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Abstract—Retrieval of soil moisture is crucial for weather
and climate change predictions as well as in decision-making
for agriculture management practices. Several theoretical, semi-
empirical, empirical, and machine learning-based scattering
models have been developed for simulating fully polarimetric
(FP) synthetic aperture radar (SAR) data. The potential of SAR
compact polarimetry (CP) for soil moisture retrieval over bare
agriculture fields is still an active area of research. In this study,
we develop new CP backscattering models for soil moisture
retrieval under bare soil conditions. First, we apply empirical
relationships between FP and CP to formulate an empirical
CP-advanced integral equation model (AIEM). In addition, we
propose two adapted theoretical models CP-AIEM and CP-
improved IEM (CP-I’EM) using the direct analytical relationship
between FP and CP. We also propose two empirical models
CP-Dubois and CP-Oh by recalibrating Dubois and Oh models
using CP observations and in situ data. To compare the soil
moisture retrieval performance of developed CP-backscattering
models with that of a standard machine learning approach, the
random forest (RF) technique is utilized. The six adapted and
developed algorithms are tested using the C-band CP data of
Canada’s RADARSAT constellation mission (RCM). In situ soil
moisture, roughness, and texture measurements were collected
from bare agriculture fields of Lennoxville and Montérégie,
Quebec, Canada, for calibration and validation of models. Results
show that the RF model provides accurate estimates (error:
RMSE = 0.04 m*/m?, correlation: r = 0.8 and inversion rate:
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(IR) = 100%) while requiring extensive training. CP-Oh and
CP-Dubois models perform adequately (RMSE = 0.08 m3/m3,
r > 0.7 and IR > 60%) having limited applicability range. In
the end, CP-AIEM offers the best choice including reasonable
accuracy (RMSE = 0.07 m3/m?, r = 0.6, and IR = 64%),
wider applicability range and transferability without requiring
calibration.

Index Terms—Bare soil moisture retrieval, compact polarime-
try (CP), dubois and Oh models, integral equation model (IEM),
RADARSAT constellation mission (RCM), random forest (RF)
model, synthetic aperture radar (SAR).

I. INTRODUCTION

URFACE soil moisture retrieval from observations of

active microwave remote sensing has gained significant
attention during the last three decades. Microwave sensitivity
to dielectric permittivity enables soil water content estima-
tion from radar backscatter [1]. The retrieval of dielectric
permittivity from synthetic aperture radars (SARs) backscatter
depends largely on the wavelength, polarization, and incidence
angle of the observing system [2], [3]. Since microwaves
interact with the structure of soil, decoupling of surface
roughness from bare soil backscatter has prime importance
[4]. In addition, the dielectric behavior of soil depends on its
textural composition [5], [6], [7]. Surface scattering models
establish relationships between soil surface (dielectric and
geometric) properties and radar backscatter, allowing anal-
ysis of soil characteristics [8]. The availability of several
airborne and spaceborne SAR systems opens the way to
enhance continuous observation. These missions operate in
a wide range of wavelengths, such as X-, C-, S-, L-, and
P-bands, and polarization modes, such as fully polarimetric
(FP), dual polarimetric (DP), and hybrid polarimetric. The
latter, alternatively known as compact polarimetry (CP), and
its circular transmit linear receive (CTLR) architecture are
recently gaining attention [9]. Compared to the quadrature
polarimetric (QP) architecture, the CTLR does not require
time-interleaved transmission and hence limits the pulse rep-
etition frequency to half while doubling the swath. These
advantages support the argument of establishing CP as a poten-
tial replacement for QP [10]. This has been previously done in
earth and planetary missions such as Radar Imaging Satellite
(RISAT-1) and Chandrayaan-1 [11], [12], respectively. More
recently, the Canadian Space Agency (CSA) has launched
the C-band RADARSAT Constellation Mission (RCM) with
CP as one of the operational acquisition modes [13]. The
higher swath of CP allows to have acquisitions of high
temporal resolution without degrading the spatial resolution.
Even though CP was introduced decades ago, significantly
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(a) Study site 1-AAFC Lennoxville displayed on top of the Google satellite layer with fields selected in 2022 (pink), 2023 (red), and both years

(violet) are represented. (b) Study site 2-Montérégie region is displayed on top of the Google aerial image with field locations represented by red star symbols.
The fields are located far from each other hence the field boundaries are not shown.

fewer soil parameter retrieval algorithms were developed over
time compared to FP. This includes soil moisture retrievals
based on integral equation model (IEM) and X-Bragg models
[14], [15], CP decomposition [16], machine learning [17], and
change detection [18]. However, dedicated and generalized
surface scattering models, applicable on CP data, have not
been extensively established. With this study, we attempt to
fill this research gap by developing new CP-based surface
backscattering models for bare soil moisture retrievals. We
explore different possibilities to develop backscattering models
for CP SAR data and perform a quantitative intercomparison
that provides guidance to select appropriate backscatter-
ing models for soil moisture estimation on bare soils. We
propose a total of six theoretical and calibrated empiri-
cal backscattering models dedicated to complex CP SAR
data.

1) Empirical CP-AIEM.

2) CP-AIEM.

3) CP-I’EM.

4) CP-Dubois model.

5) CP-Oh model.

6) Machine Learning [Random Forest (RF)].

Note that the machine learning approach is used here
only for comparison purposes. The essential focus is to
develop both physics-based and semi-empirical surface scat-
tering models whose results can be analyzed and interpreted.
The proposed models are tested using CP SAR observations of
the RCM to assess and compare their applicability for bare soil
moisture retrieval. Soil moisture retrieved from these models
is validated with in situ measurements collected from bare
agriculture soils with different surface roughness and textural
composition conditions.

II. STUDY AREA AND DATASET

The selected study sites, in situ measurements and remote
sensing data are presented in this section.

A. Study Area

The principal research study site is the Agriculture
and Agri-Food Canada (AAFC), Lennoxville (45°21’52”N,
71°48’53”W), Quebec, Canada [Fig. 1(a)]. We have selected
ten fields by considering the accessibility, distance from for-
est and waterbody, and mild geographical slope. The fields
selected for the in situ measurements in summer 2022 (pink),
2023 (red), and both years (blue) are shown on top of the
Google' aerial image. For further analyses regarding the trans-
ferability of models, we have included few measurements of
another site in the Montérégie region (45°37'52" N, 72°57'23"
W), Quebec, Canada [Fig. 1(b)].

B. Satellite Data and Preprocessing

C-band (5.405 GHz) right circular CP data of RCM
launched by CSA in 2019 are used for this research. The
datasets are collected from the Earth observation data man-
agement system (EODMS) provided by Natural Resources
Canada (NRCan). The three-satellite constellation provides
weekly coverage of ScanSAR (30 m spatial resolution) data
across the investigated areas at various incidence angles.
Table I shows the incidence angle range of each RCM acqui-
sition along with the number of field soil moisture (FSM)
measurements made on each day of acquisition. The available
RCM data across our sites are in the form of multilook (2 x 2)

ITrademarked.



