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ABSTRACT

KEYWORDS: soil moisture, data cube, regression, bins, least squares

Soil moisture retrieval is one of the most important aspects of Earth science observation
where it can be used to predict various climate events. Several empirical and theoretical
approaches have been proposed in the past for soil moisture retrieval. We propose a
novel soil moisture retrieval algorithm based on electromagnetic scattering model. Be-
ing a physics-based model, our sliced regression inversion (SRI) algorithm works for a
wide range of geophysical parameters without any dependence on previously acquired
datasets. In other words, our SRI algorithm has a wide range of applicability in terms
of the physical parameters that it can invert. As a result, it is expected to produce 100
% inversion rate within the validity range which is an added advantage of the proposed
technique. Our SRI technique builds on and improves the lookup table approach by
approximating the relationship between radar backscattering coefficients and the under-
lying physical variables by piece-wise linear fits. The regression coefficients from the
piece-wise fits are used to solve a least squares equation to estimate the soil-vegetation

parameters including soil moisture.

The Improved Integral Equation Model (I’EM) is used as the forward scattering
model to calculate the radar backscatter from scattering for bare soils. We extend this
forward model to include depth-dependent moisture by calculating the Fresnel reflec-
tion coefficients for a heterogeneous soil profile. The effect of vegetation scattering are
included by modeling the electromagnetic interactions between the individual plants.
This is done by modeling the vegetation as a collection of randomly oriented dielectric
cylinders and then summing contributions from individual scatterers with an appropriate
probability density function. We also present the time series based approach to retrieved
soil moisture in case of vegetated lands. Later we validate our model with experimental
data acquired from ALOS-PALSAR and SENTINEL satellites and retrieve soil mois-

ture with the best possible accuracy (root mean squared error) of 0.06 cm?®/cm?for bare

il



soil and 0.14-0.18 cm?®/cm3for vegetated lands. For retrievals with the synthetic test
datasets, we report an accuracy of 0.05 cm?/cm?for bare soil and 0.06 cm?®/cm3for veg-
etated lands using L and S band data. We also show that our algorithm performs better
than both the SMART inversion model as well as the lookup table approach. We re-
port the best accuracy while working with fusing the co-polarized and cross-polarized

backscatter data from two different bands with an appropriate explanation.

v
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CHAPTER 1

INTRODUCTION

Soil moisture refers to the volume fraction of water present in the top few centimetres
of the Earth’s surface. Soil moisture information is used by climatologists, agriculture
scientists, etc. in predicting floods, droughts, crop monitoring, and weather forecasting.
Hence, it is important to retrieve soil moisture. Soil moisture retrieval is the process
of estimating the moisture content of the soil (cm®/cm?®) from the backscattering coef-
ficient taken by a synthetic aperture radar. Active microwave remote sensing through
the use of synthetic aperture radar (SAR) offers a high spatial resolution in estimating
soil moisture and can provide information about the moisture both on the soil surface
and several centimetres below it depending on the operating wavelength of the radar.
Radiometer based estimates of soil moisture also exists but they have very limited spa-
tial resolution. As a result, there has been a significant effort in estimating soil moisture
using truck mounted scatterometers (Ulaby, |1974; Ulaby et al.,{1990), air (Rosen et al.|
20065 |Allen et al., [2010; Chapin et al., 2012; [Tabatabaeenejad et al.l, 2014)) or space-
borne (Dobson and Ulaby, [1986a; Entekhabi ez al., 2010; [Kerr et al., 2001) microwave

synthetic aperture radar (SAR).

The radar backscattering coefficient, which is the ratio of received power and trans-
mitted power by a SAR in the direction coming back to the radar, is a function of
electrical and geometrical properties of soil and vegetation and thus it can be used for
the purpose of soil moisture retrieval. Because of the high dielectric contrast between
dry soil and the water, the complex permittivity of soil is affected by the amount of
moisture present in the top layer, which in turn influences the radar backscatter. Other
factors that influence the backscatter include surface roughness, heterogeneous mois-
ture distribution (Khankhoje et al., |2012} Konings et al., |2014)), amount of vegetation
(Bindlish and Barros, 2001}, |Alemohammad ef al., 2019; Burgin et al., 2016)), etc. Thus
the task of retrieving soil moisture is not straightforward as it is made complicated by

the dependence of backscatter on various parameters.



Figure 1.1: Scattering from a rough surface covered with vegetation

1.1 Literature Survey

Several approaches in the past have been proposed for soil moisture retrieval purposes

from radar backscatter data which can be classified into empirical, semi-empirical or

physics-based/theoretical models (Oh et al,[1992}; Dubois ez al,[1995}Shi ef al,[1997;
Quesney et al.l, 2000; Moghaddam ez al., 2000; De Roo et al., 2001} Zribi and Decham-|
2003} [Dobson et al., [1985]; Peplinski ez al., [1995; Hajnsek et al.l 2003; Dave et al.|

2019} [Kim er all 2017, Narvekar et al.l, 2015}, Kerr et al, 2012; Njoku and Li, [1999;
Entekhabi et al,2004; Dobson and Ulabyl, [1986a). Since empirical models are based

on specific datasets, they have limited guarantee and site specific validity even though
they are easier to derive. On the other hand, the semi-empirical models use part of
experimental/simulated datasets in addition to a theoretical model. Whereas the the-
oretical models are based on electromagnetic scattering models and hence they work
for a large range of soil and vegetation parameters and hence are not restricted to any
particular site. Since they are based on physics models, the theoretical approaches are
quite complicated due to involvement of several parameters and thus their inversion is
difficult. However they offer the advantage of greater generality and wider applicability,

provided they can be efficiently implemented.

In some empirical models, a linear relationship is obtained between the soil moisture



and the backscattering coefficient to retrieve the volumetric soil moisture (Jackson and
Schiebel |1993; Schneider and Oppelt, |1998}; Quesney et al., 2000). Earlier approaches
used single frequency and single polarization data to retrieve soil parameters (Wang
et al., 1986; Dobson and Ulaby, [19865). However, it was observed that more informa-
tion from SAR data i.e. multiple polarizations lead to better accuracy in the estimation
of soil moisture content. As a result, dual polarizations (Shi ez al., 1997} Dubois et al.,
1995) as well as triple-polarization (Oh ef al., |1992) backscatter data were used to re-
trieve soil moisture. In order to further improve the accuracy of soil moisture retrieval,
various time-series approaches were proposed that used the information about the prior
estimate of soil moisture(Kim and van Zyl, 2009; Ulaby et al., |1981; [Wagner and Sci-
pal, [2000; Kim et al., [2011; Ouellette et al., 2017; |Al-Khald1 et al., [2019). It is based
on the fact that the moisture content of soil changes with time due to atmospheric con-
ditions while the surface geometrical properties remain the same. Using experimental
data, the retrieval of soil moisture under vegetation canopies has been studied (Moghad-
dam et al., 2000; De Roo et al., 2001)). Recently, convolutional neural networks (CNNs)
have also been quite popular for retrieval of soil moisture by establishing a statistical
relationship between the soil parameters and the backscatter to retrieve soil moisture
(Rodriguez-Fernandez et al., 2015; Wang et al., 2019). Various studies have also been
carried out to find out a successful relation between the soil moisture and its complex

permittivity some of which include (Topp et al., [1980; |Hallikainen et al., [1985).

A key task in remote sensing problems is to model the electromagnetic scattering
from a random rough surface. First order small-perturbation model (Ricel |1951; Beck-
mann and Spizzichinol |1987) has been proposed in the past to describe scattering from
slightly rough surfaces. But it applies only to surfaces whose roughness is small and
thus it has limited scope. Recently Integral Equation Model (Fung et al.,|1992) and its
improved version (Fung ef al.,|2002) has been proposed which can model the backscat-
ter from the soil surface accurately for any range of surface roughness. Recently, more
advanced versions of IEM known as Advanced IEM (Chen et al., 2003), (Yang et al.,
2017) has been proposed that takes into effect the multiple scattering terms which con-

tribute significantly to the cross-polarized backscatter.

The improved integral equation model I?’EM treats soil as a homogeneous half space
and moisture is assumed to be constant with depth. However it is observed that soil

dries from top after rain and there is a need to model this depth dependency of mois-



ture. The modified IEM (Fung ef al,[1996) assumes a vertical soil moisture profile by
incorporating a physical dielectric gradient (Brekhovskikh| [2012)) into the model. We

extend our forward model by incorporating this depth-dependent moisture by modify-

ing the reflection coefficients in the I’lEM. To model scattering through vegetation, a

water cloud model(Attema and Ulaby, [1978)) for the vegetation has been proposed in

the past with its parameters empirically determined from the data(Bindlish and Barros,

2001). Since the parameters of this model are empirically determined, it can’t be gen-
eralized to all vegetation. In our work, we use the dielectric cylinder approach
2009; [van Zyl, 2011)), in which vegetation is modeled as a collection of lossy dielectric

scatterers. Radar backscatter is calculated by considering the contribution of scattering

from multiple paths through the vegetation to the final backscatter direction.

1. RMS Surface Height: h
2. Correlation Length: |
3. Soil Moisture Content: mv

Soil Parameters
1. Frequency : f
2. Polarization : pq Ground (I?EM)
3. Radar Incidence Angle : 0 Backscatter

Radar Parameters

oPaf(9)

1. Vegetation Moisture : vm
2. Cylinder Radius : a Vegetation
3. Cylinder Height : b Backscatter
4. Density of Scatterers : p

Vegetation Parameters

Figure 1.2: Block Diagram of Forward Model

1.2 Proposed Technique

In this thesis, a novel soil moisture retrieval technique called the Sliced Regression In-
version Algorithm is proposed which retrieves soil moisture from both bare soil as well
as vegetated lands. It uses the Improved Integral Equation Model (Fung et al., 2002)
and the dielectric cylinder approach (Arii, 2009} [van Zyl, 2011)) as the forward model

for bare soil and vegetated lands. A schematic of the overall forward model used and

the parameters involved is shown in Figure [[.2] Using the above forward models, the



data cube is generated using roughness parameters along with soil and vegetation pa-
rameters. A data cube corresponds to a particular combination of radar frequency and
polarization and we generate six such data cube in case of NISAR operating bands:
[HH,L], [VV,L],[HV,L], [HH,S], [VV,S], [HV,S]. Each data cube is divided into bins or
slices and a linear relation is fit between the input (soil moisture, root mean squared sur-
face height, correlation length, etc.) and output (backscattering coefficients) parameters
within each bin to get a set of regression coefficients. Given the radar measurements,
we estimate the soil moisture by finding the optimal bin from the knowledge of regres-
sion coefficients. We solve a bounded least squares equation to find the bin which gives

the lowest residual error and retrieve the corresponding value of soil moisture.

