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ABSTRACT: Surface soil moisture (SM) retrieval over agricultural areas from polarimetric synthetic
aperture radar (PoISAR) has long been restricted by vegetation attenuation, simplified polarimetric scattering
modelling, and limited SAR measurements. This study proposes a modified polarimetric decomposition
framework to retrieve SM from multi-incidence and multitemporal PoISAR observations. The framework is
constructed by combining the X-Bragg model, the extended double Fresnel scattering model and the
generalised volume scattering model (GVSM). Compared with traditional decomposition models, the
proposed framework considers the depolarisation of dihedral scattering and the diverse vegetation
contribution. Under the assumption that SM is invariant for the PolSAR observations at two different
incidence angles and that vegetation scattering does not change between two consecutive measurements,
analytical parameter solutions, including the dielectric constant of soil and crop stem, can be obtained by
solving multivariable nonlinear equations. The proposed framework is applied to the time series of L-band
uninhabited aerial vehicle synthetic aperture radar data acquired during the Soil Moisture Active Passive
Validation Experiment in 2012. In this study, we assess retrieval performance by comparing the inversion
results with in-situ measurements over bean, canola, corn, soybean, wheat and winter wheat areas and
comparing the different performance of SM retrieval between the GVSM and Yamaguchi volume scattering
models. Given that SM estimation is inherently influenced by crop phenology and empirical parameters
which are introduced in the scattering models, we also investigate the influence of surface depolarisation

angle and co-pol phase difference on SM estimation. Results show that the proposed retrieval framework
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provides an inversion accuracy of RMSE<6.0% and a correlation of R = 0.6 with an inversion rate larger
than 90%. Over wheat and winter wheat fields, a correlation of 0.8 between SM estimates and measurements
is observed when the surface scattering is dominant. Specifically, stem permittivity, which is retrieved
synchronously with SM also shows a linear relationship with crop biomass and plant water content over bean,
corn, soybean and wheat fields. We also find that a priori knowledge of surface depolarisation angle, co-pol
phase difference and adaptive volume scattering could help to improve the performance of the proposed SM
retrieval framework. However, the GVSM model is still not fully adaptive because the co-pol power ratio of
volume scattering is potentially influenced by ground scattering.

Keywords: Synthetic aperture radar; Polarimetric decomposition; Multi-incidence; Multitemporal; Soil

moisture.

1. Introduction

Soil moisture (SM) is a key parameter in hydrological, meteorological, and climatological modelling
(Hajnsek et al., 2003; Huang et al., 2016a; lodice et al., 2013; Jagdhuber et al., 2013; Karthikeyan et al.,
2017a; Wang et al., 2017) as it influences the exchange of water, carbon and heat flux between the atmosphere
and the land surface (Karthikeyan et al., 2017b; Sanchez-Ruiz et al., 2014; Zhuo et al., 2016). It also provides
essential information for drought forecasting, flood prediction and crop management (Di Martino et al., 2016;
El Hajj et al., 2016). Over the past five decades, several techniques have been developed to measure SM,
which can be broadly classified into two major groups (Peng et al., 2017): (1) in-situ observations with ground
instruments and (2) remote sensing techniques. In-situ methods are characterised by easy installation and the
capability of measuring SM at different depths with high accuracy. However, given the large spatial
heterogeneity, these observations provide only sparse information and cannot represent the spatial

distribution of SM over large areas (Crow et al., 2012; Njoku et al., 2003; Zreda et al., 2012).

Fortunately, active and passive microwave remote sensing techniques can measure SM from the regional
to the global scale (De Zan et al., 2014; Fang et al., 2019; Paloscia et al., 2013; Peng et al., 2017; Shi et al.,
2019; Wang et al., 2019). Passive remote sensing systems, such as the Advanced Microwave Scanning
Radiometer for the Earth Observing System (Njoku et al., 2003), the Soil Moisture and Ocean Salinity
satellite (Kerr et al., 2010) and the Soil Moisture Active Passive (SMAP) satellite (Chen et al., 2018), measure

the emission (normally the brightness temperature) of the land surface, allowing researchers to find the
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relationship between the observations and soil water content. Although passive techniques can provide a high
accuracy (less than 4.0%) of SM retrieval, the products have a rather coarse spatial resolution in the order of
tens of kilometres (Chen et al., 2018) limited by the antenna dimension of the sensors. Specifically,
Copernicus Project Sentinel-1A/1B synthetic aperture radar (SAR) data has proven to be an applicable dataset
to disaggregate SMAP radiometer measurements and provide the SM product at much finer resolutions (1
and 3 km) at a global extent (Das et al., 2019; Mousa et al., 2020). Furthermore, the proposal of the
observation-driven approach to active—passive microwave covariation estimation based on a forward model
opens up a new line in combining data from multiple active and passive platforms in terms of high-resolution

SM mapping (Jagdhuber et al., 2019).

Active microwave remote sensing techniques, especially SAR, can provide data with a high spatial
resolution (~10-20 m). Polarimetric SAR (PolSAR) is one such technique that can obtain multiple physical
properties of the scattering layer. Moreover, polarimetric decomposition (PD) algorithms (Cloude and Pottier,
1997), including eigenvalue- and model-based PD models (Cloude, 2010), have shown that fully polarimetric
SAR backscatter signals can be decomposed into three scattering components (i.e. surface, dihedral and
volume) (Singh and Yamaguchi, 2018; Xie et al., 2016; Yamaguchi et al., 2005; Cui et al., 2014). However,
decomposition methods are commonly used for qualitative analyses, such as image interpretation and
classification (Srikanth et al., 2016; Whelen and Siqueira, 2017; Zhao et al., 2014), but not for quantitative
applications (van Zyl et al., 2011). For instance, in cases where the ratios of the scattering components from
the different decompositions are similar, the classification results may be the same, but the SM estimates
would differ greatly because of the inaccurate ground scattering power. Therefore, appropriate decomposition
approaches need to be developed to extract the ground scattering power and surface parameters, e.g. SM and
soil roughness, accurately (Hajnsek et al., 2003; Jackson et al., 1997; Lunt et al., 2005; Mattia et al., 1997,
Schuler et al., 2002; Ulaby et al., 1996). Moreover, SM information can now be estimated by active sensors
at different frequencies, incidences and polarisations (Sekertekin et al., 2018; Zhu et al., 2019a, 2019b), with

the development of SAR technology.

For SM inversion, Hajnsek et al. (2003) introduced the depolarisation effect into the surface scattering
component and proposed the X-Bragg model, which has shown good performances over a wide range of

natural surfaces. SM under agricultural vegetation was also investigated by Hajnsek et al. (2009), who
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incorporated the X-Bragg model, the dihedral scattering model and the modified volume scattering model.
Jagdhuber et al. (2013) combined the above decomposition model with multi-angular PolISAR data to
estimate SM, and their results indicated a remarkable improvement of the inversion rate and a small root-
mean-square error (RMSE). Huang et al. (2016a) developed an inversion algorithm which integrates the
calibrated integral equation model and the self-adaptive volume scattering model. Recognising that this
method disregards the attenuation effect of microwave propagation, Wang et al. (2018) proposed a new SM
retrieval algorithm which combines a two-component (surface and volume) PD method and the “Oh 1992”
soil scattering model (Oh et al., 1992). Given that the dihedral scattering component is neglected in moderate
stalk-dominated vegetation areas, e.g. sugarcane, corn and wheat, the SM inversion rate and accuracy
becomes limited when dihedral scattering is considerable. In addition, the assumptions of the surface and
dihedral scattering models and the empirical parameters in the model-based PD model intrinsically lead to
poor performance in SM estimation over vegetated areas (Antropov et al., 2011; Arii et al., 2010; Freeman
and Durden, 1998; Singh and Yamaguchi, 2018; van Zyl et al., 2011; Yamaguchi et al., 2005). To improve
the shortcomings of the conventional model-based decompositions, an iterative, generalised, hybrid
decomposition algorithm which combines model- and eigenvalue-based techniques was proposed and

verified to have a stable performance over different vegetation types (Jagdhuber et al., 2015).

