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Contribution of Polarimetry and Multi-Incidence to

Soil Moisture Estimation Over Agricultural Fields
Based on Time Series of L-Band SAR Data

Hontao Shi
Pingxiang Li, Lingli Zhao

Abstract—The alpha approximation method is known to be
effective and simple for soil moisture retrieval from time series
of synthetic aperture radar data. However, its accuracy is usually
degraded by the scattering from vegetation, and it entails working
with an underdetermined linear system when solving the unknown
surface parameters. In this work, we study how the availability of
fully polarimetric data and a diversity in incidence angles can help
this method for soil moisture estimation. Results are obtained using
data from the Soil Moisture Active Passive Validation Experiment
2012 campaign acquired by an air-borne L-band radar system. The
assessment of the performance is based on in situ measurements
over agricultural fields corresponding to five different crop types:
bean, soybean, canola, corn, and wheat. The validation shows
that, compared with the original method, the retrieval accuracy
can be improved when the polarimetric decomposition is included
in the approach. The combination of polarimetric decomposition
and multi-incidence observations of enriched data provides the
best performance, with a decrease in the final root-mean-square
error between 0.4% and 5% with respect to single-pol and single-
incidence data. Compared with HH, the results obtained for VV
data present a higher accuracy for the overall crop types. The most
noticeable improvement is achieved for corn, soybean and wheat,
demonstrating the contribution of this extension of the original
approach.

Index  Terms—Alpha  approximation, multi-incidence,
polarimetric decomposition (PD), soil moisture estimation,
synthetic aperture radar (SAR), time series.
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I. INTRODUCTION

URFACE soil moisture (SSM) is a critical variable in en-
S vironmental and agricultural studies. Accurate knowledge
of the spatial and temporal characteristics of SSM is crucial
for many fields including meteorology, landslide monitoring,
and drought prediction. Especially in agricultural applications,
SSM is taken as an important feature for optimizing water
usage efficiency [1]. Over the last four decades, considerable
research efforts have been devoted to soil moisture estimation by
means of synthetic aperture radar (SAR) and proved the potential
of SAR data at L, C, and X bands for estimating SSM over
bare and vegetated soils [2], [3]. The use of physical models
(IEM, AIEM), semiempirical models (Oh, Dubois, and Shi) [4],
decomposition theorems (Freeman—Durden, Yamaguchi, and
Cloude—Pottier) [5]-[7], change detection techniques [8]-[10],
and statistics-based methods [11]-[13] applied to multiple SAR
observations have improved the capability to obtain SSM infor-
mation at high spatial resolution (less than 10 m).

Generally, the SSM estimation from SAR for bare soils has
been well proved, but estimation over moderate or dense veg-
etated areas is still a challenging task [14]. This is due to the
influence of vegetation canopy structure, density, plant water
content (PWC), biomass, etc. Particularly, the SSM estimation
over agricultural areas is more complicated due to the continuous
change of phenological stages of crops. For this case, a set of em-
pirical scattering models, e.g., water could model (WCM), and
model-based polarimetric decomposition (PD) techniques were
proposed to decouple the effect of SSM on SAR backscatter from
that of vegetation canopy. The empirical models obtained from
the remote sensing measurements and in sifu observations could
be easily implemented to describe the nonlinear relationship
between the backscattering coefficient and the surface param-
eters (e.g., soil roughness, vegetation, and soil moisture, etc.).
However, an accurate estimation largely rely on the ancillary
vegetation information (e.g., leaf area index and vegetation water
content), and its robustness is usually limited because of the
different conditions from field to field. Based on the polarimetric
SAR observations, PD theorems have the advantage of remov-
ing, up to some extent, the vegetation component [5], [15]-[18].
Hence, combined with PD methods, the empirical (e.g., Oh and
Dubois) and physical (e.g., [IEM and AIEM) scattering models
could be used to estimate the SSM from the remaining ground
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scattering components [19], [20]. Notably, the complexity of
the volume scattering model [4], [5] and the number of modeled
scattering components are important aspects in the description of
the scattering properties of this type of scenes. Another strategy
to take into account the presence of vegetation on the ground
consists in adopting statistical approaches, for instance based on
Bayes theorem or on machine learning methods [11], [12], [21].
Artificial neural networks and supported vector regressions have
reported some capability to minimize the retrieval uncertainties
induced by multiple combinations of surface parameters and
improve the inversion of SSM from SAR data [13], [22], [23].
Their effectiveness was also confirmed by combining them
with vegetation information derived from optical remote sensing
(e.g., vegetation indices) [24], [25]. However, these approaches
need extensive reference datasets (SAR, optical, and in situ
observations) for training the SSM retrieval models.