We know that the I2EM has its own range of validity and boundary conditions in
terms of surface roughness parameters. Since the SRI algorithm uses I2EM to generate
the backscatter data for bare soil, the validity range and limitations of SRI algorithm

directly depends on those of the [I2ZEM.

1.3 Relevance to Upcoming Missions

Various global missions have been launched that seeks to estimate the soil moisture
using active microwave sensors, especially at L, S, and C-band. This includes the Soil
Moisture Active Passive (SMAP) mission (Entekhabi ef al.| 2010) which was launched
in 2015, Soil Moisture Ocean Salinity (SMOS)(Kerr ez al., 2001) and a few others (Kerr
et al.,2012;|Konings et al.,2014]). Our SRI algorithm finds application in the upcoming
NASA-ISRO Synthetic Aperture Radar (NISAR) mission (Rosen ef al., |2017), which
is a collaboration between the National Aeronautics and Space Administration (NASA)
and the Indian Space Research Organisation (ISRO). The objective of the mission is
to retrieve soil moisture on a global scale using L. and S-band. By fusing scattering
models appropriate to each band, it is expected that high spatial resolution soil moisture
retrieval at meter scale and higher accuracy in physical parameter retrievals than with a

single band can be achieved; this is shown in our results subsequently.



1.4 Thesis Organization

The flow of this thesis is organized as follows. In Chapter 2] we present the mechanism
of radar scattering from bare soil surface. Next, we present the details of vegetation
modeling and the corresponding calculation of vegetation backscatter in Chapter [3| The
details of the sliced regression inversion algorithm are presented in Chapter 4. Sub-
sequently, in Chapter [5] we present the results of applying the algorithm on synthetic
and experimentally obtained datasets, along with comparisons with the lookup table
approach. We also provide a detailed analysis of the results in the same section. In
Chapter [0] various time series approaches to retrieve soil moisture has been discussed.

Finally, we conclude in Section|/| with a summary of the method and results.



CHAPTER 2

BARE SOIL SCATTERING

2.1 Introduction

Radar backscatter from the ground surface is a result of both surface as well as volume
scattering. The surface scattering is generated due to the random nature of the shape
of air-soil interface and both single as well as multiple scattering events give rise to the
surface scattering. Single scattering occurs from the facets whose normal is oriented
towards the radar whereas multiple scattering takes place from reflections by multiple
facets. There are random height deviations above the mean height of the surface rough-
ness which needs to be modeled by a random process. This statistical nature of rough
surface and its complex shape makes the task of modeling surface scattering difficult.
In this chapter, we shall discuss an electromagnetic model called the Integral Equation

Model |[Fung et al.|(1992) which models backscattering from a random rough surface.

2.2 Surface Parameters

Electromagnetic wave scattering from a bare soil which has a randomly rough surface
is affected by soil roughness and the permittivity of the soil. Any rough surface can be
described in terms of statistical distribution of which Gaussian and exponential are the
most popular ones. The soil roughness can be characterized by two statistical parame-
ters which are root mean squared (rms) surface height (k) and the soil correlation length
(1). For a rough surface with probability density function p(z) and the height z(x,y)

above the mean, the rms height for a zero mean surface is given by:

00 1/2
h = {/ 2*p(2) dz} (2.1)

o0

The surface correlation function defined by (Ulaby et al.,[2014)

p(C) = (2(w,y)z(2",y")) (2.2)



is a measure of the degree of correlation between the surfaces at location (x,y) and

(z/,y') with ¢ = \/(z — 2/)2 + (y — v/)? distance between them. We can now define

the correlation length [ as the separation ( = [ for which

p(¢)=e" (2.3)

The exponential correlation function p,(¢) and the Gaussian correlation function p¢(()

are defined as (Fung ef al,[1992)

pe(C) = exp (—[¢|/1) (2.4)
pc(¢) = exp (—=C*/1%) (2.5)
£

Figure 2.1: Geometry of rough surface scattering (Credits: (Yang ez al., 2017))

In the backscattering direction, the following relation holds

Os =7 =005 =i+ (2.6)

where 6; is the incident elevation angle ¢; is the incident azimuth angle 6, is the scat-

tered elevation angle ¢y is the scattered azimuth angle



2.3 Improved Integral Equation Model

According to criteria established by Peake and Oliver (Peake and Oliver, [1971)), a sur-
face can be called rough if its root means squared (rms) height & satisfies the relation
h > X/4cosf, where A is the wavelength and 6 is the incidence angle of radar wave.
The Small Perturbation Model (SPM) (Rice, [1951) can be used to describe scattering

for smooth surfaces for which h < \/25 cos 6.

Kirchhoff approximation (Ulabyl|1982;T'sang et al.,|1985}; Fung, 1994; Kong, 2001)
has been applied to describe random rough surface scattering for surfaces with large sur-
face curvature. Small slope approximation (SSA) (Broschat, 1993} Voronovich, |1994;
Irisov, |1997; Johnson, 2002) is another method that describes wave scattering from
rough surfaces with wide variety of roughness values. However, the integral equation
model (IEM) (Fung, [1994; Fung et al., |1992) applies to both smooth and rough sur-
face scattering and when the surface is smooth enough (kh < 0.3), its solution is in

agreement with SPM.

The original IEM (Fung e al., 1992)) considers a simplifying assumption for the
phase of Green’s function by eliminating it in the single scattering model. However,
the the improved integral equation model (Fung et al., 2002) removes the simplifying
assumption on the phase of Green’s function and still gives the backscatter in algebraic

form which includes the single and multiple scattering terms.

An extended version of IEM known as the Advanced Integral Equation Model
(AIEM) (Chen et al., 2000, 2003; Fung and Chen, 2004; [Wu and Chen, 2004; [Fung
et al., 2010) is a very accurate model in predicting scattering from random rough sur-
face. AIEM contains a more complete expression of the single-scattering terms. The
multiple scattering terms which consists of Kirchhoff, complementary and the cross
components are rederived after including the spectral representation of Green’s func-
tion. (Yang et al.l 2017;|Yang and Chen, |2019) consider new expressions for multiple
scattering in AIEM up to second order which includes the upward and downward prop-

agating waves.

In this thesis, we use the improved integral equation model(Fung et al., [2002) to
generate backscatter for the bare soil case. For a given rough surface, the improved

integral equation model generates backscatter o for any combination of transmit-receive



polarization for a radar operating at wavelength )\ and incidence angle 6. According to

I2EM, the backscattering coefficient can be written as

]{32 n (ksx - kma ks —k )
= 8(0,6.)% exp[—o 2(k2 4+ k2)] 202 i\ w v (2.7)
where k is the wavenumber in the medium above the surface with k, = ksin 6 cos ¢,
k, = ksinfsin ¢, and k, = kcos . S(6, §;) is the bistatic shadowing function (Sancer,
1969) and W™ is the Fourier transform of the nth power of the surface correlation

function p(r, ) given by

27 [e'e)
WK, $) = /0 /0 P, ST dr dg (2.8)

IC;LP = (ksz + kz)nfqp exp (_Ukaksz)

+ (/{;sz)”qu(—km, _ky) + (kz)nqu(_kswv _ksy)
2

(2.9)

The field coefficients f,, and F},, are functions of the Fresnel reflection coefficient
(Rp, R,). They are a function of the soil permittivity €, which is determined by the

amount of soil moisture. The expressions for field coefficients f,,, I, are

_ 2 o
foo = P Sr—"y [sin @ sin By — (1 + cos b cos b;) cos (ps — @)] (2.10)
2R, . .
frn = — [sin @ sin O — (1 + cos @ cos Bs) cos (¢ps — ¢)] (2.11)

cos ) + cos b,

where R and R, are the Fresnel reflection coefficients, and

Ry = € — \/ r€r — sin2 0 and R, — e — \ Hr€p — sinzz

€r 4+ / ir€, — sin® 6 iy + A/ b€, — SIN

(2.12)
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(€, — sin? —e, cos? (1 + Ry)?
(€, cos0)? cos O

Fvv(_kxa ky) =

-sin f[sin , — sin 6 cos(¢ps — ¢)] (2.13)

(pirer — sin — g, cos?(1 + R)?
(11 cos )2 cos O

- sin fsin 05 — sin O cos(¢s — ¢)] (2.14)

th(_km ky) = -

where o is the rms surface height, €, and p, is the relative permittivity and per-
meability of soil respectively. k is the wave-number of radar incident wave, pq is the
transmit-receive polarization, 6 and 6 are the incidence and scattering elevation angles

respectively. ¢ and ¢, are the incidence and scattering elevation angles respectively.

The complex permittivity can be calculated from soil moisture content using the

Hallikainen dielectric model (Hallikainen et al., [1985) as follows:

€ = (ap + a1S + aC) + (bg + b1.S + byC)muv + (o + 1.8 + c.C)mu? (2.15)

where S and C' are the sand and clay textural component of the soil (in percent
by weight) and the coefficients a, b, ¢ are the coefficients which are functions of radar

operating frequency.

2.4 Effects of Depth Dependent Moisture

In nature, the soil properties vary not only over the surface but with depth as well. This
variation of the water content over depth within a soil-profile is called the soil mois-
ture profile. Due to soil heterogeneity, the distribution of amount of water varies with
depth. The soil moisture profile has a strong influence on the complex permittivity of
the soil and hence the backscatter from the soil surface. The Improved Integral Equation

Model(I?2EM) assumes the soil profile to be homogeneous, i.e. moisture is constant con-

11



cerning depth. Instead, we model the soil profile as a piece-wise constant, multilayer
dielectric surface in which the field encounters multiple reflections as shown in Fig-
ure [2.2] due to varying soil permittivity. For this purpose, we assume an exponentially
varying dielectric profile (Fung et al.l 1996} Brekhovskikh, 2012) for the soil, whose

expression is given by

2(epy — 1)

>0 2.16
14+ e me (2-16)

b -

e(2) =1+

where m is the transition rate factor and €, is the dielectric constant of the topmost
layer. To account for the depth dependence, we update the reflectivities in the I’EM

with the effective Fresnel reflection coefficients of scattering from the heterogeneous

: a
' -+
b Layer 1: Air
ri "‘
\ / Layer 2 : Dielectric
T o A
\/ Layer 3 : Dielectric
- Sy

A XA . .
AW ATAY Layer 4 : Dielectric

Layer 5 : Dielectric

soil profile.

