
 International Journal of

Geo-Information

Article

Soil Moisture Retrieval Using Polarimetric SAR Data and
Experimental Observations in an Arid Environment

Saeid Gharechelou 1,* , Ryutaro Tateishi 2, Josaphat Tetuko Sri Sumantyo 2 and Brian Alan Johnson 3

����������
�������

Citation: Gharechelou, S.; Tateishi,

R.; Sri Sumantyo, J.T.; Johnson, B.A.

Soil Moisture Retrieval Using

Polarimetric SAR Data and

Experimental Observations in an Arid

Environment. ISPRS Int. J. Geo-Inf.

2021, 10, 711. https://doi.org/

10.3390/ijgi10100711

Academic Editors: Matteo Gentilucci,

Marco Materazzi, Margherita Bufalini,

Gilberto Pambianchi and

Wolfgang Kainz

Received: 9 August 2021

Accepted: 10 October 2021

Published: 19 October 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 Faculty of Civil Engineering, Shahrood University of Technology, Shahrood 3619995161, Iran
2 Center for Environmental Remote Sensing (CEReS), Chiba University, Chiba 263-8522, Japan;

tateishi@faculty.chiba-u.jp (R.T.); jtetukoss@faculty.chiba-u.jp (J.T.S.S.)
3 Natural Resources and Ecosystem Services Area, Institute for Global Environmental Strategies (IGES),

Hayama 240-0115, Japan; johnson@iges.or.jp
* Correspondence: sgharachelo@shahroodut.ac.ir

Abstract: Soil moisture is a critical component for Earth science studies, and Synthetic Aperture
Radar (SAR) data have high potential for retrieving soil moisture using backscattering models. In
this study, polarimetric SAR (PALSAR: Phased Array type L-band Synthetic Aperture Radar) data
and polarimetric decompositions including span, entropy/H/alpha, and anisotropy, in combination
with surface properties resulting from field and laboratory measurements, are used to categorize the
natural surface condition and discriminate the backscatter parameter in the test site for applying the
inversion soil moisture retrieval. The work aims to introduce the better of two examined models in
the research for soil moisture retrieval over the bare land and sparse vegetation in arid regions. After
soil moisture retrieval using the two different models, the results of comparison and validation by
field measurement of soil moisture have shown that the Oh model has a more realiable accuracy
for soil moisture mapping, although it was very difficult to find the best model due to different
characteristics in land cover. It seems the inversion model, with the field observation and polarimetric
SAR data, has a good potential for extracting surface natural conditions such as surface roughness
and soil moisture; however, over- and under-estimation are observed due to land cover variability.
The estimation of accurate roughness and moisture data for each type of land cover can increase the
accuracy of the results.

Keywords: soil moisture; polarimetric SAR data; Oh; Dubois; ALOS

1. Introduction

Polarimetric SAR remote sensing offers a reliable and efficient means of collecting
information on geophysical and biophysical parameters of climate change and the Earth’s
surface. Due to the increasing number of spaceborne SAR sensors in operation (e.g.,
PALSAR-2, Sentinel-1, and Radarsat), polarimetric SAR data are becoming more available
for a wide range of Earth science applications, including land monitoring and assessment
of hydrology (soil moisture, flood delineation), estimation of forest biomass, land cover
and land use mapping, sea ice monitoring, climate ocean, and coastal monitoring [1–3].

Soil moisture monitoring is a particularly important application of SAR data, as soil
moisture data obtained by traditional field-based monitoring approaches are usually sparse
due to their labor-intensive nature. Typically, backscattering models are used to retrieve soil
moisture from SAR data, and the major impediment for the surface soil moisture retrieval
from this data lies in the separation of the different scattering mechanisms that contribute to
the backscattering coefficients. This separation of different scattering mechanisms is quite
complicated due to the variety of land surface properties that affect backscattering, e.g., the
type of land cover, the soil texture, and the surface roughness. All of these characteristics
make it difficult to associate the satellite-measured SAR backscatter with the soil dielectric
constant (which is determined by the soil moisture). Therefore, for accurate soil moisture
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retrieval, it is necessary to first measure or simulate the natural land surface characteristics
as much as possible [2,3].

