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Abstract: The objective of this paper is to propose a combined approach for the high-precision
mapping of soil moisture during the wheat growth cycle based on synthetic aperture radar (SAR)
(Radarsat-2) and optical satellite data (Landsat-8). For this purpose, the influence of vegetation was
removed from the total backscatter by using the modified water cloud model (MWCM), which takes
the vegetation fraction ( fveg) into account. The VV/VH polarization radar backscattering coefficients
database was established by a numerical simulation based on the advanced integrated equation
model (AIEM) and the cross-polarized ratio of the Oh model. Then the empirical relationship between
the bare soil backscattering coefficient and both the soil moisture and the surface roughness was
developed by regression analysis. The surface roughness in this paper was described by using the
effective roughness parameter and the combined roughness form. The experimental results revealed
that using effective roughness as the model input instead of in-situ measured roughness can obtain
soil moisture with high accuracy and effectively avoid the uncertainty of roughness measurement.
The accuracy of soil moisture inversion could be improved by introducing vegetation fraction on
the basis of the water cloud model (WCM). There was a good correlation between the estimated soil
moisture and the observed values, with a root mean square error (RMSE) of about 4.14% and the
coefficient of determination (R2) about 0.7390.

Keywords: soil moisture; AIEM; modified water cloud model; Oh model; effective roughness

1. Introduction

In agriculture, soil moisture is a basic condition for crop growth and development,
and it runs through all aspects of crop growth. Meanwhile, soil moisture is an important
index for early warning of crop drought and flood disasters and an important parameter
for evaluating crop growth. Therefore, the estimation and description of the temporal
and spatial dynamics of soil moisture are of great significance for hydrology, ecology and
agriculture [1–5]. With the development of satellite remote sensing technology, it has
become possible to obtain regional soil moisture information. Compared with other remote
sensing methods, synthetic aperture radar (SAR) is more suitable for accurate inversion
of soil moisture due to its characteristics of all-day, all-weather, high temporal and spatial
resolutions. It has been proven that C-band SAR data can detect the soil moisture of 0–5 cm
on the surface, because soil moisture seriously affects soil dielectric constant, which is
closely related to radar backscatter [6–8].

Due to the complex interaction between electromagnetic waves and the surface, the
radar backscattering coefficient is affected not only by the surface dielectric constant (soil
moisture), but also by surface roughness (root mean square (RMS) height, correlation
length, etc.), vegetation coverage, radar incident angle, frequency, polarization and other
factors [8–10]. As a result, how to use remote sensing to estimate the impact of the above
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factors and achieve fast, accurate, large-range and long-term dynamic monitoring of soil
moisture has always been a research hotspot. The research on soil moisture monitoring by
microwave remote sensing has been developed for more than forty years. The retrieval of
bare soil moisture based on SAR has developed from the simplest linear fitting method [11]
to the widely used advanced integrated equation model (AIEM) [12–15]. In addition, many
semi-empirical soil moisture inversion models (Oh [16–18], Dubois [19], Chen [20], Shi [21],
etc.), as well as promising machine learning methods such as artificial neural network
(ANN), random forest regression (RFR) and support vector machine (SVM) have also been
proposed [3,4,7,8,22–24].

With the development of physical models, it has been proven that AIEM can accurately
simulate the backscattering of a surface over a wide range of surface roughness [25,26].
However, the parameterized description of surface roughness has become a major limiting
factor in using theoretical models to retrieve surface soil moisture [8]. Most backscatter
models assume that the surface fluctuation is a stationary random process, and the surface
roughness can be described by RMS height, correlation length and autocorrelation function.
Significantly, Both RMS height and correlation length are dependent on the observation
scale. Accounted for the limited sampling interval and profile length of the measuring
equipment, it is difficult to obtain the surface roughness parameters in practice, and the
accuracy of the obtained roughness parameters could not be guaranteed. Aiming at the
problem of surface roughness parameterization, new combined roughness parameters
were proposed by integrating RMS height and correlation length to characterize the bare
soil surface conditions [27–30]. However, this method cannot avoid the requirement of
surface roughness parameters in field measurements. Su et al. [31] initially proposed the
calibrated or effective roughness parameters to be a tool for soil moisture inversion. Bai
et al. [32] used effective roughness parameters, which replaced in situ measurements of
roughness, to parameterize AIEM and achieved good results in soil moisture inversion.
More and more attention has been paid to using effective roughness parameters, which
can achieve satisfactory results for bare soil moisture retrieval [33–36].

