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Abstract

One method for estimating soil moisture is through the use of radar systems, such as Syn-
thetic Aperture Radar (SAR), due to their high spatial resolution. However, this presents a
significant challenge when the soil is situated beneath a vegetative canopy, as the vegetation
exerts a considerable influence on the backscattered signal. In order to distinguish between
vegetation and the ground, this thesis concentrates on the utilisation of interferometric
multi-baseline airborne F-SAR data for the acquisition of vertical information and polari-
metric airborne F-SAR data for the estimation of soil moisture. To this end, the problem
is initially divided into two sub-problems. The initial issue concerns the separation of the
ground and vegetation layers. This entails defining the vertical reflectivity profile of the
ground layer and the polarimetric volume signature of the vegetation, as well as calculating
the corresponding polarimetry matrix for the ground. This is achieved through optimisation,
which enables the imposition of a high degree of variability in additional constraints. The
second sub-problem concerns the estimation of soil moisture, employing physical models.
This study demonstrates that even when ground and volume separation is acceptable, it
is not possible to uniquely calculate soil moisture using physical models. Consequently,
we demonstrate that by integrating the physical models directly into the layer separation,
the solution aligns with the models but is not unique. By constraining the powers of the
components, we are able to estimate soil moisture with sufficient precision. The findings
indicate that it is feasible to estimate soil moisture with the imposed constraints, while also

highlighting the importance of accurately defining the corresponding power constraints.
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1 Introduction 7

1 Introduction

In light of the ongoing phenomenon of climate change, the importance of environ-
mental monitoring is becoming increasingly evident. In this context, specific focus
is being directed towards the domain of agriculture in relation to food security. It
is of significant importance to monitor soil moisture, which plays a pivotal role
in agricultural practices. The accurate measurement and monitoring of soil mois-
ture on extensive agricultural regions is crucial for the optimisation of watering
techniques and the effective administration of water resources. Given its intrinsic
characteristics and the growing number of space-based Synthetic Aperture Radar
(SAR) [1] systems, SAR technology is emerging as a promising tool for monitoring
the Earth’s surface. Given the often labor-intensive nature of conventional ground
soil moisture measurement techniques, there is an opportunity to determine this

using SAR data, particularly given the high resolution.

It has been demonstrated that soil moisture can be determined through the use
of polarimetric data (PolSAR) acquired through SAR. For example, the potential
for utilising PolSAR data in agricultural areas without vegetation has already been
investigated [2]. The calculation of soil moisture under vegetation is a considerably
more challenging undertaking, due to the considerable influence that vegetation
exerts on the signal, and therefore on the accuracy of the results [3]. As PolSAR
data represent backscattered signals of an environment, the accuracy of the results
can be enhanced by separating the signal into ground and vegetation layers. The
separation of ground and volume layers is possible with multi-baseline SAR data
(TomoSAR) [4].

One potential solution for the separation of ground and volume layers is the util-
isation of polarimetric and multi-baseline information data (Pol-TomoSAR) with
the Sum of Kronecker Products (SKP) decomposition [5], which has been evalu-
ated for forest areas. In this approach, the scattering contributions are separated

according to their vertical profile and polarimetric scattering mechanisms. The
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original formulation of the SKP decomposition does not impose constraints and
does not integrate physical models into the calculation, which would facilitate a
more straightforward interpretation. Additionally, the solutions derived from this
method may not always be physically interpretable. One potential solution to this
issue is to define the SKP decomposition as an optimisation problem that can be
readily adapted to incorporate additional constraints. This optimisation problem
can then be solved using the numerical optimisation method backpropagation [6],
which has been successfully employed for constrained tensor decomposition for
SAR data [7].

The issue is addressed from two distinct perspectives. The soil moisture estimation
problem is initially divided into two distinct steps. The preliminary phase involves
the separation of the ground and vegetation layers using a customised SKP decom-
position. Subsequently, the ground layer is utilised in an attempt to calculate soil
moisture through the application of physical models, with the inherent limitations
of such an approach being shown. The second approach seeks to address the short-
comings of the first by integrating physical models into the optimisation process.
This integration enables the simultaneous determination of ground and vegetation

separation and soil moisture estimation.

The data obtained from the CROPEX14 campaign is employed for the purpose
of evaluating the various methods utilized. This is a comprehensive polarimetric
multi-baseline airborne dataset of agricultural regions at X/C/L-Band of Wallerfing
test site in southern Germany, acquired between May and August 2014. For the
purposes of this study, we limit our analysis to a maize field and the L-Band fre-
quency. The maize field was selected to demonstrate performance of the algorithm
in presence of high vegetation and the L-band’s ability to penetrate deeper into the

vegetation, resulting in enhanced signal from the ground.

This thesis aims to address the following scientific questions in detail:

e How sensitive is the estimation of soil moisture using the H/a space (Section
2.1.1) of physical models with the ground polarimetry matrix resulting from

constrained two-step SKP decomposition?

e How can the soil moisture estimation be improved by integrating the physical

models into a single step SKP decomposition?
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e Whatis the effect of the parameters of the physical models on the cost function

with respect to soil moisture?

In order to answer these questions, it is first necessary to present a brief overview
of the fundamental principles underlying the application of SAR techniques. The
following section examines the SKP decomposition and the backpropagation pro-
cedure, which is employed to resolve the presented SKP. Subsequently, the data
under investigation are presented, and the two-step decomposition is tested on
them. This process begins with the separation of ground and vegetation, followed
by the determination of soil moisture from the ground component using the H/«
space of the physical models. Thereafter, the one-step decomposition is examined,
whereby the physical models are integrated into the SKP decomposition. Finally,
the two methods are compared and the results are discussed.
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2 Synthetic Aperture Radar

Synthetic Aperture Radar (SAR) [1] is an active remote sensing radar system that
works like a conventional radar by measuring the backscattered portion of sequen-
tially transmitted electromagnetic waves, except that it uses the movement of the
antenna. Through the movement of the transmitter, it is possible to create a sim-
ulated/virtual antenna that is much longer than the physical one, which allows a
higher azimuth resolution of the 2D images compared to a static radar. The res-
olution in the range direction is identical to that of static radar, depending only
on the bandwidth of the transmitted signal. The enhanced resolution in the az-
imuth direction can be attributed to the synthetic aperture, which is determined
by multiplying the beam width of the antenna by the slant range. By simplifying
the aforementioned terms, it becomes evident that the azimuth resolution is solely
determined by the length of the antenna. The whole SAR imaging geometry can be
seen in Fig. 2.1.

The received signal is then stored in a matrix where each pixel represents the com-

plex value of the signal backscattered to the antenna. The amplitude describes the

Swath Width

Platform Height H .

X

; A
UGround Range

Figure 2.1: SAR imaging geometry [1].
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strength of the backscattered signal and the phase describes time the signal needed
to come back (phase difference). In order to obtain a SAR image, the raw data must
must be preprocessed using digital filters.

One of the distinctive characteristics of SAR images is the phenomenon of speckle,
which arises from the random distribution of scatterers and presents as granular
noise. A resolution cell of the SAR image is interpreted as the coherent sum of the
received signals from all scatterers. Therefore, even small geometric changes in the
scene with the same scatterers can affect the received signal. This is attributable to
the differing phases of the signals back scattered by the various scatterers, which
interact with one another and thus exert an influence on the overall sum. This can
have a large effect, as two almost identical neighbouring pixels can have about the
same scatterers, but look very different in the image, as shown in Fig. 2.2. To reduce
the effect of speckle, the data is averaged over a given window, a technique called
multi-looking, which is calculated using a spatial filter .

Basic SAR only measures the back scattered signal of a specific polarisation. An
extension of SAR is SAR polarimetry, where data from different polarisations are
considered for analysis. This provides additional physical information as differ-

ent scatterers react differently to each polarisation, providing additional ways to

s

Image Pixel 1 Image Pixel 2

Figure 2.2: The effect of speckle on two neighbouring resolution cells with the same

amount of scatterers is displayed, where the coherent sum is shown to
be different [1].
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interpret the data.

2.1 SAR Polarimetry

SAR Polarimetry [8] is a technique for evaluating qualitative and quantitative phys-

ical information by measuring polarimetric properties of scatterers. To do this, two
1 0
orthogonally polarized signals (wave vectors ey = [O] and ey = (1) with e € C?)

are sent and the backscattering is received. These values are stored in a S € C>?
scattering matrix (in the monostatic case also known as Sinclair matrix) that de-

scribes the transformation of the transmitted signal by the scatterer and is given
by:

S S , Sp| - ei@rE=OVY) |G I . pi(PHV=PVY)
S :( HH HV) :el(PVV (l HHl e | HVl e J (2.1)

Sva  Svv |Syy| - ei@vi=ovy) ISyvl

In the monostatic case the scattering matrix becomes symmetric (Syy = Syy) for all
reciprocal media. The common way to describe S is as a scattering vector under
the Pauli basis

1
k = —(Sun + Svv, Sun — Svv, Suv + Sva)” (2.2)

V2

with k € C° for easier interpretation of the scattering processes as shown in Fig.

2.3. The following scattering processes can be distinguished:

® |Syu+Syv| can be interpreted as surface scattering for example caused by bare

soil or rough water.

® |Syn — Syv| can be interpreted as dihedral scattering (double bounce) for ex-

ample caused by buildings and tree trunks.

