive in examining the efficiency of the
method to accurately distinguish targets, rather it seeks to explore and
expand this method for soil PSF prediction according to the research
questions. Thus, limitations and future works are highlighted based on
our findings.

This paper is organised into the following sections. Section 2 briefly
presents the theoretical background and some related works. Section 3
outlines the methodological procedure and datasets employed,
including a description of the study area. Sections 4 and 5 present the
results and discussion, respectively. Finally, Section 6 draws some
conclusions from the work.

2. Theoretical background and related works
2.1. Radiometric calibration of SAR image

Prior to employing SAR data, the radar data must be calibrated, since
this procedure provides a measure of radar reflectivity of a surface (i.e.
the radar backscatter). Radiometric calibration corrects a SAR image so
that the pixel values represent backscattering from the Earth surface,
being a crucial procedure for a quantitative use of SAR data.

The radiometric corrections are purposes-specific. For interfero-
metric and polarimetric analyses — the later includes polarimetric
decomposition - the output data need to be in complex number format
(i.e. real and imaginary bands) to obtain coherence and covariance
matrices. For other applications, radiometric calibration converts
backscatter intensity as received by the sensor to the normalized radar
cross section (sigma nought or ¢°).

Backscattering coefficients are reliant on the local incidence angle
and local topography and related to characteristics of the targets, such as
physical (geometric and electromagnetic), soil moisture, surface
roughness, and dielectric constant (Imperatore and Di Martino, 2023).
Abrupt land use land cover changes (e.g. from grass or bare soil to trees)
may also affect backscattering coefficients when the backscatter and
incidence angle behaviour varies over the image (Freeman, n.d.). The
radiometric corrections are thereby also area-specific.

There are three different calibrations required for Sentinel-1 data,
depending on the plane reference area used to normalise the backscatter
(Fig. 1). Sigma nought (6®) refers to the backscatter returned to the
antenna from a unit area on the ground, being related to ground range (i.
e. normalised to ground area) and based on ellipsoid (or incidence
angle) corrected SAR backscatter. It is useful for flatter terrain and is
commonly used to analyse surface scattering and surface properties
(Barrett et al., 2007; Zhang et al., 2017; Periasamy, 2018; Nasirza-
dehdizaji et al., 2019; Mandal et al., 2020; Qu et al., 2020; Salma et al.,
2022). Beta nought (8% is normalised to a slant range plane area and
refers to the radar brightness coefficient, which is the ratio between the
power transmitted and received by the antenna. Gamma nought (y°) or
RTC Gamma nought (Small, 2011) is normalised to an area perpendic-
ular to the line of sight and accounts for terrain variations, advantageous
over undulated terrain, mountainous and hilly areas. An recent attempt
to improve Sentinel-1 Radiometrically Terrain Corrected (RTC) to
reduce processing and storage through orbital stability is outlined in
Navacchi et al. (2023).
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Fig. 1. Normalization areas for SAR backscatter (Small, 2011). pO refers to
reflectivity in an area in slant range and measures brightness in SAR images;
oY is illumination corrected and measures the power returned to antenna from
ground; v° is plane perpendicular to the local look direction and is radiomet-
rically corrected being suitable for volume scatterers.

Thus, for a spaceborne SAR, the ¢ and the y° backscattering co-
efficients relies on a flattened earth model and a curved earth model, for
the receive and transmit polarizations of the radar (Freeman, n.d).

2.2. The H-alpha dual pol decomposition

Polarimetric decomposition is the process of partitioning the total
intensity into contributions of different scatterers to extract information
about the scattering properties of targets. The H-alpha Pol Decomposi-
tion (H-a decomposition), otherwise known as Cloude-Pottier Decom-
position, was developed by Cloude and Pottier (1997). Similar to other
polarimetric decomposition methods, it converts the random scattering
mechanism into several independent elements that can be related to the
physical properties of the target (Cloude and Pottier, 1997; Salma et al.,
2022). One advantage of this method is the lack of physical constraints
imposed by assumptions of a particular statistical distribution (Cloude
and Pottier, 1997). The assumption behind this method is that there is
always a dominant scattering mechanism in each pixel or cell. Based on
this, Cloude and Pottier (1997) employed a three-symbol Bernoulli
model to obtain estimates of the average parameters for the dominant
target using POLSAR data (AIRSAR) from NASA’s Jet Propulsion Labo-
ratory (JPL).

Typically, there are five different target polarimetric statistical-based
descriptors: Sinclair Matrix [S], Kennaugh Matrix [K], Target Vectors (k,
Q), Coherence Matrix [T], and Covariance Matrix [C]. The H-alpha
Decomposition pertains to the coherence matrix group (Lee and Pottier,
2009), whose coherence matrix allows analysing single scattering
mechanisms (i.e. surface scattering) within a pixel as well as their
contribution to the total signal. The H-alpha Pol Decomposition method
relies on the eigen decomposition of the coherency matrix [T3] into
types of scattering processes (the eigenvectors) and their relative mag-
nitudes (the eigenvalues) (Lee and Pottier, 2009). It is an eigenvectors-
eigenvalues-based analysis (Equations 1-4) used to examine the in-
tensity (coherency matrix) of the scattering matrix.

The method produces three secondary parameters — Entropy (H)
(Eq.1), Anisotropy (A) (Eq. (2) and Alpha angle (a) (Eq. (3), which
contain information on the scattering, from the eigen decomposition of
the coherency matrix (Lee and Pottier, 2009).

3
H= ; — Pilogy(P,),P; = ai/z,ak )

A= (l—23)/ (2 +23) ©))
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a= — gP,a,- (€))

where A1, 12, and A3 be the eigenvalues of the coherency matrix (1; > 12
> A3 > 0). From this, the corresponding eigenvectors [ us, uy, uz 1T are
expressed as follows:

u; = [cosa,,mna,-cos/}[e’”, sin ai sm/i,-e”] (€))

where o; denotes the scattering mechanisms of a target; p; is the orien-
tation angles; 5, and y represents the phases.

Since the method was adapted from a quad-pol SAR equation, the
parameters and indices in equations 1-4 that refer to four polarisations
are reduced to 2 to be suitable for use with two polarisations in a
coherence matrix method, since both the scattering matrix and scat-
tering vector of VV-VH or HH-HV SAR, for example, has two elements.

Entropy indicates how random the scattering mechanisms are and
lies between 0 and 1 where H = 0 exhibits a pure target (single scattering
element) and polarised surface (Harfenmeister et al., 2021). If entropy is
greater than zero, thereby, there is an indication of the presence of two
different mechanisms, meaning that the scattering mechanisms are not
surface, but a mixture of two different mechanisms. Anisotropy provides
information on the relative effect of the second and third mechanisms
and ranges between 0 and 1, being therefore complementary to entropy
(Harfenmeister et al., 2021), especially when H > 0.7 in full-pol SAR,
since H < 0.7 the anisotropy is noisy and has limited importance (dos
Santos et al., 2009). The Alpha parameter is used to determine the
dominant scattering mechanism and varies between 0° and 90°,
particularly in full polarisation SAR. It is the main parameter (Cloude
and Pottier, 1997) as it provides information related to the surface,
volume (e.g. trees) and double-bounce scattering (e.g. urban areas).

