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Abstract: Surface soil moisture (SSM) is a key variable for many environmental studies, including
hydrology and agriculture. Synthetic aperture radar (SAR) data in the C-band are widely used
nowadays to estimate SSM since the Sentinel-1 provides free-of-charge C-band SAR images at high
spatial resolution with high revisit time, whereas the use of L-band is limited due to the low data
availability. In this context, the main objective of this paper is to develop an operational approach
for SSM estimation that mainly uses data in the C-band (Sentinel-1) with L-bands (ALOS/PALSAR)
as additional data to improve SSM estimation accuracy. The approach is based on the use of the
artificial neural networks (NNs) technique to firstly derive the soil roughness (Hrms) from the L-band
(HH polarization) to then consider the L-band-derived Hrms and C-band SAR data (VV and VH
polarizations) in the input vectors of NNs for SSM estimation. Thus, the Hrms estimated from the
L-band at a given date is assumed to be constant for a given times series of C-band images. The
NNs were trained and validated using synthetic and real databases. The results showed that the use
of the L-band-derived Hrms in the input vector of NN in addition to C-band SAR data improved
SSM estimation by decreasing the error (bias and RMSE), mainly for SSM values lower than 15 vol.%
and regardless of Hrms values. Based on the synthetic database, the NNs that neglect the Hrms
underestimate and overestimate the SSM (bias ranges between −8.0 and 4.0 vol.%) for Hrms values
lower and higher than 1.5 cm, respectively. For Hrms <1.5 cm and most SSM values higher than
10 vol.%, the use of Hrms as an input in the NNs decreases the underestimation of the SSM (bias
ranges from −4.5 to 0 vol.%) and provides a more accurate estimation of the SSM with a decrease
in the RMSE by approximately 2 vol.%. Moreover, for Hrms values between 1.5 and 2.0 cm, the
overestimation of SSM slightly decreases (bias decreased by around 1.0 vol.%) without a significant
improvement of the RMSE. In addition, for Hrms >2.0 cm and SSM between 8 to 22 vol.%, the
accuracy on the SSM estimation improved and the overestimation decreased by 2.2 vol.% (from
4.5 to 2.3 vol.%). From the real database, the use of Hrms estimated from the L-band brought a
significant improvement of the SSM estimation accuracy. For in situ SSM less than 15 vol.%, the
RMSE decreased by 1.5 and 2.2 vol.% and the bias by 1.2 and 2.6 vol.%, for Hrms values lower and
higher than 1.5 cm, respectively.
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1. Introduction
Soil surface characteristics, particularly the moisture content and the surface roughness, play a major role in a wide range of applications including hydrology, agronomy,
crop planning and crop modelling. Even though the surface soil moisture (SSM) can
be estimated with a high accuracy through ground measurements, the installation and
maintenance of the sensors can be very time- and labor-consuming. The measurements
carried out with dielectric probes are accurate only at the point of measurement; therefore,
point-based measurements are not relevant to represent the spatial distribution of SSM,
which varies in space and time [1]. Currently, remote sensing observations from space
provide operational tools for mapping the spatial and temporal variations of SSM over vast
areas [2–8], which is considered a crucial concern for land–water management strategies
and policy decision makers.
Over the past four decades, several studies have shown the great potential of synthetic
aperture radar (SAR) data for SSM mapping at an agricultural plot scale with high revisit
time [5,9–12]. Even though SAR data in the X-, C- and L-bands have been widely used
in numerous research projects [13–18], only SAR data in the C-band are used today in
operational approaches for SSM retrieving. In the case of bare soils, the SAR backscattering
coefficient (σ0 ) depends on the dielectric constant of the superficial surface layer and
the soil roughness [4,19,20], as well as the SAR configuration (frequency, incidence angle
and polarization) [16,20]. In the presence of vegetation, the canopy cover contributes
to σ0 through soil attenuation and direct scattering [5]. Several studies have analyzed
the sensitivity of the SAR signal to SSM and surface roughness (defined mainly by the
root mean surface height (Hrms)), according to different instrumental SAR configurations
(incidence angle, polarization and radar wavelength) [4,21–24]. Aubert et al. [25] studied
the effect of the radar wavelength in the C- and X-bands on the sensitivity of the radar
signal to SSM. The results have shown that the sensitivity in the X-band (0.35 dB/vol.%)
is twice as high as in the C-band (0.16 dB/vol.%). In addition, the L-band observations
have approximately the same range of sensitivity to soil moisture as the C-band [26]. This
high sensitivity of the X-band radar signal to soil moisture is explained by the low effect of
roughness parameters on the backscattered radar signal.
The SSM estimation was conducted using many radar backscattering models. These
models can be either physical [27,28] or semi-empirical [29–31]. The integral equation
model (IEM), developed by Fung [27], is widely used in various inversion approaches to
estimate SSM over agricultural areas [1,5,16–18,32]. In IEM, the σ0 is expressed as a function
of the soil properties (dielectric constant, soil composition, root mean surface height
(Hrms), correlation length and autocorrelation function), as well as the SAR instrumental
parameters (wavelength, incidence angle and polarization) [27]. In fact, the depth of
penetration of the radar signal in the soil depends on its dielectric constant, which affects
the moisture content in the soil. Consequently, due to the relationship between SSM and its
dielectric constant, the soil could be characterized by four surface parameters (Hrms, L,
autocorrelation function and SSM), in order to model and simulate σ0 using IEM. Unlike
empirical models, IEM does not require site-specific calibration.
Several studies reported significant differences between IEM-simulated backscattered
signal and those observed from SAR data [24,32–36]. Baghdadi et al. [36–39] reported that
these discrepancies were related to the uncertainties in the correlation length measurements,
which are difficult to measure in situ with sufficient accuracy. To overcome inaccurate
IEM simulations, Baghdadi et al. [36–39] proposed a semi-empirical calibration of IEM
in the X- (in the VV), C- (HH, VV and VH) and L-bands (in the HH and VV), based on
experimental data of SAR images (e.g., ALOS, ASAR, ERS, RADARSAT, TerraSAR-X and
CosmoSkyMed), ground measurements, including SSM, and soil surface roughness. The
calibration consisted of replacing the in situ measured correlation length (L) by a fitting
parameter (Lopt) in order to minimize the difference between the simulations and SAR
data. It was found that the Lopt is dependent on the soil surface roughness and the sensor’s
parameters [37]. The robustness of the empirical calibration was reported in different
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studies [25,32,40–42] showing a good match between the simulated and the SAR data.
Eventually, the modified IEM led to an SSM estimation accuracy of 3 vol.% with SAR
data in the X-band [14,15,32], approximately 4 to 6 vol.% in the C-band [18,40,42,43] and
5.3 vol.% in the L-band [1]. Additionally, the calibration allowed the reduction of the
input parameters for the IEM. The soil can, therefore, be characterized by just two surface
parameters (Hrms and SSM) instead of four (Hrms, correlation length, autocorrelation
function and SSM), which increases the model’s applicability [37].
Considerable progress has been made in mapping SSM through SAR data, however,