In general, the accurate retrieval of soil moisture requires the coupling of vegetation
and bare soil scattering models. In the aspect of vegetation correction, a series of vegetation
microwave scattering models have been established. Among them, the water cloud model
(WCM) proposed by Attema et al. [37] and the Michigan Microwave Canopy Scattering model
(MIMICS) proposed by Ulaby et al. [38] are widely used. In practice, different vegetation
descriptors, which are vital input parameters, have been tested to determine the optimal
one to be used in the WCM. The commonly used vegetation descriptors include vegetation
water content (VWC), leaf area index (LAI), leaf water area index (LWAI), vegetation height,
fraction of absorbed photo-synthetically active radiation (FAPAR), normalized difference
vegetation index (NDVI), normalized difference water index (NDWI), enhanced vegetation
index (EVI), and radar vegetation index (RVI) [32,34,39–43]. Bai et al. [32] found that the
effects of these vegetation parameters used in soil moisture inversion is closely related to
the study area type, including vegetation type, vegetation growth stage, vegetation density
and other factors. There remains the issue of reliability. Regarding the vegetation layer as a
homogeneous scatterer and ignoring the cross-scattering term between soil and vegetation,
the WCM has better performance in dense vegetation areas than sparse or complex vegetation
areas. To handle this issue, some researchers have attempted to introduce additional vegeta-
tion information, such as vegetation fraction ( fveg) parameters, provided by optical remote
sensing [4,44]. The contribution of vegetation and bare soil at the pixel level is calculated on
the basis of vegetation fraction. The method can better characterize the difference of scattering
mechanisms between vegetation and bare soil [44].

Despite the continuous progress in surface soil moisture retrieval, it is still a tedious
task to retrieve soil moisture by microwave remote sensing under different vegetation
conditions (sparse and dense vegetation) due to the influence of vegetation volume scatter-
ing, underlying soil surface scattering and cross-scattering between vegetation and soil [4].
In conclusion, it is worth further studying how to improve the accuracy of soil moisture
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retrieval in crop coverage areas and propose a highly accurate soil moisture remote sensing
retrieval approach that can be applied to different stages of crop growth, so as to realize
real-time quantitative monitoring of soil moisture.

The main contribution of this work is to propose a new approach for the high-precision
mapping of soil moisture during the wheat growth cycle based on SAR and optical satellite
data. The influence of vegetation coverage on radar backscattering was removed based on
the modified water cloud model (MWCM) and a new coupled empirical model (CEM) of
soil moisture retrieval was constructed by combining the AIEM and the Oh model. On this
basis, a combined method for monitoring the soil moisture during the wheat growth cycle
was developed. First, the VWC obtained by NDWI was selected as the vegetation descriptor.
The influence of vegetation was removed from the total radar backscatter by using the
MWCM, which considered the vegetation fraction. Then, the VV/VH polarization radar
backscattering coefficients database was constructed on the basis of the AIEM and the
cross-polarized ratio of the Oh model. Finally, an improved algorithm for soil moisture
retrieval suitable for the wheat growth cycle was proposed according to the relationship
between the bare soil backscattering coefficient, soil moisture, and surface roughness.
The surface roughness of the study site was described accurately by using the effective
roughness parameter and the combined roughness form.

2. Study Site and Experimental Dataset
2.1. Study Site

In order to establish a soil moisture monitoring method suitable for wheat growth
cycle, a part of Dingxing County, Baoding City, Hebei Province was selected to be the study
area, with a total area of about 270 km2 (centered on 39◦10′ N and 115◦45′ E, as shown in
Figure 1). The study area belongs to the semi-arid monsoon climate of the warm temperate
zone in eastern China, with four distinct seasons. The annual average temperature, annual
average precipitation, and annual evaporation demand in the study area are about 11.7 °C,
551.5 mm, and 1711.6 mm, respectively. The annual precipitation distribution is uneven,
mainly from June to September. The terrain is flat and open, with an average elevation of
about 24 m. The study area has fertile soil and a deep soil layer, most of it is agricultural
region and the main crops are winter wheat and summer corn. The soil type is loam, and
its bulk density ranges from 1.34 g/cm3 to 1.47 g/cm3, with an average of 1.36 g/cm3.
The sand content ranged from 39.2% to 44.2% by weight with an average of 42.0%, while
the clay content ranged from 16.0% to 21.2% by weight with an average of 18.6%. The
vegetation types are simple, which is suitable for soil moisture inversion.

Figure 1. Location of the study region and the distribution of the sampling plots in the study site. The background image is
a polarization composite image of RADARSAT-2 (R: VH, G: HV, B: HH) in the study area.
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2.2. Experimental Dataset
2.2.1. Remote Sensing Datasets

In this work, four C-band (5.405 GHz) fine quad-polarization mode SAR images acquired
by Radarsat-2 over the study area from March to June 2013 were used. The SAR images were
obtained as the level-1 single look complex (SLC) product with a swath width of 25 km at
an 8 m by 12 m spatial resolution. For all the SAR images, the orbits were ascending and the
viewing directions were right. The central incidence angle of Radarsat-2 over the study area
was about 45.08◦. The terrain of the study area is relatively flat, and the radar incidence angle
changes slightly. Therefore, the effect of radar incident angle on soil moisture inversion was
not considered in the paper. The radar data were converted to backscatter coefficient (dB) by
multi-view, registration, filtering, radiometric calibration and geocoding.