Complementary to the polarimetric decomposition, there is the H-
alpha plane plot that builds upon the H-a variation for a coherency
matrix and consists of nine zones representing different scattering
behaviour (Cloude and Pottier, 1997) (Supplementary Fig. 3). These
zones result from the interplay between Alpha and Entropy. An example
of this polarimetric decomposition method applied to an agricultural
field is depicted in Supplementary Fig. 4a. It is worth noting that the H-
alpha plane for dual-pol differ from full-pol in terms of the boundary
lines and zone thresholds (Supplementary Fig. 4b) as demonstrated by Ji
and Wu (2015). A summary of the physical scattering characteristics of
each of the nine zones in the H-a classification plane is found in Sup-
plementary Table 2.

Regarding applications of the method, Jagdhuber et al. (2013) un-
derline the success of polarimetric decomposition to separate the
vegetation contribution and estimate soil moisture on isolated bare
ground components, enabling the interpretation and decomposition of
different scattering contributions. The method has also been employed
for bio-parameter extraction such as biomass (Suman, 2022), rice
monitoring (Koppe et al., 2013) and soil moisture (Magagi et al., 2022).
Qu et al. (2022) demonstrated the use of polarimetric decomposition
from quad-pol SAR data for land cover classification.

In the context of dual-pol SAR, some limitations of the method have
been reported in the literature. For example, the closer alpha is to 0°, the
greater the chance of surface scattering. However, some studies
demonstrated that it is not possible to distinguish pure surface scattering
(i.e. alpha angle = 0) from dihedral or double-bounce scattering (alpha
= 90) with S1 data due to reduced polarisation or lack of the remaining
quad-pol (e.g. Engelbrecht et al., 2017; Mascolo et al. 2022; Salma et al.,
2022); that is, alpha values for the ground may not be as low as 0.0.
According to the dual-pol covariance matrices of the surface and dihe-
dral targets, (i.e., C_surface = [1, 0; 0, 0] = C_double-bounce,) it is not
possible to distinguish them. As a result, the scattering mechanisms can
not be separated. Cross-polar channel (VH or HV), which is sensitive to
vegetation, becomes a poor estimate of volume scattering (Mascolo
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et al., 2022), particularly under vertical dipole situations, hindering the
separation of soil and vegetation. While the alpha values vary from 0° to
90° in quad-polarization, Salma et al. (2022) obtained a maximum alpha
value of approximately 45°, in a study area situated in India, with
Sentinel-1dual-pol. In our study area located in Ireland (Fig. 2), alpha
values mostly ranged from 0.051 to approximately 39, for the whole
area — Supplementary Fig. 5.

Despite inherent limitations due to the reduced number of polar-
isations, dual-polarisation has been employed in a number of different
applications. For example, Ji and Wu (2015) analysed the abilities of
dual-polarisations (HH-VV, HH-HV, and HV-VV) from different SAR
sensors to discriminate scattering mechanisms, namely surface, volume
and double bounce scattering. Despite the lack of cross-polarization,
they demonstrated that dual-pol HH-VV could effectively derive the
scattering mechanisms; however, the HH-HV and HV-VV could only
partially extract low, medium, and high entropy scattering mechanisms
due to the lack of co-polarization. Their work builds upon theoretical
and experimental results comparing performance with that of fully
polarimetric SAR.

Mascolo et al. (2022) applied dual-pol decomposition to Sentinel-1
data over different land cover types, including agricultural, forest,
urban, and glacial land-ice. They showed that some elements of physical
modelling can be used to better exploit information from Sentinel 1 and
that the dual-pol decompositions can be used to extract important un-
derlying physical information, provided that the correct interpretation
of parameters is used. Notwithstanding the benefits of this method, they
also considered the limitations associated with the use of dual polar-
isation SAR (e.g. the selective availability of different combinations of
VH-VV and HH-HV and their impact on the interpretation of the
decomposition outputs and identification of phenomena in an image).
These authors also demonstrated the importance of the VH and VV
backscattered signal for separating the land-cover types and for the
estimation of important crop variables, based on biomass and
phenology.

Salma et al. (2022) analysed target properties for a range of crop
types, including ginger, tobacco, rice, cabbage, and pumpkin crops,
using H-A-a dual-polarization decomposition with a temporal series of
Sentinel 1 images (spanning 19th January and 27th September 2020).
They found variation from the quad-polarisation decomposition, where
the alpha values fell between 0° and 90°, whereas the alpha values of
dual-polarisation data were found to vary between 7.92° and 45.23°.
They also observed that the corresponding pixels on the ground
exhibited surface scattering over the H-a plane. Finally, they found that
the crop growth scattering mechanism on the H-a plane produced
similar results to the temporal analysis.

The high frequency overpass of Sentinel 1 together with the sensi-
tivity of polarimetric parameters (entropy, anisotropy, and alpha) to
biophysical properties have increased the use and application of S1 for
monitoring biophysical parameters over agricultural fields, as demon-
strated by Dave et al. (2023) and Harfenmeister et al. (2021), and for
crop classification (e.g. Husman et al., 2021; Wozniak et al., 2022). An
attempt to improve interference between different scattering compo-
nents in distributed scatterer employing Sentinel 1 is found in Zhang
et al. (2022).

3. Data and methods
3.1. Study region

The study area encompasses a central swath of the Republic of
Ireland (Fig. 2). Agriculture is the dominant land use land cover in
Ireland, accounting for 67 % of the land area, from which pasture is the
main agricultural class (55 %) (CORINE, 2018). Grass pasture is typi-
cally grazed by cattle on a rotation basis and/or harvested 2-3 times per
year to provide a source of overwinter feed. Both management practices
maintain a minimum grass height of 4 cm.
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Fig. 2. The land use-land cover categories from an RGB composite applied to the Sentinel 1 imagery over the study area. Topsoil sampled sites in the study area
(points) overlaid on RGB composite using VV and VH polarisations from Sentinel 1-C band. The RGB resulting image highlights some of the land use/land cover
categories, such as man-made structures and urban areas (yellow) within which Dublin city is highlighted on the top-right of the figure, water bodies (blue), and
bogs/peatlands/bare soil (brown), dense and higher vegetation are displayed in light cyan, and grassland, crops and low vegetation cover are shown in medium and
dark shades of cyan. (For interpretation of the references to colour in this figure legend, the reader is referred to the web version of this article.)

Topographically, the study area consist of uplands occurring in the
middle-east of the domain with geoforms oriented at W-N, N-E and S-W,
whereas the lowlands are mostly present in the mid-west with W-N, E-S
and N-E faced geoforms (Fig. 3). In terms of slope, mountainous areas
are found in the northern and western areas, while flatter areas/lower
relief are observed in the northern and southeast part of the domain. It is
worth noting that the soil samples selected in the modelling stage of this
work are mostly located in flatter terrain and lowland areas in the north,
south and southeast areas of the study region.

The geomorphological setting affects the rainfall amounts which are
typically higher on the west coast. This is due to the predominant
maritime airflow off the North Atlantic Ocean that interacts with
orography along that coast (Fealy et al., 2011). While Ireland experi-
ences year round rainfall, the drier seasons are spring and summer while
winter and autumn are the wettest, with approximately 260 mm and
350 mm of rain, respectively (Walsh, 2012). The predominant soil
texture class in Ireland is Fine Loamy (Creamer et al., 2016).

