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Chapter I

INTRODUCTION

1.1 Motivation

Synthetic aperture radar (SAR) systems are capable of producing very high res-
olution images of the earth, since microwaves have the ability of deeper penetration
than optical waves and are weather independent, they are powerful tools to inves-
tigate and monitor the earth’s environment. Spaceborne and airborne SARs are
frequently employed for civilian and military applications such as land cover mon-
itoring and target detection. These sensors produce an enormous amount of data
that must be interpreted and utilized. With the development of multi-frequency,
polarimetric and interferometric techniques in SAR imaging systems, SAR images
with higher spatial resolution and multi-scales are acquired. The effective use of
information within SAR images is essential to investigate and monitor the earth’s
geophysical parameters globally and locally.

Forests are a major part of the earth vegetation coverage. They store a higher
proportion of carbon in the form of biomass and contribute greatly to exchange of
gases and energy between the atmosphere and the surface. The growth and distri-
bution of forests plays an important role in the global carbon cycle. Characterizing

forest canopy properties such as biomass, tree height, and density over large areas



is therefore important in understanding and modeling forest state, condition and
functioning [68]. Studies estimate that tropical land-use change accounted for ap-
proximately one third of the increase of the atmospheric carbon dioxide content [32].
The repetitive global coverage and ground inaccessibility make remote sensing a prac-
tical tool to study forest ecosystem dynamics because of the provision of consistent
datasets at local to global scales and at appropriate spectral, spatial and tempo-
ral resolutions. There are various types of remote sensing instruments that can be
used to study forests, each for a different purpose. Landsat data have been used
to estimate secondary growth rates and biomass accumulation rates [2]. Although
optical /hyperspectral datasets are useful for forest mapping and species/community
discrimination, observations are restricted by cloud cover and time of day and the
data relates largely to the surface of materials. By contrast, microwave remote sens-
ing has the advantage of penetrating cloud and dense vegetation canopies and mi-
crowave frequencies are sensitive to many forest parameters. SAR allows all-weather
and night-time observations at high resolution and a range of frequencies and po-
larizations. Furthermore, active microwaves can provide information on the vertical
depth of forests, including the dielectric properties of tree components and their
geometric structure.

Over the past two decades, research has increasingly focused on the use of SAR
for retrieving biomass and other vegetation properties [18,33,40,48,49,55,56,67,70].
Studies have demonstrated the usage of SAR data in different configurations to map
vegetation biomass over large regions. However, retrieval using SAR backscattering
coefficients is limited by saturation levels of biomass, which vary from 30 Mg/ha
to 200 Mg/ha with frequency and polarization as well as community composition

and structure [18,33,49,67]. More recently, however, efforts have been made to



understand and quantify the relationship between SAR data and the properties of
forest components with a view to raising the levels at which biomass and other
structural attributes can be retrieved [48,56,70].

Many microwave scattering models have been developed to study how microwave
signal interacts with forest components and retrieve the forest parameters from SAR
measurement. However, the existing models have been developed for monostatic
(backscattering) radar systems and therefore are insufficient for studying the bistatic
RCS of forest canopies. Moreover, these models are not applicable to forest stands
of mixed species composition and structure where multiple layers occur such as the
overstory, understory and shrubs.

It is also important to study SAR’s response to the inhomogeneity of forests in
the horizontal direction. The pixel-level based image models and processing tools are
insufficient to represent the target’s inhomogeneity in the images. Texture analysis
has drawn more interest lately and is becoming increasingly important. Texture of
SAR images is caused by the spatial variation of the imaged objects. It is an impor-
tant property of natural and man-made targets such as rain forests and urban areas,
especially in high resolution images; the property of the region is often more impor-
tant than their individual positions, for example, regions of cultivated vegetation,
trees planted in rows and houses along streets. The spatial average over a region
does not capture the relevant information optimally. Thus, texture information can
generate more accurate understanding of the characteristics of the interested region,
as a result, higher accuracy of land cover classification can be achieved.

To explore the advantages of bistatic radars, a bistatic forest scattering model is
first developed to simulate bistatic scattering coefficients from forest canopies, the

model is based on Michigan Microwave Canopy Scattering (MIMICS) model and



uses radiative transfer theory. Furthermore, the bistatic configuration is included in
a multi-layer canopy scattering model for mixed species forests, which is developed
to account for the complexity of forests in the vertical direction. A Part of this
dissertation analyzes and simulates a relatively simple and effective texture model
— correlation length and develops a blind deconvolution approach to estimate cor-
relation length of SAR texture, which can be applied to study forest structures’
non-uniformity in the horizontal direction. A coherent SAR texture simulator is also
utilized to analyze the formation of SAR texture and study SAR image and texture

models.

1.2 Background

To better understand how microwave signals interact with forest and other veg-
etated and non-vegetated components and to thereby assist forest parameter re-
trieval from SAR measurement, many microwave scattering models have been de-
veloped [9,19,34, 38,44,62,66,81,86]. These models treat forest canopies as infinite
horizontal layers over a ground surface. Two usual approaches — field approach
and discrete approach are mostly used to model random scattering media. The field
approach models the permittivity of the random medium as a continuous function
of positions which has a mean value (background) and a a fluctuating part (small
particles), this approach is appropriate for weakly scattering media where the fluc-
tuation is small compared to the mean value such as ice or sea water [58]. For forest
canopies, a discrete approach is appropriate with respect to the canopy component
size, density and microwave frequency. The canopy is characterized as a discrete
random medium consisting of tree components (i.e., trunks, branches and foliage)

that act as single microwave scatterers. A typical two layer canopy model is often



used in these scattering models. Branches and foliage make up the crown layer,
underneath that is the trunk layer made of vertical trunks. A rough surface model
is used for the ground. These models have been modified and enhanced for various
applications and vegetation types. In some crop canopy models, only one layer is
considered; at low frequencies (i.e., L- or P-band), foliage is ignored in some mod-
els [65,71]. Modified solutions also introduce gap or cell structures for forests with
discontinuous [50, 80, 81].

The majority of models fall into two categories by their developing techniques:
(1) Distorted Born Approximation(DBA) [44,72,73] and (2) Radiative Transfer (RT)
theory [62,66,86]. The DBA approach is an approximate solution of Maxwell’s
equations of the scattering medium and includes the coherent effect of fields. The
RT theory solves energy transport RT equations in the random medium and ignores
coherent effects. Most models based on RT theory solve the equation by an iterative
approach; some use the Discrete Ordinate and Eigenvalue Method (DOEM) and
utilize multiple discretized canopy layers [62].

MIMICS [86] have been developed to model microwave backscatter from vegeta-
tion canopies. It represents a first order solution of the RT equations. and uses a
crown-trunk canopy model over a ground surface. Discrete approach is applied to
model canopy components. MIMICS was developed in three stages. The first ver-
sion, MIMICS 1, is the first order solution and works with a continuous crown layer.
MIMICS 1T is designed to incorporate discontinuous crown layers as well as trunk
surface roughness. MIMICS III is proposed to extend the previous versions to second
or higher order solutions. Among them, MIMICS I has been mostly implemented
and validated. In this dissertation, MIMICS I is referred to MIMICS.

Many methods and models to describe and estimate SAR image texture have been



developed. Among them are histogram estimation [37,85] , image correlation length
estimation [37,85], second-order gray-level co-occurrence matrix(GLCM) method [28,
85], lacunarity index [17,54,63], wavelet decomposition [59] and Markov random field
(MRF) models [12,15,24,42,75].

One simple and effective texture model is to fit the pixel values into different
histograms [60,61]. For a homogeneous area, the intensity values of single look SAR
images fit in a negative exponential distribution, and their amplitude values fit in a
Raleigh distribution, both are characterized by one parameter corresponding to the
average radar cross section(RCS). However, when target texture exits, in order to
represent the spatial variations of natural scenes, some probability distribution func-
tions(PDF) with two or more parameters have been proposed such as K-distribution,
log-normal and Weibull distribution. The additional degree of freedom allows them
to represent different contrast in data and the contrast has already been identified as
a potential texture discriminant. Many researchers have applied the PDF estimation
method on SAR image classification and segmentation processes. A PDF estimation
of the normalized texture measure was proposed [60] to classify SAREX-92 data from
the Amazon rain forest.

Image correlation length is another effective parameter proposed to represent the
texture characteristics of images, it is commonly used in rough surface modeling.
It has been shown that the correlation length differs in real SAR images. Ulaby et
al in [85] shows that images of water surfaces have the shortest correlation length,
and images of forest have the largest correlation length while those of urban areas
have the medium correlation length. Kurosu et al in [37] shows that the texture
autocorrelation functions distinguish rice and grass, which are not separable by the

first order statistics.



GLCM and lacunarity index are also popular methods to characterize SAR tex-
ture. GLCM measures the co-occurrence probabilities of two specific gray-levels at
specific positions in terms of the relative direction and distance. Usually applied on
binary images, lacunarity measures the deviation of a geometric object from trans-
lational invariance at multi-scales. Homogeneous images have lower lacunarity.

With the development of much more capable computers, Markov random field
(MRF) texture models have received increasing attention. In these models, the
image is described by Markov chains defined in terms of conditional probabilities
associated with spatial neighborhoods. There are many MRF models that have been
proposed such as Gibbs model, Gaussian model, binomial model, and Gamma model.
Many groups have demonstrated MRF models in simulating the remote sensing image
texture successfully. The parameters estimated from MRF models are used in image
classification, segmentation and registration. The major problem with the MRF
models is the high computational complexity.

The methods and models introduced above have been major parts of SAR image
processing techniques. There are numerous studies to extract and understand SAR
texture. For example, The land-cover classification accuracy based on first order
statistical radar cross section (RCS) can be as high as 72% while the second order
texture statistics provided a classification accuracy of 88% for Seasat SAR imagery
of Oklahoma as shown in [85]. It has been reported that texture is used to classify
different tree stands. [37] shows the classification accuracy of JERS-1 single look
images was improved by 29% by adding texture features based on the second order
statistics.

Like the indeterminate nature of image texture itself, the choice of SAR texture

models depends on many factors such as scene properties, sensor, noise level, pixel



resolution and scale and computational cost. In this work, we analyze the formation
of SAR texture and build a coherent SAR texture simulator to investigate the optimal

texture models that are relatively simple yet effective for SAR imagery.

1.3 Overview

The goal of this study is to develop microwave scattering models for nonuniform
forest canopies and apply them to actual forest stands, and the models’ simulation

results are validate by real SAR measurement data. Major contributions include:

@ Extend MIMICS to a bistatic microwave canopy scattering model.

@ Using a multi-layer canopy model to represent the mixed species forest canopies,

which also contains overlapping layers and a tapered trunk model.

@ Build and solve multi-layer radiative transfer equation and implement a bistatic

multilayer canopy scattering model.

@ Compare applications of correlation length model and MRF model to SAR im-
ages and use a blind deconvolution method to estimate the texture correlation

length from SAR images.

® Build a SAR texture simulator to analyze formation of SAR texture, compare
the statistical SAR image model and direct coherent summation simulation

model.

This dissertation is arranged as follows:
In Chapter II, after a brief overview of the RT theory and the backscattering
version of MIMICS on which the bistatic model is based in Section 2.1, the devel-

opment of Bi-MIMICS is described in Section 2.2. The application of the model is



presented next: Section 2.3 describes canopy parameters and bistatic geometry setup
while the application of Bi-MIMICS to selected canopies and the simulation results
are discussed in Section 2.4. Finally, the chapter is conclude in Section 2.5.

In Chapter III, the first section provides the background and motivation of devel-
oping Multi-MIMICS. Section 3.2 presents the multi-layer canopy model and solves
RT equations while Section 3.3 analyzes the the first order Multi-MIMICS scatter-
ing mechanisms and model’s applicability. The implementation of Multi-MIMICS is
then presented in Section 3.4 and Section 3.5 summarizes the chapter.

Chapter IV consists of the application of Multi-MIMICS to real mixed forests and
analysis of the simulation results. Acquisition of forest data and processing of SAR
measurement from the test site are described in Section 4.1. Section 4.2 compares
the backscattering coefficients simulated by Multi-MIMICS and MIMICS models and
actual SAR data, the multi-layer scattering model is validated by radar measurement.
Multi-MIMICS’s capabilities and limitations of the models are discussed in Section
4.3. Section 4.4 is the summarization.

In Chapter V, the background of SAR texture is first introduced in in Section
5.1, then Section 5.2 provides the overview about the conventional multiplicative
SAR image model and its first and second order statistics. Image correlation length
is the texture model of our interest while other well known texture models are also
tested as a supplement measurement. Section 5.3 compares two texture model’s
performance on actual SAR images from tropical forests and suggests correlation
length is a simple and effective model for analyzing texture of remote sensing images.
A blind deconvolution algorithm developed to estimate the SAR texture correlation

is presented in Section 5.4 and Section 5.5 concludes the chapter.
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In Chapter VI, Section 6.1 introduces two types of SAR image simulator through
statistic approach and direct coherent summation approach. Physical formation of
SAR texture is analyzed in Section 6.2, which provides the theoretical background
for the coherent texture simulator. Section 6.3 describes the coherent SAR simulator
and presents simulation results for different target textures. The result is discussed
and summarized in Section 6.4.

Finally, Chapter VII concludes the thesis and proposes the future work.



Chapter II

BISTATIC MICROWAVE CANOPY
SCATTERING MODEL

A bistatic forest scattering model is developed to simulate scattering coefficients
from forest canopies. It is based on MIMICS (hence called Bi-MIMICS) and uses ra-
diative transfer theory, where the first order fully polarimetric transformation matrix
is used. Bistatic radar systems offer advantages over monostatic radar systems be-
cause of the additional information provided by the diversity of the geometry. Seven
bistatic scattering mechanisms and one specular scattering mechanism are included
in the first order Bi-MIMICS solution, and they represent the extinction, scattering
and reflection processes of the propagating wave through the canopy. By simulat-
ing the forest canopy scattering from multiple viewpoints, we can better understand
how the forest scatterers’ shape, orientation and density and permittivity affect the
canopy scattering.

Bi-MIMICS is parametrized using selected forest stands with different canopy
compositions and structure. The simulation results show that bistatic scattering is
more sensitive to forest biomass changes than backscattering. Analyzing scattering
contributions from different parts of the canopy gives us a better understanding of

the microwave’s interaction with the tree components. The ground effects can also

11
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be studied. Knowledge of the canopy’s bistatic scattering behavior combined with
additional SAR measurements can be used to improve forest parameter retrievals.
The simulation results of the model provide the required information for the design
of future bistatic radar systems for forest sensing applications.

In this chapter, Section 2.1 provides a brief background of radiative transfer the-
ory and overview of the backscattering version of MIMICS on which the bistatic
model is based. The development of Bi-MIMICS is then presented in Section 2.2.
Section 2.3 describes canopy parameters and bistatic geometry setup. The applica-
tion of Bi-MIMICS to selected canopies and the simulation results are discussed in

Section 2.4 and Section 2.5 concludes the chapter.

2.1 Introduction and Background

2.1.1 Forest Canopy Parameters

The Marrakesh Accords define forest by three criteria in [1], they are area of

region, tree cover over the area (percent) and tree height [68].

Definition 2.1.1 A minimum area of land of 0.05 ~ 1.0 ha with tree crown cover,
or equivalent stocking level, of more than 10% ~ 30% and containing trees with the
potential to reach a minimum height of 2 ~ 5 m at maturity is defined as forest. A
forest may consist either of closed forest formations where trees of various storeys

and undergrowth cover a high proportion of the ground or open forest.

The Marrakesh Accords allow countries under the Kyoto Protocol to choose their
own parameters within the ranges described above.

Tree crown is the upper part of a tree, which includes branches and foliage. Tree
trunk is the main woody stem of a tree above the ground. Crown and trunk are

two major structures of forests. To develop microwave scattering models for forest
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canopies, both the geometric parameters and physical parameters representing the
canopy need to be defined.

Canopy geometric parameters are defined in two levels. At canopy level, most
important parameters are canopy density (i.e. number of trees per unit area); Crown
shape, crown radius and crown depth; Trunk height; So is the ground roughness.

At tree level, there are four types of canopy composition need to be specified.
For branches and needles, volume density (i.e. number of branches or needles per
unit volume) as well as distribution of the size (stem length and stem radius) and
orientation (elevation and azimuth angle) should be provided; For leaves, the size
information refers to the distribution of thickness and radius of the leaves. Den-
sity and orientation distribution are also needed for leaves; Distribution of trunk’s
orientation and radius are important too.

Physical parameters are the dielectric constant of every parts of the canopies.
Dielectric constants of the four canopy components are related to their moisture
content, environment temperature and bulk density. The permittivity of the ground
surface is decided by surface type (soil, snow, water), moisture content, soil compo-

sition (soil, sand, tilt) and environment temperature.