Measuring soil moisture using SAR data is challenging for researchers in backscat-
tering models [4–6]. Most studies use dual polarization SAR data and very rarely use
full polarimetric SAR data. Generally, C- and X-band SAR data are used by researchers
for soil moisture retrieval [6–9], and some of them used the L-band due to less sensor
availability [10–16]. Generally, the physical backscatter models for soil moisture retrieval
are based on theoretical scattering models, and approaches to the semi-empirical model
involve extending or modifying empirical observations. A large number of experimental
measurements are required for establishing the underlying experimental calibration rela-
tionships, but such empirical relationships are often difficult to apply to sites other than
those where they were developed. Moreover, they are generally valid only for specific soil
surface conditions [14].

The most popular semi-empirical model is named Dubois [12,15], and there is also
the Oh model. The Dubois model works for dual polarization SAR and is suited for
bare to sparse vegetated areas [17,18]. Moreover, since the Dubois model needs only two
polarizations in SAR data mode, unlike the Oh model, these models are easier to use in soil
moisture retrieval. In addition, the inversion model results were better than those of the
Oh model in the full polarimetric L-bands rather than the C-band due to more penetration,
longer wavelength, and quad polarization [19–26].

A number of studies have been carried out by researchers to compare and evaluate the
backscattering models such as Dubois, Oh, IEM, and AIEM [27–29]. Zribi et al. [30] evalu-
ated the Oh model and IEM using L-, C-, and X-bands SAR data and in situ measurements.
They concluded that Oh model simulations retrieve backscattering values very close to the
measured ones for rough surfaces while showing poor correlation over smooth areas with
measured backscattering coefficients; on the other hand, the IEM model showed better
results on smooth surfaces. Baghdadi and Zribi [30] evaluated the backscattering models
IEM, Oh, and Dubois using C-band SAR data and experimental measurements. The results
showed that these models frequently tend to under-estimate or over-estimate the radar
signal depending on soil moisture (Mv), height surface roughness (Hrms), and incidence
angle. Baghdadi et al. [27] evaluated the potential of the IEM, Oh, and Dubois models by
using TerraSAR-X and experimental datasets of in situ measurements (Mv ranged between
5 and 41 Vol% and Hrms ranged between 0.42 and 4.55 cm). In this case, the semi-empirical
Oh model correctly simulated the backscattering (showing over or under-estimation of
the backscatter < 1 dB and RMSE < 3 dB), the IEM simulates correctly the backscattering
at the X-band for Hrms < 1.5 cm by using the exponential correlation function and for
Hrms > 1.5 cm, while the Dubois model showed a poor correlation between real data and
simulations. The advanced integral equation model (AIEM) [31] was also recently widely
used among these models for soil moisture retrieval, which has achieved satisfactory results
for bare soil surfaces [32].

In addition to the empirical, semi-empirical, and theoretical models used to measure
microwave soil moisture, there are some indices such as the delta index, which uses the
ratio between the dry and wet images [33].

By this preliminary investigation from the literature review and test site physical
characteristics of roughness and moisture contents, the authors decided use the Dubois,
Oh, and delta models as semi-empirical approaches for soil moisture retrieval using ALOS
PALSAR full polarimetric data over an arid environment with bare and sparse vegetation
land cover.

1.1. Oh and Dubois Models

During the last few decades, a few models have been developed for the inversion of
soil moisture from spaceborne SAR data; the IEM [31], Oh [34], and Dubois [21] models
are quite widely used. The Oh model is a semi-empirical algorithm based on theoretical
models and radar measurements obtained using a truck-mounted scatterometer operating
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at three frequencies (1.5, 4.5, and 9.5 GHz). The scatterometer measurements were acquired
in a fully polarimetric mode with an incidence angle ranging from 10◦ to 70◦. Based on the
observed relationships between the scatterometer data and field measurements over a wide
variety of bare soil conditions, an empirically determined function for the co-polarized and
cross-polarized backscattering ratios was proposed [22,35]:

p =
σhh

0

σvv0 =

[
1−

(
2θ

π

) 1
3Γ0

e−ks

]
(1)

q =
σhv

0

σvv0 = 0.23
√

Γ0

(
1− e−ks

)
(2)

where p and q are the σ ratios in co- and cross-polarizations, θ (◦) is the local incidence
angle, ks is the electromagnetic roughness (i.e., RMS height normalized to the wavelength),
Γ0 is the Fresnel reflectance coefficient at nadir (i.e., θ = 0), ε′ is the real part of the com-
plex dielectric constant, and σhh