many fundamental questions remain about the accuracy of the estimations that depend on
the sensitivity of the radar signal to the different soil properties, mainly soil roughness and
soil moisture. For instance, Altese et al. [44] have shown that over bare soil fields, the effect
of surface roughness is greater than the effect of SSM on the radar signal in the C-band.
Thus, estimating the SSM from SAR data without accounting for Hrms contribution would
lead to inaccurate SSM estimations. El Hajj et al. [5] used the artificial neural network (NNs)
technique to invert C-band data and estimate the SSM without accounting for Hrms in the
retrieval approach (Hrms was not in the input vector of the NNs). Results showed that the
accuracy on SSM estimation is related to Hrms parameters. Indeed, the in situ SSM was
underestimated by −10 vol.% for Hrms lower than 1 cm and overestimated by 9 vol.% with
an RMSE of 5 vol.% for Hrms between 2 and 3.8 cm. The underestimation is related to the
weak SAR scattering over smooth soil (specular reflection), whereas the overestimation is a
result of higher SAR backscattering due to increased soil roughness. On the other hand, the
results showed unbiased estimation of SSM associated with lower RMSE for Hrms values
between 1 and 2 cm. In fact, several studies have reported that the SAR observations are
highly sensitive to soil roughness [45–51]. Consequently, surface roughness and its spatial
variability can greatly affect the estimation of SSM [34,52–54]. Indeed, Baghdadi et al. [34]
reported that the contribution of Hrms to C-band SAR backscattering depends strongly on
the SAR incidence angle. At a high incidence angle (47◦ ), the Hrms contribution to SAR
backscattering predominates the SSM ones, making it possible to classify various Hrms
classes (smooth, medium and rough) over agricultural fields. Therefore, only SAR with
long wavelengths (C- and L-bands, for example) and high incidence angles (above 45◦ )
allows the classification of Hrms. Given that only a slight portion of Sentinel-1 images are
available with incidences greater than 45◦ (wide swath and incidence angles between 29◦
and 46◦ ), the Sentinel-1 data are not adequate to derive Hrms. Several studies showed
the potential of L-band for Hrms estimation [55,56]. Accordingly, the combined use of Land C-band has the potential to improve SSM estimation accuracy. In such a combined
use, the L-band will serve to provide Hrms estimates to be used along with the C-band
backscattering to assess the SSM estimation.
The Sentinel-1 SAR sensor developed by the European Space Agency (ESA) made
open source and free-of-charge C-band multi-temporal images available. With a high
revisit time (6 days) and a pixel spacing of 10 m, Sentinel-1 allows soil moisture mapping
at high spatial and temporal resolutions [8,40,57,58]. The commonly used method for SSM
estimation is the change detection (CD) approach [8,58] and the inversion of physical or
empirical models with the bias of NNs technique [5,18,34,42,59]. In fact, the estimation
of SSM by inverting the SAR σ0 using physical or empirical models with the use of NNs
allows accounting for Hrms and vegetation contributions and thus provides more accurate
SSM estimates [5,40,59].
Eventually, El Hajj et al. [1], trained the NNs using synthetic databases that were
generated using WCM combined with IEM in the C- and L-bands, over a wide range of
SSM (between 4 and 40 vol.%), Hrms (between 0.5 and 3.8 cm) and NDVI (between 0 and
0.7 for the C-band and 0 and 1 for the L-band) values. The overall results showed that the
L-band provided slightly less accurate SSM estimates than the C-band, due to the higher
sensitivity of the L-band to the soil roughness [60].
Unlike C-band SAR data, L-band images (at present ALOS-2) are not free-of-charge
and hard to acquire with high revisit time (one to two images per month at best). With such
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low revisit time, L-band SAR are not adequate for operational SSM mapping since at least
one image per week is required. However, they could be very powerful to estimate the
Hrms since the L-band is sensitive to the soil roughness and the fact that the Hrms does not
change frequently along the season, mainly over agriculture plots. Several new missions of
SAR constellations operating in L-band are being developed, such as NISAR (NASA-ISRO
SAR, planned to be launched in 2022), Tandem-L (German Aerospace Center, planned to
be launched in 2022) and ALOS-4 (JAXA, planned to be launched in 2022). Eventually, both
NISAR and Tandem-L aim to provide free-of-charge images on an average of 6 days and
bi-weekly basis, respectively. Therefore, the availability of SAR images in the L-band in
such a high revisit time, in the near future, illustrates its interest in many agricultural and
hydrological applications, mainly estimation approaches for soil properties.
At the moment, an average of one to two ALOS-2 SAR L-band images, which are
more suitable for Hrms estimation that can be measured at reasonable time intervals, are
available per month compared to several Sentinel-1 images in the C-band over the same
month, which allow, with a high revisit time, to grasp the temporal variability of SSM
trends. The aim of this study is to evaluate the potential of combining C- and L-bands to
improve the accuracy of SSM estimations over vast bare soil agricultural areas. The paper
focuses on the SSM estimation from the C-band while considering the L-band-derived
Hrms as additional input to the inversion approach in order to provide more accurate
SSM. Therefore, the L-band-derived Hrms will be considered stable over a period of two
consecutive L-band acquisitions where several C-band SAR images are acquired. The
proposed approach uses NNs technique. Thus, two cases will be compared: (1) SSM
estimation from C-band data by neglecting Hrms in the inputs vector to the NNs and
(2) SSM estimation by integrating the L-band-derived Hrms in the input vector to the
NNs for SSM estimation from C-band. First, synthetic database of σ0 for a wide range of
soil conditions will be generated in the C-and L-bands using the modified IEM [36–39].
Furthermore, the database is divided into two equal sub-databases, one for NNs training
and one for NNs validation. In addition, the performance of the trained NNs was evaluated
using the real SAR observations in the C- and L-bands, as well as in situ measurements of
soil parameters (SSM and Hrms). After a description of the synthetic and real datasets used
in Section 2, Section 3 presents the methodology developed. The analysis of the inversion
results of the synthetic and the real databases are described in Section 4, followed by a
discussion in Section 5. Finally, the main conclusions are presented in Section 6.
2. Dataset Description
2.1. Real Data
In the present study, a real database collected in Southern France at a study site
near Montpellier have been used. The database is composed of real SAR data acquired
from ALOS-2/PALSAR-2 and Sentinel-1 sensors, as well as in situ measurements of SSM
(between 7.0 and 32.65 vol.%) and Hrms (between 0.5 and 3.8 cm) for bare agricultural
fields. This database will serve to validate our SSM estimation approach.
2.1.1. Study Site
The study area is located in the Southeast of France, over the Occitanie region (centered
on 3.80◦ E and 43.67◦ N) (Figure 1). The site is characterized by a flat terrain composed of
forests, vineyards and agricultural areas. The area is known for its Mediterranean climate,
with average air temperatures ranging from 3 ◦ C to 29 ◦ C and a rainy season occurrence
between October and March. The recorded average cumulative rainfall is about 750 mm.
Reference plots with only bare soils, characterized by a sandy loam soil texture [61], were
selected to perform the experiment.