® |Syy + Syn| can be interpreted as random (volume) scattering for example

caused by the leaves and canopy of vegetation like tree and maize.
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Figure 2.3: Examples of the three scattering mechanisms [9].

Range

Figure 2.4: The Pauli RGB example of the Wallerfing test site from 04.06.2014 at C-
Band illustrates scattering mechanisms with different colours |Syy + Svv|

in blue, |Spy — Syv| in red, and |Spy — Syyl in green.

The Pauli vector can also be used to visualise the scattering process in a Pauli RGB
image like Fig. 2.4 for easier interpretation.

The defined scattering could describe deterministic scatterers, but fails to describe
the distributed scatterers. To gain more information of the scattering mechanism a
second order statistic is needed. This is achieved by defining the coherency matrix
T € C¥9 as the outer product of the Pauli vector k with the Hermitian transpose of
itself and averaged over | neighbouring pixels for multi-looking

1
1 H
T=; Z Ik, (2.3)

The selection of the multi-look window size represents a compromise between spa-
tial resolution and speckle reduction and has the effect that the coherency matrix T
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is full rank [8].

The main purpose of calculating the coherency matrix is to decompose it into
different scattering mechanisms within the resolution cell and to extract physical
information such as soil moisture. The following section examines a number of

established methods for decomposing the coherency matrix.

2.1.1 Eigenvalue decomposition

The eigenvalue decomposition (EVD) [10] is briefly presented next. Using the EVD,

it is possible to decompose the coherency matrix as follows:
T = UAU™! (2.4)

with U € C>? as the matrix with the eigenvectors and A € R¥? as the matrix
with the corresponding eigenvalues on the diagonal. Since the coherency matrix is
Hermitian, the eigenvectors are orthonormal. The eigenvectors e; could be further

described as:

cos(a;,)e
e; = | sin(a;) cos(B;)e'* (2.5)
sin(a;) sin(B;)e'??

for further determination of the scattering mechanism. The alpha angle a; can
be used to associate the eigenvector with a scattering process and the beta angle
with the line-of-sight rotation. Often, the weighted average of all alphas of the
eigenvectors (e = Z;’:l P; - a;) is used to describe the scattering process of the
entire polarimetry matrix.

One of the applications of the EVD is the calculation of the polarimetric scattering

entropy as introduced in [8] through the utilisation of eigenvalues.

3
H=- Z PilogsP; (2.6)
i=1

A

p=—"t 2.7
A+ A+ Az ( )

which is a general measure of the scattering depolarisation.

It is characterised by the following features:

e 0<HKI1
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e H =0 — totally polarised scatterer: A, = A3 =0
e H =1 — totally unpolarised scatterer: A; = A, = A3

With the two parameters a (from the eigenvector) and H (from the eigenvalues), it
is now possible to further classify the scattering mechanisms.
Another derived parameter from the eigenvalues is the scattering anisotropy
Ay — A
P
Ay + Az

(2.8)

which provides information about the variation of depolarisation with changing
polarisation.

It is characterised by the following features:
e 0<A<L1
e A =0 — depolarisation remains the same across all polarimetric sub-spaces

e A =1 — there are polarimetric subspaces with low(er) depolarisation.

With this approach it is already possible to estimate geophysical parameters such
as soil moisture [2]. The estimation is done using a look-up table obtained from
physically based models. The subsequent section examines model-based decompo-
sition, whereby the physical-derived formulas of the scattering mechanisms serve
as the primary focus.

2.1.2 Model-based decomposition

This section examines data decompositions that solely employ physical models for
their description. The objective is to approximate the data using a set of physically
defined contributions, for example, those related to surface and volume scattering.
One of the first model-based decomposition introduced is the three-component de-
composition proposed by A. Freeman and S.L. Durden [11]. This model consists of

Bragg (surface), dihedral (double bounce) and volume scattering

1 b 0 |a|2a0f200
T=f|b [b? 0|+ fa| a 10+Z”01o. (2.9)
0 0 0 0 00 001

It can be demonstrated that the parameter b is dependent upon the dielectric con-
stant of the surface and the incidence angle. Moreover, it can be shown that the
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parameter a is additionally dependent upon the stem dielectric constant [2].
The following section provides a detailed examination of the physical models as-
sociated with the three scattering mechanisms.

X-Bragg model

A basic model for surface scattering is the Bragg model [8]. One parameter on

which it depends on are the horizontal Bragg coefficient

cos O — e, —sin? 6
R, = (2.10)
cos 0 + e, —sin? 0
and the vertical Bragg coefficient
R, = (g5 — 1)(sin? O — &4(1 + sin® 9)) 2.11)

(e5cos O + e, — sin’ )2

with 0 as the incidence angle and ¢, as the dielectric constant of soil. Another

2
parameter is the scattering power f; = m—\éIRh + R[> and with the ratio g = % the

Bragg coherency matrix can be represented as follows:

1 0
TBmgg:fS ,B |ﬁ|2 0]. (212)
0O 0 O

To expand the scope of the Bragg model and incorporate cross-polarised scattering
and depolarisation effects, the X-Bragg model was introduced in [2]. This results

in the coherency matrix

1 B*sinc(206) 0
Tx-Brage = fs | Bsinc(26) 1IB(1 + sinc(46)) 0 , (2.13)
0 0 HBI(1 + sinc(46))

with 6 as the parameter for the depolarization. In the specific instance where 6 = 0,

the coherency matrices are identical, namely Tpu0, = Tx_Brugq-

Dihedral model

The following section examines the physical model of the dihedral scattering mech-
anism, which is caused by the double reflection of soil and vegetation (stem) .A

basic model [8] can be described by the horizontal Fresnel coefficient

_ cos6;— Ve —sin’6;
cos O, + Ve — sin? O,

Rin

(2.14)
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and the vertical Fresnel coefficient

€;cos 0; — \e; — sin® 6;
Riv = — ’
g;cos; + ¢ —sin” 0;

with the index i is used to denote the parameter associated with the soil i = s or

(2.15)

stem i = t. The incidence angle for the stem is given by 6; = 7 — 0. The scattering
Rsthh_Rsztvei(p
RsnRin +RgRpoe™®
matrix for dihedral scattering, which can be expressed as follows:

power f; = %IRSthh + RyRpe”? and the ratio a = yield a coherency

la> a 0
Toinearas = fal @ 1 0]. (2.16)
0 00
Finally, the term
Ls — e(—Zkzaz cos? 9)’ (217)

where kis the wavenumber and o is the standard deviation of the vertical roughness,
is incorporated into the parameter f; to account for the reflection losses associated
with soil roughness. This results in the final form f; = |Ls[* - 3|RgRun + ReoReo€™ .

Volume model

In order to obtain the volume polarimetry matrix, three different oriented dipole
scattering elements are considered [3]. One is the polarimetry matrix for random

oriented dipole scatterers.

200
™ = f,{0 1 0]. (2.18)
0 01
The second polarimetry matrix is for vertical oriented dipole scatterers
15 5 0
T =f,[5 7 0]. (2.19)
0 0 8
The final polarimetry matrix is for horizontal oriented dipole scatterers
15 -5 0
TV = f,|-5 7 o] (2.20)

0 0 8
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Figure 2.5: SAR tomography acquisition geometry [1]

The aforementioned approaches facilitate the analysis of a resolution cell’s signal
without the necessity of vertical information. The subsequent method illustrates the
retrieval of the vertical distribution of scatterers with the aid of multiple acquisitions

of an area that fulfils specific geometric criteria.

2.2 SAR Tomography

SAR tomography [12] represents a technique for the retrieval of vertical information
from multiple SAR data sets, utilising the displaced position of the antennas. This
method also creates a synthetic aperture, but now in the normal to slant direction,
from a set of SAR images acquired at slightly different incidence angles from dis-
placed tracks, as shown in Fig. 2.5. It is standard practice for all SAR images to be
of the same polarisation.

A common way to calculate the SAR tomography intensity profile is to use the
Fourier algorithm. First we compute the covariance matrix R € C™" with n acqui-
sitions. This is done similarly to a coherency matrix in Section 2.1, but instead of
Pauli vectors, we use the data vectors y = (y1, y2, ..., Y)" with y; as the SAR signal
of the i-th acquisition
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Figure 2.6: Two SAR tomograms of a vegetated maize field at C-Band in HH (top)
and VV (bottom) polarisations.

The next step is to calculate the Fourier reference function, which requires the defini-
tion of the phase variation of a scattering contribution a(z) = (¢7*%?,¢7*=%, ..., e~ "=?)T,
where «, is the vertical wavenumber and z is the given height. The resulting Fourier

reference function is then expressed as
w(z) = %a(z). (2.21)
At last the vertical reflectivity function f(z) is computed as
f(z) = w(z)" - R-w(z). (2.22)

With this method it is possible to calculate a tomogram like in Fig. 2.6.

The SAR tomogram of the maize field, comprising vegetation with a height of 3 m,
was acquired over 9 tracks and exhibits a vertical resolution of approximately 1 m.
It illustrates the vertical structures, with the ground at zero height and the volume
scatterer above. Itis evident that the generation of tomograms may vary depending
on the selected polarisation. In the HH image, the ground is discernible, while in
the VV image, the volume is more prominent, although the surface scattering above
the vegetation is also a possibility. It should be noted that, in all tomograms, the
reconstructed profiles are normalised to the maximum power at each inversion
point.