The change detection-based method, also known as alpha ap-
proximation method [10], [14], exploits frequent repeat SAR ob-
servations to minimise the influence of crop type and the demand
of ancillary information. It is constructed under the assumption
of time-invariant roughness and vegetation conditions [14]. Sev-
eral works have reported the potential of such a method in SSM
estimation by utilizing time series of RADARSAT-2, Sentinel-1,
ALOS/PALSAR-1 data, yielding a final root-mean-square error
(rmse) around 5.0%—7.0% cm?3/cm? [3], [26], [27]. However,
there are still some limitations in the alpha approximation
method—namely, the sensitivity to the initial estimation of the
bounds of the soil dielectric constant, and the neglecting of
multiple scattering components from vegetation, particularly
in the case of dense crop canopies. Besides, this method re-
sults in an ill-posed numerical problem which is expected to
be circumvented with multi-incidence, multipolarization, and
multifrequency SAR observations [2], [26], [28].

The main purpose of this work is to study the potential
improvement of the alpha approximation method in SSM es-
timation over agricultural fields by means of the exploitation
of PD theorems and multi-incidence observations. In principle,
PDs can help to minimise the volume scattering component and,
consequently, the resulting HH and VV backscatter coefficients,
which are regarded as only related with ground scattering, would
be better suited for SSM estimation. On the other hand, the joint
usage of data acquired at multiple incidence angles allows us
to increase the observation space because additional sources
of information are added. Time series of the soil dielectric
constant are calculated by solving a modified underdetermined
linear least square system and then converted into volumetric
soil moisture values. The extended algorithm was applied to the
uninhabited aerial vehicle synthetic aperture radar (UAVSAR)
L-band data acquired during the Soil Moisture Active Passive
Validation Experiment in 2012 (SMAPVEX12). The retrieval
performance was assessed by comparing the inversion results
with in situ measurements over bean, canola, corn, soybean,
and wheat areas.

The article is organized as follows. Section II describes
the airborne UAVSAR datasets and the selected study area.
Section III presents the extended multi-incidence alpha approx-
imation method, PD model, and the generation of soil dielectric

Study area, SMAPVEX12

UAVSAR flight lines and land cover types.
June 17 - July 17, Winnipeg, Canada.

belected crop areas.
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Fig. 1. Selected study crop areas in Winnipeg, Manitoba, Canada. (a) Study

area and flight lines. (b) Incidence angle of the overlapping area of flight line
#31605 and #31606.

constant constraints. The experimental results are shown and
discussed in Section IV. Conclusions are presented in Section V.

II. DATASETS

Time series of UAVSAR data over Winnipeg, Manitoba,
Canada were obtained during the SMAP Validation Experiment
2012 (SMAPVEX12) on fourteen dates (see Table I). UAVSAR
is a quad polarimetric L-band SAR sensor operated at 1.26 GHz.
There are four flight lines—namely, #31603, #31604, #31605,
and #31606, which were collected over a swath between 20° and
65° on each acquisition date. In this work, flight lines #31605 and
#31606 [red and blue rectangle in Fig. 1 (a)] were selected for the
multi-incidence alpha approximation SSM estimation method.
The incidence angle difference between #31605 and #31606 is
about 3° and 12° in the far and near range of the overlapping
areas [see Fig. 1 (b)], respectively.

The SAR data were processed by extracting the coherency
matrix 7'3 from the calibrated multilooked cross-products with
spatial resolution of 5.0 m in the range direction and 7.2 m
in the azimuth direction, for which PolSARpro v6.0 (Biomass
Edition) was employed. Then, a 7x7 refined Lee filter was used
to suppress the speckle noise.