Remote Sens. 2021, 13, 2102

Remote Sens. 2021, 13, x FOR PEER REVIEW

5 of 26

5 of 27

Figure 1.
1. Location
Figure
Locationof
ofthe
thestudy
studysite
siteininFrance.
France.

2.1.2. Real SAR
2.1.2.
SARData
Data
Twenty SAR
= 5.6
cm)cm)
were
acquired
fromfrom
the the
Twenty
SAR images
imagesininthe
theC‐band
C-band(wavelength
(wavelength
= 5.6
were
acquired
Sentinel‐1 (S1)
in the
period
between
February
2017 and
Julyand
2018July
where
each
Sentinel-1
(S1)constellation
constellation
in the
period
between
February
2017
2018
where
image
correspond
to the date
of date
the performed
in situ SSM
and Hrms
measurements
(Table
each
image
correspond
to the
of the performed
in situ
SSM and
Hrms measurements
2). The
images were
were
downloaded
from
the Copernicus
website
(Table
2). TheS1S1 images
downloaded
from the
Copernicus
website (https://scihub.
(https://scihub.copernicus.eu/.
Accessed
November
2020)
with
a
pixel
spacing
of
10
× 10
copernicus.eu/. Accessed 1 November 2020) with a pixel spacing of 10 m × 10 mmgenerated
m
generated
from
the
Level‐1
Ground
Range
Detected
product
(GRD).
Additionally,
the
from the Level-1 Ground Range Detected product (GRD). Additionally, the acquisition
acquisition
mode
of
the
images
was
the
Interferometric
Wide
(IW)
swath
provided
in
VV
mode of the images was the Interferometric Wide (IW) swath provided in VV and VH
39° over the study area.
and VH polarizations and an incidence angle of approximately
polarizations
and an incidence angle of approximately 39◦ over
the study area.
Moreover, five ALOS‐2 images acquired by the Phased Array Synthetic Aperture
Moreover, five ALOS-2 images acquired by the Phased Array Synthetic Aperture
Radar (PALSAR‐2) in the L‐band (wavelength = 22.9 cm) between February 2017 and July
Radar (PALSAR-2) in the L-band (wavelength = 22.9 cm) between February 2017 and
2018 (Table 1) have been used. The ALOS‐2 SAR images are in dual‐ and quad‐
July 2018 (Table 1) have been used. The ALOS-2 SAR images are in dual- and quadpolarizations with pixels’ size of 6 m × 6 m and 3 m × 3 m, respectively. In this study, only
polarizations with pixels’ size of 6 m × 6 m and 3 m × 3 m, respectively. In this study, only
the HH‐polarized L‐band data were used since the IEM is not calibrated for the L‐band at
the
HH-polarized L-band data were used since the IEM is not calibrated for the L-band at
cross‐polarization and the L‐HV backscattering signal can have values quite close to the
cross-polarization
and (±0.8
the L-HV
signalvery
can dry
havebare
values
equivalent noise added
dB) onbackscattering
σ0for smooth and/or
soilsquite
[39]. close to the
0 for smooth and/or very dry bare soils [39].
equivalent
noise
added
(
±
0.8
dB)
on
σ
The calibration of the S1 and ALOS‐2 images was realized using the Sentinel‐1
The(S1TBX),
calibration
of the S1
ALOS-2 images
was realized
the Sentinel-1
Toolbox
developed
byand
the European
Spatial Agency
(ESA).using
The calibration
of theToolbox
(S1TBX),
developed
by
the
European
Spatial
Agency
(ESA).
The
calibration
of the
SAR‐derived data is executed through a pre‐processing procedure that includes thermal
SAR-derived
is executed
a pre-processing
that includes
thermal
noise removal,data
radiometric
andthrough
geometric
calibration and procedure
speckle filtering
[17,62]. This
noise
removal,
radiometric
and
calibration
and speckle
[17,62].
procedure
results
in converting
thegeometric
digital number
values extracted
fromfiltering
SAR images
into This
procedure
results
in converting
digital number
fromthe
SAR
images
ortho‐rectifying
the values
images.extracted
Furthermore,
mean
backscattering
coefficient
(σ0) andthe
0 ) and ortho-rectifying the images. Furthermore, the
into
backscattering
coefficient
backscattering
coefficients
were (σ
calculated
in a linear scale for each reference plot by
mean
backscattering
coefficients
were calculated
averaging
the values of
all pixels within
that plot. in a linear scale for each reference plot by
averaging the values of all pixels within that plot.

Remote Sens. 2021, 13, 2102

6 of 26

Table 1. Characteristics and acquisition dates of SAR images.
Date
dd/mm/yyyy

Sensor

Polarizations

Incidence Angle

Pixel Size m × m

18/02/2017
19/02/2017
24/02/2017
02/03/2017
08/03/2017
14/03/2017
20/03/2017
27/03/2017
02/04/2017
08/04/2017
20/04/2017
26/04/2017
02/05/2017
09/05/2017
14/05/2017
19/05/2017
01/06/2017
02/06/2018
08/06/2018
14/06/2018
22/06/2018
26/06/2018
01/07/2018
02/07/2018

Sentinel-1
ALOS-2
Sentinel-1
Sentinel-1
Sentinel-1
Sentinel-1
Sentinel-1
Sentinel-1
ALOS-2
Sentinel-1
Sentinel-1
Sentinel-1
Sentinel-1
ALOS-2
Sentinel-1
Sentinel-1
Sentinel-1
Sentinel-1
Sentinel-1
Sentinel-1
ALOS-2
Sentinel-1
ALOS-2
Sentinel-1

VV + VH
HH + HV
VV + VH
VV + VH
VV + VH
VV + VH
VV + VH
VV + VH
HH + HV + VH + VV
VV + VH
VV + VH
VV + VH
VV + VH
HH + HV + VH + VV
VV + VH
VV + VH
VV + VH
VV + VH
VV + VH
VV + VH
HH + HV
VV + VH
HH + HV
VV + VH

38.4
37.3
38.6
38.6
38.6
38.6
38.5
39.0
37.4
39.1
39.1
39.3
39.3
27.4
39.1
38.4
39.1
39.3
39.3
39.3
30.9
39.0
40.5
39.1

10 × 10
6×6
10 × 10
10 × 10
10 × 10
10 × 10
10 × 10
10 × 10
3×3
10 × 10
10 × 10
10 × 10
10 × 10
3×3
10 × 10
10 × 10
10 × 10
10 × 10
10 × 10
10 × 10
6×6
10 × 10
6×6
10 × 10

2.1.3. In Situ Measurements
The in situ measurements of SSM and root mean surface height (Hrms) were performed on a total of 23 reference bare soil plots. Volumetric SSM measurements were
conducted in respect to the SAR acquisition dates within a 2-hour window using a wellcalibrated TDR (Time Domain Reflectometry) probe. Twenty-five to thirty SSM measurements were performed in the top 5 cm of soil and averaged to obtain a mean value of SSM
for each reference plot. The SSM values ranged from 7.0 to 32.65 vol.%.
The soil roughness was measured only once a change in the latter was detected in the
field. The measurements of the soil roughness were performed using a needle profilometer
with a length of 1 m and a needle spacing of 1 cm. For each plot, five parallel roughness
profiles to the SAR line of sight were recorded and another five perpendicular to the line.
Thus, by processing the roughness profile, the Hrms, which represents the vertical scale of
the roughness, was derived. In our study, the recorded Hrms values of the reference plots
varied between 0.5 and 3.8 cm.
Our real database is composed of 78 elements of σ0 in the C-band (VV and VH polarizations) and 31 elements of σ0 in the L-band (HH polarization), all associated with in situ
measurements of SSM and Hrms. Each element of the database corresponds to a reference
plot with associated measurements (SSM and Hrms) at a given SAR acquisition date.
2.2. Synthetic SAR Data
IEM is the most commonly used model in inversion approaches for SSM mapping.
Baghdadi et al. [36–39] undertook several empirical calibrations of the IEM, based on a
large experimental database composed of SAR images and ground measurements (SSM
and Hrms). The calibration consisted of replacing the measured correlation length (L) by an
optimized one (Lopt) estimated for each SAR configuration (polarization and frequency),
Hrms and incidence angle through an empirical equation. This calibration allowed a good
fit between IEM simulated backscattering and the SAR observed data (bias and RMSE of
−0.6 dB and 1 dB in the C-VV, 0.3 dB and 2.3 dB in the C-VH, 0.7 dB and 2.2 dB in the
L-HH, respectively). At the same time, it permitted the reduction of the input parameters
for the IEM model to two soil surface parameters (Hrms and SSM). Most importantly, this
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calibration reduces IEM’s input soil parameters to only two (Hrms and SSM instead of
Hrms, L and SSM) so that the IEM could be used for operational SSM mapping.
The modified IEM was used to generate a synthetic database of σ0 in the C-band
(VV and VH polarizations) and L-band (HH polarization) for a range of input parameters,
corresponding to the incidence angle (θ), SSM and Hrms. In Table 2, the ranges of input
parameters used for the IEM simulations are given, as well as the total number of elements.
Table 2. Minimum and maximum values of the IEM input parameters.
Parameter