We have now provided a detailed account of the standard SAR methods that are
required to describe the results of the SKP decomposition. This decomposition
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process separates the multi-baseline multi-polarimetric data into two distinct com-
ponents, each of which is comprised of a polarimetric matrix and a structure matrix.
The second method is employed for the purpose of calculating the aforementioned
SKP decomposition.
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3 Methods

This chapter presents two methods. The first method is the SKP decomposition,
which allows the ground and vegetation layers to be separated using multi-baseline
multi-polarimetric data. For each component, a polarimetry matrix is calculated to
describe the scattering mechanisms, and a structure matrix is calculated to describe
the corresponding vertical profile. The standard SKP calculation does not allow for
a simple integration of constraints; therefore, we consider the decomposition to be
an optimisation problem, which we solve using a numerical method that we also

present.

3.1 Sum of Kronecker Products decomposition

One introduced method to analyse multi-baseline multi-polarimetric data (MPMB)
is the ”Sum of Kronecker Products” (SKP) [5]. Here we describe the data matrix
MPMB € C", for n tracks, as the sum of Kronecker products. The summands
are interpreted as the different scattering mechanisms (SM) contributing to the data
covariance matrix. One part of the Kronecker product describes the SM using
the polarimetry matrix T; € C*3 and the other part describes its vertical structure
R; € C™" of it

k
MPMB = } R;®T, (3.1)
i=1

where k is interpreted as the amount of different SM.

In order to be able to do this, three assumptions are made:

1. There is no statistically significant correlation between different SM.

2. On every polarimetric channel the interferometric coherences of a specific SM

are the same.

3. The polarimetric signature of the SM is the same for all tracks up to a scale
factor.
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In a few words the decomposition is computed by the Singular Value Decomposi-
tion (SVD) [10] of the rearranged data matrix MPMB. Subsequently, the matrices
R; and T; are reconstructed from the rows and columns of the resulting unitary
matrices U and V, which are produced by the singular value decomposition (SVD)
of the rearranged data matrix MPMB.

It is important to highlight that the resulting matrices R; and T;, particularly for
i > 1, are not always positive semi-definite. This characteristic is of considerable
importance, as it is present in the physical models. Consequently, the subsequent
stage entails the recombination of the resulting matrices in order to attain the afore-
mentioned property. It is also important to consider that the resulting polarimetry
matrices describe a sum of different scattering mechanisms. Therefore, the recom-
bination must also be taken into account, particularly if the separation of scattering
mechanisms is of great importance.

Finally, it should be noted that it is not always possible to find a recombination of
the matrices which gives positive semi-definite matrices.

A method for decomposing multi-baseline multi-polarimetric data into its con-
stituent components has now been outlined. The following section presents a
method for calculating the SKP decomposition, which allows for the attainment of

certain additional constraints.

3.2 Optimisation with Backpropagation

Optimisation is a powerful technique that can be used to determine the optimal
solution from a set of feasible alternatives. It can be applied to a wide range
of problems, including the fitting of data to physical models. The objective of
optimisation is to identify the optimal value of the cost function. One common way
to compute the optimum of a non-linear function is through iterative gradient-based
[13] algorithms, where each iteration should brings us closer to the solution. The
direction in which we move is determined by the gradient, which gives the direction
of the largest derivative. Therefore, it is necessary to ascertain the gradient of the
cost function in advance. It is, of course, possible to compute the gradient directly;
however, another approach has gained greater prominence in recent times, due to
the growing field of machine learning. This method is known as backpropagation
[6]. One significant benefit of this approach is that it facilitates the calculation of
the gradient, relying on the operations conducted on the optimisation variables.

This is achieved by the construction of a computational graph, which illustrates
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the manner in which the parameters are connected to one another through specific
operations.

In the first step, called forward pass, all intermediate results to the cost function are
calculated from the current values. The next step is called backpropagation, which
calculates all the intermediate gradients with the chain rules backwards from the
solution of the forward pass. Subsequently, the intermediate optimisation variables
are updated in accordance with the gradient [14]. This process is repeated until
the solution, which is the cost function, does not change much from the previous
iterations (convergence) or a fixed number of iterations.

As previously stated, the method offers a convenient approach to gradient calcula-
tion. Furthermore, it is sufficiently adaptable to accommodate modifications, such
as the introduction of constraints on variables. However, it should be noted that
in general with non-linear problems the optimizer is not guaranteed to find the
global minimum. Another disadvantage is that the solution depends strongly on
the initial parameters of the algorithm, namely the initial/start values, the step size
as well as the termination criterion.

We have thus defined the most important methods that we now apply to the data
and present the results.
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4 Results

We now proceed to the principal section of the thesis. The following section presents
the data that has been analysed to produce the results presented in this thesis.
Subsequently, the initial method is presented, namely the two-step decomposition.
In the initial phase, the ground and vegetation layers are separated. We commence
with an introduction to the method, outlining its constraints, and proceed to analyse
the resulting polarimetry matrix for the ground. In the second step, we attempt to
ascertain soil moisture values from the resulting polarimetry matrix utilising the
H/a space of the X-Bragg and dihedral models.

Subsequently, we examine one-step decomposition, initially delineating the method
and subsequently determining soil moisture values with it. We then investigate the
dependence of soil moisture estimation on model parameters. Finally, we conduct

a comparative analysis of the two methods. We now proceed with the data.

4.1 Data

The following sections presents the CROPEX14 campaign, which was acquired
with the F-SAR system [15], as illustrated in Fig. 4.1. This encompasses fully
polarimetric multi-baseline airborne data of agricultural regions at X/C/L-Band
of Wallerfing, carried out from May to August 2014. The campaign’s objective
was to study the different phenological stages of a number of crops, including
maize. Additionally, soil moisture and height measurements were carried out
simultaneously on different days, as detailed in Tab. 4.1.

The subsequent investigations are constrained to the maize field at L-Band (to
enhance signal penetration and, consequently, the differentiation of ground and
volume) as well as solely the latter flights due to the presence of elevated vegetation.
A total of 153 independent looks were obtained by selecting a multi-look window
comprising nine looks in range and 17 looks in azimuth direction. This resulted in
a resolution of 10m by 10m.

It is also important to consider the uncertainty of the measured soil moisture, as
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Figure 4.1: Campaign land use.

illustrated in Fig. 4.2. This figure shows the difference of the measured values in
relation to the mean value (6 measurements per position) and the maximum and
minimum measured values (per position) for flights 9, 11 and 13.

The Root Mean Square Deviation (RMSD) is a statistical measure that quantifies
the deviation between the observed and estimated values. In this context, it is
used to assess the deviation between the average measured soil moisture x and the

max/min measured soil moisture values y. The RMSD can be calculated as

RMsD = XYk (4.1)
Vi
Flight Date Height of maize in m | Average soil moisture in vol%

2 15.05.2014 0.1 225
3 |22.05.2014 0.1 15.5
6 | 04.06.2014 0.28 16.5
7 12.06.2014 0.63 10.5
9 18.06.2014 0.9-1.05 10.2
11 | 03.07.2014 12-19 19

13 | 24.07.2014 2.8-3.37 17

Table 4.1: Ground measurements of the big maize field.
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Figure 4.2: Deviation of the measured soil moisture values for flight 9 (red), 11
(green) and 13 (blue)

where [ represents the number of measurements and ||.||, the Euclidean norm. The
RMSD = 4.65 vol% indicates the relative big deviation of the measured values.

The subsequent statistical measure is the bias, which also represents the distinction
between the observed and estimated values. This provides an indication of whether
there is a general bias in the estimated values, which can be calculated in this

particular context as

1
Bias = Z y; - X;. (4.2)
j=1

The low bias evident in Fig. 4.2 indicates that, on average, the maximum and
minimum measured values are situated at an equal distance from the mean value
derived from six measurements taken at each position across the entire field.

We conclude by examining the Pauli RGB images of the expansive maize field,
which will be utilized in subsequent analyses. Fig. 4.3 depicts the images from
flights 7 to 13, which provide the initial opportunity to classify the scatterers present.
In flight 7, the field displays a greater degree of blue and purple hues, indicating
a heightened presence of surface scatterers, which is consistent with the expecta-
tion for low vegetation. From flight 9 onwards, the field displays a greener hue,
indicating an increase in volume scatterers. In flights 11 and 13, the field exhibits a
distinctly reddish tone, suggestive of a rise in dihedral scatterers. The presence of
green areas in these flights implies the continued presence of volume scatterers.
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Figure 4.3: Pauli RGB images at L-Band of flight 7 (top left), flight 9 (top right),
flight 11 (bottom left) and flight 13 (bottom right) of the big maize field
marked in red from Fig. 4.1.

The following chapter presents the methodologies for the separation of the ground
and volume layers from the data set, as well as potential approaches for the deter-

mination of soil moisture.

4.2 Two-step decomposition

The following section examines the two-step decomposition. The initial step is to
formulate the problem of ground and vegetation separation as an SKP problem.
The model is introduced, and the constraints are defined in a manner that allows
a separation of ground and vegetation. Subsequently, the vertical profiles of the
results are examined to ascertain whether they are ambiguous. Subsequently, the
reconstruction error is examined to ascertain the degree of approximation achieved.
Next, the ground-to-volume ratio of the results is examined, along with the impli-
cations of not setting the ground to zero height but allowing it to vary. Finally,
the question of whether the resulting polarimetry matrix for the ground is truly a
surface or dihedral scatterer is addressed.