In this study, three cloud-free Landsat-8 OLI images acquired between April and June
2013 were used. These images were used to generate the NDVI and NDWI maps, and then
to estimate the vegetation information of the study site. Suitable optical data in March 2013
were not found. According to the optical data in March of those years close to 2013, the
vegetation fraction was low (NDVI < 0.3) and the area could be regarded as a bare soil area.

The corresponding remote sensing image information can be extracted based on the
geographic coordinates of the sampling point. Due to the spatial heterogeneity of the
soil and the uniqueness of the radar coherent imaging, extracting the parameter value of
the pixel where the sampling point is located at will introduce large measurement errors.
Consequently, this study added image segmentation to conventional image preprocessing
to fully consider the spatial information and effectively suppress the speckle noise. That is,
the average value of pixels in a certain range around the sampling point can be regarded as
the parameter value of the sampling point.

2.2.2. In-Situ Measurements

In this paper, four field measurements were carried out from March to June, 2013
(Table 1). A total of 161 effective sampling points were obtained when the Radarsat-2
passed through. As shown in Figure 1, they were evenly distributed in the study area. For
each reference plot, the average value of 0–5 cm depth of soil volumetric water content
was measured by a time-domain reflectometer (TDR) probe. To reduce the impact of
scale effect and spatial heterogeneity of the soil, five measurement points were arranged
within a radius of five meters with the sampling point as the center, and the measurement
points were distributed in the shape of “+”. The TDR measured average value of the
five measurement points was taken as the soil moisture value of the sampling point. The
average standard error of TDR measured values at each sampling point is 0.62%, where
the maximum value is 3.43%, and the minimum value is 0.07%. The measurements of TDR
can be referred to in Table S1 in Supplementary Materials. The soil bulk density and soil
weight water content were measured by an oven drying method at some sample points to
correct the measured value of TDR.

Table 1. Detailed information of four field measurements.

Date Growth Stage Sampling
Point

Soil Moisture
Range (%)

RMS Height
Range (cm)

Correlation Length
Range (cm)

21 March 2013 Returning green stage 40 (5,49)

(0.3,0.8) (20,60)
14 April 2013 Jointing stage 44 (3,41)
15 May 2013 Filling stage 37 (5,43)
1 June 2013 Milky maturity stage 40 (9,42)

The soil surface roughness parameters measured in the field include RMS height, a state
statistic describing the ups and downs of the surface, and correlation length, a benchmark
measure expressing the independence of two points. They were obtained with a needle
profilometer of 1 m in length with a probe interval of 1 cm at each sampling point. The
parallel ridge direction and vertical ridge direction were measured respectively, and the
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average value of the two directions was taken as the roughness parameter of the sampling
point. Since the variation of surface roughness in the crop growth cycle was very small and
negligible, the roughness parameters were only measured in the returning green stage.

3. Methodology

In the present study, the vegetation fraction parameter was introduced to the WCM to
distinguish the vegetation scattering contribution from the direct scattering contribution of
bare surface, which can more accurately correct the influence of vegetation layer on radar
backscatter. Furthermore, combined with the AIEM and the Oh model, a simulation dataset
was constructed to analyze the influence factors of radar backscattering coefficient, and
the range of simulation parameters was limited by the in-situ measurements data. A new
coupled empirical model (CEM) of soil moisture retrieval was constructed by analyzing the
responses of the backscattering coefficient to surface parameters. The effective roughness
was selected as the input of CEM instead of in-situ measured roughness to effectively avoid
the random errors introduced in the process of roughness measurement. Through the above
steps, a new soil moisture inversion method based on MWCM and CEM was obtained,
which is abbreviated as MWCM-CEM for the convenience of the following description.

3.1. Modified Water Cloud Model

In order to estimate the scattering contribution of crops to radar signals, Attema and
Ulaby proposed the WCM [37] based on radiation transmission theory in 1978. The model
can be described as follows:

σ0
can = σ0

veg + γ2σ0
soil (1)

σ0
veg = Amvegcos(θ)

(
1− γ2

)
(2)

γ2 = exp
[
−2Bmveg/ cos(θ)

]
(3)

where σ0
can represents the total radar backscattering coefficient, σ0

veg is the scattering contri-
bution of vegetation canopy, σ0

soil is the soil surface direct backscattering contribution, γ2

represents the vegetation double attenuation factor (transmittance), mveg is the vegetation
water content (kg/m2), θ is the radar incident angle, and A and B depend on the vegetation
type. Based on the large number of experimental results of Bindlish et al. [45], the values of
A and B are determined to be 0.0018 and 0.138 respectively according to the actual situation
of vegetation covered in the experimental area.

