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Abstract: As an indispensable ecological parameter, surface soil moisture (SSM) is of great significance
for understanding the growth status of vegetation. The cooperative use of synthetic aperture radar
(SAR) and optical data has the advantage of considering both vegetation and underlying soil scattering
information, which is suitable for SSM monitoring of vegetation areas. The main purpose of this
paper is to establish an inversion approach using Terra-SAR and Landsat-7 data to estimate SSM
at three different stages of corn growth in the irrigated area. A combined scattering model that
can adequately represent the scattering characteristics of the vegetation coverage area is proposed
by modifying the water cloud model (WCM) to reduce the effect of vegetation on the total SAR
backscattering. The backscattering from the underlying soil is expressed by an empirical model with
good performance in X-band. The modified water cloud model (MWCM) as a function of normalized
differential vegetation index (NDVI) considers the contribution of vegetation to the backscattering
signal. An inversion technique based on artificial neural network (ANN) is used to invert the
combined scattering model for SSM estimation. The inversion method is established and verified
using datasets of three different growth stages of corn. Using the proposed method, we estimate the
SSM with a correlation coefficient R ≥ 0.72 and root-mean-square error RMSE ≤ 0.043 cm3/cm3

at the emergence stage, with R ≥ 0.87 and RMSE ≤ 0.046 cm3/cm3 at the trefoil stage and with
R ≥ 0.70 and RMSE ≤ 0.064 cm3/cm3 at the jointing stage. The results suggest that the method
proposed in this paper has operational potential in estimating SSM from Terra-SAR and Landsat-7
data at different stages of early corn growth.

Keywords: surface soil moisture; TerraSAR-X; Landsat; combined scattering model; artificial neural
network; corn

1. Introduction

Although surface soil moisture (SSM) accounts for only a small part of the entire water cycle,
it is a crucial basis for various hydrological, biological, and biogeochemical processes. It controls
the distribution between surface infiltration and surface runoff, and is a primary factor for energy
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exchange between land and atmosphere [1]. In agricultural production, the accurate acquisition
of SSM with high temporal and spatial resolution is particularly important for precision irrigation,
crop growth monitoring and field estimation [2]. However, the measurement of SSM by in-situ sensors
is not only costly, but also cannot effectively capture the spatiotemporal variability of SSM, especially
in large irrigation areas [3–5]. In addition, unlike atmospheric pressure and other meteorological
variables, SSM has the characteristics of high inhomogeneity and large spatial variation, so it is difficult
to obtain the accuracy that meets the requirements of precision irrigation and field estimation [6].
Satellite remote sensing observations have considerable potential to describe SSM at different scales in
a consistent, timely, and cost-effective manner [7–12]. Optical remote sensing data is mainly used to
estimate crop vegetation parameters in agricultural applications [13]. There are also some studies that
use thermal infrared data to measure surface temperature and estimate SSM [14–16]. Compared with
optical remote sensing, the application of microwave remote sensing technology in SSM acquisition has
attracted much attention due to its high sensitivity to soil dielectric constant and flexible all-weather
and full-time sensing capabilities [17–20]. As a kind of active microwave remote sensing with high
spatial resolution and high penetrating ability, synthetic aperture radar (SAR) has been widely studied
in the restoration of SSM [21–29].

Several studies have proven that there is a strong correlation between radar backscattering
coefficients σ0 and SSM on bare surface and sparse vegetation areas [23,27,28,30]. Therefore,
various scholars have established models to estimate SSM. These models can be roughly divided into
three categories [21]. The first type is the theoretical model, such as small perturbation model [31],
integral equation model (IEM) [32], and Kirchhoff model (KM) [33]. These models are based on
radiative transfer equations and can describe the relationship between SSM and SAR backscattering
coefficients in different geographical areas. However, the theoretical model expressions are complex
and require many field measurements, so there are a multitude of limitations in practical applications.
The second type is the semi-empirical model combining empirical and theoretical models [34,35].
The last type is the empirical model represented by the regression model [36], Oh model [37],
and Dubois model [38,39]. The experimental relationship between SSM and SAR backscattering
coefficients is based on measured data and actual scenarios. Empirical models can perform well under
the conditions corresponding to the scenario where the actual data is measured. In addition, due to
the concise expression of the empirical model, it is used by many scholars to invert the SSM [36–39].

For farmland areas covered by vegetation, the SAR backscattering coefficient is related to
vegetation coverage in addition to surface scattering. If the aforementioned model is used to invert the
SSM of the surface under vegetation, it will cause an underestimation of the SSM [21,40]. In order to
obtain accurate SSM estimates, it is necessary to combine the vegetation scattering model. Common
vegetation scattering models include the Michigan microwave canopy scattering model (MIMICS) [41]
and the water cloud model (WCM) [42]. The MIMICS model is a complex vegetation scattering model,
which requires many measured parameters. It mainly describes the scattering relationship between
vegetation and the earth surface in the forest areas [43]. In contrast, the WCM has been widely studied
in the SSM estimation of vegetation areas in the past two decades because of its simple expression and
easy-to-obtain vegetation parameters. Most of these studies have used the WCM for SSM estimation
from C and X-band SAR and achieved accuracies better than 0.08 cm3/cm3 [23,27,44,45]. In addition,
the vegetation parameters required by the WCM can be obtained directly from optical remote sensing,
so the collaborative inversion of SSM by optics and SAR has obvious advantages.

With the increase of the amount of SAR data, change detection method [46,47] and artificial neural
network (ANN) [23,27,29,48,49] have appeared successively. However, the change detection methods
are widely based on the assumption that vegetation changes slowly in the time dimension, and little
consideration is given to the effects of vegetation growth [46,50]. In recent years, the ANN method has
been extensively studied in estimating SSM [5,51]. El Hajj et al. [23,27] used ANN combined with WCM
to estimate SSM for X, C and L band data, respectively. When the normalized differential vegetation
index (NDVI) is less than 0.7, the root-mean-square error (RMSE) of the X-band is 0.036 cm3/cm3,
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the C-band is 0.046 cm3/cm3, and the L-band is 0.053 cm3/cm3. When the NDVI is greater than 0.7,
the RMSE is less than 0.08 cm3/cm3. This shows that under the condition of different thickness of
vegetation cover, ANN combined with WCM can accurately estimate the SSM.