Min Value

Max Value

Step

Element Numbers

SSM (Vol.%)
Hrms (cm)
θ (◦ )
Total number of elements

6
0.5
20

36
3.8
45

2
0.2
1

16
18
26
7488

An error corresponding to the SAR observation accuracy was added to the simulated
σ0 in the synthetic databases in order to convey more realistic values of the simulations
(better approximates to real SAR data). For Sentinel-1, this error is relative to the absolute
radiometric accuracy, which is equal to 0.70 dB and 1.0 dB for VV and VH polarizations,
respectively [63]. Moreover, for ALOS-2, Motohka et al. [64] reported that the absolute
radiometric accuracy is less than 0.8 dB. Correspondingly, an absolute zero-mean Gaussian
noise with a standard deviation of ±0.7, ±0.8 and ±1.0 was added to the simulated σ0 in
the C-VV, L-HH and C-VH, respectively.
Accordingly, for each element of our database (SSM, Hrms, θ and IEM’s simulated
backscattering), 100 noise samples were randomly selected from the zero-mean Gaussian
noise distribution. For C-VV, C-VH and L-HH, the random noise was selected from the
zero-mean Gaussian with a standard deviation of ±0.7, ±0.8 and ±1.0 dB, respectively. The
randomly selected noise values were then added to the IEM’s simulated σ0 , and, therefore,
100 elements were generated for each element in our synthetic databases. Finally, our noisy
synthetic databases, in the C-VV, C-VH and L-HH, are composed of 748,800 elements each.
Moreover, to prepare for the NNs training and validation, the noisy synthetic database
was randomly divided into two equal databases: one for the neural network training
(the noisy training database) and another for the neural network validation (the noisy
validation database).
3. Methodology
In this study, the simulated σ0 in the C-VV, C-VH and L-HH were used in an inversion
approach for SSM and/or Hrms estimation, using the neural networks (NNs) technique.
Thus, the development of the inversion approach consists of five steps:

•
•
•

•
•

Generate the synthetic database of SAR backscattering coefficients (σ0 ): C-VV, C-VH
and L-HH.
Add noise to simulated SAR σ0 in order to make the simulated data approximately
closer to real SAR data and to account for the error in the SAR observations.
Divide the noisy synthetic database into two equal sub-databases: one for neural
network training (noisy training database) and the other for neural network validation
(noisy validation database).
Train and test the NNs using the noisy training and validation databases, respectively.
Finally, apply the trained NNs to the real SAR database to estimate SSM and Hrms.

The innovative part of our approach consists of using the L-band-derived Hrms as
an additional predictive variable with the C-band SAR data for SSM estimation with NNs
(Figure 2). The objective behind using L-band-derived Hrms is to investigate whether or
not this would improve the estimation of SSM from C-band SAR data. Indeed, El Hajj
et al [5] and Baghdadi et al. [42] showed that the C-band, without information about the
Hrms, underestimates and overestimates the in situ SSM for smooth and rough surfaces,
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(Figure 2). The objective behind using L‐band‐derived Hrms is to investigate whether or
not this would improve the estimation of SSM from C‐band SAR data. Indeed, El Hajj et
al [5] and Baghdadi et al. [42] showed that the C‐band, without information about the
Hrms, underestimates and overestimates the in situ SSM for smooth and rough surfaces,
respectively.
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NNs retrieval approach of bare soil moisture from C‐band SAR data. Ti are the dates of L‐band images, Tj are the dates of
NNs retrieval approach of bare soil moisture from C-band SAR data. Ti are the dates of L-band images, Tj are the dates of
C‐band images. Ns is the number of the Sentinel‐1 images in the C‐band, Na is the number of ALOS images in the L‐band,
C-band images. Ns is the number of the Sentinel-1 images in the C-band, Na is the number of ALOS images in the L-band,
P1 is the period in which estimated Hrms from L‐band data is considered stable, θ is the SAR incidence angle.
P1 is the period in which estimated Hrms from L-band data is considered stable, θ is the SAR incidence angle.

Artificial neural networks were used to invert the SAR data in the C- and L-bands. Subsequently, to estimate SSM and Hrms separately or simultaneously, three NNs categories
developed (Table 3):

•
•
•

Category 1: Estimation of SSM from C-band SAR data with no Hrms as the input vector.
Category 2: Estimation of Hrms from C- and L-bands SAR data separately.
Category 3: Estimation of SSM from C-band data with Hrms in the input vector.
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Table 3. Input and output parameters for the fifteen neural networks tested in this study. Reference Hrms refers to the
Hrms values used in the IEM model while the noisy Hrms refers to the reference Hrms values with an added noise.
Case

Polarization

Training
Database

Validation
Database

CVV+CVH: NN1

CVV+CVH: NN3
LHH: NN4
CVV+CVH: NN5

6 ≤ SSM ≤ 36

6 ≤ SSM ≤ 36

CVV+CVH: NN6
A priori dry to
slightly wet

CVV+CVH: NN7
CVV+CVH: NN8
LHH: NN9
CVV+CVH: NN10

6 ≤ SSM ≤ 30

6 ≤ SSM ≤ 25

CVV+CVH: NN11

CVV+CVH: NN13
LHH: NN14
CVV+CVH: NN15

θ, σ0
θ,
Reference
Hrms
θ, σ0
θ, σ0
0
θ, σ , Noisy Hrms

SSM

θ, σ0
θ, Sigma, Reference
Hrms
θ, σ0
θ, σ0
0
θ, σ , Noisy Hrms
θ, σ0
θ,
Reference
Hrms
θ, σ0
θ, σ0
θ, σ0 , Noisy Hrms
σ0 ,