2.1.2 Canopy Scattering Model and Motivation

Although early stage radars were bistatic systems, they were quickly replaced by
monostatic system for practical usage in means of instrument building. Nowadays,
most SARS for earth resources applications are backscattering radar systems such as
JERS, EOS, RADARSAT, AirSAR, ENVISAT/ASAR, PALSAR. However, over the
last decade, increasing attenuation has been paid to bistatic radar systems partly

due to the advances in communication and processing technologies, they began to
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reclaim the arena. Studies and experiments have been reported for bistatic system
development and algorithms [53,76]. Bistatic radar measurements have been taken
in the laboratory either using radars on two separate platforms or using a monostatic
radar with a reflective plane setup [5,20,30,74,83]. Some systems have also explored
the usage of existing satellite or communication channels as the transmission signals
26, 89].

Because bistatic geometry provides additional information which can’t be ac-
quired through backscattering measurement, bistatic/multistatic radar systems offer
advantages over monostatic radar systems in the areas of target detection and iden-
tification. Targets designed to minimize backscattering Radar Cross Section (RCS)
or scattering coefficient (¢%) may demonstrate a large bistatic RCS, which improves
the counter-stealth ability of radar systems. Using passive receivers is important for
military applications since the passive receivers are undetectable.

The existing canopy scattering models, however, have been developed for mono-
static (backscattering) radar systems and therefore are insufficient for studying the
bistatic RCS of forest canopies. To explore the advantages of bistatic radars, our
research has focused on the development of a bistatic model, herein referred to as the
Bistatic Michigan Microwave Canopy Scattering model (Bi-MIMICS). As the name
suggests, the model is based on the original backscattering MIMICS [86]. As with its
predecessor and other models, the RT-theory-based canopy scattering model utilizes
the discrete scatterer approach and an iterative algorithm to solve the RT equations.

The development of Bi-MIMICS is motivated by the need to design new bistatic
systems. The bistatic response of forests can be used in vegetation classification and
parameter estimation. By applying the bistatic model to forest canopies at vari-

ous observation angles, the simulation results enhance the understanding of how a
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forest’s structure, scatterer orientation, density and diversity affect the scattering
measurements. As a result, better understanding of the microwave scattering mech-
anisms of tree components are obtained, which aid studies such as communication
channel sensitivity in forested areas as well as detection of targets under the trees.
Bi-MIMIC can also be used to study the effects of the underlying ground on total
canopy scattering. The simulation results of the model offer the needed information
for the design of future bistatic radar systems for forest sensing applications. In this
chapter, we apply Bi-MIMICS to a number of canopies at different angles, frequen-
cies, and polarizations. The simulated bistatic RCS is examined for the canopy’s

scattering signature and the dependency on angle, frequency, and polarization.

2.1.3 Radiative Transfer Theory

In a medium containing random particles, radiating wave energy interacts with
the medium by absorption, scattering and emission. The quantity intensity is used to
characterizing the radiation field. The definition of intensity has several similar but
different forms. In this dissertation, the term intensity is denoted by I and defined

as follow.

Definition 2.1.2 Intensity is the flux of energy in a given direction per second
per unit solid angle per unit area perpendicular to the given direction. Its unit is

Jt v sr—m=2.

In Figure 2.1, d2 is the given direction, which has an angle # with respect the
normal direction n of the unit area dA, the energy falls on the unit area dA from

the direction df2 in the unit time interval dt is

e = I cos 8dtd)dA (2.1)
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dA

Figure 2.1: Definition of intensity. df2 is the given direction, which has an angle 6
with respect the normal direction n of the unit area dA.

The intensity per frequency interval is called specific intensity. Radiative transfer
(RT) theory solves energy transport equations in the random medium by utilizing two
processes — extinction and emission to describe the change of propagating microwave

intensity in a given direction caused by the medium [8,50, 85].

Definition 2.1.3 Eztinction refers to the decrease in magnitude of wave intensity

along the propagation path either by absorption or scattering into other directions.

Definition 2.1.4 Emission refers to the increase in magnitude of wave intensity
along the propagation path due to both emission and scattering into the propagating

directions from other directions.

The self thermal emission from the canopy is negligible compared to other sources
at the frequencies used in active radar remote sensing.

The electric filed vector E of a plane wave propagating in a medium can be
presented by

E = (E,¥ + Eph)e*™ (2.2)
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where k is the wave vector of the field and 7 is the observation position vector. The
terms v and h are the unit vertical and horizontal polarization vectors while FE,
and E} are the vertical and horizontal polarized parts of the electrical field vector,
respectively. According to Equation (2.2), the polarization state of the intensity is

represented by the modified Stokes vector as follow

I, |E,|?
I, | Ep?
I= /n = /n (2.3)
2R(E,E})
1% 2S(E,E})

where the quantity 7 is the intrinsic impedance.
The incident electrical field E; is scattered by a particle trough a 4 x 4 scattering

matrix S to generate the scattered electrical field E, as

Esv Jjkr va Svh Ez
= ¢ (2.4)
Eg, " S Sw E;

Therefore through mathematic operations (Equation (2.3)), the intensity scat-
tered I4(0s, ¢s) by a single particle can be related to the incident intensity I;(6;, ¢;)

by the modified Mueller matrix £,,

Is(esu (bs) = %£m<937 (bs; 9i7 (bh eku (bk)IZ(ela (bz) (25>

where (60;, ¢;) is the incident angle and (0, ¢5) defines the scattering angle. (0, ¢y) is
the orientation of the particle and r is the distance of the scattered intensity from the

particle. The modified Mueller matrix £,, is defined by the electrical field scattering
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matrix S of the particle as in Equation (2.6).

|va|2 |Svh|2 %(S:hsvv) _S( :thv)
| Sho? | Sh? R(ShnSho) —S(ShoSip)

2R(SuwShy)  2R(SunSin)  R(SwwShy + SunSiy)  =3(SwwSip = SunSi,)

295(*9%5;@) QS(SvhSZh) %(vas;;h + Svhsf*w) §R(vasljih - SvhS;;v)

(2.6)

For a medium containing random particles, the waves scattered from these par-
ticles are random in phase under the RT theory assumption and therefore, the total
scattered wave energy can be calculated by incoherent summation over all the par-
ticles.

The case Sy, = Sy, = 0 indicates that the medium doesn’t depolarize the in-
cident electric field. Some scattering model [43,44] sets these two quantities to be
zero as they assume the summation over a large number of independent scatterers
would result in zero, which serves as a means to reduce the computational coat.
However, We don’t make this assumption in our models, the operation of matrices
are conducted through eigen value/vector approach. Therefore, depolarization of the
medium is included in the models.

In a semi infinite medium located in the half space z > 0, the integral form of

the vector RT equation at position (6, ¢, 2) is [50]

I(p, ¢, 2) = e"‘z/“I(,u, ®,0) +/ ef"””(zfz/)/“]:(u,qﬁ, 2dz (2.7)
0

where k is the extinction matrix of the medium, and F is the source function.
i = cosf and is not to be mistaken as the permeability of the medium. The first
item is the intensity at the boundary I(u, ¢,0), reduced in magnitude by the factor
e"*/1 as it propagates through the distance z/pu in the direction (u, ¢) due to the

extinction by the medium. The second term accounts for the scattering by the
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medium along the propagation path. The source function has the form

Flu,é,2) = / P(6, 6: 05, 6:) L (15, 6)A; 28)

In the above equation, P(0, ¢;0;, ;) is the phase matrix transferring the incident

intensity in the direction (6;, ¢;) to the scattered intensity in the direction (6, ¢).
For a medium containing one type of scatterers whose size s, and orientation

(O, ¢r) can be described by certain distribution f(sg; 0, ¢x), its phase matrix is

given by

PB, 64: 61, 61) = Ny / / / F (555 00 60) Lo (0, 64305, 053 00, D)l (2.9)

where N, is the scatterer number density. If the medium contains more type of
scatterers, the total phase matrix of the medium is the summation of phase matrices
over all types [50].

The extinction matrix of a medium containing random scatterers [50] is given by
Equation (2.10) and (2.11). Where K is the total type of scatterers in the medium,
Ny, is the number density of type k and (S,qk(0s, ¢s; 0:, ¢i; Ok, d1))k is the average
scattering amplitude coefficient of type k scatterers at pq polarization, and kg is the

free space wave number.

—2R(M,,) 0 —R(Myn) —3(Myp)

. 0 —2R(Mpp) —R(Mpy) (M) (2.10)

—2R(Mpy) —2R(Myn) —R(Myy + Mpp)  S(Myy — M)

2¥(Mpy)  —23(Myp) —SS(Myy — Mypp) —R(Myy + Myp)

where

K .
2m N,
My = 37 7 (SpaelBs, 65305 01500, 00 pa=vh (211)

k=1
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Under the incoherent assumption of RT theory, the extinction and emission pro-
cesses within the medium can be represented mathematically by both the average
extinction and source matrices of the medium. A 4 x 4 transformation matrix 7 is
introduced to transform the incident intensity I; to the scattered intensity I, by the

medium.
Is(esa¢s) = T(QS7¢Sa817¢Z)Il(€’H¢Z) (212)

The linearly polarized scattering coefficient can be obtained from 7 through

Oopy = 4 cos 0,71, Oohy = 4mcos 0,719

Oony = 4 cos 0,75 oonn = 4w cos 0,7y (2.13)

and scattering coefficient of other polarization combinations can be computed from

7 using wave synthesis technique.

2.1.4 Introduction to MIMICS

Michigan Microwave Canopy Scattering (MIMICS) model [86] has been devel-
oped to model microwave backscattering from vegetation canopies. The model is
based on the RT theory. The vertical canopy structure is modeled as two cascad-
ing independent horizontal vegetation layers over a dielectric ground surface. The
top crown layer is composed of an ensemble of leaves, needles and branches while
tree trunks make up the lower trunk layer. All the tree components are treated like
single microwave scatterers: leaves are modeled as flat circular disks, branches and
needles are modeled as dielectric cylinders or prolate spheroids, and trunks are again
modeled as large cylinders. The underlying ground is modeled as a rough dielectric
surface that is specified by an RMS height and a correlation length. Trees are as-

sumed uniformly distributed over the ground and the scattering components within
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each layer are characterized by the statistics of their sizes, positions, orientations and
densities.

Incident wave intensity undergoes the extinction and emission processes by the
crown layer and trunk layer along its propagating path, which can be described by the
RT equations for the layers. The incident intensity is also reflected and backscattered
by the ground surface, which are denoted by reflectivity and scattering matrices. The
diffuse boundary condition assumes that the wave intensities across the interfaces
are continuous. MIMICS solves the RT equations to find the transformation matrix
relating the incident intensity and the scattering intensity. Seven terms [86], which
represent the seven scattering mechanisms (Figure 2.2) for wave energy propagating
through the canopy down to the ground surface, reflected and backscattered from
the ground surface, and propagating back through the canopy, are included in the

first order MIMICS solution.
D D C— G--G G- G-T T—

Figure 2.2: Seven backscattering terms in the first order MIMICS solution based
on radiative transfer theory, including DG: direct ground; DC: direct
crown backscattering; C-G: crown scattering and ground reflection; G-
C: ground reflection and crown scattering; G-C-G: ground reflection and
crown scattering and ground reflection; T-G: trunk scattering and ground
reflection; G-T: ground reflection and trunk scattering.

There are four backscatter sources in the crown layer:
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e DC: Direct backscattering from the crown layer. This mechanism indicates the
incident intensity is attenuated and scattered back by the components in the

crown layer without reaching the trunk layer.

e C-G: Crown specular scattering followed by ground reflection. The downward
incident intensity is first scattered by the crown layer to the specular direction,
then it penetrates the trunk layer and reaches the ground, finally, it is reflected

by the ground and travels up through the two canopy layers to the air.

e G-C: Ground reflection followed by crown specular scattering. It is the com-
plement of the C-G mechanisms. The incident intensity propagates through
the canopy layers and attenuated by them before it hits and ground and gets
reflected to the specular direction, the upward reflected intensity penetrates

the trunk layer and scattered by the crown layer.

e G-C-G: Double bounce by ground reflection and crown backscattering and
ground reflection. The incident intensity is first reflected by the ground surface,
the upward wave reaches the crown layer and is backscattered by the crown
layer and propagates in the downward direction, which is again is reflected by

the round and travels through the canopy.

In the trunk layer, for the near-vertical oriented large cylindrical trunks, backscat-
tering vanishes. Direct backscattering from the trunk layer and double bounce terms

become insignificant, hence, only two mechanisms are included. They are

e T-G: Trunk specular scattering followed by ground reflection. This mechanisms
is similar to the C-G mechanism, however, the scattering process occurs in the
trunk layer instead of the crown layer, and the crown layer acts as a attenuating

layer.



23

e G-T: Ground reflection followed by trunk specular scattering. As a complement
of the T-G mechanisms, this mechanisms is similar to the G-C mechanism.
The down incident intensity is first reflected into upward direction, then it
is scattered by the trunk layer and continues traveling up to the top canopy

surface.

One additional item included in the total scattering mechanisms is the backscat-
tering from the ground surface DG. The incident intensity that propagates trough
the canopy layers is attenuated but not scattered, and the ground surface scatters
the downward intensity to the backscattering direction and the upward undergoes
the similar attenuation process before it reaches the air.

The input parameters of MIMICS is a file that contains the microwave sensor
information, the environment condition and grounds surface parameters, more im-
portantly, it has a complete list of the structural characteristics of the canopies,
which includes two levels: (1) Canopy level parameters such as tree height, crown
depth, trunk height, canopy densities etc. (2) Tree level parameters such as geomet-
ric distributions of the the canopy components’ type, size. density and orientation as
well as their permittivities. MIMICS’s outputs consists of the full polarimetric total
transform matrix as well as the contributing components of the seven mechanisms,
and it also computes the transmission loss of the each layer.

MIMICS is valid in the range of 0.5 ~ 10 GHz at incidence angles greater than
10°. The model has been validated and widely applied to estimate the microwave
backscattering coefficients of various canopies in many studies. In a scatterometer
experiment presented in [51,52], MIMICS simulated the L-band backscattering coef-
ficient from a walnut orchard and was validated by measurements, although the sim-

ulation results showed some discrepancies with X-band. The problem was attributed
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to higher order scattering contributions and the discontinuity of the canopy. MIM-
ICS has also been applied to the Alaskan Boreal Forest [16] to study the effects of
thawing and freezing soil on the radar backscatter. Although it is developed for for-
est canopies, MIMICS has also been successfully applied to other types of vegetation

such as corn fields [84].

2.2 Bistatic MIMICS Model Development

2.2.1 Bistatic Radiative Transfer Equation Solution

MIMICS built the general RT equation using bistatic geometry in order to derive
the transformation matrix, which was explained in [86]. However, only the backscat-
tering solution was implemented. More factors need to be considered for the bistatic
scattering model. Consider the geometry of Figure 2.3, the downward incident in-
tensity I; impinges on the top surface of the canopy at an angle (60;, ¢;). The upward
scattering intensity I, is in the direction (6s, ¢5).

The incidence azimuth angle ¢; is set to be zero to reduce the number of variables
of Bi-MIMICS model. Three angle parameters defining the incidence and scattering
angle are shown in Figure 2.3. k; is the wave vector of the downward incident wave
and defined by (6;,0) while k. is the wave vector of the upward scattering wave and
defined by (6s, ¢s). Under this definition, the set {0; = 0;, ¢, = 180°} indicates
backscattering, {0s; = 0;, ¢s = 0} stands for specular scattering and {0s; = 7= — 6;,
¢s = 0} denotes forward scattering.

The canopy is modeled as two parallel layers over a ground surface as in MIMICS.
On top of the ground surface, is a trunk layer, above which is the the crown layer
containing branches and foliage. The bistatic radiative transfer equations are written

for each layer. Under the assumption of diffuse interfaces among layers, the equations



25

&k

Figure 2.3: Bistatic Simulation Angles. Incident direction (downward) is in the x-z
plane and defined by incidence angle 6; and ¢; = 0; Scattering direction
(upward) is defined by 6, and ¢s.

are solved using iterative approach.
In Bi-MIMICS, the first order bistatic transformation matrix 7 transforms the

incident intensity into the scattering intensity by

Li(ps, s) = T (s, bs; i, i) il i, 64) (2.14)

where (u; = cos0;, ¢;) defines the incidence direction and (u = cos@, ¢) is the scat-
tered direction. The seven scattering mechanisms described in backscattering MIM-
ICS still exist but they are measured in bistatic directions as shown in Figure 2.4.
In addition, the ground reflection in the specular direction needs to be included in
the case of specular scattering. Figure 2.4 also shows the canopy structure above the
ground. The depths of the crown and trunk layer are denoted by d and H, respec-
tively. The transformation matrix 7 (shown in Equation 2.15) is given by solving the

bistatic RT equations using similar approach as in MIMICS [50], so detailed steps
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Trunk Layer

Ground

Figure 2.4: Scattering mechanisms in the first order Bi-MIMICS solution based on
RT theory, including G-C-G: ground reflection and crown scattering and
ground reflection; C-G: crown scattering and ground reflection; DC: di-
rect crown backscattering; G-C: ground reflection and crown scattering;
G-T: ground reflection and trunk scattering. DG: direct ground; T-G:
trunk scattering and ground reflection; The specular ground reflection
is not shown in the figure. Crown layer depth = d, Trunk layer height
=H.

are not, given here.

