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Abstract—The goal of this work is to assess the impact of polari-
metric SAR decompositions for soil moisture retrieval, and identify
the decomposition that performs best for varying vegetation covers
and soil conditions. Seven polarimetric decompositions are applied
to three L-band radar time-series to evaluate their relative perfor-
mances for future inclusion within a soil moisture retrieval scheme.
Three agricultural sites with different soil and vegetation charac-
teristics are selected across a latitudinal gradient in America. Two
time-series of quad-polarimetric data collected by the NASA/JPL
Uninhabited Aerial Vehicle Synthetic Aperture Radar (UAVSAR)
airborne instrument are considered for the first two sites, while
quad-polarimetric images acquired by the SAOCOM-1A mission
are examined for the third site. We extract a set of radar polarimet-
ric descriptors, including the backscattering coefficients, to analyze
their sensitivity to soil moisture and vegetation through correlation
analysis. We also apply a simple linear regression model to each
crop type and site for estimating soil moisture (or Soil Water Index)
by alternatively considering a combination of the decomposition
powers and of the total backscattering coefficients (γ0, σ0). The
linear regression analysis shows that the estimates are generally
comparable in terms of linear correlation and root mean square
error. Results also reveal that the sensitivity of polarimetric de-
composition descriptors to soil moisture and vegetation parameters
depend both on crop type and area of interest, without significant
differences among the various decompositions tested in this study.

Index Terms—L-band, polsar, polarimetric decompositions,
SAOCOM-1A, soil moisture, synthetic aperture radar, uninhabited
aerial vehicle synthetic aperture radar (UAVSAR), vegetation.

I. INTRODUCTION

MONITORING soil moisture with high spatial resolution
and frequent temporal sampling is fundamental for flood
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forecast, drought monitoring and agricultural practices man-
agement. Synthetic Aperture Radar (SAR) data represent an
important source of information for analyzing soil moisture
changes over time. With the launch of the Copernicus Sentinel-1
missions, followed by the future NISAR (NASA/ISRO SAR
mission) and ROSE-L missions, it is possible to address the
need for monitoring field-scale soil moisture with frequent
revisit time. A relevant aspect that has been analyzed so far
is the fact that the radar signal is influenced not only by the
dielectric properties of the soil but also by other parameters
such as soil roughness, soil-vegetation interaction, and canopy
structure. The combined use of forward models, such as the
semiempirical Water Cloud Model (WCM), and ancillary data,
including the Vegetation Water Content (VWC) and the Normal-
ized Difference Vegetation Index (NDVI), can help disentangle
the effects of vegetation from those of the soil in the radar
backscattered signal [1], [2], [3]. Another possible solution
is to apply polarimetric SAR decompositions to isolate scat-
tering mechanisms (i.e., surface, double-bounce, and volume)
and leverage the ones that are mostly related to soil scattering
contribution. Although the importance of acquiring all polar-
ization combinations is well established, the two approaches,
i.e., using the backscattering coefficient at different polarizations
corrected by auxiliary data, or removing the volume contribution
using polarimetric decomposition techniques, have not been
extensively compared to date. While previous works relying
on specific decomposition techniques have shown that both
surface and double-bounce contributions, after the volume term
has been removed, can be used to estimate soil moisture with
performances that depend on the crop type and the vegetation
growth stage [4], [5], [6], [7], identifying the most suitable
polarimetric decomposition technique remains an open question.
In this work, we apply the Freeman-Durden three-components
decomposition [8], the Yamaguchi four-components decom-
position with rotation of the coherency matrix [9], the Singh
four-components decomposition with/without extended volume
scattering model [10], the Nonnegative Eigenvalue Decomposi-
tion [11], the Generalized Freeman-Durden decomposition [12],
and the H\α decomposition [13], [14] to different time-series of
L-band quad-polarimetric radar data acquired by two different
SAR sensors over three agricultural sites. The objectives of this
analysis are to: 1) determine which polarimetric descriptor is
mostly influenced by changes in soil moisture or vegetation;

© 2023 The Authors. This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see
https://creativecommons.org/licenses/by/4.0/

https://orcid.org/0009-0000-5781-8274
https://orcid.org/0000-0002-9858-6454
https://orcid.org/0009-0003-8362-8185
https://orcid.org/0000-0002-1232-5377
mailto:giovanni.anconitano@uniroma1.it
mailto:nazzareno.pierdicca@uniroma1.it
mailto:marco.lavalle@jpl.nasa.gov
mailto:marco.lavalle@jpl.nasa.gov
mailto:macuna@conae.gov.ar
mailto:macuna@conae.gov.ar


3616 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 17, 2024

2) compare the polarimetric features against multipolarization
backscattering coefficients (γ0, σ0) to highlight advantages and
disadvantages of using polarimetric SAR decompositions; 3)
evaluate which decomposition approach can be adopted within a
soil moisture retrieval scheme under different soil moisture con-
ditions and vegetation covers. To meet the study objectives, three
L-band quad-polarimetric datasets have been considered. The
first was collected by the NASA/JPL Uninhabited Aerial Vehicle
Synthetic Aperture Radar (UAVSAR) as part of the Soil Mois-
ture Active Passive Validation Experiment 2012 (SMAPVEX
2012) over an agricultural area South of Winnipeg (Manitoba,
Canada) [15]; the second was acquired by UAVSAR during
the 2019 NISAR AM/PM campaign over the Yucatan Lake
region (Louisiana, USA) [16]; the third was collected by the
Argentinian mission SAOCOM-1A over an agricultural region
located in the Monte Buey area (Córdoba Province, Argentina).

The paper is organized as follows: Section II provides a de-
tailed description of the three case studies and available datasets;
Section III describes the methodology applied in the study;
Section IV presents the study findings; Section V discusses the
results and the main conclusions.

II. STUDY SITES AND AVAILABLE DATASETS

Three experimental sites located across a latitudinal gradient
are considered for the study. The first site is located South
of Winnipeg (Manitoba, Canada), where the SMAPVEX 2012
field campaign was conducted over several crop fields [15]. The
second site is an agricultural area in the Yucatan Lake region,
which was selected by the NASA Jet Propulsion Laboratory for
the 2019 UAVSAR AM/PM campaign. The third site is located
in the agricultural region of Monte Buey, where the Argentinian
Space Agency conducted a field campaign during the 2019–
2020 season. Two time-series of L-band quad-polarimetric data
collected by the NASA/JPL UAVSAR are analyzed for the
Winnipeg and Yucatan Lake sites, respectively. UAVSAR is an
L-band airborne radar with polarimetric capabilities, which col-
lects images with a resolution of approximately 1.66m×1m in
range and azimuth, respectively, and an incidence angle varying
between 25° and 65° [18]. For the Monte Buey site, a time-series
of L-band quad-polarimetric data acquired by the Argentinian
satellite SAOCOM-1A is considered. SAOCOM-1A is the first
of a constellation of two satellites: the nominal spatial resolution
of the quad-polarimetric L1A products (Single Look Complex),
acquired in STRIPMAP mode, is 10m×6m in ground range and
azimuth, respectively, while the revisit time is equal to sixteen
days; considering all the ten subswaths, the minimum incidence
angle range varies between 17.6° and 35.5° [19]. A detailed
description of the three sites and related datasets is reported in
the following sections.

A. Winnipeg Site: SMAPVEX 2012 Campaign

The experiment took place over an agricultural area located
south of Winnipeg (Manitoba, Canada) between 7 June and 19
July 2012 to collect both airborne and ground data to be used for
developing and testing the Soil Moisture Active Passive (SMAP)
soil moisture retrieval algorithms [15]. Experimental data are

TABLE I
SMAPVEX 2012 UAVSAR ACQUISITIONS

Fig. 1. Winnipeg study site. The C11 element (dB) of the covariance matrix
extracted from the first UAVSAR acquisition (17-06-2012) is shown along
with the thirty-one crop fields considered for the analysis, which are displayed
according to their crop type (red: canola; light blue: corn; yellow: soybean;
purple: wheat).

made available freely by the investigators of the SMAPVEX
2012 at [17]. In this paper, fourteen Single Look Complex
(SLC) L-band products acquired during the UAVSAR flight line
number 31605 were selected, as reported in Table I.

During the field campaign, soil and vegetation parameters,
such as soil moisture, surface roughness, and biomass were
collected for 55 crop fields. As for the soil moisture, it was
measured at sixteen sampling points for each agricultural field,
with three replicated measurements at each sampling point. In
this work, the mean soil moisture value obtained by averaging
the sixteen measurements is used as reference value for each
field. We selected thirty-one crop fields: 11 soybeans, 6 wheat,
6 canola, and 8 corn. Fig. 1 shows the area of interest along with
the element (1, 1), or C11, of the polarimetric covariance matrix
extracted from the first UAVSAR acquisition (17-06-2012); the
thirty-one crop fields considered in the study are also displayed
according to their crop type (red: canola; light blue: corn; yellow:
soybean; purple: wheat).