0, σhv
0, and σvv

0 are the backscattering coefficient from
different polarizations.
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To incorporate the effect of varying incidence angles, a new expression for q was
introduced (Oh et al., 1994):

q = 0.25
√

Γ0

(
0.1 + sin0.9 θ

)(
1− e−(1.4−1.6Γ0)ks

)
. (4)

Later on, the expression for p and q were further modified, and an expression for the
cross-polarized backscattering coefficient was suggested:

p = 1−
(

θ

90

)0.35mv
−0.65

e−0.4(ks)1.4
(5)

q = 0.1
( s

L
+ sin 1.3θ

)1.2(
1− e−0.9(ks)0.8)

(6)

σ0
hv = 0.11mv

0.7 cos2.2 θ
(

1− e−0.32(ks)1.8)
. (7)

Finally, taking into account the fact that the measurement of the surface roughness
correlation length is not exact and that the ratio q is insensitive to the roughness parameter,
Oh proposed a new formulation of the cross-polarized ratio that ignores the correlation
length [36]:

q = 0.095 (0.13 + sin 1.5θ)1.4
(

1− e−1.3(ks)0.9)
. (8)

Generally, the Oh model can estimate accurately the moisture volume (Mv) within
a validity range of ks < 3 and 9 < Mv < 31 Vol% [26,37]. Due to this fact, the algorithm is
more suitable for applications at lower frequencies such as S-, L-, or P-band [24].

The Dubois model is another semi-empirical model that was developed by
Dubois et al. [21,25]. It has some similarities with the Oh model but is simpler in that it
considers only the co-polarized backscattering coefficients. The empirical co-polarized
σ0

hh and σ0
vv backscattering coefficients are expressed as a function of radar parameters,

i.e., the frequency, local incidence angle, and soil surface parameters, such as permittivity
and surface roughness. Then, by the understanding of backscattering coefficient ratio
and dependency with different moisture conditions and varying incidence angles, the
roughness-induced deviations by an empirically derived expression for the roughness



ISPRS Int. J. Geo-Inf. 2021, 10, 711 4 of 17

term log (ks sinθ) were accounted. Finally, the following empirical expressions for the
co-polarized backscattering coefficients were found:

σ0
hh = 10−2.75 cos1.5 θ

sin5 θ
100.028ε′ tanθ(ks× sin θ)1.4λ0.7 (9)

σ0
vv = 10−2.35 cos3 θ

sin3 θ
100.046ε′ tanθ(ks× sin θ)1.1λ0.7 (10)

where ε′ is the relative dielectric constant, θ is the local incidence angle (◦), ks is the nor-
malized surface roughness, and λ is the wavelength (dB). Therefore, when the θ is known,
Equations (9) and (10) constitute a system of two non-linear equations with two unknowns:
ks and ε′ [31]. It should be noted that the backscattering coefficients of Equations (9) and (10)
decrease with increasing θ and/or with decreasing ks. It has similarities with the prediction
of the Small Perturbation Model (SPM). On the other hand, the backscattering coefficients
increase with increasing Mv. This increase is robust in vertical than in horizontal co-
polarization. The sensitivity of the model to Mv decreases with increasing local incident
angle [38,39]. Moreover, it can be seen in the condition of the empirically determined
expression that the σ0

hh/σ0
vv ratio is dependent on roughness and increases with increasing

ks. However, this is different from the SPM, because the co-polarized term is not roughness
dependent. With increasing Mv, the co-polarized ratio increases steadily, while its sensitiv-
ity to Mv decreases with decreasing θ [40]. As a summary, Table 1 shows the comparison of
the Oh and Dubois models.

Table 1. Comparison between the backscattering models in different natural surface conditions.

Models Delta Oh Model Dubois Model

Frequency (GHz) All 1–9 (suitable for C,
X-band)

1–11 (suitable for L, C,
X-band)

Incidence angle (θ) All 10–70◦ 30–65◦

RMS (s) cm All ks < 3 * ks < 2.5
Correlation length All _ _
Data polarization All Full polarimetric Co-polarization (HH, VV)

Soil moisture adaption Dry soil 9 < Mv < 31 Vol% <35 Vol%
* ks = (2 π

λ ). RMS height.