Figure 2.2: Multiple radar reflections from dielectric layers

The reflection coefficient from a layered medium with a flat interface can be cal-
culated for the given permittivity profile using the transfer matrix method (Hulst and

van de Hulst, [1981) as shown below

—jk;d; — .. o
e’ 0 E; _ 1 1 Riia Ein 2.17)
0 eIkidi E':' E,i‘f'l Ri,iJrl 1 Ej—_l-l
P; E; TF; i1

where E; and £+ are the electric fields in medium ¢ propagating downwards and
upwards respectively. R;; and 7;; are the reflection and transmission coefficients of a

wave travelling from medium ¢ to j, given by

12



R n; cost; —n; cos b, T 2n; cos b;
ij = ij =
7 n;cosb; + n; cos 0, n; cos 8; +n; cos b,

where 0; and 0; are the incidence and refractive angle at the interface. The refractive
angle can be determined from Snell’s law of refraction as:
0; = sin~! (”—) sin 6; (2.18)
1
Writing the electric field equation for all the layers i.e. from 7 = 1ton — 1, the

electric field at the topmost layer E; can be expressed in terms of the field at the bottom

layer E,, as follows:

E, = &, 'TF,®, 'TFy---®, ; 'TF, 1E,

The above equation can be simplified by writing the matrix product into a single

matrix as:

Er a b E;
= (2.19)
Ef c d) \Ef
The boundary condition states that the electric field is not reflected at the bottom-
most interface, thus £ = 0. Applying this boundary conditions to the above equation,
we get

Ey =aFE, Ef =cE,; (2.20)

The total reflection coefficient, which is the ratio of reflected field to incident field,

can now be written as

Ef c
Riotal = —— = — 2.21
total E- a (2.21)

This value of modified reflection coefficient is used in place of the standard formulae in

the original I?’EM to generate the modified radar backscatter.
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CHAPTER 3

VEGETATION SCATTERING

3.1 Introduction

Soil moisture estimation from vegetated lands is a very challenging task as the mod-
elling of vegetation scattering is not very straightforward. Most of the earth’s surface
is covered with some form of vegetation, so there is a need to develop a model that can
efficiently calculate the radar backscatter from vegetation and retrieve the soil moisture.
In this thesis, we present a single layer vegetation scattering model (van Zyl, 2011),
(Ari, 2009) that can simulate the radar backscattering from primary scatterers such as

stalks, stems, etc.

A
Vegetation Layer
Height of a, b, vwe, p
vegetation

Ground Surface h, 1, mv, m

Figure 3.1: Vegetation modeled as collection of randomly oriented dielectric cylinders

There are two types of interfaces - vegetation layer and ground layer that contributes
to the final backscatter wave as shown in Figure The vegetation is characterized by
the layer height b, cylinder radius a, vegetation moisture vm, and density p. Similarly,
the scattering from ground surface is influenced by soil dielectric constant €4, root mean

squared surface height h, surface correlation length /.

To calculate the vegetation backscattering, vegetation is modeled as a collection
of randomly oriented geometrical structures functioning as dielectric scatterers (Fig-
ure . The spatial distribution is dictated by a probability distribution function p(6., ¢.)
and this is done in a way to mimic the true geometrical orientation of the vegetation. For

the modeling of crops, we assume that vegetation is single layer of dielectric cylinders



whose spatial distribution is governed by cosine squared probability density function

about the vertical 2009).

The radar backscattering coefficient, o, over vegetated terrain is a function of the
electrical and geometric properties of the soil and vegetation cover, as well as radar
parameters such as the frequency, polarization, and incidence angle. In this model, there
are four different scattering paths to be considered for the total scattering
[1998)). These consists of vegetation scattering, direct backscattering from the
ground surface and double bounce reflection, each of which is discussed below in detail.
The various scattering paths that contribute to o from a single layer of vegetation are

shown in Figure[3.2] and enumerated as follows:

1. Scattering through vegetation layer (path-1): o,
2. Double bounce scattering (path-2 and path-3): o

3. Ground surface scattering (path-4): o,

The overall backscatter can be represented as an incoherent sum of individual con-

tributions from these different scattering paths as:
o= 0, + 7'209 + op (3.1

where 72 represents the attenuation of the radar wave due to propagation through the

vegetation layer (Ishimaru, [1978).

NN N AN

Vegetation 1
Layer

Cylinder

Figure 3.2: Different scattering mechanisms for a single layer vegetation model
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3.2 Scattering from Vegetation Layer

The incident ray undergoes attenuation through the vegetation layer which is defined by

Eh 18C e_Th (b_z) O Eh wmc Eh wmc
= = [a(b— 2)] 3.2)

where Ej,, F, are the horizontally and vertically polarized electric fields. The su-
perscripts zsc and inc refers to the incident wave and scattered wave respectively. o is

the attenuation matrix given by:

o= (3.3)

The incident wave first undergoes scattering and then it propagates through the veg-
etation layer with attenuation and returns to the radar. The scattered electric field for

both polarization is given by the scattering matrix as follows:

Sveg(ei) ¢ia esa gbs» Qca gbcv Z) = [a(b - Z)]S(ew ¢ia esa gbs» Qca gbc)[a(b - Z)] (34)

The radar cross-section can be derived from the elements of the covariance matrix

which are defined as (Arii, [2009)

SHH
Eveg(9i7¢iaes = ‘9i7¢s = ¢iaec7¢072) = \/§SHV (SHH \/§SHV va)

SVV

*

veg

veg

SuuSur*  V2SuySuv*  SuuSyy*

= | V2SuvSun*  2SuvSuvx  V2SuvSyvk
SvvSum*  V2Svy Sy SyvSyvx
3.5)

veg

We describe the density of vegetation through a function p,(z), which defines the

scatterer density at a height z above the ground. To find the overall contribution from the
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vegetation layer, we integrate the covariance matrix with respect to height as follows:

b
(Lo (Brr 1)) = / (Soeg(0ss 61, 2)) pu(2) d= (3.6)

where (2,.,(6;, ¢i, 2)) is the ensemble average of 3., (6;, ¢;, 6., ¢, z) over all pos-

sible orientations of cylinder 6., ¢..

(Srg (652 61, 2) / / vea (0 652 00s 602 2) (0, 8) sin 0 dOdp  (3.7)

Finally, the expression for the radar cross-section can be calculated as (van Zyl,|2011)

Opeg = 47T< veg( i ¢1)> (38)

where where (X,..,(6;, ¢;)) is the ensemble average of 3,.,(0;, ¢, 0., ¢.) over all pos-

sible orientations of cylinder 6., ¢..

3.3 Backscatter from Underlying Ground Surface

The direct backscatter wave from the ground encounters vegetation in its path and hence
the radar wave is attenuated due to dielectric effects of vegetation. The final scattered
field that goes back to the radar can then be written in terms of the electric field scattered

by ground as follows (Arii, |2009)

sc gr
Eh e—Thm/ cos; 0 Eh
= (3.9
El) O 6_7—’U7n/ cos 0; E’U

where the superscripts sc refer to the final backscattered field and gr refer to the

field scattered by the ground before the attenuation.

In the same way, we can express the ground backscattering coefficients by multi-
plying the bare soil backscatter (calculated using I?’EM) with the attenuation factor as

given below

oY = e 2mm/ osOigLIEM (] ¢ ) (3.10)
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ol = e 2o/ PG EM (b 1 e,) (3.11)

where ¢, is the permittivity of soil and 7 is the attenuation coefficient which depends
upon vegetation characteristics. o5, 5™ and o, 7™ are the backscatter coefficients cal-

culated using Improved Integral Equation Model (Fung et al.,[2002).

3.4 Double Reflection Scattering

The double reflection scattering involves double reflection from the vegetation to the
ground surface and back to the radar and vice-versa. For this, we consider bistatic

scattering at the scatterer and specular scattering at the ground surface.

For the ground, the bistatic scattering matrix describing specular reflection is given
by
Rh(ég, 91) 0

R, (0;, s, b5, bs) = g2/ cos 0, (3.12)
0 Rh(eg, Qz)

where £ is the wave number of the incident wave, / is the rms surface height, ¢, is the

permittivity of soil and R;, and R, are the Fresnel Reflection coefficients.

The total scattering matrix Sgc2 for the path where the incident wave first undergoes
specular scattering at the ground, followed by bistatic scattering at the cylinder is given
by

Sun  Suv -1 0
Sgez = [au(b — 2)] [e(2)] [Ry][x(b)] (3.13)
Sva Svv 0 1

where Sy, Sgv, Svu, Syy are the scattering coefficients for a single cylinder.
Similarly, Sgcs represents the total scattering matrix for the path where the incident
wave first undergoes bistatic scattering at the cylinder, followed by specular scattering

at the ground.

-1 0 Sur  Suv
Sges = [a(D)] [Ry] [ex(2)] [a(b — 2)] (3.14)
0 1 Sva  Svv

We now convert the scattering coefficients from the local coordinates relative to
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cylinder orientation to the global coordinate system by the following matrix multiplica-

tion (van Zyl, [2011)

SHH SHV hsh; —Vs-hf9 SHH SHV hzh; Vlh;

hs . h,s SVH SVV —V; h; hz . h;
(3.15)

Sva Svv \ N h's

where h;, v;, hl, vl, hgs, vs, h), V! are the unit vectors in the global backscattering

alignment system shown in Figure[A.T]

The two signals propagating along the paths add coherently and thus the total scat-

tering matrix Sy is given by

Sab = Sge2 + Segs (3.16)
The covariance matrix for the double reflection scattering is given by

SHH
Eveg<0i>¢i795 = 9i7¢s = ¢i79C7¢c>z) = \/§SHV <SHH \/iSHV SVV)

SVV

*

db

db
SuuSum* \/§SHVSHV* SuuSvv*

= | V2SuvSun*  2SuvSuv*  V2SuySyv*
SvvSumpx  V2SyySuy*x  SyvSyy*
(3.17)

(Sreg (00 01)) = / (Soe (00 61, 2)) pul2) d=

The radar cross section is calculated by taking the ensemble average of the compo-

nents of the covariance matrix.

ow = 4T (Zap(0i, i) (3.18)
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3.5 Simulation Results

Using Eq. 3.1} we calculate the total backscatter from vegetated lands as the sum of
individual contributions from each path. To illustrate the effect of different vegetation
parameters on the backscatter, we use the simulation parameters specified in Table[3.1]
as input to our forward model. The simulation parameters has been chosen to simulate
the backscattering from an agricultural land where the typical values of crop height and

radius is around 50cm and 2mm respectively.

S.No. Parameter Value
1. Cylinder radius (a) 2 mm
2. Cylinder length (Ic) 50 cm
3. Cylinder density (p) 900 cylinders/m?
4. Vegetation layer height () 50 cm
5. Orientation PDF p(6.., ¢.) cos? 0, cos? ¢,
6. Surface rms height (h) 1 cm
7. Surface correlation length (/) 15.2 cm
8. Radar wavelength (\) 24 cm
9. Cylinder Dielectric Constant (vm) 13+5j
10. Soil Moisture Content (muv) 0.3

Table 3.1: Parameters used in simulating the backscatter from a vegetation layer

3.5.1 Effect of Cylinder Radius

Different types of vegetation have different radar signatures which are a function of
its height as well as radius. For example, a plant which has a thick stem of about
20 mm radius (e.g. Guava tree) will have different radar backscatter as compared to a
plant with thinner stalk with 3 mm (e.g. maize). In this section, we will demonstrate the
effect of changing cylinder radius on the vegetation backscatter as well as the extinction
coefficient. The definition and details of calculating the extinction coefficient is given

in Section [A.4] of the Appendix.