3.2. Data

3.2.1. Soil information

A dataset comprising 235 soil samples from across Ireland and
collected by various institutions — Irish Soil Information System, LUCAS
Topsoil 2009-2015, Soil Carbon (Kiely, 2009), and WoSIS Soil Profile
Database in both shallow and deep soil layers, was used to train and
validate the models. Only the topmost layer or topsoil (0-15 cm in
depth) was selected for use in this study in order to be consistent with
the pulsed signals of Sentinel 1. This rationale was based on the rela-
tively lower capability of C-band radar to penetrate into the soil —

estimated to be approximately the first 4 cm of the soil layer (Babaeian
et al., 2019) (Supplementary Table 3) — compared to lower frequency-
based sensors, such as L-band SAR. Our approach is consistent with
Read et al. (2018), who dealt with different legacy databases to predict
sand (%) and clay (%) in upper soil profiles from airborne geophysical
data. In their work, they constrained soil samples collected from soil
profiles up to 30 cm depth for training the model and restricted them to
0-5 cm (topsoil) in external model validation, since gamma rays
emanate from topsoil layer (Read et al., 2018).

3.2.2. Microwave remote sensing data

Sentinel-1 SAR (C-band, dual polarisation VV + VH, at a centre
frequency of 5.405 GHz) was employed in this work as the radar-based
data. It was obtained with Interferometric Wide (IW) swath mode
acquisition, from the European Space Agency (ESA). Since polarimetric
decomposition requires the phase information of the wave, the Single
Look Complex (SLC) product was selected. The acquisition date was the
3rd April 2021. This date was selected due to the antecedent conditions
(29/03/2021-03/04/2021) — which had no associated rainfall, based on
information the Irish national meteorological service, Met Eireann.
Moreover, the rainfall recorded for the preceding month of March, was
below the long-term average and a number of meteorological stations
within the study domain recorded their driest March since 2012 (Met
Eireann, 2021).

The pre-processing procedures applied to the Sentinel 1 imagery —
included co-registration (S1-TOPS split as subset; orbit file applying),
radiometric calibration to the complex number (i.e. a measure of radar
reflectivity of a surface), S1-TOPS Deburst, S1-TOPS Merge, polarimetric
speckle filtering using a Boxcar method with a 7 x 7 window size, and
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TOPSOIL SAMPLES AND TOPOGRAPHICAL COVARIATES
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Fig. 3. Toposoil samples superimposed over topographical (morphometric) covariates images of the study area. The soil samples (n = 27) were employed in the
models. Elevation data refers to the DEM-EEA-10 (10 m spatial resolution) from which the other covariates were derivate.

range-doppler terrain correction — were carried out using the Sentinel-1
Toolbox (SNAP-ESA). The complex output was selected for polarimetric
processing. For calculation of the radar vegetation index, the backscat-
tering coefficients were converted to sigma nought using the linear scale
units. The Copernicus Digital Elevation Model for Europe (ESA EEA-10)
at 10 m spatial resolution was used for terrain correction. All datasets
were geo-coded to the Irish Transverse Mercator projection.

The radar-based data consisted of (i) VV and VH backscatter co-
efficients; (ii) the dual-pol radar vegetation index, (Eq. (5) (Nasirza-
dehdizaji et al., 2019; Gururaj et al., 2019), and (iii) topsoil surface soil
moisture (SSM) measured with Sentinel-1 as part of the Copernicus
programme. All data was acquired for the same date. Typically, radar
vegetation indexes are useful for measuring random scattering in radar
signals and values close to 0 indicate smooth, bare surfaces (Nasirza-
dehdizaji et al., 2019). The index employed here is an adaptation of the
quad-pol RVI to dual-pol SAR and refers to the contribution of volume
scattering given by cross-polarized response (Nasirzadehdizaji et al.,
2019). It was employed to filter noise from the data and to reduce the
vegetation effect.

0
40ty

RVI=——"——
6%y + 0%y

6
Sentinel 2 imagery (S2), a product of optical remote sensing, was also
obtained for the same date in order to compare the surface scattering
from the polarimetric decomposition with soil through an RGB com-
posite (R4G3B2 and R11G3B2).
In order to estimate the effect of soil organic matter (SOM) on the
backscatter, we performed a correlation test with SOC and the SAR

backscatter. Results are presented in the Supplementary Fig. 6 and
Supplementary Table 4. From the soil legacy datasets, we used SOC data
from the WoSIS Database, since it contains more measurements of this
soil property.

3.2.3. Topographical data

Topographical data, derived from the digital elevation model ESA
EEA-10, was used to represent the soil-landscape relationship and an
earth-surface characteristic related to soil-surface roughness (micro- and
macro-relief of a soil surface), which is a result of variations in soil
grains, soil aggregates, soil clods and tillage. In this study, topographic
covariates consisted of altitude, slope, aspect and curvature (concave
and convex surface), whose values where extracted from the corre-
sponding pixels to the soil samples used in the modelling stage for
predicting soil PSF. In the study area, values of altitude and slope for
these points, ranged from 42 to 364 m and 0.16-11 degrees, respec-
tively. For these sampling sites, slopes exhibit low-medium inclinations
due to convex curvature and flatten summit, which justify the use of the
° backscatter coefficient.

3.3. Methods

3.3.1. Dual polarimetric decomposition

The covariance 2 x 2 matrix (C2) was generated from the Sentinel 1.
The SLC product (Eq. (6) was converted from the complex output to its
covariance matrix representations (Eq. (8), to perform the polarimetric
decomposition. The matrix C2 (Eq.8) consists of two real parts (C11,
C22), which contains the variances, and two complex parts (C12, C21)
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that contains the covariance (Salma et al., 2022).

The H-alpha Dual Pol Decomposition was further performed using
the Sentinel-1 Toolbox available on the Sentinel application Platform
(SNAP) in order to obtain the alpha, entropy and anisotropy values.
Alpha, the main parameter (i.e. dominant scattering), was selected as a
covariate in the statistical modelling as the other two parameters are
highly correlated to alpha, especially entropy, with a Pearson’s corre-
lation coefficient (r) of 0.95. Thus, they were not considered in order to
avoid multi-collinearity.

_ Sw Svi
=[5 %]
k = [Sw 2Sw]" )
o Cu Cp
C2= [Cﬂ C22:| ®)

where S is the 2 x 2 complex scattering matrix or backscattering matrix
(Syu and Syy are backscattering coefficients) (Qu et al., 2020); k is the
corresponding scattering vector representation wherein T refers to the
transpose of matrix; and C is the dual covariance matrix for S1-SLC (Qu
et al., 2020).

In the (dual) polarisation matrix, the complex numbers C;3 and Cy
are conjugate, while Cy; and Cy; represent the energy of VV polarisation
and VH polarisation, respectively. Thus, these complex numbers are
displayed in an S1-SLC (Single Look Complex) file as a matrix.

Once the H-alpha Dual-Pol Decomposition was obtained, we carried
out a visual inspection by overlaying, the alpha image and the Sentinel 2
image with the aid of RGB composite to identify features such as peat/
bogs, water bodies, dense vegetation (forests), bare soil, ploughed soil,
and soil with some degree of vegetation cover. Since we sought a
distinction between soil and vegetation, only these features are indi-
cated in the analysis.