There is an alternative method to use the polarimetric parameters such as the entropy,
the α angle, and the anisotropy to address the roughness problem. This should allow for
mapping soil surface characteristics simultaneously. The basic theory of this idea is that
the polarimetric signature of low depolarizing targets—for example in two different land
covers with bare or sparse vegetated fields—presents various signatures due to roughness.
It is predictable and would be very sensitive to the geometrical properties of the soil
surfaces. At that point, it would be imaginable that the polarimetric information maximizes
the radar sensitivity, such as the surface roughness. Consequently, a polarimetric feature
has an extreme sensitivity to roughness and is almost insensitive to moisture [1]. The
other researchers mentioned that it has a strong dependence on the roughness state and is
less dependent on the soil moisture content co-polarized correlation coefficient, which is
expressed in a circular polarization basis [40]. The other result showed that the real part
of the circular coherence is more sensitive to surface roughness than circular coherence
itself [41]. Although further research, mainly limited to the assessment of the roughness
parameterization accuracy, is being conducted on this topic, its applicability to current
spaceborne sensors is limited, since the majority of the available sensors are not fully
polarimetric [42,43].

Most soil moisture retrieval using polarimetric SAR data has been done by C-band
SAR data such as Radarsat and rarely tried use the L-band data, and all of them challenge
the surface roughness complexity in backscattering models [12,25,44].
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1.2. Delta Model

The delta index works based on the relative change of backscattering of two images in
the dry and wet seasons. Therefore, the delta index should be interpreted in light of dry
scene soil moisture. This is because there is at least a small amount of residual soil moisture
in any dry scene backscatter. After selecting the two images that represent dry conditions
and wetter conditions than the other with different times, they should be co-registered,
and then, the delta index is defined on a per-pixel basis as [45]

Delta index =
σ0wet− σ0dry

σ0dry
(11)

where dry backscatter (decibels) is estimated from a pixel in a radar image representing
dry soil conditions, and wet radar backscatter (decibels) is estimated from a pixel in the
same geographic location representing wet soil conditions at a different time [46]. The
delta index can quantify the change of a drier image period with negative backscattering
to a wet image period with a positive backscattering number. In soil moisture terms, this
is a change in the positive direction, since backscatter values are always negative. For
reflecting the positive change in soil moisture status, the absolute value is necessary to
scale the delta index to a positive range. For retrieving the soil moisture percentage, the
histogram of the index was produced. Then, the soil moisture index was scaled to the 5th
and 95th percentiles of each histogram of field observation. We note that the pixel outside
of this range was discarded. Then, the sigma nought values based on their position in
the histogram with an interval between the two percentiles is used to normalize. A soil
moisture index (SMI) value is given to the land cover and filed observation soil moisture in
pixel scale. The SMI can range between 0 and 100.

In this research, several backscattering modeling approaches are tested for retrieving
soil moisture from fully polarimetric SAR (ALOS PALSAR) data in an arid environment
of Iran, including delta theoretical scattering, and two semi-empirical models: the Oh
model and the Dubois model. The performance of each method was assessed through
a comparison against in situ and laboratory measurements. This research aims to give
an introduction to the most important polarimetric parameters used for the extraction of
physical soil surface information about the scattering process properties to enable more
accurate inversion models for soil moisture mapping.

2. Material and Method
2.1. Test Site

The test site is located on a plain in the northern part of Iran formed during the
Quaternary geological period (Figure 1). The soil regime of the study area is aridic, and
the climate ranges from arid (southern part of the study area) to semi-arid (northern part
of the study area), with an average annual precipitation of 140 mm. Mostly, there is no
precipitation happening from July to September in the summer season. The dominant
land cover in the study area is bare land, with sparse vegetation also found mainly in the
northern part.

2.2. Dataset

Table 2 shows an overview of the datasets used in this study. Firstly, we acquired
three ALOS-PALSAR scenes of the study area: two single and dual-polarization (HH, HV)
images from March and September 2010 and one quad-polarization (HH, HV, VH, VV)
image from October 2010 (Table 2). In the test site, a very rare pass of full Pol Alos data
is available, which we obtained for just one scene. The polarimetric (PLR) observation
mode of ALOS PALSAR allows it to simultaneously transmit and receive horizontal and
vertical polarization for each polarized transmission. The PALSAR Quad-Pol (HH, HV,
VH, VV) scattering matrix has twelve alternative off-nadir angles between 9.70 and 26.20.
This observation mode has a 30 m × 10 m ground resolution for a 30 km swath width [47].
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Figure 1. Test site location using Landsat RGB image and soil sample points in the northern part
of Iran.

Table 2. The satellite dataset used in this research and monthly average of rain/temperature.