From Figure we observe that the extinction coefficient for both horizontal and

vertical polarization increases with cylinder radius. This is due to the fact that there is
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more attenuation due to thicker cylinders in case of vegetated lands. As the cylinder
radius increases, the contribution of vegetation scattering increases as larger cylinders

scatter more (Figure [3.4).
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Figure 3.3: Extinction as a function of cylinder radius
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Figure 3.4: Scattering from vegetation layer as a function of cylinder radius

Figure [3.5] shows the scattering contribution of double bounce, ground backscatter

and vegetation backscatter for HH polarization as a function of cylinder radius. We
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observe that the surface scattering is more for thin cylinders whereas the double bounce
scattering dominates for the thicker cylinder. For thicker cylinders, the contribution of

ground backscatter is less sue to the attenuation of the ground wave from vegetation.

Radar Cross-Section in dB

—O6— HH Ground
—&— HH Double
HH Veg

_50 1 1 1 1 1
0 5 10 15 20 25 30

Cylinder Radius in mm

Figure 3.5: Scattering contributions of the different scattering mechanisms as a function
of cylinder radius

3.5.2 Effect of the Angle of Incidence

The incidence angle of wave emitted by the radar determines the extent to total power
comes back to radar after scattering from the vegetation as well as the underlying ground
surface. A radar wave at low incident angle may not get backscattered significantly as
it grazes the ground surface and doesn’t get scattered back to the radar direction. Fig-
ure [3.6]shows the variation of backscattering coefficient as a function of incidence angle
for HH polarization. From the figure, we can infer that the ground backscatter is dom-
inant for low incidence angles for HH polarization. As the incidence angle increases,

the double bounce and the vegetation backscatter starts to dominate.
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Figure 3.6: Backscatter cross sections as a function of angle of incidence at HH polar-
ization

Figure shows the variation of backscattering coefficient as a function of inci-
dence angle for HV. In this cross-polarized backscatter, the contribution due to vegeta-
tion backscatter on total backscatter is high for low incidence angle. As the incidence
angle increases, double bounce contribution increases due to more amount of scattering

involved in that mechanism.
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Figure 3.7: Backscatter cross sections as a function of angle of incidence at HV polar-
ization
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In case of VV polarization, the effects of incidence angle on backscatter is different
as compared to other polarization. From Figure [3.8] we can see that the contribution of
double bounce is very less to the overall backscatter as its magnitude is much lower as
compared to the ground backscatter and the vegetation backscatter. We also observe that
the ground backscatter dominates for all angle even if the effect of vegetation scattering
increases slowly. This is because the vertical polarization VV doesn’t interact with
the upright cylinders which are the stems and stalks in our model as it is completely

absorbed by them and much of the contribution comes from ground.

0 T T T T T T

—O6— Total
-5+ _ —+&— Ground 7

Double Bounce
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Radar Cross-Section in dB

_50 1 1 1 1 1 1
10 20 30 40 50 60 70 80

Angle of Incidence

Figure 3.8: Backscatter cross sections as a function of angle of incidence at VV polar-
ization

From the above figures, we saw that the scattering from vegetation depends on mul-
tiple parameters and that some form of scattering type dominates for a particular range
of vegetation or radar parameters. For a typical radar incidence angle of 40°, we can
infer that double bounce reflection dominates at HH polarization, and vegetation scat-
tering dominates for HV polarization while the ground backscatter is more dominant in

case of VV polarization.
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CHAPTER 4

SLICED REGRESSION INVERSION ALGORITHM

In this chapter, we will present the details of our inversion technique called the ‘Sliced
Regression Inversion Technique’. The algorithm can be divided into different modules

and the functioning of each module is discussed separately as below:

Generating Slicing Ple_ceW|se Constrained
> . —> Linear —>> e ..
Data Cube into bins R i Optimization
egression
v
Finding the
optimal bin

Figure 4.1: Block Diagram of Sliced Regression Inversion Algorithm

4.1 Data cube Generation

The first step in the SRI algorithm is to generate a data cube of backscatter coefficients
for different combinations of soil and vegetation parameters. We use the Improved Inte-
gral Equation Model (I’EM) to generate the ground backscatter and the dielectric cylin-
der approach (discussed in Chapter 3) as our forward scattering models to calculate the
vegetation backscatter and the double bounce reflection. We then sum up the individual

contributions from these scattering mechanisms to calculate the total backscatter.

The input parameters for a data cube are soil roughness rms surface height h, soil

correlation length [/, soil moisture mv and vegetation moisture vm, cylinder/vegetation



height /,, and the cylinder radius a. The parameters - cylinder height and radius can
be kept constant or can be taken as a parameter to be retrieved depending on the type of
data-set and retrieval requirements. Each parameter is taken as an axis for the data cube
with unit step along each axis taken as the difference between the adjacent values of that
parameter. Thus any d + 1-dimensional data cube consists of will have d independent
parameter each representing one particular axis and one dependent variable which is

the backscatter coefficient.

Each data cube has a unique set of radar parameters i.e. frequency f, incidence
angle 6; and the transmit-receive polarization pq which is unique to each data cube.
By varying one or the other parameter, we can generate an entirely different data cube
for the same set of soil and vegetation parameters. For example, in case of NISAR
mission which has a SAR for L (1.25GHz) and S (3 GH z) bands (Rosen et al., 2017
and for HH, HV, and V'V polarizations, we can have six different data cubes for these

ations: oL oL gL S S S R
combinations: oy, Oy, Oy, O Oy and oy, as show in Flgure

Figure 4.2: Illustration of six data cubes for each frequency and polarization combina-
tion

Mathematically, the backscattering coefficient for a radar operating at frequency f

with polarization pq can be written as

gPf — F(hi,l;ymy,, U, pq, f)Vi € {1,n} “4.1)
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where £ is the forward model, n is the total number of points in the data cube, f is
the frequency and pq is the transmit-receive polarization which canbe HH, HV or V'V.
The next step is the slicing of data cube into bins which is contructed between adjacent
points of the data cube. For example, each bin of a datacube in d 4+ 1 dimensional space

will have 2¢ points. A graphical representation of a 2-dimensional data cube is given in

Fig.{.3]

Figure 4.3: A graphical representation of a 2-dimensional datacube, with radar
backscatter o on the vertical axis and two input physical parameters h, € on
the horizontal axes. The circles represent the points computed by the for-
ward model to populate the datacube. A piecewise linear model has been fit
within each slice.

4.2 Piece-wise Linear Regression

Once the data cube is divided into bins, a linear relation is fit between the input and
the output variables within each bin to generate a set of regression coefficients for each
frequency-polarization combination. Within an arbitrary bin j, the backscatter o, f
can be expressed as the linear combination of the parameters in terms of regression

coefficients [3,, ¢ as follows:
d
o) = gt 4N " ety 4.2)
i=1
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where v; is the i*" parameter belonging to bin j.

If the parameters to be retrieved are h, [, mv, and vm, the matrix equation for
finding the the regression coefficients for each polarization frequency combination can

be written as:

HHL _VV.L _HHS _VVS _HVL _HVS
1

04 01 04 04 01
HHL _VV,L _HHS _VV,S _HV,L _HV,S
b Oy ) 0y b b

HV,L va,s

HH,L VV,L HH,S vV,s
-~ 7
Y
1 hi 1 HH,L VV,L HV,S
1 1 mv1 Um1 0 0 e 0
1 h 1 HH,L VV,L HV,S
2 o My, Umy 1 1 T 1
= 4.3)
HH,L HV,S
1 hy L, my, Unm, i e
/' \§ /
WV VT
X B

where n = 32 is the number of points within each bin since the dimension d = 5 in

this case.

However, Eq. .2] has infinitely many solutions as it is a rectangular matrix and

hence not full rank. So we solve the matrix equation using least squares principle, i.e.

B = argmin|| X8 — Y||? = (X"X)"'XTY (4.4)
B
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4.3 Soil moisture retrieval
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Figure 4.4: Projecting a data point onto a 2D plane

After getting the regression coefficients for each bin, we proceed to estimating the soil

moisture given the radar data. We find the bin which gives the least error from the

knowledge of regression coefficients. We project the given data point onto the hyper-

plane constructed within each bin as shown in Fig. .4 and find the residual error for

that bin 04.ye — Oprojectea- Taking the norm of the residual error from all combinations

of frequency and polarization, we get the overall error for that particular bin. We solve

a bounded least squares equation to find the bin k£ which gives the lowest residual error

as follows:

k = argmin {ZH&W‘ — ()|t T € B}

J e, f

This equation can be written in the matrix form as follows

HH,L BHH,L HH,L
O — Pok 1,k
VV,L BVV,L VV,L
Oy — Po,k Lk
HV,L _ ﬁHV,L HV,L
Oy, 0,k . 1,k
HH,S BHH,S HH,S
O 0,k 1k
VV,S va,s VV,S
Oy, — Po,k L,k
HV,S BHV,S HV,S
O 0,k 1k

HH,L

)

d.k
VV,L
d.k
HV,L
dk
HH,S
dk
VV,S
d,k
HV,S
d,k
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Once we find the optimal bin k, the next step is to retrieve the physical parameters,
7. For that, we substitute the measured backscatter values 57%/ on the left hand side of

Eqn. [4.6|to get the vector i as follows:

y; = ot — gyt (4.7)

However, due to measurement noise and modelling errors, the measured backscatter
values ¥ differ from the predicted backscatter values, i.e. i # (3%. Figure shows
how the measured backscatter point doesn’t lie in the hyperplane constructed within the
bin and thus we find the projection of that point in the plane which explains the data
with the least error. So, we find 7, i.e. the physical parameters by solving the following

bounded least squares equation in the bin k.

# = argmin||j — BZ||* s.t. T € By (4.8)

At the end of this procedure, we have determined the entire set of physical parameters

that best explain the radar backscatter, including soil moisture.