The vegetation water content (mveg) is the weight of water in vegetation per unit area
and an important input parameter of the WCM, which can be obtained from Landsat-8
data. Compared with other vegetation descriptors, NDWI obtained from reflectance data
of 1.57–1.65 µm band is the most suitable for removing the influence of vegetation on soil
moisture estimation for the wheat areas [30,46,47]. According to the research of Jackson
et al. [27,48,49], mveg can be obtained by the NDWI through the spectral index method, and
the relationship is as follows:

mveg = 1.44NDWI2 + 1.36NDWI + 0.34 (4)

In the assumption of the WCM, the vegetation canopy is regarded as a homogeneous
scatterer. However, the vegetation distribution is uneven for the real natural surface,
especially in the sparse vegetation coverage area, and the WCM would be greatly restricted.
Solutions to this problem are now widely discussed. One remedy is to add vegetation
parameters describing the details of vegetation on the basis of the WCM. Hence, the
vegetation fraction is introduced based on the WCM in the present study, which effectively
separates the contribution of the vegetation canopy to the radar signal from the scattering
information of bare soil, and fully considers the real vegetation distribution on the surface.
The new model is denoted by modified water cloud model (MWCM), which is expressed
as follows:
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σ0
can = fveg

(
σ0

veg + γ2σ0
soil

)
+

(
1− fveg

)
σ0

soil (5)

where fveg represents vegetation fraction, which is generally determined based on optical
remote sensing data by using the dimidiate pixel model (DPM) [50]:

fveg =
NDVI − NDVIsoil

NDVIveg − NDVIsoil
(6)

where NDVI is the normalized difference vegetation index of the plot or pixel. NDVIsoil
and NDVIveg represent the NDVI of pure soil and pure vegetation, respectively. The
NDVI value of crops changes with the crop growth period and status, which leads to the
changes of vegetation fraction.

The bare soil backscattering coefficient can be calculated after removing the vegetation
effect based on Equations (2)–(6).

3.2. Backscattering Models

For different polarization modes, when analyzing the response relationship between
soil moisture, surface roughness, and backscatter coefficient in bare soil area, it is found
that the AIEM model can give the best simulation of the co-polarization backscattering
coefficients [15,51], but the simulation of cross polarization is not ideal. In this study,
the cross-polarized ratio of the Oh model is combined with the AIEM to simulate the
backscattering coefficient of the cross-polarization.

3.2.1. The Physical Advanced Integral Equation Model

The AIEM is an improvement of the classic integrated equation model (IEM) by Wu
et al. [12] and Fung et al. [13]. Unlike empirical and semi-empirical models, it can accurately
simulate the surface scattering characteristics in a wide range of surface roughness, so
it is widely used in experimental simulation and analysis of microwave scattering and
radiation on bare ground. The single scattering of the model is expressed as follows:

σ0
qp =

k2

2
e−2k2

zs2
∞

∑
n=1

s2n
∣∣∣In

qp

∣∣∣2 Wn(−2kx, 0)
n!

(7)

In
qp = (2kz)

n fqpe−s2k2
z +

kn
z
[
Fqp(−kx, 0) + Fqp(kx, 0)

]
2

(8)

where s is the RMS height, εr is the soil dielectric constant obtained by Dobson semi-
empirical model, Wn(−2kx, 0) is the n-order Fourier transform of the surface autocor-
relation function, k is the wave number, kx = ksin(θ), kz = kcos(θ), both fqp and Fqp
denote functions related to Fresnel reflection coefficients, and the subscripts q, p denote the
transmitting and receiving polarizations, respectively.

3.2.2. The Semi-Empirical Oh Model

With the development of radar sensor and polarization technology, Oh et al. [16–18]
established the semi-empirical backscattering model among the co-polarized ratio, cross-
polarized ratio, surface roughness, soil moisture, and radar incident angle through multi-
angle observations of random rough surfaces with different roughness and different soil
moisture. The model is expressed as follows:

p =
σ0

hh
σ0

vv
= 1−

(
θ

90◦

)
0.35m−0.65

v exp[−0.4(ks)1.4] (9)

q =
σ0

vh
σ0

vv
= 0.1

( s
l
+ sin 1.3θ

)1.2
{1− exp[−0.9(ks)0.8]} (10)

where p and q represent the co-polarized ratio and the cross-polarized ratio, respectively,
mv and l represent the soil moisture and the correlation length.
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3.2.3. A New Coupled Empirical Model Based on the AIEM and the Oh Model

Under the condition of constant radar system parameters, the microwave scattering
and radiation characteristics of the surface depend on the changes of soil moisture and
surface roughness. Shi et al. [21] demonstrated that the radar backscattering coefficient
of bare surface is mainly related to surface roughness and soil moisture. Meanwhile,
the roughness function of bare surface and the correlation function of soil moisture are
independent of each other. The general relationship can be expressed as follows:

σqp = f (zs, θ)g(mv, θ) (11)

where f (zs, θ) and g(mv, θ) are the functions of surface roughness parameters and soil
moisture, respectively.