B. Yucatan Lake Site: 2019 NISAR AM/PM Campaign

The 2019 NISAR UAVSAR AM-PM campaign was con-
ducted in the South-Eastern United States to collect data for
guiding the development of the NISAR ecosystem science algo-
rithms [16]. For the analysis in this paper, thirteen SLC L-band
UAVSAR images acquired between June and October 2019 over
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TABLE II
2019 UAVSAR NISAR AM/PM CAMPAIGN ACQUISITIONS

Fig. 2. Yucatan lake study site. The C11 element (dB) of the covariance matrix
extracted from the first AM UAVSAR acquisition (01-07-2019) is displayed
along with the seven crop fields considered for the analysis (red).

an agricultural region near the city of St. Joseph in the Yucatan
Lake region (Louisiana, USA) were considered, as reported in
Table II.

Seven regions of interest (i.e., crop fields) were selected;
their NDVI was extracted from the Sentinel-2 optical data and
linearly interpolated at the UAVSAR acquisition days. Since
soil moisture measurements were not available over this site, the
Soil Water Index (SWI) provided by the C-band ASCAT sensor
onboard the Metop satellites and distributed by the Copernicus
Global Land Service was used to perform the analysis [20]: we
selected the daily SWI products at global scale with a T-value
equal to 1 and a resolution of 12.5 km; the T-value quantifies the
influence of surface soil moisture observations taken in the past
on the current SWI [21]. Fig. 2 shows the site of interest along
with the element (1, 1) of the polarimetric covariance matrix
extracted from the first AM UAVSAR acquisition (01-07-2019);
the seven crop fields considered in the analysis are also displayed
in red.

C. Monte Buey Site: 2019–2020 CONAE Field Campaign

The campaign took place during the 2019–2020 growing
season over an agricultural region in the Monte Buey area (Cór-
doba Province, Argentina); it was conducted by the Comisión
Nacional De Actividades Espaciales (CONAE) to collect ground
data, such as soil moisture, plant height, and growth stage

TABLE III
2019–2020 FIELD CAMPAIGN SAOCOM-1A ACQUISITIONS

Fig. 3. Monte Buey study site. The C11 element (dB) of the covariance matrix
extracted from the first SAOCOM acquisition (13-10-2019) is displayed along
with the five corn fields considered for the analysis (red).

concurrently with the SAOCOM-1A overpasses. The area is a
validation site of the NASA SMAP mission, and it is also used to
validate the soil moisture products generated by CONAE from
SAOCOM data. In this study, a time-series of nine L-band SLC
STRIPMAP images acquired along descending orbits between
13 October 2019 and 18 February 2020 was selected with a
revisit time of sixteen days, as reported in Table III.

The analysis was carried out considering five corn fields.
The NDVI for each field was calculated from the Sentinel-2
optical data and linearly interpolated at the time of SAOCOM
overpasses. Fig. 3 shows the area of interest along with the
element (1, 1) of the polarimetric covariance matrix extracted
from the first SAOCOM acquisition (13-10-2019); the five corn
fields are also displayed in red.

III. METHODOLOGY

A. Polarimetric SAR Decompositions

Denoting with S the complex scattering matrix measured by
a radar polarimeter (with elements SHH, SHV, SVH, and SVV),
the 3×3 polarimetric covariance or coherency matrices (C3/T3)
were generated for each site of interest by forcing SHV = SVH

[22]. Seven polarimetric decompositions were considered for
this study: Freeman-Durden three-components (FD) [8], Yam-
aguchi four-components with rotation of the coherency matrix
(Y4R) [9], Singh general four-components with unitary transfor-
mation of the coherency matrix with/without extended volume
scattering model (G4U2/G4U1) [10], Nonnegative Eigenvalue
Decomposition (NNED) [11], the Generalized Freeman-Durden
Decomposition (FDG) [12], and the H/α decomposition [13],
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[14]. A summary of the main features and differences between
these decomposition approaches is reported below, whereas
the detailed mathematical description can be found in [8], [9],
[10], [11], [12], [13], and [14]. The Freeman-Durden three-
components decomposition separates the measured covariance
matrix C3 into three statistical uncorrelated contributions: sur-
face, double-bounce, and volume scattering.. The surface term
is modeled by a first-order Bragg model; the double-bounce
contribution, describing, for example, the interaction between
ground and trunks in a forest, is modeled as a dihedral corner
reflector with the two reflecting surfaces that can be character-
ized by different dielectric properties; the volume term models
the canopy layers as a cloud of randomly oriented, very thin,
cylinder-like scatterers. The Yamaguchi four-components de-
composition with rotation of the coherency matrix is based on
the original Yamaguchi four-components algorithm described in
[23], which extends the three-components approach proposed
by Freeman-Durden by adding a fourth term to the surface,
double bounce, and volume contributions. This term is called
helix scattering term and it accounts for the correlation be-
tween the copolarizations and the cross-polarizations, which
appears in complex urban areas and disappears for almost all
natural distributed scatterers; this condition corresponds to have
〈SHHS

∗
HV〉 �= 0 and 〈SVVS

∗
HV〉 �= 0, which is equal to a non-

reflection symmetry condition. In addition, the volume term
is modified according to the relative magnitude of 〈|SHH|2〉
versus 〈|SVV|2〉 by introducing a probability function that ac-
counts for the orientation angle distribution of the dipoles,
which in the FD scheme are assumed to be randomly oriented.
The Y4R introduces a rotation of the coherency matrix to
minimize the cross-polarized component and then applies the
original four-components algorithm described in [23]. In 2013,
Singh proposed a general four-components decomposition by
introducing an additional special unitary transformation of the
rotated coherency matrix. The algorithm also provides the use
of an extended volume scattering model to better discriminate
the volume scattering between dipoles and dihedral scattering
structures caused by the HV component [10]. We considered
two versions of this decomposition, G4U2 and G4U1, with and
without the extended volume model, respectively. A possible
shortcoming of the Freeman-Durden and Yamaguchi approaches
is that some pixels of the scattering mechanisms (i.e., the power
associated to a scattering mechanism) may have negative values,
which represent a nonphysical result. To overcome this issue,
van Zyl and Kim proposed a new technique called Nonnega-
tive Eigenvalue Decomposition [11]. The main hypothesis of
the NNED is that the eigenvalues of the remainder matrix,
obtained after removing the volume term from the measured
covariance matrix, are real and greater than or equal to zero.
This result can be achieved by adequately modeling the canopy
scattering; then, an eigenvector decomposition is applied to
the remainder matrix allowing to associate the eigenvectors
to surface and double-bounce contributions. The Generalized
Freeman-Durden decomposition, as described in [12], postulates
that the surface and double-bounce contributions are orthogonal:
this reduces by one the parameters that need to be estimated.
The parameters of the decomposition are then calculated by

applying an eigenvalue/eigenvector decomposition, which also
ensures non-negative powers. In general, it is possible to assume
that the contribution of each scattering mechanism to the total
power Pt can be split among scattered power terms Ps, Pd, and
Pv, which correspond to surface, double-bounce, and volume
powers, respectively

Pt = Ps + Pd + Pv. (1)

The H/α decomposition relies on a eigenvalues/eigenvectors
analysis of the covariance or coherency matrix from which the
entropy H and the alpha angle α descriptors are derived [13],
[14]. The entropy is obtained from the eigenvalues of the polari-
metric matrices C3/T3; it is a measure of target randomness, and
it varies between 0 (single, nonrandom targets) and 1 (random
targets). The alpha angle is obtained from the eigenvectors of the
polarimetric matrices C3/T3, and it is the main parameter used
to identify the mean dominant scattering mechanism. Values of
alpha in the range 0° to approximately 40° correspond to surface
scattering; values of alpha in the approximate range of 40°–50°
correspond to volume scattering; and values of alpha in the ap-
proximate range of 50° to 90° indicate double-bounce scattering.