In the second step, we investigate the potential for determining soil moisture values
using H/a space derived from the physical models. To this end, we examine the H/«
space of the X-Bragg and dihedral models with a view to identifying soil moisture
from the resulting Ty,o,ns from the first step.
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4.2.1 Ground and volume-layer separation

This section examines the initial step, which is the separation of the ground and
volume layers. In this step, the multibaseline data feature is employed extensively,
enabling the signal to be divided into two parts on the basis of the vertical informa-
tion. The objective is to identify a separation of the signal that yields the desired
layers, ensuring that the following equation is valid:

MPMB ~ Rgrozmd ® Tground + Rvolume ® Tvolume/ (43)

with Resouna and Roopume as the structure matrices and Tgroung and Toorume as polarimetry
matrices for the corresponding layer.

In order to achieve this, we are required to make the same three assumptions as
outlined in Section 3.1.

The next step is to calculate the decomposition. This can be achieved by con-
verting the problem into an optimisation problem. One straightforward approach
is to define the cost function as the difference between the data matrix and the

decomposition
II{u"l"n ”MPMB - (Rground ® Tground + Rvolume ® Tvolume)”- (44)

The selected metric for measuring the discrepancy between the data and decom-
position can be selected freely. However, going forward, the metric of choice is the
classic matrix norm, the Frobenius norm, which is also employed by the original
SKP method for optimal decomposition.

The aforementioned process can be optimised through the implementation of the
algorithm delineated in Section 3.2. The optimisation method based on back-
propagation optimises the same cost function as the original SKP decomposition.
However, the results of this method fall within the solution space of the SKP de-
composition, but there is a negative aspect associated with gradient-based iterative
methods. Namely, the solution of backpropagation may be inferior (i.e. does not
converge or remains at a local minimum) to that of SKP, depending on the initial
parameters (e.g. the step size or the number of iterations).

As previously stated, the key benefit of the optimisation approach with backpropa-
gation is its adaptability, including the integration of physical models, which is the

subject of the following section.



4 Results 29

Model

Constraints In order to separate the ground and volume components from the
signal, it is necessary to make a few assumptions regarding the structure and
polarimetry matrices. One such assumption is that the ground layer is at zero
height, assuming that the data has been properly calibrated. This can be achieved,
for example, by setting the structure matrix to height zero using a Dirac signal.
The Dirac signal at height z can be generated by utilising the steering vector h(z) =

(1,e7/%=%, e7/%s% . e~i*%)T € C" and forming the outer product with itself

1 ...1
Rgound = h(O)R(0)" = [ - 1] (4.5)
1 ...1

The subsequent constraint pertains to the volume component, wherein the po-
larimetry matrix may be defined in accordance with the specifications outlined in
section 2.1.2, encompassing the random, vertical, and horizontal oriented dipole
scatterers.

Accordingly, the number of potential solutions has been reduced to those that
exclusively seek the polarimetry matrix for the ground and the structure matrix for
the selected volume polarimetry.

The next constraint ensures that the structure (Ryopme) and polarimetry (T g ound, Tootume)
matrices are positive semi-definite (PSD). To do this we use the property of the
product of a matrix with the conjugate transpose of itself - we know that for com-
plex matrices the result is a hermitian matrix with real positive eigenvalues and is
therefore PSD [16]. So we define

_ H
Rootume = XUOlllmexvolume’

(4.6)

with Xoomme € C™" as the variable with which we construct the structure matrix for
the volume, and we do the same with the polarimetry matrices (T gound, Tootume)-
The tomograms can now be evaluated to ascertain the extent of the resulting sepa-

ration.

Resulting structure matrices The tomograms resulting from the decomposition
process, obtained with different volume polarimetry matrices from Section 2.1.2,
are now be examined on the example of the maize field shown in Fig.4.4 top-left
corner, with particular attention to the area along the blue line. It should be noted
that subsequent sections of this chapter are referring to this line.
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Figure 4.4: Pauli RGB image in L-Band of the examined maize field on flight 13 (top
left ). The corresponding blue line of the left-up image is presented in
the form of a SAR tomogram (top right). SAR Tomogram of the resulting
ground structure matrices (bottom left). SAR Tomogram of the resulting

volume structure matrices with T'*" (Bottom right).

From the image, it can be observed that the red colour is the most prominent, which
suggests that the dominant scattering mechanism is the Dihedral scattering. This
is also evident in the top right-hand corner, where a tomogram can be observed in
the |Syr + Syv| Pauli basis, where there is minimal volume scattering. The results
of the separation can be observed in the final two images, where the structure
matrix of the ground is depicted in the lower left corner, fixed at a height of 0 as
previously defined, and the structure matrix of the volume layer with a random
volume polarimetry matrix is shown in the lower right corner. In this latter case,
the ground is not visible in the signal, but only above height zero.

Given the expectation of disparate decomposition solutions for varying volume
polarimetry matrices, it is prudent to direct our attention to these. Upon exam-
ination of the resulting tomograms Fig.4.5 of the volume structure matrices with
oriented dipoles, no significant differences are evident. The random and vertical
oriented dipoles for volume polarimetry matrices yield the most similar results of
the three to each other. It can be concluded that, irrespective of the selected volume
polarimetry matrix, the associated structure matrices remain consistent and thus
provide an equally description of the vegetation.

It is important to consider whether the results are truly independent of the initial

parameters, given that, as previously discussed, it is not always possible to ascertain
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Figure 4.5: SAR Tomograms of the resulting volume structure matrices with hori-

zontal (left) or vertical (right) oriented dipole scattering polarimetry.

whether the optimal outcome is achieved when solving non-linear problems. This
is addressed and discussed next.

Ambiguity In this context, an ambiguous solution is defined as a result obtained
when different solutions are produced for different initial parameters. This may oc-
cur due to insufficient iteration steps or the convergence towards a local minimum.
Conversely, a unique solution is defined as the result that remains consistent re-
gardless of the initial parameters. It can be observed that in the majority of analysed
resolution cells, the solutions yielded unique results. In these cases, the anisotropy
of the resulting T,y matrices were always equal 1, which would indicate that the
Tgrouna has rank 2. However, in the event that anisotropy was not equal to 1 and
thus Tg,euna Tank 3, the solution was ambiguous and anisotropy < 0.5 was applica-
ble. This would suggest the presence of a significant third scattering mechanism.
It is also noteworthy that the ambiguous parts were not identical for all volume
polarimetry matrices and therefore dependent on the chosen Tygusme-

Next, we assess the degree of approximation between the decomposed data and
the original data set.

Reconstruction error In order to assess the quality of the decomposition, we
employ a metric based on the difference between the data and the decomposition
obtained using the Frobenius norm, which also employs the defined cost function.
However, in order to more accurately estimate the error and ensure its indepen-

dence from the size of the data matrices, we employ the relative error

”MPMB - (Rground ® Tground + Rootume ® Tvolume)”Z
IMPMB]|, '

Error = 4.7)

A comparison of the relative error of the decomposition with different volume

polarimetry matrices reveals that the SKP error is the lowest, with the predefined
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Figure 4.6: The reconstruction error for flight 13 with different volume polarimetry

matrices is compared to the original SKP decomposition.

constraints resulting in a significantly larger discrepancy, as illustrated in Fig. 4.6.
It is evident that the decomposition with a randomly oriented volume polarimetry
matrix yields the most optimal results on constrained solutions, with results similar
to those obtained with a horizontally oriented matrix. However, the vertically
oriented volume matrices exhibit the greatest error.

An examination of the results of previous flights (Fig. 4.7) reveals a reduction in
the SKP reconstruction error, which may be attributed to a decrease in the number
or power of other scatterers. It is notable that the solutions employing ver/hor
polarimetry matrices continue to exhibit a considerable degree of error. However,
a noteworthy observation is that in previous flights, the error associated with the
random oriented polarimetry matrix exhibited a decline, similar behaviour that is
also observed with the SKP.

It is evident that the constraints exert a considerable influence on the error, which
serves to illustrate that the standard SKP solution space differs greatly. The error
can now be described in different ways. On the one hand, it indicates how well
the data is approximated. On the other hand, the constrained decomposition can
be regarded as a filter that removes any elements that cannot be described by
the constraints (other SM not covered by the models). Therefore, while a large

reconstruction error is not necessarily problematic, it is important to consider that
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Figure 4.7: The reconstruction error for flight 9 (left) and flight 11 (right) with differ-

ent volume polarimetry matrices is compared to the SKP decomposition.

the larger it is, the more influence it has on the parameters that are desired. It
is crucial to recognise that the objective is to influence the model parameters in a
manner that minimises the reconstruction error. This approach may result in the
models attempting to describe undefined SM to the greatest extent possible, which
could introduce errors. Consequently, the actual parameters may be influenced by
this, which is why we have defined a component for the volume part and included
it in the model, rather than omitting it.

An additional noteworthy parameter to examine is the ground-to-volume ratio of
the resultant signals subsequent to decomposition.