Since the roughness function is independent of the soil moisture function, the ex-
pressions of the two functional relations can be obtained separately through numerical
simulation and regression analysis. Eventually, the total empirical relationship is obtained
by integrating the influence of these two parameters. To simulate as accurately as pos-
sible, the VV backscattering coefficients can be simulated by the AIEM while the VH by
combining the AIEM and the cross-polarized ratio of the Oh model.

(1) Relationship between Backscattering Coefficients and Surface Roughness

In order to simulate the functional relationship between backscattering coefficients and
surface roughness, the parameter input ranges were limited by statistical analysis of the
measured surface parameters in the study site: θ = 45.08◦, mv = 20%, s ∈ [0.2, 1.0] cm,
and the step length of s was 0.2 cm, l ∈ [10, 70] cm, and the step length of l was 5 cm.
The AIEM and the cross-polarized ratio of the Oh model were used to simulate the VV/VH
backscattering coefficients under different roughness conditions to obtain a simulated data set.

Figure 2 shows the responses between the VV/VH polarization backscattering coeffi-
cients and RMS height under different correlation lengths (10, 20, 30, 40, 50, 60, and 70 cm).
It can be seen that it is difficult to describe the response relationship between backscat-
tering coefficients and roughness parameters by relying on a single roughness parameter
(RMS height or correlation length). Multiple roughness parameters need to be considered
simultaneously. The combined roughness parameters with different expressions have
been widely used for soil moisture retrieval in recent years. In this paper, the combined
roughness parameter zs proposed by Zribi et al. [28] (zs = s2/l) was selected to describe
the surface roughness, taking into account the effects of RMS height and correlation length.
When the radar system parameters are fixed, the larger the RMS height or the smaller the
correlation length, the larger the combined roughness and the rougher the corresponding
real surface, and vice versa.

Figure 2. Responses of the backscattering coefficients and RMS height under different correlation lengths (10, 20, 30, 40, 50,
60, and 70 cm) when the soil moisture is 20%: (a) VV polarization; (b) VH polarization.
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Figure 3 illustrates the responses between the VV/VH polarization backscattering
coefficients and the combined roughness zs. It can be found that the backscattering coeffi-
cients increase with the increase of the combined roughness when the soil moisture is fixed,
and there is an obvious logarithmic relationship within the range of simulation. When the
combined roughness increases to a certain level, the backscattering coefficient gradually
tends to stabilize.

Figure 3. Responses of the backscattering coefficients and zs when the soil moisture is 20%: (a) VV polarization; (b) VH
polarization.

Based on the above analysis, the general relationship between the backscattering
coefficient and the combined roughness zs can be expressed as follows:

σqp = a + b ln(zs) (12)

where a and b are empirical parameters.

(2) Relationship between Backscattering Coefficients and Soil Moisture

In order to simulate the functional relationship between the surface soil moisture
and the backscattering coefficients, the parameter input ranges of AIEM were limited
by statistical analysis of the measured surface parameters in the study site: θ = 45.08◦,
s ∈ [0.2, 1.0] cm, and the step length of s was 0.2 cm, l ∈ [10, 70] cm, and the step length
of l was 5 cm, mv ∈ [5, 60]%, and the step length of mv was 5%. The AIEM and the
cross-polarized ratio of the Oh model were used to simulate the variation of VV/VH
backscattering coefficients with soil moisture under different roughness conditions to
obtain a simulated dataset.

Figure 4 demonstrates the responses between the VV/VH polarization backscattering
coefficients and soil moisture under different surface roughness. As shown in Figure 4,
the backscattering coefficient has a similar variation law under different RMS height and
correlation length. The backscattering coefficients increase with the increase of soil moisture
when the roughness parameter is certain, and there is an obvious logarithmic relationship
within the range of simulation. When the soil moisture increases to a certain level, the
backscattering coefficient gradually tends to be stable.

The general relationship between the backscattering coefficient and soil moisture can
be expressed as follows:

σqp = c + d ln(mv) (13)

where c and d are empirical parameters.
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Figure 4. Responses of the backscattering coefficient and soil moisture under different roughness: (a,b) responses of the
VV/VH under RMS heights s = 0.2, 0.4, 0.6, 0.8, and 1.0 cm when the correlation length l = 15 cm; (c,d) responses of the
VV/VH under l = 10, 20, 30, 40, 50, 60, and 70 cm when s = 0.6 cm.

According to the above analysis, it is quite clear that when the radar incidence angle is
constant, the comprehensive relationship between radar backscattering coefficient, surface
roughness, and soil moisture can be obtained according to Equations (11)–(13):

σvv = [a + b ln(zs)][c + d ln(mv)] (14)

Equation (14) can be written as follows:

σvv = A ln(zs) + B ln(mv) + C ln(zs) ln(mv) + D (15)

Likewise, a similar relationship can be obtained for VH polarization:

σvh = E ln(zs) + F ln(mv) + G ln(zs) ln(mv) + H (16)

The coefficients A ∼ H in Equations (15) and (16) are constants that can be deter-
mined by applying least square fitting method, so as to establish the empirical relationship
between the dual-polarization backscattering coefficient, soil moisture and combined
roughness. In this paper, the nonlinear equations composed of equations similar to Equa-
tions (15) and (16) are referred to be a new coupled empirical model (CEM), and the soil
moisture can be collected by CEM.