After the visual inspection, the in situ soil sample locations were
overlain on the resulting maps from the H-alpha Dual Pol Decomposition
(alpha, entropy and anisotropy images). Those locations with low alpha
or surface scattering were selected (blue patches in the alpha image) to
extract the pixel values, following Harfenmeister et al. (2021), Mascolo
et al. (2022) and Salma et al. (2022). Typically, in agricultural areas,
alpha = 0° indicates a single scattering event (surface) from smooth soil
or a large leaf; alpha = 45° indicates more than two scattering events
from within a crop canopy (volume).

In our study area, the threshold for alpha and entropy were < 18°
(low) and < 0.6 (medium), respectively (Mascolo et al., 2022). The
closer alpha is to 0°, the more the surface scattering occurrence. How-
ever, there is limitation issues in distinguishing pure surface scattering
from dihedral or double-bounce scattering with S1, resulting in alpha
values > 0.0 for bare ground. In light of such limitations, the afore-
mentioned threshold was set based on Mascolo et al., (2022) considering
a range values of 0° < aygyy < 22.5° and horizontal dipole (Mascolo
et al., 2022). From this, the surface scattering contribution is expected
due to either the spacing between plants or direct scattering from the
large leaves (Mascolo et al., 2022). Surface scattering can come from
vegetation, which was confirmed further from the analysis of the H-
alpha plots in our study. Thus, to account for the gaps between plants in
some agricultural fields, the threshold were increased from zero to
include backscattering from low- and sparse- vegetation. Due to the
agricultural field setting, it is difficult to have pure targets (low entropy)
values that clearly distinguish them from their surroundings. Thus, they
are more distributed targets and fall into the medium range for entropy.
To consider the vegetation effect, that is, to reduce the effect of it on the
soil backscattering, we employed the dual-pol RVI, which relies on
sigma naught backscattering in its formula, in the model.

With this procedure, 27 points were ultimately selected, consisting of
bare soil and low or sparse vegetation. Spectral signatures from Sentinel
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2 images (obtained from 03/04/2021) were extracted for selected field
locations in the study area to compare the behaviour of some features (e.
g. soil, vegetation) with the decomposed targets by the H-alpha dual-pol
decomposition. This is based on the fact that when there are small
contributions from soil backscattering, the vegetation signature is
highest in volume scattering. (Guerriero et al., 2013; Salma et al., 2022).

3.3.2. Statistical modelling

Tree-based models are alternatives to linear regression models due to
their advantages of being relatively robust to overfitting and not
requiring standardisation or normalisation of data; they are insensitive
to the ranges in the predictor values (Zhang and Shi, 2019). Decision
trees are used in classification and regression problems whose predictor
space is divided up by recursive partitioning. A widely used extension to
decision trees is the random forests (RF) algorithm (Breiman, 2001).
Some examples of RF applications to estimate soil properties — without
considering soil texture as compositional data — in a remote sensing
context are found in Mirzaeitalarposhti et al. (2022), Domenech et al.
(2020), Dotto et al. (2020), Cisty et al., 2019, Bousbih et al. (2019) and
Ballabio et al. (2016).

Compositional data analysis (CoDA) is mostly performed in terms of
log-transformations and relies on log-ratios between the parts or com-
ponents of one sample. Some of the benefits of applying the log-ratio
(linear) transformations are the possibility of using standard uncon-
strained multivariate analysis on the transformed data. Moreover, the
sum of the components equal to 100 (or 1) is guaranteed when the
predicted values are back-transformed to the original units (Comas-Cufi
and Thio-Henestrosa, 2011). The theoretical foundations are found in
Aitchison, 1982. As highlighted by Morais and Thomas-Agnan, 2021, in
simplicial regression (i.e. compositional linear model; Y-LRM) one can
use transformations to transport the simplex space SP into the Euclidean
space RP! to eliminate the simplex constraints problem.

Considering the compositional nature of soil texture (a composition
of particle-size fractions), log-ratio transformation methods rooted in
symmetry — centred log-ratio transformation (CLR), and isometric log-
ratio transformation (ILR) — were employed in this study because they
preserve distances. The ILR transformation was applied to the response
variables or Y (sand, silt, and clay) for fitting the compositional Linear
Regression Model (Y-LRM) following the default partition method in the
CoDaPack software (Comas-Cufi and Thio-Henestrosa, 2011). Due to the
sampling size, the model was validated by using the leave-one-out cross
validation (LOOCV) method.

The CLR transformation was applied to the response variables to
train a tree-based model for different extensions of tree-based algo-
rithms, including, the traditional Random Forests-RF (Breiman, 2001),
Local Linear Forests-LLF (Friedberg et al., 2021), Bayesian Additive
Regression Trees-BART (Chipman et al., 2010), and SoftBART-SBART
(Linero and Yang, 2018). CLR transformation was applied to the
response prior to model training, since the machine learning modelling
does not rely on distributional assumptions. Moreover, the singular
covariance matrix resulting from the CLR-transformed data set is not an
issue for the Random Forest model. We used the default method built
into the CoDaPack software (Comas-Cufi and Thio-Henestrosa, 2011).
For comparison with the CoDA approach, a non-CoDA-based regression
was carried out for these different tree-based algorithms.

The compositional data approach has increasingly been employed to
estimate soil PSF in both non-spatial (Loosvelt et al., 2013; Chappell
et al., 2019; Deodoro et al., 2023) and explicitly spatial models (; Zhang
and Shi, 2019; Wang and Shi, 2018; Wang and Shi, 2017; Odeh et al.,
2003). Here, we employed CoDA in order to satisfy the constraint where
the sum of the parts is 100. We employed two different statistical
modelling approaches to see the results behaviour with a assumption-
based model (LRM) and non-assumption or black-box model (tree-
based model).

It is worth noting that, in addition to soil PSF estimates, the corre-
sponding soil texture classes were also obtained. However, they were
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inferred from the compositional predictions of sand, silt, and clay con-
tent rather than directly using a categorical modelling approach. The
resultant soil textural classes will also be outlined in the Results section.

3.3.3. Evaluation metrics for soil particle size predictions

The performance of the modelling approaches were evaluated using
three statistical indicators, as follows: Root Mean Square Error (RMSE)
(Equation (9), MAE (Mean Absolute Error) (Equation (10) and Nash-
Sutcliffe efficiency (NSE) (Nash and Sutcliffe, 1970) (Equation (11).
The latter is a normalised metric that indicates the magnitude of the
statistical variances between the residuals and the measured data (Nash
and Sutcliffe, 1970). It measures the agreement between observed
versus predicted (simulated) data in relation to the 1:1 line according to
the following: NSE = 1 indicates a great fit of the model to the observed
data; NSE = 0 indicates that the accuracy of predictions is given by the
mean of the observed data; - Inf < NSE < O shows that the observed
mean is predicting better than the model.
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where y; is the observed value of the response variable, y; is the esti-

mated value, and n is the number of observations.
MAE = 1ni = lnyi —yi (10)

where y;, y;, and n represents the same descriptors that those of
RMSE.

1D

n obs __ ysim)2
NSEI[E,-I(Y,- i) }
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where Y;’bs is the i observation, Yisim is the i simulated (predicted)

value, Y}’bs is the mean of observed data, and n is the total number of
observations.