T (s, b i 61) = € e T HIR (e s s dig (1 — 1;)o(¢ — )
1

+ ;e‘”td/”e_”jH/”R(us)e‘”t_H/”Agcg(—us, Gs; iy i)

e—ﬂfH/mR(M)e—nt‘H/uie—nc‘d/ui
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+ e e I HING (1 by, et e e dln (2.15)

where the upward extinction matrix and the downward extinction matrix are denoted
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by kT and K, respectively. The subscripts ¢ and [ indicate the crown and trunk
layer, respectively. The quantity R is the reflectivity matrix of the specular ground
surface and G represents the ground scattering matrix. The A notations represent
the scattering occurring in the crown and trunk layer, which could be obtained by
proper phase matrices and extinction matrices [50].

The first term in 7 denotes the specular ground reflection, which exists only
in the specular direction (i.e. 05 = 6;, ¢5 = ¢;). Proper attenuation is applied
to the intensity as it penetrates twice through the canopy. The next four terms are
contributions from the crown layer corresponding to the mechanisms of G-C-G, C-G,
G-C and DC, although we use the same notions as in MIMICS to describe the crown
layer’s contribution, they represent the general case of bistatic scattering system.
Two types of ground-trunk interaction T-G and G-T are represented by the sixth
and seventh term and the last term is the direct bistatic scattering from the rough
ground surface DG.

The term A, indicates the scattering contribution to the Ground — Scatterer
— Ground mechanism. The term A, accounts for the Scatterer — Ground effect by
the crown layer; The term A, is the complement of A., and shows that the incident
intensity is first reflected by the ground and then scattered into the direction (ps, ¢s)
by the crown layer. The term 4,4. shows the direct bistatic scattering by the crown
layer. The terms A;, and Ay represent the scattering by the trunk layer and ground
interactions, similar to A., and A,,.

The term Ay, integrates the wave intensity that is scattered from the upward
direction (p;,0) to the downward direction (—pus, ¢s) through the crown layer, which
is also attenuated along the propagation path. Similar approaches are applied to

get the other A integrals as shown in Equation (2.16), where P, and P, are the
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average phase matrices for the crown and trunk layer, respectively, in which the
angle argument of (u, ¢s, 115, ¢;) indicates that the wave intensity is scattered from

the (p;, ¢;) direction to the (us, ¢s) direction.
0

I
—d

0
/ e*mZ(dJrz/)/upc(_lus7 bs: —pii, (bi)eh‘,;z’/ll«idz/
—d

Acge(— s, @3 phis ¢3) = TR DD (i, b s,y pr)e e EHD/miq!

Acg<_,“37¢s; _Ui7¢i> =

0
w2 ety )
Age(ps, @s; iy i) = /66 /“Pcws,(bs;ﬂz'a(ﬁi)e <) gy
—d

0
Aac(pis, ¢s; — i, ¢i) = /d TP (11, bg; — i, di) e 7 i (2.16)

—d
Arg(—tts, b =i, ) = / U ID, (1, 645 —pus, @)™+
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K 2! R ]
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The reflectivity matrix of the specular ground surface at angle y = cos 6 is given

by
>0 0 0
0 |mf* 0 0
R(u) = (2.17)
0 0 R(ryry) —S(ryry)
0 0 S(rory)  R(rory)
where r, and rp,
€, cos — /e, —sin 62

€, cos 6 + /€, — sin 62

cosf — /€, — sin 62 (2.18)
r, = ‘

" cos 0 + /e, — sin 62
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are the specular reflection coefficients at vertical and horizontal polarizations, re-
spectively. €, is the relative dielectric constant of the ground. The ground scattering
matrix G is calculated from rough surface scattering models.

In this section, the mathematic solution of Bi-MIMICS RT equations are derived,
and the terms in the solution are analyzed for the physical bistatic scattering mech-
anisms. The implementation of the solution is then described in the next section.

2.2.2 Bi-MIMICS Model Implementation

2.2.2.1 Scattering Models For Canopy Compositions

For every type of canopy component, several analytical and empirical models are
provided for different regions of validity with respect to their shapes and sizes [50]

and they are adopted in Bi-MIMICS.

e Trunks are modeled as homogeneous dielectric cylinders with mean length [ and
mean diameter d. An appropriate approximation is derived from the infinitely

long large cylinder scattering model.

e Branch are also modeled as dielectric cylinders with mean length [ and mean
diameter d. Prolate Rayleigh spheroids are used to model small cylinders (I <<
A) such as small branches. For many types of intermediate size branches, a long
(I >> A) and thin (d << \) cylinder model is used. As for large branches, an

approximation of a infinitely cylinder scattering model is used.

e Leaves are modeled as dielectric circular disks with a thickness and diameter.
Two scattering models are used for leaves — an oblate Rayleigh spheroid or a
physical optics model, depending on the disk diameter d. If the disk diameter
is small compared to the wavelength (d << \), the Rayleigh spheroid model is

appropriate. otherwise, the physical optics model is suitable.
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e Needle are modeled as small cylinders, for which a prolate Rayleigh spheroid

model is used.

All the scattering models are parametrized by the canopy components’ shape, size
and orientation as well as the incidence and scattering angles and dielectric constants.
They provide the electrical field scattering matrices which are the bases for computing

individual extinction and phase metrics for all types of canopy scatterers.

2.2.2.2 Scattering Models For Ground Surface

The ground underneath the canopy layer is modeled as a rough dielectric surface
that is characterized by the RMS height and correlation length. Three rough surface
models, Geometrical Optics (GO), Physical Optics (PO), and Small Perturbation
(SP) model are provided to simulate different roughness scales of the ground. Surface
roughness and the observation angle and microwave frequency together affect the
scattering behavior of the ground. The GO model is usually appropriate for very
rough surface and the SP model is preferred when the surface’s correlating length is
small, while the PO model falls in the middle and is ideal for the intermediate scale
of roughness. The polarized electric field scattering matrix of the ground surface can
be computed by these models and as a result, the modified Mueller matrix of the
ground is obtained through Equation (2.6).

The bistatic scattering simulation of three rough surface scattering models has
been validated at X-band. The bistatic radar RCS measurements taken for surfaces
with artificial roughness using a 10 GHz bistatic system [14] are consistent with

rough surface models’ simulations.
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2.2.2.3 Permittivity Model

The dielectric constants of various canopy constituents are determined from their
moisture contents through analytical and empirical models. For canopy components
with known gravimetric moisture content and the dry material density, given the
environment temperature and the microwave frequency, their permittivities can be
calculated from the established relationships. So for the ground surface, since soil
usually contains major constitutes such as clay, sand and silt, the composition of
day soil and the volumetric moisture constant as well as the environment parameters
build the empirical model for the soil dielectric constant. The permittivities for

various canopy parts and soil can also be acquired during field measurements.

2.2.2.4 Model Parameters and Processes

Two angle parameters 6, and ¢, are added as compared with backscattering
MIMICS. In the calculation of the upward and downward extinction matrices for
the crown and trunk layers, both directions are needed instead of one direction as
in backscattering MIMICS. Therefore, four types of angle combinations are chosen
to calculate the attenuating extinction matrices: two upward directions (6;,0) and
(05, ¢s), and two downward directions (7—6;,0) and (7 —6;, ¢,). Similarly, this is also
done for the phase matrices. Four angle transformations are necessary to calculate
the phase matrices: from (6;,0) to (05, ¢s), from (6;,1) to (m — 05, ¢s), from (7 —6;,0)
to (05, ¢s) and from (m — 6;,0) to (m — 65, ¢s). When we calculate the A integrals,
unlike the backscattering case, the extinction matrices k before scattering are not
in the parallel direction to those after scattering, therefore the azimuthal symmetry
of canopy (i.e., kK(1o,0) = K(uo, 7)) is only valid for the special backscattering case,

and for the general cases both the angles of §; and # need to be calculated.
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The downward microwave intensities are reflected by the ground surface at two
angles related to the location from which the scattering happens: If the wave is first
scattered by the crown or trunk layer from (—p;,0) direction to (—pus, ¢s) direction
before it penetrates the canopy, the ground reflection angle is then 6, and the ground
reflectivity matrix is R(us). However, if the penetrating wave is first reflected by
the ground and then scattered by the vegetation layers, the ground reflection angle
is then 6; and the ground reflectivity matrix is R(yu;). For the crown double bounce
scattering mechanism, 6; is the first ground reflection angle and 6, is for the second
ground reflection. Therefore, two ground reflectivity matrices R(u;) and R(us) are
needed as compared to MIMICS, which only calculates R(u;).

In conclusion, Bi-MIMICS calculates the average bistatic extinction matrices and
phase matrices of the combination of scatterers in the crown and trunk layer, reflec-
tivity matrices and scattering matrices of the ground at certain angles, and then
places them together through proper attenuation and scattering to get the total

canopy transformation matrix.

2.3 Model Simulation Parameter Configuration

2.3.1 Sensor Parameters

We simulate the fully-polarized microwave scattering (HH, HV, VH, VV) for the
canopies at -, C- and X-bands using Bi-MIMICS. The frequencies are 1.62GHz,
4.75GHz and 10GHz, respectively. These frequencies are chosen for studying the
scattering from different part of the canopy, since L-band has the strongest penetra-
tion while X band is most scattered by the top part of the canopy, and C-band has
the moderate penetration and attenuation compared to other two frequencies.

Various bistatic observation angle combinations are simulated. Backscattering
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plane, specular scattering plane, and specular direction cone surface are paid special
attention because the trunk scattering is the strongest on these surfaces. When the
observation direction is outside of these surfaces, the trunk layer functions only as
an attenuating layer since the trunk scattering is very weak. The specular direction
cone surface is shown in Figure 2.5. The elevation angles §; and 6, change from 10°
to 70° while the azimuth angle ¢, rotates from 0° to 180° to cover the backscattering

and specular scattering direction.

-o.’-.---------'--..--.-.
O’ [] L]
(-------------

®

---------‘

- 4 o X o’
S

Figure 2.5: Specular Direction Cone Surface. Incidence angle §; = scattering angle
O, 0 > ¢, > 360° forms a cone surface.

2.3.2 Canopy Parameters

Two types of canopies are chosen for the bistatic scattering simulation. One is a
deciduous tree stand of defoliated aspen. The other is a conifer tree stand of white
spruce. The relevant canopy parameters are listed in Table 2.1. The canopy data are
collected from [86]. A Physical Optics (PO) model is used for the ground surface.

The orientations of the canopy branches are assumed to be uniformly distributed

in the horizontal direction. For the aspen stand, the branch angle probability density



34

Table 2.1: Canopy Parameters for Simulations

Parameters Aspen | White Spruce
Canopy Density 0.11m—2 0.2m—2
Trunk Height 8m 16m
Trunk Diameter 24cm 20.8cm
Trunk Moisture 0.5 0.6
Crown Depth 2m 11m
Leaf Density (gravimetric) 0 85000m™3
Leaf Moisture - 0.8
LAT (single sided) 0 11.9
Branch Density (gravimetric) || 4.1m™3 3.4m—3
Branch Length 0.75m 2.0m
Branch Diameter 0.7cm 2.0 cm
Branch Moisture 0.4 0.6
Soil RMS Height 0.45cm 0.45cm
Correlation Length 18.75cm 18.75cm
Soil Moisture (volumetric) 0.15 0.15
Soil % Sand 10 20
Soil % Silt 30 70
Soil % Clay 60 10
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Figure 2.6: Branch orientation pdf in the vertical direction of the aspen stand and
white spruce stand.

function (pdf) in the vertical direction is chosen as

in*(20 1
p(6,) = — S (20) :3—651114(296), 0<6, <

J;2 sin*(26,)do, @

b |

(2.19)

which results in a center at 6. = 7.
For the white spruce stand, the branch orientation pdf in the vertical direction

is chosen as
sin?(6,.) 2 .,
p(be) = T sin?(0,)d0, = —sin*(0), O<fe<m (2.20)
which is centered at 6. = 5. Figure 2.6 shows the pdfs of the branch orientation of
the two stands.

Trunk of both stands are vertical and orientation of needles of the white spruce
stand is assumed uniform in both the elevation and azimuth directions.

At an environment temperature of 20°C, the permittivities for the ground and

components are calculated and listed in Table 2.2.
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Table 2.2: Permittivities of Canopies

Stand Soil Trunk Branch Foliage

Aspen 5.99 -7 0.99 | 14.49 -j 4.76 | 10.19 -j 3.36 ;
White Spruce || 6.27 -j 1.55 | 16.45 - 7.31 | 16.45 -j 7.31 | 27.00 -j12.43

2.4 Simulation Results and Analysis

2.4.1 Comparison with Backscattering MIMICS

For each canopy and incidence angle, we compare the backscattering o° sim-
ulated by Bi-MIMICS and standard MIMICS. Two models provide the same re-
sults. Although we don’t have measured bistatic data and hence can’t validate the
Bi-MIMICS simulated bistatic ¢ with existing radar measurement, backscattering
MIMICS has been verified on actual forest inventory data and SAR data by over the
years [16,51,52]. The consistence between two models indicates that Bi-MIMICS is

an effective canopy scattering model for the special backscattering case.

2.4.2 Bistatic Scattering Simulation for A Aspen Stand

Based on the model input parameters, simulation of the SAR scattering at all fre-
quencies and polarizations is undertaken using Bi-MIMICS for multiple observation
angles.

The VV-polarized total scattering from the aspen stand is shown in Figure 2.7.
Subfigures 2.7(a) and 2.7(c) are for the backscattering and specular cases respectively,
when the elevation angle 0 is in the range of 10° to 70°. In Figure 2.7(b), the angles
0; = 30°, ¢s = 120° are fixed while 6, changes from 10° to 70°. Figure 2.7(d) plots
the observation made in the plane perpendicular to (65 = 6;, ¢s = 90°) the incident

direction. The figures show that the overall scattering in the specular direction
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is the strongest, as expected. Figure 2.7(b) indicates that this aspen stand is a
trunk-dominated canopy since we observe a scattering peak at 6, = 6; = 30°, which
includes the trunk’s contribution. At other angles of 6, the much lower level of
the scattering coefficient is from the crown layer and ground. Figure 2.7(a), 2.7(c)
and 2.7(d) also indicate the more canopy VV-polarized scattering occurs at higher
frequencies because of much stronger scattering from the trunk-ground interaction
and crown-ground interaction. However, the strongest direct crown scattering and
double bounce scattering between the crown and ground occur at C-band due to
lower volume scattering at L-band and more crown attenuation at X-band, which
is shown by Figure 2.7(b), the figure shows that C-band has the highest bistatic
scattering coefficient ¢ when the trunk scattering is not present.

As for the cross polarization, VH-polarized ¢° demonstrates a different canopy
response at the observation angles as shown in Figure 2.8. The component con-
tributions to the total scattering at L-band are shown in Figure 2.9. The C-band
VH-polarized backscattering RCS exceeds the X-band result (Figure 2.8(a)) in con-
trast to the other three configurations, in which the X-band gives the strongest
scattering coefficient. Figure 2.8 and 2.9 also demonstrate that crown-ground inter-
actions are the major part of VH-backscattering RCS, and C-band has the largest
value for moderate scattering and moderate attenuation compared to the other two
bands. The trunk-ground interactions provide little VH polarization scattering con-
tribution in the backscattering and specular direction as in Figure 2.9(a) and 2.9(c),
the trunk and ground scattering are two low to be shown in the figures. In contrast,
the trunk-ground interactions dominate the total scattering as in Figure 2.9(d).

Figures 2.10 and 2.11 present the HH-polarized component scattering contribu-

tions from the trunk, crown, and ground layer at L- and X-bands, respectively. Both
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Figure 2.7: VV-polarized canopy scattering cross section vs. scattering angle from

aspen for L-, C- and X-bands at (a) Backscattering plane. (b) 6; = 30°
and ¢, = 120°. (c) Specular plane. (d) Perpendicular plane (65 = 6,
s = 90°).
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Figure 2.8: VH-polarized canopy scattering cross section vs. scattering angle from
aspen for L-, C- and X-bands at (a) Backscattering plane. (b) 6; = 30°
and ¢, = 120°. (c) Specular plane. (d) Perpendicular plane (65 = 6,

b5 = 90°).
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Stand 1 | Stand 2 | Stand 3 | Stand 4
Trunk Diameter 24cm 30cm 24cm 30cm
Branch Diameter 0.7cm 0.7cm 0.9cm 0.9cm

figures show that the aspen stand is trunk dominated since the ground-trunk scat-
tering mechanism contributes most to the total scattering. Direct ground scattering
decreases when the scattering angle 6, increases. As for multiple frequencies, in the
backscattering cases, the ground scattering decreases when the frequencies increase,
but in the specular scattering cases, the figures show the opposite trend. Moreover,
at L-band, scattering at small angles 6, < 20°, the ground scattering contribution is
greater than the crown layer scattering in Figure 2.10(a) and 2.10(b) while ground
scattering is much lower than the crown scattering at X-band in Figures 2.11(a) and

2.11(b). The crown layer scattering is much stronger at X-band than at L-band.

2.4.3 Scattering Angle Sensitivity to Canopy Parameters

The bistatic scattering’s sensitivity to the canopy parameter changes is of great
interest in optimizing radar system designs. In this section, we change various canopy

parameters and analyze the results for L-band.