Field survey data including the range of surface roughness,
in situ measurements of near-surface (0—5 cm) volumetric soil
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TABLE I
UAVSAR DATA OF SMAPVEX12 FOR THE WINNIPEG CANADA

Sensor Flight line

Observation Date (2012)

Incidence angle (°) Resolution (m)

UAVSAR #31605, #31606
(of each date)

17. (14 days)

June 17, 19, 22, 23, 25, 27,
29. July 3, 5, 8, 10, 13, 14,

20—65 5.0 (range) x 7.2

(azimuth)

Radar antenna

Osv !

I

I

I Ov

1 <Joop, oopp!

Vegetation
canopy
' “ " Moist Soil
S— Soil layer

Fig. 2. Radar backscatter measurement over vegetated areas. The volume
(dotted green arrow) and double bounce (dotted blue arrows) scattering are neg-
ligible in alpha approximation method, and the total backscatter measurement
corresponds to the surface scattering (dotted red arrow) attenuated by vegetation
canopy.

moisture, and ancillary information, e.g., crop type, height,
PWC, etc., were also collected and here are employed in the
evaluation of the SSM retrieval performance.

III. METHOD

In order to explain the formulation of the application of PDs
and the multi-incidence approach to the alpha approximation
method, we first review briefly the original method. Then the
proposed modifications are described.

A. Original Alpha Approximation for SSM Estimation

In general, the copolarized (HH and VV) total backscatter
coefficient can be expressed as the sum of surface, volume, and
double bounce contributions, as shown in Fig. 2 and as follows:

opp =0pp - exp(—T) + 0Pp + opp ey

where P P denotes the polarization channel, i.e., HH or VV.

In the alpha approximation method, the volume and double
bounce contributions, i.e., 0% and 0%3, are considered negli-
gible. Consequently, the total backscatter measurement (0% )
corresponds to the surface scattering component (¢%) attenu-
ated by the vegetation canopy (exp —(7)).

Assuming that no variation of vegetation condition and sur-
face roughness happens between two consecutive SAR measure-
ments, the change between the two backscatter measurements
depends only on soil moisture and incidence angle. Therefore,
the ratio of two copolarized radar backscatter measurements is

approximately equal to the squared ratio of alpha coefficients
2

0_tj tj
O-PiPJ‘ _ a};P(g,e) )
0'?5;; a%P(Ea 0)

‘ 0_t; :
where 051 and 0’5} are the backscatter coefficient measured at

dates t¢ and t7, respectively. The alpha coefficient is a function
of incidence angle () and soil dielectric constant (£), as shown
in

(-1

QHH = 5
[COSO + /e — sin? 0}
3
(e —1) [sin® @ — (1 +sin®6)] @
ayy =

[COSQ + Ve —sin? 9}2

For a time series of N single-incidence SAR observations, the
corresponding matrix equation to be solved is given as

0, 0, T
M- Ay =[0 0 0 0] )
N-1
where 7" denotes the transpose, and
_ 7 -
L V= x 0 0 0
a_O,tQ
P 0 1 5 0 0
Mpp = e
Ot (N=1)
0 0 0 0 1 - POIit(N)
L 9pp J
(5

isan (N — 1) x N matrix, and the unknowns form a vector of
size N

tN r 6
‘O‘PP N ©)

A?DlP = UO‘%P‘ |0‘§3P

In (4), the number of unknown soil dielectric constants (N)

is larger than the observation equations (N-1), hence, the soil

moisture retrieval is expressed as an underdetermined problem

which is usually solved by employing a bounded linear least-

squares optimization [27]. Once the o p p values in (6) have been

estimated, the complex-valued dielectric constant is inverted for

each observation and mapped to soil moisture content using a
dielectric mixing model [29].

B. Introduction of a PD in the Alpha Soil Moisture Estimation

The formulation reviewed in the previous subsection is valid
for any of the two co-polar backscattering coefficients, i.e.,
HH or VYV, since there exists a way to link them to the soil
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dielectric constant. In fact, the two channels can be used jointly
in the estimation, as it was demonstrated in [26], improving the
retrieval performance in some cases. In this work, we propose
an alternative way to exploit polarimetry for improving the
performance of the alpha method. The idea consists in applying
a PD scheme to isolate, or separate in a better way, the radar
response of the ground from that of the vegetation. In this way,
we expect the relationship between radar data and soil moisture
to be less affected by the presence of vegetation.