According to the previous studies, although AIEM can effectively simulate the radar
backscattering coefficient, there is still a certain deviation between the simulated radar
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backscattering and the actual radar backscattering, which is assumed to be caused by the
measurement error of surface parameters. Based on the existing measurement methods,
the measurement accuracy of soil moisture and RMS height can be guaranteed, while
the measurement accuracy of correlation length is poor [31–36]. In this paper, the LUT
(Look-up Tables) method proposed by Rahman et al. [52] was adopted to calculate the
effective roughness parameters, which can avoid the introduction of uncertainty in the
measurement process of roughness parameters. The simulated radar backscatter coefficient
would be more consistent with the measured radar backscatter coefficient when the effective
roughness is substituted for the measured roughness as input of CEM. Therefore, combined
with the effective roughness as the input parameter, a new soil moisture inversion method
based on the MWCM and CEM (MWCM-CEM) was proposed for the wheat growth cycle.

4. Results and Discussion
4.1. Backscattering Correction Results of Vegetation

On the basis of image segmentation, the radar backscattering coefficient and the vege-
tation information were extracted according to the geographical coordinates of sampling
points. The influence of vegetation layer on radar backscattering was corrected by using
WCM and MWCM, respectively. The changes of the backscattering coefficients of VH/VV
polarization before and after the removal of the vegetation influence is fitted based on the
data from April to June in the study site, as shown in Figure 5.

As revealed by Figure 5, the backscattering coefficients of different polarizations had
different degrees of attenuation after WCM or MWCM treatment, which removed the
effects of vegetation layer on the radar backscattering to a certain extent. Furthermore, the
attenuation degree after being processed by MWCM was less than that of WCM. Due to
the lack of truth value of bare soil backscattering coefficient, we cannot judge which one
is better directly. In this regard, we will indirectly judge by the following soil moisture
inversion results in Section 4.2. Despite the lack of a suitable optical data source in March
2013, it could be found that the vegetation fraction in this phase is low (NDVI < 0.3) based
on the optical data in March of those years close to 2013. That is to say, the effects of the
vegetation layer on radar backscattering coefficient is negligible. As a result, the radar
backscattering coefficient in March is directly regarded as the bare soil backscattering
coefficient.

From Figure 5, it can be found that the changes of backscattering coefficient before and
after vegetation effect removal are small, owing to the low vegetation fraction in April. In
May and June, especially in May, when the vegetation fraction is high, the backscattering
coefficients change greatly. It is coincident with the theory of WCM and our a priori
knowledge. In addition, the VH polarization data have a larger variation range than the
VV polarization, indicating that the VH polarization signal is more sensitive to vegetation
than VV.

4.2. Soil Moisture Inversion and Result Verification

To illustrate the improvement effect of MWCM compared with WCM and the necessity
of replacing in-situ measurement roughness with effective roughness, four configurations
of soil moisture inversion during the wheat growth cycle were discussed:

• Case 1: A combination of classical WCM and CEM obtained by least square fitting
using field measured roughness and measured soil moisture (CEMmr) (WCM-CEMmr).

• Case 2: A combination of classical WCM and CEM obtained by least square fitting
using effective roughness and measured soil moisture (CEMer) (WCM-CEMer).

• Case 3: A combination of MWCM and CEMmr (MWCM-CEMmr).
• Case 4: A combination of MWCM and CEMer (MWCM-CEM, the method proposed

in this paper).

In order to verify the feasibility of the above four combinations, the in-situ measure-
ments data were used to compare and analyze the model forward and inversion results.
Training data and validation data were randomly generated from 161 surface sampling
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points. Among them, 113 training samples were selected to establish the model and obtain
the model coefficients (Table 2), and the remaining 48 samples were used to verify the
accuracy of the soil moisture retrieval model. Both the training samples and validation
samples can provide soil moisture levels from low to high, where the high soil moisture
may be due to precipitation or irrigation.

Figure 5. The VV/VH polarization backscattering coefficients before and after the removal of vegetation influence in
different phases: (a,b) 14.4.2013; (c,d) 15.5.2013; (e,f) 1.6.2013. The blue dots represent the original radar backscattering
coefficients, while the red dots and green dots represent the radar backscattering coefficients after the removal of vegetation
influence by WCM and MWCM, respectively.
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Table 2. Coefficients fitted by least square method for four configurations.