2.4.3.1 Aspen stands

In this experiment, we simulate the microwave scattering in a specular direction
cone surface (s = 6; = 45°, 0 < ¢, < 180°) for four aspen stands with different trunk
and branch diameters, which means the biomass of these four stands are different.
While the other parameters are the same as in Table 2.1, Table 2.3 lists the aspen’s

trunk and branch diameters.
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L-band HH-polarized bistatic simulation results for the four aspen stands are
shown in Figure 2.12. The direction ¢4 = 0 is the specular direction and ¢, = 180°
stands for backscattering. In the backscattering and specular scattering directions,
the changes of biomass can not be captured by the simulated scattering coefficient
0. However, large differences among the four curves are observed at the ¢, range
of 30° ~ 100°. Most of the differences of o are contributed by trunk and ground
interaction scattering. Figure 2.12 also indicates that they are trunk-dominated
canopies since the different branch sizes have little effect on the total scattering
level, which is the reason that we can not distinguish the two curves with same
trunk diameters but different branch diameters. Larger biomass density doesn’t
always generate high scattering coefficient as shown in Figure 2.12, where the stands
with small trunk diameters have larger o at angles of 30° < ¢, < 70° and 100° <
¢s < 120°. However, there is not significant improvement to distinguish four stands
using VV-polarized bistatic measurement as demonstrated by Figure 2.13, where the

difference between the four curves has a small dynamic range with respect to the

angle.

2.4.3.2 White Spruce Stands

A similar approach is applied to four white spruce stands as in the last section,
however, instead of changing the tree size parameters, we reduce the tree density
from 2000 trees/ha to 1000 trees/ha, 6667 trees/ha and 500 trees/ha. Therefore, we
have four stands of white spruce with the parameters listed in Table 2.1 except for
the tree number density. This experiment is to simulate the Forest density’s effect
on bistatic RCS. By decreasing the tree number density, we decrease the biomass

density of the stands. The L-band HH-polarized simulation results in the specu-
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Figure 2.14: L-band HH-polarized canopy scattering cross section vs. scattering an-
gle for four white spruce stands. s = 6; = 45°, and the azimuth angle
¢ is form 0 to 180°.

lar direction cone surface are shown in Figure 2.14.  The largest dynamic range
21.3dB occurs around ¢ = 30°, which indicates that for these four stands of white
spruce, the biomass differences can best be captured at ¢ = 30°. The dynamic range
for backscattering coefficients are 6.6 dB and 10.4dB for specular scattering. The
smallest dynamic range is found to be 2.1dB at ¢, = 90°, therefore, it would be inap-
propriate to place a receiver in the plane perpendicular to the incident direction for
HH-polarized scattering coefficients if trying to measure biomass. The VH-polarized
bistatic scattering coefficient is also shown to be sensitive to the variation of tree
density as shown in Figure 2.15.

It is note worthy that the increased biomass density does not always cause higher
microwave scattering. In Figure 2.14, the stand with the highest tree density has

the lowest scattering coefficient while the stand with the lowest tree density has the
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Figure 2.15: L-band VH-polarized canopy scattering cross section vs. scattering an-
gle for four white spruce stands. s = 6; = 45°, and the azimuth angle
@5 is form 0 to 180°.

strongest scattering coefficient. To explain this phenomenon, we need to probe into
the complete scattering process of the forest canopy.

Less dense crown layers cause less attenuation from the upper level canopy, more
energy can penetrate the crown layer and so the trunk layer’s contribution becomes
more important. As a result, we expect more scattering from less dense canopy
stands if large tree trunks are present. Moreover, with fewer trunks, the ground
reflection of the crown scattering experiences less attenuation, as does the double
bounce crown scattering component. In addition, there is more ground scattering
through the sparse canopies. All these factors together cancel the effect of the low
tree density, hence increasing the total canopy scattering.

Figure 2.16 shows the L-band HH-polarized canopy scattering component contri-

butions to the total scattering for all stands in the specular direction cone surface.
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In Figure 2.16(a), the large tree number density (2000 tree/ha) makes the stand a
crown-dominated canopy, and the scattering from the trunk layer and ground are
almost negligible. However, at half of this tree density (1000 tree/ha), the crown
layer scattering contribution decreases, while the trunk layer scattering contribution
increases, especially at small angles as shown in Figure 2.16(b). When we further
decrease the tree density (667 trees/ha), the trunk’s contribution becomes more sig-
nificant as shown in Figure 2.16(c). Finally in Figure 2.16(d), with only a quarter
of the original tree density (500 trees/ha), the canopy becomes a trunk dominated
canopy and the crown scattering becomes almost negligible. The ground surface
scattering also rises as we decrease the canopy density, however, it is still very low
compared to the trunk and crown layer scattering.

Not only do the canopies change from crown dominant to trunk dominant, the
four components of crown scattering contributions also change. We plot the compo-
nent contribution within the crown layer in Figure 2.17. As can be seen from Figure
2.17(a), direct scattering from the crown layer is the major contributor for the dense
stand, the double bounce effect is too insignificant to be shown in the plot. In
Figure 2.17(b), the direct crown scattering is still dominant, but the crown-ground
interaction scattering increases. In Figure 2.17(c), the direct scattering and the
crown-ground interaction are comparable for small ¢, angles. As in Figure 2.17(d),
the crown ground scattering exceeds the direct crown scattering for small ¢, angles
and the double bounce scattering is much higher. The ground-crown-ground double

bounce scattering is the weakest for all four cases.
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2.4.4 Discussion

We use the same canopy stands as in the technical report on backscattering
MIMICS [86] to validate our bistatic scattering model for the the special case of
backscattering. Simulation results by the two models are shown to be consistent.

Bistatic RCS provides significantly much more information about the mechanisms
of canopy scattering and composition compared to backscattering RCS. When 6, = 6;
is fixed and the azimuth angle ¢, is rotated around the target, the largest bistatic RCS
is generally found at the specular receiving angles. For the trunk layer, HH-polarized
trunk-ground interaction scattering is the strongest in the specular direction and
weakest around the plane perpendicular to the incident direction. In contrast, VV-
polarized trunk-ground scattering shows a slow decreasing trend as the scattering
angle ¢, changes from the specular direction to the backscattering direction.

Specular scattering from the rough ground surface is the greatest, whereas the
direct backscattering from the ground is the lowest. The rough surface also causes
more scattering at the small elevation angles (f; < 20°) and less scattering at the
large elevation angles (6; > 50°). The ground effect on the total scattering cross
section is larger at low frequencies where there is less attenuation by the crown and
trunk layer.

Bi-MIMICS shows distinct sensitivities to the dimensions, density, angular dis-
tribution, and permittivity of the forest components and also to ground surface
attributes. Changes of the parameters cause the canopy dominant components to
vary and the scattering compositions to change. Bistatic RCS offers more informa-
tion than backscattering RCS due to the additional dimensions. Model simulations
show that there are optimal angles for extracting canopy parameters that are supe-

rior to the backscattering angles, which are determined by the canopy composition
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and parameter distribution.

The simulation results presented in this chapter represent a first order RT-based
model. The current first order solution doesn’t include multiple scattering mecha-
nisms among scatterers; the coherent effects, such as enhanced backscatter, are not
therefore considered. However, multiple scattering among canopy elements is ex-
pected, particularly at high frequencies, where branch and foliage volume scattering
dominates, and may cause an underestimation of RCS at high frequencies.

At this moment, no actual bistatic SAR measurement data from vegetation are
available to us for comparison with the model’s simulation. Our future work includes
conducting bistatic radar measurements on scaled forest models using our existing

bistatic measurement facilities.

2.5 Conclusion

Forest scattering modeling provides a tool to study the relationship between
radar measurement and forest structures by simulating the scattering processing
of microwave interaction with different components of the forest. In this chapter,
we present a bistatic microwave scattering model, which complements the existing
backscattering MIMICS. It is based on RT theory and is designed to accommodate
the bistatic scattering simulation capability in anticipation of perspective bistatic
radar systems.

Bi-MIMICS simulates SAR bistatic scattering for forest canopies characterized by
input dimensional, geometrical, and dielectric parameters. As such, the model can
be used to analyze the relationship between canopy parameters and the scattering
coefficient, especially with the advantage of multiple observation angles. From the

model, differences in tree height, moisture content, and biomass can be simulated



53

by simply changing the model inputs and by analyzing the contribution of each
individual layer to the bistatic RCS.

Bi-MIMICS is parameterized to selected tree canopies with different canopy struc-
tures and density. A number of bistatic RCS values are simulated at various bistatic
angles. The simulation results demonstrate the bistatic scattering mechanisms and
the potential application of bistatic measurement. Scattering behavior of canopy
components are varied with respect to the bistatic geometry to show their respective
sensitivities.

Radar response at multiple measurement angles, in addition to multiple frequen-
cies and polarizations, can be used to study the potential retrieval of forest biomass
and other vegetation parameters, which is the goal of our ongoing work. Our future
work also includes performing laboratory bistatic measurement for model validation,
and extending the current solution to higher orders.

Bi-MIMICS prepares us for the next chapter, in which a multi-layer canopy scat-
tering model is developed and it accommodates the bistatic scattering simulation

ability.



Chapter III

MULTI-MIMICS FOR MIXED SPECIES
FORESTS

In this chapter, a multi-layer canopy scattering model is developed for mixed
species forests. The multi-layer canopy model represents nonuniform forests in
the vertical direction and provides a significantly enhanced representation of actual
complex forest structures compared to the conventional canopy-trunk layer models.
Multi-layer Michigan Microwave Canopy Scattering model (Multi-MIMICS) allows
overlapping layer configuration and a tapered trunk model applicable to forests of
mixed species and/or mixed growth stages. The multi-layer model is the first order
solution to a set of radiative transfer equations and includes layer interactions be-
tween overlapping layers. Bistatic scattering mechanisms are included in the model
as a successor to Bi-MIMICS. It simulates SAR bistatic scattering coefficients based
on input dimensional, geometrical and dielectric variables of forest canopies. Multi-
ple canopy layers are divided by vertically grouping the forest scattering components
with relatively uniform distributions and densities. The number of layers are decided
by the best representation of the actual canopy composition.

The first section in the chapter provides a brief background and motivation of

developing Multi-MIMICS. Section 3.2 presents the multi-layer canopy model and

54
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solves radiative transfer equations while Section 3.3 analyzes the first order Multi-
MIMICS solution and model’s applicability of complex canopy structures — over-
lapping layers and tapered trunks. The implementation of Multi-MIMICS is then

presented Section 3.4. Finally, Section 3.5 summarizes the chapter.

3.1 Introduction

Most existing canopy scattering models are developed for single stand canopies
and have therefore been validated on and applied to single forest stand or stands with
similar structures where a distinctive line can be drawn between the crown layer and
the trunk layer. The models are not applicable to forest stands of mixed species
composition and structure where multiple layers occur such as the overstory, under-
story and shrubs. For this reason, our research has focused on the development of a
multi-layer model, herein referred to as the Multi-Layer Michigan Microwave Canopy
Scattering (Multi-MIMICS) model. As it’s name suggests, the model is based on the
original two-layer MIMICS model. As with its predecessor and other models, the
canopy modeling still utilizes the discrete scatterer approach. However, the layers
are instead divided by vertically grouping the forest scattering components with rela-
tively uniform distributions and densities. The RT-based model can handle multiple
layers, with the number dependent on what best represents the actual canopy com-
position. Unlike other models, overlapping between layers is allowed and a tapered
trunk model has been introduced.

Multiple layer RT equations are generally used to study thermodynamics of the
atmosphere, which emphases the frequency dependence. The only other multilayer
canopy modeling we are aware of is of [62], which differs from Multi-MIMICS in the

following aspects:
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o Multi-MIMICS addresses the vertical heterogeneity of mixed-stand forests while
[62] emphasizes the multiple scattering for cross-polarized backscattering coef-

ficients o¥;

o Multi-MIMICS is the first order full polarimetric solution to the integral form
of the RT equation and is solved by an iterative approach. The solution also
contains several scattering terms that have definite physical interpretations.
Higher order solutions are necessary for more multiple scattering mechanisms
and have more terms in the formulation; the DOEM method uses the differen-
tial form of the RT equation and solves it directly. Multiple layer structure is
a necessity to build the differential RT equation. Although DOEM is free of
the limitation of order, its formulation cannot be decomposed into scattering
mechanisms nor readily interpreted. Furthermore, it only gives cross polarized

HV ¢° from the even mode solution; HH and VV ¢ are not provided;

e Canopy layers in Multi-MIMICS are allowed to overlap and therefore provide a
better representation of the vertical complexity of the canopy. DOEM, by con-
trast, divides the canopy for mathematical computation and does not include

overlapping layers;

e Tapered trunks are especially treated in Multi-MIMICS for correlated positions

among layers whereas DOEM doesn’t consider the correlation factor.

Multi-MIMICS simulates SAR bistatic scattering for forest canopies characterized
by input dimensional, geometrical, and dielectric parameters. As such, the model can
be used to analyze the relationship between canopy parameters and bistatic scatter-
ing coefficient, especially applied to natural forest where stands commonly contain a

mix of structures as a consequence of their species composition, growth stage, com-
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petition between individuals and environmental conditions (e.g., soil, topography).
The multi-layered nature of the scattering model means that Multi-MIMICS is a
more efficient realization of the actual forest structure and can be shaped for any
specific arrangement of forest parameters. From the model, differences in tree height,
moisture content and biomass can be simulated by simply changing the model inputs
and by analyzing the contribution of each individual layer, a better understanding
of forest composition effects on scattering coefficients can be gained.

3.2 Multi-layer Canopy Model and Radiative Transfer Equa-

tions

3.2.1 Mixed Forest Structures and Multi-layer Canopy Model

The motivation for developing multi-MIMICS is that the crown-trunk-ground
canopy model is too restrictive for actual forests, particularly those that are in a
relatively natural state. In these forests, a mixture of different tree species occur
and groups of these differ in their structural form. As a result, trees are of varying
density, size and height; trunks of taller trees overlap with the crowns of short trees;
extended trunks grow into crown layers. The understory level is typically composed
of saplings, immature trees and/or tall shrubs that are often completely submerged
under the canopy. In many cases, these can be divided further into two distinct layers
(crowns and trunks). Above the understory, several layers of trees may occur, with
each supporting a crown and trunk layer. Trunks and crowns may extend between
layers. In such cases, it is extremely difficult to describe the forest in terms of just
a crown and a trunk layer as the forest is simply too complex. The complex nature
of these mixed forests is highlighted in Figure 3.1 [7], which shows a picture of a
primary tropical rain forest. The forest would be vertically modeled as five layers,

which are the overstory, the canopy, the understory, the shrub layer, and the forest
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Figure 3.1: Layer properties of a tropical rain forest.
Source: http://www.mongabay.com/0401.htm.
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floor.

The conventional models are therefore inappropriate for application to natural
forests. For this reason, we develop the Multi-MIMICS model to remove the two-
layer canopy restriction. Furthermore, there was also a need to handle an arbitrary
number of layers depending upon the complexity of the forest. Rather than assigning
definite names to the layers, we chose to divide the forest volume into multiple
vertical layers and treat all layers as part of the vertical profile. Within each layer,
any combination of branches, foliage or trunks can occur. While the composition of
each layer is distinct from the others, the type and distribution of scatterers inside
each are considered to be homogeneous.

Multi-MIMICS allows overlapped layers to account for the situations such as the
mixtures of tall tree trunks and short tree crowns and trunk growing into crown.
Furthermore, instead of using a uniform stem truncated at the crown layer bottom
as in the Bi-MIMICS, a tapered trunk model is introduced by cascading layers with

increasing trunk radius.

3.2.2 Multi-layer Radiative Transfer Equations and First Order Solution

To solve the RT equations of Multi-MIMICS, we use an L-layer canopy over a
reflective ground surface model as shown in Figure 3.2. The depth of the [ —th layer
is denoted by d;. Overlapping layers are not included in the derivation of first order
solution. The incident intensity I; impinges on the top surface of the canopy at an
angle (0;, ¢;). To obtain the scattering intensity I;(fs, ¢s), we need to solve the RT
equations of all layers.

To describe the RT mechanism mathematically, we denote the upward radiation

intensity in each layer by I and the downward radiation intensity by I, with [ as
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Figure 3.2: Multi-layer canopy model. The canopy is divided into L layers with
labels 1,2,...I,..., L. The depth of the [ — th layer is denoted by d;.
Top canopy surface is located at z = 0 and the ground surface is at
—(dy +dy + ... + dr). The microwave incidence angle is (6;, ¢;) and the
scattering angle is (0, ¢s).
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the layer index. Similarly, ;" and ;" and P;" represent the upward radiation source
function, extinction matrix and phase matrix respectively; and F;” and ; and P,
are for downward expressions.