CVV+CVH: NN12
A priori very wet

Outputs

σ0 ,

CVV+CVH: NN2
No a priori

Inputs

20 ≤ SSM ≤ 36

25 ≤ SSM ≤ 36

SSM
SSM, Hrms
Hrms
SSM
SSM
SSM
SSM, Hrms
Hrms
SSM
SSM
SSM
SSM, Hrms
Hrms
SSM

In contrast with the category 1, the NNs in category 3 consider the Hrms in the
input vector, in order to improve the SSM estimation from C-band SAR data. Thus, a first
configuration of category 3 consists of using the reference values of Hrms (without noise)
in addition to C-band SAR data (θ, C-VV and C-VH) as the input vector to the NN. Further,
to account for the uncertainties on Hrms estimated from the L-band, the noise quantified
on L-band-derived Hrms (category 2) will be added to the reference Hrms values in the
input vector of category 3 NNs.
The NNs were trained using the Levenberg–Marquardt algorithm [65]. The NNs
structure is characterized by two hidden layers with 20 neurons each [17]. The first and
second hidden layers were associated with linear and tangent sigmoid activation functions,
respectively. El Hajj et al. [5] conducted several trials by using all possible combinations of
transfer function types (linear, tangent sigmoid and log sigmoid). They started up with a
NN with one hidden layer of 10 neurons, then increased gradually the number of neurons
and hidden layers and compute errors on SSM estimation. Finally, two hidden layers
(linear and tangent sigmoid) with 20 neurons each have shown to provide a good estimate
of SSM while keeping a reasonable computing time.
A priori information related to the soil moisture status was introduced while proceeding with the training of the NNs. In recent studies, Baghdadi et al. [17] and El Hajj et al. [5]
reported that a priori knowledge of SSM has significant potential to improve the estimation
and mapping of SSM. In fact, the integration of a priori information restrained the range
of possible SSM estimated values, leading to more accurate SSM estimations. Indeed, the
weather data (precipitation and temperature) can easily determine if the soil is either dry
to slightly wet (lack of precipitation for many days before SAR acquisition) or very wet
(heavy rainfall before SAR acquisition). Consequently, the NNs were trained with and
without a priori information on the soil moisture conditions. Without a priori information
on SSM, the NNs were developed using the entire training database (SSM between 6 and 36
vol.%). On the contrary, with a priori information on SSM, two scenarios were developed,
a priori dry to slightly wet and a priori very wet. In the case of a priori dry to slightly wet
soil, the NNs were built up using the noisy training database elements with SSM between
6 and 30 vol.%. Contrarily, in the case of a priori very wet soil conditions, the NNs were
developed using the noisy training database elements with SSM between 20 and 36 vol.%.
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An overlap of 10 vol.% on SSM is considered between the dry to slightly wet and very wet
training databases of the NNs. To sum up, 15 neural networks were developed (Table 3).
The error on L-band-derived Hrms from NN4, NN9 and NN14 will be used to define
the standard deviation of the zero-mean Gaussian noise (Section 4.1.3) that will be added
to the noisy Hrms in the input vector of NN5, NN10 and NN15 (NNs to estimate SSM).
Finally, these trained NNs will be applied to real SAR data. First, ALOS data will
be used for estimating Hrms. Next, Sentinel-1 data will be used in addition to the Lband-derived Hrms in order to assess the potential of accuracy improvement of the SSM
estimation in comparison to NNs, which do not consider the Hrms in the SSM estimation process.
After the training process, the noisy validation database is used for the estimation of
SSM and/or Hrms. The difference between estimated parameters and reference parameters
was computed and the error studied by means of the bias (estimated value − reference
value) and the Root Mean Square Error (RMSE).
4. Results
4.1. Inversion Results on the Synthetic Database
The trained neural networks (Table 3) were applied on the noisy validation database
and the accuracy of the estimated SSM were evaluated and compared to the reference SSM.
The results obtained from the NNs that estimate SSM (only) from the C-band data
without the use of Hrms in the input vector (NN1, NN6 and NN11) and with the use of
reference Hrms (known without an error) in the input vector (NN2, NN7 and NN12) are
presented in Section 4.1.1. Moreover, the NNs developed to estimate the Hrms from the
C-band (NN3, NN8 and NN13) are presented in Section 4.1.2. Then, the results of the NN4,
NN9 and NN14, trained for the estimation of the Hrms from the L-band, are illustrated in
Section 4.1.3. Finally, in Section 4.1.4, the potential of improving SSM estimation from the
C-band using noisy Hrms in the input vector is investigated based on the comparison of
the results of the NNs with no Hrms in the input vector and NNs with a noisy Hrms in the
input vector (NN5, NN10 and NN15).
4.1.1. SSM Estimation Using C-Band Data rms
The performance of the NNs for SSM estimation from the C-band with and without
reference Hrms in the input vector is shown in Figure 3. For NN1 and NN2 (no a priori
information on SSM), the accuracy computation was performed using the whole validation
database (SSM between 6 and 36 vol.%). The NN1, built neglecting the Hrms contribution
to SAR backscattering and thus the consequences on SSM estimation, overestimates the
reference SSM values by 0.6 vol.% with an RMSE of 4.33 vol.% (Figure 3a). Additionally,
the NN2 that considers the reference Hrms as an input overestimates the SSM values by
0.22 vol.% with an RMSE of 2.41 vol.% (Figure 3b).
In addition, with the use of a priori information on SSM in dry to slightly wet soil
conditions, the NN6 slightly overestimates the SSM by 0.84 vol.% with an RMSE of 3.20
vol.% for SSM values lower than 25 vol.% (Figure 3c). Moreover, with the consideration
of the reference Hrms in the NN input vector, the accuracy of the estimates is improved.
Indeed, the use of NN7 improves the accuracy of the SSM estimations, decreasing the bias
by 0.48 vol.% and the RMSE by 1.37 vol.% (Figure 3d) in comparison to the results obtained
with NN6. Such improvement with the use of Hrms in the input vector is not observed
in the case of a priori very wet information on SSM (Figure 3e,f) because the SAR signal
is not sensitive to SSM values higher than 30–35 vol.%. Indeed, the NN11 (a priori very
wet information and discarding Hrms from the input vector) slightly underestimates the
reference SSM values (between 25 and 36 vol.%) by −0.59 vol.% with an RMSE of 3.80
vol.% (Figure 3e), while the NN12 (a priori very wet information with Hrms in the input
vector) yields slightly smaller bias (−0.12 vol.%) and RMSE (3.01 vol.%) (Figure 3f).
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(Figure 3e), while the NN12 (a priori very wet information with Hrms in the input vector)
yields slightly smaller bias (−0.12 vol.%) and RMSE (3.01 vol.%) (Figure 3f).
Furthermore, the evolution of the errors (i.e., bias and RMSE) was analyzed
according to the reference Hrms values (Figure 4). For the NNs of the category 1 (NN1,
NN6 and NN11) the results vary greatly as a function of the Hrms. As the reference Hrms
increases from 0.5 to 3.8 cm:

