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+e objective of this research is to optimize the Alpha approximation model for soil moisture retrieval using multitemporal SAR
data. +e Alpha model requires prior knowledge of soil moisture range to constrain soil moisture estimation. +e solution of the
Alpha model is an undetermined problem due to the fact that the number of observation equations is less than the number of
unknown parameters. +is research primarily focused on the optimization of Alpha model by employing multisensor and
multitemporal SAR data. +e disadvantage of the Alpha model can be eliminated by the combination of multisensor SAR data.
+e optimized Alpha model was evaluated on the basis of a comprehensive campaign for soil moisture retrieval, which acquired
multisensor time series SAR data and coincident field measurements. +e agreement between the estimated and measured soil
moisture was within a root mean square error of 0.08 cm3/cm3 for both methods. +e optimized Alpha model shows an obvious
improvement for soil moisture retrieval. +e results demonstrated that multisensor and multitemporal SAR data are favorable for
time series soil moisture retrieval over bare agricultural areas.

1. Introduction

Soil moisture is an essential parameter controlling many
biophysical processes that impact water, energy, and carbon
exchanges at the land-atmosphere interface. Synthetic ap-
erture radar (SAR) is one of the most promising techniques
for measuring surface soil moisture at moderate-to-high
spatial resolution required by hydrological, meteorologi-
cal, ecological, and agricultural applications [1–3]. However,
accurate soil moisture retrieval from SAR data is still
a challenging task due to the fact that the radar backscatter is
influenced by multiple parameters such as soil dielectric
constant (related to soil moisture), surface roughness, and
vegetation conditions [4–10]. +erefore, soil moisture re-
trieval from SAR data is an ill-posed problem, and thus, it
requires either prior knowledge of vegetation and soil
surface parameters or multiple configuration SAR data. +e
multitemporal [11, 12], multi-incidence angle [13–15],
multipolarization [16–19], and multifrequency [20] SAR

data are increasingly applied for soil moisture retrieval to
avoid using less observations than the number of unknown
parameters [21, 22].

+e availability of SAR data characterized by short re-
peating cycles such as Radarsat-2, Sentinel-1, ALOS-2,
Cosmo-SkyMed, and TerraSAR-X/TanDEM-X provides
possible alternatives for monitoring soil moisture change at
fine spatial scales through change detection methods [23].
+e rationale of such approach is that temporal changes of
surface roughness and vegetation take place at longer
temporal scales than soil moisture changes [24–27].
+erefore, time series SAR data acquired with short repeat
cycles are expected to obtain the soil moisture change. A
change detection method referred to as the Alpha approx-
imation model was initially developed under a simplified
theoretical assumption [28], being that the ratio of two
consecutive backscatter measurements could be approxi-
mately represented as the squared ratio of corresponding
Alpha coefficients. +e Alpha approximation model has
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been tested using di�erent SAR datasets with di�erent radar
frequencies [29–32].

�e Alpha approximation model is appealing for soil
moisture retrieval due to its simplicity, and this method
requires the initial estimates of soil moisture boundary. Such
bounds can be obtained from climate models, calibration on
a speci�c dataset [31–34], or juxtaposition method [35, 36].
Furthermore, the system of equations constructed using the
Alpha model has more unknowns than equations; thus,
there exist an in�nite number of solutions. �erefore, these
issues hampered the accurate estimation of soil moisture
content using the Alpha model.

�is paper aims at developing an optimized Alphamodel
by transforming the original underdetermined system of the
Alpha approximationmodel into an overdetermined system.
�e contribution is an extension of the Alpha model to
multisensor con�gurations. With the application of time
series Radarsat-2 and Sentinel-1A SAR data, the number of
the observation equations is more than the number of
unknown parameters. �us, the comprehensive cost func-
tion can be structured to estimate the optimized soil
moisture content within a valid bound. �e developed ap-
proach was quantitatively evaluated according to the �eld
soil moisture measurements over Hebei agricultural areas.

�is paper is organized as follows. Section 2 introduces
the comprehensive soil moisture retrieval campaign, in-
cluding the experimental area, acquisitions of multisensor
time series SAR data, and continuous �eld measurements.
Section 3 provides an overview of the Alpha approximation
model and its extension to multisensor con�gurations. Sec-
tion 4 �rstly evaluates the Alpha approximation model based
on the forward scattering model and time series SAR data.
�en, the comparison between the Alpha approximation
model and the developed method is implemented, and the
results are further analyzed and discussed. Section 5 presents
the conclusions and discusses potential future applications.