The radiation intensities in all layers of the L-layer canopy model make up a set
of RT equations. The interfaces among canopy layers and air-canopy interface are
assumed diffuse, thus we have the boundary conditions that the intensities across

the interfaces are continuous. These boundary conditions are

L (—ps, 05,0) = T (=i, §3, 0)8 (s — )3 (s — 1) (3.1)

I (—piey bes—2) = Tiy(—pespe—z) 1<I<L (3.2)
I (ps, bss—21) = R(us)Ip(—pts, @5, —21) (3.3)
T (60 —20) = Tyl 6o —2)  1<i<I (3.4

L(ps;0,0) = T (s, ¢s,0) (3.5)

Equation (3.1) indicates that the downward intensity at top surface of the canopy is
the incident intensity that impinges on the canopy. Equation (3.2) shows that the
downward intensities at the bottom of the up layer is equal to that at the top of the
lower layer. Ground reflection of the downward intensity is represented by Equation
(3.3). Equation (3.4) explains that the upward intensities are continuous across the
canopy interfaces and Equation (3.5) shows the upward intensity at the top surface
is the total scattered intensity.

By applying the boundary conditions, the downward intensity in Layer 1 is writ-

ten as

II(_M& ¢87 Z) = 6R1_Z/“Sli(_ﬂi7 ¢i7 0)5(MS - MZ)5(¢S - ¢Z)

0
+/ e“;(zle)/“sff(—us,¢s,z’)dz’ (3.6)



62

The first part in Equation (3.6) represents the extinction process in Layer 1 while the
second part shows the emission process. The incident intensity is attenuated along
the propagation path by extinction, and the emitted intensity by Layer 1 in the
desired direction is integrated over the depth of the layer. The emission is cause by
canopy scattering that transforms the wave intensity in all directions to the desired
direction.

The wave then propagates into Layer 2

p— _Zl — /
L (—pis, b5, 2) = € CPOIT (—pg b —2) + / e G0 T (— g, by, 2')d
= e EF e T (64, 00015 — 113)0(5 — )

0
+ en;(z+z1)/us / €7m;(zl+z/)/usff<_:usa ¢57 Z/)dz'

n
.
+ / efe G s (g, 2V AR (3.7)
z

Similar extinction and emission processes as in Layer 1 are applied to Layer 2, the
continuous boundary condition I3 (—ps, ¢s, —21) = Iy (—pus, ¢s, —21) is used as the

initial condition.
As downward intensity travels down into lower layers , the terms in the represen-

tation increases, in the 3rd layer

I?T(_:U“Sa ¢87 Z) = e (Z+22)/MIQ_(_/Li7 ¢i7 _22) + / e e )/Msffﬂ_(_ﬂsv ¢5, Zl)dzl

= el T (g, 0)6 (s — )35 — )
0
#em g g [ G E (60, 2)d7

—z1

e B S

22

+ / e“g(zle)/“sfg(—us, ¢s, 2 )d2 (3.8)

Finally, the total downward intensity in the bottom layer has L + 1 terms to ac-

count for the extinction attenuation and scattering of the incident intensity along
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the propagation path

I (—pis, @5, 2) = €™ CGT=0/e 0 (—piy by —2p 1)

—2r-1
_'_/ e Z)/Msj: ( s, Ps, 2 )

L—1
_ emZ(z+2L—l)/Hs ( H efnl_dl/ﬂs>1i(_ﬂi’ o, 0)5(/}% — ,ul)5(¢s — QZSZ)
m=1
L—1 0
+ emZ(z+2L—l)/HS ( H e*”fdl/NS> / 67'{1 (=142 )/‘usf ( s, (bs, )
1=2 A
L—1 —x
+ enZ(z-l-ZLfﬂ/Ms ( H 6_""l_dl/”s> / 6_&2 (z2+2' )/Msf ( Hs, ¢87 )
1=3 T2
4+ ..
—2r-3
+ e"‘"i(Z+ZL_1)/,LLse*h‘,z_ldL—l/Hs / €7K'L o (2L 242 )/,“'Sf ( s, (bS? )
—2L-2
—ZL-2
+ e (zHzr—1)/ns / e~ rL-1(zr—1+7 )/“S]: ( s, Os, 2 )
—ZL-1

—2p-1
+/ emn G Fr(— i, ¢, 2')dz

L—1
= et (T e 00 (g, 6, 0)3(sts — )30 — ) + €%+l
m=1
-1 L—1 et
m=1 l=m-+1 —Zm
—ZL-1
+/ er G e Fr(— g, ¢, ) d2 (3.9)
So at the ground surface z = —z, the downward intensity becomes
L (—ptos b =21 (He S =iy 60,03 (1 = 1)3(6 — )
L _ —Zm-—1
+ Z{( H ) / e Gt e (i, 64, 22| (3.10)
=1 l=m+1 —Zm

Ground specular reflection occurs at the ground surface z = —z by the reflec-
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tivity matrix R(ps), and the upward intensity in the bottom layer is

—kT (242 s
Iz<usa¢372) = e L(‘+ LVH Ii(__u57¢37__zL)
[ e g i 0,0 (3.11)
—zr,

where the initial condition I} (—us, ¢s, —21) is solve by

Iz<_ﬂs, ¢37 _ZL) = Rf(MS)IZ(_M& (bsv _zL> (312)

and the reflectivity matrix R (15) at incidence angle 6, of the specular ground surface

is given by

r2 0 0 0

0 |2 0 0
R(ps) = (3.13)
0 0  Re(ryry) —Im(ryry)

0 0 Im(r,r;) Re(r,r})
where 7, and r, are the specular reflectivity coefficients at vertical and horizontal
polarizations, respectively.

Like the downward intensity, the upward intensity undergoes the similar extinc-

tion and scattering process. The upward intensity in Layer L — 1 is

— + ZTZ2[,—
Iz_—l(usagbsaz) = ¢ Froa (e 1)/MSII(MS7¢S7_ZL—1)

+/ 6—'@271(2—2’)/us‘7:£r_1(us’ s, z’)dz'

ZL-1

= 67“2—1(Z+ZL—1)/HSeimz(ZJrZL)Rf(MS)IZ(_,UJsa ¢87 _ZL)

—1
o) / e R T (g, ¢y, 2)d2!

-z

2L

n / e REA =N EE (4 b ) (3.14)

2L—1
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Then in the next upper layer, four terms are in this layer’s RT equation

-kt (z4z_
IJLr72<:u87 (bsv Z) = e L_Q( e 2)/HSIZF—1<M37 (bs; _ZL72>
+ / e_nz_Q(Z_z,)/usfz_,2<us7(bs,Z,)dZ/
—ZL-2

= e i) e L il SR IR ()T (— g, b, —21)

—kT_(z4zr_2)/ps ,—KT_dr_1/p e KT (zL_1+2") /s T+ / /
+ e Fr-2 —2)/Hs gm L1 FL-1/Ms e"L\FL- *F (s, ¢s, 2')dz
o
—K]_,(ztzr_2)/ps T ki (zp—at2')/ps T+ NA S
+e -2 efL-1 F i (psy ¢s, 2")d2
—zZL-1
+/ 6_”2—2(2_2/)/“5.7-"272(%,¢s,z')dz’ (3.15)

—ZL-2
Finally, the total upward intensity in the top layer is composed of L + 1 terms
representing the extinction and scattering of the reflected intensity along the propa-

gation path:
L
etz —wtdy s _
Iii_(:usv ¢37 Z) = e ™ (een)/us (H e "™ i/ )R(NS>IL<_,LL37 ¢S7 _ZL>
1=2

L m—1 — Zm—
Y {( [T ) / e s (4 8 T

m=2 = —Fm

+ / e_”T(Z—z/)/MSff‘(MS, Os, z')dz' (3.16)

Then, the canopy scattered intensity is the upward intensity at the top surface

z=20. In (3.17), it is written in terms of the incident intensity, extinction matrices,
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reflectivity matrices and source matrices.

L
I} (s 66,0) = e (T JROuT, (o 05, —21)
=2

L m—1 —Zm—
- efnrdl/“ Z [< H 67Rl+dl/#s> / | en;tl(zm_lJrZ/)/“Sfrt(Msa ¢87 Zl)dz

m=2 =2 —Zm

0
[ i
( e_lﬁfdl/ﬂ> R(MS>IZ<_,U, Os, —ZL)
m=1
L m—1 1
+ Z ( H e dl/u) / 6n$(zm71+2,)/ufnt(uv Gs, Z,)dZ,:|
m=1 m=1 —Zm
L L )
- ( H ek dz/us) ,us)< H ek dz/us)Ii(—,ui, ®i,0)0 (s — 113)0(ds — )
m=1 m=1
L L I
F(TLe )R Y [( [T )
m=1 m=1 l=m+1
21
/ R CTRENET ]
; m—1 S
+ Z |:< H K‘jdl/ﬂs> / e’ﬁrn(zm1+z’)/#sf’;r|;(ﬂs’¢s’zl)d2/:| (317)

=1

The first term in (3.17) accounts for the round trip extinction and ground reflection
effects on the incident intensity; the second term is the sum of the reflected downward
intensity that is scattered by all the layers, it also has been attenuated because of the
extinction along the radiation path. The last term is the sum of all the attenuated
upward scattered intensity by all the layers.

To solve these 2 x L RT equations, we use an iterative approach. The The iterative
approach is chosen for two reasons: (1) It is easy to understand and be implemented
for the lower order solutions; (2) The solution can be decomposed to several parts
which have physical interpretations, therefore, the physical scattering mechanisms

can be separated and readily analyzed. The drawback of the iterative approach is
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its high computation cost for higher order solutions.

zeroth-order solutions is obtained by setting all the source matrices to be zero.
Then the zeroth-order source matrices can be obtained by taking the zeroth-order
solution into the RT equation set, which in turn gives the first order solution. Higher
order solutions can be obtained by the same approach.

First, source matrices in all canopy layers are set to be zero
Fr=F"=0 1<I<L (3.18)

and get the zeroth-order solutions

O™ (g, b5, 2) = €™ /B T(—ps, 01, 0)8 (s — 11)8 (s — ;) (3.19)
-1

197 (<, 65, 2) = en;<z+zzfl>/us( 11 e—n:ndm/us>
m=1

Li(—=pi; 63, 0)0(ps — p)0(¢s — @) 2<1<L—1 (3.20)

L-1

197 (p,¢,2) = en;<z+zL_1)/u< I1 em@%/u)

L (s 60, 0)6(st — )3 (62 — ) (3.21)
IO (. b, 2) = e—nf(wm/usmus)( ﬁ e—n;dm/us)

T (s 60, 0)6 st — )36 — ) (322

L L
I(O (Msa ¢87 ) = e " (Z-l—zl)/uS( H e_'{%dm/us)R(us)( H e_nr_ndm/ﬂs)

m=Il+1 m=1

Li(—pi, i, 0)6(ps — p1i)o(ps — i) 2<1<L—1 (3.23)

L L
(0 (5 2) = et o ([ et R [T o)

m=2 m=1

Li(—pi, 61, 0)0 (15 — p:)0(ds — 1) (3.24)
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Then the zeroth-order source matrices can be obtained by taking the zeroth-order
solutions into Equation (2.8), which integrates the scattered intensities from all the
incidence directions (p/,¢’). In the top layer, we get the upward and downward

zeroth-order source matrices

2 1
FO* (i, 64, 2) = — [ [ [ Prissant o oo 2y
s 0 0
2 1
+/ / Pl(,um(bs;_,ulu(b/)lg())<_M/7¢Iaz)dQI:|
0 0

L L
1 -

= — [771(%7%;/%@)6“T(”Zl)/“i( | | e""%dm/“i)R(M)( | | e””‘mdm/“i>
Hs

m=2 m=1

_'_Pl (:usu (bsv —HMi, ¢i)emlz/”i:| Il(_,ulv ¢i7 0) (325)

B 1 2T 1 . .

fl(O) (_,um (bsu Z) = M_ |:/ / P1<_,M3, (bs, ,U/, (b )IgO)Jr(,LL , (b/, Z)dQ/
s 0 0
27 1
+ / / P1<_Msa (bs; _/~L/7 Qﬁl)IgO)i(_:ulu (b/v Z)dQ/:|
0 0

1 L N L )

- [n(—us, Oui iy @i)e "t o/ (T et )R () (T )

s m=2 m=1

FPL(—pss s — iy @-)e”lz/”i] L(—pi, ¢:,0) (3.26)

The scattering contributions from both the upward and downward intensities are
included in the above source matrices. Similarly, the zeroth-order source matrices in

Layer [ (2<[I<L—1) are

1 2T 1 ,
‘E(O)+ (:usu (bsa Z) = ,u_ |:/ / Pl(,um (bsa ,M/, (b/)Il(O)Jr(:u ) ¢/7 Z)dQ/
s 0 0
2 1
+ / / Pl(um (bs’ _:ula ¢/)Iz(0)7<_ﬂ/a (blu z)dQI:|
0 0

L L

_ 1 |:PI<M57 B i, Gi)e " 20 /’“( H e*”mdm/“l) (,uz)( H e”"";dm/“i>
s m=Il+1 m=1
-1
+Pi(ps, @s; —Mu@')emf(zﬂl 1)/”1( €Kmdm/“2>] Li(—pi, ¢4,0) (3.27)

=1

3
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B 1 2 1 . .
f‘l(O) <_:u87¢s7z) = ,U_ [/ / Pl<_,us,¢s;,u/,(b>]:l(0)+<,u ,(b/,Z)dQ/
s 0 0

21 1
+1/ L/ Pm—um¢g—¢ﬂ¢ﬁ1?)(—uﬁ¢@@d91
0 0

e 0| e O LI 0 ) e

m=Il+1 m=1
+Pi(— s, Ps; —fhi, ds)e™ (ZJer*l)/“i( enmdm/m)] Li(—p4, ¢, 0) (3.28)
m=1
Similarly, in the bottom canopy layer
Fi" (s, 64, 2) —M[/ /Pum%w¢ﬂm(’¢@m’

21
+/ /PL(MS,cbs;—u’,aS’)If)_(—u’,cb’,Z)dQ/}
0 0

L
1 - ,
= — [PL(/Js, Gs; iy Pi)e —rp (et R ( H e ""”dm/m)

S

m=1
L—-1 -
+PL<,U57 ¢37 — M, (bz) L (+ze-1)/mi < H enmdm/“i>:| IZ<_M27 (biu O) (329)
m=1

B 1 21 1 .
fg)) <_:LL37 (bsv Z) = ,u_ [/ / PL<—,LL3, (bs; M/, (b/)I(LO)Jr(,u , (b/, Z)dQ/
s 0 0
2 1
+ / / PL<_MS7 (bsv _:u/7 (bl)Ig])i(_:u/? ¢/7 Z)dQ/:|
0 0

L
1 - ,
= — |:7DL<_,LL37 Gs; i, Oi)e i (1) /R < H e ’"“md’”/m)

s m=1

APL(— s, i — iy @)e””i(”“*”/“i( H e—”mdm/ﬂi)} L(—pi, ¢:,0)  (3.30)
m=1

By submitting the source matrices in the 2L equations (3.6) to (3.17) with the

above zeroth-order results, the first order Mi-MIMICS solution for downward inten-
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sity in the top layer is given by

II(_M& (bSv Z) = {€H1Z/“85(/~Ls - Nz)é((bs - ¢z)

1 o
+— |:/ el (z—= )/HSP1<—,LLS7 ¢s; i (bz) —kf (242 /,uldz:|
Us | Jz

L L
_""'rtzm i i —Kmdm /i
<nHe d /u)R(MZ)q—[le d /u)

A
_'__
Ihs

Il
N\.>M
S

et Gy (— iy, by — i, ¢¢)e”1z'/‘”dz/] }I@-(—u@-, ¢;,0)

(3.31)

and for the bottom layer, the downward intensity is

L—-1
L (~ 0,60, 2) = {eW“L—ﬂ/ﬂs (L ) aps = n)d(6 = 1)

L—1 L—1
+ eKBZ(Z"-ZL—l)/Ms Z {( H e_”fdl/ﬂs) [

—2Zm-—1
i |:/ efny_n(szrz’)/HS'P ( Ibs, gb&u“ ¢z) —i; (2 +2m—1 /Md2:|
Us | J =z,
L L
+ —
< H ek dz/#z’)'R,(,ui) ( H e dl/“i>
I=m-+1 e
1 —Zm-—1 ~ /
+ — {/ e rm(zm+z )/ust(—us, Gs; —Ihi ¢z) K (2 +2m—1 /“'dz}
Us | J—2,,

R(Nz‘)( ﬁ ¢~ rmn/ ’“’)

—z_
+ i |:/ 1 GK’Z(Z_Z/)/MSPL(_Ms, ¢S7 /"le ¢Z) K"L (Z +zr_ 1)/u1d2:|
Us | J2

L-1
( H efnfndm/m) }Ii(—,ui, ¢:,0) (3.32)
m=1
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Therefore, the downward intensity at the ground surface z = —z, is
L —
L (—pes 60 —21) = { (T e/ )atuas = 1) — 1)
m=1

v i{( ﬁ e—nldz/us)[

(ml €Kld’/m)] } } L;(—pi, ¢4,0) (3.33)

The L — th layer’s upward intensity after the ground reflection is then

kT (242 s —
Iz(:usu (bsu Z) =e L( 2L R(/’LS)IL(_ILLS7 (bS’ _ZL)