Although the above studies have obtained high-precision SSM estimates on both bare ground and
vegetation coverage areas, few studies have considered SSM estimates at different stages of vegetation
growth. However, the SSM of each growth stage of crops is exactly a exceedingly crucial parameter
in agricultural irrigation [52]. At different stages of crop growth, crops vary greatly in shape, height,
and coverage [52], especially for altherbosa such as corn, which has large spacing between plants and
relatively thick stems.

In this paper, we provide a combined scattering model based on a modified water cloud
model (MWCM) (see Section 3.1 and Equations (10) and (11)) and an empirical model proposed
by El Hajj et al. [27] to determine the relationship between SSM and SAR backscattering coefficient.
The proposed combined scattering model is parameterized by Terra-SAR data, Landsat-7 data and
measured SSM data collected from three times from the emergence stage to the jointing stage of
corn. In order to prove the effectiveness of the combined scattering model, the performance of
simulated SAR backscattering coefficients in three stages of corn growth is compared using WCM and
MWCM combined with GOM and the empirical model respectively. Subsequently, a large number of
SSM, NDVI and corresponding SAR backscattering coefficient are simulated using the parameterized
combined scattering model as the training set of ANN. The trained ANN is used to estimate the SSM
on the measured data of corn at three different growth stages. Finally, the estimated SSM is compared
with the actual measured SSM to evaluate the accuracy of the model.

The remainder of this paper is organized as follows. Section 2 describes the details of the study
area, Terra-SAR data, Landsat-7 data and field measurements. Section 3 introduces the specific content
of the combined scattering model and the structure and usage of ANN. The inversion results are
presented in Section 4, and the results are discussed in Section 5. Finally, the entire article is summarized
in Section 6 and make a prediction for subsequent learning.

2. Study Site and Data Collection

2.1. Study Area

The experimental data in this study is from the Heihe watershed allied telemetry experimental
research (HiWATER), which is a multi-scale hydrologic observation experiment conducted in the Heihe
river basin (HRB) from 2012 to 2015 [53,54]. The HRB as an experimental watershed is a typical inland
river basin located in the arid region of northwestern China. It is located between 97.1–102.0◦E and
37.7–42.7◦N, and is associated with alpine and arid areas. Comprehensive observation experiments on
snow cover and frozen soil hydrology, irrigation water balance, crop growth, and ecological water
consumption are carried out at the upper, middle and lower reaches of the HRB, respectively [54].
In this paper, the data of the farmland irrigated area of the artificial oasis in the middle reaches
of the HRB in the HiWATER are selected as the research object. The artificial oasis belongs to
temperate arid climate, with an average annual rainfall of 198 mm and an average annual temperature
of 7 ◦C. These regions are the largest corn seed production bases in China and have the most
comprehensive irrigation infrastructure, mainly river irrigation and well irrigation. Irrigation water
quality is good with a pH value of about 8.09, dissolved oxygen of about 8.1 mg/L, permanganate
index of about 3.72 mg/L, ammonia nitrogen of about 0.41 mg/L and total phosphorus of about
0.104 mg/L. The experimental region covers an area of 5.5 km × 5.5 km, mainly consisting of villages,
roads, orchards, and corn fields, which can represent the crop structure and cultivation method of
the middle irrigation area. Figure 1 shows the specific geographic location and surface coverage of
the area. The soil texture in the test areas is as follows [55]: clay content: 0.080; sand content: 0.35;
loam content: 0.57. The average soil bulk density, saturation moisture capacity and field capacity in
the test area are 1.49, 0.39 cm3/cm3 and 0.32 cm3/cm3 respectively [55,56].
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Figure 1. Study area specific geographical location, land use map and the location of the sensor network.

2.2. In Situ Measurements

The measured SSM data were collected from the sensor network arranged in HiWATER.
It provides a multi-scale dataset of meteorological elements and land surface parameters for easy
estimation of soil moisture on land surfaces. In this paper, three sensor network datasets in the middle
reaches of the HRB are selected as research objects. All the sensors are located in the artificial oasis
farmland in the middle reaches of HRB. The range of surface roughness information is [1.0–2.0] cm for
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root mean square height h and [12.0–16.0] cm for correlation length l [57]. The first sensor network is
BNUNET [58], with three soil temperature probes installed at 4, 10, and 20 cm below the land surface
and one soil moisture sensor (SPADE) at 4 cm, with an observation frequency of 10 min, from May 2012
to September 2012 [54,55,59]. The second is WATERNET [60], which includes two Steven Hydra Probe
II soil moisture and salinity sensors and two soil temperature probes installed at 4 cm and 10 cm below
the land surface, with an observation frequency of 10 min, from June 2012 to September 2012 [54,55,59].
The last is SoilNET [61], which includes four SPADE sensors and four soil temperature probes at depths
of 4, 10, 20, and 40 cm and observed at intervals of 10 min, from June 2012 to September 2012 [54,55,59].
The location information of the measurement points in the corn coverage area of these sensor networks
is shown in Figure 1. Soil moisture sensors SPADE and Hydra Probe II were verified by a two-point
calibration method, with one point measured in the desert sand after air seasoning and the other
observed in saturated soil sampled from local farmland. The calibration shows that the instrument
errors of the SPADE and Hydra Probe II sensors are 0.032 and 0.011 cm3/cm3 [55,57], respectively.
Considering the limited penetrability of the X-band, SSM and temperature data at 4 cm of the topsoil
are taken into account. The SSM data and soil temperature data in the three datasets with the same
acquisition time as the Terra-SAR images are used as the measured data. The Terra-SAR images used
for this experiment were acquired on 24 May, 4 June and 26 June 2012, respectively. Only BNUNET
was working on 24 May and 4 June, with a total of 64 measurement points in the corn coverage area,
and two measurement points were missing data on 4 June. On 26 June, three sensor networks were
in operation, including 59 measurement points on the BNUNET network (data missing from five
measurement points), 44 measurement points on the SoilNET network and 40 measurement points
on the WATERNAT network. Table 1 provides detailed information on SSM for sensor networks in
corn fields.

Table 1. The Terra-SAR data acquisition time (Date) and minimum (Min), maximum (Max),
average (Mean), standard deviation (SD), and Number (N) of SSM measurement points.