The deficiencies of SM estimation using the model-based PD method can be summarised as two points:
(1) the limited PolSAR measurements, simplified scattering models and empirical parameters (o and ) which
are fixed in accordance with the dominant scattering mechanism (Yamaguchi et al., 2005) in decompositions
may lead to inaccurate inversion, and (2) the incorporation of different complex scattering models increases
the number of unknown parameters, making SM inversion an ill-posed problem. In this study, we specifically
address these problems by (1) introducing a new framework which uses multi-incidence and multitemporal
PoISAR data to increase the number of observation parameters and (2) incorporating refined scattering
models into the PD model, in which surface and dihedral scattering depolarisation are considered (Jagdhuber,
2012, 2016). Lastly, the derived soil dielectric constant is converted into volumetric soil moisture (mv%) by

utilising the commonly used empirical polynomial of Topp et al. (1980).

The rest of the paper is organised as follows: Section 2 provides the parameterised model-based

decomposition model and the framework of the multi-incidence only (M), the multitemporal only (MT), and
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the multi-incidence and multitemporal (MIMT) PolSAR configuration for SM retrieval. Section 3 describes
the selected agricultural study area, the time series of L-band uninhabited aerial vehicle synthetic aperture
radar (UAVSAR) PoISAR data and in-situ measurements from Winnipeg. The experimental results of the
degree information of multiple PoISAR observations, SM inversion, crop conditions, and the stem dielectric
constant estimations are shown in Section 4. Discussions and conclusions are presented in Sections 5 and 6,

respectively.

2. Methodology

All model-based PD techniques provide a framework to separate the vegetation and ground surface
backscattering components from PolSAR measurements (Di Martino et al., 2016; Huang et al., 2016b).
Therefore, SM information, which depends on soil dielectric properties, can be extracted from ground-related
scattering components (i.e. surface and dihedral scattering). Freeman and Durden (1998) proposed a three-
component decomposition model, and many other decomposition methods have since been developed on this
basis under the reflection symmetry assumption (Arii et al., 2011; Cui et al., 2012; Chen et al., 2014; Singh
and Yamaguchi, 2018; An et al., 2010; Yamaguchi et al., 2005). The models of the three different canonical

scattering components are introduced as below.

2.1. Polarimetric decomposition model
2.1.1. X-Bragg surface scattering model

The original surface scattering model used in the model-based decomposition method is the Bragg
model, which is derived from Maxwell equations and is suitable for relatively smooth surfaces (ks < 0.3,
where k is the wavenumber, and s is the root-mean-square height) (Jagdhuber et al., 2013). Given that the
Bragg scattering model is only valid for a limited surface roughness condition, Hajnsek et al. (2003)
developed the X-Bragg scattering model, which considers a wider surface roughness validity range (ks <

1.0). The polarimetric coherency scattering matrix Ts x_pragg Can be given by (Hajnsek et al. 2003)
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where f; is the surface scattering amplitude, and g is the scattering coefficient related to the incidence
angle 6 and relative dielectric constante. Ryy and Ry are the Bragg coefficients in the horizontal and
vertical polarisations, respectively, which can be depicted as Eq. (3). § is the orientation angle induced by

the surface slope, which governs the surface scattering depolarisation effect and the cross-polarisation power

(Wang et al., 2017).

2.1.2. Extended dihedral scattering model

The dihedral scattering component comprises the double bounce scattering between the ground surface
and the volume scattering elements that return the reflected signal back to the radar antenna (Zebker, 2010).
It is usually assumed to be dominated by a simple dihedral reflection. Therefore, the dihedral scattering
coherency matrix Tp presne; Of the soil-trunk reflection (in vegetated areas) and ground-wall reflection (in

a building area) can be modelled as (Jagdhuber, 2016)
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where f,; is the dihedral scattering amplitude; a is the scattering coefficient; A¢ accounts for the phase
difference between the horizontal and vertical polarisations; Ry, and Ry are the horizontal and vertical
Fresnel scattering coefficients of the soil, respectively; Ry, and Ry; denotes the horizontal and vertical

Fresnel scattering coefficients of the trunk, respectively. The Fresnel scattering coefficients are given by
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where &, and &/ are the dielectric constants of soil and trunks or stems which are vertically oriented

with respect to ground, respectively. This double Fresnel scattering model has been widely used in model-
based decomposition. However, as in the Bragg model, it also neglects the dihedral scattering depolarisation
effect induced by soil roughness. To deal with this problem, Jagdhuber (2016) proposed an extended Fresnel
scattering model for the modelling of depolarising double-bounce scattering. Similar to the X-Bragg model,
the polarimetric coherency scattering matrix Tp x_presne; for the extended double Fresnel scattering model

is given by
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where f; is the dihedral scattering amplitude. The Bragg (Ts pragg) and double Fresnel scattering models
(Tp_presner) are rank-1 matrix, whereas the X-Bragg (Ts x_pragg) and extended double Fresnel scattering

models (Tp x—rresner) are rank-3. Details of Txp11, Txp12, Txp2z and Txpszz in Eq. (6) could be found in

(Jagdhuber, 2016).

2.1.3. Generalised volume scattering model

The volume scattering component in model-based PD is usually modelled as a cloud of randomly
oriented spherical, oblate spherical, or prolate spherical particles (Freeman and Durden, 1998; Zebker, 2010),
e.g. the volume scattering model of Yamaguchi et al. (2005). The GVSM model proposed by Antropov et al.
(2011) exploits the co-polarimetric ratio (y) and the correlation coefficient (fixed at p = 1/3) from data to
account for either dominant horizontal or vertical orientation of vegetation elements in the canopy. As
discussed in the literature (Antropov et al., 2011), Yamaguchi et al. (2005) provided three volume scattering
models, i.e. horizontally, vertically and randomly aligned cloud dipoles, to describe the canopy scattering in
a step-wise form on the basis of the co-pol power ratio. The dependence of a canopy model on PolSAR
observations is preferred to have a continuous form. The GVSM is general enough to allow a broad range of
canopies to be modelled, and it complies with several earlier proposed volume scattering mechanism models
(Mandal et al., 2020; Ratha et al., 2019). Hence, it is embedded into the newly developed PD framework to
make it applicable for SM estimation in different vegetation types. As shown in Eqg. (7), the coherency matrix

of the GVSM is given as

y+¥+1 y—1 0
[TV]Orien =ﬁ y—1 y—%-l— 1 0 ) @)
3
0 0 y—22+1

3

where the co-polarised ratio y is defined as {|Syy1%)/{|Syv|?). The advantage of using GVSM in SM
estimation algorithms could be found in Section 4.2, which shows the comparisons of SM estimates between

the volume scattering model of Yamaguchi et al. and GVSM.

2.2. SM inversion based on multi-incidence and multitemporal decomposition framework
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Considering the depolarisation effects of the surface and dihedral scattering components, we firstly
incorporate the X-Bragg model, the extended dihedral scattering model and the generalised volume scattering

model in the decomposition framework, leading us to (8):

Tl 1 T12 0 .
[1=|Tz Toz 0| =|Ts x| + [To_xrresner] + [Ty1%7, ®)
0 0 Tu

As shown in (1)—(7), seven parameters, i.e. fs, fa, fu: Esoits €t/s» 6 and Ag in (8), exist, whereas § and
A can be determined empirically in accordance with Hajnsek et al. (2009). In this case, it leaves only four
observations, i.e. Ty;, Ty, To and Ts3, in five unknowns, making the proposed inversion method an ill-
posed problem. In addition, the conventional model-based decomposition method usually needs to determine
the dominant scattering mechanism (surface or dihedral) and set empirical parameters (¢ or ) when solving
the unknown parameters due to the limited observations. The ill-posed problem and empirical parameters
inevitably reduce the accuracy of the decomposition results. One way to solve the empirical setting of a and
B is through an eigenvalue-based decomposition method (Jagdhuber et al., 2015). Alternatively, the
multimode imaging modalities of the POISAR technique (Fig. 1) can provide the possibility of increasing the
observation information (i.e. number of equations) and solving the unknown parameters. Here, we propose
to use the repeated observations at two different incidence angles and/or on two consecutive passes, i.e. multi-
incidence and/or multitemporal POISAR data, to calculate the unknown parameters, including the dielectric

constant of soil (&,,;;) and stem (&, /5), and the scattering power coefficient of surface (f;), dihedral (f3), and

volume (f,) scattering components.