ERKARAMANA et al.: DEVELOPMENT AND COMPARISON OF BARE SOIL MOISTURE RETRIEVAL METHODS

TABLE I

SPECIFICATIONS OF RCM ACQUISITION AND IN SITU SOIL SAMPLING IN
AAFC-LENNOXVILLE AND MONTEREGIE SITES
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TABLE I

IN SITU SOIL TEXTURE AND ROUGHNESS MEASUREMENTS TAKEN FROM
AAFC-LENNOXVILLE AND MONTEREGIE SITES

Date of Angle of Study site No. of soil
Acquisition Incidence (°) measurements
24-06-2022  17.05-28.90 AAFC- 240

Lennoxville
27-05-2023  33.71-42.75 AAFC- 35
Lennoxville
29-05-2023  33.70-42.74 AAFC- 118
Lennoxville
14-06-2023  33.73-42.74 AAFC- 156
Lennoxville
18-06-2024 17.14-28.83  Montérégie 13
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Fig. 2. Temporal variation of average in situ FSM (blue dots) and average
precipitation (red bars) for the years 2022, 2023 (AAFC-Lennoxville site),
and 2024 (Montérégie site) under bare soil conditions. RCM data acquisition
dates are represented by black downward arrows and labels.

complex (MLC) covariance matrices ([C,]). The data are then
radiometrically calibrated, and speckle filtered (5 x 5 Boxcar
filter). Tandem-X Digital elevation model (DEM) data (30
m spatial resolution) [19] is used for terrain correction and
calculation of local incidence angle. Only the pixels with local
incidence angles between 20° and 43° are considered to avoid
too strong effects of noncircularity [20]. Pixels close to the
field boundary and forest area are removed to avoid mixed
targets. Only the RCM observations during the crop height
less than 10 cm (= 24, where A is the radar signal wavelength)
are considered [21] to avoid vegetated soil conditions. The
known geographical boundaries of fields were used to spatially
subset the RCM data, rather than using any form of image
classification strategies, because our focus was primarily on
the development of backscattering models.

C. In Situ Data Collection and Preparation

Collection of FSM and soil temperature is done by high-
resolution sampling (30 x 30 m) to match the RCM data
resolution using handheld HH2 moisture meters combined
with ML3 Theta probe [22]. Each field has a temporary
station with rain gauges recording precipitation every 30 min.
Surface roughness parameters are measured using a pin-

AAFC-Lennoxville Site (2022 and 2023)

Field Sand Clay Silt s (cm) 1 (cm)
/ (%) (%) (%)

Year 22-23  22-23 2223 22 23 22 23
B12 28 18 54 1.3 1.7 109 82
C4S 32 14 54 0.9 - 9.3 -
D3 23 23 54 09 21 107 97

F45E 25 20 55 09 23 93 10.7
J12 33 27 40 0.7 2.1 10.1 9.0
J34 24 62 14 25 23 67 100
J5 33 19 48 1.2 - 10.6 -
J6O 36 23 41 1.1 23 101 10.2
RH2 25 36 39 1.5 21 124 9.0
H5 17 30 53 - 2.2 - 10.6

Montérégie Site (2024)
Sand Clay Silt s (cm) 1 (cm)
(%) (%) (%)

ME2 27 26 47 2.21 9.8
ME3 30 22 48 2.17 8.8

ME4 30 22 48 2.04 9.1

MES 29 24 47 1.85 7.4

ME6 38 25 37 1.92 8.2

profiler aligned parallel to the look direction of RCM
acquisition. The images of pin-profiler are then processed
using the QuiP tool to calculate the root-mean square root
mean squares (rms) height (s) and the correlation length (1)
[23]. Average soil texture in terms of sand (%), silt (%),
and clay (%) is extracted from the collected soil samples
by laboratory process. Both roughness and texture values
are assumed to be invariant within the field and during the
entire crop growing season. The measurements are presented
in Table II, with 22 and 23 indicating the respective years 2022
and 2023. Temporal variation of average in situ FSM (blue
dots) with standard deviation and average precipitation (red bar
graph) for 2022, 2023 (Lennoxville) and 2024 (Montérégie)
under bare soil conditions is illustrated in Fig. 2.

Precipitation measurements are not available in 2022 for
bare soil conditions. The rain events perfectly translate into
the spikes in FSM measurements on days 14-06-2023 and
18-06-2024. Good agreement between these measurements
advocates the quality of in situ data. The validation samples
from wheat fields on days 24-06-2022 and 14-06-2023 are not
considered as bare soils, since the crops are already higher than
10 cm.

III. SCATTERING MODELS FOR SOIL
MOISTURE RETRIEVALS

Surface scattering models have been developed to inves-
tigate the electromagnetic wave emitted or scattered from
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random surfaces. They have been widely utilized for estimat-
ing roughness and relative permittivity of the surface from
radar observation [8]. Each model has validity ranges in
terms of wavelength (1), soil moisture (m,), dielectric constant
(¢), incidence angle (), and surface roughness (s and I).
Backscattering models may be broadly divided into theoretical,
semi-empirical, and empirical ones. Theoretical models can
be numerical, which are solved from Maxwell’s equations, or
analytical, which are simplified from numerical models [4].
These are physics-based models and hence are ideally site-
independent. Small perturbation model (SPM), Kirchhoff’s
Approximation (KA), and IEM are well-known analytical
models [21]. SPM is limited to smooth surfaces (ks < 0.3
and kl < 3), whereas KA provides analytical solutions for
scattering from rough surfaces (kI > 6 and 2.ks.cosf > +/10)
[21], [24]. The normalized surface parameters, ks and kl, are
the products of wavenumber (k) with s and I, respectively.
Since ks and kl contain wavelength components and are dimen-
sionless, they are more universal than s and / [1]. SPM and
KA are extended to IEM by incorporating a complementary
tangential term, and the total backscatter is represented as
the sum of Kirchhoff’s, complementary and cross terms. The
scattered fields from the target are represented in terms of
tangential fields to calculate co-pol and cross-pol backscatters
[1]. An extension of IEM is proposed to reduce the model’s
gap from SPM and KA at their validity domains [25]. Further,
the assumptions used in the Green’s function present in the
complementary terms are removed and upward and downward
scattered field coefficients are added to introduce the Improved
IEM (I’EM) [26]. I?’EM has better agreement with the SPM for
smooth surfaces as compared to the IEM at C-band. However,
IEM and I?’EM show similar performance when the incidence
and scattering angles are the same [8]. Advanced IEM (AIEM)
was proposed [27] by rederiving the scattering field coef-
ficients retaining the phase terms of Green’s function. This
version improves the accuracy of scattering powers as com-
pared to previous versions for rough surfaces [27]. This model
was further modified by including the roughness parameters
in the calculation of Fresnel reflection coefficients (Ry,Ry)
[28]. The results demonstrate considerable improvement in the
representation of Ry, and R, for different cases of ¢, 6, vy, s and
I. As roughness increases, the differences between AIEM and
IEM backscatters increase at every moisture level. Being the
extended versions of IEM, our studies show that the resulting
FP backscatters from I’EM and AIEM are similar in several
cases. Both modifications improve the accuracy of IEM at the
cost of an increase in complexity and computation time. In
addition to these modifications, calibrated IEM is proposed
by building an empirical relationship between 1 and s [29].
Semi-empirical calibration is also done for the same objective
for L-band [30] and then verified and extended to C-band [31].
Recently, several authors have used different versions of IEM
for surface parameter retrievals [32], [33], [34].