4. Results

The calculated Alpha values (Fig. 4) indicate that the study area is

1< ~ mostly represented by volume scattering mechanisms (yellow patches
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0.13 to 73.3 (Fig. 4). For the selected soil samples (n = 27), corre-
sponding to the surface scattering patches, the obtained alpha values
ranged from 5.43 to 18.63, with a mean equal to 13.26 (Table 1).
Similarly, the entropy values, indicating surface scattering, produced
values ranging between 0.19 and 0.66, with a mean equal to 0.53. Alpha
and Entropy followed a negative, left-tailed distribution, whereas
Anisotropy exhibited a distinct positive, right-tailed distribution.

The corresponding H-Alpha plot for the study area (Fig. 4a) shows
the contribution of soils and vegetation on radar backscattering. From
Tables 1 and 2, the sample locations (n = 27) were consistent with the
low entropy surface scattering (Alpha <= 40 and H <= 0.6). From the
H-Alpha plot, the selected points (n = 27) typically lay within Z3 and Z6
(Fig. 4c), defined as brag and random surface scattering regions,
respectively. Points located in Z3 and those located in Z6 in transition to
73 indicate sparse or very low vegetation cover and soil.

The alpha values from a subset of the entire study area were visually
compared to the Sentinel 2 (optical imagery) RGB composite (R4G3B2)
(Fig. 5). Broadly, blue in the alpha parameter refers to surface scattering;
yellow is commonly related to volume scattering; and red colour in-
dicates a double-bounce scattering. This is also consistent with the
spectral signatures obtained from Sentinel 2 (Fig. 5, bottom) of the soil
sampling sites depicted in the S2-RGB composite. The spectral curves
shows the signature of soil (red) and vegetation (green) for sampling
sites under bare soil and vegetated soil, respectively.

A more detailed subset of alpha and Sentinel 2-RGB composite
(Figs. 6 and 7) illustrates the response under different conditions of
vegetation cover, on which surface scattering is depicted in areas with
bare soil and very-low vegetation indicating that the decomposition
method retrieved soil backscattering under that degree of vegetation
cover. These figures were useful to demonstrate the method in a sur-
rounding area of the selected points shown in Fig. 5. They have a visual
purpose only, and examples from these were not included in the models.

Bare soil and low vegetation (i.e., grass) were associated with surface
scattering when some pixels samples were extracted from the Alpha
image (S1) and the corresponding RGB composite from S2 (Fig. 7),
which could be confirmed by the H-a classification regions in the H-a
plane plot. This is also consistent with the spectral signatures (Fig. 7) of a
representative pixels within each polygon traced over the alpha and RGB
images. The red and yellow spectral curves depict bare soil in fields
(polygons) 3 and 5, respectively; green and pink curves indicate some
degree of vegetation in fields 2 and 4 where soil occurs in the gaps be-
tween plants; and grey and blue spectral curves indicating the influence
of dried crop residues (e.g. straw) from previous harvest in fields 1 and
6. It also worth noting that moisture content and surface roughness
affect the soil spectrum, particularly in the visible spectrum (<0.750
nm).

4.1. Statistical models

The compositional LRM (Y-LRM) fitted with surface scattering as a
covariate yielded an overall R2 value of 83 %. In the model without the
surface scattering variable, the overall R2 value was 78.6 %. The NSE
values (1:1 line) between observed and predicted samples indicated a
improvement for silt and clay (Table 3). Fraction clay estimates showed
the lowest agreement with the measured data in both modelling ap-
proaches (Fig. 8a and 8b). Regarding soil texture classes, the

Table 1
Descriptive statistics for the dual-pol decomposition parameters retrieved for the
soil samples.

Parameter Min. Max. Mean Standard Dev.
Alpha Surface Scattering 5.43 18.63 13.26 3.16
Entropy Surface Scattering 0.19 0.66 0.53 0.11
Anisotropy Surface Scattering 0.66 0.94 0.75 0.07

Note: N = 27.
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corresponding classes from the soil particle-size fractions predicted were
Sand (S), Sandy Loam (SL), Loam (L), Clay Loam (CL), and Silt Loam
(SIL) - Fig. 9b. The model fitted without surface scattering, resulted in
more clayey classes, such as Clay (C) and Silty Clay Loam (SICL). Sand
class (S) was not observed with this model.

In the tree-based models fitted with CLR transformation applied to
the response variables and validated with LOOCYV, the inclusion of sur-
face scattering as a covariate improved the estimation of soil particle-
size fractions. For example, the error reduced for all PSF in all models
and the agreement increased, except for clay, in the RF, BART and
SBART models (Table 3). The clay fraction estimates showed the lowest
agreement with the measured data in all models. The sand fraction was
highlighted as the optimum response variable and the LLF and SBART
models exhibited the best performance (Fig. 8c). All the tree-based
models yielded the same soil textural classes (Fig. 9c-9f).

For the tree-based models without log-ration transformation (non-
CoDA approach), the inclusion of surface scattering as a covariate also
improved the estimation of soil particle-size fractions (Table 3). In
general, the models demonstrated better performance, from the NSE,
RMSE and MAE metrics, between the observed and test samples, except
for clay.

In an assessment of Sentinel-1, geophysical and topographical
covariates for estimating topsoil particle-size fractions over the same
study area, Deodoro et al. (2023) did not find a significant correlation
between the radar backscatter coefficients (o0y, 6J) and the topsoil
particle-size fractions for either the non-transformed or transformed soil
PSF. Han et al. (2017) also found a weak correlation between radar
backscatter (UAVSAR) and in situ soil PSF along the lower Mississippi
river (riverside and landside). Such results indicate that soil PSF cannot
be estimated directly from SAR data solely employing VV and VH
backscatter values, that is, without covariates. We observed higher
values for the association between SAR backscattering and SOC, how-
ever, correlations were weak with values ranging from —0.25 to 0.33
and not statistically significant (Supplementary Table 4). A possible
explanation for these results, is that soil samples usually go through
treatment or sample pre-treatment analytical procedures in laboratory
to remove cementing materials such as organic matter or “humus”,
calcium carbonate and iron oxides, to obtain the particle-size fractions
(Ribeiro et al., 2020).

5. Discussion

As far as we are aware, no study to date has employed dual-pol
decomposition for estimating soil PSF and predicting soil texture.
Hence, some comparative analyses with results from other studies
employing such a technique for biophysical properties retrieving were
used to underpin this discussion section.

The H-alpha Dual-Pol Decomposition method provided, to a certain
extent, surface scattering over low vegetation, which may indicate un-
derlying soil. This was observed in our study by comparing the Alpha
image and the RGB composite from Sentinel 2 image. Despite using a C-
band radar, which has a lower ability than an L-band radar to penetrate
(low)vegetation and reach the soil (Babaeian et al., 2019). Typically,
cross-polarisation (e.g. VH) is associated with multiple scattering and is
useful for volume (multiple) scattering occurrence (Husman et al.,
2021). Thus, it may be useful to separate soil and vegetation (Sowter, n.
d.). In a study on crop growth analysis in India using S1 and target
decomposition, Salma et al. (2022) used plot of classified H-a dual-pol
decomposition from S1 to analyse the behaviour of the crop field with
its growth, including soil plough. They found a match between the
scattering shown on the H-a plane and field’s temporal backscattering
during growth period, which means that dual-pol decomposition, to a
certain extent, dealt with gap space between soil and plants on the crop
fields.