Incidence Incidence ! Date-1""#muy Date-2"" iy Date-1"=4S5 Date. 2% famy
angle-1 angle-2 MIPD Ly fg’fﬁ Nl MTPD flofs  f MIMTPD
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fi#f? slxe? £l g2
___________ fa#fa ___Jcanop fi#f? £+ f?
--------------- f3#f% fa*rs flef
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|
sg/s = S?/s 8:/s = 83/5 a:,}/s = Ef/sj
invariant) invariant) (invariant)

(@)
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(©)

Fig. 1. Multiple observation PolSAR imaging modalities for SM inversion. (a) Multi-incidence and angular
observation mode. (b) Multitemporal observation mode. (c) Multi-incidence and multitemporal observation
mode. el and &2 are the soil dielectric constants at different surface depths; etl/s and etz/s are the trunk or
stem dielectric constants; §; and &, are the depolariaation angles; A, and A¢g, are the phase difference
between horizontal and vertical polarisations of the vegetation canopy; 6; and 6, denote the different
incidence angles at the same looking direction; fi!, fi, fit, f2, f# and f;2 are the coefficients of the
coherency matrix of the surface, dihedral, and volume scattering components from different observations.

Assuming quad-pol SAR data from two different configurations are available, the simultaneous

equations of the coherency matrix have the general form shown in Eq. (9), which is termed as the multiple



observation PD model in this study.

1 1 S
[T]01 = [TS_X—Bragg] + [TD,X—Fresnel] + [TGV]Onen !

2 2 S
[T]OZ = [TS_X—Bragg] + [TD,X—Fresnel] + [TGV]Onen z

where [T]°! and [T]9% are the coherency matrices of the two different observations under reflection

)

symmetry assumption (Ty; = T,3 = 0). The number of observation equations is then increased from four to
eight (i.e. TS, TS, TAY, TS, TP?, TEZ, TS and TS?). PD and SM inversion are eventually turned
into a problem of solving multivariable nonlinear equations, as shown in Eq. (10).

T =f+f (Txp11.1/Txp22.1) + fil [(Yl + 2\/)’_1/3 +1)/(3+ 3y, — 2\/]/_1/3)]
TS = fs1 - prsinc(26) + fd1 : (TXD12_1/TXD22_1) + fvl : [(h - 1)/(3 + 3y, — 2\/%/3)]
T = £+ 05" B2 [1 + sinc(48H] + £, - [(v: — 2¥1/3 + 1) /(3 + 3y, — 2/¥1/3)]
) T = £+ 05, B2 [1 —sinc(48H] + £, - [(v1 — 2¥1/3 + 1) /(3 + 3y, — 2/¥1/3)]
T = fsz + fdz : (TXD11_2/TXD22_2) + va : [(Yz + Zx/Z/3 + _1)/(3 + 3y, — 2\/%/3)]
TS = f.2 - Bsinc(26) + fo° - (TXD12,2/TX022,2) + 2 [(Vz - 1)/(3 + 3y, — 2\/]/—2/3)]
TS = f.2 +05f,% - B2 [1 + sinc(46)] + £,% - [(v2 — 2\/v2/3 + 1) /(3 + 3v2 — 2\/¥2/3)]
To2 = 2+ 05f,% - B2+ [1 — sinc(48D)] + f,° - [(v2 — 24/v2/3 + 1)/(3 + 3v2 — 2/v2/3)]

For the two different quad-pol SAR images, the unknown parameters, i.e. f;, f; and f,, may change with

(10)

incidence angle and time. In addition, the local incidence angles of the same pixel in two different
observations (i.e. 81(i,j) and 62(i,j), where (i,j) is the pixel location) can be obtained from the SAR
system parameters. Although the multi-observation data could be used for PD, it needs to set some proper
assumptions for the different imaging modalities (Fig. 1) as follows: (1) For the MI observation mode (i.e.
Fig. 1a), assuming that the soil dielectric constant (&), the trunk or stem dielectric constant (. /) and the
phase difference (A¢) are invariant is reasonable; (2) for the MT observations (i.e. Fig. 1b), in a short time
interval, the scattering power of volume (f,,) scattering components, the phase difference (A¢), the trunk or
stem dielectric constant (&;/,) and the depolarisation angle (5) can be assumed to be invariant, whereas the
scattering power of the surface (f;) and dihedral (f;) and soil dielectric constant (&g,;;) values are different;
(3) for the MIMT observations (i.e. Fig. 1c), &/ is assumed to be unchanged between two consecutive
observations at different incidence angles. Under these assumptions, the number of the unknown parameters
of Eg. (10) for MIPD and MTPD algorithms increases to 12, whereas that for MIMTPD increases to 13,
which is still larger than the number of measurement equations. In other words, Eq. (10) remains
undetermined even after introducing the MIMT PoISAR observations. However, a determined system of

equation could be made empirically by setting the surface depolarisation angle (8) and co-pol phase



-10 -

difference (Ag).

According to Hajnsek et al. (2003), Jagdhuber et al. (2013), Mattia et al. (1997) and Schuler et al. (2002),
the width (8) of the angular distribution of the facets introduces depolarisation and a cross-polarised signal.
In addition, the polarimetric circular coherence is independent of the surface dielectric constant, and is often
taken in preference as the roughness estimator. Therefore, we use the polarimetric circular coherence to
estimate the empirical parameter & (Mattia et al. 1997)

6= g(l = ¥rreD: YRR = J“gg}fli—%gim, (11)
where ygrgi. 1S the polarimetric circular coherence. Szr and S;; are the scattering coefficients in the
right-circular and the left-circular copolarisations, respectively. As described in Eq. (5) and (6), Ag exists
only in the extended dihedral scattering model. In this case, the sensitivity of the extended dihedral scattering
model regarding A¢ can be investigated on the basis of a forward model. Jagdhuber (2016) analysed the
influence of A on different element combinations of matrix Tp y_presner» @nd concluded that the phase
difference (Ag) has a low impact on the coherency matrix combination. Hence, the polarimetric phase
difference (A¢g) is neglected and empirically set to zero (Hajnsek et al., 2009). The zero A¢@ assumes a
randomly oriented vegetation volume structure and neglects the anisotropies in scattering. However, for the
crop which has vertical stalks and a dominating structure, the dihedral scattering could not be modelled
correctly. With regard to the uncertainty of A¢ in the decomposition model, a detailed analysis of the

influence of Ag on the SM estimation over different crop fields is provided in Section 4.5.1.