B. SAR Data Preparation and Processing

The SLC UAVSAR and SAOCOM-1A images acquired over
the three sites of interest were processed by following multiple
steps to generate a stack of geocoded and coregistered polari-
metric C3/T3 matrices. For SMAPVEX 2012, the SLC images
were multilooked by using an adaptive algorithm to obtain a final
pixel spacing of the C3/T3 matrices of 15m×15m in latitude and
longitude, respectively, which corresponds to an average number
of looks of about 160. Then, an algorithm for radiometric terrain
correction was applied to calibrate the polarimetric matrices to
gamma-naught (γ0) [24]. The same steps were replicated for the
Yucatan Lake site. In this case, the SLC images were multilooked
by an adaptive number of looks that is different for the AM and
PM flights since the direction of the two flights is different.
The final pixel spacing of the C3/T3 matrices is 20m×20m
in latitude and longitude, respectively, which corresponds to a
number of looks ranging between 180 and 330. Then, the pre-
vious algorithm for radiometric terrain correction was applied
to calibrate the matrices to gamma-naught. For the Monte Buey
site, the SLC products, already calibrated to sigma-naught (σ0),
were multilooked by 18 looks (3×6 in range and azimuth).
The polarimetric C3/T3 matrices were then terrain corrected,
geocoded, and resampled to 30m×30m. The result of the pro-
cessing workflows is a set of three time-series of polarimetric
C3/T3 matrices to which the seven polarimetric decompositions
described in Subsection III-A were applied. We recall that the
main objective of the work is to separate scattering mecha-
nisms and evaluate which polarimetric descriptors are mostly
influenced by changes in soil moisture and vegetation, also
compared to the multipolarization backscattering coefficient.
Therefore, different sets of descriptors, reported in Table IV,
were investigated and compared by a statistical analysis.

The backscattering coefficient sigma-naught (σ0) or gamma-
naught (γ0) at different polarizations (HH, HV, VV), the SPAN,
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TABLE IV
TOTAL AND POLARIMETRIC DESCRIPTORS EXTRACTED OVER THE THREE SITES

OF INTEREST

which is given by the sum of the elements on the main diagonal
of C3/T3, and the copolarization ratio of HH to VV were
extracted from the measured polarimetric covariance matrix
before applying the decompositions: they are referred to as
total descriptors. The polarimetric descriptors (surface power,
double-bounce power, volume power, H , and α) were obtained
after the application of the polarimetric decompositions. For
the three sites of interest and each SAR time-series, the mean
value of the descriptors reported in Table IV were calculated
at field-level by averaging all pixels within each region of
interest (i.e., crop fields). The boundaries of the crop fields in
the SMAPVEX 2012 dataset were provided as shapefiles, but a
manual identification was done in all cases to disregard pixels
that were visibly not representative of the fields (e.g., bright
targets associated with man-made structures). For SMAPVEX
2012 and Monte Buey, the calculated mean values for each field
were aggregated according to their crop type and analyzed over
time to investigate the dependency of both total and polarimetric
descriptors on soil moisture and vegetation variations.

C. Statistical Analysis and Linear Regression Model

A statistical analysis was carried out for the three sites of
interest to evaluate the correlation between the different de-
scriptors, both total and polarimetric, and the measured tar-
get variables (soil moisture, SWI, plant biomass, plant height,
and NDVI). As it will be presented later, different figures of
merit were used to perform this statistical analysis: the Pearson
linear correlation coefficients, the Spearman’s rank correlation
coefficients, the root mean square error, and the significance
coefficient. The Pearson linear correlation coefficients (r) and
the Spearman’s rank correlation coefficients (ρ) were calculated
for all the descriptors. The Pearson’s correlation is a measure
of the linearity of the relationship between two variables. The
Spearman’s correlation describes the relationship between two
parameters by using a monotonic function, whether linear or not.
The purpose of using both Pearson and Spearman correlation
metrics is to offer a deeper interpretation of the correlation
between descriptors and in-situ variables. Some descriptors
may be correlated with in-situ variables through a nonlinear
relationship. The obtained values were then compared among

each other to evaluate the sensitivity of the descriptors to soil
and vegetation data. For each crop type of SMAPVEX 2012 and
the corn fields of Monte Buey a simple linear regression model
was also applied to estimate soil moisture (SM) by using (2) and
(3), which consider alternatively as predictors the backscatter
coefficients gamma-naught or sigma-naught (expressed in dB)
at different polarizations (2) or the surface Ps, double-bounce
Pd, and volume Pv powers (expressed in dB) obtained after
applying the polarimetric SAR decompositions (3). Due to the
unavailability of in-situ soil moisture and crop type data in
Yucatan Lake, (2) and (3) were used to predict the Soil Water
Index instead of soil moisture, combining all the selected fields

SM = a1 + a2p
0
HH + a3p

0
HV + a4p

0
VV (2)

SM = a1 + a2Ps + a3Pd + a4Pv (3)

where a1, a2, a3, and a4 are the coefficients to be estimated
from the data and p0pq are either the gamma-naught γ0

pq for
SMAPVEX 2012 and Yucatan Lake, or the sigma-naughtσ0

pq for
Monte Buey. The mean value of the descriptors (gamma-naught
or sigma-naught, the powers derived from polarimetric decom-
positions, and the in-situ soil moisture measurements or the Soil
Water Index) calculated at field-level are used as training and test
sets; soil moisture or Soil Water Index are the parameters to be es-
timated. In this context, the performances offered by the two lin-
ear models are evaluated without separating the training set from
the test set. The exercise was intended to preliminary analyze the
retrieval performance using a single scattering mechanism or a
combination of the three contributions (surface, double-bounce,
and volume) as compared to the retrieval performance offered
by the multipolarization backscattering coefficient in different
combinations. The two simple linear regression models rep-
resent, along with the correlation analysis, an additional tool
for comparing the capability of different sets of descriptors to
predict soil moisture. They were selected in accordance with
the fact that the relationship between soil backscatter and soil
moisture is linear, as also reported in [25]. In Section IV, the
results of this exercise are reported in terms of Pearson linear
correlation between the measured and estimated soil moisture
values (Soil Water Index for the Yucatan Lake site), and root
mean square error (RMSE), which is given by

RMSE =

√√√√∑N
i = 1

(
ŜMi − SMi

)2

N
(4)

where ŜMi and SMi are, respectively, the estimated and mea-
sured soil moisture (Soil Water Index for the Yucatan Lake
site) values, and N is the number of samples. The significance
coefficient (p-value) is also used for evaluating the two regres-
sion models: it determines whether the results are statistically
significant or not. Finally, Fig. 4 summarizes the steps that have
been taken to accomplish the objectives of this study. The blue
boxes contain the input datasets (SAR images and field data),
as described in Section II; the yellow box refers to the prepro-
cessing that allow to extract the geocoded polarimetric C3/T3
matrices; the green box contains the seven polarimetric SAR
decompositions that are applied to the polarimetric matrices in
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Fig. 4. Schematic flowchart of the steps that have been followed for the
analysis. Blue boxes represent the input datasets, yellow box contains the
preprocessing steps and the C3/T3 extraction, the green box represents the
application of the seven polarimetric SAR decompositions, orange box refers to
the selection of different descriptors at field-level, and gray boxes are the core
part of the analysis (correlation analysis, regression analysis, and temporal trend
comparison).

order to extract at field-level the different descriptors described
in Table IV (orange box); finally, the gray boxes represent the
core part of the study: correlation analysis, regression analysis,
and temporal trend comparison.

IV. RESULTS

In this section, the study findings are reported for the three
experimental sites that have been considered: Winnipeg site
- SMAPVEX 2012 Campaign (A), Yucatan Lake site - 2019
NISAR AM/PM Campaign (B), and Monte Buey site - 2019–
2020 CONAE Field Campaign (C). For SMAPVEX 2012, the
results are divided by crop type: wheat (a), corn (b), canola (c),
and soybean (d). As for the Yucatan Lake, the findings for both
AM (e) and PM (f) flights are reported.

A. Winnipeg Site: SMAPVEX 2012 Campaign

The results obtained by analyzing the SMAPVEX 2012
dataset depend on the crop type, as also reported in [5], [26], [27],
and on the distribution of the fields across the UAVSAR images,
which are observed under different incidence angles, even if this
effect should be in part mitigated since the polarimetric matrices
are calibrated to gamma-naught (i.e., normalized accounting for
the local incidence angle). For this reason, as already anticipated
in Subsection III-B, the results are reported separately for each
crop type. We recall that out of the thirty-one analyzed crop
fields, 11 were soybean, 6 wheat, 6 canola, and 8 corn. In the
following, the results obtained for each crop type are shown
separately.

a) Wheat: The results show that the total descriptors over
the wheat fields are characterized by a moderate sensitivity to
soil moisture, whereas the most correlated polarimetric descrip-
tor is surprisingly the volume power, independently from the
considered decomposition. Regarding the biomass, the volume
power is still the most correlated descriptor, while the surface and

TABLE V
PEARSON (r) AND SPEARMAN’S (ρ) CORRELATION COEFFICIENTS BETWEEN

THE EXTRACTED DESCRIPTORS AND BOTH SOIL MOISTURE AND WET

BIOMASS FOR WHEAT FIELDS

double-bounce terms are characterized by a not negligible neg-
ative linear correlation, probably indicating that they are attenu-
ated by the vegetation, even if wheat should be quite transparent
to low microwave frequencies [28]. In Table V, the Pearson (r)
and Spearman’s (ρ) correlation coefficients calculated between
all the descriptors and both soil moisture and wet biomass
are reported, with the highest correlation values highlighted in
gray and bold. It is counterintuitive that, overall, the descriptors
with the highest correlation with respect to soil moisture is the
volume power Pv both for Pearson (0.61–0.82) and Spearman
(0.62–0.82). Regarding the total descriptors, the backscattering
coefficients γ0

HH and γ0
VV, and the SPAN are the most correlated

to soil moisture (0.68, 0.67, and 0.76); even the backscattering
coefficient γ0

HV has a fairly large correlation with soil moisture
(0.62), which is higher than the linear correlation of surface
and double-bounce powers from the decompositions. The cross
polarization has a moderate positive correlation (0.42–0.44)
with respect to biomass, as it is driven by volume scattering,
whereas the copolarized backscatter has a negative, although
very small, correlation, which indicates the predominant effect
of the attenuation of the wheat plants.