Model-based PD techniques are commonly used for trying
to separate the contributions of vegetation and ground from
the observed backscattered signal [30]-[32]. This approach was
also applied to soil moisture estimation combined with some
physical and semiempirical models [15], [16]. Here we make
use of a recent approach in which a two-component decompo-
sition technique [20] was employed to extract the HH and VV
backscatter components that are relevant to the soil scattering for
the SSM estimation. Under reflection symmetry assumption, the
two-component decomposition model can be expressed as in

TiwTiz O
TPy Too 0 (7N
0 0 133

Ty =Te+ Ty =

where T3 is the total coherency matrix of quad polarized SAR
observations, T¢; represents the ground scattering contribution,
which is usually expressed using the X-Bragg model, and Ty
corresponds to the volume scattering component, which in-
cludes three types of vegetation orientation distributions: ran-
dom, vertical, and horizontal. In this method, Ty, is estimated
and removed from the total backscatter on the basis of the
nonnegative eigenvalue decomposition concept, and the ground
scattering coefficients at HH and VV are obtained using the
unitary transformation between the coherency and covariance
matrices of the ground, as shown in

oy = (Tair + Terz + Tas + Taaz) /2

(8
oy = (Tair — Tera — Téas + Taa2) /2

where T11, T2, Taoo are the elements of T, and * denotes
complex conjugation. Consequently, the extracted ground scat-
tering coefficients at HH and V'V are used as inputs for the alpha
estimation method in this work.

C. Multi-Incidence Extension

Asit was shown in [26], the use of more than one channel of in-
formation is beneficial for the SSM inversion algorithm although
the undetermination of the equation system is maintained. In
that work, the alpha approximation SSM retrieval method was
extended to multiple polarizations, i.e., combining HH and VV
observations acquired at the same incidence angle (6; = 65). An
alternative way to provide extra information channels consists in
incorporating multi-incidence SAR observations. As illustrated
in Fig. 3, the theoretical alpha coefficients of HH and VV are
sensitive to both incidence angle and soil dielectric constant.
Particularly, the alpha coefficient at the VV channel is more
sensitive to the incidence angle than that at the HH channel. The
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Fig.3. Sensitivity of alpha coefficient at HH and VV channels to the incidence
angle and soil dielectric constant.

resulting equation system with multi-incidence SAR observa-
tions is the following one:

MPy My | o0 T
CADFE =10 0 0 0 9
[MO M| TP { ]2<N71> ®

where M 1931P and Mlefp are the matrices obtained from the SAR
backscatter measurements acquired with incidences 67 and 05,
respectively. My is a (N — 1) x N null matrix, and Ai}f,% is
the vector of multi-incidence alpha coefficients, given as

01 602 t1_6:1
App’= HaPP

t]V701
‘aPP

t1702
‘aPP

t]V792
‘aPP

LN'
(10)

After the equation system in (9) is solved, the soil dielectric
constant is retrieved individually for the two polarization chan-
nels (HH and VV), hence providing two separate SSM estimates.

Alternatively, as it was done in the multipolarization retrieval
algorithm proposed in [26], the soil dielectric constant could
be calculated from a joint cost function which simultaneously
exploits the alpha coefficients found for both polarizations.
For instance, (11) was employed in [26] to retrieve the soil
dielectric constant from the derived alpha values, i.e., agg
and ay vy, and the lookup tables, i.e., agg ru: and ayy_put.
The difference between the multipolarized alpha approximation
method introduced in [26] and the multi-incidence retrieval
approach proposed in this work is that the latter one extends
the observation matrix with observations at different incidence
angles rather than different polarizations. The multipolarization
approach (denoted as MPAP), in which (11) is employed for the
inversion, is compared in the Results section with the algorithms
proposed in this work

cost_fun=Min||lagg — agn pul’ +lavy — avy pul’ |
(11)

Finally, all retrieval methods in this work are applied to the
time-series UAVSAR data set (14 dates, 28 PolSAR images)
using a scheme similar to that employed in [26]: a sliding win-
dow of four UAVSAR measurements to provide SM estimates at
every day in the observation period, for which the average value
of the estimations is considered for validation and analysis.
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D. Soil Dielectric Constant Bounds Conditions