+{i |:/ efmi(zfz/)/ﬂs'PLQus’ ¢s; [ ¢i)emi(zl+ZL)/ﬂidz/:|
el .,

R(ju) I enn /i)

m=1

1

—l——{/ ,RL(Z 2 /usPL(,us,qbs, — 15, b5 )e K’L(ZIJFZL—l)/l‘idz/:|
s | J—z,

L—1
( H emmdM/“i)}Ii(_Mh(bi’O) (334)
m=1
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Then in the top layer, the upward intensity is given by

L
—kT (2 21 s 7"‘7:& m/ s -
I (15, 05, 2) = e~ o0l (T emshe i ) R(u, ) (—pas, 6, —21)

m=2

L m—1
+{€"‘1 (z+21)/ s Z {( e ki dl/#s) [

=2

i [/zm_l enfn(zm_wz/)/uspm(us, Qs hi (bi)enin(zurzm)/mdz,]
Hs | J=

Zm

L L
—K; di /i ) —ky di/pi
(T o ([Te)

l=m+1

+i |:/Zm 1 en?n(zm_lJrz/)/ust(MS’ bs: — i, ¢i)eK%(Z/+zm_l)/“idz/:|

i)

+— |:/ e*ﬁf(zfz’)//ispl(,us, ¢s; i ¢z) —kf (221 /,uldz }
-z

1
s
L L
( H 6_&%dm/ui>R(Mi)( H e_""'fr_ndm/lii>
m=2
1
s

m=1

4+ |:/ e—nf(z—;/)/uszpl(,us’ ¢8; — ¢i)en;z//uidzl:|
—z

} : Ii(_um o, 0) (335)

Set z = 0, the upward intensity at the top canopy surface is solved

L
I (s 60,0) = ( [T e/ )R(uG (~ 110y 60, —21)

m=1

n {i { (nﬁl e—nfdz/us> [

=1

—Zm-—1
/ Gnr”(zm71+2/)/us (Msa ¢57 Mm gbz) z +Zm)/uld2’ :|

(m—l e"”vzdl/ﬂz)] }} - Li(—pi, 04, 0) (3.36)
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A transform matrix Zeanopy (ts, Ps; — i, i) is defined as

(s, 5,0) I (ps, 65, 0)

canopy(,usa (bs’ Hi (bl) Il(_,uza ¢i7 0) Il(_:u“ (bl'? O)

(3.37)

From Equations (3.33), (3.36) and (3.37), the total canopy bistatic scattering

transformation matrix Zenepy (s, @s; — i, ¢;) can be organized as

Zanopy(usa ¢87 — M, gbl) =

( ﬁ e"‘fdl/us>7'\’,(us)< ﬁ e"’vl—dl/us)(i(us — 1:)0(s — ;)

L L i L i [
+ 2{(}16 d “)R(Ms)(lgle d “)

| = 3
i

|:/—Zm1 e—K‘,»;I(ZM"'ZI)/uSPm(—l[,Ls’ ¢s7 i, ¢i)e—ﬂﬁ1(zl+2m)/uid,21:|

Zm

ﬁ e—”frdz/ui>R(Mi)(ﬁ e—ﬁq_dl/uz)

=1

—Zm-—1 -~ ,
- [/ e P, (—pug, s —pui, )l T Hom ”“Zdzl
ps L),

1)

|- 7 F
Il

3

+

—

VS

1 =1
i [/—Zm 1 Rm(zm 1+2! )/us (Ms>¢37ﬂz, ¢Z) (z +Z'”)/‘“dz}
Hs L J—2,
L
( x dl/uz)n(ﬂi)( 11 e—nl_dl/M)
I=m+1 et
1 —Zm-—1
+ M_ |:/ K (Zm—1+2")/ s (M&‘bm — 11, (b ) K (2" +2m—1 /“Zdz:|
m—1 "
( H e"‘z—dz/ui>] } .
=1

The above solution is rearranged in the form of Equation (3.39). It shows that in

addition to the specular refection part by the ground surface, every layer contributes
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to the total canopy scattered intensity in four ways:

Zanop!/(/isa (bs; —Hi, ¢z) =

( ﬁ e—nmm/us) < ﬁ e nmdm/us> (s — 1)0 (s — )

m=1

+ Z [ gmg Msa‘bsa Mu‘bz) + 7, g(ﬂsa‘bsa ,uia(bi)

+ ,Tgm</~bsa ¢su — M, ¢l) mdzr (Msa ¢su —His ¢l>:| (339)
where 7,  is the contribution of Ground reflection — Canopy scattering — Ground
reflection mechanism by the m — th layer.

Tgmg(ﬂs’¢s; — iy ;) = S(He'ﬂ dl/#s) (Ns)( ﬁ efn;dl/'u,s>

l=m+1

Agmg 15, 65 115,69 I e—“?dl/“i)wi)(f[e—“f W) (340)

l=m+1 =1

The factors in the above product explain the scattering mechanism in the order of

from right to left

L —

® [ e %/r: Product of transmissivity values from the top to the bottom lay-
=1
ers. The downward intensity is attenuated by this amount in the incident di-

rection (—p;, ¢;) as it passes through all the L canopy layers. For vector expres-

sions, the indexes of transmissivity matrices follow the order L, L —1,--- ;2 1.

) Y

@ R(u;): Reflectivity matrix at the angle of 6; since the wave intensity remains

in the original incident direction when it reaches the gourd surface.

® ]I e~ di/ui: Product of transmissivity values from all the layers underneath
l=m+1
Layer m. The reflected intensity is attenuated by this amount in (p;, ¢;) direc-

tion as it passes through all those layers. For vector expressions, the indexes

of transmissivity matrices follow the order m +1,m+2,--- | L.



75

@ Agg(pis, ds; i, ¢;): The upward intensity reflected by the ground reaches and
is scattered by the m —th layer into (—pus, ¢s) direction and becomes downward

again.

L —
® J] e %/ks: Product of transmissivity values from all the layers underneath
l=m+1
Layer m. The reflected intensity is attenuated by this amount in (—pus, ¢5)

direction as it passes through all those layers. For vector expressions, the

indexes of transmissivity matrices follow the order L, L —1,--- m+2,m + 1.

® R(us): Reflectivity matrix at the angle of 6, since the wave intensity is in the

direction of (—us, ¢s) when it reaches the gourd surface.

L
@ ] e~ di/is: Product of transmissivity values from the top to the bottom
=1
layers. The upward intensity is attenuated by this amount in the scattering

direction (s, ¢s) as it passes through all the L canopy layers. For vector

expressions, the indexes of transmissivity matrices follow the order 1,2, -+, L—
1, L.
T,ng accounts for Canopy scattering — Ground reflection contribution by the
m — th layer
1 /¢ L
ng(lusa ¢Sa — M, ¢Z) = ( H 6_&?dl/MS>R(MS) ( H e dl/l"s)
Fs M35 l=m+1
m—1
Anmg (s, Gs; i, @-)( [[e™ d”“i) (3.41)
=1

The factors in the above product explain the scattering mechanism in the order of

from right to left as follow

m—1 _
® JJ e /1 Product of transmissivity values from the top to the (m — 1) —
=1

thlayer. The downward intensity is attenuated by this amount in the incident
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direction (—p;, ¢;) as it passes through all the L canopy layers. For vector
expressions, the indexes of transmissivity matrices follow the order m — 1, m —

2, ,2,1.

@ Apg(pis, ¢s; pi, ¢i): The incident intensity reflected by the ground reaches and
is scattered by the m — th layer into (—pus, ¢s) direction and still propagates

downward.

L —
® [ e " %/ks: Product of transmissivity values from all the layers underneath
l=m+1
Layer m. The scattered downward intensity is attenuated by this amount in

(—ps, ¢s) direction as it passes through all those layers. For vector expressions,

the indexes of transmissivity matrices follow the order L, L—1,--- ,m+2,m+1.

@ R(us): Reflectivity matrix at the angle of 6, since the wave intensity is in the

direction of (—us, ¢s) when it reaches the gourd surface.

® zﬁ e~ di/is: Product of transmissivity values from the top to the bottom
=1
layers. The upward intensity is attenuated by this amount in the scattering
direction (pus, ¢s) as it passes through all the L canopy layers. For vector
expressions, the indexes of transmissivity matrices follow the order 1,2, - L —

1, L.

T4 is the complement of 7,4, it shows how the incident intensity is first reflected

by the ground and then scattered into the direction (s, ¢) by the m — th layer

m—1
%m(ﬂs, ¢5§ — M, gbz) = ,ui ( H einrdl//ls)Agm(:usa ¢s; Hi, gbz)
Ll:1 L
< H e—nfdz/ui)R(M) < H e—nl_dz/ui) (3‘42)
I=m+1 =1

Similarly, this scattering mechanism can be explained by terms of the factors in th

product
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L —

® [ e " %/r: Product of transmissivity values from the top to the bottom lay-
=1
ers. The downward intensity is attenuated by this amount in the incident di-

rection (—pu;, ¢;) as it passes through all the L canopy layers. For vector expres-

sions, the indexes of transmissivity matrices follow the order L, L —1,--- ;2 1.

@ R(p;): Reflectivity matrix at the angle of ; since the wave intensity remains

in the original incident direction when it reaches the gourd surface.

L

® ]I e~ di/ui: Product of transmissivity values from all the layers underneath
l=m+1
Layer m. The reflected intensity is attenuated by this amount in (y;, ¢;) direc-

tion as it passes through all those layers. For vector expressions, the indexes

of transmissivity matrices follow the order m +1,m +2,--- | L.

@ Ay (s, ¢s; 1i, ¢i): The upward intensity reflected by the ground reaches and
is scattered by the m — th layer into (us, ¢s) direction and still propagates

upward.

® ml:ll e=ri i/ #s): Product of transmissivity values from layers above the m — th
=1
layer. The upward intensity is attenuated by this amount in the scattering
direction (us, ¢s) as it passes through all the L canopy layers. For vector ex-
pressions, the indexes of transmissivity matrices follow the order 1,2,--- ,m —

2,m — 1.

T4 stands for the direct scattering by the m — th layer

m—1

m—1
1 et e d
deir(,us’ ¢s; — M, ¢Z) = ,U_< H e dl/#S)Amdir<,u57 ¢37 Hi, (bl)( H e dl/ul)
=1 =1

(3.43)

where the product can be decomposed into
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m—1 _

® JJ e %/r: Product of transmissivity values from the top to the (m — 1) —
=1
thlayer. The downward intensity is attenuated by this amount in the incident
direction (—p;, ¢;) as it passes through all the L canopy layers. For vector

expressions, the indexes of transmissivity matrices follow the order m — 1, m —

2, ,2,1.

@ Aair (s, ¢s; i, ¢;): The downward incident intensity reaches and is scattered

by the m — th layer into (us, ¢s) direction and becomes upward.

m—1

® ] e di/ #s): Product of transmissivity values from layers above the m — th
=1
layer. The upward intensity is attenuated by this amount in the scattering
direction (us, ¢s) as it passes through all the L canopy layers. For vector ex-

pressions, the indexes of transmissivity matrices follow the order 1,2,--- ,m —

2,m—1.
In Equations (3.40) — (3.43),

TAm—1 — / /
Agmg(ﬂsv ¢s; M, ¢Z> = / e—nm(zm—I—z )/MS,Pm<_/~L37 ¢s; M, (bi)e_nﬁl(z +am)/wi dZ,

Zm

(3.44)
Ang(bs, Gs3 11 ¢3) = /Zm_1 e Em T D (s — g, et em =)
(3.45)
Agrfa: & 1 i) = /zm_l enmzm_lﬂ/)/uspm(ﬂs,<Z5s;/iz‘,¢z‘)€’“$(z'+%)/wdz’
(3.46)
At G5 b 3) = /_zm1 e Gt 1D (1 b —pug, @) e em=1) /iy
(3.47)

Agngs Amg, Agm and A4 represent the scattering processes in Layer m caused

by all the components respectively, where the terms of P, (us, ¢s; i, ;) are source
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function computed from the modified Mueller matrices, the argument inside indicates
the wave intensity is scattered from (pu;, ¢;) direction to (s, ¢s) direction.

The total contribution by the m — th layer is denoted by 7., (ps, ¢s; —pti; &;)-

Tm(,usa gbs; — M, gbz) - %mg(,usa ¢5§ — M, gbz) + ng(,usa ¢5§ — M, gbz)

+ %m(ﬂsa ¢57 _Mia gbl) + dei?"(l’bsv ngﬂ _Mi7 ¢’l) (348)

The incident intensity is also scattered by the underlying ground surface when
it propagates downward to the ground, which then propagates upward back to the
air. The ground direct scattering can be written in a similar way as the specular

reflection part by using a bistatic scattering matrix G(us, ¢; — s, ;)

Ty(pss &5 —pis @) = ( ﬁ G_RM’”/”S)Q(Ma G5 —Hi ¢z)< ﬁ 6_&;%/%) (3.49)

m=1 m=1

where G(us, ¢; — i, ¢;) is given by the roughs surface model of the ground.
The total bistatic scattering from the multi-layer canopy over a ground surface

is obtained by adding 7; t0 Zeanopy

Tiotar (fhs, @3 — iy &i) = Teanopy(ths, @5 — iy §i) + To(pis, &5 —pti, Gi) (3.50)

which is the direct first order RT equation solution.

3.3 Multi-MIMICS Model Development

3.3.1 First Order Multi-MIMICS Scattering Mechanisms

The first order solution demonstrates there are four scattering sources in each
layer (Figure 3.3), which similar to those in the crown layer of Bi-MIMICS but with
different propagation path and transmissivity matrices.

Since single trunk layer no longer exists in Multi-MIMICS and trunks are treated
as other scatterers, there are four scattering mechanisms provided for trunk struc-

tures. However, because we model the trunks as vertical large cylinders, the model
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Figure 3.3: Four scattering contribution from each Layer according to the first order
Multi-MIMICS solution. 1: scattering by this layer and double reflections
by the ground; 2 and 3: scattering and reflection interactions between
the canopy layer and the ground; 4: directing scattering by this layer of
canopy. All four terms are attenuated along the propagation path by the
upper and lower layers.

results show that strong scattering only exists in the forward ans specular directions,
and scattered intensity in other direction are negligible, therefore, two in four of the
mechanisms — direct trunk scattering and double ground reflection scattering are
zeros. The other two remaining mechanisms are consistent with those in Bi-MIMICS.

Multi-MIMICS accommodates bistatic scattering configuration, so an additional
term representing the coherent specular ground reflection exists in the specular direc-
tion. The ground scattering is also stronger in the specular direction than backscat-
tering. A combination of the rough surface models is used for the ground surface
scattering.

The total canopy scattering is the sum of all layer contributions and direct scat-
tering from the rough ground. In Multi-MIMICS, as in Bi-MIMICS, the extinction,
source and phase matrices are calculated as the statistical average over the type,

quantity, size and orientation of the scatterers in each layer.
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3.3.2 Modification for Overlapping Canopy Layers

For nonuniform canopies, overlapping between trunks of tall trees and crowns of
short trees are common in mixed forest species as shown in Figure 3.1, another ex-
ample for overlapping is trunks extending into crowns such as pine trees and spruces.
Therefore, the scattering from each layer is no longer independent of the other layers
and the solution derived in the previous section is insufficient.

When canopy layers are overlapped, the direct first order solution needs to be
modified. An example of two overlapping canopy layer is shown in Figure 3.4. Each
layer contains certain type of the scatterers, the extinction and phase matrices can
be solved within each layer as if they were not overlapped. When two layer are
place together, the upward and downward intensities of two layer are added together
in the overlapped part, moreover, the wave propagates through or being scattered
in three different regions, scattering can occur in the upper layer, overlapped layer
or the lower layer. Because of RT theory, the extinction and scattering effects in
the overlapped part are assumed to be enhanced and they can be added together
incoherently. The overlapped part of the two layers can be treated as an additional
layer, which contains more types of or more scatterers. Without taking into account
multiple scattering, it can be concluded that the upper and lower layers maintain
the original attenuation and scattering properties and the extinction and phase ma-
trices in the middle layer are the sums of the top and bottom layers. The two-layer
structure therefore becomes a three-layer system and hence the first order solution
can be applied. As shown in Figure 3.4, the original top layer [ has extinction
matrices k(L ¢;), Ki(Eus, ¢s) and phase matrices Py(Fps, ¢s; £, ¢;), while the
scattering properties of the bottom layer | + 1 are ki1 (Fpuq, ¢;), Kip1(Eus, ¢s) and

Pri1(Eps, ds; £, ;). In the new three-layer system, the additional middle layer’s
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extinction matrices are then w; (£, ¢;) + K1 (i, 0:), Ki(Ehs, Os) + K1 (Eps, s
and its phase matrices are Pj(tpis, Os; Titi, &;) + Proa(Epis, ¢s; £, ;). The scatter-
ing properties in the upper and lower layer keep unchanged. We can easily extend
the solution to the case of three or more overlapping layers.

In this approach, scatterer are assumed independent among layers and interac-
tions between scatterers (higher order scattering mechanism) are ignored. However,

more consideration are needed for future higher order Multi-MIMICS development.