2.3. Nonlinear equation solution and unknown parameter constraints

In the proposed decomposition model, we empirically set 6 = * (1 — |ygg..])/2 and A@ = 0. The
two parameters are thoroughly investigated to understand the impact and further optimise results (Section
4.5). With the empirical values of § and A¢, the number of unknown parameters of Eq. (10) for MIPD and
MTPD decreases to eight, which is equal to the number of measurement equations. Therefore, the
decomposition model which is based on multiple PolSAR observations is now determined, and the
multivariable nonlinear equations have positive definite solutions (i.e. £.*, fu', £t £:5 fa% fols €soi
and & 5). In this work, the unknown parameters are obtained by solving the following nonlinear least-

squares curve fitting problem:
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1 1 2
min [T]Ol N [TS_X—Bragg]z - [TD_X—Fresnel]2 - [TV]OT%en ! (12)
¥ [T]OZ N [TS—X_BTagg] - [TD_X—Fresnel] - [TV]Oﬂen_z 2
X = [fsl fdl fyl fsz fdz fvz Esoil €t/s], (13)

with optional lower and upper bounds of scattering power, soil and vegetation stem dielectric constant in the
component of vector X (Table 1). For MIMTPD, although the number of unknowns is nine, i.e. gtl/s * th/Sl
the unknown parameters can be calculated from the un-determined system by solving Eq. (12). The boundary
conditions of &5,;; and &, are selected in accordance with the dielectric properties of natural soils (2-35)
and media (4-80) (Mavrovic et al., 2018). Then, SM can be obtained indirectly from the derived soil dielectric
constant &,,;;, and the calculated power ratio of the surface, dihedral and volume scattering components can
be used to analyse the scattering characteristics of the scene. In consideration of the diversity of the vegetation
structure, the influence of A¢ on SM estimation over the selected crop fields are investigated; findings are
included in the Results and Discussion sections. The estimated surface depolarisation angle & is inevitably
influenced by vegetation growth; hence, the SM estimation using the & derived from the observation

obtained on the least vegetated date (§ieqst veg) IS also performed and analysed in this work.

Table 1
Variation bounds and values of the included variables in the decomposition model.
Unknown Meaning Lower Upper Fixed Meaning value
parameter bound bound parameter
. Total power
1 1 1
fsofa oo Surface, dlheQral, and 0 of data 1. Depolarisation (1 — |ygpu) * 7
volume scattering power Total power § angle —
2 2 2 .
15 a5 1 of data 1 and data 2 0 of data 2.
Esoil Soil permittivity. 2 35 A Co-pol phase 0
Et/s Stem permittivity 4 80 ¢ difference
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Multiple PolSAR Observations
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Method 0-1 02 il B
Date-1, | Date-1, Slnv siuy
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Fig. 2. Workflow of PD based on multiple observations and the SM inversion procedure.

Fig. 2 outlines the workflow of polarimetric decomposition and the SM inversion procedure using
multiple quad-pol SAR observations. In this study, the soil dielectric constant is converted to volumetric soil

moisture (mv%) by using a commonly used empirical polynomial of Topp et al. (1980).

2.4. Degrees of information

Different observations may not be completely independent. Thus, the degrees of freedom in a set of
observations should be investigated and more independent measurements than unknown parameters could
retrieved. In this study, the normalised total correlation calculation framework proposed by Konings et al.
(2015) is applied to obtain the degrees of information (Dol) of the MI, MT and MIMT PolSAR observations.
The Dol of two quad-pol SAR measurements can be calculated as indicated in Appendix A. Specifically,
under reflection symmetry assumption, 10 measurements (also termed variables or features) for the POISAR
dataset are obtained at two different incidence angles or dates, i.e. T3, R(TSY), IJ(TSY), TS, TS, TO,

R(T22), I(TE2), TEZ, T2Z (N = 10). As introduced in Konings et al. (2015), an appropriate bin size
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determined by Scott’s rule and the discretisation of POISAR continuous measurements are also necessary to

evaluate C,, and Dol accurately.

3. Study areas and datasets
3.1. UAVSAR multi-incidence and multitemporal observations of Winnipeg, Canada

UAVSAR is an airborne-based quad-pol L-band radar system equipped on the NASA Gulfstream-111
aircraft. The time-series quad-pol UAVSAR data from Winnipeg, Manitoba, Canada were collected as part
of the SMAP Validation Experiment 2012 (SMAPVEX12) from June 6 to July 17, 2012. Each acquisition
date has four flights, namely, 31603, 31604, 31605 and 31606 (Fig. 3). All the observations looked to the left
of the flight direction. Data were collected over a look angle interval from 20° to 65°, with a spatial resolution
of 5.0 m in the range direction and 7.2 m in the azimuth direction. The four flight line observations with the
same range and azimuth direction have an overlapping area, which allowed us access to four quad-pol images

at different incidence angles.

Selected agricultural study area
SMAPVEX(2012): June 17 - July 17

Selected crop areas ',

Elight Ima ,xl‘ 04

Range direction

(a) Selected agricultural study area
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Fig. 3. (a) UAVSAR flight lines and SAR image coverage areas for the Winnipeg test site. The red, cyan, pink
and green rectangles are the four flight lines, namely, 31603, 31604, 31605 and 31606, respectively. (b)
PauliRGB of flight line 31605 and 31606. (c) Incidence angle along the range direction of beans, crop, corn,
soybeans, wheat and winter wheat crop fields. The red and cyan lines in (c) denote the incidence angle of flight
line 31605 (21°-63°) and 31606 (33°-65°), respectively. The blue line presents the incidence angle difference
(3°-12°) from the near range to far range direction.

For the study area, the time-series observations also enabled us to obtain two PoISAR images between
the two dates. Two flight lines (i.e. 31605 and 31606) of the 14 days of UAVSAR observations (28 images)
were selected for the SM inversion experiment. Fig. 3 depicts the four UAVSAR flight lines and the selected
agricultural study areas in Winnipeg. SAR data were processed by extracting the coherency matrix from the

calibrated UAVSAR products, and the 7x7 refined Lee filter was used to suppress the speckle noise. Then,

the dataset was used for three experiments, i.e. SM estimates from MI, MT and MIMT PoISAR observations.

3.2. Ancillary field survey data and ground measurements

Given the SMAPVEX12 campaign, field survey data and site measurements were available for us to
evaluate the performance of the SM inversion method. The SMAPVEX12 campaign took place in an
agricultural region of South Winnipeg, which features a range of crop type. The study area has nine
permanent in-situ SM stations operated by Agriculture and Agri-Food Canada (AAFC); 50 temporary
stations operated by the United States Department of Agriculture, AAFC and the Manitoba Agriculture, Food
and Rural Initiatives. The site observations of volumetric SM and the height, diameter, biomass and area
plant water content (PWC) of crop were selected to evaluate the experimental results. In addition, the surface
root-mean-square (RMS) height measurements were collected in the look directions of UAVSAR, measured
using a digital camera and a 1 m-long pin profilometer consisting of 200 needles spaced with an interval of

5 mm.

4. Results

Three experiments, i.e. SM retrieval based on MIPD, MTPD and MIMTPD methods, were
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implemented to investigate the performance of the proposed framework. The retrieval algorithms,
assumptions and determination of initial parameters have been described in Sections 2.2 and 2.3. Prior to
the three experiments, the Dol information of MI, MT and MIMT PoISAR observations are shown to
evaluate the number of unknown variables that can be retrieved. Then, the time series of volumetric SM
estimates over bean, canola, corn, soybean, wheat and winter wheat fields are presented together with the

in-situ measurements.

4.1. Dol of single and multiple PoISAR observations

Single DOI M1 DOI MT DOI MIMT DOI

Required minimum DOl of MI,MT, and MIMT

x
o'
o W

x
ge?®  and?® o™ 50\,\93““ ne?
Wi

Fig. 4. Dol of the single and multiple PoISAR observations over bean, canola, corn, soybean, wheat and winter
wheat agricultural fields.