2. Study Area and Datasets

From Oct. 2015 to Mar. 2016, a comprehensive scienti�c
campaign for soil moisture retrieval was implemented
over Hebei agricultural areas. �e campaign encompassed
multisensor time series spaceborne SAR acquisitions and
continuous �eld measurements for vegetation and soil
surface parameters during 13 Oct. 2015 to 5 Mar. 2016.

2.1. Study Area. �e agricultural area chosen for this study is
part of the North China Plain located in the south of Hebei,
China (114°5ʹ–114°35ʹE, 36°25ʹ–36°55ʹN). Field measurements
were implemented over the JiuLong (114°10′–114°20′E,
36°25′–36°35′N) and WanNian (114°5′–114°15′E, 36°35′–
36°45′N) experimental areas, as shown in Figure 1. �e to-
pography of the experimental area is relatively �at. �e soil
texture is dominantly characterized as loam soil, and the sand
and clay proportions are approximate 50% and 15%, respectively.
�e main crops are wheat and corn over the study area.

Since Oct 2015, the dominated crop corn has been totally
harvested over the study area. Partial of the agricultural areas

were seeded with winter wheat, and partial of the agricultural
areas were languished. From Oct. 2015 to Mar. 2016, the
study area was mainly characterized by bare soil or sparse
winter wheat. During this period, the temperature is rela-
tively low, and thus, the winter wheat grows slowly and the
biomass retains a relatively low level (less than 0.5 kg/m2).
Figure 2 shows the di�erent winter wheat growth stages
from 13 Oct. 2015 to 5 Mar. 2016. �erefore, the study area
can be considered as bare soil surfaces, and the in�uence of
winter wheat to backscattering coe�cients can be ignored
[1]. In addition, there is no agricultural activity over the
study area during this period, the soil surface roughness can
be considered as constant, and thus, it is suitable for the
application of change detection methods.

2.2. SAR Data. Time series Radarsat-2, TerraSAR-X, and
Sentinel-1A images were acquired, and continuous �eld
measurements were implemented over the study area. �e
time interval among TerraSAR-X acquisitions and other
SAR data acquisitions is long; thus, only the time series
Radarsat-2 and Sentinel-1A data were selected as experi-
mental dataset. Table 1 lists the con�guration parameters
and acquisition time of multisensor SAR data.

During the scienti�c campaign, a total of �ve Radarsat-2
and three Sentinel-1A images were acquired from Oct. 2015
to Mar. 2016. To transfer the intensity to backscattering
coe�cients, a standard preprocessing phase is performed.
�e entire process, including the speckle �lter, radiometric
correction, and range-Doppler terrain correction, is con-
ducted using the NESTand SNAP software provided by ESA.
First, the images are �ltered using the Lee �lter with a 5× 5
window size [37]. Radiometric calibrations are then con-
ducted to derive the backscattering coe�cients. Finally, the
images are georeferenced using SRTM as an external DEM.
Considering the di�erent spatial resolutions of Radarsat-2
and Sentinel-1A images, the resampling process was con-
ducted to obtain the same spatial resolution. Table 2 lists the
time of SAR data acquisitions and �eld measurements.

During two days interval of Radarsat-2 and Sentinel-1A
acquisitions, there was no precipitation, large temperature
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Figure 1: Study area and sampling sites. �e upper left and lower
right represent the WanNian and JiuLong experimental areas,
respectively. �e round dots indicate the sampling sites.
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variation, and agricultural activity over the experimental
areas. +erefore, the soil moisture and surface roughness are
considered to be constant between each of the multisensor
SAR data acquisitions, which provide the potential of
multisensor SAR for soil moisture retrieval.

2.3. Field Measurements. Simultaneously with Radarsat-2
acquisitions, continuous field measurements were imple-
mented over the study area. Different sampling sites were
selected over JiuLong and WanNian experimental areas, re-
spectively. Soil surface parameters were measured, including
volumetric soil moisture content (0–5 cm) and surface
roughness parameters. For each sampling site, three sample
points were selected as representatives within an area of
30m× 30m. +e distance between the sample points is ap-
proximately tenmeters. Soil moisture content was collected by

a calibrated TDR (time domain reflectometry) probe, and the
measured soil moisture was calibrated on the basis of gravi-
metric method.