In contrast to theoretical models, empirical and semi-
empirical models are developed to simplify the physical
relationship by fitting several parameters [4]. These models
are generally site-dependent since the fitting process requires
in situ measurements and remote sensing data. The commonly
employed semi-empirical models are the Oh [35] and the
Dubois models [3], [36]. Inclusion of Dubois and Oh models
into this research is to evaluate the potential of empirical

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 64, 2026

backscattering models for soil moisture retrieval from CP
data, since they belong to the spectrum of applied backscat-
tering models for soil moisture retrieval. Being empirical
models, their constants have limited validity range in terms
of incidence angle, roughness, and soil moisture. Despite this
limitation, their ease of setting up and inverting for retrieving
soil moisture or dielectric permittivity from backscattering
coefficient is their main attraction [37]. Unlike the mean-
square inversion proposed in IEM-based models, the direct
inversion equations can be derived for the Dubois and Oh
models. Several studies, including recent ones, suggest that
Dubois [38], [39], [40], [41], [42] and Oh [43], [44] models
are still actively used for estimating soil moisture, especially
when there is a limitation in having accurate in situ roughness
data [45], [46]. The Oh model is an empirical calibration
of co-pol and cross-pol backscattering coefficients in terms
of 5,1, and & [35]. This is modified and reintroduced as a
semi-empirical model to relate backscatter and m, with the
assumption that ¢ varies linearly with R, and R, for 0.03 <
m, < 0.35. The retrieved m, and roughness reported good
agreement with experimental data [47].

In contrast, the Dubois model consists of a pair of empirical
equations for the co-pol backscattering coefficient in terms
of s,£,0, and A [3]. The equations are straightforward and
facilitate unambiguous inversion. However, / and cross-pol
backscatter are not considered, and the model is restricted to
6 > 30°. In literature, these models are well utilized for soil
parameter estimations [45], [46], [48].

In addition to these models, machine and deep learning
models such as support vector machine (SVM), random forest
(RF), and artificial neural network (ANN) are also widely
employed [49], [50], [51]. They are popular because of their
capability to build nonlinear relationships between several
interdependent variables. Studies show that their accuracies
are clearly superior compared to most of the theoretical
and empirical methods [52]. However, building such models
requires huge training data and hence, are often considered
site-dependent and nontransferable [53].

IV. CP FOR SURFACE CHARACTERIZATION

Hybrid/ CP is an SAR architecture that transmits single
circular polarization and receives two orthogonal linear polar-
izations [54]. The most common form of this architecture is
CTLR [9], [55]. The possibility of imaging at twice the swath
as that of a FP SAR makes it attractive even though it suffers
from incomplete backscattering information. However, CP
provides more information as compared to a dual-polarimetric
SAR [9]. Raney has categorically stated in 2019 and 2021 that
CP is sufficient to completely address the target in terms of
Stokes parameters [54], [56]. The CP architecture captures all
the data received from a resolution cell in the form of two
complex scattering coefficients ke and key as shown below

[57]
kcu 1 Sua Suv 1
Kc = = — . 1
¢ |:kcv:| (\/E Sva Svv | [ =] W
Here, Sun Suv,Sva, and Syy are the scattering matrix

[S2] coeflicients corresponding to linear transmit-linear receive
channels of FP. The signs (-) and (+) denote right and left
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circularity. The 2 x 2 complex covariance matrix ([C;]) is
represented as [57]

it Cn2 +T
C, = =Kc- K¢ 2
2 |: &1 o ] c - Ke¢ 2

Here *T denotes the complex matrix conjugate transpose. In
our context, we focus on the development of surface scattering
models applicable to CP data.

A. Modification of IEM for CP

IEM is a widely used theoretical model which characterizes
linear polarized radar backscatters emerging from rough sur-
face [1]. The radar backscatter is represented as a function
of target (I, s,e) and radar imaging (f and A1) parameters.
Transforming these relationships to CTLR is a challenging
task. Applying the high-frequency assumption, IEM coeffi-
cients can be directly related to co-polarimetric backscattering
coefficients [14]. This technique leads to defining a polari-
metric scattering mechanism angle () as a function of IEM
coefficients. However, for bare soil, a; is strongly affected
by roughness, and this suggests that the assumptions do not
always hold.

B. Empirical CP-AIEM

To overcome the limitations of previous IEM-based models,
we need to formulate an algorithm for CP which can consider
surface roughness. Therefore, we selected the AIEM algorithm
with modified reflection coefficients [28] that are functions of
s and [. The single scattering term of the AIEM backscattering
coefficients is defined as [28]

Tho = 0Thg + Thp + Ty
k2 ® 2n
= 5 exp [ (€ +)] Y~ [t W 3)

n=1

where W™ is the surface roughness spectrum calculated from
the autocorrelation function. The three backscattering terms
(a’;,Q,a’;:'Q,a'f,Q) denote the Kirchhoff’s, cross and comple-
mentary field coefficients, P and Q are orthogonal linear
polarizations, k, and kg, are derived from the cosine of
incidence and scattering angles, and k; denotes the spatial
frequency component [28]. Now, the challenge is to transform
these equations to the CP domain. Previously, an empirical
relationship has been developed from a collection of FP
RADARSAT-2 data and simulated CP data under bare soil

conditions [15] as follows:
ooy = A1 oy + By )
O'%V=A2'0'Q/V+Bz &)

where o¥;;, oY, are the co-polarization backscattering coef-
ficients for FP and O'gH,O'OCV are the CTLR backscattering
coefficients. The empirical constants A}, Bj,A;, and B, are
0.85, 0.56, 0.77 and —0.36, respectively, at 30 m spatial
resolution [15]. Here, we attempt to use the same empirical
relationship to apply these equations on AIEM to develop
the empirical CP-AIEM. This modification permits us to
incorporate surface roughness into the scattering model for
CP backscatter. However, accuracy of this method will depend
on the validity of this empirical relationship over the specific
study site and radar data.