Date Min (cm3/cm3) Max (cm3/cm3) Mean (cm3/cm3) SD (cm3/cm3) N

24 May 2012 0.12 0.35 0.21 0.05 64
04 June 2012 0.09 0.42 0.24 0.07 62
26 June 2012 0.07 0.40 0.22 0.07 143

From 17 May to 9 September 2012, the canopy height of the experimental area was measured
16 times [53,62]. In each measurement, 5 plots were selected from the experimental area, and 10
measuring points were selected from each plot to measure the canopy height. In this paper, considering
the acquisition time of Terra-SAR images, the canopy height data measured on 22 May, 4 June,
and 25 June are selected as reference. Table 2 summarizes the maximum, minimum and average
values of the canopy height. On May 24, corn was in the emergence stage with fast root growth and
slow leaf growth, containing two or three leaves with low chlorophyll content, so the canopy height
range was approximately equal to the measurement on 22 May. On 4 June, corn was in the trefoil stage,
and in addition to root and leaf growth, stems began to differentiate. Corn was characterized by three
to seven leaves with increased chlorophyll content. The range of measured vegetation height was
[31, 47] cm. On 26 June, the corn was in the jointing stage. At this stage, the leaves and stalks grew
rapidly, and the vegetative growth and reproductive growth proceed simultaneously. The range of
corn canopy heights can be approximated to be between 81 cm and 130 cm as measured on 25 June.

Table 2. The measurement date and Min, Max, Mean of canopy height.

Date Min (cm) Max (cm) Mean (cm)

22 May 2012 13 22 17.27
04 June 2012 31 47 37.56
25 June 2012 81 130 100.54
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2.3. Satellite Data

2.3.1. Landsat-7 Data

Four cloud-free optical images, acquired on 7 May, 8 June, 24 June and 10 July, 2012, of the
study site were obtained from the Landsat-7 satellite. Landsat-7 images have a resolution of 30 m
and can be downloaded at (https://search.earthdata.nasa.gov). The Environment for Visualizing
Images (ENVI) software of Exelis Visual Information Solutions is used to preprocess the Landsat-7
data, including: radiation correction and atmospheric correction. The 3 and 4 bands of Landsat-7
represent the Red (RED) and Near-Infrared (NIR) reflectances, respectively, which are used to calculate
the NDVI. The expression is as follows:

NDVI = (NIR− RED)/(NIR + RED) (1)

The NDVI information corresponding to the measurement points of the sensor network in
Section 2.2 is shown in the boxplot of Figure 2. The NDVI maps for four days are shown in Figure 3.
It can be concluded from Figures 2 and 3 that NDVI changed significantly between 7 May and 10 July,
when corn was in the period from emergence stage to jointing stage, during which corn grew rapidly.
If the NDVI obtained by Landsat-7 is directly used, due to the time difference between the SAR and
the optical image, there will be SSM estimation errors caused by inaccurate vegetation parameters.
Therefore, at each SSM measurement point, the corresponding NDVI value is estimated using a linear
interpolation of the two NDVI values calculated from optical images with acquisition dates preceding
and succeeding the SAR image [63].

Figure 2. Boxplot of NDVI values obtained from four Landsat-7 images during the period from
emergence stage to jointing stage.

https://search.earthdata.nasa.gov
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(a) (b)

(c) (d)

Figure 3. The NDVI maps for four days. (a) NDVI map on 7 May; (b) NDVI map on 8 June; (c) NDVI
map on 24 June; (d) NDVI map on on 10 July.

2.3.2. Terra-SAR Data

From May to August 2012, eight TerraSAR-X images were obtained from the HiWATER,
covering the middle reaches of the artificial oasis ecological hydrological experimental area. However,
due to the limited ability of the X-band to penetrate vegetation, this paper only takes the first three
images as the research object. The three images were acquired on 24 May, 4 June, and 26 June, 2012,
corresponding to the emergence, trefoil and jointing stages of corn growth, respectively. The three
images obtained are all in StripMap mode, with a nominal resolution of 3 m, and the product level
is multi-look ground range detected (MGD). Moreover, the images are in dual-polarization mode
(HH and VV) with small incidence angle between 22◦ and 24◦ [53]. All Terra-SAR images and
in-situ network observations can be obtained at the Cold and Arid Regions Science Data Center
(http://westdc.westgis.ac.cn/) [54].

The pre-processing of Terra-SAR images is implemented by the Sentinel Application Platform
(SNAP) toolbox provided by the European Space Agency (ESA). The first step is to convert the pixel
values of the Terra-SAR image into backscattering coefficient values. For Terra-SAR MGD products,
the algorithm developed by the German Aerospace Center (DLR) and the Italian Space Agency (ASI)
is used for radiation correction [64]. The expression of the algorithm is:

σ0 = Ks · DN2 · sin(θ)− NESZ (2)

where σ0 is the backscattering coefficient, Ks is the calibration constant provided in the image data,
DN is the amplitude of the backscattered signal, θ is the the radar incidence angle, NESZ is the noise
equivalent sigma zero. Subsequently, topographic correction and orthodontic correction are used
to correct geometric distortions. In order to reduce noise, a refined Lee filter with a window size
of 5× 5 pixels is applied to the Terra-SAR images. To be consistent with Landsat-7, geolocation is
performed according to the UTM projection system, with the Landsat-7 image as a reference [65].

In order to ensure that the SAR backscattering coefficient is sensitive to SSM in the three stages of
corn growth, the sensitivity analysis of three groups of SSM and backscattering coefficient is performed

http://westdc.westgis.ac.cn/
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here. Figure 4 shows the change of HH and VV backscattering coefficients with SSM in three stages of
corn growth. The linear regression shown in Figure 4 suggests that the sensitivity of HH and VV to
SSM for the three growth stages of corn has a slope (dB/(cm3/cm3)), which lies between 10 and 20.
This sensitivity is not high for the X-band. Anguela et al. [66] found a sensitivity of 35 dB/(cm3/cm3)
between the X-band backscattering coefficient of the bare surface and the SSM with a soil depth of
0–5 cm at an incidence angle of 25 cm3/cm3. M. Aubert et al. [4] also obtained approximate sensitivity.
The low sensitivity in this experiment mainly comes from two reasons. One is that the SSM in this
paper is acquired by a sensor fixed at a depth of 4 cm, which cannot represent the average SSM of
0–5 cm. Due to the weak penetration of the X-band, the sensitivity at 4 cm is lower than that at 0–5 cm.
Another reason is the presence of vegetative cover in the test area, which can weaken the sensitivity
between the backscattering coefficient and SSM. El Hajj et al. [27] also obtained a lower sensitivity
of 17 dB/(cm3/cm3) at X-band in the vegetation covered area. Although the sensitivity between the
X-band SAR backscattering coefficient and SSM of the vegetation coverage area is reduced to half of
the bare surface, the sensitivity of 10–20 dB/(cm3/cm3) still has the potential to invert SSM in the early
stages of corn growth.