Ground to volume ratio The ground-to-volume ratio % provides insight into
the strength ratio of the resulting ground and volume layers of the decomposition.
To calculate this, it is first necessary to determine the strengths of the signals. This

is achieved by employing the traces of the polarimetry and structure matrices

fgmund = trace(Rgmund) : trace(Tgmund) (48)
fvolume = trace(Rvolume) ' trace(TvolumE)- (49)

A review of the ratio in Fig. 4.8 reveals unexpected results for flight 9. The ground
proportion is observed to be considerably lower than that of the volume, contrary
to the expected outcome. The volume proportion is seen to be relatively high in
most of the solutions, although the height of the vegetation at flight 9 is one metre,
which is significantly lower than at flight 13 (3 m). One potential explanation for
this discrepancy is that the low vertical resolution results in the phase centres of
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Figure 4.8: The ground/volume ratio of the resulting ground and volume layer
for flight 9 (top left) and flight 13 (top right) and the corresponding

tomograms under first entry of the Pauli basis.

the ground and volume being at the same height (as observed in the corresponding
tomogram). Consequently, the phase centre of the ground is shifted upwards,
resulting in an almost absence of signal at zero height. The selection of the volume
polarimetry matrices also has an impact on the ratio. It can be observed that
the proportion of the ground is lower with randomly oriented volume than for
vertically/horizontally oriented ones. This could also indicate that the randomly
oriented polarimetry matrix is able to better approximate the volume or, at the very
least, has a higher proportion in the signal than vertically/horizontally oriented
scatterers.

However, an examination of flight 13 reveals that the soil fraction remains low,
which is to be expected given the higher vegetation. Furthermore, the ground
fraction is observed to be lower when a random oriented polarimetry matrix is

employed than when a vertical/horizontal oriented matrix is used. Nevertheless,
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Figure 4.9: The resulting tomograms of the structure matrices for ground and vol-
ume for flight 9 (first row) and 13 (second row) with fixed ground (the
initial two columns) and variable ground height (the final two columns)
are presented herewith.

the results are also quite similar for vertical/horizontal oriented volumes, indicating
that there is not a significant difference in the use of either for the ground to volume
ratio.

Finally, we shall examine the constraint in which the structure is fixed to the ground
and investigate the consequences of continuing to use a Dirac signal, but with a

variable height.

Variable Dirac height for ground The constraint for R,e,us is now relaxed for
this investigation by allowing not only a signal at zero height. This is achieved
by defining the ground structure matrix in a manner similar to that previously

described, with the assistance of the steering vector h(z), but with variable height
Rgmund(z) = h(Z)h(Z)H (410)

This examination is of particular interest as the data used are not fully calibrated,
which may result in a shift in the vertical profile and the assumption of ground at
height zero being invalid. Furthermore, it could be of interest to note that the phase
centres could potentially overlap with ground and vegetation due to the relatively
small vertical resolution (i.g. 1 m for flight 13).

Upon examination of the resulting tomograms in Fig. 4.9, it becomes evident that
there are no significant discrepancies between the fixed and variable ground con-

ditions in flight 13. It can be observed that the height of the Dirac signal undergoes



4 Results 36

90 T -
801 .2 ] Z1: Low Entropy Surface Scatter
70t 73 76 \ Z2: Low Entropy Dipole Scatter
6ot 29 Z3: Low Entropy Multiple Scatter
_ 50} 78/ Z4: Medium Entropy Surface Scatter
°§ 4ok Z2 Z5 Z5: Medium Entropy Dipole Scatter
74 7Z6: Medium Entropy Multiple Scatter
=4y 71 77 ] Z7: High Entropy Surface Scatter
201 Curve 1 1 Z8: High Entropy Dipole Scatter
10 / 1 Z9: High Entropy Multiple Scatter
% 0.2 04 06 08 1 )

H

Figure 4.10: H/a plane with corresponding SM [17].

slight alterations when the ground is variable. This leads to the conclusion that the
cost function is at its minimal value when the height is zero. However, this is not
the case in flight 9, where the tomograms for the ground and volume are markedly
disparate. In particular, at variable height, the phase centre is observed to exceed
zero for the minimum cost function. This naturally gives rise to the question of the
extent to which the ground and volume layers can be separated vertically in flight
9.

The vertical structure has now been examined with the aid of tomograms in order to
investigate the decomposition result. An alternative approach would be to examine
the resulting T g,0,,s component with the help of EVD from Section 2.1.1, with a view

to determining which scatterer it represents.

H/a space of T4

In the following section, we undertake a more detailed examination of T g4, With
the objective of identifying the scatterer in question. This can be achieved through
the utilisation of entropy and a angle.

Figure 4.10 illustrates the ranges for entropy and alpha values and the correspond-
ing SM. These can be used to ascertain which SM is involved in T una-

A review of the H/a from T4, as illustrated in the preceding examples for flight
13 (Fig. 4.11), reveals that the majority of them fall within the range of dihedral
scatterers. However, it is noteworthy that they are situated in close proximity to the
threshold of volume scatterers. Furthermore, the solutions of the selected volume

polarimetry matrices exhibit a minimal distinction in alpha angle ranges, with the
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Figure 4.11: H/a of the resulting Touq for flight 13 with different volume polarime-

try matrices.

entropy demonstrating a more pronounced variation.

An examination of the earlier flights in Fig.4.12 reveals that in flight 11, the values
exhibit a greater shift towards the volume range, although they remain predomi-
nantly within the dihedral. However, in flight 9, a notable transition is observed,
with a significant portion of the data now falling within the volume range and
exhibiting characteristics of surface scatterers. This is an anticipated outcome,
given the reduced vegetation coverage. The variation of the solutions for alpha
depending on the chosen volume polarimetry matrices remains within a similar
range. Of note is the reduction in range for entropy at flight 9, indicating mini-
mal difference between the chosen volume polarimetry matrices. (This aligns with
the hypothesis that vegetation density is inversely proportional to the number of
volume scatterers.)

In the case of variable height, it can be observed that the entropy and alpha angle
properties exhibit similarities and do not display significant discrepancies. How-
ever, it is notable that the entropy value may exhibit fluctuations in instances where
small vegetation is present.

Having completed an examination of the initial phase of the decomposition of the
ground and volume layers, and having ascertained that the resulting data is of an

acceptable standard for T, We now proceed to the next stage of the process,
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Figure 4.12: H/a of the resulting T i for flight 9 (left) and flight 11 (right) with

different volume polarimetry matrices.

which involves the utilisation of physical models in order to extract pertinent

physical information from T g4-

4.2.2 Fitting of polarimetric models for ground scatterer

In the second step, the objective is to ascertain the geophysical parameters from
the resulting T,u,a by employing physical models from section 2.1.2. Given that
the physical models are constituted by non-linear equations, it is only feasible to
solve them directly in exceptional cases, as there exists likely no closed form of the
solution. One potential approach to solving the equations is to employ optimization
techniques.

Alternatively, one could leverage the H/a space previously utilized to identify the
scatterer in question. This would facilitate the establishment of a link between
the geophysical parameters and H/«a space through the calculation of all potential
constellations of the physical models and their corresponding H/a. This can then
be employed with the assistance of lookup tables.

X-Bragg scattering model

We shall commence with an examination of the X-Bragg model from section 2.1.2,
together with the H/a associated with it. First, we define the ranges of the variables

with regard to physical properties:

e Dielectric constant of soil: ¢, € [3,25]
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Figure 4.13: Bragg and X-Bragg lookup tables with varying parameters.

Depolarization Parameter: 6 € [0°,60°]

Incidence angle: 6 = 35°

The dielectric constant &; was chosen so that it reflects the range for soil moisture
between 3 vol% and 40 vol% [18]. The incidence angle depends on the SAR data
recordings and the parameter for depolarisation is allowed to be in the range

[0°,90°], but 60° is chosen as the maximum angle to exclude strong depolarisation.

To begin, we examine the specific case of 6 = 0°, which transforms the X-Bragg

model into the Bragg model. As illustrated in Fig. 4.13, the potential H/a region

is relatively limited in extent, comprising a single line. This can be attributed

to the fact that the polarimetry matrix of the Bragg model possesses only a rank

of 1, resulting in an entropy value of 0 for all combinations of parameters. This

demonstrates that the Bragg model is insufficient for accurately describing more

complex scatterers on its own.



4 Results

40

[}
o

@
=}
L

# \Ver. oriented
Hor. oriented
+# Rand. oriented

# \Ver. oriented
Hor. oriented
+# Rand. oriented

~
o
L

o
=}
L

w
=}

Mean a in degrees
Mean a in degrees

Soil Moisture in vol%
Soil Moisture in vol%

*

At
"9’" *
by EE

d

w
=}
L

~
o
|

T T T T T T
0.4 0.6 0.8 10 0.0 0.2 0.4 0.6 0.8 10
Entropy Entropy

=}
o
=}
[N}

=
o o

Figure 4.14: Soil moisture estimation with help of X-Bragg lookup table for flight 9
(left) and 13 (right).

Therefore, if we now consider the X-Bragg model with 6 > 0° then the lookup table
looks like Fig. 4.13. It can be observed that the valid range increases in proportion
to the range of 6, which allows for a more comprehensive description. Furthermore,
an increase in incidence angle results in an expansion of the valid range, albeit with
a concomitant shift in the distribution of valid points, leading to a reduction in the
number of valid points for very small H/a.