On the other hand, Ji and Wu (2015) observed that HH-HV and HV-
VV SARs cannot effectively separate surface, dipole, and multiple
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Table 2
The typical scattering mechanisms in an H-o feature space.
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Zone  Colour Scattering mechanism Boundaries
3 Low entropy surface scattering Alpha <=40 and H <= 0.6
i- Low entropy dipole scattering 40 < Alpha <=46 and H <= 0.6
1 Low entropy multiple scattering Alpha > 46 and H <= 0.6
6 Medium entropy surface scattering Alpha <=34 and 0.6 <H <=0.95
5 Medium entropy vegetation scattering 34 < Alpha <46 and 0.6 <H <=0.95
4 Medium entropy multiple scattering Alpha>=46 and 0.6 <H <=0.95
8 High entropy vegetation scattering 34 < Alpha <46 and H> 0.95
7 High entropy multiple scattering Alpha > 46 and H > 0.95
9 High entropy surface scattering (non-feasible) Alpha <= 34 and H > 0.95

Source (Heras, 2015). Adapted by the authors - the zone numbers were adapted to match the H-a plane plot for SAR Sentinel 1.

scattering mechanisms due to the lack of co-polarization (HH-VV),
indicating that co-polarization is vital for extracting scattering mecha-
nisms (Ji and Wu, 2015). They argue that the scatters of most zones
strongly diffusing and transferring in the H-a plots for HH-HV and HV-
VV SARs. Notwithstanding caveats raised by Mascolo et al. (2022) and
Ji and Wu (2015), dual-pol decomposition has been employed, for
example, for feature identification for classification and for biophysical
parameters estimates. In order to improve results and to avoid misin-
terpretation on scattering and target separation, adaptation of H-alpha
planes and cosine distribution for dual-pol SAR could be useful.

The pixel samples of bare soil and low vegetation (i.e. grass) that
were extracted from the Alpha parameter image (from Sentinel 1) and
the corresponding RGB composite from Sentinel 2 could be confirmed as
being surface scattering by the H-a classification regions in the H-a plane
plot. These two types of land cover are observed in the plots corre-
sponding to the Bragg and random scattering, which are known as
surface scattering regions. This can be also observed in Fig. 7.

From the results of Alpha and Entropy shown in Table 1, we can note
that the samples selected (n = 27) are more related to the low entropy
surface scattering (Alpha <= 40 and H <= 0.6). This can be explained
by the Bragg scattering associated with surface roughness conditions,
which is common in agricultural lands due to plough, hay, or straw. On
the other hand, the effect of second mechanism over quasi-bare soil (i.e.
sparse vegetation cover), which might be due to the Bragg scattering
(also a surface scattering) or double-bounce, needs to be more investi-
gate for dual-pol decomposition.

The dual H-a polarimetric decomposition method was useful to
improve the models’ performance when the samples were selected over
surface scattering mechanisms through alpha information. The compo-
sitional linear regression model fitted with ILR transformation yielded
better results than the model fitted without the surface scattering
mechanism. The surface scattering predictor improved estimations for
silt and clay on the test data. The highest magnitude NSE values for
estimations in the test dataset for both scenarios were found for sand, in
spite of remaining the same (NSE = 0.86). Such agreement results re-
flected the estimate errors, wherein RMSE and MAE values were reduced
for silt and clay. Harfenmeister et al. (2021) in a study of crop growth
monitoring with Sentinel 1, in Northeast Germany, identified alpha,
entropy and anisotropy as important inputs in their model. They found
R? values from single regression models for the plant height of wheat
related to entropy and anisotropy with of 0.64 and 0.61, respectively.
With multiple regression models of VH, VV, entropy, and alpha, R?
values were 0.76, 0.7, 0.7 and 0.69 for plant height, wet biomass, dry
biomass, and vegetation water content, respectively. These authors
thereby concluded that dual-polarimetric decomposition parameters,
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derived from Sentinel 1 is capable to provide meaningful input param-
eters for multiple regression models to improve the prediction of bio-
physical parameters.

Suman (2022) also employed dual pol-decomposition with ALOS-
PALSAR for land feature detection and biomass estimation but over
tropical deciduous forest in India. Regarding biomass results, the author
obtained a correlation of 0.56 with RMSE = 29.13 t/ha and data
agreement of 0.62 using exponential regression model. He concluded
that decomposition parameters were more meaningful to forest struc-
ture and feature identification rather than biomass information.

Regarding the tree-based models (CLR and non-CoDA), in the
modelling scenario with the surface scattering, this predictor improved
the particle size-fraction estimates, particularly for sand and silt frac-
tions regarding the NSE. The estimates error were reduced in all models
for all PSF, according to RMSE and MAE values. In general, LLF and
SBART models showed the best performance, while sand was the soil
fraction with better estimates. Random Forest algorithm yielded the
lowest evaluation metrics values amongst the tree-based models. The
tree-based models with CLR transformation showed improved metrics in
comparison to this modelling approach without log-ratio transformation
applied (non-CoDA approach). Likewise for the compositional LRM
model, a distinctive behaviour of sand and clay results was also observed
with the tree-based models. Moreover, the tree-based models appeared
to capture some non-linearity, particularly for clay estimation. The
different performances for estimating sand, silt, and clay content (%)
with the tree-based models, the could be also explained by the sample
size as machine learning methods are data-based methods.

The textural classes and the pattern of the samples displayed in the
soil ternary (USDA) in the test data with the Y-LRM were most consistent
with the soil ternary in the measured data than those derived from the
tree-based models. It is important to note that such classes are derived
from the estimations of sand, silt, and clay in the statistical models, thus,
they were indirectly obtained. In the soil ternary with the true
(observed) data, textural classes are obtained directly from the
measured data.

Despite the models’ performance, the results obtained from the tree-
based models fitted with a non-CoDA approach suggest that they need to
be analysed with caution. An important characteristic when dealing
with soil texture is the sum of the parts (components or sand, silt and
clay) being equal to 100 in each sample and such a constraint has to be
guaranteed when such models are employed without transformation
applied to the response variables (sand, silt and clay). Moreover, in this
statistical modelling approach (standard regression method), composi-
tional data is considered as univariate data or variables, that is, they are
independent of each other. This means that the predictions were
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Fig. 6. A detailed subset of Alpha (a) and Sentinel 2-RGB composite (b) with the corresponding H-alpha plane plot for the subset scene (c). The figure illustrates soils
under different conditions of vegetation cover. Circles on the figures were only drawn to highlight low vegetation amongst soil.

obtained separately. Filzmoser et al. (2018) highlight that the use of
classical statistical methods to deal with compositional data can lead to
biased results. In our work, the constraint of the total sum equal to 100
in the estimations for each sample and the response variables being
treated as multivariate were taken into account.
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The distinctive behaviour of soil particle-size estimations from our
results suggests that sand and silt may be more related to surface scat-
tering — sand was invariant only in the linear model. Clay did not
respond to the surface scattering as sand and silt did, thereby it seems to
be more related to volumetric scattering - recalling that surface and
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Fig. 7. H-o plane plots (right) of samples selected over bare soil and low vegetation (left) in the study area. Points (samples) located in Z3 and Z6 in the plots indicate
surface scattering mechanisms as brag surface and random surface types, respectively, with low and medium entropy, respectively. In agricultural fields, brag surface
may be associated with fallows while random surface could be associated with ploughed fields and fields with short grass (Anup Das, n.d: pp 27,70,77). The spectral
plot on the bottom shows the spectral signature of a representative pixel within each polygon.