(a) (b)

(c) (d)

(e) (f)

Figure 4. Backscattering coefficients as a function of SSM for corn cover. (a) Emergence stage,
HH polarization; (b) Emergence stage, VV polarization; (c) Trefoil stage, HH polarization; (d) Trefoil
stage, VV polarization; (e) Jointing stage, HH polarization; (f) Jointing stage, VV polarization.
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3. Method

The proposed algorithm for SSM estimation involves the following four steps:

1. Data pre-processing: the SNAP is used to calibrate the Terra-SAR data, converting the digital
number of images to backscattering coefficients (σ0

obs) in linear units. The Landsat-7 images are
converted to NDVI maps using ENVI software.

2. Parametric combined scattering model: the dataset consisting of backscattering coefficient,
SSM measurement, and NDVI of the three different stages is divided into two sub-datasets.
The first sub-dataset (180 calibration sampling points) is used to fit the combined scattering model
and the second (89 verification sampling points) is used to validate the model.

3. ANN training: a dataset of SAR backscattering coefficient simulated by the parameterized
combined scattering model is used to train the ANN.

4. SSM retrieval: the trained ANN is applied to the verification sampling points to estimate the
SSM, and the potential of the inversion algorithm is evaluated by comparing SSM estimates
with measurements.

The overall workflow is shown in Figure 5.

Figure 5. Overall workflow of the SSM retrieval process.

3.1. Radar Signal Modeling

The most widely used vegetation scattering model is WCM, which assumes that the vegetation
layer is uniformly distributed throughout the pixel unit. Therefore, the total backscattering coefficient
consists of three dominant components: vegetation canopy scattering σ0

veg, interaction scattering
between the underlying soil and vegetation σ0

inter, and underlying soil scattering σ0
soil through two-way

attenuation τ2 of vegetation layer [67]. The total backscattering coefficient σ0 can be expressed as:

σ0 = σ0
veg + σ0

inter + τ2σ0
soil (3)
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where
σ0

veg = AV1cosθ(1− τ2) (4)

τ2 = exp(−2BV2/cosθ) (5)

where A and B are empirical constants to be adjusted later, V1 and V2 are vegetation parameters.
In many studies of vegetation cover areas such as pasture and wheat, the interaction scattering

between the underlying soil and vegetation σ0
inter of the WCM is ignored [21,27]. However, when the

surface vegetation is covered with altherbosa, the situation is much more complicated. The vegetation
in this experimental area is mainly corn, with high plant height, thick stems and large plant spacing.
Therefore, the interaction scattering between the underlying soil and vegetation cannot be ignored.
Jinyang Du et al. [68] established a theoretical scattering model of vegetation area based on the
first-order solution of the radiation transfer equation. Subsequently, the theoretical scattering model
was simplified based on leaf-dominated vegetation (e.g., soybean) and stem-dominated vegetation
(e.g., corn), respectively. The simplified theoretical scattering model is called first-order physical
scattering model. For stem-dominated vegetation, the interaction scattering between the underlying
soil and vegetation can be important, which is given in the first-order physical scattering model [67,68]:

σ0
inter = 2κsdRppτ2 (6)

where κs is volume scattering coefficient, d is the thickness of the vegetation layer. During the period
of rapid vegetation growth, neither of the two parameters is easy to measure. Therefore, the product
of the two parameters is expressed in the form of empirical coefficient C multiplied by a vegetation
parameter (V3). Rpp is the surface reflectivity. After comparing the Fresnel reflection coefficient and
the polarization amplitude |αpp|2 in the experiment, the polarization amplitude is selected to represent
this parameter. So the interaction scattering between the underlying soil can be expressed as the
following equation:

σ0
inter = C ·V3τ2|αpp|2 (7)

where C is an empirical constant to be adjusted, the subscript pp in Rpp and αpp stands for polarization
(HH and VV), and the polarization amplitude |αpp|2 is given by:

|αHH |2 = | εs − 1

(cosθ +
√

εs − sin2θ)2
|2 (8)

|αVV |2 = | (εs − 1)(sin2θ − εs(1 + sin2θ))

(cosθ +
√

εs − sin2θ)2
|2 (9)

where εs is soil relative permittivity, which is expressed by the Dobson model [69]. As an example,
for incidence angle of 22◦, soil temperature of 20 ◦C and SSM of 0.25 cm3/cm3, the εs is 11.11 + 3.09i
from Dobsol model and the |αHH |2 and |αVV |2 are −4.8 dB and −3.1 dB, respectively.

In addition, from the corn emergence stage to the jointing stage, there is a long period of time when
corn cannot cover the whole pixel unit uniformly, so the MWCM introduces vegetation coverage fveg.
In a pixel, the proportion of corn coverage area is fveg, and the proportion of bare surface is (1− fveg).
Backscattering of corn coverage area consists of three parts: σ0

veg, σ0
inter and τ2σ0

soil . Backscattering of
bare surface is only σ0

soil . Therefore, the total backscattering coefficient σ0
total is expressed as follows:

σ0
total = fveg(σ

0
veg + σ0

inter + τ2σ0
soil) + (1− fveg)σ

0
soil (10)

Vegetation coverage [52] fveg can be calculated as follows:

fveg = (NDVI − NDVImin)/(NDVImax − NDVImin) (11)
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The NDVImax and NDVImin are the maximum and minimum values of NDVI during the entire
measurement process. Various studies have shown that when the vegetation parameters in the WCM
is NDVI, it can accurately describe the vegetation scattering characteristics [27], so NDVI is used as the
vegetation parameters V1, V2, and V3 in this experiment.

3.2. Soil Surface Backscattering

The relationship between SSM and backscattering coefficient can be expressed by an empirical
model established by El Hajj et al. [27], which obtained good results in X-band SSM inversion:

σ0
soil = D · exp(E · SSM) (12)

where σ0
soil is the backscattering coefficient of underlying soil, D and E are empirical coefficients.