Sensor Mode Polarization Off-Nadir Angle Time (Local) Date Rain/Temperature
(Month/Avg)

ALOS
FBS
FBD

HH
HH, HV

32.3
34.3

19:00:12
18:57:00

11 March 2010
16 September 2010

12.2/16
0/27.4

PLR HH, HV,
VH, VV 22.1 16:21:10 22 October 2010 2/23.4

LANDSAT
(ETM+) Nadir 7:35:15 16 September 2010 0/26.2

In addition to the ALOS data, optical data (Landsat 7) and a Shuttle Radar Topography
Mission (SRTM) digital elevation model (DEM) were used. The optical imagery of Landsat
ETM+ in level.2 was used to calculate band indices including the normalized difference
vegetation index (NDVI) [48,49] and normalized water index (NWI) [39]. Aside from these
remote sensing datasets, we acquired national GIS maps of land use/land cover (LULC),
soil regime/type, vegetation cover, and geology.

2.3. Soil Roughness and Dielectric Constant Measurements

The RMS height, correlation length, and autocorrelation function are calculated as
surface roughness inputs to most backscatter models. In recent years, photogrammetry
techniques and working with cameras that are not particularly designed for the require-
ments of photogrammetry have become common in close-range applications. Therefore, in
this research, photogrammetry techniques were used. In this way, a point cloud and 3D
digital terrain model (DTM) were created based on acquired ground photos by a digital
camera in the field. Then, the DTM was imported to a GIS environment to calculate the
surface roughness parameter for each field site (Figure 2 and Table 3). Figure 2 presents the
one horizontal profile by 2.5 m in range of 3.4 cm of height change [50].

A network analyzer coupled with an open-air probe technique was used in the labo-
ratory for the measurement of the soil dielectric constant from the soil samples obtained
in the field (Figure 3) [51]. Soil moisture was measured in the field by TDR (time domain
reflectance) from top soil in the field and laboratory. The thirty-two soil samples were taken
randomly from a homogenous area of thirteen land cover unit areas (LUAs) in September
and October 2011 from topsoil at a depth of 0–10 cm. For select the soil samples, we took the
four samples in each field in the four different directions with ten-meter distance regarding
the PALSAR image resolution, and afterwards, we mixed them to gather and make one soil
sample that represented each field. Once completed, a one-half kilogram of soil was taken
and kept within a double-zipped plastic bag for carriage to the laboratory for dielectric
measurement. The measurement frequency was from 0.3 to 3 GHz with 200 sampling
points, which are supposed to detect the L-band ALOS PALSAR (1.27 GHz range) data.
The real (ε′) and imaginary parts (ε′ ′) of the complex dielectric constant of soil samples
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have been determined experimentally. The dielectric constant relative permittivity has a
variable dependent on frequency that decreases with increasing frequency [52].
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Table 3. The classification of the roughness type in the study area with a real ground photo of
the land.

Roughness Type RMS Height Ground Real Photo

Slightly rough <1.5 cm
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Figure 3. Dielectric constant measurement toolkit (a), and some soil sample results are shown in the
right table of for samples in the field (b).

2.4. Processing Flow of Polarimetric ALOS Data

To extract the full information contained in the partial polarimetric ALOS PALSAR
(PLR mode) data, we have developed a processing structure. The PALSAR sensor with
the coherent-on receive operation allows decomposing the images employing PolSAR
techniques. Therefore, we needed to perform radiometric calibration to obtain the backscat-
tering coefficients of the horizontally and vertically polarized channels in HH and HV
polarization and also for decomposition of the scattering matrix into its eigenvectors and
eigenvalues. The PLR raw data were converted to single look complex (SLC) data using
ENVI software. Geometric and radiometric calibration was conducted using the ASF
(Alaska Satellite Facility) map-ready software and NEST. Speckle noise was removed by
applying a Lee filter with 5*5 window size. Then, the processed images were imported to
the PolSARpro software and MATLAB to do the polarimetric SAR processing. Figure 4
shows a simplified representation of the processing chain.
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Figure 4. Process chain for quad polarization ALOS PALSAR data.

The Quad polarized PLR acquisitions of ALOS PALSAR enable the exploitation of
the distributed target (2 × 2) complex covariance matrix ([C2]) and the complete (3 × 3)
scattering matrix ([C3]), which are raw binary data off-diagonal elements. In this research,
we used an eigenvector analysis of the 3 × 3 coherency [T3] matrix, as it provides a basis
invariant description of the scattering target with a specific decomposition into types of
scattering processes. This original approach employs a three-level Bernoulli statistical
model to generate estimates of the average target matrix parameters. This statistical
model assumption sets out a dominant “average” scattering mechanism in each resolution
cell [53–55].