However, there are inherent limitations to this approach, particularly when con-
sidering Fig. 4.10, which illustrates that low entropy surface scatterers can only be
described within this framework. A determination of the last resulting T¢,.,¢ With
the assistance of the aforementioned lookup table is not feasible, as the requisite
geophysical parameters are not within the permissible range (Fig. 4.14). How-
ever, this behaviour is also anticipated on the basis of the assumption that dihedral
scattering occurs on the ground layer over vegetated areas.

The next stage of the analysis entails an examination of the lookup table utilising
the dihedral model.

X-Bragg plus dihedral scattering models

As demonstrated in the preceding section, the X-Bragg model is incapable of ad-
equately describing the resulting Tg,ouns in H/a space. This is due to the fact that
there is evidence to suggest the presence of dihedral scatterers, which were also
observed in the Pauli image. It is important to note, however, that if we consider

the dihedral model in a standalone manner, we encounter the same issue as with
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the Bragg model in alpha space. This is because the dihedral model can only de-
scribe entropy equal to zero, given that it also has rank equal to one. Consequently,
the following section examines the X-Bragg and dihedral models in conjunction to
address the issue of the resulting polarimetry matrix for the surface having a rank
exceeding 1, thereby enabling a more expansive valid range in H/a space.

In order to proceed, it is first necessary to define the ranges of the model variables.

e Dielectric constant of soil: ¢, € [3,25]

Dielectric constant of stem: &, € [20,40]

Depolarization Parameter: 6 € [0°,60°]

Incidence angle: 0 = 35°

Parameter for a differential propagation phase: ¢ € [-60°, 60°]
e Power proportion: f, € [0,1]

The specific parameters of the dihedral model must now be added. These include
the dielectric constant of the maize stem ¢;, which should be approximately in this
range for maize with a high water content according to [19]. The parameter ¢
represents the differential propagation phase, which is caused by the vegetation.
Given that we are now examining the sum of two components, the signal power
of the model is no longer inconsequential, as it was previously. This is because the
proportion of the signal allocated to each model is now a significant factor. This

can be described by the following relationship:

TX-Bragg + Dihedral = prX—Bmgg + (1 - fp)TDihedml- (411)

This TxBragg + Dihedral 15 NOW employed in order to calculate the H/a for the new
lookup table, as shown in Fig. 4.15.

X-Bragg plus dihedral It is evident that the models, when considered collec-
tively, are capable of encompassing a considerably larger region within the H/a
space domain. This arc is generated by different power factors f,. In the lower left
quadrant, the sequence begins with X-Bragg (f, = 1), then goes up with decreasing
fp, and ultimately end with the pure dihedral model (f, = 0). Furthermore, the
separation observed at the point where the dihedral power is predominant is ac-

companied by an additional division of soil moisture regions. These arise due to
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Figure 4.15: X-Bragg plus dihedral H/a space with 11 (left) and 150 (right) equidis-
tant points of f,.

the influence of different ¢ values. However, a new issue emerges: the H/a ranges
of different parameters overlap, making it impossible to create a lookup table. This
is because, as illustrated in the Fig. 4.15, a specific point in the H/a range yields
numerous soil moisture values that fit.

It is noteworthy that polarimetry matrices can be generated using X-Bragg and
dihedral (approximately for f, € [0.3,0.6]), which together resemble a volume
scatterer.

A method for reducing the extent of the overlapping regions is to utilise a simplified
model for surface scattering , which is achieved by restricting the solutions to those
with 6 = 0°.

Bragg plus dihedral By focusing on the case 6 = 0°, the X-Bragg model is reduced
to the Bragg model. Upon examination of the H/a space depicted in Fig. 4.16, it
becomes evident that the Bragg and dihedral models do not generate planes, but
rather lines that are shifted for different values of f,. It should be noted that the
issue of overlapping due to ¢ is not resolved. However, if we fix ¢, for example,
to ¢ = 0°, we obtain a larger area that can be utilised for soil moisture estimation.
Nevertheless, there is still an overlap in the range of values for approximately
fy € [0.5,0.7]. Furthermore, the restriction introduced reduces the valid range of
the models in H/a space.

In the following section we investigate whether the latest iteration of the Ground

model (X-Bragg + dihedral) offers any enhancements over only X-Bragg.
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Experiments As illustrated in Fig. 4.17, the incorporation of the dihedral has
significantly expanded the permissible range. This indicates that the majority of
H/a derived from T4 are now within the valid range of the model, irrespective of
the selected volume polarimetry matrices. It should be noted that for flight 9, there is
still a considerable amount of solutions that cannot be accounted for by the models.
As previously observed with regard to the ground-to-volume ratio, the determined
T¢rouna matrices are likely to be invalid due to insufficient vertical resolution. While
itis theoretically possible to identify matching soil moisture values for flights 11 and
13, the ambiguity of the models precludes the identification of a single soil moisture
value for each point. However, by focusing on specific solutions by introducing
constraints, it becomes evident that the model is unable to describe a significant
number of points.

As has been demonstrated, the ground and volume layer can be successfully sep-
arated using the introduced two-step decomposition. Furthermore, we demon-
strated this with illustrative examples. However, the estimation of soil moisture
proved to be unsuccessful. Two significant challenges emerge from this analysis.
Firstly, the ambiguity of the solution is a consequence of the models themselves.
Secondly, the range of applicability of the models is limited by the inclusion of
points that fall outside the scope of their description. The initial issue was ad-
dressed through the imposition of constraints, which resulted in an expansion of
the regions where the solution could be unambiguously determined. However,
this approach necessitated a reduction in the permissible range. The subsequent
methodology addresses these challenges by introducing supplementary constraints
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and integrating physical models directly into the optimisation process, ensuring

that only solutions that can be accurately described by the models are obtained.

4.3 One-step decomposition

We now turn our attention to the one-step decomposition. The X-Bragg and di-
hedral models are integrated into the SKP decomposition, and it is demonstrated
that there are no unique solutions in the absence of additional constraints. Subse-
quently, we demonstrate that additional constraints can be employed to ascertain
the soil moisture content, and present the resulting data and associated accuracy
metrics. We then illustrate that the proposed approach indeed yields unique so-
lutions. Additionally, we examine the magnitude of the reconstruction error and
the ground-to-volume ratio of the results. Finally, we conduct a detailed analysis
of the cost function and the influence of the physical model’s parameters on the

determination of the soil moisture.

4.3.1 Model

The data decomposition is now performed in a single step by incorporating the
physical models into the optimisation process. The objective remains to identify a
decomposition that satisfies the (4.3) equation. However, in this approach, Tgona is
defined as the sum of the X-Bragg and Dihedral models (T ¢round = Tx-gragg + TDinedrat)-
Therefore, Tgouna is no longer a free variable but is constrained by the structure of

the physical models. For the purposes of clarity, we define T4 as a function

Tground : ]Rﬁ - C3X3 : (551 €, Mg, 0, 0, (P) - TX—Bmgg(gs/ ms, 6) + TDihedml(Es; €t,0, (P)
(4.12)

The structure Matrix Ry, is still defined as an outer product of steering vectors
on height zero (4.5) and Ry, as an outer product of a matrix with itself (4.6) . This
allows us to define the new optimisation problem as:

min ”MPMB - (Rground ® Tground(em €, Ms, O, 6/ (P) + Rvolume ® Tvolume)”-

€s,€4,Ms5,0,0,0,Rootume

(4.13)

Now, it is not the matrix T itself that is calculated; rather, the physical pa-
rameters of the X-Bragg and dihedral models. As a result, the overall number of

optimised variables is reduced from 9 + n% to 6 + n%. In order to conduct a more
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detailed analysis, it is first necessary to define the ranges of the model variables

that are physically meaningful, as was done previously:

e Dielectric constant of soil: ¢, € [3,25]

Dielectric constant of stem: &; € [20,40]

Depolarization Parameter: 6 € [0°,60°]

Incidence angle: 0 = 35°

Parameter for a differential propagation phase: ¢ € [-60°, 60°]

Parameter for powers: m;, 0 € R*

Ambiguity

As evidenced by the two-step decomposition, the results are ambiguous. Moreover,
the integration of the models did not yield the anticipated outcome, as an examina-
tion of the optimization parameters during optimization (Fig. 4.18) revealed that
not all values converge to a single value. For instance, it can be observed that the
strengths of X-Bragg and dihedral predominantly converge into a specified range.
This could indicate that the cost function is essentially flat within this region, sug-
gesting the presence of a low gradient. The behaviour of the power for the volume
is distinct. It can be observed that the solution exhibits a tendency to oscillate be-
tween three local minima. This phenomenon can also be observed when examining
the reconstruction error, which is the cost function, as there are also three minima.
However, when analysing the parameters ¢, and 6§, it becomes evident that the
values only converge at the edges of the permissible solution. This indicates that it
is not feasible to determine soil moisture values under these conditions.

It is also noteworthy that the resulting ground-to-volume ratio is approximately
equivalent to that observed in the two-step decomposition previously illustrated.
As has been demonstrated, the incorporation of the physical models into the opti-
misation process facilitates the attainment of solutions that align with the physical
models themselves. However, the issue of determining the soil moisture values
remains unresolved. The subsequent challenge that emerged was the lack of sen-
sitivity of the optimisation problem to the soil moisture. This can be addressed by
introducing new constraints to the powers of the physical models for X-Bragg and
dihedral, which is done subsequently.
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Figure 4.19: The locations of measured soil moisture values in blue for flight 11 and
13.