In addition to the two previous extensions of the alpha model,
we also include here a modification in the way the bound con-
ditions of the soil dielectric constant are defined. These bound
conditions are required for the inversion of the equation system
defined in (4) or (9) [27]. Dubois proposed a semiempirical
model to estimate the copolarized backscattering coefficient
in HH (0% ) polarization and VV polarization (¢{,,,) over
bare soils [33]. This model is constructed as a function of
the dielectric constant (¢), root-mean-square height (s) of the
surface, incidence angle (6), and wavelength (1), resulting in
the following expressions:

o 9) 10040285tan9(ks - sin §)14207

1.5

. cos >0
0 —2.35

oyy = 10 (

— J > 100.()466tan9(ks . gin 0)1.1)\'0.7
Sin

12)

where k is the wavenumber (k = 27r/2). The empirical param-
eters in (12) are derived from Michigan’s LCX POLARSCAT
truck-mounted scatterometer dataset (operating at 1.25, 4.75,
and 9.5 GHz), and the University of Berne’s RASAM truck-
mounted scatterometer dataset (operating at six frequencies
between 2.5 and 11 GHz) [33]. It requires the two copolarized
channels at a frequency between 1.25 and 11 GHz and has the
best performance for ks < 2.5, mv < 35%, and 6 > 30° over
bare surfaces. Since the Dubois model provides a simple rela-
tionship between radar signal and soil parameters, the present
study employs (12) and a lookup table to determine the bound
conditions of the soil dielectric constant.

Fig. 4 illustrates the method for determining these bounds
with the priori knowledge of the surface roughness and the
time series of SAR observations. The upper bound is derived
from the minimum backscattering coefficient and maximum root
mean square height, whereas the lower bound is derived from
maximum backscattering coefficient and minimum root mean
square height. The typical range of the root mean square height
and the soil dielectric constant are selected as 0.3 < s < 10.0cm
and 4 < ¢ < 35, respectively. It should be noted that the empir-
ical Oh model [34] could also be used to determine the soil
dielectric constant bound conditions [3]. However, considering
that the validity of Oh model was tested over ranges of 0.39 <
s < 22.72 cmand 9.0% < mv < 31.0%, which are beyond the
range of the soil conditions of the study areas, Dubois model is
more appropriate for this case study.

The whole algorithm that includes the proposed modifications
or extensions is illustrated in Fig. 5.

IV. RESULTS

A. Constraints of Soil Dielectric Constant

Fig. 6 presents the upper and lower bounds of the soil dielec-
tric constant derived from the original backscatter measurements
and from the inclusion of the PD as introduced in Section III.
It shows that the effective range of soil dielectric constant is
refined, as expected, since it is narrower than the typical bounds

Dubois forward model simulation (6%pp)

T

10

25
9
7.5 2
6 range of soil | i
roughness || 115

hmin

>
]

1
1
¥

Root mean square height (cm)
(2]

-
(3}

'
1
1
1
1
i
1
1
|
|
|
|
" : : 1
range of soil dielectric constant
1
1

20 25 30
Soil dielectric constant

Fig. 4. Relationship between backscattering coefficient, soil surface rough-
ness, and the bound conditions of soil dielectric constant. 0% p represent the

backscattering coefficient of HH or VV polarization, a?n in and 09, 0 denote

the minimum and maximum backscattering coefficient of the time series obser-
vations, respectively. Rynin and by, qq represent the minimum and maximum
soil surface roughness provided by the field surveying (prior knowledge). € in
and &, are the determined minimum and maximum soil dielectric constant,
respectively.

(0-35). The calculated constraints of HH and VV channels are
different over different fields because of the knowledge of the
surface roughness. Theoretically, the derived constraints of the
dielectric constant is dependent upon the range of the time series
of backscatter measurements and independent of the polariza-
tions. However, under the presence of a vegetation canopy and
due to the evolution of the crop phenology, the attenuation of the
backscatter power is different for both HH and VV channels. As
a result, the derived bound conditions of dielectric constant are
different for HH and V'V. Since the solution of (9) is sensitive to
the constraints of ¢, the narrower the bound conditions, the less
uncertainty in the final retrieval results. Nevertheless, although
the intervals of ¢ obtained with the PD are narrower than the orig-
inal ones, they show no significant difference when compared
with those obtained from the original backscatter measurements
at HH and VV polarization channels.