To illustrate the effectiveness of the empirical model, it is compared with a simplified GOM,
which also performs well in X-band [70–73]:

σ0
soil =

|Γ(0)|2exp(−tan2θ
2s2 )

2s2cos4θ
(13)

where θ is the incidence angle, s (s =
√

2h/l) is the root-mean-square slope of the surface roughness
parameter, h and l are root mean square height and correlation length of the surface roughness (cm),
respectively. The Fresnel reflection coefficients at normal incidence Γ(0) are described in a previous
study [73]. Since there is no surface roughness information corresponding to the sensor network,
an estimated root-mean-square slope is used in this paper. Based on previous research on HiWATER
data [57], the h and l of artificial oasis farmland in the middle reaches of HRB are constrained between
[1.0, 2.0] cm and [12.0, 16.0] cm, respectively, so the value range of s is constrained to [0.06, 0.17]. The s
is increased by 0.01 each time from a minimum value of 0.06 to a maximum value of 0.17. For each s,
the experience parameters A, B, and C are calibrated by minimizing the cost function J constructed by
RMSE of the simulated backscattering coefficients σ0

total and the observed backscattering coefficient
σ0

obs in HH and VV polarizations:

J =

√
1
n ∑ (σ0

total − σ0
obs)

2 (14)

The root-mean-square slope is considered constant throughout the corn growth cycle due to the
plastic film covering. We use the K-fold (K = 10) cross-validation method, which takes the average
value s = 0.15 of the K-fold verification results as the root-mean-square slope.

3.3. Surface Soil Moisture Retrieval

In this experiment, SSM is inverted using an ANN trained by the Levenberg-Marquardt algorithm.
The ANN consists of 4 layers, one input layer, two hidden layers and one output layer. The output of
the ANN is SSM. When using HH or VV polarized backscattering coefficients and NDVI, the input of
ANN is a two-dimensional vector. When using HH and VV polarization backscattering coefficients and
NDVI, the input of ANN is a three-dimensional vector. The tangent-sigmoidal function and the linear
function are used as the activation functions of the hidden layer and the output layer, respectively.
By gradually increasing the number of hidden layer neurons, when the first layer of the hidden layer
contains 15 neurons and the second layer contains 10 neurons, it provides an accurate estimate of the
reference parameters [27].

For the large amount of data required for ANN training, a SAR backscattering coefficient dataset
is synthesized using the parameterized Equations (10) and (12), in which the input parameters are
SSM, NDVI and incidence Angle. The soil temperature is only used in the Dobson model, which has
very little effect on the backscattering coefficient, so it is ignored in dataset synthesis. Simultaneously,
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the study area is relatively flat and small, the change of incident Angle can be ignored, so it is set as
the average incident angle 23◦. Throughout the whole process, the maximum and minimum values
of the measured SSM are 0.4208 cm3/cm3 and 0.068 cm3/cm3, respectively. Therefore, the variation
range of the SSM of the simulated dataset is set as 0.02 cm3/cm3 to 0.42 cm3/cm3 with the step size
increasing by 0.02 cm3/cm3. In order to better simulate the NDVI information of the three stages of
corn growth, the maximum, minimum, and average values of the observed NDVI over the three days
are statistically calculated. The details are in Table 3. Referring to Table 3, the NDVI variation range of
the simulation data set is set to 0.1 to 0.85, and the increment is set to 0.05. To make the synthetic data
more realistic, noise corresponding to the actual SAR data is added to the synthesized datasets [23,27].
The uncertain range is between 0.6 and 1 dB for Terra-SAR sensor [27]. Therefore, in order to obtain
a statistically significant dataset, we add 30,000 random samplings of Gaussian noise with a mean
value of 0 and a standard deviation of 1 dB to each synthesized backscattering coefficient. Finally,
the synthetic dataset is divided into three training configurations: (1) backscattering coefficient in HH
and NDVI, (2) backscattering coefficient in VV and NDVI, and (3) backscattering coefficient in both
HH and VV and NDVI.

Table 3. The Max, Min, and Mean values of NDVI observations.

Period Max Min Mean

Emergence stage 0.32 0.15 0.22
Trefoil stage 0.42 0.18 0.28

Jointing stage 0.82 0.44 0.68

3.4. Evaluation Method

The accuracy of the combined scattering model to simulate the backscattering coefficient (or
inversion of SSM) is verified by several effective methods. In addition to the frequently-used RMSE,
mean absolute error (MAE) and R, the index of agreement (IA) [74] and ratio of prediction to deviation
(RPD) [75,76] are used to assess the accuracy of SSM estimates. The absolute difference and the
average of the errors between the observed and estimated backscattering coefficients (or SSM) are
expressed as MAE and RMSE [52], respectively. R indicates the strength and sign of the correlation
relationship between observed and predicted values. RPD indicates the strength of the statistical
correlation between observed and predicted values. IA stands for the degree of agreement between
the measurements and observations. They are calculated in the following form:

MAE =
1
N

N

∑
i=1
|pi − oi| (15)

RMSE =

√√√√ 1
N

N

∑
i=1

(pi − oi)2 (16)

R =

N
∑

i=1
(pi − p̄)(oi − ō)√

N
∑

i=1
(pi − p̄)2(oi − ō)2

(17)

IA = 1−

N
∑

i=1
(pi − oi)

2

N
∑

i=1
(|pi − ō|+ |oi − ō|)2

(18)
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RPD =

√
N
∑

i=1
p2

i − ([
N
∑

i=1
(pi − oi)]2/N)/(N − 1)√

N
∑

i=1
(pi − oi)2 − ([

N
∑

i=1
(pi − oi)]2/N)/(N − 1)

(19)

where oi is the observed backscattering coefficient (or SSM) at location i, and pi is the predicted
backscattering coefficient (or SSM) at location i. ō and p̄ are the averages of observations and
predictions, respectively.

4. Results

In this study, Terra-SAR backscattering coefficient observations, measured SSM data, and NDVI
are randomly selected to parameterize the combined scattering model to obtain empirical parameters.
Two-thirds of the dataset is used as calibration sampling points, and the remaining one-third is used as
verification sampling points. To ensure that the data of each stage can be divided into calibration and
verification sample points, the data of each stage is first divided into two parts, and then the calibration
sample points of all stages are used to parameterize the combined scattering model. The verification
sampling points are used to verify the effectiveness of the combined scattering model and evaluate
the potential of the SSM retrieval algorithm in this paper. The number of calibration and verification
sampling points is listed in Table 4. Table 5 gives the empirical coefficients of the parameterized
combined scattering model at different polarizations.

Table 4. The number of calibration and verification sampling points.