5203714

C. CP-AIEM

To introduce a more robust transformation of theoretical
surface scattering models from FP to CP, a physics-based rela-
tionship needs to be established. Definition of CP scattering
matrix as a function of linear polarizations (1) provides insight
into this relationship. We adopt this equation to derive the
CP field integrals (Icy and Icy) from FP field integrals (Iyy,
Igy, and Iyvy). These are functions of Kirchhoff, cross, and
complementary field coefficients [28]. This adoption brings
the following pair of equations for CP field integrals:

1 o
Iey = %(Ifm - .]IHV) 6)
n 1 n TN
Iey = _\5 (IVH - JIVV) : (7

Here, the CP field integrals contain both the co- and
cross-polarization field integrals. This is consistent with the
definition of CP scattering coeflicients in terms of linear polar-
ization (1). We calculate the CP backscattering coefficients
from CP field integrals by modifying (3)

00

2 2n
= o[- (@RS W
n=1 '

k2 2n
oy = Fexp[-s? (K + )] Y 1y W (©)

n=1

We name this new model CP-AIEM for further analysis. It
is important to note that the FP to CP conversion is done
before calculating the backscattering coefficient. Utilization
of the theoretical relationship between linear and circular
polarization assures that these transformations are physically
meaningful and lossless.

D. CP-PEM

Extending the original IEM by removing the assumptions
applied to the phase part of Green’s function is known as
I’EM [8], [26]. No modification has been made in Kirchhoff’s
term. The complementary field equations of IEM are revised,
and a new set of upward and downward propagating field
coefficients are introduced. The FP backscattering coefficients
are calculated from field integrals with an additional bistatic
shadow function (Fs) which is controlled by incidence and
scattering angles [26]. Inspired from (6 and 7), we calculate the
CP integrals Icy and Icy from the I?’EM integrals Iy, Ivv, Inv,
and vy, leading to the CP backscattering coefficients

k2 & 2n
ot = Fy exp[=5* (€ + k)] Y S el w10y
n=1 .
o _Fk_2 —2 (2L 12 - S_2" " ZW(”) 1
cv = SZGXP[S(Z+sz)]Zn!’CV| . (11)
n=1

We call this new model CP-I’EM in the following.

E. Calibration of CP-Dubois Model

The semi-empirical Dubois model is modified to achieve
its CP-calibrated version by replacing O’%H, O'Q/v by O'OCH, O'OCV,
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TABLE III

CP-DUBOIS MODEL COEFFICIENTS CALIBRATED USING THE RCM DATA
AND IN SITU FSM AND ROUGHNESS PARAMETERS

IEEE TRANSACTIONS ON GEOSCIENCE AND REMOTE SENSING, VOL. 64, 2026

TABLE IV

CP-OH MODEL COEFFICIENTS CALIBRATED USING THE RCM DATA AND
IN SITU FSM AND ROUGHNESS PARAMETERS

ay b C1 az by 2 g1 my np 22 mp n, g3 ms n3
FP 275 0.028 1.4 -2.35 0046 1.1 Fp 01l -032 18 0095 -13 09 1 04 14
CP 332 0.046 046 -2.73 0.044 0.30 CP 014 -071 05 059 -052 08 1.1 -13 06

respectively, while keeping the general architecture of the
equations as follows:

1.50
oy = 109 22 10P e s sing) 1 07 (12)
sm 6
6
- 10lecos J10% (ssing)> 7. (13)
sin®
We call this new model the CP-Dubois model. The

calibration data will consist of 50% of the FSM, which
corresponds to pixel-level RCM backscattering coefficients
(@ > 30°) and field-level ks measurements. The model’s
six constants aj, by, ¢, az, by, and c, are empirically cal-
ibrated by optimizing (12) and (13). The limited memory
Broyden—Fletcher—Goldfarb—Shanno algorithm (L-BFGS) is
used for the minimization [58]. Table III reports the compar-
ison of original (FP) and modified (CP) model constants.

Constants a; and a, are slightly increased from the orig-
inal model. The value of b; has increased but b, remains
approximately the same. It is interesting to note that ¢; and
¢ which are the powers of the roughness term have reduced
significantly compared to the original model. This reduces the
sensitivity of backscattering coefficients on ks at 8 > 30° and
therefore permits wider roughness validity ranges.

F. Calibration of CP-Oh Model

The semi-empirical Oh model for CP backscattering
coefficient is adapted by replacing oy, oVy. opy by
O'OCH, O'OCV, O'gX, respectively, to form the set of forward model
equations

oox = g1 #md7 xcos™ @ x (1 - m‘(ks)nl) (14)
q =g % (0.13 + sin 1.56)"* x (1 — &™*9?) (15)
035m
p=g3* (1 - = ) (em™) (16)
where
a
p=——and g= ﬂ (17)
ooy ooy

We name this new model the CP-Oh model. It has nine
unknowns (coefficients) as compared to six in the CP-Dubois
model and hence requires a greater number of training sam-
ples. The calibration data consist of 75% of the measured FSM
and field ks to meet the requirement of calibrating the model’s
coefficients. Even though the validity range of the Oh model
is 0.03 < m, < 0.35 m?/m>, here we use the complete range
of FSM (0.01-0.45 m3/m?). The coefficients g;, m;, and n; are
empirically calibrated using the L-BFGS optimization of the
set of (14)—(17). The calibration is influenced by incidence
angle and hence the calibration constants are different for cases
of 6 < 30° and of 6 > 30°. The coefficients for 6 > 30°
are presented in Table IV to compare with the original Oh

model. It shows that the coefficients g;, n,, and g3 have minor
variation from the original model, while the other calibrated
parameter values significantly differ from the Oh 2004 model.
Parameters my, ny, ms, and n3 are smaller and g,, m, are larger
compared to the original.

We see from (15) that roughness can be directly calculated
from g. Coefficient g, is an important parameter in this
equation and has the largest variation from the original model.

G. RF Regression Model

RF is used here only for the comparison to the devel-
oped theoretical and empirical CP models. It is a popular
machine learning model employed as an ensemble decision
tree algorithm [17], [59] which uses the concept of boosting
and bagging with additional layers of randomness [60]. We
randomly split the data into training and testing samples with
a 60:40 ratio and select the most important parameters by
multiple trials of input combinations. The hyperparameters
such as number of trees and leaf size are fixed by optimization
using training samples to avoid overfitting. RF regressor is then
employed to predict soil moisture.