Soil moisture content of each sampling site was obtained
by the average of three sample measurements. Over the
JiuLong experimental area, the soil moisture content varied
from 0.03 to 0.46 cm3/cm3, and the soil moisture ranged
from 0.06 to 0.51 cm3/cm3 over the WanNian experimental
area. A portable global positioning system (GPS) was used to
identify and register the sampling positions with one meter
accuracy. +e surface roughness was measured using
a needle profilometer with a length of one meter (2 cm
sampling interval). At each sample point, four surface
profiles (two parallel and two perpendicular to the row
direction) were recorded. +ese profiles were photographed
and then digitized. +e root mean square height (h) and
correlation length (l) were calculated using a MATLAB
program [38].+e value of h varied from 0.51 to 1.79 cm over
the JiuLong experimental area, while in WanNian experi-
mental area, h changed from 0.50 to 1.90 cm. +e value of l
varied from 5.2 to 21.6 cm over the JiuLong experimental
area, while in WanNian experimental area, l changed from
6.1 to 23.1 cm. Furthermore, considering the presence of
positioning errors, geographical registration between SAR
data and field measurement sites was implemented based on
ten corner reflectors located in the experimental areas. +e
field measurements collected from the experimental areas

(a) (b) (c)

(d) (e)

Figure 2:Wheat growth stage in Hebei study area fromOct. 2015 toMar. 2016. (a) 13 Oct. 2015, (b) 6 Nov. 2015, (c) 24 Dec. 2015, (d) 17 Jan.
2016, and (e) 5 Mar. 2016.

Table 1: Configuration parameters and acquisition time of multisensor SAR data.

SAR data Acquisition
date

Band
frequency Polarization Incidence

angle Imaging mode Resolution Revisit
period

Radarsat-2 Oct. 2015 to Mar. 2016 C 5.4GHz HH 36° Multilook fine 5m 24 days
Sentinel-1A Oct. 2015 to Mar. 2016 C 5.4GHz VV/VH 38° Interferometric wide swath 20m 12 days

Table 2: Time of SAR data acquisitions and field measurements.

Acquisition
time Radarsat-2 Sentinel-1A Field

measurements
T1 13 Oct. 2015 15 Oct. 2015 13 Oct. 2015
T2 6 Nov. 2015 — 6 Nov. 2015
T3 24 Dec. 2015 26 Dec. 2015 24 Dec. 2015
T4 17 Jan. 2016 — 17 Jan. 2016
T5 5 Mar. 2016 7 Mar. 2016 5 Mar. 2016
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allow for the validation of feasibility and e�ectiveness of the
developed soil moisture retrieval method. Table 3 lists the
statistic results of the time series �eld measurements over
JiuLong and WanNian experimental areas.

For time series soil moisture measurements, the mini-
mum, maximum, and average values of soil moisture
content were graphed as Figure 3.

�ere is obvious precipitation on 5 Nov. 2015 over the
study area.�us, the average soil moisture content measured
on 6 Nov. 2015 is higher than the other �eld measurements.
�ere is no agricultural activity during Oct. 2015 to Mar.
2016 over the study area, and the soil surface roughness
shows relatively stable for the continuous �eld measure-
ments. �erefore, the assumptions of the change detection
methods are ful�lled. Figure 4 shows part of the �eld photos
for in situ measurements over the study area.

3. Methodologies

3.1. Overview of the AlphaModel. Soil surface roughness has
signi�cant in�uence on the backscattering coe�cient. For

soil moisture retrieval, surface roughness can be considered
as noise; thus, it is essential to eliminate the noise to obtain
reliable soil moisture retrievals. Generally, soil surface
roughness is more stable than soil moisture. �e variation of
soil surface roughness is originated from the seasonal ag-
ricultural activities over the agricultural areas.�erefore, soil
surface roughness can be considered as constant during
a certain period, and soil moisture change is the crucial
factor for the variation of backscattering coe�cients for bare
soil surfaces. Based on the abovementioned theory and
assumption, the application of multitemporal SAR data can
e�ectively remove the in�uence of surface roughness, thus to
obtain accurate soil moisture content. �erefore, the change
detection methods for soil moisture retrieval have been
widely developed.

Balenzano et al. proposed the Alpha approximation
approach for soil moisture retrieval from multitemporal
SAR data [28]. When time series SAR measurements are
available for bare soil surface, assuming no variation of
surface roughness during SAR acquisitions, the backscatter
change is related to soil moisture change only. Furthermore,

Table 3: �e statistics results of the �eld measurements over the study area.

Field
measurement

Experimental
area

Sampling
number

Soil moisture (cm3/cm3) h (cm) l (cm)
Min Max Average Min Max Average Min Max Average

13 Oct. 2015 JiuLong 27 0.03 0.345 0.116 0.51 1.79 1.13 7.3 20.2 15.1
WanNian 26 0.06 0.307 0.15 0.50 1.88 1.12 7.6 21.8 16.3

6 Nov. 2015 JiuLong 21 0.249 0.427 0.34 0.61 1.67 1.07 5.6 17.7 13.6
WanNian 23 0.224 0.508 0.297 0.57 1.73 1.11 6.7 19.7 15.4

24 Dec. 2015 JiuLong 30 0.15 0.464 0.243 0.54 1.77 1.09 7.7 18.5 14.3
WanNian 27 0.13 0.421 0.194 0.60 1.90 1.17 8.3 21.9 16.7