3. Results

The most important parameters and last products of the polarimetric decomposition
are four images: the entropy, anisotropy, alpha angle, and span images (Figures 5–7).
Previously, they were imported into a GIS composed with the calibrated backscattering
products, and the images were geocoded and orthorectified to obtain identical geometries.
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Then, these images could be used for backscattering understanding and comparison of
mechanisms, and we could apply the enhanced model for deriving the soil moisture.
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Figure 5. Entropy alpha plane and its distribution from the backscattering decomposition analysis
using full polarization ALOS PALSAR data (22 October 2010).
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Figure 6. The HH polarization of quad pol PALSAR data on the left, the Pauli RGB (color coded as
red = |HH − VV|, green = |HV|, and blue = |HH + VV|) in the middle, and the Span total power
image on the right.
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A simple visualized interpretation of the Pauli RGB in Figure 6 can illustrate how
surface features are portrayed in the image, and its detail can be extracted based on the
experience and local knowledge of the interpreter. In this RGB image, the color from black
to red has shown the smooth to rough area, respectively. In the span image, which shows
the total power of three eigenvalues, the black color to white color has shown respectively
the surface backscattering to the volumetric backscattering (Figures 5–7).

The decomposition of [T3] into three single scattering components is described by
[T31], [T32], and [T33]. The sum of the three eigenvalues is defined as the span, or the total
power received from the scattering target, and it would be very useful for detecting the
homogeneous and heterogeneous area in the polarimetric SAR image.

Span = λ1 + λ2 + λ3 (12)

To extract the full information content of the PLR images, the different decomposition
methods such as Freeman, Yamaguchi, and H/a/alpha decomposition are considered.
Within the mean angular parameters (α, β, δ, and γ) of the dominant scattering mechanism,
this 3× 3 coherency [T3] matrix can be extracted. The roll-invariant α is the main parameter
for identifying the dominant scattering mechanism in terms of random media problems.
The other three parameters (β, δ, and γ) can be used to define the target polarization
orientation angle [55,56].

The entropy H ranges from 0 to 1. If the polarimetric entropy H is low (H < 0.3), the
system may be considered weakly depolarizing and the dominant scattering mechanism.

The other important polarimetric feature is the anisotropy, which is defined as the
normalized difference between the appearance probabilities of the second and the third
target component [44,56].

A =
P2− P3
P2 + P3

=
λ2− λ3
λ2 + λ3

(13)

The anisotropy measures the relative importance of the second and the third eigen-
values of the eigen decomposition. The polarimetric anisotropy A also ranges from 0 to 1
and is a complementary parameter to the polarimetric entropy H. In PolSAR applications,
it seems to be important to note that the polarimetric anisotropy A plays a key role and
represents a very useful parameter to improve the capability of distinguishing different
types of scattering processes, particularly when the polarimetric entropy reaches high
values. In the polarimetric backscattering problem, the invariance of the eigenvalue prob-
lem under unitary transformation is the great advantage of the entropy and anisotropy
parameters [14,57].

3.1. The Oh and Dubois Models

The quad pol ALOS data were applied to the Oh model for soil moisture retrieving.
Figure 8 shows the result of soil moisture retrieval by the Oh model. This figure presents
the soil moisture from the 22 October 2010 ALOS data acquisition date over the test site;
this is the dry season, and the Vol% of soil moisture range from 0 to 35%; however, most of
the area has soil moisture less than 5 Vol%. The green point spots are the small pool for
animal drinking or a small cultivation site.
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Figure 8. The volumetric soil moisture (Vol%) of the Dubois (a) and the Oh model (b) from 22 October
2010 and the rectangle (c,d) correspond to the same position of the Google Earth image in Figure 9.
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Figure 9. The footprint of ALOS on Google Earth. Rectangles (c,d) indicate the two different land
cover types and correspond to the same position of rectangles placed on the soil moisture map in
Figure 8.