Note: Although the name matches, the sliced inversion regression (SIR) technique
(L1, [1991)) from statistics used for dimension reduction is different from the proposed
sliced regression inversion (SRI) technique to retrieve soil moisture in this thesis. The
SIR technique from statistics uses concepts from multivariate and conditional probabil-
ity for dimensionality reduction. On the other hand, the proposed SRI algorithm relies
only on finding regression coefficients and solving the least squares equation to estimate

unknown coefficients.
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CHAPTER 5

RETRIEVAL RESULTS USING SRI ALGORITHM

In this chapter, we present the result and analysis of soil moisture retrieval using the
Sliced Regression Inversion (SRI) algorithm. We apply our algorithm on real as well
as synthetically generated test datasets and validate the estimated soil moisture with the
ground truth data. In the synthetic case, we generate few random test points within the
range of the data cube. To simulate a realistic scenario where there is measurement and
radar noise involved, we add additive white Gaussian noise of 10 dB SNR added to the
measurements. The noise N in dB scale) can be calculated from the signal to noise

ratio (SNR) using the following relation:

N = 101log,o(1 + 10(58R/10)y (5.1)

Thus, an SNR of 10 dB corresponds to N = 0.5 dB perturbation in the backscatter
values. To test the accuracy of our inversion model, we compare the retrieval results
using the SRI algorithm with a widely employed semi-empirical model called the Soil
Moisture Assessment Radar Technique (SMART) inversion algorithm (Dubois et al.,
1995) for the bare soil case. We also study the effect of adding dual-band information
of backscatter coefficients and the subsequent improvement in the retrieval accuracy.
We also discuss the case where the soil is considered to be heterogeneous in which the
dielectric has a vertical gradient and thus the moisture varies with depth. Using ALOS-2
PALSAR and SENTINEL satellite data, we present the retrieval results in the presence

of vegetation for three different cases - maize, chilli, and jowar.

5.1 Implementation Details

The SRI algorithm was implemented in MATLAB and executed on a 3.60GHz Intel
Octa-Core 17 processor with 16 GB RAM. The alternating direction method of mul-
tipliers (ADMM) (Boyd et al., 2011)) is used to implement the bounded least squares



algorithm as per Eqs. 4.5l4.8] with the stopping criteria being that the relative change in

the solution to either equation is less than 1072,

Parameter Value
Incidence Angle 37°

Sand texture 34 %

Clay texture 25 %
Cylinder radius Variable
Cylinder length Variable
Cylinder density 10 plants/m?

Vegetation layer height 50 cm
Orientation PDF p(,, ¢.) | cos? 0, cos? ¢,

Table 5.1: Fixed parameter values for data cube generation

5.2 Comparison with SMART inversion algorithm

In this section, we show the retrieval accuracy of our algorithm in comparison with the
Soil Moisture Assessment Radar Technique (SMART) (Dubois et al. [1995), which is
a semi-empirical soil moisture retrieval algorithm. SMART has been a very popular
technique due to its simplistic nature and good retrieval accuracy. For the sake of com-
parison, we use the SMART forward model to generate the backscattering coefficients

for populating the data cube for retrieval purposes.

According to the SMART forward model, the backscattering cross-section oy and

oyy are empirically determined as

1.5 (9
Oy = 10—2.75 COs 95 100.0286tan6(kh sin1'4 9))\0.7 (52)
cos
30
ovy = 10235 COS ; 100.0466tan6’<kh gin3 9)1.1/\0.7 (5.3)
coS

The SRI and SMART inversion algorithm was applied on a synthetic data generated

from taking random test data points using the SMART forward model with 0.6 dB noise
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added. The computer codes for implementing SMART forward and inverse model were
obtained from MRS-UMICH website (Ulaby, [2014). The estimated and actual values
of soil moisture for both these algorithms are shown in Figure [5.1] and the results are
tabulated in Table along with the retrieval results for a wavelength of A = 24 cm
and incidence angle §; = 40° are shown in Table From the results tabulated below,
it is evident that the Sliced Regression Inversion algorithm gives more accurate results

than the SMART algorithm for the retrieval of soil moisture (muw) as well as rms height

(h).

Algorithm | h(cm) | mv(cm?®/cm?)

SRI 0.20 0.053
SMART 0.25 0.07
Table 5.2: Table of RMSE values for soil moisture retrieval using SMART and SRI
algorithm
0.35 T T T T I<>
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Figure 5.1: Comparison between SMART and proposed SRI algorithm

5.3 Bare soil with depth-dependent moisture

It is generally seen that soil dries from top-down after a spell of rain and develops a

vertical dielectric gradient. Thus, the soil structure becomes highly heterogeneous and
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soil moisture varies with depth. Due to this inhomogeneity of soil structure, there are
challenges involved in the soil moisture retrieval process. So, we modify the Integral
Equation Model (Fung et al.l [1992), which assumes the soil to be homogeneous, to
incorporate an exponential dielectric profile (Fung ef al.| [1996) and calculate the radar

backscatter by modifying the reflection coefficient from the soil surface (Section[2.4).

Retrieval is done for a heterogeneous soil surface where the soil is assumed to have
a vertical dielectric profile i.e. the soil moisture varies with depth. We use the co-
polarized backscatter components oy and oy as our radar observations for retrieval
purpose. The model assumes piecewise constant values of soil permittivity for depths
of 0 — 0.1 m in steps of 0.01 m. The retrieval accuracy (% error) for rms surface height
h, correlation length [, soil permittivity €, and transition rate factor m for both noiseless
and 0.5 dB noise is summarized in the Table [5.3] The ranges of parameter used for
generating the data cube are mentioned in the table captions. We use synthetically
generated test data for the retrieval process. We also show the corresponding retrieval
for homogeneous soil profile for a comparison. For a general case of random test data
with 0.5 dB added noise, we get an RMSE of 0.08 for homogeneous soil profile and
an RMSE of 0.03 for heterogeneous profile. Figure shows the variation of retrieved

value of soil permittivity with depth for both noiseless and 0.5 dB case.

Soil Profile | Homogeneous | Heterogeneous

Noise level h mv h myv
0dB 0.11 0.04 0.25 0.03
0.5dB 0.28 0.06 0.33 0.03

Table 5.3: Retrieval results (RMSE error) for depth dependent moisture with random
test data using SRI algorithm. Range of data cube parameters: h = [0.5: 1 :
3.5], 1 =15:10:25], mv =[0.05:0.09 : 0.55],, m = [—6:6 : 6]
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Variation of permittivty with depth

T T

True value
Estimated (zero noise)
Estimated (0.5 dB noise)

0.01 -

0.02 -

iop = 8

0.03 r Rate =7

0.04 -

Depth(m)
©
o
(3]

o

=)

=2
T

0.07 -

0.08

0.09

0.1 : :
8 8.5 9 9.5 10 10.5 11 11.5

Permittivity

Figure 5.2: Variation of soil permittivity with depth. Range of data cube parameters:
(€10p = 8) and transition rate factor (m = 7) Range: h = [0.3,0.7,1.5], | =
[4,18,34], € = [3,7,12,19],, m = [0,4, 8, 12]

5.4 NISAR Inversion results (Synthetic)

We test the accuracy of our inversion algorithm on the synthetic data generated for the
NISAR operating bands (L and S) with three transmit-receive polarization combinations
available (HH, HV, and VV). The parameters used to generate data cube are shown in
Table Similar to the above cases, we add a 0.5 dB noise using an SNR of 10 dB.
Table[5.4] presents the results for single versus dual-band retrieval for bare and vegetated
lands in terms of the root mean squared error (RMSE) and the correlation coefficient
(R2). All numbers are averaged over 10 instances of Monte Carlo iterations with zero-

mean Gaussian noise of variance 0.5 dB in each iteration.

From the Table [5.4] we observe that using quad-polarized dual band backscat-
ter data [HH+VV+HV]-L,S gives the best accuracy for both bare-soil and vegetated
lands. Moving from single band to dual-band retrieval, the accuracy increases from

10% RMSE to 5% for bare soil and from 12% RMSE to 6% for vegetated lands.

In case of vegetated lands, it is generally found that adding cross-polarized infor-

mation can lead to an increase in the root mean squared error in soil moisture (Kim!
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et al.,2013). This is because of the fact that the cross-polarised backscatter HV is
more sensitive to the vegetation and hence prone to modelling errors as well as mea-
surement noise. Modelling errors arise due to inability of the forward model I2EM to
capture multiple scattering events, which are significant in determining cross-polarized
component of backscatter. These issues can be overcome by the use of more accurate
forward models, e.g. Advanced Integral Equation Model (Yang et al.,[2017), (Yang and
Chen, 2019). Since the test data used in generating these results were synthetic, mod-
elling errors didn’t arise and hence there was no decrease in accuracy after adding the

cross-polarized component.

From the Table[5.4] we also observe that L-band retrievals using SRI algorithm yield
better accuracy as compared to S-band retrievals. However, if we add more information,
i.e. use dual band co-pol backscatter data for the retrieval process, the retrieval accuracy

is increased.

Vegetated Land Bare Soil

Measurement
RMSE | R2 |RMSE | R2
[HH+HV]-L 0.11 0.44 0.14 | 0.14
[HH+HV]-S 0.12 0.36 0.12 | 0.28
[VV+VH]-L 0.08 0.70 0.10 | 0.47
[VV+VH]-S 0.11 0.45 0.12 | 0.29

[HH+HV]-[L,S] 0.07 0.76 0.07 | 0.71
[VV+VH]-[L,S] 0.10 0.51 0.08 | 0.63
[HH+VV]-[L,S] 0.09 0.66 0.07 | 0.71
[HH+VV+HV]-[L,S] | 0.06 0.79 0.05 |0.81

Table 5.4: Comparison of single and dual band soil moisture retrieval accuracy (RMSE
in cm®/cm?) for SRI algorithm over vegetated and bare soils using synthetic
data for different configurations of polarization/frequency; The fixed param-
eters of the data cube are as per Table [5.1] while the variable parameters
are: surface roughness, h = [0.5 : 0.7 : 4] cm, surface correlation length,
[ = [5,25] cm, soil moisture, mv = [0.05 : 0.05 : 0.55] cm3/cm?, veg-
etation moisture, vm = [0.05 : 0.1 : 0.55] cm®/cm3, vegetation length
lyeg = [50 : 100 : 250] cm, and vegetation radius 7., = [2 : 3 : 8] mm.
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Measurement Vegetated Land Bare Soil
RMSE | R2 | RMSE | R2
HH-L 0.13 0.28 0.16 | 0.05
VV-C 0.14 0.20 0.14 | 0.26
[HH+HV]-L 0.11 0.44 0.14 | 0.07
[VV+VH]-C 0.13 0.34 0.15 | 0.09
HH-L, VV-C 0.12 0.39 0.12 | 0.13
[HH+HV]-L, VV-C 0.09 0.63 0.12 | 0.33
[HH+HV]-L, [VV+VH]-C | 0.13 0.33 0.13 |0.23
[HH+VV+HV]-L,C 0.09 0.64 0.12 | 0.37

Table 5.5: Retrieval results using SRI for vegetated surface (synthetic) using L & C-
band data; The data cube of 3240 points has the same specifications as in

Table@
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Figure 5.3: Scatter plot showing performance of SRI algorithm for soil moisture re-
trieval using dual (L+S) band (synthetic) data over bare soil
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Figure 5.4: Scatter plot showing performance of SRI algorithm for soil moisture re-
trieval using dual (L+S) band (synthetic) data over vegetated soils