17 Jan. 2016 JiuLong 30 0.118 0.322 0.193 0.66 1.64 1.03 5.2 18.9 15.3
WanNian 30 0.11 0.452 0.202 0.59 1.78 1.13 7.9 23.1 17.6

5 Mar. 2016 JiuLong 30 0.067 0.46 0.176 0.63 1.73 1.17 6.4 21.6 16.1
WanNian 30 0.06 0.29 0.147 0.60 1.71 1.11 6.1 22.3 16.8
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Figure 3: Statistics graphs of the time series soil moisture measurements. (a) JiuLong experimental area. (b) WanNian experimental area.
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the ratio of two consecutive backscatter measurements can
be approximately represented as the squared ratio of cor-
responding Alpha coefficients [28].

σT2
pp

σT1
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where σ is the backscattering coefficient represented as in-
tensity, θ is the incidence angle, ε is the soil dielectric constant,
pp denotes the polarization mode (i.e., HH or VV), and T1
and T2 represent the acquisition time of multitemporal SAR
data. +e Alpha coefficient αpp is a function of dielectric
constant ε and incidence angle θ, and it is given by [39]

αHH(ε, θ)


 �
(ε− 1)

cos θ +
��������
ε− sin2 θ

√
 

2




,

αVV(ε, θ)


 �
(ε− 1) sin2 θ− ε 1 + sin2 θ( ( 

ε cos θ +
��������
ε− sin2 θ

√
 

2




.

(2)

According to T1 and T2 SAR acquisitions, the obser-
vation equation can be established based on (1).
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For the consecutive N SAR acquisitions, the number of
the observation equations can reach to N× (N− 1)/2. Due to
the ratio relationship between different temporal SAR data,
there is redundancy among these observation equations.
+erefore, based on the N SAR acquisitions, the number of
the effective observation equations is N− 1. In order to
maintain the soil surface roughness to be constant between
different temporal SAR acquisitions, the adjacent SAR ac-
quisitions (TN−1 and TN) were utilized to structure the

observation equations. +erefore, the observation equations
of the Alpha model can be expressed as follows:
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(4)

If the ratios between consecutive backscatter values are
considered according to (1), N SAR acquisitions result in
(N− 1) observation equations and N unknown dielectric
constants (for single polarization case), leading to a system
of equations having more unknowns than equations. To
solve this underdetermined system of equations, the
bounded least-squares optimization is applied [28] to esti-
mate the dielectric constant values. In the case where
multitemporal SAR data are used, the Alpha coefficients can
be derived in a least-squares sense. +us, the soil moisture
content can be derived on the basis of the dielectric mixing
model [40].

(a)

(b)

Figure 4: Field photos of the in situ measurements over the study area. (a) Corner reflectors. (b) Surface roughness measurements.
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3.2. Developed Alpha Model. +e system of equations con-
structed using (1) has more unknowns than the number of
equations, and thus there exist infinite number of solutions.
In this paper, the multisensor SAR data are employed to
solve the underdetermined system of equations. +e original
underdetermined solution was transformed into the solution
of overdetermined equation. A technique by minimizing the
comprehensive cost function was employed to obtain the
optimized soil dielectric constant. During this processing,
soil dielectric constant bounds should be given according to
the field measurements. +e consecutive field measurement
of soil moisture content is within 0.03 cm3/cm3 and
0.51 cm3/cm3.+us, the solution of dielectric constant can be
restricted in a valid bound [40]. +e retrieval schemes of the
developed Alpha model are detailed in the following
sections.

Firstly, time series Radarsat-2 SAR data with HH po-
larization can be used to establish the independent obser-
vation equations.
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According to the observation equations established by
the multitemporal Radarsat-2 data, the estimation of soil
moisture content is an underdetermined solution in com-
bination with the effective range of soil moisture content.
Accounting for the ill-posed problem, the optimized Alpha
model combining the multisensor SAR data was developed
to overcome the uncertainty of the estimated results.

+e multisensor time series SAR data are utilized to
estimate the soil moisture content by means of the Alpha
model. +e time series Radarsat-2 and Sentinel-1A SAR data
are respectively employed to construct the observation

equations, which transform the underdetermined solution
into overdetermined solution. +us, the multiple solutions
of soil moisture content can be constrained to the unique
solution. +erefore, the uncertainty of the estimated soil
moisture was significantly reduced.

+e time series Sentinel-1A SAR data with VV polari-
zation can be utilized to construct the following observation
equations.
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+erefore, the integrated observation equations can be
structured in combination with multitemporal Radarsat-2
and Sentinel-1A data.