Remote Sens. 2021, 13, 2102

greatly increases for NN1 and NN6 and slightly increases for NN11. At Hrms values of
3.8 cm, the RMSE on the SSM estimations reaches 5 vol.% for NN1 and 4 vol.% for both
NN6 and NN11 (Figure 4b). For the NNs of category 3 with the reference Hrms in the
inputs (NN2, NN7 and NN12), the RMSE on the estimated SSM values remains constant
as the Hrms increases from 0.5 to 3.8 cm. For Hrms values between 0.5 and 3.8, the RMSE
12 of 26
reached 3.0, 2.3 and 1.8 Vol.% for NN12 (a priori very wet information), NN2 (no a priori
information) and NN7 (a priori dry to slightly wet information), respectively (Figure 4b).
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Thus, the use of a priori information in very wet (NN11) and dry to slightly wet soil
conditions (NN6) improves the accuracy of the SSM estimations, in terms of bias, by 1.5 and
0.8 vol.%, for Hrms values greater than 2 cm and 1.5 cm, respectively (Figure 4a). In fact,
for Hrms values below 1.5 cm, there is an underestimation of SSM (higher for NN1, NN6
an NN11), and above Hrms = 1.5 cm, an overestimation of SSM is observed (higher for
NN1 and lower for NN11). The underestimation of SSM increases as the Hrms decreases
while the overestimation of SSM increases as the Hrms increases.
As for the NNs developed with the reference Hrms in the inputs (NN2, NN7 and
NN12), the results showed that the estimations of the SSM are constant and non-biased for
all Hrms values (between 0.5 and 3.8 cm), whether we consider or not a priori information
on SSM (Figure 4a).
The evolution of the RMSE is also analyzed according to Hrms (Figure 4b). The results
of NN1, NN6 and NN11 largely vary in function of the Hrms values. In fact, for Hrms
values between 0.5 and 1.5 cm, the RMSE on SSM estimates decreases from 6 to 2.8 vol.%
when no a priori information is considered on SSM (NN1), from 4 to 2 vol.% for a priori
dry to slightly wet information (NN6), and from 5.5 to 3 vol.%, approximately, for a priori
very wet information (NN11) (Figure 4b). For Hrms higher than 1.5 cm, the RMSE greatly
increases for NN1 and NN6 and slightly increases for NN11. At Hrms values of 3.8 cm,
the RMSE on the SSM estimations reaches 5 vol.% for NN1 and 4 vol.% for both NN6 and
NN11 (Figure 4b). For the NNs of category 3 with the reference Hrms in the inputs (NN2,
NN7 and NN12), the RMSE on the estimated SSM values remains constant as the Hrms
increases from 0.5 to 3.8 cm. For Hrms values between 0.5 and 3.8, the RMSE reached 3.0,
2.3 and 1.8 Vol.% for NN12 (a priori very wet information), NN2 (no a priori information)
and NN7 (a priori dry to slightly wet information), respectively (Figure 4b).
4.1.2. Hrms Estimation Using C-Band Data
Figure 5 shows the estimations of Hrms using NNs built with C-band data as a
function of the reference Hrms values. The estimations of the Hrms are obtained with
an RMSE of 0.89 cm when no a priori information on SSM is used (Figure 5a). Similar
accuracy (RMSE = 0.9 cm) was observed for the NNs with a priori information on SSM in
dry to slightly wet soil conditions (NN8) (Figure 5b). Finally, a slightly better RMSE on
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Furthermore, the error on the Hrms estimations was analyzed according to the
reference Hrms values (Figure 7). For both NN4 (without a priori information on SSM)
and NN9 (with a priori information on SSM in dry to slightly soil wet conditions),
approximately similar error behavior, according to Hrms, is reported. In fact, an
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In addition, the relative bias (RBias %) was computed as the bias over the average
of the reference Hrms values. Figure 7b shows the maximum values of RBias between
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60% and 70% for NN4 and Hrms between 0.5 and 1 cm. For Hrms between 1.5 and 3.8
cm, RBias varies between −20% and 20%. In addition, for NN9 and NN14, RBias varies
between −30% and 42% and between −10% and 28%, respectively. In conclusion, the use
of a priori information on SSM leads to absolute RBias which does not exceed 30% for
Hrms between 1.2 and 3.8 cm.
Figure 7c shows that the RMSE on Hrms is much larger with NN4 and NN9 than with
NN14. For NN4 and NN9, the RMSE on Hrms increases as the Hrms increases between
0.5 and 1.0 cm. Indeed, for NN4 the RMSE increases from 0.4 to 0.75 cm as the Hrms
increases from 0.5 to 1 cm. Moreover, for NN9 the RMSE increases from 0.25 to 0.60 cm
as the Hrms increases from 0.5 to 1 cm. A decrease in RMSE on Hrms is then observed
with NN4 and NN9 for Hrms values between 1.0 and 2.5 cm to increase again beyond 2.5
cm and reach its highest value of 1.15 cm for a Hrms of 3.8 cm. In the case of NN14 (with
a priori information on SSM in very wet soil conditions), the RMSE values are lower in
comparison to NN4 and NN9 with RMSE values not exceeding 0.5 cm (Figure 7c).
To deeply analyze the accuracy of the Hrms estimation using the L-band data, the
relative RMSE (RRMSE) was plotted (Figure 7d). The RRMSE relates the RMSE to the
reference range of the variable (Hrms). Thus, it can be interpreted as a fraction (percentage)
of the overall range that is typically resolved by the NNs. The RRMSE is expressed as the
RMSE of the Hrms estimations over the average of reference Hrms values. The results
show that the RRMSE strongly depends on the Hrms values, mainly with NN4 and NN9.
For all NNs, an increasing RRMSE is observed when Hrms values range between 0.5 and
1.0 cm. The greatest values of RRMSE using NN4, NN9 and NN14 are 94%, 70% and
38%, respectively (Figure 7d). Then, beyond this threshold (Hrms = 1.0 cm), the RRMSE
tends to sharply decrease to reach 20% for Hrms = 2.5 cm regardless of the NN. For Hrms
greater than 2.5 cm, the RRMSE continues to decrease for NN14 to reach 10% while it
begins to slowly increase for NN4 and NN9 to reach an RRMSE of around 30% (Figure 7d).
Consequently, for most agricultural plots that typically have Hrms between 1.5 and 2.5 cm,
the RMSE on Hrms is about 0.5 cm with a corresponding RRMSE between 20% and 40% in
the case of NNs with a priori information on SSM (NN9 and NN14).
4.1.4. SSM Estimation Using C-Band Data and Noisy Hrms values
In Section 4.1.1., we showed that when reference Hrms was considered in the training
of the NNs (NN2, NN7, NN12), the overall accuracy on the estimations of SSM was
improved compared to the NNs built neglecting the Hrms effect (NN1, NN6, NN11).
Thus, in this section, we will analyze the improvement brought by the integration of Hrms
estimated using the L-band data on the SSM estimations from C-band SAR data (NN4,
NN9 and NN14). NNs trained with noisy Hrms in the input vector in addition to the
C-band data will be tested (NN5, NN10 and NN15). Therefore, a relative noise equivalent
to the uncertainty on the Hrms estimates from the L-band (Figure 7d) was added to the
reference Hrms. In fact, the NN4 (no a priori information on SSM), NN9 (a priori dry to
slightly wet soils) and NN14 (a priori very wet soils) exhibited an average RRMSE on the
estimations of Hrms using the L-band of 41.8%, 34.3% and 20.7%, respectively (Figure 7d).
Thus, the relative accuracy on the Hrms estimates from the L-band is assumed, in this
study, as 40%. Consequently, the noise added on the reference Hrms values is a relative
zero-mean Gaussian noise with a standard deviation of 40%. Accordingly, NN5, NN10 and
NN15 are trained with the noisy Hrms values along with the synthetic C-band SAR data.
Figure 8 shows that the NN5 (without a priori information on SSM) and the NN10
(a priori information in dry to slightly wet soil conditions) underestimate the SSM for
Hrms values lower than 1.5 cm. This underestimation is also observed using the NN15
(a priori information in very wet soil conditions) for Hrms <2 cm (Figure 8a). In fact,
the bias is higher for low Hrms values (−2.3 vol.% with NN5 and −1.7 vol.% NN10 for
Hrms = 0.5 cm). This underestimation was higher with NN1 and NN6 (neglecting the
Hrms effect). In fact, for Hrms values lower than 1.5 cm, NN1 and NN6 underestimate