Generally, the single-acquisition PD model has five unknowns, whereas the multi-incidence or
multitemporal PD model has eight unknowns (Section 2.5). Therefore, the required minimum Dol is five and
eight for single and multiple PoISAR observations, respectively. In this section, the Dol calculations for Ml,
MT and MIMT PolSAR SM inversion framework are illustrated in Fig. 4 with the input datasets which are
described in Sections 2.2 and 3.1. The calculated Dols of MI, MT and MIMT PoISAR observations are less
than 8 (7.8-8.0). In other words, the number of unknown parameters is larger than the floor of the Dols. One
of the reasons could be the POISAR noise. Another reason that needs to be considered is the change of the
surface parameters (e.g. soil permittivity) and vegetation parameters (e.g. structure and VWC). In this sense,
when no change happens between two consecutive POISAR observations (e.g. multitemporal measurements),
the scattering power coefficients of single PoISAR observations (i.e. fi!, fi, f.X) are not completely
independent of the parameters of another one (i.e. £;2, £, f;). In other words, the coefficient of the scattering
power is more sensitive to the soil or trunk/stem permittivity (SP) instead of the incidence angle. The

simulation of f; and f; based on the forward scattering model (Hajnsek et al., 2009) and their sensitivity
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to incidence angle and soil dielectric constant could provide an explanation (Fig. 5).

and incidence angle

soil

AN "‘,J’,f,"l”” |

TQ 11 13 1517 19 21 23 25 27 29 31 33 35 7 9 11131517 19 21 23 25 27 29 31 33 35

Soil dielectric constant eso“(5~35), et/s=3o Soil dielectric constant sso"(5~35), t.Us=30

Fig. 5. Sensitivity of f; and f; toincidence angle and soil dielectric constant (g;/; = 30).

Fig. 5 indicates that f; is more sensitive to the soil dielectric constant (i.e. ranges from —15dB to 15dB)
with a soil dielectric constant ranging from 5 to 35. In our research area where the difference of the incidence
angle ranges from 3° to 12°, the value of f;! is possibly closeto f£2. In addition, the simulation of f; from
the forward model shows that taking f; ~ f? within a certain range of incidence angle and soil permittivity
can also be considered in our study. In this case, the number of the unknown parameters in MIPD, MTPD
and MIMTPD SM retrieval model could be less than eight. In addition, the unknown parameters are estimated
by solving the multivariable nonlinear equations. It could also provide the solutions of an underdetermined
system. Therefore, retrieving additional unknown geophysical parameters, e.g. the soil and stem dielectric
constant, with additional measurements made at different times, incidence angles or even different

electromagnetic frequencies, is possible.

4.2. Volumetric soil moisture estimation

The SM retrievals are undertaken using the proposed MIPD, MTPD and MIMTPD models. Two flight
lines, i.e. 31605 and 31606, of the 14 days of L-band UAVSAR quad-pol observations (28 images) were
selected for the SM inversion. Considering the different crop types in the study area, we show the evolution
of time series SM measurements and estimates over bean, canola, corn, soybean, wheat and winter wheat

fields in Fig. 6.
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Fig. 6. Time series SM estimates from the MIPD, MTPD and MIMTPD methods; variation of site
measurements and scatterplots of SM over bean, canola, corn, soybean, wheat and winter wheat fields. (a)
Bean field. (b) Canola field. (¢) Corn field. (d) Soybean field. (¢) Wheat field. (f) Winter wheat field.

As shown in Fig. 6, the SM measurements are stable (maximum change is less than 5%) through the
period between June 17 and July 17, over bean, corn and soybean areas. For canola, wheat and winter wheat
fields, the SM measurements present a trend of early decrease and late increase with a dynamic range of
approximately 15%. The MIPD, MTPD and MIMTPD algorithms provide similar retrieval accuracy rates
with RMSEs between 2.88% and 5.45% over bean, canola, corn, soybean and wheat areas. The performance
of multiple PoISAR retrieval methods varies depending on the crop type. For winter wheat, an
underestimation of 15% is found on every observation date despite the high correlation between estimates
and measurements (Fig. 6f). The possible influencing factors are explored in Sections 4.3 and 4.5.1. A weak
correlation between estimates and measurements can also be found because of the low fluctuation of SM
over bean and soybean areas. In canola and wheat areas, the change of SM estimates conforms to the variation
of in-situ measurements, hence showing high accuracy and strong correlation. With regard to the similar
results of the three SM inversion algorithms, SM maps and histograms along the UAVSAR campaign are
collected from MIMTPD methods to investigate the spatial characteristic and inversion rate of SM estimates
over part of the selected crop fields (see Fig. 7). It shows an inversion rate of 85%-99% depending on the

crop type and observation date. Invalid inversion pixels can also be observed in Fig. 7 because the derived
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soil dielectric constant which equals the lower bound (i.e. &4,; = 2) is taken as an invalid estimation when

counting the inversion rate in our procedure.
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Fig. 7. Map, histogram and inversion rate of estimated SM over selected bean, corn, canola, soybean, and wheat
fields. The red polylines in PauliRGB images denote the area of selected crop fields. In the SM map of each
subplot, the areas which are outside the polyline and the pixels with invalid estimations which are inside the
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The scatterplots of MIPD, MTPD and MIMTPD SM estimates are individually depicted in Figs. 8a, 8c
and 8e. They indicate that all the three methods have similar performance on the SM estimation. The MIPD
and MIMTPD methods provide an RMSE of 4.3% and a correlation coefficient of 0.6 for SM ranging from
5% to 25%. The performance of the MTPD retrieval method is somewhat better compared with MTPD and
MIMTPD results, providing an overall RMSE of 4.21% and a correlation coefficient of 0.62. To verify the
effectiveness of using GVSM model in our proposed method, we also implement the SM inversion
experiment by embedding the volume scattering model of Yamaguchi et al. (2005) into the MIPD, MTPD
and MIMTPD retrieval framework. The results show that the GVSM model performs better than the
Yamaguchi et al. model on SM retrieval over selected crop fields. Figs. 8b, 8d, and 8f present an RMSE of
approximately 8.0% and a correlation coefficient of around 0.3 when using the model of Yamaguchi et al. in

the proposed multiple observation-based SM retrieval framework.
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Fig. 8. Scatterplot, RMSE and correlation coefficients of multi-incidence and multitemporal SM estimates over
bean, canola, corn, soybean, and wheat fields. (a) MIPD+GVSM results vs. measurements. (b) MIPD+Yamaguchi
results vs. measurements. (¢) MTPD+GVSM results vs. measurements. (d) MTPD+Yamaguchi results vs.
measurements. (¢) MIMTPD+GVSM results vs. measurements. (f) MIMTPD+Yamaguchi results vs.
measurements.

4.3. Crop condition and evolution of the scattering mechanisms

As illustrated in Fig. 6, the varying performance of different POISAR SM retrieval algorithms can be
seen over different crop types due to many factors, including (i) vegetation structure, PWC and biomass; (ii)
the penetration depth of electromagnetic waves and incidence angles; and (iii) the heterogeneity of surface
conditions, e.g. soil roughness and correlation length. Here, the evolution of the crop scattering mechanism,
i.e. surface, dihedral and volume scattering power ratio which are derived from multiple PolSAR
decompositions (Section 2.1) are shown in Fig. 9. In addition, the variation of crop height, diameter, biomass
and area PWC collected from in-situ measurements are presented to track the relationship between crop
properties and scattering mechanism.

As shown in Fig. 9, for the bean field, although the surface scattering power increases and the volume
scattering decreases with the growth of biomass and PWC, the comparable estimates and measurements of
SM have no significant change until July 3 (Fig. 6a). However, the SM is underestimated when the dihedral
scattering component appear, i.e. from July 5, which could also be observed over the soybean area. For the
canola area, surface scattering increases progressively and becomes clearly dominant, reaching its higher
value at the end of the field campaign. Meanwhile the canola height and PWC also peaked on July 17. As
shown in Fig. 9b, the evolution of dihedral scattering power ratio seems to be regulated by the crop diameter

and SM.