4.3.2 Soil moisture estimation

The following section addresses the issue of soil moisture estimation directly. In
order to facilitate the evaluation of the estimated moisture values, the locations of
the measured moisture are now presented in Fig. 4.19 for the sake of clarity for
flight 11 and 13.

As previously stated, it is necessary to introduce supplementary constraints for the
parameters m;, from X-Bragg and ¢ from dihedral model (for the power parameter)
in order to achieve an unambiguous and acceptable determination of soil moisture

values. These additional constraints are:
e Flight 13:
- ms € [0.187,0.2]
- 0 €[0.042,0.052]

e Flight 11:
— m; € [0.192,0.2]
— ¢ €[0.042,0.056]

e Polarimetry matrix for volume: T'®”

As can be observed, the currently accepted range for these parameters is relatively
narrow, yet was selected to yield more accurate estimated soil moisture values.
However, as the parameters are loosened, the results remain satisfactory for specific
points, but the overall results deteriorate until the initial problem is encountered,
whereby soil moisture is no longer a significant factor for the cost function. It is
also noteworthy that the ranges were derived through a process of trial and error,
rather than through the application of a direct algorithmic approach.
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The application of additional restrictions yields estimated soil moisture values, as
illustrated in Fig. 4.20. It is evident that the soil moisture can now be determined
with minimal deviations. It should be noted that the solution may vary depending
on the volume polarimetry matrix in question, and that the parameters may require
adjustment in such cases. To objectively assess the performance of the estimation,
statistical values are now examined.

Soil moisture estimation error

As illustrated in Fig. 4.21, the estimation exhibits a bias of —2.7 vol%, indicating
that the calculated values are typically lower than the average measured values.
Of note is the relatively low RMSD value, which is not significantly larger than
by the measured values deviation. This suggests that the observed deviation is
approximately consistent with the ground measurements.

It can be reasonably deduced that this is the closest approximation to the actual
values that can be obtained statistically. This is due to the necessity of accounting for
the deviation of ground measurements on the one hand and, on the other, the fact
that the dataset covers a considerable area, which may already exert a significant
influence on the estimation of a point due to the potential for considerable changes
in soil moisture.

In light of the aforementioned constraints, it is now necessary to consider how
the behaviour of convergence has been affected and whether the solution is now

unique.
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Convergence

The introduction of additional constraints ensures that the solution is unique and
converges to a specific value. As illustrated in Fig. 4.22, which considers the same
point as in Fig. 4.18, the 6 and &, parameters now also converge within the valid
range. The new powers also exhibit convergence within a similar range, irrespective
of the constraints. Furthermore, the power for the volume now also demonstrates
convergence to a comparable value. The positive outcome is that convergence is
achieved in a shorter number of iterations than without constraints. However, as
can be observed, the new solution is not a normal local minimum; rather, it is a new
minimum created through the constraints. This has the consequence that certain
parameters, such as in this case the powers of X-Bragg and dihedral, cannot increase
or decrease arbitrarily. However, it is evident that the solution no longer represents
the best fit to the data, as evidenced by the increased reconstruction error compared
to the unconstrained solution.

Having established that the solutions are both convergent and unique for the spec-
ified points subject to the aforementioned constraints, we now turn our attention
to the constraints imposed on the resulting powers. To this end, we utilise the

ground-to-volume ratio as a means of quantifying the extent of these constraints.
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Ground-to-volume ratio

As illustrated in Fig. 4.23, the constraints do not exert a significant influence on
the resulting powers, contrary to expectations based on the limited defined ranges.
In the results for flight 13, there is minimal differentiation between the ranges of
values. However, in flight 11, the picture is markedly different. The ground power,
which is composed of X-Bragg and dihedral, typically exhibits considerably higher

values for the unconstrained variant than the constrained. It can be surmised that
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the effective range of the ground power with constraints is being approximated
shown here. It is clear that for the majority of points, the ground-to-volume ratio
is between 0.5 and 0.7 for both flights. However, this pattern is not evident in the
unconstrained approach.

Finally, we examine the manner in which the reconstruction error alters in con-
junction with the constrained variable, with the objective of determining the extent
to which the novel solutions diverge from the unconstrained in terms of the cost

function.

Reconstruction error

As illustrated in Fig. 4.24, the unconstrained solution does not invariably exhibit
the lowest error. It is evident that the solutions obtained from the unconstrained
approach are inherently ambiguous, and in some cases, the solution may not even
converge because they should be at least as good as the constrained variant. In
this example, the solution was calculated 15 times for each point, and the optimal
solution was selected. It should be noted that the solutions are, in many cases,
inferior in terms of the reconstruction error to those obtained with constraints.
Therefore, it can be concluded that the power constraints do not alter the solution
space in a way that results in significantly inferior solutions, but they lead to
solutions that are in the vicinity of local minima of the unconstrained solution space.
Additionally, it can be observed that the constrained solutions consistently exhibit
an error range of 0.3 to 0.4, which is analogous to the two-step decomposition.

It has been demonstrated that the introduction of supplementary constraints on the
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Figure 4.24: The reconstruction error of the decompositions with added constraints
and without added constraints for flight 11 (left) and 13 (right).

power of X-Bragg and dihedral results in a unique solution to the cost function,
which is also in accordance with the actual measured values. Moreover, the impact
of the modifications on the solutions has been examined, and it has been established
that several characteristics undergo alteration. For instance, the reconstruction
error has been observed to increase. However, it can be assumed that the solutions
obtained through the constrained approach are not significantly different from the
global optimum of the unconstrained approach. Consequently, the question arises

as to how the cost function changes in relation to a few parameters.

4.3.3 Cost function

The objective of this analysis is to examine the cost function in greater detail in
order to ascertain the influence of the parameters on it, with a particular focus
on the minima and their position. To this end, the cost function is considered
as a function of ¢, as this is the parameter used to calculate the soil moisture.
The investigation is conducted under the same constraints as in section 4.3.2, with
several values fixed for the parameters under investigation. The corresponding
reconstruction error is then examined for all possible values of ¢. It should be
noted once more that, for a given set of parameters, the solution obtained is not
the optimal one. Consequently, there may be minor fluctuations in the plots. We

commence with the parameter m,.

Parameter: m; We now proceed to examine the parameter that is closely associ-
ated with the power of the X-Bragg model. Upon examination of Fig. 4.25, four
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distinct functions are observed. It can be discerned that for m, = 0.1 the cost func-
tion remains constant from the value ¢, = 12. This would indicate that there is
no global optimum, and thus difficulties may be encountered when attempting to
calculate a reasonable solution with this constraint. This is due to the fact that
the optimisation algorithm could halt at any point within this range, resulting in a
different soil moisture value for each new run. As the parameter m; is increased, the
right-hand side of the function gradually becomes more curved upwards, creating
a new global minimum. However, this also has the disadvantage of changing the
position of the minimum, which has a significant impact on the determination of
soil moisture. Depending on the selected value of m;, different soil moisture values
can be forced. However, as can be seen, the soil moisture space that can be influ-

enced is located in the lower half, and higher soil moisture values cannot be forced
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with the same ease because of the flat cost function in this range, which could be
attributed to the decreased X-Bragg sensitivity for high soil moisture values.

Parameter: ¢ The following section shall examine the influence of the dihedral
component. Of particular significance in this context is the parameter Sigma,
which represents the deviation of soil roughness. As illustrated in Fig. 4.25, the
optimal value shifts towards larger ¢, for elevated o values, indicating a distinct
behavioural pattern. This can be explained by examining the formula for the power
and recognising that for larger o, the power becomes smaller in contrast to m; in
X-Bragg component. However, it is also evident that the choice of constraints can
exert a significant influence on the position of the minima and the existence of
minima within this range, if we exclude the edges. Similarly, the power parameters
appear to exert a significant influence on soil moisture. It would be of interest to

ascertain whether the value of ¢; of stem also plays a pivotal role in this context.

Parameter: ¢; The final parameter under consideration is the dielectric constant
of the stem, which forms part of the dihedral model. It is notable that the choice
of parameter has no discernible impact on the cost function, as illustrated in Fig.
4.26. Despite a possible 4 vol% difference, this has no bearing on the cost function’s
properties, such as the formation of minima, or on the algorithm’s behaviour,
including convergence. In conclusion, we shall examine the cost function in the

event that the power parameters are permitted to vary freely.
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Convergence and uniqueness As previously demonstrated in section 4.3.1, the
majority of parameters fail to converge when the power variable is not subjected
to a constraint. Figure 4.27 provides further insight into this phenomenon. In
the case where m; is left unconstrained, the minimum error for small ¢, initially
decreases rapidly (in line with the increasing power of the X-Bragg), but then
remains constant. When larger ¢, values are considered, it becomes evident that

the maximum error increases, and that numerous solutions emerge, which can be
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attributed to the algorithm failing to converge or becoming trapped in local minima.
This serves to illustrate that the defined cost function, when utilising the specified
models, is not sensitive to soil moisture. However, when o is left unconstrained,
two optimas emerge, between which the algorithm makes a transition. Finally,
when both parameters are free, the solutions appear to be highly chaotic.