volume are partitions of alpha. In general, clay soil has a little more
amount of plants nutrients than sandy soils and plays a vital role in
holding plant nutrients and water. Notwithstanding the dry period of
Sentinel 1 scenes, the returned radar beam (backscatter intensity) may
have captured some remaining moisture from soils and the vegetation
structure (i.e. leaves, stems, etc.), since both clay and radar signals are
sensitive to moisture content. From this, the soil particle-size fractions
estimations reflected in the soil textural ternary wherein more-sandy
loam classes resulted from the model with the surface scattering co-
variate, while more-clayey loam classes were observed from the model
without that covariate.
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The signal return, or backscattering coefficient (¢°), is largely
dependent on soil texture (Dobson et al., 1981) and soil moisture content
because of the dielectric constant (¢) of the soil (Das and Paul, 2015). A
theoretical explanation on the importance of microwave remote sensing
applied to soils relies on the behaviour of soil texture in the microwave
spectrum, as the distribution of particle-size fractions controls the con-
tent of free water on soils (Dobson et al., 1981). Consequently, the
interpretation of SAR images relies on differences between the dielectric
constant of the targets and is sensitive to the presence of water.

Regardless the statistical modelling approaches, the different pat-
terns in the prediction of soil PSF may be related to the fact that clay
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Table 3
Model evaluation metrics on test data for models validated through LOOCV
method. (N = 27).

MODELS WITH SURFACE
SCATTERING

MODELS WITHOUT SURFACE
SCATTERING

SPSF*  Y-LRM (ILR transformation) Y-LRM (ILR transformation)
RMSE MAE NSE RMSE MAE NSE

Sand 6.4 4.9 0.86 6.1 4.2 0.86

Silt 11.2 7.9 0.17 12.5 8.8 —-0.33

Clay 8.0 6.0 —-0.01 15.5 9.9 -1.16

SPSF* RF (CLR transformation) RF (CLR transformation)
RMSE MAE NSE RMSE MAE NSE

Sand 10.06 7.41 0.65 10.64 7.50 0.58

Silt 8.21 6.40 0.56 8.52 6.74 0.38

Clay 7.64 5.21 0.08 9.29 7.31 0.22

SPSF* BART (CLR transformation) BART (CLR transformation)
RMSE MAE NSE RMSE MAE NSE

Sand 6.83 4.83 0.84 7.51 5.27 0.79

Silt 7.29 5.81 0.65 7.95 6.35 0.46

Clay 7.03 4.87 0.22 9.11 7.09 0.25

SPSF* SBART (CLR transformation) SBART (CLR transformation)
RMSE MAE NSE RMSE MAE NSE

Sand 3.51 2.45 0.96 4.70 2.65 0.92

Silt 7.41 5.54 0.64 6.90 5.64 0.59

Clay 7.80 5.49 0.05 8.68 6.69 0.32

SPSF* LLF model (CLR transformation) LLF model (CLR transformation)
RMSE MAE NSE RMSE MAE NSE

Sand 3.84 2.97 0.95 3.70 2.57 0.95

Silt 6.61 5.56 0.71 7.10 5.53 0.57

Clay 5.86 4.16 0.42 8.36 6.33 0.37

SPSF*  RF (Non-CoDA approach**) RF (Non-CoDA approach**)
RMSE MAE NSE RMSE MAE NSE

Sand 10.84 8.03 0.60 10.75 7.48 0.57

Silt 8.97 7.01 0.47 8.48 6.68 0.38

Clay 7.61 5.35 0.09 9.29 7.45 0.22

SPSF*  BART (Non-CoDA approach**) BART (Non-CoDA approach**)
RMSE MAE NSE RMSE MAE NSE

Sand 6.99 5.00 0.84 8.26 5.76 0.75

Silt 7.25 5.79 0.67 8.18 6.20 0.43

Clay 7.31 5.27 0.17 9.30 7.31 0.22

SPSF*  SBART (Non-CoDA approach**) SBART (Non-CoDA approach**)
RMSE MAE NSE RMSE MAE NSE

Sand 3.27 1.72 0.96 4.31 2.79 0.93

Silt 6.68 5.07 0.71 6.90 5.56 0.59

Clay 7.26 5.26 0.17 9.24 7.12 0.23

SPSF*  LLF model (Non-CoDA LLF model (Non-CoDA approach**)
approach**)
RMSE MAE NSE RMSE MAE NSE

Sand 4.06 3.16 0.94 4.26 3.65 0.93

Silt 6.51 5.47 0.72 7.59 5.92 0.5

Clay 5.97 4.43 0.44 8.01 6.44 0.42

RF: Random Forest; GRF: Generalized Random Forests; LLF: Local Linear Forest;
BART: Bayesian Additive Regression Tree; SBART: SoftBART. Hyperparameters
for each tree-based method: default. *Soil Particle-Size Fraction. ** Without log-
ratio transformation.
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fractions reflect more the physical and chemical soil properties, while
sand and silt fractions are more related to weathering-resistant primary
minerals of parent rocks (Niang et al., 2014). Moreover, in microwave
remote sensing, soil texture affects the radar-backscattering coefficient
since soil texture in the microwave spectrum is mirror the interplay
between free water and bound water (Jackson and Schmugge, 1989;
Dobson and Ulaby, 1981). Sandy soils are richer in free water than clay
soils that preserve more bound water (Srivastava et al., 2006; Das and
Paul, 2015). Recalling again that the Sentinel-1 dataset was acquired
during a dry period (03/04/2021) inclusive of days before the Sentinel-1
passing over the study area. This is important to be considered in terms
of the interaction of free water with the incident signal, which in its turn,
contributes to the SAR backscatter. (Das and Paul, 2015).

5.1. Strengths and limitations of the work

Regarding the challenging task of estimating soil properties from
SAR data and techniques over vegetation cover conditions, since the
increased attenuation of the microwave signal over vegetated surfaces
(Babaeian et al., 2019), the method applied in this work seemly ame-
liorates such an issue, especially when using legacy topsoil datasets as a
variable response, which come from different soil surveys and mea-
surement programmes.

This research showed that the dual H-a polarimetric decomposition
method, which is typically used for classification and segmentation
purposes, can also be employed for soil properties prediction from dual-
pol C-band SAR such as Sentinel 1 that is freely available for users,
broadening the application of this technique in microwave remote
sensing studies.

Both modelling approaches showed the same pattern of results for
the estimation in the test data — an improvement of silt and clay content
(%) with surface scattering as one of the predictors, and sand exhibiting
the highest values (although invariant with alpha-surface scattering),
while clay the lowest. These findings can lead to learning more about the
scattering mechanisms, soil PSF and soil texture in further works.

The performance of the models evaluated here can potentially be
improved by involving other field measures such as soil moisture and the
dielectric constant of soil. Moreover, a fully-pol H-alpha decomposition
can be applied to an L-band SAR or even a dual-pol decomposition with a
HH-VV SAR in order to compare the efficiency of the dual-pol decom-
position method applied to a C-band SAR for the study area for soil PSF
estimates. Could they lead to better results?