The accuracy of the prediction soil moisture by the Oh model after crossing to the
observation soil moisture point was 5.4 Vol% RMS error, as shown in the result. The
rectangles c and d on the image show the two different land covers of sparse vegetation
and bare land, respectively. As already explained about backscattering from black color
to white indicating the transition from smooth to rough surface due to land cover types.
The Google Earth image also shows that the northern part has sparse vegetation and
some agriculture field, and from northern to the southern part, the land cover changes
to bare land. In the test site, most of the land cover is bare land, and some parts are
sparse vegetation; to understand land cover, we tried to produce the normalized different
vegetation index (NDVI) and normalized water index (NWI) using Landsat data that
demonstrate the soil and water content in the land cover (Figure 10). Figure 10 also
compares the Google Earth image and clearly presents the vegetation contents in NDVI
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from north to south, which correspond to the NWI image presenting the water contents
decreasing from north to south.
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Figure 10. The result of NWI (a) from low to high water content and NDVI (b) from low to high veg-
etation cover using Landsat data. The rectangles (c,d) correspond to the same position of rectangles
in the Google Earth image in Figure 9.

3.2. DELTA Model

In this step, we applied the delta index by two ALOS FBD and Fine Beam Single (FBS)
images from the dry (September) and wet season (March). Figure 11 presents the delta
index of the soil moisture map in the study area. The Vol% of soil moisture of the delta
model has shown the rate of 0–35% because in March, the test site soil had a higher level of
moisture. The southern part of site is the flat region named Playa, and its ground water
table is very high, about 50 cm; also, there is the seasonal river, which is clear in blue color
with the highest moisture content. The other spot of blue color in the northern part is the
irrigated area or the flooded area in the alluvial fan of the Hablerood River.
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The RMS error considers the observation soil moisture points and predicts the soil
moisture by that model’s result. The accuracy test for the regression statistical method
achieved the 5.4 Vol% RMS, 7.9 Vol% RMS, and 3 Vol% RMS for the Oh and Delta
indexes, respectively.

Figure 12 presents the relationship between soil moisture measurements in the field
with soil moisture retrieval with three models (Oh, Dubois, delta) in different colors. Finally,
measurement Vol% of soil moisture and the retrieval results of the Oh, Dubois, and delta
models are compared with ground truth soil moisture. The summary of the results and the
one sample point of the study area are presented in Figure 13. As the results show, the delta
model is the theoretical index that achieved the highest accuracy, which is followed by Oh
and Dubois models. The observation points of soil moisture used validate the results of the
Dubois model, as 7.9 Vol% RMSE was achieved for this model. Moreover, the comparison
between two of the semi-empirical Oh and Dubois inversion models showed that the Oh
model is a more suitable model for the study area than the Dubois model. The Oh model
works for a wider roughness range than the Dubois model, and the Oh model is more
applicable in shorter wavelengths such as the P- and L-band. The Oh model also works on
fully polarimetric data, while the Dubois model works just for co-polarization.
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Figure 12. The graph shows the relationship with field soil moisture (Vol%) and retrieval soil moisture
for the three models: Oh, Dubois, and delta.
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Figure 13. The comparison of soil moisture results of the study area by different methods against the
field soil moisture measurement (Vol%) showed in the points.
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4. Discussion

SAR potentially is suitable for soil moisture estimation at high spatial/temporal res-
olution [58]. ALOS PALSAR products use state-of-the-art image processing techniques;
however, the preprocessing techniques are inadequate. To extract the full information
content of multi-channel PALSAR data, refined PolSAR preprocessing techniques were
employed. When using a backscattering model to retrieve the soil moisture, the major
impediment for surface soil moisture retrieval from SAR data lies in the separation of dif-
ferent scattering contributions to the backscattering coefficients. It is the complicated part
according to the various properties of a land surface such as land cover, soil texture, and
surface roughness. All these characteristics make up the different dielectric constant behav-
ior, which has a relationship with the backscattering coefficient. In this regard, we should
measure or simulate the natural surface characteristics as far as possible appropriately
and quantitatively.

Taking all samples into consideration that were filed visually via in situ measurement,
there was a wide range soil of moisture from 0 to 30 Vol% and a wide surface roughness
range with RMS height between 0.3 and 5 cm, indicating that the area changed from smooth
to rough. However, it is a quite special site with different subclasses of bare land with
some parts consisting of very smooth claypan, which is excellent for SAR backscattering
coefficient calibration. The other specialty of the test site is the soil property, which is cover
by Aridisols; there have not been enough studies about the dielectric constant of this arid
soil types.