A B C D E F G H

WCM-CEMmr −2.007 −3.268 −0.965 −26.650 −4.441 −10.090 −2.448 −46.880
WCM-CEMer 3.912 4.622 0.349 −3.878 4.239 5.065 0.132 −10.690

MWCM-CEMmr −1.294 −0.393 −0.340 −22.350 −3.362 −5.861 −1.530 −40.430
MWCM-CEM 4.083 5.247 0.0611 2.090 4.983 5.123 0.036 −8.005

Figure 6 gives the fitting relationships between the backscattering coefficients simu-
lated by AIEM and the ones calculated by the four combinations. As shown in Figure 6,
when the field measured surface roughness were used as the input parameters of CEM,
although the accuracy of MWCM-CEMmr was slightly higher than that of WCM-CEMmr,
the forward modeling accuracies of WCM-CEMmr and MWCM-CEMmr were poor. The
simulated backscattering coefficients were distributed in a narrow range, indicating that
the randomness in the acquisition of surface roughness had a great influence on the simu-
lation of radar backscattering coefficient. When the effective roughness was used as the
input parameter of CEM, the forward accuracies of WCM-CEMer and MWCM-CEM were
better, and the accuracy of MWCM-CEM was slightly higher than that of WCM-CEMer.
The simulated backscattering coefficients were distributed in a wide range and highly
agreed with the simulated values of AIEM. Therefore, it can be inferred that using effective
roughness as the input of CEM instead of in-situ measured roughness can effectively avoid
the uncertainty of roughness measurement on complex surface and greatly improve the
simulation results. Due to the observation scale or other reasons, some errors occurred in
the process of obtaining the surface roughness. The measured surface roughness parame-
ters would introduce large errors to the simulated backscattering coefficient, which cannot
be ignored in soil moisture inversion. Therefore, it was not considered to use case 1 and
case 3 for the subsequent soil moisture inversion.

The coefficient of determination (R2) between CEMer simulation results and AIEM
simulation values is above 0.94 (WCM-CEMer: R2

vh = 0.9784, R2
vv = 0.9434; MWCM-

CEM: R2
vh = 0.9825, R2

vv = 0.9569), which indicates that CEMer can achieve high forward
accuracy and preliminarily verifies the reliability of the model. Compared with the AIEM,
the CEMer mainly considers the influence of soil moisture and surface roughness on radar
backscattering. Except for ensuring the simulation accuracy, the parameters of CEMer are
simple and easy to settle.

In order to further verify the validity of the soil moisture inversion method proposed
in this paper, the 48 verification points were used to establish a comparative relationship
between soil moisture retrieved values and measured values, as shown in Figure 7. The
verification points were distributed uniformly in each phase, and the sampling points
in different phases were indicated by different colors. From Figure 7, we can find that
acceptable soil moisture inversion results can be obtained no matter using WCM-CEMer
or MWCM-CEM. The inversion results of MWCM-CEM were superior to WCM-CEMer,
with the R2 reaching 0.7390, indicating that MWCM with vegetation fraction can improve
the accuracy of soil moisture inversion effectively. According to the inversion results of
MWCM-CEM, the absolute error of soil moisture in most of the 48 verification points is
within 5%. MWCM-CEM did not show a large deviation for high soil moisture. Therefore,
precipitation or irrigation have little impact on the accuracy of the inversion method in
this paper, which proves that MWCM-CEM has a certain robustness. The root mean
square error (RMSE) of the retrieved soil moisture and the measured value is 4.14%, which
indicates that MWCM-CEM has good correlation and small errors. Figure 8 compared
the mean absolute errors of soil moisture retrieved by WCM-CEMer and MWCM-CEM in
each period. From Figure 8, it can be found that the inversion results of MWCM-CEM are
better than that of WCM-CEMer in each period, especially in March and April when the
study site is under low vegetation fraction. Therefore, compared with WCM, MWCM can
describe the real surface vegetation coverage more accurately.
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Figure 6. Comparison of simulated backscattering coefficients between AIEM and the four combinations: (a) WCM-CEMmr;
(b) WCM-CEMer; (c) MWCM-CEMmr; (d) MWCM-CEM.

For the purpose of studying the changes of soil moisture in each important period
of the wheat growth cycle, and further verifying the application effect of this method
in non-sampling area through qualitative evaluation, MWCM-CEM was used for soil
moisture inversion in the study site. The spatial distribution maps of soil moisture with
different phases were obtained as shown in Figure 9. The blank parts of the maps are the
abnormal value area of soil moisture inversion and artificial building plot area, such as
urban construction land, highway, river, and so on. From Figure 9, it can be found that the
soil moisture in the four periods of the study site mainly concentrated in 10–25%.
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Figure 7. Comparison of soil moisture between measured and retrieved under two combinations: (a) WCM-CEMer; (b)
MWCM-CEM.

Figure 8. Mean absolute error of soil moisture retrieved by WCM-CEMer and MWCM-CEM in each
period.

With the temperature rising in spring, the winter wheat in the study site entered the
returning green stage in March, which belonged to the stage of low vegetation fraction
( fveg < 30%) [53]. In order to revive winter wheat and make it grow, irrigation is generally
carried out during this period. According to Figure 9a, the soil moisture remains at a
relatively high level, which is consistent with our a priori knowledge.