B. Soil Moisture Estimation Over Agricultural Fields

In order to get a first insight on the expected results, Fig. 7
shows the time series of SSM estimates obtained by the original
alpha approximation method (OAP) and by the method extended
with both the PD and the multi-incidence data (PDMIAP). The
estimates are compared against the in sifu measurements over
individual fields of bean, canola, corn, soybean, and wheat. It
should be noted that the SSM estimates which are compared
against in situ measurements are the average value of a region
of pixels around the field acquisition locations. These regions
were selected manually attending to the particular shape of the
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Fig.5. Alphaapproximation for SSM inversion extended with multi-incidence
observations and a PD technique.

fields (elongated in N—S or E-W direction) and include between
190 and 320 pixels. Both the OAP and PDMIAP algorithms
exhibit some potential of SSM estimation over vegetated areas.
Although the total dynamic range of SSM is low (less than
10% excursion was observed in the crop locations), the retrieved
values capture in some cases the temporal evolution of the actual
SSM. A visual comparison of both columns of Fig. 7 reveals that
the largest improvement from OAP (left) to PDMIAP (right) is
obtained for the wheat fields, followed by corn and soybeans,
and there does not seem to be much improvement for the fields
of canola and bean.

A complete quantitative assessment of the results provided
by the different approaches is illustrated in Table III, in which
the mean average error (MAE), the rmse, and the correlation
coefficient (R) of the SSM estimates are obtained for all fields of
each crop type. Besides the OAP and the PDMIAP methods, we
have also tested the inclusion of the PD (without multi-incidence
data), the multi-incidence data (without PD), and the multipo-
larized data (without PD) in the alpha method alone, hereafter
denoted as PDOAP, MIAP, and MPAP, respectively.

1) Retrieval Performance of Different Methods: Figs. 8 and
9 show the scatterplots of the retrieval results from different
methods for the five crop types one by one. Among the five
methods, PDMIAP estimates are more consistent with the in
situ measurements. In Fig. 9 (b), the dots are scattered more
close to the red dotted lines compared with the retrieval results
of the other four approaches. As also seen in Table III, over corn,
soybean and wheat, the rmses for HH and V'V are both decreased
with PDMIAP benefiting from the PD and the incorporation
of multi-incidence observations. In particular for wheat, the
PDMIAP estimates show the absolute highest accuracy of rmse
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= 3.2% (HH) and rmse = 3.7% (VV) which also fulfill the
SMAP mission requirement: rmse < 0.04 m-m~3.

However, there is no improvement in SSM estimation by
MIAP, except for corn. For bean, canola, soybean and wheat, an
increase of rmses is found with MIAP at both HH and V'V chan-
nels. For instance, over soybean fields the rmse increases from
6.3% t0 9.4% at HH and from 5.9% t0 9.0% at V'V, respectively.
These unexpected results are also provided by the MPAP. As
illustrated in Fig. 8 (c) and Table III, the apparent overestimation
of SSM is found for the overall five crop types and the retrieval
accuracy is more degraded relative to the performance of OAP
at VV channel. It seems that, without adding the PD, the usage
of two incidences or polarization channels does not work well
for the SSM estimation due to the error induced by the volume
scattering contribution in the additional observations.

To have an overall view of the performance of different
methods, Fig. 10 shows the correlation and rmse obtained for
the whole set of data, formed by all the fields of the five crop
types, by the OAP, MIAP, PDOAP, and PDMIAP methods at HH
and VV channels. Compared with the OAP method, a similar
retrieval accuracy is provided by the MIAP with an rmse of
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TABLE II
SURFACE ROUGHNESS INFORMATION

Crop type Min-RMSH (cm) Max-RMSH (cm)
Bean 0.62 0.90
Canola 0.69 1.71
Corn 0.60 1.89
Soybean 0.34 1.89
Wheat 0.44 1.26

“Min-RMSH” and “Max-RMSH” are the minimum and maximum
root-mean-square height of the soil surface, respectively.