TheH andα descriptors do not exhibit significant correlations
(on the order of 0.25–0.35 in absolute value), except for the fact
that the alpha angle is characterized by a negative correlation
with soil moisture (-0.25). However, it is interesting to note that
even if the correlations ofH andα are very low, the mean values
of both descriptors, considering all the wheat fields and the
UAVSAR acquisitions, are 0.82 and 44.43°, respectively: both
values indicates predominance of multiple scattering, or volume
scattering; considering that the wheat should be quite transparent
to low microwave frequencies, this outcome could be related to
high values of the surface roughness rather than the vegetation
scattering. Indeed, the mean value of the soil roughness standard
deviation (σz) of the wheat field is 1.15 cm, whilst the correlation
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Fig. 5. Temporal evolution of the mean percentage of surface (left), double-bounce (middle), and volume contributions (right) for the six model-based
decompositions (Freeman-Durden , FDG, G4U1, G4U2, NNED, Y4R) for wheat fields. Soil moisture and wet biomass are also reported in blue and green,
respectively. The x-axis indicates the day of year.

length (l) is 10.96 cm. Regarding the biomass, the volume power
has a low to moderate correlation, comparable to that of γ0

HV for
some of the decomposition, which is in accordance with the
fact that the wheat plants are, again, quite transparent at L-band
and characterized by small elements producing a negligible
scattering but able to attenuate the signal as the vegetation grows.
This attenuation could be the reason for the negative correlation
between both the surface and double-bounce terms and the
biomass. Fig. 5 reports the temporal trend (i.e., average over dif-
ferent fields) of the mean percentage of surface, double-bounce,
and volume powers, calculated with respect to the SPAN, for the
six model-based decompositions. The soil moisture (%) and wet
biomass (kg/m2) measurements over time are also reported. To
ease the interpretation and highlight the full temporal trend, a lin-
ear interpolation is performed to fill the dates where soil moisture
and biomass were not collected. Although the wheat is known
to be mostly transparent at L band, the predominance of volume
scattering is apparent, as also reported in [5], [27], whereas
the double-bounce has a fairly low value and constant trend.
It is noticeable, however, that in Fig. 5 the spatial mean of the
temporal trend of the surface is increasing over time, especially
starting from day of year (DOY) 179: this is probably due to the
decrease of the wheat wet biomass during the senescent period
that attenuates less the surface scattering. To verify whether the
combination of polarimetric descriptors is effective in distin-
guishing changes in soil moisture from those of vegetation, the
two linear regression models described by (2) and (3) were ap-
plied to retrieve soil moisture for the wheat fields. In (3), the three
contributions from the G4U2 were used since it was the decom-
position with overall higher linear correlation with SM. Fig. 6
shows the results of this exercise for the case in which the three
decomposition powers (dB) and the three gamma-naught terms
(dB) were used. Table VI summarizes the results by considering
all the decomposition powers and gamma-naught combinations:
the Pearson linear correlation (r), the p-value, and the RMSE val-
ues between estimated and measured soil moisture are reported.

The best result is obtained when the three G4U2 decom-
position powers (PG4U2

s , PG4U2
d , PG4U2

v ) are considered for
the linear regression (r = 0.87, p < 0.01, RMSE = 3.68%),
again highlighting the importance of the volume term in terms

Fig. 6. Results of the two linear regression models applied to wheat fields
(estimated versus measured SM). The red line represents the best fit, while the
green line is the best agreement between the data. Top: results obtained by
considering the surface (Odd), double-bounce (Dbl), and volume (Vol) powers
(dB) from the G4U2. Bottom: results obtained by considering the gamma-naught
at HH, HV, VV polarizations (dB). The Pearson linear correlation (r), and the
RMSE are also displayed.
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TABLE VI
RESULTS OF A LINEAR REGRESSION MODEL FOR ESTIMATING THE SOIL

MOISTURE FOR THE WHEAT FIELDS BY CONSIDERING A COMBINATIONS OF

THE G4U2 DECOMPOSITION POWERS AND A COMBINATIONS OF THE

MEASURED BACKSCATTERING COEFFICIENTS

TABLE VII
PEARSON (r) AND SPEARMAN’S (ρ) CORRELATION COEFFICIENTS BETWEEN

THE EXTRACTED DESCRIPTORS AND BOTH SOIL MOISTURE AND WET

BIOMASS FOR CORN FIELDS

of sensitivity to soil moisture. For the total descriptors, the best
result is obtained when the two gamma-naught terms γ0

HV and
γ0

VV are exploited (r = 0.82, p < 0.01, RMSE = 4.34%);
when γ0

HH is added in the exercise, the result remains the same,
as expected considering that the double-bounce mechanism is
negligible (see Fig. 5) and, for this reason, it does not carry
information on biomass as compared to γ0

VV (see Table V).
b) Corn: The results show that all the extracted descriptors,

both total and polarimetric, exhibit a large linear correlation with
the wet biomass. The correlation values are large even when
the Spearman’s correlation is considered, thus indicating that
the relationship could be not purely linear. The sensitivity to
soil moisture is different with respect to wheat, with the surface
power being the most correlated polarimetric parameter as one
could expect. Table VII reports the Pearson (r) and Spearman
(ρ) correlation coefficients between each of the descriptors and

both soil moisture and wet biomass, with the highest correlation
values highlighted in gray and bold. If the correlation with the
soil moisture is analyzed, the corn backscattering coefficient
γ0

VV is overall the descriptor that shows the higher positive linear
correlation; the γ0

HV, and surprisingly the coefficient γ0
HH, exhibit

no correlation. This may be explained by the fact that γ0
HH and

γ0
HV are more influenced by vegetation, as also confirmed by the

correlation values reported in Table VII for those descriptors.
Among the polarimetric descriptors, the surface power is the
most correlated to soil moisture variations, even if the values are
small (r = 0.37 - 0.42). Even the double-bounce power shows
low values of correlation with soil moisture (r = 0.26 - 0.30),
while the volume contributions, as expected and differently from
the wheat fields, show no correlation with moisture.

For both double-bounce and volume terms, these results indi-
cate that they are more influenced by the canopy and the vertical
structure of the corn plant, as confirmed by the high linear
correlation with the wet biomass (0.58–0.61 for double-bounce,
0.77–0.82 for volume). The total backscattering coefficients γ0

HH
and γ0

HV are characterized by a large linear correlation with
the measured biomass (0.80 and 0.78, respectively), while γ0

VV
shows smaller correlation values, similar to the ones with soil
moisture. The high correlation of γ0

HH with vegetation param-
eters, hiding its sensitivity to moisture, is likely due to the
increasing interaction between the ground and the vertical and
large stems, which for corn seem to retain more the effect of
vegetation growth rather than that of change in soil reflection.
Regarding the polarimetric decompositions, it remains challeng-
ing to justify the appreciable positive correlation (0.22–0.51)
between the surface contribution and the biomass; this was
not observed for the wheat fields, where on the contrary a
moderate negative correlation was justified by the attenuation of
the surface scattering. A high correlation with the wet biomass
is also observed for the alpha angle (0.48), and especially for en-
tropy; in this case, the Spearman’s correlation is slightly higher
with respect to the Pearson’s value, again highlighting that the
relationship between entropy and biomass is not purely linear.
Fig. 7 reports the temporal trend (i.e., average over different
fields) of the mean percentage of surface, double-bounce, and
volume powers, calculated with respect to the SPAN, for the
six model-based decompositions. The soil moisture (%) and
biomass (kg/m2) measurements over time are also reported,
linearly interpolated to fill the dates where the two variables
were not collected. It can be noted that there are some differences
between the behavior of the different decompositions involved in
the analysis. For Freeman-Durden , FDG, and NNED the volume
scattering seems dominant for almost the entire period; indeed,
from the literature, Freeman-Durden is known to overestimate
the volume contribution. For the other decompositions (G4U1,
G4U2, and Y4R), when the biomass values remain below ap-
proximately 1 kg/m2, volume scattering is at a minimum, as
expected, whereas surface and double-bounce terms are dom-
inant. The high double-bounce cannot be justified in the first
days when the plants are in an early stage, but then it starts
decreasing more rapidly than the surface power from about
DOY 175. Then, the double-bounce starts to increase again,
this time in accordance with the increasing interaction between
the ground and the grown vertical structure of the corn plants.
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Fig. 7. Temporal evolution of the mean percentage of surface (left), double-bounce (middle), and volume contributions (right) for the six model-based
decompositions (FD, FDG, G4U1, G4U2, NNED, Y4R) for corn fields. Soil moisture and wet biomass are also reported in blue and green, respectively. The
x-axis indicates the day of year.