the reference SSM with a maximum bias of about −4 vol.% (for Hrms = 0.5 cm). At Hrms
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values greater than 1.5 cm, the reference SSM is overestimated for the NNs without a priori
information on SSM and for NNs with a priori information for dry to slightly wet soils
(NN1, NN5, NN6, NN10) (Figure 8a). This overestimation increases as the Hrms values
increase, with a higher error for the NNs that neglect the Hrms effect (NN1 and NN6).
For SSM values greater than 25 vol.%, the NNs with a priori information on SSM, both
NN11 (Hrms neglected) and NN15 (noisy Hrms in inputs), underestimate the SSM for
Hrms values ranging between 0.5 and 2 cm. This underestimation is higher for NN11 and
decreases when the Hrms increases. The bias varied between −4 and 2.7 vol.% for NN11
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are applied if SAR images were acquired on a date far from a rain event or when high
temperatures are recorded (quickly dried soil). The NNs with a priori information on SSM
in very wet soil conditions (NN11, NN14 and NN15) are applied if SAR images are acquired
after an intense rain event. Thus, for every category, the estimated values are selected
based on the appropriate NN used (e.g., NN9/NN14, NN6/NN11 and NN10/NN15)
For the estimation of Hrms, NNs trained with the L-band data as inputs (NN4, NN9
and NN14) were used for the inversion of the real database. Figure 9 shows the estimated
Hrms versus the in situ Hrms. The results of NN4, NN9 and NN14 showed that the use
of a priori information on SSM does not improve the accuracy of the estimated Hrms
from the L-band (Section 4.1.3). In fact, our real in situ database is composed of 80% of
points with an SSM between 0 and 25 vol.% (dry to slightly wet soil conditions). Therefore,
relatively similar results were obtained with and without considering a priori information
on SSM (Figure 9), exhibiting a slight overestimation by 0.23 to 0.26 cm with an RMSE
ranging between 0.78 and 0.82 cm. This overestimation observed for real data is in line
with results from synthetic data where an overestimation is observed with NN4 and NN9
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the estimated SSM compared to the results obtained without a priori information on SSM
(NN5) (Figure 10c,d). Therefore, the integration of the L‐band‐derived Hrms using a priori
information on SSM provided slightly significant better estimations (bias = −0.21 vol.%
and RMSE = 3.0 vol.%) compared to the estimations obtained neglecting the Hrms in the
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for the inversion using estimated Hrms (NN10 and NN15), improves the accuracy of the
estimated SSM compared to the results obtained without a priori information on SSM
(NN5) (Figure 10c,d). Therefore, the integration of the L-band-derived Hrms using a priori
information on SSM provided slightly significant better estimations (bias = −0.21 vol.%
and RMSE = 3.0 vol.%) compared to the estimations obtained neglecting the Hrms in the
input vector (NN6 and NN11) (Figure 10b,d). More specifically, for plots with Hrms higher
than 3 cm (blue ellipses in Figure 10b), a high overestimation of SSM was obtained from
NNs that do not consider the L-band-derived Hrms in their input vector (NN6 and NN11),
whereas slightly biased SSM estimation (−0.21 vol.%) was obtained from NNs that use
L-band-derived Hrms in their inputs vector (NN10 and NN15). Similarly, for Hrms lower
than 1 cm (red ellipses in Figure 10d), all the NNs underestimate the in situ SSM, with
Remote Sens. 2021, 13, x FORlower
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underestimation observed for NNs that use the L-band-derived Hrms in their input
vectors (NN10 and NN15).
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5. Discussion
The results obtained in Sections 4.1.1 and 4.1.4 indicate that both SSM and Hrms
largely influence the SSM estimation accuracy. Although acceptable retrieval results of
SSM have been published in several previous studies [47,55,66–68], numerous
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5. Discussion
The results obtained in Sections 4.1.1 and 4.1.4 indicate that both SSM and Hrms
largely influence the SSM estimation accuracy. Although acceptable retrieval results of SSM
have been published in several previous studies [47,55,66–68], numerous publications reported on poor results when inverting the SAR backscattering coefficient to SSM [35,69–71].
Generally, a lack of accurate information about soil roughness was assigned as being the
main source of error that caused the failure of the SSM retrieval [60,72]. Moreover, in a
tentative experiment to improve SSM estimation, Baghdadi et al. [17] proposed an approach
based on the NN technique to estimate both SSM and Hrms from polarimetric C-band SAR
data. The objective was to investigate the potential of C-band SAR data to estimate the
Hrms, so that the C-band-derived Hrms (with incidence angles of 34–36◦ and 45–47◦ ) could
be used in the input vector to NNs for SSM estimation. Unfortunately, the results revealed
a great difficulty in correctly estimating the soil roughness. In fact, an underestimation
of in situ Hrms was obtained for Hrms values higher than 2.5 cm, and an overestimation
was observed for low and medium surface roughness (<2.5 cm), with an overall RMSE
equal to 0.5 cm. In addition, Satalino et al. [66] conducted a study to assess the feasibility
of retrieving soil moisture content over smooth bare-soil fields using SAR data, and the
results indicated that no more than two soil moisture classes can reliably be distinguished
using the SAR configuration, even for the restricted roughness range considered.
Hence, to better understand the effects of SSM and Hrms on the SSM estimation
accuracy, the error on SSM estimations (i.e., bias and RMSE) was plotted according to both
SSM and Hrms (Figure 11). The NNs built with the use of Hrms in their input vectors (NN5,
NN10, NN15) show that the knowledge of the Hrms improves the estimation accuracy of
the SSM compared to the NNs that neglect the Hrms in the input vector (NN1, NN6, NN11)
(Figure 11). Although, the magnitude of the improvement greatly varies with the values
of Hrms and SSM. For SSM values greater than 25 vol.% and Hrms <1.6 cm, the reference
SSM is mainly underestimated for both NN11 and NN15 (Figure 11a,b). For Hrms values
around 0.7 cm and SSM values >31 vol.%, NN11 (no a priori information on SSM and
without Hrms in the input vector) underestimates the reference SSM by up to −8 vol.%
(Figure 11a). This underestimation decreases when using NN15 with a bias that reaches
−4.0 vol.% at the highest SSM (35 vol.%) and an Hrms of 0.7 cm (Figure 11b). For Hrms
>1.6 cm, an overestimation of SSM is observed for SSM values between 25 and 33 vol.%, by
up to 4.5 vol.% using NN11 and a lower bias reaching 3.0 vol.% using NN15. An underand overestimation of SSM of relatively the same order of magnitude, compared to NN1,
NN6 and NN11, was also reported by El Hajj et al. [5] in a similar approach using NNs
to invert data in the C-band without accounting for Hrms in the retrieval of SSM. Indeed,
results showed that the accuracy of SSM estimation is related to the consideration of the
Hrms in the inversion approach.
Similarly, for SSM values lower than 25 vol.%, the SSM, with both NN6 and NN10,
are underestimated when Hrms was lower or equal to 1.2 cm (Figure 11c,d). However,
the results show that the underestimation increases when Hrms value decreases and is
of lower magnitude when using Hrms as an input vector in NN10 (up to −2.5 vol.%
when Hrms = 0.5 cm and SSM = 25 vol.%) compared to the NN6 (up to −5.0 vol.% when
Hrms = 0.5 cm and SSM = 25 vol.%). When Hrms is greater than 1.2 cm, the SSM is
mainly overestimated (Figure 11c,d). This overestimation decreases when the NN10 is
applied instead of NN6, with a maximum bias of 2.8 and 4.5 vol.%, respectively. For Hrms
values higher than 1.6 cm and a given SSM (between 6 and 24 vol.%), the overestimation