3.3.3 Tapered Trunk Model

Instead of using an approximate uniform trunk truncated at the crown layer bot-
tom as in Bi-MIMICS, we use a tapered trunk by cascading layers with increasing
trunk radius. As the trunk position is correlated among layers, the multi-layer solu-
tion cannot be applied to cascading trunk layers and a correction factor is therefore
introduced. The particular advantages of using a tapered trunk model are that the
actual forms of tree trunks are better represented and the trunks are able to grow
into the crown layer rather than be truncated at the interface of the two layers.

Using RT theory, the extinction matrix and phase matrix are given in terms of the
electric field scattering matrix Ss«o. For a long cylinder, the approximate expression

modified from an infinitely long cylinder is used such that [69]:

S2><2<1/}i7 ¢/) = Q(wu ws) : Soo<wia (b,) (351)

where 1); is the between the plane perpendicular to the cylinder axis and the direction
of the propagation of the incident electric field and 1), is the angle between this plane
and the direction of the propagation of the scattered electric field, ¢’ is the azimuth
angle of the scattered field in this plane. S (1;, @) is the scattering matrix obtained

from an infinity long homogeneous dielectric cylinder. Q(w;,1)5) is the factor to
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Figure 3.4: Propagating intensities in two overlapping Canopy Layers, the over-
lapped part of the two layers can be treated as an additional layer, which
contains more types of or more scatterers. The extinction and phase ma-
trices in the middle layer are the sums of the top and bottom layers.
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transform the scattering matrix of infinite long cylinder to the finite length cylinder

and is given by

iH cosps | sin[ko(sin v + sin ) Z]
Q(i, ¥s) = . —— (3.52)
T COS Y; ko(sin v; + sin ) 5
where H is the trunk height.
In both the cases of forward scattering (s = —1);, ' = ) and specular scattering

sinfko (sin ¢ +singps) 2]
ko (sin i +sin s ) %

(s = —10;, ¢’ = 0), the argument of the sinc function is zero and

1, then Equation (3.52) reduces to

SQXQ(wia ¢,) =iH - Soo(wza gb,) (353)

Since effect of trunk’s height on the scattering model is of our interest, other
parameters can be treated as constants, we conclude that the scattering matrix Soyo

of a finite trunk is in proportion to its height H from Equation (3.53)

SQ><2 X H (354)

The phase matrix is in proportion to Syxo® (Equation (2.6)) and the extinction
matrix is in proportion to Seyo (Equation (2.10)). As a result, when other parameters
are fixed, the phase matrix for a trunk layer of height H and density N trunks per

square meter is

N
P ﬁHQ OR P o« H (N is a constant) (3.55)
and
N
K X ﬁH OR Kk = constant (3.56)

For layered trunk structures, we can’t simply cascade the layers together as

though they are independent canopy layers. Figure 3.5 is an example of when we
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divide a trunk layer into two half layers without considering the correlation of their
positions. The scattering quantities are calculated within each sub-layer which is
assigned with the same trunk density but half the trunk height.

The result in Figure 3.5(b) is clearly wrong, as we would expect the phase matrices
in two half height layers to be the same as in one layer. The error arises as, when

determining S22, the trunk positions in two layers are related and the wave should

total—trunk—height

sub—layer—height needs

be added coherently. Therefore, a coherent correction factor
to be applied to correct the phase matrices. The new phase matrix is then calculated

as

Htotalftmmk
new — o D7
P Hlayer P i <3 )

where P, is the phase matrix calculated by the first order solution and P,.,, denotes
the new phase matrix corrected for coherent trunk positions. When the correction
factor is applies as in Figure 3.5(c), we get the expected correct result. The method
can be extended to tapered trunk layers with increasing trunk radius in the direction
from the ground to the canopy top.

As illustration, Figure 3.6 compares the L-band (1.25 GHz) HH backscattering
coefficients from 50m trunks with density of 9 trunks/ha based on two trunk models.
In the first, the trunk radius is uniform at 24.5 cm while for the second, the trunk
radius at the ground and top is 29.8 cm and 5 cm respectively (3.6(a)). The volume
of the two trunks is identical. The simulation shows that when the uniform trunk
is considered, the backscattering coefficient is underestimated from the upper part
and overestimated from the lower part (Figure 6b). By contrast, the accumulated
o from the ground to the higher layers leads to a better correspondence (Figure
6¢). Therefore, the total backscattering coefficients from the two trunk models are

similar but the contributions with changing height were different. When trunks
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P

(a) One trunk layer

K . 0.5P
K . 0.5P

(b) Two equal halves without correction

(¢) Two equal halves with correction

Figure 3.5: Apply the first order solution directly to trunk layers without the cor-
rection factor. (a), (b) and (c) model the same the trunk structure. The
trunks in (b) and (c) are modeled as two layers with half the height
of the one layer trunk model in (a). Extinction and phase matrices of
the layered trunk model are compared with and without the correlation
factor.
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Figure 3.6: Trunk Backscattering by the uniform trunk model and tapered trunk

model. (a) Two trunk models with the same volume. (b) Simulated LHH
backscattering coefficient from two models. Individual layer’s contribu-
tion is shown in (b). The uniform model underestimates the backscat-
tering from the trunks’ upper part and overestimates the backscattering
from the trunks’ lower part. (c) The accumulated backscattering from
the ground to higher layers is shown as a function of layer locations. At
the trunk top, the total backscattering coefficient of two models agree.
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superimposed with branches and foliage, the tapered trunks can influence the total

canopy backscattering coefficient.

3.4 Multi-MIMICS Model Implementation

3.4.1 Scattering Models of Canopy Components

Multi-MIMICS inherits the scattering models for all canopy constitutes such as
trunk, branch, foliage and ground surface. However, there are a few changes when
dealing with tapered trunk layers, it is necessary to indicate the ratio between the
layer depth and the total trunk height as required in section 3.3.3.

Furthermore, scatterers are no longer named as branch and leaf, etc. since any
combination of types of scatterers can be in any position inside the canopy. Instead,
we use a general data structure which includes several variables representing scatterer
type, scatterer parameters, scatterer position. Scatterer type indicates which scat-
tering model should be used to compute the electric filed scattering matrix. Scatterer
parameters include the geometric parameters of the scatterer such as size, shape and
orientation as well as its dielectric constant. Scatterer position describes the layer

that the scatterer is in.

3.4.2 Multiple Layers Structure

Bi-MIMICS’s crown and trunk layer structure is replaced by multiple layers that
don’t have identifications, since layers can contains both trunks and crown compo-
sitions. Canopies layers instead are numbered and tracked by program. The input
parameter of Multi-MIMICS is a list of single layers that either cascade or overlap.
Each layer is considered homogeneous with distributions of a combination of types
of scatterers. Location and depth of every layer must be specified. Multi-MIMICS

reads in the input file, calculate all the extinction and phase matrices of each layer
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as the first step. The model then rearranges all the layers from top of the canopy
to the ground according to their locations and depths. If overlapping among lay-
ers is detected at any range of height, Multi-MIMICS modifies the original layer
structure and computer new layer’s scattering matrices as described in section 3.3.2.
The resulting canopy model may have more layers than the input file but are free of

overlapping, thus the first order RT model solution can be applied to.

3.4.3 Scattering Processes and Solution Implementation

Since we are faced the multiplication operation of multiple 4 x 4 transmissivity
matrices, it is essential to use the eigen value/vector decomposition to simplify the
computation. The integration over the distribution of scatterers’ shape, size and
orientation are achieved by summation over finite range steps. So is the integration
of phase matrices computed.

The total transform matrix is obtained by put all the scattering mechanism to-

gether through proper sequences.

3.5 Summary

For complex forests, particularly those that are in their natural state or subject
to different levels of degradation, the existing two-layer microwave canopy scattering
models are inappropriate. For this reason, a multi-layered approach that accounted
for the vertical discontinuity of mixed forests and was based on RT theory was
considered which resulted in the development of Multi-MIMICS.

Main contributions of this chapter are (1) Use a multi-layer canopy configuration
to better represent forest structures with vertical discontinuity. (2) Solve multi-layer
RT equations which is the direct first order Multi-MIMICS model. (3) Introduce

overlapping canopy layers and modification to the first order Multi-MIMICS. (4)
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Introduce a tapered trunk model and the solution of the correlation correction factor.



Chapter IV

MULTI-MIMICS MODEL VALIDATION AND
APPLICATION

Multi-MIMICS is applied to real forest situations and validated by actual radar
measurement. In this chapter, we use an extended dataset to parameterize Multi-
MIMICS and also the original MIMICS model and evaluate the performance of each
through comparison of actual and simulated o at different frequencies and polariza-
tions. We also examine the additional understanding of microwave interaction with
the forests through consideration of the different scattering mechanisms.

Section 4.1 describes the acquisition and processing of field and SAR data. The
application of Multi-MIMICS to the test sites is then presented in Section 4.2 where
simulated results are compared with those generated using MIMICS and recorded
also by the AIRSAR, and the capabilities and limitations of the models are discussed

in 4.3. Section 4.4 is the conclusion.

4.1 Field Measurement and SAR Data Acquisition

The development of Multi-MIMICS was motivated partly by a previous study [48]
that focused on the simulation of SAR backscattering coefficient from mixed species

forests near Injune in Queensland, Australia. In this research, which was part of

91
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a larger program aimed at investigating the use of SAR data for mapping forest
biomass and structural diversity, the study benefited from the availability of NASA
JPL AIRSAR data acquired over the area in September 2000 as part of the PACRIM

1T Mission.

4.1.1 Test Site

Several studies in Australia [3,46] have investigated the relationship between
above ground woody vegetation biomass and SAR data. However, during the 2000
NASA JPL PACRIM IT ATIRSAR Mission and under a joint program between several
research agencies, a dedicated field and airborne campaign aimed at resolving issues
relating to the use of SAR for quantifying forest biomass and structural diversity was
conducted in Queensland [48]. The study focused on a 37 x 60 km area of forests
and agricultural land west of Injune (Latitude —25°32’, Longitude 147°32), which is
located in the Southern Brigalow Belt (SBB), a biogeographic region of southeast and
central Queensland. The forests within the area contain a wide range of regeneration
and degradation stages, due to differing land use, management histories and clearance
regimes, and a diverse mix of species although several genera dominate [82]. In
particular, Callitris glaucophylla (White Cypress Pine; herein referred to as CP-) is
widespread, particularly in the undulating hills to the south of the study area where
sandy soils predominate while Eucalyptus species favor the more alluvial plains.
Angophora species, particularly A. leiocarpa (Smooth Barked Apple; SBA) occur
throughout the study area. Few communities, however, can be considered to be

homogeneous in terms of their structure, biomass and composition.



93

Ly
e

‘ INJUNE - Central QLD site | - %,
&N aTopessTARK < |

i
.

v | [l Final_plot
. IFinjur;e_c?oord
"¢~ [_| Final_grid
' -| 7 Road gda

1 « Locat_gda
: i 1§ []Jers_gda
“FORESTVALE | N s

i o

Figure 4.1: 150 primary sampling units (PSUs) (10 columns and 15 rows numbered
progressively from top left to bottom right) over are of Injune, Australia.
The size of each PSU is 500 x 150 m.

4.1.2 Field Data Collection

In July and August, 2000, large scale (1:4000) stereo aerial photography and
LiDAR data were acquired over a systematic grid of 150 (10 columns and 15 rows
numbered progressively from top left to bottom right) 500 x 150 m Primary Sampling
Units (PSUs), with each PSU center located 4 km apart in the north-south and east-
west directions [48]. Each PSU was further divided into thirty 50 x 50 m Secondary
Sampling Units (SSUs; numbered from top left). The location and sampling schemes
are shown in Figure 4.1 and 4.2. The composition of the forest was collected by

summarizing the dominant species over the units.
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(SSUs; numbered from top left).
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During a field campaign conducted over the same time-period, an extensive set of
field measurements were collected from 36 SSUs located within 12 PSUs considered
representative of the main forest types and regeneration stages occurring in the area.
These measurements included trunk diameters at 30 (D30) and 130 cm (D130 or
DBH; for all trees > 5 cm at D130), tree height, crown diameter and crown depth and
each tree measured was identified to species [48]. Smaller (< 5 cm D130) individuals
were measured in five 10 x 10 regrowth and understory plots. Digital pictures were
taken of at least every 10th tree measured and soil dielectric constants and moisture
contents were recorded for each SSU using a Time Domain Reflectometer (TDR) and
through gravimetric methods.

The complex nature of these mixed forests is highlighted in Figure 4.3 [47] which
shows the crown and trunk layers of two tall species (a pine and eucalypt) overlap-
ping and an understory of various species of similar structural form. It is a true
measurement of trees from a SSU.

Following field data collection, destructive harvesting of CP- (22 individuals) was
undertaken to generate new allometric equations relating tree size to leaf, branch (<
1 em, 1-4 cm, 4-10 cm, 10-20 cm etc.), and trunk biomass. Harvesting of Eucalpytus
populnea (Poplar Box; PBX; n = 7), Eucalyptus melanaphloia (Silver-leaved iron-
bark; SLI; n=>5) and Acacia harpophylla (Brigalow; BGL; n=1) was also undertaken
to assess the validity of applying existing allometric equations [6,29], generated by
harvesting trees several hundred km distant, for estimating the total above ground
and component biomass of trees at Injune. After harvesting, trees were divided
into major components such as trunks, branches and leaves. Branches were divided
into subcomponents as large and small branches. The number, size and orienta-

tion of these components were measured and categorized. Leaf size for main species
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(a) 3D Tllustration

(b) 2D Profile

Figure 4.3: Layer constitutes of a mixed species forest. Field data collected from
a 50 x 50 m area of Injune, Australia. The plot consists of mature
callitris glaucophyllas(~ 14 m), eucalyptus fibrosas(~ 12 m) and callitris
glaucophylla saplings(~ 5 m).
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(a) SLI (b) CP- (c) SBA

Figure 4.4: Major tree species from test sites. SLI: Eucalyptus melanaphloia (Silver-
leaved Ironbark); CP-: Callitris glaucophylla (White Cypress Pine);
SBA: Angophora leiocarpa (Smooth Barked Apple).

was also measured and photographed. The harvesting also allowed the number and
size of canopy elements to be estimated and provided measures of moisture content

throughout each tree harvested. Figure 4.4 shows photos of a few major species.

4.1.3 SAR Data Acquisition and Processing

AIRSAR data (four strips of 12 x 80 km) were acquired across the entire PSU
grid on 3rd September 2000. C-band (~ 6 cm wavelength, 5.288 GHz), L-band (~
25 c¢cm wavelength; 1.238 GHz) and P-band (~ 68 cm, 0.428 GHz) at three distinct
polarizations (HH, VV and HV) were recorded (9 channels) and processed by JPL in
the standard format of compressed Stokes matrix, giving a stated calibration accu-
racy of 1 dB. The incidence angle at which the selected SSUs were observed ranged
from 29° to 59°. The standard AIRSAR data, which had a pixel size of 3.3 x 4.6 m
in slant range, were ground projected and resampled to a pixel size of 10 x 10 m.

Figure 4.5 is a composite of three channels of C-band AIRSAR raw image which cov-
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ers the area of Injune. A cross track correction was applied to the images to reduce
the backscattering coefficient variation caused by incidence angle variation. Geo-
metric rectification was then achieved using a 3rd order polynomial nearest neighbor
transformation based on ground control points common within the AIRSAR and
pre-registered Landsat ETM+ data (September, 2000) of the study area. Each SSU
therefore occupied a 5 x 5 block of pixels in the image and, under the assumption
of homogeneity within the SSU, the average backscattering coefficients over these 25
pixels were calculated to reduce noise. Figure 4.6 is an example that trees inside of
SSU P111-12 scatter over the AIRSAR image, a block of CHH channel is shown in
the figure. These averaged data were then compared against that simulated using

both the MIMICS and multi-MIMICS model.

4.2 Model Application

4.2.1 Model Parameters

The available field measurements were used to parameterize the two models
(multi-MIMICS and MIMICS) for each SSU (Table 4.1). In addition, the digital pho-
tographs were used to determine the branch orientations and pdf exponents while
the data on trees harvested were used to estimate the dielectric constants of the
branches and foliage (Table 4.2). The radar incidence angle for each SSU was also
estimated from AIRSAR images (Table 4.3). These forest inventory data were also
seen in [48]). In all cases, the sum of the biomass of the simulated components (based
on dimensions and wood density) for all contained species equated to the biomass
observed for the SSU.

For Multi-MIMICS, each tree species was modeled separately by a crown layer

and a trunk layer which could overlap if the trunk was known to grow into the crown
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Figure 4.5: Composite of three channels of C-band AIRSAR raw image which covers
the area of Injune. Red — CHH, Green — CHH, Blue — CHYV. Slant
range pixel size: 3.3 x 4.6 m.
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Figure 4.6: CHH band processed ground range AIRSAR image. Ground range pixel
size: 10 x 10 m. 781 trees in SSU P111-12 are scattered over the area
and their center locations are plotted as dots.
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(e.g., in the case of CP-). If five tree stands were considered, for example, ten layers
were first generated. Each layer of specified height was then populated with estimates
of the densities, dimensions, orientations and dielectric constants of scatterers. The
input layers were then rearranged from top to bottom and overlapping parts were
treated accordingly, and the multi-MIMICS RT solution to the canopy may include
more than ten layers. An approximately uniform trunk that extended into the crown
layer was used as trunk tapering factors were not employed due to the lack of field
measurement, although future simulations will integrate published taper functions
available for the species. Sensor and environmental parameters were then defined,
including microwave frequency, incidence and scattering directions and ground sur-
face characteristics (e.g., soil dielectrics, RMS height and correlation length). The
incidence angle for each SSU was determined from the AIRSAR data, which was

warranted due to the relative flatness of the ground terrain.