Some important aspects are not considered by the Dubois model, such as the influence
of the surface correlation length on the fields or the influence of topographic variations on
the accuracy of the estimates. However, the Dubois model can estimate the validity range
for the natural surface condition and should be in the range of Mv < 35 Vol% and ks < 2.5.
Their accuracy is quantified as 4.2 Vol% for the soil moisture estimates and ks of 0.4 for the
surface roughness over bare soil. However, it should be mentioned that the authors had
several reasons to consider only the co-polarized signals in their model. Firstly, it should
be mentioned the co-polarized backscattering coefficients are less sensitive to system noise
and cross-talk, rendering the calibration of co-polarized channels more accurate, according
to the study done by Freeman (1992) [59]. Additionally, the arrangement of effective and
reliable calibration algorithms for polarimetric SAR data was still under development in the
early and mid-1990s [14]. Therefore, the Dubois model working with co-polarized signals
makes it a possibility to work with the dual acquired SAR data, whereas the Oh model
strictly requires fully polarimetric data. The polarimetry SAR is the key to overcome these
problems because it allows a direct or indirect separation of attenuation effects induced by
surface roughness and vegetation by H/A/Alpha decomposition. By applying a PolSAR
decomposition technique, namely the H/A/Alpha decomposition, the phase information
was exploited to increase the amount of observables. In effect, most of the popular inversion
approaches use polarimetric SAR imaging.

Soil moisture has a wide variability in study area and shows an RMS of around 3
to 8 Vol% in different approaches and test sites. However, we cannot compare fairly
since the techniques and parameters are not similar. Generally, the map exhibits that Oh
underestimates and Dubois overestimates the soil moisture. The best result was achieved
by the delta index and then by the empirical statistic model followed by Oh and Dubois in
order by RMSE error. The Oh model was the best, since it is working with full polarimetric
data and it provides the better information by such a backscattering decomposition such
an alpha and entropy to understand the natural surface.

In fact, there are lots of issues in microwave remote sensing for retrieving and estimat-
ing the physical characteristics of land, but particularly in this research, we can mention the
backscattering complexity in mixed pixels of vegetated cover and bare area and agriculture
area. As we mentioned before, there are aspects of the sensor properties and natural physi-
cal land that affect the backscattering model, so both of these aspects create difficulties in
the backscattering model. For instance, in the sensor, the incident angle, SAR propagation
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wave, backscattering mechanism in the surface and underground land layer or vegetation
attenuation, polarization mode etc., are very important for retrieving the soil moisture. On
the other hand, the surface roughness is most important in the soil moisture retrieval, since
it has a main influence on SAR backscatter.

5. Conclusions

Soil moisture exhibited wide variability in the study area and shows an RMS around
3 to 8 Vol% in different approaches and test sites. Generally, the Oh semi-empirical model
underestimated and the Dubois model overestimated the soil moisture in the study site.
The best result was achieved by the Oh model followed by the delta index and the Dubois,
in order of RMSE error. Within the models, the Oh outperformed the Dubois model, as
the remote sensing dataset used was fully polarimetric data, and the Oh model could
provide better information through backscattering decomposition (e.g. alpha and entropy)
to understand the natural surface. The SAR polarimetry is the key to overcome these
problems because it allows a direct or indirect separation of attenuation effects induced by
surface roughness and vegetation by H/A/Alpha decomposition. By applying a PolSAR
decomposition technique, namely the H/A/Alpha decomposition, the phase information
was exploited to increase the number of observables. In effect, most of the popular inversion
approaches use polarimetric SAR imaging.

To conclude, the results have shown that the fully polarimetric L-band SAR backscat-
tering model has good potential for soil moisture retrieval, but for accurate retrieval, the
model needs the quantitative scatter attention from the land surface. The L-band SAR data
are also very suitable for different land cover and vegetated land. The results of this study
are not recommended for other different land cover and soil texture unless it has similar
surface natural properties.

There are many issues in microwave remote sensing for the retrieval and estimation
of physical characteristics of land, but particularly in this research, we can mention the
backscattering complexity in mixed pixels of vegetated cover and bare area. On the other
hand, the surface roughness is most important in soil moisture retrieval, since it has the
main influence on SAR backscatter; therefore, the accurate surface roughness data could
improve the result.

The multi-polarization/incident/frequency SAR data with high resolution, short revis-
iting time, and near real time acquisition might achieve a more accurate soil moisture map.

In future work, we suggest collecting more accurate surface roughness and vegetation
properties, such as soil/plant water content, and applying the multiband SAR data such as
ALOS-2 and Sentinel-1 in different land cover types, especially in sparsely vegetated areas
in arid land regions.
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