MhhR2 Mo

Mo MvvS1A
 

αhhR2
αvvS1A

  �
0

0
 , (7)

where MhhR2 and MvvS1A are the coefficient matrixes of (5)
and (6), derived from time series Radarsat-2 and Sentinel-1A
data respectively. αhhR2 and αvvS1A are the Alpha coefficient
corresponding to HH and VV polarization, respectively.

For the above observation equations, the unknown
parameters |αTN

pp (ε, θ)| just depend on the soil dielectric
constant and incidence angle. For the approximately si-
multaneous acquisitions of multisensor SAR data, the soil
dielectric constant is equivalent, and the incidence angle is
a known parameter. +erefore, there are five unknown di-
electric constants in observation (7). +e original under-
determined system was transformed into an overdetermined
system. +us, the unique solution of soil moisture can be
obtained with multisensor time series SAR data as inputs.

+e observation (7) constructed by multitemporal
Radarsat-2 and Sentinel-1A data can be expressed as
MhhR2αhhR2 � 0 and MvvS1AαvvS1A � 0. +us, the target
function of optimal solution can be obtained by combining
the time series Radarsat-2 and Sentinel-1A data. According
to the above analysis, the comprehensive cost function can
be expressed as

Δ � min
���������������������������

MhhR2αhhR2( 
2

+ MvvS1AαvvS1A( 
2



. (8)

+is expression not only contains the constraint of time
series Radarsat-2 data but also is constrained by time series
Sentinel-1A data. Based on the given range of soil moisture
content, the numerical solution of soil moisture can be
obtained by minimizing the comprehensive cost function.

4. Results and Discussions

Firstly, the rationality of Alpha model was evaluated on the
basis of IEM (integral equation model) and Ohmodel within
a wide range of soil surface parameters. +en, the appli-
cability of Alpha model was further assessed in combination
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with time series SAR data and field measurements. +e
multitemporal Radarsat-2 data and measured soil moisture
of the same sampling sites were employed for the theoretical
analysis.

After the evaluation and validation for the forward
model, the Alpha approximationmethod was applied for soil
moisture retrieval over the experimental areas. Firstly, the
observation equations based on the Alpha model were
constructed using multitemporal Radarsat-2 data. +en, soil
moisture was estimated in combination with the valid range
of soil moisture content. Against the shortcoming of the
underdetermined system, the application of multisensor
SAR data was developed to transform the underdetermined
system into an overdetermined system by providing in-
dependent observation equations.

4.1. Alpha Model Evaluation

4.1.1. Alpha Model Evaluation Based on the Oh and IEM
Simulation Data. Oh [16] and IEM [41] simulation data were
utilized to evaluate the rationality of Alpha model. +e input
parameters of radar backscattering model include the soil
dielectric constant (related to soil moisture content), root
mean square height, correlation length, incidence angle, and
radar wavelength, which can be determined according to the
field measurements and SAR configuration parameters. +e
configuration parameters (incidence angle, radar wavelength,
and polarization) of Radarsat-2 and Sentinel-1A images were
used as inputs for Oh and IEM simulation. Soil surface root
mean square height changes from 0.1 cm to 2.0 cm with an
interval of 0.1 cm, and correlation length varies from 1cm to
20 cmwith an interval of 1 cm. Backscattering coefficients were
simulated based on the Oh and IEM model with different soil
moisture contents as inputs. +us, the time series backscat-
tering coefficients can be obtained corresponding to the same
soil roughness parameters and different soil moisture con-
tents. +e relationship between the ratio of backscattering
coefficients σT2

pp/σT1
pp and squared ratio of Alpha coefficients

|αT2
pp/αT1

pp|2 were quantitatively assessed. Figure 5 shows the
relationship between |αT2

pp/αT1
pp|2 and σT2

pp/σT1
pp simulated by the

IEM and Oh model, respectively.
+e simulation results show good agreement between

the squared ratio of Alpha coefficients and the ratio of
backscattering coefficients simulated by IEM for HH and VV
polarization. And, good correlation between |αT2

pp/αT1
pp|2 and

σT2
pp/σT1

pp was obtained for the Oh model. +e aforementioned
results theoretically demonstrated the rationality of Alpha
model. +e influence of surface roughness can be effectively
eliminated by the ratio model. +erefore, the relationship
between the ratio of backscattering coefficients and the
squared ratio of Alpha coefficients can be structured to
estimate the soil moisture content using time series SAR
data.