The temporal scattering mechanism profile of the corn field also reveals a tendency of increasing surface
scattering and decreasing volume scattering power ratio, which is similar to that of canola before July 5. At

the later campaign stage (July 5-17), the dihedral scattering power ratio is higher than that of the early stage
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due to the increase in corn height, diameter and PWC. As for the SM inversion, the multi-incidence and

multitemporal PoISAR retrieval algorithm can present the temporal variation of SM over the corn field.

Compared with that of the canola, corn, and soybean fields, the crop height, biomass and area PWC of
wheat varies within a smaller range. Especially, stem diameter does not exhibit any visible change during the
entire period of the campaign. Coincidentally, the comparable power ratio of surface and volume scattering
component also shows no significant change, whereas the dihedral scattering component seems to be affected
by the SM as shown in Figs. 6d and 9d. For winter wheat, although the retrieval performance yields an
unexpected underestimation of 15% for each observation date, the strong correlation (R = 0.8) between
estimates and measurements reveals a great potential to describe the evolution of SM. Referring to Fig. 9f,
we can attribute the underestimation issue for winter wheat to the high area PWC, i.e. nearly 1000 g/m? larger

than that of other crops.

Although previous studies suggested that the two-component PD method which disregards the dihedral
scattering component could greatly reduce the complexity of SM retrieval, a three-component decomposition
model is also necessary and more generalised when the ratio of dihedral scattering is larger than 10% at the

end stage of the campaign.
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Fig. 9. Temporal evolution of crop height, diameter, biomass and area PWC, and the variation of surface,
dihedral and volume scattering ratio over bean, canola, corn, soybean, wheat and winter wheat fields.

4.4, Crop stem permittivity estimation

According to the proposed SM retrieval framework, i.e. egs. (12) and (13), the SP (&, s) could also be

simultaneously calculated together with the soil dielectric constant from the extended dihedral scattering

model (T presner)- IN Fig. 10, we illustrated the map of the estimated SP when dihedral scattering mechanism
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is significant over part of the selected crop fields. It shows that the inversion rate ranges from 40% to 99%
depending on the crop type and observation date. The inversion rate of SP is very low especially at the
beginning of the SMAPVEX12 campaign, which is in accordance with the power ratio of dihedral scattering
in Fig. 9a and Fig. 9d. This could be partly explained by the low biomass and area PWC of bean and soybean.
However, the low inversion rate could also be observed on June 29 and July 3 because of the low dihedral

scattering power ratio over wheat field.

) 10 20 30 40 sP O 10 20 30 40 sP 0 10
T T T T I "

- Sy i E.M-'." - ;
I‘:‘;‘&’.L%.. mgaz_x_m e T a2 1B
(a) SP map over bean field

) 10 20 30 40 sP 0
T T T T ] [Freq

il R ki

||MmbD 70627 ;. 1 +|[m 0623
Inyg":k/m 8 ate:05.91% Moo

1] 10 20 30 40 SP 0 10 20 30 40 SP 30 40 sp O 10 20 30 40 5

: e .

., DD /0705
Inversion rate:&S'?% i

0__10 20 30 40 sp

Mlln r;teﬁs 91.5& "

30 40 sP 0 40 sp

freq Y

==

-’!‘I

Invgglén rate:9

(b) SP map over canola field

Inv.aegl'éh ratpso lnv.ee‘gréﬁ ragpso Js e 0,14 I.qsa% D /071 ; GBL ] PauIiRGB




mge.!,s?.ga;saf;{;a

10 20 30

freq

"'"q'iu&g"ﬁl?mgnmu

D ST a8e:07.4% -

(c

) SP map over corn field

rIMDD .
nversion rale 98.26%

10 20 30 40 sP0 10 20 30 40 sP0 10 20 30 40 spP0 10 20
¥ B, 3 T0.1 {[freq " TS 701 |[freq J-‘\_ i T0.1 {[freq T Y
00 4l ————-— ~— 0.0 - —_— —— R -
"»mn /0710 - MDU 714 717
nvérls)ﬁ/m. r&t’é:64.63% rldwersmn r%?e=64 63% Hﬁverslgl?rate.ss 46% mg':gmté.“ 46%
(d) SP map over soybean field
0 10 20 30 40 sp0 10 20 30 40 P 0 10 20 30 40 s 0 10 20 30 40 sp0 10 20 30 40 sp
L ¥ 0.7 ] T Vot 0.2 ] Y y Y 0.7 3 Y 0.7 ] 7 ¥ = 0.
freq J b oy freq il o freq _I\\ i 00»- freq j b -~ freq S .
A ;:‘ Jl)? = X q
MMDﬂ 0617 MMDD, G M 1062 MMDD,/ 0623 ‘ MDD,/
lnversit{m rate.'93.44% lnversu/)n rate:93.44%l| I mvgrgklm mee-sz.ﬁ% lnversitlm rate:92.79% nverslon rate 71.72%
0 10 20 30 40 sp0 10 20 30 40 spO 10 20 30 40 sp0 10 20 30 40 sp0 10 20 30 40 sp
freq '_,-”"»\; :‘: ﬁ: g - -~ o ico ljrea . :‘z _____ By
T Lh ~
i . 'l"' r.. I'I.:f ‘l | " e
MDD,/ 0627 MDD/ :
nversk/m rate:71.72% in\tersion rge 23 QZ% nversion rge :23. 92% I\:Iversion rate.91.98%
10 20 30 40 sp0 10 20 30 40 sp0O 10 20 30 40 sp0 10 20 30 40 sp
freq ' ; ' /-’l'.:'n freq ' : ./\,lv el freq i : /'L Ao freq 3 JJ'"‘\‘ : i
— B ieeaseireetl R s o . AR 0.0 e .. 0.0 o ~. 0.0 -
B E"&'fﬂ-'_' - - i o i
L4 = o n et .o i L |
_:-_Ef5q5,§545ﬁggrkf 33 P
k- (IR TEFIET I
MMDD. / 0710 L"'"E" MMDD. / 0713 MMDD./ 0714 |IMmDD / o 17
Inversijon rate:;41:4% ||inversion rate:41.4% |[|inversion rate:47.99% Inversuon rate:47.99%

fields.

(e) SP map over wheat field

0 3 6 9

12 15 18 21 24 27 30 33 36 39 42 45

Vegetation stem permittivity (SP)
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The temporal variation of retrieved SP over bean, canola, corn, soybean, wheat and winter wheat is
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illustrated in Fig. 11a and 11b. Unlike the variation of estimated SM, the derived SP shows a significant
change during the crop growing season, particularly over bean, corn and soybean fields. In addition, the SP
presents a low value at the early stage and increases with the growth of crops, which is consistent with the
change of area PWC (Fig. 11c and 11d). The relative change of the estimated SP over canola, wheat and
winter wheat is similar to that of the area PWC. For winter wheat, the higher area PWC corresponds to the
larger value of SP (before July 3) and vice versa (from July 5 to July 17). Over wheat field, the SP first
increases and then decreases with the variation of area PWC. In contrast, over canola area, both the PWC

and SP tended to remain stable in the observation period.
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Fig. 11. Estimation of SP from multiple PDs and the measured vegetation biomass and area PWC. (a) and
(b) are the evolution of estimated vegetation SP for bean, soybean, corn, canola, wheat and winter wheat.
(c) and (d) are the measured total biomass and area PWC over the selected crop fields, respectively.

Considering the variation of SM within a short time interval and its influence on the SP, this work also
assesses the interaction between SM and SP by using a window time-lagged cross correlation (WTLCC)
method. Here, we assume that the change of the PWC is led by the evolution of SM, i.e. soil dielectric

constant is selected as ‘Signal-1", and the SP is selected as ‘Signal-2’. Given 14 PoISAR observations during
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the SMAPVEX12 campaign, we process nine epochs when implementing the WTLCC algorithm. In Fig. 12,
the higher cross correlation values are located in the offset area, which equals to —2 or —1 for most epochs.
It could be inferred that the estimated time-series SM plays a lead role in changing the estimated SP to some

extent (see Fig. 12).
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Fig. 12. Rolling window time-lagged cross correlation between SM and SP for continuous windows. The
WTLCC method is implemented with window size = 6; rolling step = 1; signal-1: soil dielectric constant;
signal-2: SP; time lag range = [-2, 2].