H. Soil Moisture Inversion

Inversion refers to the estimation of soil moisture from the
backscatter, and the approach is different for each model. The
inversion equations for theoretical models are complex and
not straightforward. There are various parameter optimiza-
tion techniques, such as look-up-table (LUT) [15], Bayesian
inference [61], particle swarm optimization [62], and machine-
learning [63]. LUTs are computationally simpler and faster at
retrieval time because they avoid iterative optimization and
repeated forward modeling [64]. LUTs are easier to imple-
ment, and each retrieval corresponds directly to precomputed
model simulations. This makes LUTs attractive for large-area,
and operational soil moisture retrievals where robustness and
speed are critical [61]. In this work, we generate an LUT
that consists of backscattering coefficients simulated using
each theoretical model (empirical CP-AIEM, CP-AIEM, and
CP-’EM) with different combinations of 6 and & and in
situ measurements of ks and kl. Dielectric constant inversion
from RCM data is done using the two-parameter inversion by
applying the LUT [14], [15] such as

A= \/(O'OCH,RCM -0 gH,LUT)z + (v rem — O-OCV,LUT)Z'

It is evident from (1) that linear cross-polarization
(Suv,Svy) information is not separately available in the CP
scattering matrix. However, studies suggest that they are less
effective than co-pol channels to represent the dielectric and
roughness properties of bare soil [1], [28], [35] due to the dom-
inance of surface scattering over volume scattering. Moreover,

(18)
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the simulated cross-pol channel backscattering coefficients
in these studies are of very low intensity (< —30 dB) in
the incidence angle range 20°-40°, which could be quite
similar or lower than the nominal noise equivalent sigma zero
(~ —25 dB) prescribed for SAR data [65]. Unavailability of
a separate cross-pol channel in CP SAR will not add much
uncertainty to soil moisture estimations. Thus, we assume that
CP backscattering coefficients (o2 and o2, are sufficient
to characterize the rough soil surface. The O’%H and o-%v are
strongly correlated (r ranges from 0.85 to 0.99) with each other
and have similar sensitivity to soil moisture under bare soil
conditions at different incidence angles and roughness cases.
Nevertheless, both CH and CV channels were used in the
optimization to minimize the retrieval error. Moreover, both
terms were given the same weight in (18). We have established
a scatterplot between predicted and measured soil moisture
for each theoretical model, with indication of the parameter
A, which is the difference between the RCM (0 rcy and
0 gy rem) and simulated (0, oy and o0&y yy) backscatters.
We found from our analysis that if the value of A is large
(~> 2 dB), the retrieved soil moisture is outside of the physical
range of FSM (0.01-0.45 m3/m?). We classify these pixels as
noninvertible and exclude them from the calculation of RMSE.
Even among invertible pixels, retrieval errors can still vary.

There can be multiple local minima occurring in the mean-
squared inversion. Having said that, this is widely known
and considered when inverting IEM-based scattering models
because of the model complexity and hassle of deriving
direct inversion equations [14], [62], [63]. The two-parameter
inversion has two minimizers that help to constrain the solution
space and reduce the ambiguity compared to single-parameter
inversion (based on CH or CV backscatters or any other
parameter). To avoid the ill-conditioned nature of LUT-based
inversion, field surface roughness was provided as an input,
thereby reaching a single minimum value. We found that there
is always a difference of 0.01-0.3 dB between the first and the
second minimums for all the invertible pixels (A < 2 dB). This
confirms the unambiguity of finding the best match from the
LUT corresponding to RCM backscatter.

To ensure reliable validation, we define a spatial inversion
rate (IR), which is the ratio of the number of invertible pixels
with a threshold RMSE to the total number of validation
samples. We selected a reasonable RMSE threshold of 0.05
m3/m3, which corresponds to approximately 10% relative error
based on the physical range of FSM indicated previously. This
threshold aligns with typical error tolerances in soil moisture
retrievals from remote sensing [66]. Dielectric constant is
inverted using the CP-Dubois model by the direct inversion
in the following equation:

-3
39 )
£, = 1070, (22—39) (ks *sin@)™ %2707 (19)
1
logjg &a- (20)

£= ——
by xtan @

The CP-Oh model allows inversion of soil moisture directly
from RCM backscatters as

(o)
0.35log, 2

log, [1 = Zemt]

21

my =
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Soil moisture estimates of the CP-Dubois and CP-Oh mod-
els are also filtered with the same physical range defined
above. In the RF model, the soil moisture inversion is done
using the regression algorithm itself. Dobson’s dielectric mix-
ing model [5] is used to calculate soil moisture from the
inverted dielectric constant in all models except CP-Oh and
RF models. The mixing model uses the texture constant (53)
as an input parameter, which is a function of sand and clay
fractions in the soil [5].

V. RESULTS AND DISCUSSION
A. Field Measurements Versus CP Backscatter

In the following, the relationship between the field averages
of CP backscattering coefficients (0% and o2y) and FSM is
studied along with the variation of ks and k/ (the figure is
not shown here). The in situ data are stratified in terms of
the range of local incidence angles of RCM. In general, o'y
and o, variations are quite similar for all levels of FSM
as well as soil roughness (ks, kI) and incidence angle ().
Backscatter intensities vary from —10 to —5 dB at low 6 and
from —18 to —10 dB at high 6. CP backscattering coefficients
have negative Pearson’s correlations (r = —0.55) with FSM at
6 < 24° and positive correlation (r = 0.85) at 6 > 36°. When
FSM increases, the backscatter intensity increases from —16
to —10 dB when 6 > 36°. In the case of ks, there is a positive
correlation (r = 0.75) for 8 < 24° but no specific relationship at
6 > 36°. This is because we have more variability in roughness
values during the low incidence angle acquisitions. At lower 6,
the backscatter has an inverse relationship with &I (r = —-0.2).
It is evident from the plots that the relationship between CP
backscatter and FSM is nonlinear and is affected by other
key factors such as 6, ks, and kl. The proposed CP scattering
models for rough surfaces will address these multiple and
nonlinear relationships.

B. Empirical CP-AIEM, CP-AIEMo, and CP-FPEM

The performance of the IEM-derived models for CP data
is presented hereafter. The CP backscattering coefficients are
simulated for the different ks, k/, &, and 6 using (3)—(5) for
empirical CP-AIEM (red), (6)-(9) for CP-AIEM (blue), and
(10) and (11) for CP-I?’EM (green) and plotted against RCM
backscatter (Fig. 3). Each subplot in Fig. 3 displays variation
of O'gH with & varying from 1 to 25, and three different
incidence angles 20° (solid line), 30° (dashed line), and 40°
(dotted line) and with a fixed ks and kI combination. In general,
o-%H increases as dielectric constant (&) and vertical roughness
(ks) increase and reduces with an increase in kI (smoother
horizontal roughness). In almost all cases, the intensity of the
o2, simulated from empirical CP-AIEM is larger than CP-
AIEM. For a lower roughness slope (high &/ and low ks), both
modeled O'%H—values are approximately the same. However, as
the slope increases (ks increases or k/ reduces), there are signif-
icant differences in the a'OCH intensities between the individual
models. When ks is small [Fig. 3(a)—(c)], O'OCH simulated from
all models converges when decreasing the incidence angle
toward 20°, while it diverges when increasing toward 40°
incidence. At high ks [Fig. 3(g)—(1)], the difference between the
o2y, of different models increases significantly regardless of
6. For variations of &/, the effect is inverse, and this difference
decreases regardless of 6. At very high roughness conditions
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Fig. 3. Comparison between CP-based IEMs: comparison of oy

corresponding to CP-AIEM (blue), empirical CP-AIEM (red), and CP-I?’EM (green)

simulated using different combinations of ks (0.5, 1.5, 2.5), kI (6, 10, 14), and 6 (20°: solid line, 30°: dashed line, 40°: dotted line) with & varying from 1 to
25. (a) ks = 0.5, kI = 6.0. (b) ks = 0.5, kI = 10.0. (c) ks = 0.5, kl = 14.0. (d) ks = 1.5, kl = 6.0. (e) ks = 1.5, kl = 10.0. (f) ks = 1.5, kl = 14.0. (g) ks = 2.5,

kl = 6.0. (h) ks = 2.5, kl = 10.0. (i) ks = 2.5, kl = 14.0.