4.1.2. Alpha Model Evaluation Based on Multitemporal
Radarsat-2 Data and Field Measurements. Time series
Radarsat-2 data and measured soil moisture were employed
to further evaluate the availability of Alpha model. +e

following acquisitions of SAR data and measured soil
moisture were utilized over JiuLong and WanNian experi-
mental areas, including 24 Dec. 2015, 17 Jan. 2016, and 5Mar.
2016. Figure 6 shows the relationship between the ratio of
time series backscattering coefficients and the squared ratio of
Alpha coefficients derived from measured soil moisture.

+e availability of Alpha model was evaluated using time
series Radarsat-2 data and field soil moisture measurements.
+e results show good correlation between the |αT2

pp/αT1
pp|2

and σT2
pp/σT1

pp, which further demonstrate the effectiveness of
Alpha model for time series soil moisture retrieval.

Based on the aforementioned evaluation of rationality
and availability for the Alpha model, time series Radarsat-2
data and multisensor SAR data were employed to estimate
the soil moisture content over JiuLong and WanNian ex-
perimental areas, respectively.

4.2. Soil Moisture Retrieval Using Alpha Model. Time series
Radarsat-2 data were applied for soil moisture retrieval over
JiuLong and WanNian experimental areas. Firstly, the ob-
servation equations were constructed to eliminate the in-
fluence of surface roughness. +en, in combination with the
valid range of soil moisture content, the soil moisture can be
derived by the minimization of cost function. +e estimated
soil moisture was evaluated based on the field measure-
ments. Figure 7 shows the comparison between the mea-
sured and estimated soil moisture using the Alpha model
with multitemporal Radarsat-2 data as inputs over JiuLong
and WanNian experimental areas.

+e quantitative evaluation for the Alpha model was
implemented on the basis of time series field measurements.
+e root mean square error (RMSE) and correlation co-
efficient (R) were selected as statistical indicators. Table 4
presents the statistical results between the estimated and
measured soil moisture over JiuLong and WanNian ex-
perimental areas.

+e statistical results indicated that relatively accurate
soil moisture was obtained over JiuLong and WanNian
experimental areas, with RMSE ranging from 0.052 cm3/cm3

to 0.082 cm3/cm3 and R changing from 0.51 to 0.92. +e
results demonstrated the practicability of Alpha model for
agricultural area soil moisture retrieval with time series SAR
data as inputs. Since October 2015, the dominated crop corn
has been harvested over the study area, and the average soil
moisture content is relatively low due to little precipitation
during this period. +ere is obvious precipitation over the
study area on 5 Nov. 2015; thus, the measured average soil
moisture is high on 6 Nov. 2015. During the whole winter,
there is relatively less precipitation over the study area. +e
average soil moisture content is medium over the study area
on 24 Dec. 2015, 17 Jan. 2016, and 5 March 2016 due to low
temperature and less evaporation. In addition, partial of the
farmland was irrigated before the field measurements on 24
Dec. 2015, and 5 Mar. 2016; thus, the soil moisture content
of the irrigated sampling sites is high on 24 Dec. 2015, and
5 Mar. 2016. In conclusion, the estimated soil moisture pre-
liminarily captured the change trend of the measured time
series soil moisture. However, the estimated soil moisture

Advances in Meteorology 7



showed relatively large error over JiuLong and WanNian
experimental areas on 6 Nov. 2015. �e reason may be that
the sensitivity of backscattering coe�cients to soil moisture
decreased when the soil moisture content is high.

4.3. Soil Moisture Retrieval Using the Developed Alpha
Model. �e in�uence of surface roughness can be e�ectively
removed by means of the Alpha model. Observation
equations can be constructed using time series SAR data;
thus, soil moisture can be estimated in combination with
the boundary constraint of soil moisture. Against the
underdetermined system, the Alpha model fusing multi-
sensor SAR data was developed. �e independent obser-
vation equations can be constructed based on time series
Radarsat-2 and Sentinel-1A data, respectively. �e number
of unknown parameters does not alter, while the number of
e�ective observation equations is increased. �erefore, the
underdetermined system can be transformed into an
overdetermined system for soil moisture retrieval using the
developed Alpha model.

During the two days interval of Radarsat-2 and Sentinel-1A
acquisitions, there was no precipitation, signi�cant temperature
change, and agricultural activity, thus soil moisture content and
surface roughness can be considered as constant. �erefore,
time series Radarsat-2 and Sentinel-1A data can be combined to
estimate the soil moisture content by means of Alpha model.
�e validity of the developed Alpha model was quantitatively
assessed based on continuous �eld measurements.

Time series Radarsat-2 data with HH polarization and
Sentinel-1A data with VV polarization were employed to
construct the observation (6) and (7), respectively. In
combination with the valid soil moisture range, soil
moisture content can be derived based on the compre-
hensive cost function (8). Figure 8 shows the comparison
between the measured and estimated soil moisture using
the developed Alpha model with multitemporal Radarsat-2
and Sentinel-1A data as inputs.