TABLE VIII
RESULTS OF A LINEAR REGRESSION MODEL FOR ESTIMATING THE SOIL

MOISTURE FOR THE CORN FIELDS BY CONSIDERING A COMBINATIONS OF THE

G4U1 DECOMPOSITION POWERS AND A COMBINATIONS OF THE MEASURED

BACKSCATTERING COEFFICIENTS

As for the volume scattering, especially for G4U1, G4U2, and
Y4R, it closely follows the biomass trend until approximately
DOY 185, as also expressed by the high correlation values in
Table VII, and then it reaches a level of saturation, contrarily
to double-bounce scattering. It is noteworthy the behavior of
the surface term, which is decreasing for increasing biomass
(although only after DOY 175), but it also shows a behavior
opposite to the double-bounce in the interval from DOY 185 to
190. It is apparent a sort of “cross-talk” between the surface and
double-bounce components in the considered decompositions.
The two linear regression models described by (2) and (3)
were then applied to assess whether the combination of total or
polarimetric descriptors best highlight soil moisture changes in
corn fields. As for the decomposition powers, the G4U1 was used
since it was the decomposition with the highest linear correlation
with respect to the measured soil moisture for the surface term.
Fig. 8 shows the results of this exercise for the case in which the
three decomposition powers (dB) and the three gamma-naught
terms (dB) were used. Table VIII summarizes the results by
considering all the decomposition powers and gamma-naught
combinations: the Pearson linear correlation (r), the p-value, and
the RMSE values between estimated and measured soil moisture
are reported.

Fig. 8. Results of the two linear regression models applied to corn fields
(estimated versus measured SM). The red line represents the best fit, while
the green line is the best agreement between the data. Top: results obtained by
considering the surface (Odd), double-bounce (Dbl), and volume (Vol) powers
(dB) from the G4U1. Bottom: results obtained by considering the gamma-naught
at HH, HV, VV polarizations (dB). The Pearson linear correlation (r), and the
RMSE are also displayed.
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TABLE IX
PEARSON (r) AND SPEARMAN’S (ρ) CORRELATION COEFFICIENTS BETWEEN

THE EXTRACTED DESCRIPTORS AND BOTH SOIL MOISTURE AND WET

BIOMASS FOR CANOLA FIELDS

The best result is obtained when the three decomposition
powers (PG4U1

s , PG4U1
d , PG4U1

v ) are considered (r = 0.67,
p < 0.01, RMSE = 4.28%), although a very similar result is
also obtained when the three gamma-naught terms (γ0

HH, γ0
HV,

γ0
VV) are considered (r = 0.66, p < 0.01, RMSE = 4.31%).

In the latter case, the estimates do not change significantly after
removing γ0

HH and using the pair (γ0
HV, γ0

VV), underlying again
the predominant influence of vegetation growth on γ0

HH. When
considering the decomposition powers, one can observe that in
corn fields the soil moisture retrieval performances are driven by
the surface mechanism, while the double-bounce term confirms
not being able to give any direct contribution, as it is mainly
driven by the plant growth. Instead, double-bounce itself (as
well as γ0

HH) and, especially, the volume scattering mechanisms
help disentangling the effect of the vegetation from that of soil
moisture.

c) Canola: Retrieving biogeophysical parameters of this
crop revealed to be very challenging. The results show that
the Pearson and Spearman correlations between any extracted
descriptor and both soil moisture and biomass are generally low,
except in some cases in which a large negative correlation is
obtained. Table IX reports the Pearson (r) and Spearman’s (ρ)
correlation coefficients between the descriptors and both soil
moisture and wet biomass, with the highest correlation values
highlighted in gray and bold. The correlation of all descriptors
with soil moisture is always very small and sometimes even
negative. Only γ0

VV exhibits moderate positive correlations. It
is interesting to note that the surface powers from the six
model-based decompositions are characterized by a negative
correlation with respect to biomass, both for Pearson (-0.77,
-0.36) and Spearman (-0.65, -0.24) coefficients. Indeed, when
the biomass exhibits high values, it is expected the surface
scattering be attenuated leading to the negative correlation, as
already noted in the wheat fields, although at a much smaller

extent. A large negative correlation with the biomass is also ob-
served for the double-bounce retrieved by the Freeman-Durden
decomposition.

The other polarimetric descriptors exhibit not as much signif-
icant correlation with biomass, except for the volume term and
the alpha angle, even if the correlation values are not so high.
Fig. 9 reports the temporal trend (i.e., average over different
fields) of the mean percentage of surface, double-bounce, and
volume powers, calculated with respect to the SPAN, for the
six model-based decompositions. The soil moisture (%) and
biomass (kg/m2) measurements over time are also reported,
linearly interpolated to fill the dates where the two variables
were not collected. It is possible to note that the volume term
is dominant in all UAVSAR acquisitions, even during the first
days with smaller biomass, but then decreases in agreement
with the biomass. The double-bounce power is much lower
than the volume power and it also shows a very low correlation
with biomass: this could be explained by the fact that canola
is characterized by rounded leaves and a complex plant struc-
ture that does not support the onset of the dihedral scattering
mechanism. Until approximately DOY 185, the double-bounce
from Freeman-Durden is characterized by a different trend
with respect to the other decompositions, which explains the
unique large negative correlation with respect to the biomass.
Some other interesting observations could be made. During
the first acquisitions the biomass increases over time but the
surface contribution remains low; as the biomass decreases,
the surface scattering progressively increases over time, which
was explained in [5], [27] by the fact that the canola fields
undergo a drying out process that makes the soil being less
attenuated; nonetheless, the fact that the surface power does
not return to the level of the first quite moist days indicates
that the contribution of the volume is likely contaminating the
results of the decompositions. It is also interesting to note that
the double-bounce term seems to slightly decrease and therefore
to capture this plant drying phenomena (see Fig. 9, middle) that
diminishes the interaction with the stems involved in one of
the two bounces. However, the quite opposite behavior in the
interval from DOY 180 to 185 of surface and double-bounce
components could be again the effect of “scattering mechanisms
cross-talk”, a shortcoming of the decomposition algorithms that
do not correctly disentangle the two mechanisms. The two linear
regression models described by (2) and (3) were again applied to
retrieve soil moisture by considering alternatively as predictors
a combination of the backscattering coefficients gamma-naught
at HH, HV, VV polarizations or a combination of the polari-
metric surface (Odd), double-bounce (Dbl), and volume (Vol)
powers obtained after applying the G4U1. The latter was the
decomposition with higher linear correlation of both surface and
volume contributions with respect to the measured soil moisture.
Fig. 10 shows the results of this exercise for the case in which
the three decomposition powers (dB) and the three gamma-
naught terms (dB) were used. Table X summarizes the results
by considering all the decomposition powers and gamma-naught
combinations: the Pearson linear correlation (r), the p-value, and
the RMSE values between estimated and measured soil moisture
are reported.
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Fig. 9. Temporal evolution of the mean percentage of surface (left), double-bounce (middle), and volume contributions (right) for the six model-based
decompositions (FD, FDG, G4U1, G4U2, NNED, Y4R) for canola fields. Soil moisture and wet biomass are also reported in blue and green, respectively.
The x-axis indicates the day of year.

Fig. 10. Results of the two linear regression models applied to canola fields
(estimated versus measured SM). The red line represents the best fit, while the
green line is the best agreement between the data. Top: results obtained by
considering the surface (Odd), double-bounce (Dbl), and volume (Vol) powers
(dB) from the G4U1. Bottom: results obtained by considering the gamma-naught
at HH, HV, VV polarizations (dB). The Pearson linear correlation (r), and the
RMSE are also displayed.