TABLE III
RETRIEVAL ACCURACY OF OAP, MIAP, MPAP, PDOAP, AND PDMIAP
ALGORITHMS

Method MAE RMSE R

HH VvV HH VV HH VV

Bean
OAP 147 72 159 7.8 041 043
MIAP 168 7.6 179 83 020 040
MPAP 7.5 8.1 0.42
PDOAP 136 63 147 73 024 022
PDMIAP 156 64 165 7.1 022 0.30
Canola
OAP 173 62 189 74 025 023
MIAP 17.6 6.1 193 73 024 0.23
MPAP 6.4 7.8 0.22
PDOAP 100 59 126 69 032 022
PDMIAP 113 58 137 6.8 029 022
Corn
OAP 104 60 11.8 7.1 0.72 0.1
MIAP 7.9 4.0 8.9 49 0.04 0.80
MPAP 6.7 8.7 0.45
PDOAP 102 58 11.6 7.1 0.63 0.82
PDMIAP 52 4.0 6.5 49 071 0.73
Soybean
OAP 5.5 4.5 6.3 59 017 032
MIAP 6.4 6.7 9.4 9.0 029 0.27
MPAP 6.0 8.1 0.13
PDOAP 5.1 5.3 5.6 6.8 027 0.30
PDMIAP 59 3.9 5.9 44  0.69 0.67
Wheat

OAP 4.5 3.8 5.6 45 001 0.38
MIAP 4.9 3.7 6.3 44 -0.1 0.23
MPAP 4.7 6.3 0.34
PDOAP 2.6 4.2 3.3 50 0.60 0.35
PDMIAP 25 3.1 3.2 37 0.62 048

7.62% at HH and 5.4% at VYV, respectively. The improvement
in SSM estimation by PDOAP, particularly at HH, could also
be observed in Fig. 10(e) and (f) as well as in Fig. 9(a) and
Table II1. For example, the retrieval accuracy of PDOAP at HH is
decreased by 6.3% and 2.3% for canola and wheat, respectively.
Considering the five crop types, with the inclusion of both the PD

and the multi-incidence observations, the total rmse of PDMIAP
estimates at HH and V'V is decreased by 0.75% [see Fig. 10 (g)]
and 0.84% [see Fig. 10 (h)], respectively. It means that the
overall best results are obtained with the PDMIAP method. In
particular, the PDMIAP applied on VV backscatters shows the
best performance in SSM retrieval.

Low correlation (R < 0.5) between the estimates of OAP
and in situ measurements is observed for all crops, especially
over bean and canola. However, over corn, soybean, and wheat
fields, the results of the PDMIAP approach show a moderate
correlation, i.e., larger than 0.6, with the in siru data. This
performance is better described with the values in Table III.
In the corn case, the proposed extensions of the alpha method
improve notably the rmse, whereas the correlation is similar to
that of the OAP. Contrarily, for wheat the correlation is clearly
improved with PDMIAP, especially at the HH channel, and the
rmse is also improved despite it presented the best results with
OAP among all the crops studied here.

2) Retrieval Performance With HH and VV Channels: For
bean, canola, and corn, the rmse of the original HH-derived
estimates (OAP) is larger than 10%, which shows a weak sen-
sitivity to SSM. In contrast, the results obtained for VV data
present a promising starting accuracy for these crop types, with
rmse less than or equal to 7% with the original approach (OAP).
For soybean and wheat, a similar retrieval accuracy is observed
for both HH and V'V, which is better than for bean, canola, and
corn. In particular, the performance over wheat areas is the best,
with an rmse lower than 6.0% in all cases.

The contribution of adding the polarimetric decomposition
(PDOAP) and also the multi-incidence data (PDMIAP) is differ-
ent for the five crop types considered in this study. For bean and
canola, the improvement in the SSM estimates is limited. At the
VV channel, the rmse is improved less than 1% when compared
to OAP. In the case of the HH polarization, there is a clear
improvement for canola, especially with the PDOAP method,
since the rmse decreases from 18.9% to 12.6%. However, the
final rmse values at the HH channel are still very high for
canola and bean. A very different behaviour is found at the corn
fields, for which the improvement is notable, especially with
the PDMIAP method: the rmse decreases from 11.8% to 6.5%
at HH and from 7.1% to 4.9% at VV channel. These numbers
demonstrate the contribution of the proposed extension of the
alpha method, since corn is known to be not well adapted to the
original alpha method because of the important backscatter from
the vegetation volume. For soybean there is few improvement at
HH, but it is clear at the VV channel, with rmse decreasing from
5.9% with OAP to 4.4% with PDMIAP. Finally, despite it started
with the best results of the OAP method, a clear improvement
in SSM estimation is obtained in the wheat fields, by PDOAP at
HH and by both PDOAP and PDMIAP at VV.