�e developed Alpha model was quantitatively evaluated
based on the measured soil moisture. Table 5 shows the
quantitative statistics of the estimated soil moisture using the
developed Alpha model.
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Figure 5: Relationships between |αT2
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T1
pp|2 and σT2
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pp simulated by IEM and Oh models. (a) Comparison between σT2
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�e results indicated that accurate time series soil moisture
was obtained over JiuLong and WanNian experimental areas
with RMSE ranging from 0.048 cm3/cm3 to 0.068 cm3/cm3 and
R changing from 0.54 to 0.91.�e estimated soil moisture shows
good agreement with the �eld measurements. �e quantitative
results demonstrated the practicability of the developed Alpha
model for soil moisture retrieval over bare agricultural areas.

In addition, the comparison between the Alpha
approximation model and the developed Alpha model

was implemented based on the measured soil moisture.
Figure 9 shows the comparison of soil moisture retrie-
val between the Alpha model and the developed method.

�e quantitative comparison between the Alpha model
and the developed method indicated that time series soil
moisture retrieval performance can be improved when
multisensor SAR data was combined to estimate soil
moisture. In addition, the comparison of the average ac-
curacy between the Alpha approximation model and the
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Figure 6: Evaluation for Alpha model using time series Radarsat-2 data and measured soil moisture. (a) Dataset with 24 Dec. 2015 and 17
Jan. 2016. (b) Dataset with 24 Dec. 2015 and 5 Mar. 2016. (c) Dataset with 17 Jan. 2016 and 5 Mar. 2016.
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Figure 7: Continued.
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developed method was implemented. �e average RMSE of
the developed method with 0.051 cm3/cm3 is less than the
original Alpha approximation model with 0.065 cm3/cm3.
�e e�ectiveness of the Alphamodel fusingmultisensor SAR
data for soil moisture retrieval was further veri�ed.

4.4. Discussion. In order to evaluate the spatial character-
istics of the estimated soil moisture using the developed
Alpha model, the soil moisture content at regional scale was
estimated over the study area. Soil moisture maps from 13
Oct. 2015 to 5 Mar. 2016 were obtained, respectively, shown
as Figures 10(a)–10(e). �e qualitative results can also
capture the soil moisture changes from 13 Oct. 2015 to 5
Mar. 2016. �erefore, the developed Alpha model can be
used for soil moisture retrieval over agricultural areas.

For the developed Alpha model, time series multisensor
SAR data are required for soil moisture retrieval. However,
with the development of SAR technique, the concurrent
acquisition of SAR data with di�erent frequency, polarization,
and incidence angle can be achieved and hence provide the
basis of soil moisture retrieval by means of multisensor SAR

data with di�erent system con�guration parameters. �e
rationale is that the SAR signal is sensitive to soil surface
properties in a di�erent way and to a di�erent extent

Table 4: Quantitative evaluation of the estimated soil moisture
using Alpha model.

Date Statistical indicators JiuLong WanNian

13 Oct. 2015
RMSE (cm3/cm3) 0.053 0.057

R 0.68 0.58
Sampling number 27 26

6 Nov. 2015
RMSE (cm3/cm3) 0.072 0.082

R 0.51 0.72
Sampling number 21 23

24 Dec. 2015
RMSE (cm3/cm3) 0.052 0.069

R 0.68 0.68
Sampling number 30 27

17 Jan. 2016
RMSE (cm3/cm3) 0.068 0.075

R 0.73 0.66
Sampling number 30 30

5 Mar. 2016
RMSE (cm3/cm3) 0.059 0.059

R 0.92 0.75
Sampling number 30 30
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Figure 7: Comparison between the measured and estimated soil moisture using the Alpha model. (a) Comparison between the estimated
and measured soil moisture on 13 Oct. 2015. (b) Comparison between the estimated and measured soil moisture on 6 Nov. 2015.
(c) Comparison between the estimated and measured soil moisture on 24 Dec. 2015. (d) Comparison between the estimated and measured
soil moisture on 17 Jan. 2016. (e) Comparison between the estimated and measured soil moisture on 5 Mar. 2016.
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Figure 8: Continued.
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depending on the SAR frequency, polarization, and incidence
angle. Accordingly, the confounding e�ect of soil moisture
and surface roughness may be decoupled by means of the
multiangle, multipolarization, and multifrequency SAR data.

�e combination of SAR information acquired with di�erent
system con�gurations leads to a better characterization of the
parameters a�ecting the SAR signal and thus to an accurate
estimation of soil moisture content [42]. �erefore, the de-
veloped Alpha model is promising for time series soil
moisture retrieval over agricultural areas. In addition, the HH
and VV polarization backscatter information for single SAR
sensor may have certain correlation; thus, the combination of
HH and VV backscatter may not improve soil moisture es-
timation obviously [32]. Consequently, the combination of
time series Radarsat-2 and Sentinel-1A data with di�erent
incidence angle and polarization improved the soil moisture
estimation.