TABLE X
RESULTS OF A LINEAR REGRESSION MODEL FOR ESTIMATING THE SOIL

MOISTURE FOR THE CANOLA FIELDS BY CONSIDERING A COMBINATIONS OF

THE G4U1 DECOMPOSITION POWERS AND A COMBINATIONS OF THE

MEASURED BACKSCATTERING COEFFICIENT

The best result is obtained when the three gamma-naught
terms (γ0

HH, γ0
HV, γ0

VV) are involved (r = 0.30, p ∼= 0.02,
RMSE = 7.28%); it is interesting to note that the same result
is achieved if γ0

HV is removed from the model, showing that
as for canola the cross-polarization does not bring independent
information in terms of sensitivity to soil moisture, since it is
likely more influenced by the vegetation, as shown in Table IX.
Overall, the retrieval is characterized by a poor statistic, as
also confirmed by the low inversion rate obtained in [27] for
retrieving soil moisture for canola fields.

d) Soybean: Soybean is also a very challenging crop for what
concerns soil moisture retrieval. The correlation coefficients
given by both Pearson (r) and Spearman (ρ) are computed and
their values are reported in Table XI. The highest correlation
values are highlighted in gray and bold.

It is immediately apparent the very low correlation of all
the descriptors with soil moisture. Some correlation, although
negative, is surprisingly observed for all the volume power
terms of the decompositions, the two backscattering coefficients
γ0

HH and γ0
HV, the entropy and the alpha angle. The correlation

between the volume contribution or the γ0
HV and soil moisture



3626 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 17, 2024

Fig. 11. Temporal evolution of the mean percentage of surface (left), double-bounce (middle), and volume contributions (right) for the six model-based
decompositions (FD, FDG, G4U1, G4U2, NNED, Y4R) for soybean fields. Soil moisture and wet biomass are also reported in blue and green, respectively.
The x-axis indicates the day of year.

TABLE XI
PEARSON (r) AND SPEARMAN’S (ρ) CORRELATION COEFFICIENTS BETWEEN

THE EXTRACTED DESCRIPTORS AND BOTH SOIL MOISTURE AND WET

BIOMASS FOR SOYBEAN FIELDS

could be ascribed to a correlation between water in the soil and
water retained by the vegetation or captured from precipitation
or irrigation events that increases absorption. Note that a very
small negative correlation of the volume term with soil moisture
was also observed for corn fields in Table VII, while a large
positive correlation of the volume contribution was observed for
wheat, as reported in Table V. Conversely, the correlation with
wet biomass is overall high and it is interesting that the double-
bounce and volume contributions have quite similar correlation
values. This is not completely unexpected also considering the
contribution of the pods to the double-bounce, as discussed in
[29]. Instead, the surface power appears to be uncorrelated with
vegetation: while this may be expected, it is worth noting that the
increasing attenuation with biomass is not producing any nega-
tive correlation as observed in other crops. Moreover, although
the surface contribution is the one showing the highest power,
as reported in Fig. 11, it is not correlated with soil moisture. It
is interesting to note that the copolarization ratio of HH to VV

exhibits a non-negligible negative correlation with soil moisture
(-0.45). Finally, the correlation of the alpha angle and entropy
with respect to the wet biomass is high, as expected; in this case,
the larger values obtained when the Spearman’s correlation is
involved, especially for the entropy, likely highlights a nonlinear
relationship with the vegetation. Fig. 11 reports the temporal
trend (i.e., average over different fields) of the mean percentage
of surface, double-bounce, and volume powers, calculated with
respect to the SPAN, for the six model-based decompositions.
The soil moisture (%) and biomass (kg/m2) measurements over
time are also reported, linearly interpolated to fill the dates
where soil moisture and biomass were not collected. The surface
scattering decreases over time probably due to the attenuation
introduced by the increasing wet biomass, even if it reaches a
maximum value of approximately 1 kg/m2. The double-bounce
and volume contributions follow the biomass trend over time,
even if the latter seems to reach a level of saturation, as also
observed for corn fields. It is noticeable, however, that in Fig. 11
the temporal trend of the surface is almost correlated to soil mois-
ture even if Table XI shows no correlation of the surface terms
with moisture. The two linear regression models described by
(2) and (3) were applied to retrieve soil moisture by considering
alternatively as predictors a combination of the backscattering
coefficients gamma-naught or the polarimetric surface (Odd),
double-bounce, and volume powers obtained by applying the
NNED. This decomposition was the one with the highest linear
correlation of surface and double-bounce contributions with
respect to soil moisture. Fig. 12 shows the results of this exercise
for the case in which the three decomposition powers (dB) and
the three gamma-naught terms (dB) were used. Table XII sum-
marizes the results by considering all the decomposition powers
and gamma-naught combinations: the Pearson linear correlation
(r), the p-value, and the RMSE values between estimated and
measured soil moisture are reported. The best result is obtained
when the three backscattering coefficients gamma-naught (γ0

HH,
γ0

HV,γ0
VV) are involved (r = 0.50, p < 0.01, RMSE = 7.59%),

even if when γ0
HV is removed from the model, a similar result

is obtained. When the three decomposition powers (PNNED
s ,

PNNED
d , PNNED

v ) are considered, the results slightly worsen
(r = 0.40, p < 0.01, RMSE = 8.03%) both in terms of linear
correlation and RMSE.
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Fig. 12. Results of the two linear regression models applied to soybean fields
(estimated versus measured SM). The red line represents the best fit, while the
green line is the best agreement between the data. Top: results obtained by
considering the surface (Odd), double-bounce (Dbl), and volume (Vol) powers
(dB) from the NNED. Bottom: results obtained by considering the gamma-
naught at HH, HV, VV polarizations (dB). The Pearson linear correlation (r),
and the RMSE are also displayed.

B. Yucatan Lake Site: 2019 NISAR AM/PM Campaign

Ground truth data were not available over this site so that the
correlation analysis was done considering the Soil Water Index
from the C-band ASCAT sensor onboard the Metop satellites,
and the NDVI from Sentinel-2 linearly interpolated at the time of
the UAVSAR overpasses. We recall that the SWI is characterized
by a coarse resolution (12.5 km) and distinction between crop
types was not possible, so that the results describe an overall
behavior of an agricultural vegetated area. The analysis is carried
out by separating AM and PM flights since they are characterized
by different flight directions and, consequently, different values
of the incidence angle (about 53° in average for the AM flights,
about 25° in average for the PM flights). Since the sigma-naught
strongly depends on the incidence angle, the gamma-naught
normalization allows to neglect the difference in incidence angle

TABLE XII
RESULTS OF A LINEAR REGRESSION MODEL FOR ESTIMATING THE SOIL

MOISTURE FOR THE SOYBEAN FIELDS BY CONSIDERING A COMBINATIONS OF

THE NNED DECOMPOSITION POWERS AND A COMBINATIONS OF THE

MEASURED BACKSCATTERING COEFFICIENTS

in our comparison among different feature selections, including
the difference between the AM and PM flights.

e) AM Flights: Table XIII reports the Pearson (r) and Spear-
man’s (ρ) correlation coefficients calculated between both total
and polarimetric descriptors and both SWI and interpolated
NDVI for the AM flights. The highest correlation values are
highlighted in gray and bold. It is possible to note that in this case
the polarimetric descriptors exhibit generally better correlation
as compared to the total ones. The double-bounce extracted from
the six model-based decompositions (FD, NNED, Y4R, G4U1,
G4U2, FDG) shows the highest linear correlation with the SWI
variations (0.80–0.82) because of the changing permittivity and
reflection from the soil. The volume power exhibits the high-
est linear correlation with the interpolated NDVI (0.77–0.80),
although the correlation value is very similar to that of the
γ0

HV (0.78): this is an expected result since signal depolarization
mostly drives the retrieval of the vegetation volume scattering
contribution with respect to the copolarized returns. It is notice-
able that also the double-bounce has a large linear correlation
with the NDVI (0.73–0.74), due to the interaction with the
vertical structure of the vegetation, as already observed, e.g.,
for the corn and soybean fields in SMAPVEX 2012 data. The
combined effect of both the soil reflection and the vegetation
interaction contributing to the dihedral effect is apparent in this
dataset where the crop type is, however, not distinguished.