The methodological approach used in our work is not without limi-
tations, which can be summarized in two main points. Firstly, the lack of
the dielectric constant of the soil in the modelling approaches, which
could be useful to analyse and exploit the relationship between sand-
silt-clay and microwave backscattering coefficients (6, and 69,),
delving more deeper into the physical scattering properties and physical
soil properties. Such a data could be also useful to perform a simulation
of extended-Bragg scattering scenario relating alpha, entropy and
dielectric values using cosine distributions. This was carried out using
full-pol data (Ponnurangam and Rao, 2017), but an adaptation of it
could be useful for dual-pol VV-VH case to observe scattering angle
alpha and Entropy at a particular pattern.

Secondly, the relatively small size of data obtained from the method
here employed to train and test the model that might be led to an
overestimation of sand % and an underestimation of clay %. Neverthe-
less, the results may be mirrored the true proportion among the com-
ponents in the samples (compositional sand, silt, and clay fractions)
rather than the sampling size.

Likewise in Ji and Wu (2015) and Mascolo et al (2022), we are aware
of the inherent limitation of dual polarisation-based SAR for target
decomposition, nonetheless, the results are encouraging as the models
here evaluated with the surface scattering covariate produced better
estimates of soil particle-size fractions than the model without surface
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Fig. 8. Scatterplots depicting the observed and predicted data resulted from the compositional linear model and different tree-based models with the H-alpha dual-
pol decomposition applied (surface scattering partition) (a, ¢) and without surface scattering in the model (b, d). RF: Random Forest; GRF: Generalized Random
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Fig. 9. Soil ternary (USDA) with the textural classes obtained from the statistical models with surface scattering data included in the models and log-ratio trans-
formation applied to the response variables (CoDA approach). Soil ternary in figure a) refers to the classes obtained directly from the measured data. Soil textural
classes inferred from the regression models are depicted in figure (b) with the compositional LRM and in figures (c-f) with the tree-model approaches.

scattering data. This indicates the potentiality of the method (H-alpha
dual pol-decomposition) to obtain soil information under some degree of
vegetation cover (i.e. very low-and sparse vegetation) even with C-band
radar.

6. Conclusion

In this work, we tested the surface scattering mechanism, derived by
H-alpha dual pol-decomposition from Sentinel 1, and additional cova-
riates to predict percentages of compositional sand, silt, and clay
(topsoil). Our results reflected the dual-pol S1 limitation, highlighted in
the literature, to derive alpha values for surface scattering retrieval
under vegetated soil, as the results showed a slight improvement in soil
PSF estimates for the model with surface scattering values employed.
Notwithstanding that, the method improved results in all the models
employed in this study.

The method here applied is an empirical modelling-based approach
wherein regression fits between in situ measurements — in this case study
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the percentages of sand, silt, and clay — and ¢°. The advantages of it are
based on the fact that they are simple and straightforward, and there is
no physical basis behind the model (Barrett et al., 2009). One short-
coming is that empirical models are usually only valid for the area under
investigation (Barrett et al., 2009). As a result, in an example of soil
texture mapping purposes, the method could be used in an area with
similar characteristics that those of our study area, that is, low- and
sparse vegetation (e.g. short grass, crops), bare soil, and arable- or fallow
lands. Nonetheless, in light of the potential wide applicability of polar-
imetric decomposition methods to other than classification, the method
could be employed to evaluate its usage in a more-dense vegetated area
using SAR sensors built on longer wavelengths/shorter frequencies such
as L-band and P-band. This could raise an issue in terms of data avail-
ability — which is not the case of Sentinel 1 since it is freely available for
users. However, there is an increasing effort of space agencies to provide
data freely available to everyone. For example, the Argentine SAOCOM
(Satélite Argentino de Observaciéon COn Microondas), a fully polari-
metric satellite constellation of two spacecrafts that operate a
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spaceborne L-band SAR system.

In the context of an agricultural field setting, one advantage of
empirical modelling is the possibility to differentiate a pixel from
various scattering mechanisms (Barrett et al., 2009). Our work demon-
strated that, under the presence of some degree of vegetation (i.e., a low-
or sparse vegetation), target decomposition theorems and Pol-SAR
decomposition methods together with radar vegetation indexes such
as DpRVI can be used to compensate for this. Particularly for dual-pol
SAR without an HH-VV polarisation (Ji and Wu, 2015), as there is a
scattering mixing in the H-alpha planes hampering an optimum sepa-
ration of scatterers. This was observed in our study in the plots from
Fig. 7. It is worth noting that alpha refers to a dominant scattering
mechanism in a pixel. Thus, despite of being a target decomposition, the
pol-decomposition technique does not separate individual targets in a
pixel, but rather dominant, since the radar image pixels contain many
scatterers. On the other hand, notwithstanding constraints about dual-
pol decomposition, the H-alpha Dual Pol-Decomposition method with
S1-C band SAR was able to capture the gaps between soil and vegetation
through the dominant targets within a pixel (10 m spatial resolution).
This was also demonstrated in Figs. 6 and 7, which was also corrobo-
rated by spectral signatures of a representative pixel within each poly-
gon. From this, dual-pol decomposition remains a potential method for
retrieving soil properties and biophysical parameters when employed
with caution and meticulousness.

Digital soil mapping generally relies on empirical models to integrate
ancillary data influenced by topographical variables derived from a
digital elevation model to soil particle-size fractions to understand dis-
tribution patterns of soil PSF across an area. (Mondejar and Tongco,
2019). In this context, methods outlined here have the advantage of
accounting for the requirements of compositional data such as soil
texture. Moreover, regarding the laborious soil sampling associated with
soil surveys, this work highlights the possibility of combing model based
approaches with more limited in situ sampling methods — especially for
sand and silt — for a sample size of 27 observations even splitting data
into training and testing.

Thus, the exploratory assessment of the methods carried out in this
work is a starting point for the development of other case studies to
ameliorate predictions of soil particle-size fractions and soil texture over
low-and short vegetated areas, going beyond the traditional polari-
metric decomposition technique applied for classification and segmen-
tation of landscapes or for vegetation studies.

Future works on this application — soil PSF and soil texture pre-
dictions with SAR techniques — may be beneficial by employing different
backscattering coefficients — particularly gamma nought —, other speckle
filtering methods, cosine distributions, and soil-specific covariates
related to SAR such as dielectric constant, soil roughness, and soil
moisture. Moreover, in light of the endeavour of the Sentinel satellite
constellation and its benefits (e.g., free availability, temporal-
radiometric-spatial resolutions, and orbit stability), joining Sentinel 1
and Sentinel 2 products and their techniques can be also beneficial. For
example, combining H-alpha dual-pol decomposition with spectral
unmixing method (i.e. spectral mixture analysis using endmember
values) to extract values to serve as input in a statistical model, as they
are pixel-based analyses. A pure pixel or endmember is considered as
such when a pixel contains a reflectance of one land cover/use feature.
The aim of the spectral unmixing method is roughly the same as that of
target polarimetric decomposition, that is, to distinguish the contribu-
tions of the targets in a single pixel since it is not pure due to the
randomness of scatterings.
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