Date Period Number of Calibration Points Number of Validation Points

24/05/2012 Emergence stage 43 21
04/06/2012 Trefoil stage 41 21
26/06/2012 Jointing stage 96 47
Three days All stages 180 89

Table 5. The empirical coefficients of the parameterized combined scattering model at different polarizations.

Polarization A B C D E

HH 1.2069 0.0592 0.0835 0.0671 0.0908
VV 0.5109 0.0972 0.0944 0.0633 0.0850

4.1. Evaluation of Combined Scattering Model

The purpose of this section is to verify the potential of the combined scattering model proposed in
this paper to simulate the behavior of SAR signals at three different stages of corn growth. To illustrate
the effectiveness of the combined scattering model, the WCM and the MWCM are combined with the
GOM and the empirical model established by El Hajj et al. [27] into four combined scattering models
for comparison. The four models are WCM and GOM (WC-GOM), MWCM and GOM (MWC-GOM),
WCM and the empirical model (WC-EM), MWCM and the empirical model (MWC-EM). The four
combined scattering models are parameterized using the same calibration sampling points. SSM and
NDVI from the verification sampling points are substituted into the parameterized combined scattering
models to calculate the backscattering coefficient.

Figure 6 displays the scatterplots between Terra-SAR and simulated backscattering coefficients
using the four combined scattering models for the verification sampling points (with 1:1 blue line
shown). In both HH and VV polarizations, the backscattering coefficients simulated by the MWC-EM
(red asterisk) are closer to the observed backscattering coefficients than the other three models.
When the observed backscattering coefficient is less than −8 dB, the backscattering coefficients
simulated by WC-GOM and MWC-GOM are overestimated. When the observed backscattering
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coefficient is greater than −8 dB, they are underestimated. In contrast, there is no obvious
overestimation and underestimation of the backscattering coefficients simulated by WC-EM and
MWC-EM. This phenomenon may be due to the fact that the GOM cannot accurately estimate
underlying soil scattering.

(a) (b)

Figure 6. Comparison of actual SAR backscattering coefficients data with simulations using different
models. (a) HH polarization; (b) VV polarization.

Table 6 summarizes the statistics of the SAR backscattering coefficient estimation accuracy of the
verification sample points at three different stages and all stages. According to the statistical analysis,
the conclusions consistent with Figure 6 can be drawn. Overall, the MAE and RMSE calculated
by MWC-EM are the smallest of those four methods, in the range of [0.8, 1.1] dB and [0.9, 1.3] dB,
respectively. Except for 24 May (the emergence stage), the R and IA calculated by MWC-EM is higher
than the value calculated by the other three models. During the three stages of corn growth, the IA
and RPD between the observed backscattering coefficient and the backscattering coefficient estimated
by MWC-EM are greater than or equal to 0.72 and 5.0, respectively. Literature [75,76] pointed out that
if the values of the factors IA and RPD are greater than 0.80 and 2.5, respectively, the more accurate
the predictions are likely to be. According to this conclusion, only MWC-EM meets this criterion
at trefoil and jointing stages, while the other three methods cannot. At the emergence stage, RMSE
calculated by WC-EM are second only to MWC-EM, and the R and IA is higher than MWC-EM,
while the estimation errors of WC-GOM are relatively large, with RMSE greater than 1.3dB, R less
than 0.4. This shows that WC-EM and MWC-EM are more suitable than WC-GOM to simulate the
backscattering coefficient at the emergence stage. At the trefoil stage, the estimation accuracy of
MWC-EM and MWC-GOM is significantly higher than that of WC-GOM and WC-EM, which indicates
that MWCM can describe vegetation scattering more accurately than WCM. At the jointing stage,
the error between the observed value and the backscattering coefficient estimated by MWC-EM
is the smallest and the R is the highest. As with the emergence stage, The estimation accuracy of
WC-EM is second only to MWC-EM. This further illustrates that MWCM and the empirical model
improve the accuracy of backscattering coefficient simulation. The accuracy of all the validation sample
points is approximate to that at the jointing period, which may be due to that the amount of data
at the jointing stage is close to twice that of the other two stages in the calibration and verification
sample points. According to the estimation accuracy of MWC-EM, MAE and RMSE are largest at the
jointing stage and smallest at the trefoil stage. At the emergence stage, R is the smallest and IA is less
than 0.8, which cannot reach the criterion of IA greater than 0.8. This indicates that the accuracy of
the backscattering coefficient simulated by MWC-EM on May 24 is not high. A discussion of these
phenomena is given in Section 5.
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Table 6. Statistical parameters in estimating the backscattering coefficients of HH and VV polarization
(Pol) using four different combined models (MWC-EM, WC-GOM, MWC-GOM, WC-EM).

Date Pol MAE (dB) RMSE (dB) R IA RPD

24-05-2012 HH 0.9, 1.0, 1.0, 0.9 1.0, 1.5, 1.3, 1.2 0.54, 0.06, 0.24, 0.63 0.72, 0.36, 0.50, 0.77 7.7, 5.5, 5.8, 6.6
VV 0.8, 0.8, 1.0, 0.8 1.0, 1.3, 1.2, 1.0 0.60, 0.34, 0.51, 0.76 0.74, 0.58, 0.70, 0.79 8.1, 6.4, 6.8, 7.9

04-06-2012 HH 0.8, 1.4, 1.2, 1.4 1.0, 1.8, 1.4, 1.7 0.83, 0.33, 0.62, 0.30 0.89, 0.60, 0.64, 0.54 7.8, 4.3, 5.4, 4.4
VV 0.8, 1.4, 1.1, 1.5 0.9, 1.7, 1.4, 1.7 0.86, 0.37, 0.61, 0.27 0.89, 0.61, 0.65, 0.53 8.6, 5.0, 6.0, 4.9

26-06-2012 HH 1.1, 1.5, 1.3, 1.3 1.3, 1.8, 1.5, 1.4 0.78, 0.45, 0.64, 0.76 0.81, 0.54, 0.77, 0.75 5.4, 4.1, 4.9, 5.1
VV 1.1, 1.3, 1.2, 1.1 1.3, 1.6, 1.5, 1.4 0.74, 0.50, 0.63, 0.73 0.80, 0.57, 0.77, 0.73 6.1, 5.0, 5.6, 5.9

All days HH 1.0, 1.4, 1.2, 1.2 1.2, 1.7, 1.5, 1.5 0.76, 0.35, 0.59, 0.59 0.83, 0.56, 0.72, 0.72 6.3, 4.4, 5.2, 5.2
VV 1.0, 1.2, 1.1, 1.1 1.2, 1.6, 1.4, 1.4 0.74, 0.41, 0.59, 0.58 0.82, 0.59, 0.74, 0.72 7.0, 5.2, 5.9, 5.9