It is interesting to note that also the volume power is character-
ized by a large correlation with the SWI (0.65–0.71). This result
was also observed previously for the wheat fields of SMAPVEX
2012 (see Table V), and it could be due to the plant water uptake
from the soil or rainwater interception, with a direct influence
on the backscattering coefficient at HV polarization, from which
the volume contribution is basically derived. It is unexpected that
the surface power is not the one having the largest correlation
with SWI, as already shown in Table XIII. It exhibits a very
low linear correlation (0.18–0.22) with respect to the NDVI,
confirming what is expected from the theory; the positive values
of the correlation, even if low, could be due to a “cross-talk”



3628 IEEE JOURNAL OF SELECTED TOPICS IN APPLIED EARTH OBSERVATIONS AND REMOTE SENSING, VOL. 17, 2024

TABLE XIII
PEARSON (r) AND SPEARMAN’S (ρ) CORRELATION COEFFICIENTS BETWEEN

THE EXTRACTED DESCRIPTORS AND BOTH SOIL WATER INDEX AND

INTERPOLATED NDVI FOR UAVSAR AM FLIGHTS

TABLE XIV
RESULTS OF A LINEAR REGRESSION MODEL FOR ESTIMATING THE SOIL WATER

INDEX FOR THE AM FLIGHTS BY CONSIDERING A COMBINATION OF THE

FREEMAN-DURDEN DECOMPOSITION POWERS AND A COMBINATION OF THE

MEASURED BACKSCATTERING COEFFICIENTS

between the surface and volume contributions, so that some of
the volume power is assigned to the surface one. The results
obtained from the H/α decomposition shows that the entropy
has a large correlation with the NDVI (r: 0.70, ρ: 0.75) due to
the increase of the target randomness with NDVI, while α has
a moderate correlation with SWI (r: 0.67, ρ: 0.68); in addition,
the alpha angle exhibits a similar correlation also with respect
to the NDVI changes (0.68). The two linear regression models
described by (2) and (3) were applied to the AM flights for
estimating the SWI. In (3), the three contributions from the FD
were used since it was the decomposition with generally the
highest linear correlation with SWI. Fig. 13 shows the results
of this exercise for the case in which the three decomposition
powers (dB) and the three gamma-naught terms (dB) were
used. Table XIV summarizes the results by considering all the

Fig. 13. Results of the two linear regression models applied to the AM flights
(estimated versus measured SWI). The red line represents the best fit, while
the green line is the best agreement between the data. Top: results obtained by
considering the surface (Odd), double-bounce (Dbl), and volume (Vol) powers
(dB) from the Freeman-Durden . Bottom: results obtained by considering the
gamma-naught at HH, HV, VV polarizations. The Pearson linear correlation (r),
and the RMSE are also displayed.

decomposition powers and gamma-naught combinations: the
Pearson linear correlation (r), the p-value, and the RMSE values
between estimated and measured SWI are reported.

The estimates obtained considering the three gamma-naught
(γ0

HH, γ0
HV, γ0

VV) are slightly better correlated to SWI (r = 0.86,
p < 0.01, RMSE = 8.02%) if compared to the three FD powers
(P FD

s , P FD
d , P FD

v ) (r = 0.83, p < 0.01, RMSE = 8.74%). If
two powers (P FD

s , P FD
d ) are used to estimate SWI, the obtained

results are better than the case in which a combination of
gamma-naught at two polarizations (γ0

HV, γ0
VV and γ0

HH, γ0
VV)

are involved; when using (γ0
HH, γ0

HV) the correlation value and
the RMSE are comparable. Combining the three gamma-naught
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TABLE XV
PEARSON (r) AND SPEARMAN’S (ρ) CORRELATION COEFFICIENTS BETWEEN

THE EXTRACTED DESCRIPTORS AND BOTH SOIL WATER INDEX AND

INTERPOLATED NDVI FOR UAVSAR PM FLIGHTS

improves the correlation, whereas the information about mois-
ture is almost uniquely brought by the double-bounce power.

f) PM Flights: Table XV reports the Pearson (r) and Spear-
man’s (ρ) correlation coefficients calculated between both total
and polarimetric descriptors and both SWI and interpolated
NDVI for the PM flights. The highest correlation values are
highlighted in gray and bold.

The results show that the correlation remains low for all the six
model-based decomposition powers and the total descriptors, so
it is difficult to find a proper relationship both with the SWI and
the interpolated NDVI. However, theH/α decomposition shows
that both the alpha angle and the entropy are sensitive to the
vegetation variations (0.57, 0.62), while the correlation with the
SWI is poor. The two linear regression models described by (2)
and (3) were also applied to the PM flights for estimating SWI. In
(3), the three contributions from the G4U1 were exploited since it
was the decomposition in which the double-bounce and volume
contributions showed the highest linear correlation with SWI.
Fig. 14 shows the results of this exercise for the case in which the
three decomposition powers (dB) and the three gamma-naught
terms (dB) were used. Table XVI summarizes the results by
considering all the decomposition powers and gamma-naught
combinations: the Pearson linear correlation (r), the p-value,
and the RMSE values between estimated and measured SWI are
reported.

The exercise suggests that the best result is achieved when
the three gamma-naught terms (γ0

HH, γ0
HV, γ0

VV) are exploited
(r = 0.75, p < 0.01, RMSE = 10.25%). It can be noted that
the afternoon acquisitions exhibit generally worse performance
with respect to the morning ones, a result that is generally
expected. In fact, there is theoretical evidence of differences
between morning and afternoon soil moisture retrievals. As for
passive microwave radiometer, for instance, isothermal condi-
tions found at the near-surface during early morning aid in the

Fig. 14. Results of the two linear regression models applied to the PM flights
(estimated versus measured SWI). The red line represents the best fit, while
the green line is the best agreement between the data. Top: results obtained by
considering the surface (Odd), double-bounce (Dbl), and volume (Vol) powers
(dB) from the G4U1. Bottom: results obtained by considering the gamma-naught
at HH, HV, VV polarizations. The Pearson linear correlation (r), and the RMSE
are also displayed.

retrieval of surface soil moisture. The impact of the ionosphere
at L-band is also expected to be minimized at night. The Soil
Water Index was found only weakly dependent on the time of the
day, but however within its coarse resolution area it is expected
that the surface conditions are much more heterogeneous in the
afternoon and the correlation between airborne data and SWI be
lower, as in fact was observed in our analysis.

C. Monte Buey Site: 2019–2020 CONAE Field Campaign

The analysis was performed on five corn fields. The study
was conducted by considering the correlation with both in-situ
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TABLE XVI
RESULTS OF A LINEAR REGRESSION MODEL FOR ESTIMATING THE SOIL WATER

INDEX FOR THE PM FLIGHTS BY CONSIDERING A COMBINATION OF THE G4U1
DECOMPOSITION POWERS AND A COMBINATION OF THE MEASURED

BACKSCATTERING COEFFICIENTS

data (i.e., soil moisture and plant height) and satellite derived
target parameters (i.e., NDVI). We also recall that, contrarily
to SMAPVEX 2012 and Yucatan Lake, the multipolarization
backscattering coefficient sigma-naught was used instead of the
gamma-naught. For this site, all considered fields fall within a
narrow range of incidence angle values. Moreover, it is worth
pointing out that in Argentina the plant residuals are not re-
moved after the harvest and then the fields marked as fallow
are not really bare soils. Table XVII reports the Pearson (r) and
Spearman’s (ρ) correlation coefficients calculated between both
total and polarimetric descriptors and soil moisture, interpolated
NDVI and plant height for the five corn fields of the Monte Buey
site. The highest correlation values are highlighted in gray and
bold.

First of all, we observe that the correlation analysis based on
NDVI and in-situ plant height leads to very similar conclusions
as the correlations match extremely well (correlation is equal to
0.99), although the use of plant height generates overall larger
absolute correlation values. Then, the conclusions for the Monte
Buey site can be considered reliable in terms of vegetation
effects. Regarding the correlation with in-situ soil moisture, the
backscattering coefficient exhibits a moderate linear correlation
(r) with the measured soil moisture (0.48 for HH, 0.55 for HV,
and 0.54 for VV); this correlation increases, especially for HV, if
the Spearman’s values are considered. The surface power from
the six model-based decompositions is, in general, the descriptor
with the lower linear correlation with respect to soil moisture
(0.02–0.34); the double-bounce and, surprisingly, the volume
powers are the polarimetric descriptors mostly correlated with
soil moisture. While the former result has been already justified
by the contribution of the soil in the dihedral scattering, the latter
requires a deeper investigation. This result was also observed
for the Yucatan Lake dataset and, again, it could be due to the
amount of water contained in the canopy with a direct influence
on the backscatter at HV polarization, from which the volume
contribution is basically derived, also considering that in this
case HV is the polarization with higher linear correlation values

TABLE XVII
PEARSON (r) AND SPEARMAN’S (ρ) CORRELATION COEFFICIENTS BETWEEN

THE EXTRACTED DESCRIPTORS AND SOIL MOISTURE, INTERPOLATED NDVI,
AND PLANT HEIGHT FOR THE CORN FIELDS IN MONTE BUEY

with respect to soil moisture (0.55). Whether this result is due
to a “cross-talk” effect between the three scattering contribu-
tions requires further investigation; the polarimetric calibration
accuracy of the radar could be also a detrimental factor in
the application of polarimetric decompositions. It is noticeable
that, except for entropy, the Spearman’s correlation values are
higher with respect to those obtained involving the Pearson’s
correlation, likely due to the fact that a nonlinear relationship
exists between the descriptors and soil moisture. The correlation
of the surface term with NDVI and plant height is also low, as
expected. The correlation between the power of the surface terms
and both NDVI and plant height is not appreciable, so that the
impact of the attenuation in this case is not appreciable. The
double-bounce and volume powers from the six model-based
decompositions along with the backscattering coefficient σ0

HV,
the entropy and the alpha angle are the descriptors that exhibit
the higher linear correlation with the plant height and NDVI. As
expected, even the backscattering coefficient σ0

HH has a large lin-
ear correlation with the measured plant height (0.82). The large
correlation of entropy and the alpha angle with NDVI and plant
height is an expected result, confirming the outcome of the corn
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Fig. 15. Temporal evolution of the mean percentage of surface (left), double-bounce (middle), and volume contributions (right) for the six model-based
decompositions (FD, FDG, G4U1, G4U2, NNED, Y4R). Soil moisture and NDVI are also reported in blue and green, respectively.