5.5 Inversion Results on Experimental Data

In this section, we test the retrieval accuracy of our SRI algorithm on experimental data.
We use the backscatter information collected at L-band from the ALOS PALSAR sensor
(HH and HV), and C-band from the SENTINEL-1A sensor (VV'V and V H) as the radar
information. Details about the SAR datasets, selected test sites, and the collection of

ground truth (GT) over these sites have been mentioned in Appendix
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Measurement Maize | Chilli | Jowar | Bare Soil

HH-L 0.20 | 0.16 | 0.19 0.16
VV-C 0.31 0.20 | 0.33 0.18
[HH,HV]-L 0.20 0.18 | 0.23 0.22
[VV,VH]-C 0.31 0.17 ] 0.35 0.07
HH-L,VV-C 0.21 0.14 | 0.17 0.13

[HH,HV]-L,VV-C 0.20 0.23 |0.24 0.16
[HH,HV]-L,VH-C 0.20 0.16 | 0.24 0.14
HH-L,[VV,VH]-C 0.21 0.18 |0.25 0.06
HV-L,[VV,VH]-C 0.32 0.17 ] 0.35 0.06
[HH,HV]-L,[VV,VH]-C | 0.20 0.18 | 0.26 0.06

Table 5.6: SRI Retrieval results for ALOS-PALSAR (L-band) and SENTINEL-1A (C-
band) dual band for maize, chilli, jowar crops and bare soil; Each row cor-
respond to retrieval using different combinations of polarization-frequency
measurement used. The data cube of 3240 points has the same specifications

as in Table @]

In these simulations, both the vegetation layer height /,.., and vegetation radius 7,
is also taken as a parameter to be retrieved by adding it as another axis to the data
cube. This is because the crop height and radius was not uniform during the fieldwork
campaign (Figure [B.I)). Table [5.6] show the retrieval results (characterized by RMSE
in mv) for bare soil and croplands (maize, chili, and jowar) for different combinations
of frequency and polarization. Table shows the retrieval results on synthetically
generated test data sets for L and C bands for the same combinations of frequency
and polarization. In Figures [5.5] [5.6] and [5.8] we show scatter plots depicting
the actual versus retrieved values of soil moisture for bare soil, maize, chilli and jowar

covered lands respectively.

From Table [5.6] we observe that we get the best accuracy using the dual-band
backscatter combination with both synthetic data (RMSE = 0.09 cm?®/cm?®) and ex-
perimental data (RMSE = 0.06 cm®/cm?) for bare soil. For vegetation-covered lands,
the best retrieval accuracies for synthetic and experimental data are about 4 — 5% differ-
ent which can be due to modelling or data collection error. The best accuracy for maize
crop is achieved by fixing the cylinder radius to be 5 mm and variable cylinder length.

For chilli crop, the best accuracy is achieved at a fixed radius of 2 mm and cylinder
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length of 50 cm. The lower values of soil moisture are retrieved with good accuracy
of 0.06 cm®/cm3whereas for higher moisture values, the accuracy degrades. Retrieval

using jowar crop is best explained with a fixed radius of 2mm and variable length.
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Figure 5.5: Retrieval accuracy of SRI approach for bare soil using the [HH,HV]-L,
[VV,VH]-C component of the backscatter from the experimental data.
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Figure 5.6: Retrieval accuracy of SRI approach for maize crop using the [HH,HV]-L,
[VV,VH]-C component of the backscatter from the experimental data.The
data cube parameters are as per the Table[5.5] except that the cylinder radius
is fixed at Smm. There must be either modelling error or an incorrect fixed
parameter causing the mismatch.
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Figure 5.7: Retrieval accuracy of SRI approach for chilli crop using the [HH,HV]-L,
[VV,VH]-C component of the backscatter from the experimental data.The

data cube parameters are as per the Table[5.5] except that the cylinder radius
and cylinder length are fixed at 2mm and 50 cm respectively.
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Figure 5.8: Retrieval accuracy of SRI approach for jowar crop using the [HH,HV]-L,
[VV,VH]-C component of the backscatter from the experimental data.The

data cube parameters are as per the Table[5.5] except that the cylinder radius
is fixed at 2mm
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5.6 Comparison with LUT-Approach

In this section, we show the comparison of the retrieval accuracy and time of our Sliced
Regression Inversion algorithm with the lookup table approach (Kim et al., 2011}, 2013).
The SRI algorithm gives a better estimate than LUT by projecting it onto the hyperplane
constructed within the grid while the LUT finds the nearest grid point to the test data
point. Thus, the LUT estimate is limited by the degree of fineness of the grid while it
doesn’t have much effect on SRI accuracy because of its ability to linearly approximate
the relation between the backscatter and the input parameters. Table shows the
retrieval accuracy of both SRI and LUT applied on experimental and synthetic datasets
for bare soil and for vegetated lands, i.e., maize, jowar and chilli crops with the ground

truth data being used for calculating the RMSE errors in soil moisture.

Algorithm | Maize | Chilli | Jowar | Bare Soil
SRI 0.2 0.18 | 0.26 0.06
LUT 043 | 0.27 | 047 0.17

Table 5.7: Comparison of SRI and LUT algorithm for the vegetated land (maize,
jowar and chilli) and bare soil using the ALOS-PALSAR (L-band) and
SENTINEL-1A (C-band). The reported accuracy (RMSE) is using all the
measurement available [HH,HV]-L,[VV,VH]-C. The data cube parameters
are as per the Table @
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Figure 5.9: Comparison of retrieval accuracy of SRI with the look-up table (LUT) ap-
proach for synthetic data using the full-band data [HH,VV,HV]-L,C. The
data cube parameters are as per the Table[5.5]

To find out the effect of varying fineness of the data cube on the retrieval accuracy,
we perform both LUT and SRI algorithm on synthetic data using different grids and
plot the resulting accuracies in Figure [5.10] From the figure, we observe that a data
cube of size 1000 is required by the SRI algorithm to achieve an accuracy of < 0.10
cm®/cm3while the LUT approach requires a much finer and bigger data cube(Size:

2000) for the same accuracy.

Next, we analyse the data cube generation time as a function of size of data cube and
compare the time taken for retrieval using the SRI and LUT approaches. Figure [5.11]
shows both these plots with the left axis showing the retrieval time and the right axis
showing the time taken to generate the data cube. We observe that LUT takes lesser
time than SRI to retrieve soil moisture using a given size of data cube and this time

scales linearly with data cube size for both these approaches.

Since the LUT approach requires a bigger and finer data cube than the SRI ap-
proach to get the same accuracy, the data cube generation time is also different for both
approaches. For example, < 0.10 cm®/cm3accuracy is achieved when SRI uses a dat-
acube of size 1000 which is prepared in 20 hours. The same accuracy is achieved by

the LUT approach using a data cube prepared in 50 hours. So, the computation cost in-
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volved with changing any of the input parameters (e.g. incidence angle, cylinder radius,

etc.) is much greater with LUT approach as compared to the SRI approach. Thus, the

SRI algorithm offers significant advantage over LUT approach both in case of retrieval

accuracy and computational time.
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Figure 5.10: Comparison of retrieval accuracy of SRI and LUT approach for various
sizes of data cube using synthetic data.
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Figure 5.11: Comparison of retrieval time taken by SRI and LUT approach as well as
data cube generation time for various sizes of data cube, with linear fits
used to model the appropriate relationships.
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CHAPTER 6

TIME SERIES APPROACH

6.1 Introduction

In this chapter, we discuss the various time series approach to retrieve soil moisture
and how it helps in increasing the accuracy of snapshot retrieval. Various time series
approaches have been introduced in the past that seek to retrieve soil moisture from
radar backscatter data of multiple time snaps. Some of these popular techniques include

(Kim and van Zyl, 2009; |Ouellette et al.,|2017; Al-Khaldi ez al., 2019).

6.2 Partial Derivative based Approach

We discuss the time series estimation of soil moisture using the backscatter coefficients
as presented in (van Zyl, 2011)). Over time, the moisture content in the soil as well as the
vegetation change with the amount of rainfall and other weather conditions. However,
the soil roughness, as well as the vegetation geometrical structure, doesn’t change much
in comparison. This change in moisture influences the radar backscatter which can be
written as

r Avm (6.1)

where Amv and Avm is the change in soil moisture and vegetation moisture respec-
tively. F'is the forward model function used to calculate the backscattering coefficient
ie. o4 = F(h,l,mv,vm,pq, f). In case of NISAR operating bands which has two
frequencies - L and S, and three polarizations H H, HV and V'V, the absolute change

in moisture content Amov and Avm can be calculated from the six radar measurements



by solving the matrix equation Eqn.

AgHHL FHHL [HHL
m v
AgV VL FVYV.L  [VVL
m v
AgHHS FHHS [HHS Amw
m v
= (6.2)
AgVVs F},{V’S FUVV’S Avm
———
AgHV:L FHV.L  [HV,L M
m v
HV,S HV,S HV,S
Ao E F;
b A

where the partial derivatives dFP%/ /Omuv and OFP%/ /dum are denoted by FP%/

and FP%/ for frequency f and transmit-receive polarization pq.

The solution of Eqn.[6.2]is given by x = (AT A)~1 ATb. We apply the SRI algorithm
for the radar measurments at the first time snapshot and we call the retrieved sets of
parameter x;,. We now use these changes in soil moisture and vegetation moisture

Amuv and Avm for calculating the initial estimates x for the SRI algorithm as follows:

h h 0
l l 0
= + (6.3)
mov + Amuv muv Amu
vm + Avm vm Avm
OR
0
0
Xp = Xto + (64)
Amu
Avm

For the next time snap ¢ = %, the soil and vegetation parameters can be retrieved by

solving the following constrained optimization equation:

. 1 1
minimize —||8x —y||3 +v— ||X—X0||§
T C1 Ca

(6.5)

subjectto lb < x < ub for each bin
where + is the regularization parameter which is empirically determined, ¢; = |[b]|,
¢y = ||x|| are the normalizing constant and (b and ub are the bounds of each bin in the
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data cube. The regression coefficients 3 and the radar measurements y are defined by

HH,L ,HHL pHHL ,HHL HH,L R[HHL
1 2 3 4 o 0
VV,L VV,L VV,L VV,L VV,L VV,L
1 2 3 4 o 0
HH,S ,HH,S ,HHS »HH,S HH,S pHHS

8= 1 2 3 4 N 0
VV.s  qvvis  gvvis avvs [0V VV,S QVVS
1 2 3 4 g 0
HV,L HV,L HV,L HV,L HV,L HV,L
1 2 3 4 o 0
HV,S HV,S HV,S HV,S HV,S HV,S
1 2 3 4 g 0

Eqn. [6.5]can be solved by minimizing the following objective function with respect

to variable x as follows:

1 1
p(x) = —[xT(ATA +9D)x — 2(bTA + yx3)x + bTb] + C—fnyTxo (6.6)
C1 1

6.3 Time Series with feedback

In this section, we discuss the time series approach that involves feedback from the pre-
vious time snapshots results. The retrieval algorithm for feedback time series consists

of following steps:

1. Snapshot:
Retrieve the initial values of parameters by solving the following equation

minimize ||8x — yl[3 + 7 [ Xml>
z (6.7)
subjectto 1b <x < ub for each bin

Estimates : xXo = [10, [0, Mg s Vo] " -

2. Time-Series Update:
(a) Update the moisture values keeping the soil geometrical properties constant.

= g + A 6.8)
Uy = Uy + A (©9)
Estimates : x = [ho, lo, mi,, v, |"

(b) Use xg, to find an estimate for the correct bin and refine the search.
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e Update all variables (x = [h, [, mv,vm]T)

minixmize 1Bx —yll5+~ ||Xm”§

(6.10)
subjectto 1b < x < ub for the bins : [bin - A, bin + A]
where
HHL _ BHH,L HH,L BHH,L HH,L ,HH,L
g 0 1 2 3 4
GVViL _ gVViL VV,L VV,L VV,L VV,L L
%S HHS ofIHS oHHS oHHS
HH,S ) , ; ) ,
o - 50 _ @1 /32 53 64 l
VV,S vvip | = VV,S VV,S VV,S VV,S
Cve v e e v Do |\
HV,L _ g , : g g
g Bo 1 2 53 54 vm
HV,S HV,S HV,S HV,S HV,S HV,S | Y=~
o — Fo 1 2 3 4 x
y B
(6.11)

Estimates : xp1 = [hy, (1, mv1avm1]T

e Update only moisture values (muv and vm):

Split x into moisture part x, (unknown) and roughness part xj, (known)
with x, = [mv,vm|T and xy, = [h, []T.

Run SRI algorithm for retrieving mwv and vm based on the refined bin
search.

minimize ||BaXa — yo — c||3
X

(6.12)
subjectto 1b < x, < ub for the bins : [bin - A, bin + A]
where
HH,L HH,L HH,L HHL ,HH,L
o BQ/VL 61VV7Lh * ﬁ%/x/L : BSV\;L BBVV7L
HH HH HH HH HH
UHH,S -5, ) N 51 7Sh + 52 :gl B 53 7S 55 7S mu
VV,L 7% i7a% = 2% 178%
SR T I Ot W I I OO O L)
O.HV,L — B, 75 51 7Sh + BQ ,Sl 3 ,S 5 ,S ~
H HV, Hv, HV, HV, Hv,
otV — By ThA4 By L 3 5
Yy c Ba
(6.13)

Estimates : Xp1 = [ho, lo; My, Uy |-

. Feedback to update h, [

Split x into moisture part X, (known) and roughness part x; (unknown) with
Xa = [mv,vm]’ and xy, = [, []7.

Run SRI algorithm for retrieving mv and vm based on the refined bin search.

minimize ||ByXp — Yo — Coll5 + ||Bsxb — y1 — 1[5
® (6.14)
subjectto 1b < x, < ub for each bin
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where

HH,L HH,L HHL_ HH,L HH(L oHH,L
UOVVL Vv v Mo+ ﬁVVL o VL 62VVL
e s s e [

Ovvs (\)/V,L 3VV7S w 6%/&/:9 trmo 1vvys BQVV,S (h>
o 0 3 My + B U 1 9 l
SHViL HV,L HVL HvV.L, HV,L oHVL | ~~
0o - 6 3 My + B 1 2 Xb
HV,S _ 5HV,S HV,S Hvs HV,S ,HV,S
o 0 3 UMy, + B 1 2
~ VT VT
Yo Co
(6.15)
and
HH,L HH,L HH,L HH,L HH,(L oHH,L
01 — By 3 v B Umy 1 By
VV.L VV.L A% VV.L VV.L  AVV.L
0y - By 3 My, + By U, 1 By
SIS HH,S HH,S HH,S HH,S oHH,S
1VVS a ﬁVVL Svs N B%/VS Y vs ﬁ2vvs (h)
o 7 —=py 3 My B Uy 1 2 !
HV.L HV.L HV.L HV.L HV.L oHV.L |~~~
U%IVS B 5(}11/5 vs * ﬁ%vs " wvs hvs |
oy =Py 5 My, + By Uy 1 2
~ vV ' vV
Y1 c1 Bb

(6.16)

Estimates : x¢ = [hy, [, My, , U, |T Thus we get the final estimate of the param-
eter after applying the feedback time series mechanism

6.4 Multiple Cost Functions Approach

In this section, we use the time series approach proposed in (Kim and van Zyl, 2009) to

retrieve soil moisture. The transition rate factor is assumed to be a constant i.e. m = 0

and hence it is not retrieved in the inversion process. The algorithm can be summarized

in following steps:

1. We split the unknown vector x into the moisture part x, (variable) and the rough-
ness part xy, (fixed), where x, = [mv,vm|T and x}, = [h, []*

2. Considering all possible combinations of xy, = [h, |7
of (h, 1) which minimizes the cost function C'(xy,, Xp,):

where C(z,,xp) = va ||BaXa; — Vi

O(Xa)

Xb

snaps. The vectors 3, Xa,, ¥i, C are given by
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= minimize C'(Xa, Xp)

, we find the optimal value

(6.17)

—c||2 and N is the total number of time



HH,L HH,L HH,L ,HH,L
;= B B

0; 0 1 2
GVViL _ BVV,L VV,L VV,L
i 0 1 2
GHHS 5HH,S BHH,S ﬂHH,S n
_ i — o _ 1 2
Yi = oVVS _ ﬁVV,L €= VV,S  QVV.S (l)
i 0 1 2
SHVL BHV,L BHV,L HV,L
i — Fo 1 2
HV,S HV,S HV,S HV,S
0; - By 1 2
HH,L ,HH,L
3 Bs
VV,L VV,L
3 5
HH,S ,HH,S
_ | B Bs [ Ty
Ba = VV,S Vv,s | s Xay = v
3 5 m;
HV,L ,HV,L
Bs Bs
HV,S HV,S

3 5

3. We now proceed to find the optimal value of moisture mv, v by minimizing the
new cost function C'(x}). We solve the following the optimization equation:

minimize ||BaXa — Yo — c||5
Xa (6.18)
subjectto 1lb < x, < ub for all bins

Since the data cube has only two axis in this case, thus the lower and upper bounds
of a bin are the corresponding soil and vegetation moisture values i.e.

Ib = (m”l) , ub = (mW)
Umy Umg

4. Retrieved estimates of soil moisture muv and vegetation moisture vm are the cor-
responding z,,.
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CHAPTER 7

CONCLUSION

We have presented a novel physics-based soil moisture retrieval technique called the
Sliced Regression Inversion Algorithm which is based on an electromagnetic scattering
model. The algorithm uses multi-polarized multi-frequency SAR backscatter data to
retrieve soil moisture by using a data cube of backscatter coefficients generated by a
physics-based forward model. Our proposed SRI algorithm is based on the fact that
any linear model can be inverted provided sufficient measurements are available. The
algorithm is modular in nature, thus it allows the fusion of backscatter data from multi-
ple frequency bands and polarizations. The algorithm will be crucial for the upcoming

NASA-ISRO joint mission termed NISAR (Rosen et al.,[2017).

We used the Improved Integral Equation Model (I’EM) for simulating the multi-pol
and multi-band backscatter from bare soil. We also extended this model to incorpo-
rate depth-dependent soil moisture by assuming a vertical dielectric profile. The radar
backscatter from heterogeneous soil surface was calculated by modifying the reflection
coefficients in the I’EM model. The effects of vegetation was included by modelling it
as a collection of randomly oriented dielectric cylinders with its orientation dictated by
a probability density function. Finally, the radar backscatter was calculated by taking
the ensemble average of scattering coefficients of all the scatterers. Since the data cube
for the SRI algorithm is generated using physics-based scattering models, our algorithm

has a broader range of applicability than the empirical models.

The SRI algorithm was applied to both real as well as synthetically generated datasets
and the performance of the algorithm was evaluated in terms of root mean squared er-
ror (RMSE). First, we showed that the SRI for bare soil works better than the existing
SMART Inversion Model in terms of retrieval accuracy. We applied the SRI algorithm
for retrieval using the NISAR operating bands information(L and S) and observed that
using the co-polarized dual-band combination of backscattering coefficients gives the
best accuracy. We also showed that SRI gives better accuracy than the lookup table ap-

proach when applied to the backscatter information collected at L-band from the ALOS



PALSAR sensor (HH and HV), and C-band from the SENTINEL-1A sensor (VV and
VH). For the experimental dataset, we obtained a retrieval accuracy of 0.06 cm®/cm?
for bare soils and an RMSE of 0.14-0.18 cm?®/cm?® for vegetated lands i.e. maize, chilli
and jowar. The time series approach discussed didn’t yield better results than the snap-
shot SRI algorithm. Thus further study is needed on how to improve the existing time
series approaches to retrieve soil moisture. It is to be noted that while the algorithm de-
livers soil moisture retrievals over the field-scale, the radar observations are on a larger
length scale. Recent work (Ma et al., 2019) has shown that the discrepancy between

model retrievals and radar data can often be caused due to these scaling issues.
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APPENDIX A

VEGETATION SCATTERING MODEL

In this chapter, we will discuss the details of vegetation scattering model and derive
the scattering coefficients of a single cylinder with arbitrary orientation. We use the

formulation given in this book (van Zyl, 2011) to derive the coefficients.

A.1 Coordinate System and Angles

First, we refer to all angles in two coordinate systems: global coordinates and the coor-

dinates relative to the cylinder.