The winter wheat was in the jointing stage in April, belonging to the medium-low
and medium vegetation fraction stage (30% ≤ fveg < 60%) [53], when the wheat grew
vigorously, and the water consumption increased sharply. The second irrigation of winter
wheat would be carried out at the end of April or the beginning of May to ensure the water
demand of plants.

In May, the winter wheat in the study site had entered the filling stage, which belonged
to the stage of high vegetation fraction (75% ≤ fveg < 1) [53]. By comparing the inversion
results of the red frame position of (a), (b), (c), and (d) in Figure 9, it can be revealed that
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there were some outliers in areas with high vegetation fraction, leading to fragmentation
of the soil moisture map at the red frame position. MWCM-CEM had limitations in high
vegetation fraction areas. It is likely that the C-band SAR is difficult to penetrate the dense
vegetation, resulting in the radar backscatter information obtained in the high vegetation
fraction areas only containing a small amount of ground information or not containing
any, and could not be used for soil moisture retrieval. There also exists a possibility that
MWCM can not completely remove the effects of vegetation in high vegetation fraction
areas. It may be caused by the saturation of vegetation water content estimated by the
spectral index method.

Figure 9. Spatial distribution maps of soil moisture in each period of the study site: (a) 21.3.2013; (b) 14.4.2013; (c) 15.5.2013;
(d) 1.6.2013.
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The winter wheat was in a milky maturity stage in June and belonged to the medium
and medium-high vegetation fraction stage (50% ≤ fveg < 80%) [53]. The precipitation in
the study site is mainly concentrated in June to September based on local meteorological
data. Attributed to the rapid increase of precipitation in June and the vegetation growth
will increase soil moisture retention, the soil moisture in the study site will remain at
a high level. As can be seen from Figure 9, the soil moisture in the study site was the
highest in June, which was consistent with the actual situation, further demonstrating the
effectiveness of the MWCM-CEM.

According to the inversion results of soil moisture in different phases, it can be
concluded that the MWCM-CEM is suitable for the whole wheat growth cycle. However,
the inversion accuracy of soil moisture will decrease in the period of high vegetation
fraction. There are two possible ways to solve the problem. The first way is to use L-band
or other longer-band SAR data in the case of high vegetation fraction and use multi-band
SAR data to monitor soil moisture changes during the crop growth cycle. The second one
is to try other methods to calculate vegetation water content or to use other vegetation
descriptors in MWCM. This problem will be further discussed in the follow-up work.

5. Conclusions

In this paper, MWCM, which introduced the vegetation fraction to WCM, was used
for vegetation effects removal. The effective roughness parameter and the combined
roughness form were used to describe the surface roughness. It avoids the uncertainty
in the measurement of roughness parameters, and at the same time solves the problem
that the measurement accuracy and efficiency are difficult to compromise caused by the
anisotropy of surface roughness and spatial heterogeneity. Combined with MWCM, AIEM
and the Oh model, a new soil moisture inversion method, MWCM-CEM, was established
and realized soil moisture inversion during the wheat growth cycle in collaboration with
Radarsat-2 active microwave data and Landsat-8 optical data in Dingxing County, Hebei
Province.

The results indicated that, overall, the combination of MWCM and the CEM has a
high soil moisture retrieval accuracy, with the R2 = 0.7390 and the total RMSE = 4.14%.
MWCM-CEM was used to obtain the soil moisture of the study site in March, April, May,
and June, 2013, which basically covered the important stages of winter wheat growth and
development. The characteristics of soil moisture temporal variation during crop growth
was analyzed. It is helpful to provide references for irrigation and drought monitoring in
agricultural production. In the further work, we will explore from the following aspects:

• In view of the complexity of actual soil types and land cover types, the applicability
of MWCM-CEM needs to be further verified. The problem of soil moisture accuracy
reduction in high vegetation fraction areas was discussed in this work. Multi-band
SAR data will be comprehensively used to establish a soil moisture remote sensing in-
version algorithm that meets regional characteristics, thereby improving the accuracy
of soil moisture inversion.

• There are scale problems in using TDR point measurement data to verify remote
sensing pixel inversion results. The cosmic ray neutron method can obtain the soil
moisture in a certain region by measuring the intensity of the fast neutrons moderated
by collision with hydrogen atoms. Its measuring range is between a TDR point
measurement and a remote sensing method, which fills the gap in the measurement
scale of soil moisture. Therefore, the cosmic ray neutron method can be used as
an important and effective verification method for remote sensing inversion of soil
moisture on the pixel scale in the subsequent studies.

• The microwave remote sensing method is only applicable to the acquisition of surface
soil moisture, but cannot directly obtain the deep soil moisture information. On this
basis, we will attempt to establish the relationship between surface soil moisture
and deep soil moisture through physical models or mathematical methods in further
research, so as to obtain soil moisture at different depths to meet the requirements.
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