increases as the Hrms increases (Figure 11c,d). In fact, for Hrms values higher than 2 cm, the
increased contribution of Hrms results in a high backscattering coefficient and consequently
an overestimation of SSM for dry to slightly wet soils and a slight underestimation of SSM
with a low RMSE for very wet soils (SSM values between 25 and 40 vol.%) because the SAR
backscattering becomes insensitive to the SSM for SSM >30 vol.%. In addition, for Hrms
values less than 1 cm (smooth surface), the low backscattering coefficient produced by
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SSM and Hrms values. Hence, a distinguishable improvement of the SSM estimation
accuracy is mainly observed for low Hrms (<1.0 cm) and SSM values greater than 14 vol.%. 20 of 26
In fact, the RMSE on NN6 estimations increased gradually with increasing SSM between
6 and 24 vol.% and Hrms lower than 1 cm. The highest RMSE value is of 6.6 vol.% (Figure
11g), whereas in NN10 this value tends to decrease by 2 vol.% to reach ≈ 4.6 vol.% (Figure
11h). In surface
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Moreover, the RMSE was analyzed according to SSM and Hrms (Figure 11e–h). For
SSM values between 25 and 35 vol.%, the RMSE is less than 4.0 vol.% except for Hrms >1.6
cm and SSM values between 31 and 35 vol.%. Higher RMSE values are observed when
neglecting the Hrms effect (NN11) (Figure 11e) compared to the results obtained using
NN15 (Figure 11f). In addition, at a Hrms = 0.8 cm and SSM = 35 vol.%, the RMSE on the
SSM estimations reached a maximum of 8.5 and 6.4 vol.% when applying the NN11 and
NN15, respectively.
For SSM values between 6 and 24 vol.%, the developed NN10 with L-band-derived
Hrms in input generates more accurate estimations compared to NN6, regardless of the
SSM and Hrms values. Hence, a distinguishable improvement of the SSM estimation
accuracy is mainly observed for low Hrms (<1.0 cm) and SSM values greater than 14 vol.%.
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In fact, the RMSE on NN6 estimations increased gradually with increasing SSM between
6 and 24 vol.% and Hrms lower than 1 cm. The highest RMSE value is of 6.6 vol.%
(Figure 11g), whereas in NN10 this value tends to decrease by 2 vol.% to reach ≈ 4.6 vol.%
(Figure 11h). In addition, an enhancement (decrease in the RMSE) of the same magnitude
was noticed when Hrms is greater than 2.4 cm and SSM ranges between 8 and 22 vol.%
(Figure 11g,h).
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The arrival of the new SAR L-band sensors (some are planned to be launched in 2022)
along with the continuous SAR Sentinel-1 data acquisition will allow an operational SSM
mapping from the developed method (use the L-band-derived Hrms along with the C-band
data). This will lead to a more accurate and improved SSM estimation in comparison to the
use of C-band SAR data alone. Moreover, thanks to the higher penetration depth of the
L-band SAR signal, the new L-band SAR data will permit a SSM estimation of soil under
well-developed vegetation cover (NDVI > 0.7), which is not possible with the C-band data
due to the SAR signal saturation [1]. Such SSM data availability and precision would make
SSM estimation a convenient parameter to be used in many hydrological and agronomic
applications. In particular, SAR-derived SSM could be used to calibrate crop models by
data assimilation. A calibrated crop model is a reliable tool to improve yield through the
optimization of agriculture practices such as, and not limited to, irrigation and fertilization.
6. Conclusions
This study aimed to investigate the interest of integrating L-band-derived Hrms to
improve surface soil moisture (SSM) estimation from the C-band data over bare soils. The
estimation approach uses the neural networks (NNs) trained on a synthetic database of
SAR backscattering coefficients to invert the SAR signal and estimate soil parameters (SSM
and Hrms). First the modified Integral Equation Model (IEM-B) was used to generate a
synthetic database composed of backscattering coefficients (in the C-VV, C-VH and L-HH)
with an incidence angle ranging from 20◦ to 45◦ over a wide range of SSM (between 6 and
36 vol.%) and Hrms (between 0.5 and 3.8 cm). Then, an absolute noise was added to the
simulated backscattering coefficients to obtain a more realistic synthetic database. The
developed NNs with C- and L-bands data were trained using the noisy synthetic database
and validated using both synthetic and real databases to evaluate their performance for
the estimation of SSM.
Thus, several NNs were built in order to assess the performance of the SSM estimation
from the C-band (with and without Hrms in the input vector). In addition, a priori
information on SSM was considered (dry to slightly wet SSM or very wet SSM). The results
showed that the use of the non-noisy (reference) Hrms provide a better overall accuracy for
the SSM estimates from C-band data compared to the case without the Hrms in the input
vector of the NNs. In fact, an improvement of approximately 2.0 vol.% was observed on
the RMSE (the RMSE was 4.33 vol.% without using Hrms and 2.41 vol.% when the nonnoisy Hrms is in the input vector). The results of the Hrms estimation using the synthetic
database show that NNs built using the L-band data provide more accurate estimations of
the Hrms compared to the NNs with the C-band. Indeed, the Hrms estimated from the
L-band data showed an RMSE that ranged between 0.35 and 0.60 cm according to SSM and
Hrms values, while the C-band results showed Hrms estimations with a lower accuracy
and an RMSE ranging from 0.71 to 0.90 cm. Thus, the estimation of the Hrms is more
suitable using data in the L-band with a mean relative RMSE (RRMSE) of approximately
40% compared to 145% in the C-band.
Accordingly, a noisy Hrms of 40% along with C-band data were used to develop
NNs for the estimation of SSM, in order to evaluate the potential of improving the SSM
estimation compared to the NNs that neglect the Hrms in their inputs. In general, the
results reported that consideration of a priori information improves the precision of the
SSM estimates. The results showed that the error on the SSM estimation depends firmly on
the SSM and Hrms. The NNs tend to underestimate and overestimate the SSM for Hrms
values less and greater than 1.5 cm, respectively, and the RMSE was the lowest (between
1.0 and 3.7 vol.%) for intermediate Hrms values (Hrms between 1.5 and 2.0 cm). Moreover,
the developed NNs that consider the noisy Hrms in their input vector provided more
accurate estimations of the SSM compared to those built neglecting the Hrms. In fact, for
Hrms lower than 1.5 cm and SSM between 10 and 25 vol.% as well as SSM ranging from
30 to 36 vol.%, both the SSM underestimation (bias values up to −8.0 vol.%) and the RMSE
on SSM (reaching 8.5 vol.%) decreased by 2.0 vol.%, approximately, when the noisy Hrms is
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used in the NN input vector. Nonetheless, for Hrms between 1.5 and 2.0 cm, no significant
improvement was observed on the SSM estimation accuracy (RMSE around 2.5 vol.%) and
the overestimation decreased by less than 1.0 vol.%. In addition, for Hrms values higher
than 2.0 cm and SSM between 8 and 22 vol.%, an improvement of the SSM estimation
accuracy by about 2.0 vol.% was observed and the SSM overestimation decreased from a
maximum value of 4.5 to 2.3 vol% and the RMSE from 5.6 to 3.5 vol.%.
The developed neural networks were applied on the real database. For the in situ
SSM values lower than 15 vol.%, the results showed that the NNs with the Hrms estimated
from ALOS/PALSAR as well as the Sentinel-1 signal in the input vector overestimate the
SSM but provided more accurate SSM estimates than the NNs that do not consider the
Hrms in their input vectors. More specifically, the overestimation decreases by 1.1 vol.%
for Hrms <1.5 cm and by 2.6 vol.% for Hrms >1.5 cm. However, for in situ SSM higher
than 15 vol.%, the L-band-derived Hrms did not show any significant improvement of the
SSM estimation.
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