=

Figure A.1: Global Backscattering Alignment Coordinate System

The angles in the Figure [A.T|are defined as follows:

e O, : Polar Incident Angle of the incident wave

e ¢; : Azimuthal Incident Angle of the incident wave

e O, : Polar Scattered Angle of the scattered wave

e ¢, : Azimuthal Scattered Angle of the scattered wave

e 0. : Polar Angle of the Normal to the Cylinder



e ¢.: Azimuthal Angle of the Normal to the Cylinder

Now consider the zenith direction to be shifted from the z-axis to the vector ¢, i.e
the normal to the cylinder. This will define the angles relative to the cylinder. The polar

angles will be redefined, but the azimuthal angles remain the same.

e 0;.: 'Relative’ Polar Incident Angle of the incident wave

cos ;. = cos 0. cos 0; + sin 0.0, cos (¢. — ¢;) (A.1)

e 0. : Relative’ Scattered Angle of the scattered wave

cos Oy = cos 0. cos 05+ sin 0.0, cos (¢ — ¢s) (A.2)

A.2 Scattering Matrix of an Arbitrary Oriented Dielec-
tric Cylinder
The bistatic scattering matrix contains the scattering coefficients that gives the relation

between the incident field and the scattered field. The corresponding matrix equation is

defined as follows:

Esc — [S]Emce_
r
where
_ (Sun Suv g By g EHH
Sva Svv B, EVY

First, we shall establish the terms of the scattering matrix for a vertically oriented
cylinder where the cylinder orientation aligns with the z-axis (Figure [3.1). In this case,
the angles relative to the global coordinates and the angles relative to the cylinder coin-

cide. The elements of the scattering matrices, as a function of incidence and scattered
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angle, are given by (van Zyl, 2011):

Siri (0, b1, 0, b5) = izii Z sin V mio{ 1rCpMeim@smedl (A3)

Suv (0, 95,05, 05) = ZZE zz sV miiooo{ C P} (A.4)

Svu(0i, ¢i, 05, 0s) = ZZE Z@ b miiio{ 1)"Cyeim@s=90) (A.5)
+o0

1l sin 6, sn‘l/V Z {(_UmCELEeim(%—@)} (A.6)

m=—0o0

SVV(Qia ¢i7 987 ¢s) - -

7sin 6;

where

To = koasin 6; (A7)

1 = koa/ € — cos? 0; (A.8)

11
Gm = mkoa cos 0; (—2 - —2> (A9)
ry Ty
1
vm = koo (iJm(xo)J,;(xl) — —J,;(xO)Jmm)) (A.10)
T ZTo
L / L ay
x1 T
1
N,, = koa (iHQ(xO)J;n(xl) — —HW (:po)Jm(xl)) (A.12)
X1 Zo



x Zo

1 1
M,, = koa (—Jm(:zro)J;l(ml) — —J,’n(a:O)Jm(xl)> (A.13)

1
V= Qkol(cos 6; + cos 0;) (A.14)

VM Py, — @2 o (0) Hi () J2 (1)

T — : (A.15)
1)
2 1) 2
2
Crmi—’ Grnln(1) (A.17)

— 2
Txosin 0; P, N,, — [qug)(wo)Jm(xl)]

To extend this to an arbitrary orientation of the cylinder, we first move the frame
of coordinates relative to the cylinder. In this frame, our incident and scattered angles
are 0;. and 6y, respectively. In this frame, the scattering matrix is still being defined for
a vertical cylinder. Therefore, we can use Eqn. [A.6] to arrive at the relative

scattering matrix, in the local coordinates defined by S(0;c, ¢;, Usc, ds).

Therefore:

Eh/ Eh/
- S(eica d)ia esca ¢s>

where the primed notation represents the local coordinates, and the unprimed nota-

tion represents the global coordinates.

sc sc

Eh hs . h; hs Y Eh/
Ey

» ~ »w ~

/
E, Vg b, vg-v

It follows immediately that the global bistatic scattering matrix of an arbitrary ori-
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entation is given by

h, b h, v h; b bV
S(0i7¢i7057¢s;007¢0) = S(@a@ﬁsa%)
vs-hl vV, v;-hl v;-v!
(A.18)
where
1
h;-h =v; v, =— 7 {cos 0.sinb; — sin b, cos O; cos(d. — ¢;)} (A.19)
S Ue
0 s L
b v! = —v; - b = — S0 oG = 6) (A.20)
sin 6,
1
h,-h) =v, v, = - 7 {cos 6.sin b, — sin b, cos O cos(¢p. — Ps)} (A.21)
sin 0.
0. si B
hy v, — —v, - b, — S0 0esin(éc = ,) (A.22)

sin 0,

A.3 Probability Density Function

For this model, we have assumed a cosine squared probability density function p(6., ¢.)

which is given by

27 T
/ / p(be, ¢¢) sin 0. db. dp. =1 (A.23)
o Jo

A cosine squared distribution about the vertical implies that the cylinders are more
likely to be oriented close to the vertical (Arii, 2009). This is true for most crops, where

the stalks are oriented at small angles about the vertical.

1
p(be, dc) = 1 cos® 0, cos® ¢, (A.24)
where A is the normalizing constant.

This probability density function will used to calculate the ensemble average (x) of
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any variable (6, ¢) given by

(x) = /027r /07r z(0, ¢) p(8, @) sin b db do (A.25)

A.4 Extinction Coefficient

The extinction coefficient characterizes the attenuation suffered by the incident wave
when it passes through the vegetation layer. It is directly related to dielectric constant
for the vegetation layer of randomly oriented cylinders. This attenuation through the
layer is calculated using the optical theorem (Hulst and van de Hulst, |1981) which
states that extinction cross-section of a single particle is related to scattering coefficient

as follows:
21

ko

€ _
O'p—

IM [Spp (Bic, Giy T — Oic, Gi + T, bc, )] (A.26)

where o, is the extinction cross-section of a single particle and p is the polarization
which can be either horizontal or vertical (van Zyl, 2011). The total extinction coeffi-
cient kP is calculated by taking the ensemble average of the extinction cross-section is

performed for all the particles.

2 ™
Ky, = N{o,) = / / o, p(0,$)sin0do de (A.27)
o Jo
where N is the density of scatterers in cylinders/m?.

Now we can define the total vertical optical depth for the two polarizations as (van

7yl,2011)

Thim = Kpb Tom = Kb

In general, however, the average optical path depth at a height z from the ground is

given by

o k(b — 2)
P cosb;
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Using this notion of an effective dielectric slab described by the extinction coeffi-
cient, we can say that the strength of the incident wave after propagating through a layer

of thickness d at an angle 6; with respect to the vertical direction, is given by

tr inc
E efnid/ cos; 0 E
"l = " (A.28)
E, 0 e—mgd/ cos0; E,

A.5 Vegetation Dielectric Constant

The dielectric constant of the cylinder is directly related to the moisture content in the
vegetation. It is computed as the sum of nondispersive, bound and free water com-
ponents weighted appropriately by their volume fractions (van Zyl, 2011; Ulaby and
El-Rayes) [1987).

€y = € + Vfy€s + by (A.29)

where

e ¢, is the vegetation dielectric constant

e ¢, is the non-dispersive residual part of the dielectric constant
e ¢ is the dielectric constant of free water

® vy, 1s the volume fraction of free water

e ¢, is the dielectric constant of bound water

e 1, is the volume fraction of vegetation bound water

e um is the vegetation moisture

The definitions of these parameters is given below.

e, = 1.7+ 3.20m + 6.50m? (A.30)

Vg = vm[0.820m + 0.166) (A31)
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75 1804y,
1+f/18 7 f

e =49+ (A32)

Osa = 0.16S — 0.001352 (A.33)

where

e S is the salinity of the water measured in parts per thousand on a weight basis

e f is the frequency in Gigahertz

The volume fraction of bound water is given by

31.4mu?
- A.34
Y 1 ¥ 59 5mu? (A.34)
The dielectric constant of bound water is
55
e =29+ (A.35)

14+ +/jf/0.18
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APPENDIX B

Details of SAR data and ground truth collection

B.1 Study Area

The Agriculture fields spread over Guntur, Andhra Pradesh, India, were selected as
study sites during the ISRO Airborne L&S-band SAR campaign for in-situ measure-
ments from 22 Feb to 2 March 2018 by Space Applications Centre (ISRO) and other
teams. Tropical climate conditions with extremely hot summer and cold winter pre-
vail in the Guntur District. The climate of the district is moderate and characterized by
tropical rainy climate with an aggressive summer. During the study period, the annual
average minimum and maximum temperatures of the district are 20.6° C and 33.5° C,
respectively. The average annual rainfall of the district during this period is 5 mm. The
predominant crops cultivated in the district are paddy, jowar, and bajra among cereals;
tobacco, cotton, and chilies among non-food and commercial crops; and black gram
and red gram among pulses. Figure [B.T|shows the field campaign over Vijayawada and
Guntur study area in Feb-Mar, 2018 over (a) Maize Crop, (b) Chilli Crop, and (c) Bare
Soil.

Figure B.1: Ground truth data collection field sites: (a) Maize Crop, (b) Chilli Crop, (c)
Bare Soil

B.2 Sentinel-1 SAR Data

The C-band data used here is Sentinel-1 Level-1 Ground Range Detected High reso-
lution (GRDH) with dual (VV+VH) polarization. The data was acquired on 1 March



2018, with the so-called interferometric wide swath mode at a spatial resolution of 5
x 20 m, and a swath width of 250 km. The Sentinel-1 image of the study area was
processed using Sentinel Application Platform (SNAP) V7.0 in order to generate Ra-
diometric Terrain Corrected (RTC) calibrated backscatter (6°) for both VV and VH
polarization. The pre-processing steps of Sentinel-1 data are as follows: (1) application
of orbit file to correct orbit, (2) multi-Look processing, (3) border noise removal, (4)
radiometric calibration, (5) filtering and denoising processing (refined-Lee filtering, 3
pixels by 3 pixel window) to eliminate speckle noise, (6) linear to dB scale conversion,
and (7) geocoding using digital elevation maps for geometric fine correction. Finally,
the mean backscatter coefficient (o) for both VV and VH polarization channels was
computed over field sampling points on the same date of pass for further retrieval and

analysis.

B.3 ALOS-2 PALSAR Data

The L-band data used here was acquired by the Phased Array Synthetic Aperture Radar
(PALSAR) payload of ALOS-2 (Advanced Land Observing Satellite). The dual-polarized
data (HH+HYV) with pixel size of 25x25 m and spatial resolution of 100m was acquired
on 28 Feb 2018, in Level 1.5 CEOS format. This data was processed in ScanSAR mode
using the Sentinel Application Platform (SNAP) V7.0 in order to generate Radiometric
Terrain Corrected (RTC) calibrated backscatter (c°) for both HH and HV polarizations
and projected in WGS 1984 Universal Transverse Mercator (UTM) coordinates with
30-meter pixel size. A 30-meter Digital Elevation Model (DEM) from Shuttle Radar
Topography Mission (SRTM) data was used for terrain correction over selected study
sites. The mean backscatter coefficient for both HH and HV polarization channels was
computed over field sampling points on the same date of pass for further retrieval and

analysis.

B.4 In-situ Data

During the field campaign, more than 221 sample field points were covered with mea-

surements of surface soil moisture, soil temperature, electrical conductivity (EC), soil
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roughness and crop parameters (such as the stage of growth, density, height, leaf per
plant and vigor, etc.). Soil measurements were performed using the Hydra Probe
(POGO) handheld soil probe which measures volumetric soil moisture(%), soil tem-
perature, and electrical conductivity. The major crops were Maize, Jowar, Chilli, Green
gram and Tobacco during field campaign, while the minor crops were Shorgum, Chick-
pea, fodder, and vegetables. Most of the fields were in a very dry state with soil moisture

varying from 3% to 20%. Some of the fields were irrigated and waterlogged.
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