4.2. Accuracy Assessment of Soil Moisture Estimations

In this section, the potential of MWC-EM and ANN algorithms for predicting the SSM from
Terra-SAR backscattering coefficient data and the NDVI data obtained from Landsat-7 images is
investigated. Since it has been explained in the previous section that MWC-EM can accurately simulate
Terra-SAR backscattering coefficients at three different stages of corn growth, only the MWC-EM
method is used to synthesize the dataset required for ANN training. The dataset synthesized according
to the method described in Section 3.3 is composed of 1.008× 107 elements (21 SSM values × 16 NDVI
values × 30,000 random sampling values). The dataset is set to train ANN with three configurations,
which are (1) backscattering coefficient at HH polarization and NDVI as the inputs of ANN, SSM as
the target, (2) backscattering coefficient at VV polarization and NDVI is used as input to ANN, SSM is
used as target, (3) backscattering coefficient at HH and VV polarization and NDVI are used as input,
SSM is used as target. The trained neural networks are applied on the verification sampling points and
the estimated SSM values are compared to the reference SSM values.

Figure 7 shows the scatterplots of measured and retrieved SSM from SAR backscattering coefficient
and NDVI using the trained ANN. Figure 7 suggests that the estimated SSM and the measured SSM
have a linear relationship, which illustrates that the method proposed in this paper can effectively
estimate the SSM of the first three stages of corn growth. It can be concluded from Figure 7a–c that
the SSM retrieved by the three inversion configurations is slightly underestimated relative to the
actually measured SSM, at the trefoil stage. According to the analysis of the scattering structure,
with the development of corn, the backscattering contribution of the underlying soil gradually
decreases and reaches the minimum value when the NDVI is maximum. During the trefoil stage,
the vegetation increases in height, but the NDVI and coverage increase are small. The vegetation
scattering component of the combined scattering model is lower than the actual vegetation scattering,
so SSM is underestimated.

The statistical evaluation parameters corresponding to Figure 7 are given in Table 7. Overall,
the three inversion configurations have obtained good results at different vegetation growth stages,
such as the maximum RMSE of 0.064 cm3/cm3. Besides, the MAE and R are about 0.054 cm3/cm3 and
0.71, respectively. Among the three inversion configurations, the inversion algorithm has the highest
accuracy in the trefoil stage and the lowest accuracy in the jointing stage. The values of IA and RPD
indicate that the MWC-EM and ANN algorithms can accurately estimate SSM using all three inversion
configurations. As observed in Table 7, the difference in accuracy is not significant under three different
inversion configurations, which shows similar results using HH alone, VV alone or using VV and HH.
As an example, Figure 8 gives an inversion map of the SSM when the inversion configuration is VV
polarization backscattering coefficient and NDVI. Since the model in this paper is built on the corn
covered area, in Figure 8, the area not covered by corn is masked. The spatiotemporal behavior of soil
moisture is obvious in Figure 8. The study area is in an irrigation area, so the factors that affect the
change of SSM are irrigation as well as precipitation. According to Figure 8, it can be concluded that
SSM is homogeneous in the same corn field, while SSM is heterogeneous among different corn fields.
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This is due to the different irrigation time of different corn fields in the experimental area. When the
irrigation time of a corn field is before the acquisition of Terra-SAR images and the time is similar,
the SSM of this corn field in Figure 8 is high, and vice versa.

(a) (b)

(c)

Figure 7. Comparison of the measured SSM with retrieved SSM using three inversion configurations.
(a) HH polarization and NDVI; (b) VV polarization and NDVI; (c) HH and VV polarization and NDVI.

Table 7. Statistical evaluation parameters of SSM estimates of three inversion configurations.

Date Polarization MAE (cm3/cm3) RMSE (cm3/cm3) R IA RPD

24-05-2012 HH 0.037 0.043 0.72 0.84 5.07
VV 0.030 0.038 0.79 0.89 5.69

HH and VV 0.032 0.041 0.77 0.88 5.25

04-06-2012 HH 0.034 0.041 0.92 0.92 5.24
VV 0.039 0.046 0.87 0.89 5.60

HH and VV 0.035 0.042 0.90 0.92 5.09

26-06-2012 HH 0.049 0.058 0.70 0.81 3.97
VV 0.047 0.056 0.72 0.82 3.93

HH and VV 0.054 0.064 0.71 0.80 3.52

All days HH 0.043 0.051 0.74 0.85 4.37
VV 0.043 0.053 0.75 0.84 4.08

HH and VV 0.044 0.055 0.75 0.85 4.03
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(a) (b)

(c)

Figure 8. SSM map with the inversion configuration of VV polarization backscattering coefficient and
NDVI. (a) Emergence stage; (b) Trefoil stage; (c) Jointing stage.

5. Discussion

The validity range of different models depends on the roughness of the soil, the cultivation
method and the type of vegetation [77]. According to Section 4.1, it is observed that different combined
models are suitable for different stages of corn growth, while MWC-EM can effectively simulate the
total backscattering coefficient in all three stages. During the emergence stage, the vegetation is in a
extremely low state, at which time the effect of vegetation on the backscattering coefficient is negligible.
The surface scattering of the underlying soil plays a dominant role [21]. Therefore, the empirical model
combined with the two vegetation scattering models can obtain a better estimation, which indicates
that the empirical model is more suitable for scattering on underlying soil than GOM. During trefoil
stage, the vegetation grows to a moderate height. However, due to the large spacing of vegetation
plants, they cannot cover every pixel uniformly. The WCM cannot accurately represent the influence
of vegetation on the backscattering coefficient. In contrast, MWCM combined with two models of
soil surface scattering can obtain higher accuracy. During the jointing stage, the vegetation coverage
reached the maximum, which can be roughly regarded as covering the ground surface uniformly [21].
Therefore, the MWCM and the unmodified WCM obtained similar effects. The difference between the
two models comes from interaction scattering between the underlying soil and vegetation.