To investigate the physical meaning of the estimated SP, we compare the SP estimates with the total
biomass and area PWC. Fig. 13 shows the scatterplots of the SP, total biomass and PWC over selected crop
fields. A positive linear relationship can be observed between SP and biomass (red line), as well as SP and
PWC (blue line), particular for bean, corn, soybean and wheat. For example, over soybean fields the
correlation between SP and biomass is 0.89, whereas the correlation of SP and PWC is valued at 0.92.
However, over winter wheat fields, negative or no significant linear relationship between SP, biomass and
PWC is found because of the inaccurate estimation of SM induced by the empirically zero co-pol phase
difference (Ag) in the scattering model (Hajnsek et al., 2009; Jagdhuber, 2016) and the high value of crop
biomass (>300 g) and PWC (close to 4500 g/m?). The influence of Ag@ on SM estimation is analysed in

Section 4.5.1 of this paper.
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Fig. 13. Scatterplot of the SP, total biomass and area PWC over bean, canola, corn, soybean, wheat and
winter wheat fields.

4.5. Influence of co-pol phase difference and surface depolarisation angle on SM estimation

As mentioned above, SM estimation is inherently affected by the crop type and phenology. In this part,
two parameters, i.e. co-pol phase difference (A¢@) which is related with the crop condition and surface
depolarisation angle (6) which is dominated by surface roughness, are considered for exploring the possible
way to improve the retrieval performance of SM estimation. To investigate the influence of A and & on

SM estimation, different values of A@ and & are introduced in the MT version of the proposed inversion

model.
4.5.1. Soil moisture estimation from different A¢

Considering that an underestimation of 15% is found over the winter wheat field, we use different values
of Ag (10°, 20°, 35°, 50°, 65° and 85°) in the dihedral scattering model to investigate its influence on SM
retrieval performance for winter wheat. Fig.14 illustrates the retrieval accuracy of the SM using different A¢.
The results show that the retrieval accuracy is improved, and the underestimation problem can be solved to
some degree by using high values of A¢. The correlation between the SM estimates and measurements is
also improved when A¢ = 50°, whereas it decreases to 0.3 when A¢ = 85°. This result could be explained
by the fact that a fixed A may lead to the issue of overestimation on different crop phenology. Although
the highest correlation is observed at Ap = 35°, the result still poses approximately 12% underestimation
because of the high value of biomass (>300g) and PWC (close to 4500g/m?) over the winter wheat field. In

consideration of the RMSE and correlation coefficient of the SM estimates, the best performance over the

winter wheat field is presented at Ap = 65°.
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Fig. 14. SM estimation over winter wheat fields by using different values of A¢ in the dihedral scattering
model.

Inspired by the above findings, we also test the influence of different A¢ (0°, 20°, 35° and 50°) on SM
retrieval over bean, corn, canola, soybean and wheat fields. The results are presented in Table 2. The
correlation and accuracy are influenced by A¢, and the best retrieval performance of A¢ varies depending
on crop type. For instance, the best performance is observed at Ap = 20° for bean and wheat fields but at
Ap = 0° and A@ = 35° for corn, canola and soybean. In contrast to winter wheat, no significant difference
is found between the RMSE of SM estimates at different values of Ag (0°, 20°, 35° and 50°) over bean,
corn, canola, soybean and wheat fields. The difference in optimum A¢ between wheat and winter wheat is
attributable to the large crop biomass (>300 g) and PWC (close to 4500 g/m?) over the winter wheat fields;
this factor leads to a higher A¢ than that of wheat. As shown in Fig. 9, the scattering power ratio also

indicates that the dihedral scattering of winter wheat is higher than that for wheat field.

Table 2
Best performance of A@ on SM estimation over different crop fields.
Crop type Ag Accuracy (RMSE) Correlation (R)
Bean 20° 2.84% 0.17
Corn 0° 3.96% 0.64
Canola 0° 2.85% 0.64
Soybean 0° 5.45% 0.19
35° 4.73% 0.09
Wheat 20° 3.34% 0.76
Winter wheat 65° 5.59% 0.67

4.5.2. Soil moisture estimation from different §

Fig. 15 illustrates the scatterplots of the surface depolarisation angle and the RMS height of soil on
different observation dates, indicating that § has a significant linear relationship with RMS height,
especially at the beginning of the SMAPVEX12 campaign. However, the correlation between RMS height
and & also depends on the crop type. For instance, the sensitivity of § on RMS height over wheat fields

(red dotted line in Fig. 15) is stronger than those over all crop fields (black dotted line in Fig. 5). Furthermore,
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the correlation weakens with the evolution of time and the crop phenology. In other words, the derived & is
influenced by vegetation structure, as well as biomass and PWC, and could not purely represent the surface
roughness information. In this case, it could be inferred that the inaccurate estimated surface depolarisation

angle (6) also reduces the SM inversion accuracy, especially at the crop growth stage with high PWC and

biomass.
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Fig. 15. Relationship between the derived surface depolarisation angle and the RMS height of bean, corn,
canola, soybean, wheat and winter wheat fields.

The temporal distribution of § over different crop fields is shown in Fig. 16. For bean, corn and
soybean fields, & changes with the variation of crop parameters and scattering mechanisms. The derived &
is limited between 10° and 20° at the early stage and then increases to nearly 50° at the middle stage. For
canola, wheat, and winter wheat, & is higher than 20° and remains stable during the entire period. Thus
result indicates that the derived empirical depolarisation angle also depends on the crop type, structure and
phenology. As demonstrated in Fig. 16, the correlation could be observed between the depolarisation angle

and crop diameter.
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Fig. 16. Temporal variation of soil roughness angle derived from polarimetric circular coherence.

Given that the derived surface depolarisation angle might be attenuated by the canopy scattering, using
the PoISAR observations obtained on the least vegetated date to calculate & (i.e., §jeqst veg) IS reasonable.
Therefore, to analyse the influence of § on SM retrieval, the retrieval performance with different values of
& are illustrated in Table 3, indicating that accuracy could be improved by using 8,¢qs¢ veg in the proposed
retrieval model regarding the RMSEs. The correlation between SM estimates and measurements is increased
DY Sieqst veg OVEr bean and canola but is decreased over corn, wheat and winter wheat fields possibly
because of the influence of vegetation cover on the ;.45 veg Calculation. Especially for winter wheat, it

has already reached the reproductive or maturity stage at the beginning of the SMAPVEX12 campaign.

Table 3
Performance of different 844¢. ; and 8jeqse veg ON SM estimation over different crop fields.
6= adate_i 6= 6least_veg
Crop type RMSE R RMSE R

Bean 3.19% 0.04 2.5% 0.25

Corn 3.96% 0.64 4.33% 0.56

Canola 2.85% 0.64 2.81% 0.7

Soybean 5.45% 0.19 5.2% 0.18

Wheat 4.13% 0.73 3.74% 0.68

Winter wheat 5.59% 0.67 5.02% 0.51

5. Discussion

PD theorems based on single PoISAR observation have been utilised to estimate SM literatures (Hajnsek
et al. 2009; Jagdhuber et al. 2013; Huang et al. 2016a; Wang et al., 2017). The Dols of the new PD framework
indicate that estimating additional unknown parameters, e.g. crop stem permittivity, is possible with POISAR
measurements made at different times and incidence angles. On the basis of our experimental results, the
potential of the suggested PD framework in surface SM estimation is observed over agricultural fields.
Although the Dols of MI, MT and MIMT PolSAR observations are larger than that of one single PoISAR
observation, they are less than eight (7.8-8.0). Theoretically, the proposed framework remains an
underdetermined system. However, the simulations of f; and f; indicate that the number of the unknown

parameters in MIPD, MTPD and MIMTPD SM retrieval models could be possibly less than eight. In addition,
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the unknown parameters could be obtained from an underdetermined system by solving the multivariable
nonlinear equations.