3) Comparison of Results With Previous Studies: The same
UAVSAR dataset has been exploited with other SSM retrieval
algorithms in a set of fields of the SMAPVEXI12 campaign.
In [26], ground-sampled SSM data were used to constrain the
alpha coefficient for the time-series retrieval. Their results show
a total accuracy of 6.9% for HH and 6.1% for VV polarization
over canola, corn, and wheat fields. In [35], SSM estimates
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Fig. 11.  Evolution of crop total biomass and PWC over bean, canola, corn,

soybean, and wheat fields during the SMAPVEX12 campaign.

from a data-cube time-series method, combined with HH and
VV measurements, provided rmse values of 5.0%, 7.1%, and
9.0% for wheat, corn, and bean, respectively. Besides, as shown
in [5], [36], [37] PD was applied to SSM estimation, in which the
soil permittivity was retrieved by minimizing the cost functions
between observations and forward scattering models of surface
and dihedral components. The rmse of SSM estimates ranged
from 6.1% to 12.0% for canola, corn, and wheat, depending on
the crop types and vegetation characteristics. Comparing our
results (i.e., rmses between 3.7% and 7.1%) with the outcomes
of these studies, the inclusion of multi-incidence observations,
PD technique, and the bound conditions of dielectric constant
in the alpha approximation method provide some improvement
in SSM estimation over the selected crop fields.

V. CONCLUSION

This work proposes an extended alpha approximation method
for SSM estimation over agricultural areas by incorporating
multi-incidence data, to enlarge the observation space, and a PD
approach, to separate in a better way the response of the ground
from that of the vegetation. The proposed method was applied to
L-band UAVSAR data acquired during the SMAPVEX12 cam-
paign over bean, canola, corn, soybean, and wheat fields. The
SSM estimates were compared against the in sifu measurements
at a depth of 5 cm from the surface.

Results show that, compared with the original method, the
retrieval accuracy is improved when the PD is included in

the approach. However, no improvement was found with the
inclusion of multiple incidences or polarization channels (with-
out polarimetric decomposition). With the proposed approach,
which combines both the polarimetric decomposition and multi-
incidence observations, the rmse values decrease by 0.4%-5%
and 0.6%—2% for the HH and VV channels, respectively, de-
pending on the crop type. The improvement is very clear for
corn, soybean and wheat, hence demonstrating the contribution
of this extension of the alpha method. It is also found that
the SSM estimation at VV channel is better than at the HH
channel, which can be justified by the stronger backscatter at
V'V than at HH from soil surfaces. Notwithstanding the accuracy
of SSM retrieval over vegetation areas could be improved by
the proposed approach, it still does not match the standard
requirement of satellite SSM products (rmse < 0.04 m?-m~3).

In comparison to data-cube time series [35] and PD-based [5],
[35]-[37] SSM retrieval methods applied to the same datasets,
combining multi-incidence observations and polarimetric de-
composition technique with alpha approximation method pro-
vides a better accuracy over the selected crop fields. On the one
hand, although multiple polarization observations are included
in the data-cube time series algorithm, it neglects the multiple
scattering between vegetation and soil surface. On the other
hand, the PD-based method has the advantage in removing the
volume scattering for SSM retrieval. However, it does not make
use of the time series information. Since the SSM retrieval esti-
mation is inevitably influenced by crop structure, biomass, PWC,
and phenological stage, the elimination of volume scattering
needs to be handled properly when adding radar observations
for SSM estimation. As shown in Fig. 11, the biomass and the
PWC change greatly with the crop types and growth stages.
For instance, the PWC ranges from 0 to 110 g/m? at beginning
and the end of the campaign over bean field, while from 0 to
3500 g/m? for corn. Therefore, the feasibility and necessity of
combining the alpha method with more generalized and accurate
polarimetric scattering models, e.g., [38], [39] will be investi-
gated in the future. In addition, further tests in other locations,
with crop types, and at different bands (e.g., at C-band) will also
be carried out.
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