The above discussion indicates that MWCM and WCM have similar potentials to describe
vegetation scattering at the emergence and jointing stages. Therefore, the potential of WC-EM
combined with ANN for SSM inversion is evaluated by MAE, RMSE and R. Table 8 shows the MAE,
RMSE and R of SSM retrieved by WC-EM combined with ANN in each and all stages. According to
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Table 8, it can be concluded that the maximum RMSE is 0.071 cm3/cm3, which is consistent with
the RMSE better than 0.08 cm3/cm3 [23,27,44,45]. The potential of MWCM and WCM for SSM
inversion can be illustrated by comparing Table 7 with Table 8. In the emergence stage, the scattering
is dominated by the bare surface, so the inversion accuracy of the two models is similar. In the trefoil
stage, the inversion accuracy of MWCM is better than that of WCM. At this time, due to the low
vegetation coverage, MWCM can describe vegetation scattering characteristics more accurately than
WCM. In the jointing period, the inversion accuracy of MWCM is slightly better than WCM, which is
consistent with the results of backscattering coefficient simulation.

Table 8. The MAE, RMSE and R of SSM retrieved by WC-EM combined with ANN in each and
all stages.

Date Polarization MAE (cm3/cm3) RMSE (cm3/cm3) R

HH 0.039 0.047 0.74
24/05/2012 VV 0.037 0.044 0.84

HH and VV 0.035 0.041 0.81

HH 0.043 0.050 0.86
04/06/2012 VV 0.048 0.056 0.76

HH and VV 0.044 0.051 0.82

HH 0.053 0.065 0.65
26/06/2012 VV 0.049 0.059 0.64

HH and VV 0.058 0.071 0.66

HH 0.047 0.057 0.62
All days VV 0.046 0.055 0.63

HH and VV 0.050 0.061 0.63

According to Tables 6 and 7, it can be concluded that both the simulation of backscattering
coefficient and the inversion of SSM are more accurate in the trefoil stage than in the emergence stage.
However, the lower vegetation coverage at the emergence stage than the trefoil stage suggests that the
emergence stage should have a higher estimation accuracy than the trefoil stage, which is inconsistent
with the experimental results. It is possibly because the temporal gap between SAR and optical data
on 24 May largely affected the experimental results. Figure 2 illustrates that NDVI does not increase
linearly during the three stages of corn growth. However, since it is impossible to obtain a cloud-free
optical image with the same time as SAR image, only the interpolation method can be used to estimate
the NDVI of SAR image acquisition date, which introduced errors in the experimental results.

Apart from soil moisture and vegetation cover, there are many factors that affect the SAR
backscattering coefficient, which causes the difference between the inversion SSM and the measured
SSM. Toby N. Carlson et al. [78] shows a high correlation between NDVI and vegetation cover,
which weakens when vegetation cover reaches 100%. When the NDVI is greater than 0.6,
the vegetation coverage has reached the maximum, while the vegetation coverage expression
(Equation (11)) [52] in this paper is always less than 100%. Therefore, the inaccuracy of vegetation
coverage is one of the main sources of soil moisture inversion error. Younis and Iqbal [79] point
out that clay has greater water holding capacity than silt, so soil texture plays an important role
in maintaining soil moisture. Simultaneously, surface temperature also affects the inversion of soil
moisture [69]. However, in this experiment, the soil texture and soil temperature are only used in the
Dobson model [69], which only plays a role in the interaction scattering between the underlying soil
and vegetation. This is also one of the reasons for the difference between the measured value of SSM
and the inversion value.

From the perspective of spatial resolution, this method can obtain soil moisture with a meter-level
spatial resolution, which can be achieved in agricultural applications. The difference in SSM between
different small areas can be derived from the SSM map in Figure 8, which is important for irrigated
areas where complex crops are grown, compared to the kilometer-level resolution of passive microwave
remote sensing [80,81]. The highest spatial resolution that can be obtained by this method is consistent
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with the Terra-SAR revisit cycle of 11 days, which is lower than the passive microwave remote
sensing and soil moisture active passive (SMAP) [80,81]. Considering the penetration of the X-band
in the vegetation layer, the effectiveness of the combined scattering model has only been verified
and compared in the first three stages of corn growth. When the corn grows to the ear stage and
the flowering stage, the average height of the corn is greater than 1 m, and the sensitivity between
Terra-SAR backscattering coefficient and SSM is very low. Therefore, in actual agricultural applications,
X-band data can only be used to estimate the SSM of the first three stages of corn growth. In order
to better monitor the SSM of farmland irrigation areas, it is necessary to consider SAR satellites with
longer wavelengths and shorter revisit periods in future research.

6. Conclusions

This study investigates the capability of using Terra-SAR and Landsat-7 data to retrieve SSM over
agricultural soil during the three different stages of corn growth. A combined scattering model at
improving the accuracy of simulation of SAR backscattering coefficient in different growth periods
of corn is proposed. The proposed combined scattering model is developed based on the MWCM
and an empirical model. The MWCM is used to address issues related to the the large corn plant
spacing and uneven coverage during the corn growth season. The empirical model is used to solve the
problem of complex expression and low precision of the bare surface scattering model. The in situ
SSM measurements and remote sensing data obtained from the HiWATER are used to parameterize
the combined scattering model and evaluate the potential of the model to simulate the backscattering
coefficient. According to the results, it can be concluded that the combined scattering model can obtain
high accuracy in the simulation of SAR backscattering coefficients at different stages of corn growth,
as the maximum RMSE in the three stages is 1.0 dB, 1.0 dB and 1.3 dB respectively. Subsequently,
the ANN trained by the SAR backscattering coefficient dataset synthesized by the parameterized
combined scattering model is used to retrieve SSM. The comparison against ground-truth data shows
that the inversion method gives acceptable results with maximum RMSE of the three corn growth
stages about 0.043 cm3/cm3, 0.046 cm3/cm3, and 0.064 cm3/cm3 respectively.

Although accurate results are obtained by using Terra-SAR and Landsat-7 data in the SSM
inversion of the first three stages of corn growth in this paper, when corn is in the ear stage and after
ear stage, due to the limited penetration of the X-band, there is no high sensitivity between Terra-SAR
backscattering coefficient and SSM. Therefore, X-band data cannot be used for SSM inversion of
dense vegetation coverage. In future studies, SSM inversion will be mainly considered for long-band
(C-band and L-band) SAR data in areas with dense vegetation cover considering the entire vegetation
growth period. In addition, due to the transmission of Sentinel-1 and Sentinel-2, more free data can
be obtained, and the optical data and SAR data have the same spatial resolution. Therefore, in the
follow-up research, we will focus on the SSM inversion of different regions and different vegetation
using the Sentinel satellite.
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