It should be noticed that the uncertainties of soil moisture
retrieval originated from di�erent aspects. Firstly, the un-
certainties aroused from SAR data were unpredicted, espe-
cially for di�erent SAR satellites. Speckle noise of the SAR
image, radiometric calibration and registration errors from
SAR data, and inevitable �eld measurements errors would
induce the deviation of soil moisture retrieval. Secondly, the
uncertainties resulted from the inversion model was in-
evitable. �e Alpha approximation model may not be
robust enough for speci�c experimental areas. �irdly,
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Figure 8: Comparison between the measured and estimated soil moisture using the developed Alpha model. (a) Comparison between the
estimated and measured soil moisture on 13 Oct. 2015. (b) Comparison between the estimated and measured soil moisture on 6 Nov. 2015.
(c) Comparison between the estimated and measured soil moisture on 24 Dec. 2015. (d) Comparison between the estimated and measured
soil moisture on 17 Jan. 2016. (e) Comparison between the estimated and measured soil moisture on 5 Mar. 2016.

Table 5: Quantitative evaluation of estimated soil moisture using
the developed Alpha model.

Date Statistical indicators JiuLong WanNian

13 Oct. 2015
RMSE (cm3/cm3) 0.048 0.054

R 0.75 0.64
Sampling number 27 26

6 Nov. 2015
RMSE (cm3/cm3) 0.066 0.068

R 0.54 0.64
Sampling number 21 23

24 Dec. 2015
RMSE (cm3/cm3) 0.048 0.06

R 0.85 0.71
Sampling number 30 27

17 Jan. 2016
RMSE (cm3/cm3) 0.068 0.068

R 0.71 0.82
Sampling number 30 30

5 Mar. 2016
RMSE (cm3/cm3) 0.066 0.052

R 0.91 0.81
Sampling number 30 30
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the assumptions were that soil surface roughness is con-
stant during the period of SAR data acquisitions, and soil
moisture does not change during two days interval of
Radarsat-2 and Sentinel-1A acquisitions. All of the above

aspects may induce the uncertainties for soil moisture
retrieval. An accurate uncertainty assessment for soil
moisture estimation contributed to evaluate the applica-
bility and validity of the developed method.
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Figure 9: Comparison of soil moisture retrieval between the Alpha model and the developed method. (a) JiuLong experimental dataset.
(b) WanNian experimental dataset.
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Figure 10: Soil moisture maps of the study area using the developed Alpha model. (a)–(e) represent the soil moisture maps obtained on 13
Oct. 2015, 6 Nov. 2015, 24 Dec. 2015, 17 Jan. 2016, and 5 Mar. 2016, respectively.
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5. Conclusions

Based on time series SAR data, the Alpha approximation
model was quantitatively assessed for soil moisture retrieval.
+is approach has certain theoretical foundation structuring
the relationship between the ratio of backscattering co-
efficients and squared ratio of Alpha coefficients and does
not require the prior knowledge of surface roughness.
+erefore, this research focused on the Alpha model for soil
moisture retrieval. Considering the deficiency of this
method, the Alpha model fusing multisensor SAR data was
developed to solve the underdetermined system. +e eval-
uation for the Alpha model and the developed method was
implemented based on the multitemporal Radarsat-2 and
Sentinel-1A data, as well as continuous field measurements.
+e following conclusions can be derived:

(1) +e Alpha model can capture the change trend of
time series soil moisture content. However, the
underdetermined system may deteriorate the accu-
racy and reliability of estimated soil moisture.

(2) Against the deficiency of Alpha model, the Alpha
model fusing time series Radarsat-2 and Sentinel-1A
data was developed to transform the under-
determined system into overdetermined system. +e
effectiveness of the developed Alpha model was
demonstrated based on time series Radarsat-2,
Sentinel-1A data, and field measurements over
bare agricultural areas.

It should be remarked that the experimental area is
relatively small, and the available dataset is not very suffi-
cient for drawing global considerations. However, the de-
veloped approach is promising for obtaining an improved
accuracy for soil moisture retrieval with respect to single-
sensor SAR data. +e main limitation for generalizing this
approach is the simultaneous acquisitions of multisensor
SAR data. However, with the development of SAR techniques
and increasing research on SAR satellites, novel SAR systems
may provide abundant data sources for soil moisture retrieval.
+erefore, the research on multisensor and multitemporal
SAR data for soil moisture retrieval is promising.
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