Having previously addressed the one-step decomposition in considerable detail, we
have demonstrated the manner in which the physical models can be integrated into
the optimisation process of the aforementioned decomposition. We then proceeded
to examine the manner in which the introduction of new constraints on the power
can be employed to ascertain the soil moisture, and how these constraints impact
the cost function and, consequently, the solutions that we calculate. Finally, we
turn our attention to the two-step and one-step decomposition, and undertake a

comparative analysis of the results.
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4.4 Comparison of the one-step and two-step
decompositions

4.4.1 Vertical profile of the volume layer

The objective of this section is to examine the discrepancies between the volume
polarimetry matrices obtained through the one-step and two-step decomposition
processes. To this end, the same area as in Fig. 1 for flights 11 and 13 is exam-
ined. As can be observed, there is minimal distinction between the tomograms of
flight 11 and the phase centre is situated at an equivalent elevation. However, an
evident discrepancy emerges when examining flight 13. The one-step decomposi-
tion exhibits more narrow main lobe in comparison to the two-step decomposition,
and the phase centre is elevated, suggesting that the signal is more distinct from
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Figure 4.28: Tomograms of the volume structure matrix of the one-step (first col-
umn) and two-step (second column) decomposition of the big maize
tield along the blue line from Fig. 4.4 for flight 11 (first row) and 13

(last row).
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Figure 4.29: Ground-to-volume ratio of the one-step and two-step decomposition
for flight 11 (left) and 13 (right).

the ground. One potential explanation for this is that the introduction of physical
models for the ground layer facilitates its more effective separation.

Having established that the polarimetry matrices exhibit identical profiles for the
two methods under consideration, the objective now is to ascertain whether the

powers associated with the ground and volume components are also identical.

4.4.2 Ground-to-volume ratio

A comparison of the ground-to-volume ratios of the two methods (Fig. 4.29) reveals
that the one-step decomposition method consistently yields greater relative power
for the ground. This is undoubtedly related to the constraints of the one-step
decomposition and the integration of physical models. However, an examination
of the associated tomograms reveals that the power is distributed more evenly
throughout the volume layer of the two step decomposition due to the signal
reaching down to the ground. Consequently, a proportion of the volume layer is
also present at the height of the ground. It is notable that the ground-to-volume
ratios are shifted in relation to one another and exhibit a similar profile. This
outcome is to be expected, given the similarities between the two methods.

In light of the preceding discussion on the properties of ground volume separation,
it is now pertinent to consider the nature of one-step decomposition in H/«a space

in comparison to two-step decomposition.
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4.4.3 H/a space

The issue with two-step decomposition was that the H/a values from Tgy,,q could
not be described using H/a space, as some solutions were situated outside the valid
range of X-Bragg and dihedral H/a space. Consequently, the models were incor-
porated into the optimisation process utilising the one-step method, the outcome
of which is illustrated in Fig. 4.30. This figure demonstrates how the preceding
results of the two-step decomposition have been drawn into the valid range. It
is noteworthy that the values are so proximate in the one-step solution, which is
achieved through the utilisation of physical models. The constraints on the powers
serve to bring them into closer proximity. Additionally, it is noteworthy to examine
the direction in which the novel values are trending. As previously observed in
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Figure 4.30: H/a space of the resulting Tg,u.¢ of the two-step (first column) and
one-step (second column) decompositions for flight 11 (first row) and
13 (last row).
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Figure 4.31: The reconstruction error of the one-step and two-step SKP decomposi-
tions for flight 11 (left) and 13 (right).

section 4.2.2, there is a tendency to oscillate between distinct phi solutions, with the
resulting soil moisture values exhibiting minimal variation.

Finally, an examination of the reconstruction error of the two methods will be
undertaken to ascertain the extent to which they are able to describe the data in the

Same manner.

4.4.4 Reconstruction error

In light of the aforementioned reconstruction error, it can be posited that the two-
step decomposition approximates the data more accurately due to the unrestricted
nature of Tg,uq4, a hypothesis that is corroborated by the data presented in Fig. 4.31.
With regard to flight 11, it is evident that the two-step decomposition consistently
exhibits a reduced error compared to the one-step decomposition. In the case of
flight 13, the errors are found to be approximately equal for the selected points,
indicating that the introduction of the physical models does not negatively impact
the approximation of the data. When comparing the two methods of the SKP, it
becomes evident that there are significant discrepancies in the error, which can be
attributed to the fixing of the Rguns to a Dirac signal on height zero and Tooume
volume polarimetry matrix. Additionally, it is observed that these restrictions do
not yield as accurate a description of the data as when they are absent.
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5 Discussion

It would be beneficial to present a few additional considerations that are not in-
cluded in the results, but which may prove insightful nonetheless. The initial
point for discussion is the necessity to define the structure matrix for the ground
in the one-step decomposition. One might suggest that it would be sufficient to
determine the polarimetry matrix for the ground using the physical models, just
as one determines the polarimetry matrix for the vegetation layer. However, this
is not an appropriate approach, as the tomograms of the ground structure matrix
the scattering center of the X-Bragg scattering contribution is located above the
vegetation layer, rather than within the soil. This finding is also consistent with the
results obtained from [20]. Therefore, it is essential to set the structure matrix in
this instance.

It is also important to consider the reconstruction error, which is used for optimisa-
tion to calculate the decomposition and indicates how well the data is approximated.
Various constraints have been considered, for example, one variable could be the
vertical position for the structure matrix of the grounds portion, while another
could be to separate the X-Bragg and dihedral scattering contributions with a sepa-
rate free structure matrix (to not impose a Dirac signal) for the dihedral component.
It is evident that the reduction in the number of constraints results in a decrease in
the reconstruction error. This is a logical consequence of the approach taken, with
the results approaching those of the standard SKP with no constraints. One might
be tempted to conclude that the magnitude of the reconstruction error is negligible,
given that all other data can be interpreted as either scatterer or noise, which we
seek to filter out in any case. However, it is also important to recognise that an
increase in the magnitude of the error is associated with a increased probability of
the solutions being rendered ineffectively. This is due to the fact that they may en-
compass different information, which is not aligned with our desired outcomes. To
illustrate this, consider a scenario where a volume component is included, despite
the absence of vegetation. In this instance, a portion of the signal is also attributed
to this component, which may not be accurate. This naturally gives rise to the ques-
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tion of whether the selected cost function (approximation error of the data) is the
optimal choice for determining soil moisture, or whether it requires modification.
Another point for consideration is the the choice of the constraints and the cor-
responding assumptions. It is proposed that the structure matrix for the ground
and the polarimetry matrix for the vegetation are fixed. Alternatively, it could be
argued that only the structure matrices for the ground and vegetation should be
fixed [21]. One advantage of this approach is that it allows for the attainment of
unique solutions in the decomposition, which was not the case in our previous
analysis when the polarimetry matrix for the ground had full rank.

Furthermore, it has been demonstrated that the accuracy and sensitivity of the
physical models observed in H/a space are dependent on the soil moisture content.
Specifically, they become less sensitive at higher soil moisture levels. Additionally,
when X-Bragg and dihedral are considered together, the power ratio plays a sig-
nificant role, as evidenced by the findings presented in [22]. Our results reinforce
this conclusion, as the acceptable results are only because of the constrained power

ratio.
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6 Conclusion

The present master’s thesis examines the sensitivity of soil moisture estimation
using SKP decomposition with additional constraints. This was examined in two
ways. The initial approach was the two-step decomposition, whereby the ground
and volume were separated in the initial stage. In this approach, the constraints
were set such that the first component represents the ground, with the structural ma-
trix assigned to it and the polarimetry matrix of the volume configured to represent
the second component, which corresponds to the vegetation layer. Subsequently,
we demonstrated that the separation is a viable and effective approach, utilising
tomograms to validate the structure matrix of the volume and the H/a space for the
polarimetry matrix of the soil. In the second step, we attempted to ascertain the soil
moisture from the resulting polarimetry matrix for the ground. We demonstrated
that the solutions can be predominantly characterised by the X-Bragg and dihedral
model in H/a space. However, the soil moisture determination is not feasible due
to ambiguity regarding in the valid range. Nevertheless, we identified the potential
for using constraints to resolve this ambiguity.

Consequently, the subsequent phase entailed the incorporation of the physical
models into the SKP decomposition, thereby ensuring the generation of results that
can be characterised with the X-Bragg and dihedral models and the integration
of supplementary constraints for the models. It has been demonstrated that the
solution to the model remains ambiguous in the absence of constraints. It was
also demonstrated that constraints exist for the determination of appropriate soil
moisture. These constraints were then applied to the power of the X-Bragg and
dihedral models. The high influence of the power parameters of the models on the
estimated soil moisture was also demonstrated with the use of the cost function.
Finally, the two methods were compared, and it was observed that the resulting
structure matrices for the vegetation were similar, while the solutions for the po-
larimetry matrix differed. This discrepancy can be attributed to the introduction of
constraints that particularly restrict the polarimetry matrix for the ground.

A method for determining soil moisture estimation under vegetation has now been
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identified as a viable working method. As has been demonstrated, the values are
heavily influenced upon the power parameters of the respective physical models to
a significant extent, such that a vast range of soil moisture values can be produced,
depending on the selected constraints. The challenge now is to determine these
constraints in a meaningful way. Additionally, there is the question of the suitability
of the cost function for determining soil moisture, as this only specifies the degree
of approximation of the data.
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