[Fig. 3(g)], the empirical CP-AIEM backscatter intensity is
much higher than CP-AIEM and CP-I?EM. At high roughness
conditions, O'OCH simulated with CP-AIEM are consistently
slightly higher than that from CP-I>EM, though they produce
very similar results. However, simulated o’%H of empirical CP-
AIEM is significantly different from the other two. Variation
of O'OCV is overall concurrent with O'OCH except for the difference
in intensity level (the figure is not shown here). It should be
noted that this analysis is purely based on forward modeling,
and the simulated backscatter of very low intensity (less than
—30 dB) is practically impossible to measure in real-world
satellite measurements.

Fig. 4 presents the comparison between the modeling
of backscatter using theoretical (CP-AIEM, CP-I?’EM, and
empirical CP-AIEM) and empirical (CP-Dubois and CP-Oh)
models with RCM CP backscattering coefficient. The plots
are presented by separating the data into three ranges of
6 (0 < 24°, 24° < 6 < 36°, 60 > 36°). The relation-
ship between the backscatters is similar in all three models,
except for the difference in the simulated backscatter intensity.

A very good correlation with r > 0.8 and p < 0.01 between
simulated and RCM backscatters is observed. Simulated
CP-AIEM backscatter [Fig. 4(a)] is located closest to the 1:1
line compared to the other two models. Most of the values
lie in the +2 dB range. In this specific case with the in
situ FSM, ks and kI values, CP-I?2EM backscatter [Fig. 4(b)]
shows a slight overestimation of oy, and underestimation of
O'gH of around 1 dB when compared to the RCM backscatter.
This agrees with the slight difference between CP-AIEM and
CP-I2EM simulated backscatters observed in Fig. 3. However,
the simulated backscatter of empirical CP-AIEM [Fig. 4(c)]
overestimates the backscattering coefficient for rough surface
conditions. Some of the RCM backscatter values at mid-
incidence angle are not well represented in IEM-based models.
In contrast to the general trend in the simulation, a few
exceptions are identified. Further analysis on this exception
reveals that two small patches deviated from the trend (above
and below the trend line) belong to field J12. This is visible
in both o’%v and O'gH plots on a particular date (27-05-2023)
with data acquisition at mid-incidence angle (24° < 6 < 36°).
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Fig. 4. Correlation between O'CH of RCM and O'CH simulated from in situ measurements usmg theoretlcal models (a) CP-AIEM, (b) CP-I?EM, and
(c) empirical CP-AIEM and RCM O'CH at all incidence angles. Correlation between RCM O'CH and O'CH predicted by calibrated empirical models (d)
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Also, the patch above the trend line corresponds to the same
field but on a different date (24-06-2022). This deviation is
present regardless of the FSM value, not observed in any
other fields at similar 6 values and hence points to ks and
kl representing a special case in field roughness. Field J34 is
the second exception, which is identified from the O'(éH plot
with the highest backscattering value. Being the roughest field
in 2022 with high ks and low &/, the model is underestimating
the backscatter intensity at 6 < 24°.

Fig. 4(d) and (e) presents the correlation between backscat-
ter predicted by the CP-Dubois and CP-Oh models after
calibration. There are lower number of points involved in
the calibration of the CP-Dubois model since we do not
use training samples with § < 30°, respecting the validity
range of the original model. The number of calibration and
validation samples is 134 and 135, respectively (50% testing-
training split). The calibration has an RMSE of 1% and 2%,
respectively, for 0'(():\/, O’%H. There is a good correlation between
predicted and RCM backscatter, with r = 0.81 and p-value <
0.01.

Since the CP-Oh model calibration is performed with 6 >
30° and a 75:25 sampling strategy, there are 201 samples
available for calibration and 67 samples for validation.

The minimum RMSEs achieved after the optimization are
2%, 2%, and 1% for O'CH, o'OCV and o-CX respectively. Good
correlation (r = 0.79, p < 0.01) between the predicted and
RCM backscatters is also observed. However, with the cal-
ibration samples of § < 30°, the model overestimates the
backscattering coefficients, and the RMSE increased to 10%.
Therefore, we have limited the calibration only to higher
incidence angle ranges (6 > 30°).

For comparison with theoretical and empirical models, the
RF model is trained using RCM CP parameters, FSM, &s,
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Fig. 5. RF model calibration and validation (a) feature importance analysis
among the selected CP parameters with respect to in situ FSM (b) quantile-
quantile plot (c) training and testing residuals with predicted FSM.

and k. The random splitting of testing and training data is done
with a 40:60 strategy (175 and 263 samples, respectively).
Stratified sampling ensures that the training and testing splits
have the same distribution of classes as the original dataset.
Unlike empirical or theoretical models, the RF model does not
have any limitation on the range of FSM or 6. The correlation
study between FSM and different CP parameters allows us to
select the most important set of variables for the ML algorithm.
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Fig. 6. Columns 1-4: Comparison of soil moisture maps generated from CP-I?’EM, empirical CP-AIEM, CP-AIEM, and the RF model for field B12 of
AAFC-Lennoxville site for two dates of different RCM incidence angle 24-06-2022 (6 < 24°) and 14-06-2023 (6 > 36°). The missing values in certain fields
correspond to values more than 0.45 m?/m3. Columns 5 and 6: Comparison of soil moisture maps generated from CP-Dubois and CP-Oh models for same
field for dates 29-05-2023 and 14-06-2023. These models are not valid under lower incidence angle SAR observation. RMSE values (m?/m?) are mentioned

below each map.

We have selected oy, 02y, 6, anisotropy (A), entropy (H), and
soil texture coefficient (8) [5], ks and & as the features for soil
moisture prediction as shown in Fig. 5(a). Other parameters,
such as oy, s, surface scattering component of various CP
decompositions, and degree of polarization, have not shown
good correlation with FSM. The hyperparameters are tuned
via grid search to maximize accuracy by minimizing cross-
validation and test MSE. Cross-validation reflects the model’s
performance across different subsets, ensuring the training
data are representative and help to avoid overfitting. The
distribution of points along the reference line in the quantile-
quantile (Q-Q) plot indicates that the residual of the model
follows normal distribution [Fig. 5(b)]. The training (left)
and testing (right) residuals are randomly scattered around
zero, which indicates that the model’s predictions are unbiased

[Fig. 5(c)].