The same UAVSAR dataset has also been exploited with PD theorem-based retrieval algorithms in a
set of fields of the SMAPVEX12 campaign. As shown in Wang et al. (2016, 2017, 2019), the RMSE of SM
estimates ranged from 6.1% to 12.0% for canola, corn, and wheat, depending on the crop type and vegetation
characteristics. Comparing our results (i.e. RMSE between 2.88% and 5.59%) with the outcomes of these
studies, we find that the inclusion of MI and/or MT PolSAR observations provides some improvement in SM
estimation over the selected crop fields of the SMAPVEX12 campaign.

Although the proposed method provides an accuracy of RMSE<6.0%, a moderate correlation is
observed between the estimated and measured SM. This result could be partially attributed to the low
dynamic change (15.0%) of SM during the entire period of the campaign. This work also finds that the
variation of estimated SP follows the temporal evolution of area PWC and biomass, especially for bean, corn
and soybean. In addition, it presents the same range (0-40 of the real part) of vegetation dielectric constant
reported by Mavrovic et al. (2018) and Ulaby and Jedlicka (1984). However, the retrieval accuracy of SP is
not evaluated due to lack of in-situ measurements. Although the estimated SP reveals a certain correlation
with the area PWC index, it depends not only on the stem water content but also on the area of the leaf, height
and density of vegetation.

The proposed framework may have different performance over different crop fields. Such behaviour
could be attributed to the different vegetation parameters and scattering mechanisms. The dominant surface
scattering component produces a strong correlation between the temporal variation of estimated and
measured SM, particular over canola, wheat and winter wheat fields. However, 15% underestimation is found
over winter wheat areas. This result could be partly attributed to the high area PWC, which is nearly 4500
g/m? at the beginning of the early stage. Similarly, a tendency of underestimation is found when the area
PWC increases at the end of the stage.

As reported by Mattia et al. (1997), Hajnsek et al. (2009) and Jagdhuber et al. (2013), the width of &
derived from polarimetric circular coherence is strongly dependent on the surface roughness state in the case
of isotropic bare surfaces. In this work, § also shows a linear correlation with soil RMS height when it is
applied to the early stage of the agricultural fields. However, their correlation weakens with the evolution of

crop phenology, and the temporal variation of § indicates a dependency on crop type and diameter (Fig. 9).
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The sensitivity of § to crop diameter is possibly caused by the received VV-pol observations under the
reflection symmetry assumption. According to Jagdhuber (2016) and Eq. (12), the circular copolarised
coherence usually decreases with the increase in Sy, which finally leads to increased &.

Regarding the diversity of crop structure and the evolution of crop phenology, this work investigates the
influence of § and co-pol phase difference on the proposed SM retrieval framework. It shows that the SM
retrieval performance could be improved by using a non-zero A¢ and the § which is calculated from
PoISAR data obtained on the least vegetated date. As for winter wheat, the underestimation issue is solved
to some extent when A¢g is set to 65°; for bean, canola, corn, soybean and wheat, Ag shows a slight
influence on SM retrieval. This result indicates that introducing a zero A¢ in SM retrieval for the randomly
oriented crop areas is reasonable; however, a high A¢ should be considered for vertically oriented crop
fields. In other words, it suggests the need to perform an in-depth study of the double-bounce effect in
vegetation.

Properly separating the volume scattering component also plays an important role in improving the
performance of the proposed SM retrieval framework. Comparison of results from the multiple PoISAR
observation-based SM estimation methods which use different volume scattering models indicates that the
GVSM model performs better than the model of Yamaguchi et al.. However, the GVSM is not always a fully
adaptive volume scattering model because the co-pol power ratio, i.e. y, of volume scattering is possibly

influenced by ground scattering.

6. Conclusions and future perspective

A new surface SM retrieval framework based on PD and multiple PolSAR observations is proposed in
this study. We combine the extended Bragg model, the extended dihedral scattering model and the generalised
volume scattering model (GVSM) to modify the PD method. Compared with traditional model-based PD
methods, this framework enables the decomposition technique to be embedded with refined scattering models
and can provide an analytical solution for the soil dielectric constant. In addition, similar to the eigenvalue-
based decomposition technique, the unknown parameters could be solved by combining with multiple
PolSAR observations and nonlinear least-squares curve fitting method. Moreover, compared with traditional
decomposition models, the proposed framework does not need to determine the dominated scattering

mechanism, i.e. when o or 3 are close to —1 or 1.
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The potential of the proposed retrieval framework is investigated by utilising the multi-incidence and
multitemporal L-band UAVSAR dataset obtained from Winnipeg, Canada. The results indicate that the MIPD,
MTPD, and MIMTPD algorithms provide an inversion accuracy of RMSE < 6.0% and a correlation of R >
0.6 with an inversion rate of 55%-99%, depending on the crop type and observation date of the SMAPVEX12
campaign. The moderate correlation could be partially explained by the low dynamic change of SM during
the entire period of the campaign. Although no significant difference is found between the results of the
MIPD, MTPD and MIMTPD retrieval algorithms, the inversion is somewhat more accurate when using MT
PoISAR observations. We also conclude that this framework could present the temporal evolution of SM
better over crop fields where surface scattering dominates. Regarding the physical assumption of the multiple
PolISAR configurations, we anticipate that the proposed framework will not be applicable to conditions where
the surface roughness and vegetation’s dielectric constant change frequently in a wide range.

The maps of crop SP are also provided with an inversion rate ranging from 40% to 99% in this work.
The scatterplot of SP shows some linear relationship with crop biomass and PWC, indicateing that the derived
SP has potential to describe the variation of PWC, particularly for bean, corn, soybean and wheat. In addition,
the investigation of the influence of the co-pol phase difference on SM estimation indicates that the proposed
SM retrieval framework can be improved with a priori knowledge of co-pol phase difference.

However, the results of the proposed framework are inevitably affected by some factors including crop
phenology, PWC and surface depolarisation angle. Future work will focus on the following: (1) decreasing
the influence of depolarisation angle on the retrieval framework, because the derived § at the germination
stage could be assumed to be accurate in describing surface roughness; (2) investigating the potential of the
proposed framework to multi-frequency (X-, C-, and L-bands) PolSAR observations; (3) introducing the
fully generalised volume scattering model and the iterative hybrid decomposition method to separate the
volume scattering component in a proper way and estimate the vegetation parameters, i.e. co-pol phase
difference, particle anisotropy and degree of orientation (Jagdhuber et al., 2015). In addition, the investigation
of dihedral scattering effect on SM estimation can be conducted by using the ground-based SAR

measurements and ground-truth data which are obtained in a controlled experimental condition.
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Appendix A Calculations for equations of DOI and total correlation

In this appendix, we show that the Dol of two quad-pol SAR measurements can be calculated as follows:

Dol =N — C,(X;, X5, -+, Xn) (A1)
N HX)—-HX, Xy, X
Cn(X) — Zl—l ( L) ( 1 2 N) (A2)
H(XI'XZJ"'JXN)
H(X}, X5, -+, Xy) = —Z "'ZP(xpxz'“‘xN)l()gzp(lexzj”'xN) (A3)
X1 XN

where N is the number of variables; and C, () is the normalised total correlation, which takes a value
between 0 and N—1. H(X;) is the Shannon entropy of a single variable X;. H(X;, X, +--,Xy) and
p(xq, x5, xy) 1is the joint entropy and probability mass function of multiple variables, respectively

(Konings et al. 2015).
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