TABLE XVIII
RESULTS OF A LINEAR REGRESSION MODEL FOR ESTIMATING THE SOIL

MOISTURE FOR THE CORN FIELDS IN THE MONTE BUEY SITE BY CONSIDERING

A COMBINATIONS OF THE G4U2 DECOMPOSITION POWERS AND A

COMBINATION OF THE MEASURED BACKSCATTERING COEFFICIENTS

fields in SMAPVEX 2012. Indeed, the entropy is an indicator
of the growth of the vegetation: when the vegetation increases,
the target randomness increases as well and, consequently, the
entropy becomes higher. Fig. 15 reports the temporal trend (i.e.,
average over different fields) of the mean percentage of surface,
double-bounce, and volume powers, calculated with respect to
the SPAN, for the six model-based decompositions. The spatial
means of soil moisture (m3/m3) measurements and NDVI are
also reported; they were previously linearly interpolated to fill
the dates where soil moisture and NDVI were not collected and
to ease the interpretation, highlighting the full temporal trend.
It can be observed that the variable with the larger influence on
the temporal evolution of the three scattering mechanisms is the
NDVI, rather than the soil moisture, which has however a small
dynamic range (plants are not irrigated and no relevant precipita-
tion events were observed just before a SAOCOM acquisition).
Note that, although NDVI decreases in January due to loss of
chlorophyll, the plants were still at the maximum growing stage
in that period. When the NDVI values are below 0.4, the sur-
face is the predominant scattering mechanism. When the NDVI
starts to increase, the double-bounce, and volume terms increase

as well, whereas the surface power percentage progressively
decreases as a consequence of the attenuation introduced by
the growing vegetation. The trend is similar, but much more
pronounced than in SMAPVEX 2012; indeed, in Monte Buey
during the first SAR acquisition the plants were still very small
(10 cm high or even fallow), and the temporal plot spans a
longer temporal interval of the plant growing cycle (compare
Figs. 7 and 15). It is observed that the volume percentage slightly
increases with NDVI and plant growth (about 250 cm during
the last SAOCOM acquisition) reaching a level of saturation
over time (as also observed for the corn and soybean fields
of SMAPVEX 2012), while the double-bounce progressively
becomes the predominant scattering mechanism. The two linear
regression models described by (2) and (3) were applied to
retrieve soil moisture by considering alternatively as predictors
a combination of the backscattering coefficients sigma-naught
or the polarimetric surface (Odd), double-bounce (Dbl), and
volume (volume) powers obtained by applying the G4U2. This
decomposition was the one with generally the highest linear
correlation with respect to the measured soil moisture. Fig. 16
shows the results of this exercise for the case in which the
three decomposition powers (dB) and the three sigma-naught
terms (dB) were used. Table XVIII summarizes the results by
considering all the decomposition powers and sigma-naught
combinations: the Pearson linear correlation (r), the p-value, and
the RMSE values between estimated and measured soil moisture
are reported.

The results obtained with the three sigma-naught coeffi-
cients are almost equal to the results given by the three G4U2
polarimetric powers (r = 0.64, p < 0.01, RMSE = 5%).
Considering three descriptors, i.e., a full-polarimetric radar,
always improves the results, both for the total and polarimetric
descriptors.

V. CONCLUSION

In this paper, seven polarimetric decompositions
[Freeman-Durden three-components decomposition (FD),
Yamaguchi four-components decomposition (Y4R), Singh
four-components decomposition with/without extended volume
scattering model (G4U2/G4U1), the Nonnegative Eigenvalue
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Fig. 16. Results of the two linear regression models applied to five corn fields
in Monte Buey (estimated versus measured SM). The red line represents the
best fit, while the green line is the best agreement between the data. Top: results
obtained by considering the surface (Odd), double-bounce (Dbl), and volume
(Vol) powers (dB) from the G4U2. Bottom: results obtained by considering the
sigma-naught at HH, HV, VV polarizations. The Pearson linear correlation (r),
and the RMSE are also displayed.

Decomposition (NNED), the Generalized Freeman-Durden
decomposition (FDG), and the H\α decomposition] were
applied to the polarimetric covariance or coherency matrices
(C3/T3) derived from three L-band quad-polarimetric SAR
datasets over three different agricultural areas across a latitudinal
gradient. The goal of the study was to evaluate the sensitivity of
polarimetric decompositions to soil and vegetation properties
as compared to a combination of the backscattering coefficients
(i.e., the elements of the main diagonal of the C3 matrices).
The study also aimed to investigate which decomposition
behaves best in view of a future exploitation within a soil
moisture retrieval algorithm. Results revealed that there were

not significant differences among sensitivities of the different
decompositions tested in this study, even if their performances,
in terms of correlation to soil moisture and vegetation, depend
both on the crop type and the selected area of interest. To
support this conclusion, in addition to the correlation analysis
that was performed between the polarimetric descriptors and
the in-situ variables, we have computed the Pearson linear
correlation coefficient between all possible pairs of scattering
mechanisms extracted after applying the different polarimetric
decompositions. We found that the Pearson correlation
coefficients were consistently very high (0.96 on average
for the surface power, 1.00 on average for the double-bounce
power, and 0.98 on average for the volume power). This supports
the argument that choosing a particular decomposition versus
another does not have a significant impact on the results. A main
finding of the work is that, although the decompositions have
revealed to be effective in distinguishing the different scattering
mechanisms, those mechanisms are not unequivocally related
to the bio-geophysical parameters of interest, namely soil
moisture and vegetation biomass or other vegetation parameters
(e.g., plant height and satellite-derived NDVI). In detail, the
double-bounce is both affected by the reflection from the soil
and that of the vertical stems of the plants. Therefore, depending
on the type of crops, the sensitivity to soil moisture (e.g., the
case of wheat plants where scattering is weak and attenuation
is the main effect) or the sensitivity to plant growth (e.g., the
case of corn with bigger and higher vertical stems) can be
emphasized. Even the surface term is affected by the vegetation;
it is decreased by the increase of attenuation as the vegetation
grows, thus exhibiting in some cases a non-negligible negative
correlation with biomass. A positive correlation between the
volume component and the soil moisture was also observed.
This can be explained by the process of absorption of the
soil water by the vegetation (the osmosis process) that makes
the vegetation water content increase when the soil becomes
wetter. It is known that the water in the vegetation strongly
affects the absorption and scattering properties of the volume.
Another effect can be due to the interception of water by the
vegetation after precipitation or irrigation events. This water
does not necessarily contribute to soil moisture and runoff, but
certainly affects the scattering properties of the volume. By
comparing a multivariate linear best fitting using alternatively
the three multipolarization backscatter coefficients and the
power of the three scattering mechanisms derived from the six
model-based polarimetric decompositions, the results suggested
that the estimates are generally comparable in terms of Pearson
linear correlation and RMSE, except for the UAVSAR PM
flights, for which the use of the total backscattering coefficients
gamma-naught returned the best results. We recall that this
conclusion has been drawn based on the analysis of three
different datasets, including both airborne and satellite SAR
data, different flight altitudes and incidence angles, as well as
different sites, vegetation types, and reference data (in-situ as
well as satellite derived bio-geophysical data). The two linear
models involved in this study for estimating soil moisture or
Soil Water Index were very simple models aiming to compare
the performances of different sets of input features rather
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than representing an ultimate retrieval approach. They can be
refined when analyzing new datasets to include incidence angle
when required. It is undoubted and largely demonstrated that
polarimetric radar is a powerful tool for remote sensing the Earth
surface. Exploiting the fully polarimetric information, which
implies not only the multipolarized scattered power but also
the complex covariance between the elements of the scattering
matrix, can be very effective. However, the tested polarimetric
decompositions aimed to discriminate scattering mechanisms
have been found not as much effective in isolating specific
bio-geophysical parameters of interest, such as soil moisture.
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