C. Model Inversion for Bare Soil Moisture Retrieval

The results of the retrieved soil moisture from each CP
model are presented and discussed here. Fig. 6 illustrates
soil moisture maps generated by each algorithm for one
representative field B12 with respective RMSEs. The dates
24-06-2022 (6 < 30°, dry soil) and 14-06-2023 (6 > 30°, wet
soil) are shown for CP-I’EM, empirical CP-AIEM, CP-AIEM,
and RF model approaches. Since CP-Dubois and CP-Oh
models do not work at € < 30°, data of 29-05-2023 (dry soil)
is displayed instead of 24-06-2022. The white areas within
B12 represent noninvertible pixels for each respective retrieval.
The validation samples of FSM are superimposed over the
retrieved soil moisture. Under saturated soil conditions and
high incidence angle (see fields on 14-06-2023), theoretical
models and CP-Dubois models predict very high soil mois-
ture values around 0.4-0.45 m3/m?, while CP-Oh predicts

0.3-0.4 m*/m® with many noninvertible pixels (white areas in
Fig. 6). The RF model also predicts 0.3-0.4 m?/m?. Visual
comparison suggests that on this date, CP-I’EM has the
maximum number of inverted points (= 20), while CP-AIEM
and empirical CP-AIEM have better RMSE (0.03), consid-
ering only the inverted pixels of this field. On 24-06-2022,
CP-AIEM and empirical CP-AIEM have very good agreement
with FSM (0.25-0.35 m?*/m?), while CP-I’EM slightly over-
estimates at certain locations with a few noninvertible pixels.
The RF model results are also well represented for FSM.
On 29-05-2023, CP-Dubois has a higher number of inverted
pixels (17 versus 10), but a higher RMSE (0.06 versus 0.03)
as compared to CP-Oh. The abrupt change in characteristics of
the boundary pixels visible in the maps is due to the masking
of images with field polygons.

Scatterplots indicating the correlation of soil moisture
retrievals with FSM are presented for each CP model inversion
in Fig. 7, 0 according to the incidence angle variation. Fig. 7(a)
illustrates the correlation of the soil moisture retrieved from
the CP-AIEM algorithm with respect to in situ FSM. Out of
the total of 438 validation samples, 327 were inverted with
RMSE = 0.07 m3®/m® with spatial IR of 64%. The retrieved
soil moisture has a good correlation (r = 0.6, p < 0.01)
with FSM. At 6 > 36°, soil moisture under dry conditions
is underestimated by the model. Deeper analysis reveals that
these samples correspond to fields of low &/ value. The model
also has a limitation to invert saturated moisture conditions
(0.4< FSM<0.45 m?/m?) observed on several fields due to
heavy rain. Next, the soil moisture retrieval from CP-I’EM
with respect to the in situ FSM is displayed in Fig. 7(b).
Invertible samples are 339 out of 438 total validation samples
with model RMSE = 0.09 m3/m?. This model produces 271
samples with RMSE < 0.05 m?/m? at a spatial IR of 62%. This
means that there are only a few predictions which are outside
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Fig. 7. Estimated soil moisture versus measured soil moisture for all 6 models (a) CP-AIEM, (b) CP-I?EM, (c) empirical CP-AIEM, (d) CP-Dubois model,
(e) CP-Oh model, and (f) RF model with indication of different incidence angle cases. The statistical measures r, p, RMSE (m3/m?), and IR (%) correspond

to each model are indicated.

the limit of RMSE < 0.05 m?/m?>. This spatial IR value is better
than the empirical CP-AIEM but inferior to CP-AIEM. There
is a reduction in the number of invertible points at 6 < 24°,
but there is are higher number of points inverted for 6 > 36°
under dry soil conditions. It is also worth noting that there is
an accumulation of points above the 1:1 line at dry conditions
due to the slight overestimation of simulated O'OCH visible in
Fig. 4. Soil moisture retrieval from the empirical CP-AIEM
with respect to in situ FSM is shown in Fig. 7(c). Out of the
438 points, 311 validation samples are invertible. The model
RMSE is 0.09 m3/m3. The IR here is 55% with 258 points
having RMSE < 0.05 m?/m?3. This is due to the overestimation
of the simulated O'OCH that was identified in Fig. 4. It also
results in an accumulation of estimated soil moisture below
the 1:1 line. In both empirical CP-AIEM and CP-I>’EM, there
are more inverted pixels than in CP-AIEM, which are out of
the limit of RMSE < 0.05 m3/m3. The r, RMSE, and IR values
suggest that among the three IEM-derived theoretical models,
CP-AIEM performs best. Fig. 7(d) provides a correlation of
estimated soil moisture from the developed CP-Dubois model
with FSM. Out of 135 validation samples, 117 samples are
inverted with RMSE = 0.08 m?/m>. The model performs well
with 103 validation points with an RMSE < 0.05 m*/m? (IR =
77%) without any significant bias to any of the soil conditions.
A good correlation (r = 0.79, p < 0.01) is achieved between
the inverted soil moisture and FSM.

In the case of soil moisture retrieval from the CP-Oh model
[see Fig. 7(e)], 56 of the 67 validation samples are invertible
with an RMSE = 0.08 m*/m?® and r = 0.73 (p < 0.01). In
total, 43 samples have an RMSE < 0.05 m3/m?, achieving IR
= 64% which is lower than for the CP-Dubois model.

The RF model approach provides soil moisture estimates
of very good correlation (r = 0.88, p < 0.01) with regard
to FSM [see Fig. 7(f)]. All 175 testing samples are inverted
with an RMSE of 0.04 m?/m>. This result outperforms the
other theoretical and empirical models. Since all the testing
samples are inverted within RMSE < 0.05 m?/m?, the spatial
IR is 100% in the case of the RF model. However, it must be
stated immediately that the machine learning algorithm was
trained under the same environmental conditions and the same
fields, as it was applied subsequently. It is important to note
that training and testing areas were different in the respective
fields.

D. Comparison of Models

Table V quantitatively compares theoretical, empirical, and
machine learning algorithms for CP-based bare soil moisture
retrieval. IEM-based theoretical and RF models have validity
over the whole range of the respective RCM incidence angles.
CP-Dubois and CP-Oh models have a more restricted inci-
dence angle range of 30°—43°, while the original Oh model
works in a wider range. In situ ks, kI, and FSM are required
for calibration and/or training of CP-Dubois, CP-Oh, and
RF models (column 3). The number of validation samples
available for each model is different due to the difference in
validity range and calibration strategy (column 4). The number
of inverted samples in each model depends on the model’s
capability to invert the CP backscatter to the valid range of
soil moisture (0.01 < FSM < 0.45 m*/m?) (column 5). RMSE
and r of each model calculated from the inverted samples is
given in columns 6 and 7. RF model has the highest RMSE and
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TABLE V
STATISTICAL COMPARISON OF SOIL MOISTURE INVERSION FROM THE RCM CP DATA USING THE CP-MODELS; NA = NOT APPLICABLE

Modelname  RCM 6 Training/  Validation  Inverted No. of samples Inversion rate
validity ~ calibration samples samples ~ RMSE T, with RMSE < for RMSE <
range samples (m*m?)  (p<0.01) 0.05 m¥/m’ 0.05 m*/m?
Empirical 20°-43° NA 438 311 0.09 0.47 258 55%
CPAIEM
CPAIEM 20°-43° NA 438 331 0.07 0.60 291 64%
CP-I’EM 20°-43° NA 438 345 0.09 0.38 271 62%
CP-Dubois 30°-43° 134 135 117 0.08 0.79 103 77%
Model
CP-Oh 30°-43° 201 67 56 0.08 0.73 43 64%
Model
RF Model 20°-43° 263 175 175 0.04 0.88 175 100%

r values (0.04 and 0.88), and empirical CP-AIEM (0.09, 0.47)
and CP-I’EM (0.09, 0.38) have the lowest. CP-ATEM has the
highest number of inverted points with RMSE < 0.05 m?/m?
(column 8). The IR value is highest for the RF model
(100%) and lowest for empirical CP-AIEM (55%) (column 7).
CP-AIEM works best among the theoretical models with the
highest IR value (64%). From the quantitative comparison of
the models, the RF model produces the soil moisture retrieval
of the highest accuracy with sufficient training. CP-Dubois
performs better than the CP-Oh model even though both
have a restricted validity range. Theoretical models produce
comparable soil moisture predictions without any training.
Among the theoretical models, CP-AIEM has the highest
agreement with FSM in most cases.

E. Discussions

In this study, we investigated the potential of C-band CP
SAR observations to estimate soil moisture for bare soil under
different surface roughness and incidence angle conditions.
The dependence of CP backscatter on roughness parameters
demonstrates their essential inclusion in the scattering model.
Although CP backscatter is influenced by surface roughness,
many existing soil moisture retrieval algorithms either estimate
its impact using radar data [15], [46] or use parameters that
are independent of roughness [14]. We acknowledge this
influence and use the in situ measurements of roughness to
maintain our focus on accurate soil moisture estimation. Our
findings suggest that the previously reported consideration of
roughness independence on polarimetric scattering angle (as)
[14] may not fully apply to the specific bare soil conditions and
C-band SAR in our study. The developed theoretical models
(empirical CP-AIEM, CP-AIEM, and CP—IZEM) are simu-
lated and tested at various soil moisture, surface roughness,
texture, and incidence angle conditions. We observed that
simulated CP backscatters show similarities with the sim-
ulated FP co-polarization backscatters [26], [28] at various
surface and observation geometries. Similar to the comparative
analysis presented in [37] our evaluation using real in situ
data reveals the applicability of each model under vary-
ing field conditions. CP-AIEM soil moisture estimates have
comparable RMSE (0.07 versus 0.06 m’/m? in [14]) under
similar conditions, while our study area encompasses a wide

range of FSM conditions. Usage of the analytical relationship
between FP and CP backscatter emphasizes the reliability of
CP-AIEM and CP-I’EM instead of using an empirical equation
[15]. The RMSE of soil moisture retrieval from our models
(0.07-0.09 m?*/m?) are better at different roughness condi-
tions as compared to [15] with RMSE 0.11 m?/m3. The
CP-Dubois model predicts soil moisture with accuracy inferior
to the original Dubois model for C-band [48] which indicates
the requirement of improving the model calibration for CP
backscatter. Previous adaptations of the Oh model for FP
[46] reported consistent performances across incidence angles,
whereas our CP-Oh model demonstrates optimal accuracy
only at higher incidence angles (>30°). This suggests that the
CP-based calibration of empirical models needs to be further
investigated with larger datasets. Nonetheless, the performance
of CP-Dubois and CP-Oh models in this study is reliable
and encouraging. The constants are calibrated with our unique
on-site training data for agricultural land use, which is char-
acterized by a very high variability in terms of study sites,
soil moisture, roughness, and incidence angle. Finally, the RF
model provides comparable soil moisture retrieval accuracy as
that of previously developed and tested machine-deep learning
methods with RMSE < 0.04 m3/m?® [18], [49]. Increasing the
testing-training split from 40:60 to 25:75 would effectively
improve the performance of the RF model as well. However, in
this work, we limit our focus to the development of theoretical
and empirical models.

VI. CONCLUSION AND OUTLOOK

The main contribution and novelty of this article is the
development of theoretical (empirical CP-AIEM, CP-AIEM,
and CP-I’EM) and empirical (CP-Dubois model, CP-Oh
model) CP backscattering models for bare soil moisture
retrievals. Machine learning is used here for comparison
purposes only and is not considered a targeted contribution.
It can be concluded that the usage of physical relationships
between FP and CP scattering matrices is the key advantage
of CP-AIEM and CP-I’EM over empirical CP-AIEM, in which
the empirical relationships between FP and CP backscattering
coefficients are used. The developed theoretical models are
valid for the entire incidence angle and roughness range
considered in this work. The recalibrated empirical models
are valid only at higher incidence angles (6 > 30°). CP-AIEM
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demonstrates better capability among the theoretical models
with the highest r, IR, and lowest RMSE. The CP-Dubois
performs better than the CP-Oh model among the empirical
models. With sufficient training, the RF model provides better
accuracy than the other models. It is indicated by our results
that CP-AIEM will be the best choice for soil moisture
retrievals among the six proposed models, considering its
accuracy and validity range without requiring a calibration
step. The main advantage is the ability to interpret the results.
However, further work is needed to improve accuracy in
comparison to the machine learning RF model.

A key limitation of this study is the roughness mea-
surement, which is restricted only to two locations of each
field at the beginning of the season and texture parameters
are measured only once per season at a single location
in each field. This shortcoming may inadequately capture
spatial and temporal variability. Nevertheless, having field-
specific measurements on not only soil moisture but also
soil roughness, rather than generalized parameters (from lit-
erature), significantly strengthens our model. It enhances the
overall robustness in developing and testing our soil moisture
retrievals.

In the future, more samples collected under various surface
and acquisition geometry conditions will help to optimally
calibrate and validate the developed empirical models. More-
over, the improvement and applicability of the proposed
surface scattering models for CP soil moisture retrievals
must also be investigated in future studies under vegetated
conditions. This work focused only on bare soil conditions
and C-band CP data of RCM. Hence, the proposed models
need to be validated with multifrequency datasets in future
studies.
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