4.2.2 Backscattering Simulation by Multi-MIMICS and Standard MIM-
ICS Model

Based on the model input parameters, simulation of the SAR backscattering at
all frequencies and polarizations was undertaken using multi-MIMICS and MIMICS
and a comparison between actual and simulated ¢ was undertaken. To illustrate
the results for a relatively simple but typical stand, P111-12 with two species (CP-
and SLI) but three groups (SLI and CP - with D130 > 10 cm and CP- < 10 c¢cm
respectively) was considered. The above ground biomass of this stand was estimated
at 130 Mg/ha and the SSU contained 781 trees of which 18 and 89 were SLI and
CP- (D130 > 10) respectively while the remaining 674 were CP- (D130 < 10). How-
ever, the CP- (D130 > 10) contributed more than 50% of the biomass with the SLI

contributing approximately 25%. Approximately 75% of the biomass was contained
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Table 4.1: Forest Structural Characterizes of 15 SSUs.
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Table 4.1: Forest Structural Characterizes of 15 SSUs (Continued).
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Table 4.2: Tree and Soil Permittivities at C-, L- and P-band of 15 SSUs.
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SLI | 12220228221 21 |5,15
P81-8 | ECH | 18,2 | 18,2252 |21 {205 3.1
CP- [12,2]152]252(21(205] 3.1
SBA | 18,2 18,2252 (21205 | 3.1
BRH | 12,2 | 152|252 |21 | 2,05 3.1
P81-11 || CP- | 12,2182 25221205 3.1
CP- [ 122152252 (21[205]| 3.1
SBA | 202182252 (21205 31
ANE | 12,2152 252 (21205 3.1
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Table 4.2: Tree and Soil Permittivities at C-, L- and P-band of 15 SSUs (Continued).

Branch Dielectric
Constant(relative)
Constant(relative)

Soil Dielectric

SSU
Species

P111-12 || SLI | 182202252 |2,1(205| 3.1
CP- | 12215225221 |205] 3,1
CP- | 122152252 (21205 3,1
P114-4 | CP- | 202|222 [283|4,1]| 51 |12.1
CP- | 202222283 |41 5.1 |12,
SBA | 182182202 |41 | 5.1 |12,1
SBA | 182182202 |41 | 5.1 |12,1
P114-12 | CP- | 202|202 |222|2,1| 2,1 | 3.1
CP- |20,2[202 22221 21 | 3.1
SBA | 202|182 22221 21 | 3.1
ANE | 203223253 (21| 2.1 | 3.1
P142-2 | PBX | 20,2 (202|252 |21 2,1 | 3.1
P142-18 || PBX | 22,2252 (30,3 | 2,1 ] 2,1 | 42
P142-20 || PBX | 22,2 (22,2 | 25,2 2,1 ]2,05 | 3.1
SBA | 12215225221 2,05 3,1
P144-13 | ECH | 12,2 | 152|252 [ 2,1 | 2,1 | 3.1
CFM | 12,2 | 152|252 2,1 2,1 | 3.1
P144-19 || SLI |12,2| 152|252 (21| 2,1 | 3.1
CP- | 122|152 25221 21 | 3.1
CP- | 12215225221 21 | 3.1
P148-16 || SLI |12,2|152|252 (21| 2,1 | 3.1
CP- | 12215225221 21 | 3.1
CP- | 122|152 25221 21 | 3.1
1018 | 12,2 152252 |21 2,1 | 3.1
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Table 4.3: Backscattering Radar Incidence Angles Estimated Fromm AIRSAR Im-
ages of 15 SSUs.

SSU P23-15 | P23-16 | P58-24 | P538-29 | P81-8
Incidence Angle (°) || 33.06 33.06 30.10 30.10 58.95

SSU P81-11 | P111-12 | P114-4 | P114-12 | P142-2
Incidence Angle (°) || 58.95 58.77 46.98 46.98 48.38

SSU P142-18 | P142-20 | P144-13 | P144-19 | P148-16
Incidence Angle (°) 48.38 48.38 46.98 46.98 30.10

within the tree trunks. Figure 4.7 illustrates the relative size of three types.

The multi-MIMICS parameter input file was generated from 4.1. For the two-
layer MIMICS, the crown depth was set to 12.9 m and the trunk height to 2.1
m. The densities of canopy scattering components (branches, leaves) were calculated
individually for each species. The comparison of actual (mean) and simulated (multi-
MIMICS and MIMICS) backscattering coefficient, ¢°, (dB) is shown in Figure 4.8,
with the error bars representing the dynamic range (oo, and ogmas ) of the AIRSAR
data.

The 0% simulated by both models was within the AIRSAR dynamic range. At
C-band, both simulations were similar with discrepancies of around 1 dB for C-band
HH, VV and HV. As the upper layer of the canopy contributed the greatest backscat-
ter, differences at C-band were not expected. However, both models underestimated
0% at C-band which could be attributed largely to minor errors in the calibration
of the AIRSAR data. At L-band and P-band, double bounce scattering primarily
from the tree trunks became noticeable and the multi-MIMICS showed a significant
improvement over the MIMICS simulation, with the difference between simulated

and actual decreasing from -3.41 dB to 0.06 dB (for L-band HH) and from -3.90 to
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L

Figure 4.7: Relative size of three groups of two species in SSU P111-12. They are
large CP- (Height= 15 m, Crown radius= 2.93 m, Trunk Height= 5.1
m), small CP- (Height= 5 m, Crown radius= 0.4 m, Trunk Height= 2.5
m) and SLI (Height= 13.7 m, Crown radius= 2.35 m, Trunk Height=
6.7 m) from the left.

P111-12

0

—5F i
% -10+ 7
(=)
o
R &l
3
5 0 o
-~
Q
@ -25¢ 1

New Model
=30¢ Old Model il
— AIRSAR -
-35

CHH CVV CHV LHH LVV LHV PHH PVV PHV

Figure 4.8: AIRSAR measured and model simulated backscattering coefficients for
P111-12. Results are shown for C-, L- and P-bands at HH, VV and
HYV polarizations. The AIRSAR data are provided with dynamic ranges
(bars) and mean values (block dots). The square marks present Multi-
MIMICS’s simulation and the triangular marks show old MIMICS’s sim-
ulation.
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Figure 4.9: Relative size of five groups of four species in SSU P23-15. They are PBX
(Height= 13.8 m, Crown radius= 1.63 m, Trunk Height= 6.9 m), small
CP- (Height= 5 m, Crown radius= 0.5 m, Trunk Height= 4 m), large
CP- (Height= 9.2 m, Crown radius= 2.42 m, Trunk Height= 8.2 m),
SBA (Height= 13.7 m, Crown radius= 2.35 m, Trunk Height= 6.7 m)
and SLI (Height= 5 m, Crown radius= 2.35 m, Trunk Height= 2.5 m)
from the left.

1.79 dB (for P-band HH).

As both SLI and CP- (D130 > 10) that provided the majority of biomass had
similar heights and crown depths, the two layer crown-trunk configuration was a
close approximation to the multi-layer canopy structure and hence both models offer
reasonable predictions of o". However, where forests with more complex vertical
structures were considered, MIMICS failed to produce a reliable prediction whereas
multi-MIMICS was more successful. The complex situation was illustrated by consid-
ering the forests represented by SSU P23-15 which consisted of five species, namely
PBX (n = 80), CP- with D130 > 10 cm (n = 30), SBA (n = 1), CP- with D130
< 10 em (n = 1009) and SLI (n = 301) and of heights ranging from short (5 m) to
medium tall (9.2 m) and tall (13.8 m). The estimated biomass for P23-15 was 74
Mg/ha. The relative size of five types are shown in Figure 4.9.

For MIMICS, the crown-trunk canopy model was used with a crown and trunk

layer depth of 11.3 m and 2.5 m respectively. Multi-MIMICS was parameterized us-
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ing the inputs listed in Table 4.1 and the comparison of actual (mean) and simulated
0¥ is shown in Figure 4.10. In this case, o° simulated by MIMICS was outside of the
dynamic range of the AIRSAR-data at C-band and L-band (with the exception of
L-band VV) and generally underestimated (including for P-band HH and VV). Part
of the reason for this underestimate was that MIMICS truncated the trunk length,
which resulted in a reduction in ¢° at HH polarizations in particular. As MIMICS
also overestimated the canopy volume, the scatterer density within the crown de-
creased, which partly explained the underestimation at C-band. For all channels,
the mean error between o simulated by MIMICS and recorded (mean) by the AIR-
SAR (all nine channels) was -3.98 dB and the Root Mean Square Error (RMSE) was
5.26 dB. By contrast, the mean errors was -1.18 dB and RMSE was 2.40 dB where
simulations were performed with multi-MIMICS. These comparisons indicated that
multi-MIMICS provided a significantly improved or equivalent simulation of o° at

most frequencies and polarizations compared to MIMICS.

4.2.3 Comparison between Multi-MIMICS Simulations and Actual SAR
Data

Simulations were conducted on a further thirteen forests. In the majority of cases
(Figure 4.11), ¢° simulated by multi-MIMICS was within the dynamic range of the
AIRSAR data. At C-band, however, simulations were generally lower that observed
by the AIRSAR. At L-band, in particular, but also P-band (with the exception of
P-band HV polarization), a good correspondence between actual and simulated o
was observed. Combining all fifteen plots (Figure 4.14), we observed that the 1:1
line intersected with most of the dynamic range bars of the AIRSAR data which
indicates that the simulation is performing well. Even so, the under-estimation of ¢°

at C-band by Multi-MIMICS was apparent which was partly attributable to AIRSAR
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AIRSAR measured and model simulated backscattering coefficients for
P23-15. Results are shown for C-, L.- and P-bands at HH, VV and HV
polarizations. The AIRSAR data are provided with dynamic ranges
(bars) and mean values (block dots). The square marks present Multi-
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calibration errors. The model best fit the measurements at L-band HH and VV and
P-band HH, although a few outliers were evident in the latter case, which may be
attributable to the open nature of the forest canopies. For each channel, the mean
error and RMSE are given in Table 4.4 and, in this calculation, we excluded the worst
point for each channel on the assumption that these represented outliers. In this
table, small absolute values of mean error indicated less bias between measurement

and simulation while a small RMSE indicated good correspondence between two

datasets.
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Figure 4.11: Backscattering simulation for thirteen test sites. AIRSAR measured
and model simulated backscattering are compared for each SSU. The
backscattering coefficients are plotted at multiple frequencies and po-
larizations. The AIRSAR measurement are shown by their dynamic
range from minimum to maximum and their mean values. Simulated
backscattering coefficients are plotted against the AIRSAR data.
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Table 4.4: Mean Error and RMS Error Between Model Simulation and AIRSAR
Measurement.

HH \AY% HV
Band || Mean Mean Mean
Error | RMSE | Error | RMSE | Error | RMSE
C(dB) || -2.21 | 230 |-233 | 248 |[-1.72 | 1.90
L(dB) || 0.59 1.07 | -0.05 | 1.43 [ -3.66 | 4.63
P(dB) || -0.26 | 1.50 | -0.25 | 2.25 1.14 3.61

4.2.4 Scattering Mechanisms

By analyzing scattering from each layer in the canopy, the backscattering from
each polarization was observed to originate from different canopy components. At
C-band, the o was primarily through direct scattering from the branches and foliage
and varied with small branch and foliage biomass. At C-band HH and V'V, scattering
from the small branches dominated while scattering from both small and also larger
branches was seen to contribute to C-band HV. Trunk and ground scattering were
attenuated largely by the top of the canopy.

At L-band HH, contributions from trunk and ground interactions dominated while
L-band VV and HV contributions were mainly from the large branches. Ground
scattering was also present but generally insignificant.

At P-band, major scattering occurred through interaction between the trunks
and large branches and the ground surface. P-band VV and HV backscattering was
attributed largely to interaction between the ground and the large branches and also
direct large branch scattering. This was particularly noticeable within stands con-
taining larger individuals of SBA which supported an expansive crown and allocated

a significant proportion of the biomass to a network of large branches. Compared to
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C-band and L-band, ¢° from the ground surface was significantly greater because of

reduced attenuation by the canopy.

4.3 Discussion

4.3.1 Performance of Multi-MIMICS

Overall, multi-MIMICS provides a more effective scattering model for simulating
SAR o from forests of mixed species and structural form compared to its predecessor
[86] which was effectively a two layered forest model.

The observed discrepancies between measured and simulated ¢ can be attributed
to three main factors: the error associated with field measurement and parameter
derivation, the limitation of the first order RT-based model and the error associated
with AIRSAR data acquisition and calibration.

First, the forests are extremely complex and hence there is necessarily some ho-
mogenization in order to achieve parameterization. Multi-MIMICS is sensitive to the
dimensions, density, angular distribution and dielectric constant of the forest compo-
nents and also surface attributes and any inaccuracies in these data and the derived
parameters will therefore result in estimation error by the model. In this study,
errors are associated with parameter estimation from a) field measurements (e.g.,
diameters), b) interpretation of digital photographs (e.g., branch lengths) and c)
measurements from destructively harvested trees (e.g., moisture contents and canopy
component densities) and also their derivation from summarized data. In all cases,
the canopy was assumed to be continuous with horizontal homogeneity and that each
species was distributed uniformly over each SSU. However, even within a single SSU,
considerable heterogeneity in cover and species distributions occurs and gaps in the

canopy are commonplace. The close correspondence between actual and simulated
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0¥ is therefore particularly encouraging.

Second, the simulations are limited by using only a first order RT-based model.
Our present first order solution does not include the multiple scattering mechanism
among scatterers; the coherent effects, such as enhanced backscatter, are not there-
fore considered. Multiple scattering among canopy elements is expected, particularly
at C-band, where branch and foliage volume scattering dominates and this may be
the reason for the underestimation of ¢ at C-band. The model predictions for L-
band and P-band at HV polarization are also believed to be low as the simulation
does not contain multiple and higher order scattering associated with the HV polar-
ization. Furthermore, an ideal vertical trunk model is used and HV scattering from
these is not considered. However, the structure of the forests is such, particularly in
those dominated by decurrent (e.g., Eucalyptus) forms, that many trunks are lean-
ing and the crown centers are often displaced from the location of the trunk base.
Overall, multi-MIMICS provides better simulations at L-band.

Finally, errors are associated with the acquisition of AIRSAR data, particularly
as high winds prevailed, and also subsequent calibration. The AIRSAR data form
the PACRIM II Mission are known to have a calibration accuracy of 1 dB. However,
the data at C-band have larger errors. The sensitivity of P-band HV is also suspect

given its insensitivity to biomass variation among the SSUs considered.

4.3.2 Scattering Behavior

The simulations using multi-MIMICS are an improvement on those undertaken
using a modified version of the model of Durden et al. [19,48] . The scattering
mechanisms observed are also similar. As with [48], this study supports the notion

that C-band HV, L-band HH and L-band HV can be integrated to estimate the
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leaf/small branch, trunk and branch biomass of the forests at Injune.

4.4 Conclusion

Multi-MIMICS was parameterized using plot data representing fifteen configu-
rations of mixed species forest in Queensland, Australia, with each containing a
diversity of species, structural forms and growth stages. The resulting simulations
represented a considerable improvement over those generated using MIMICS with
the same source data and a successful simulation of the backscattering coefficient,
as indicated by the close correspondence with AIRSAR data. The model simula-
tions were best at L-band HH and VV and also P-band HH and VV, although ¢ at
C-band and also L-band and P-band HV was underestimated. These discrepancies
were attributable largely to the model inputs (as these were still homogenized rep-
resentations of the complex forest), the limitations of the model and inaccuracies in
the AIRSAR calibration.

The potential retrieval of forest biomass and other vegetation parameters can be
studied by integrating the radar response at multiple frequencies and polarizations,
and the effect of forest parameters on backscattering coefficients can be predicated by
changing model’s inputs. The research has nevertheless resulted in the development
of a model that is applicable to a significant proportion of forests in Australia and
has applications in other regions. Furthermore, the model paves the way for forest
parameter estimation for forest inversion which is an aim of our ongoing work. Our

future plans also include extending the current solution to higher orders.



Chapter V

CORRELATION LENGTH ESTIMATION OF
SAR IMAGERY

Multi-MIMICS is a scattering model to account for the vertical inhomogeneity
of nonuniform mixed forests. The output of Multi-MIMICS is the mean scatter-
ing coefficient from canopies with infinite horizontal homogeneous surface for each
polarization. However, to study the horizontal inhomogeneity of the scene, single
pixel value is insufficient and image texture provides the required information. In
this chapter, the multiplicative SAR image model is used and a texture measure-
ment model — correlation length is applied to SAR images, which is compared with
Markov random field (MRF) method. A blind deconvolution method is also devel-
oped to estimate the target texture correlation length that is buried by the presence

of speckles for SAR imagery.

5.1 Introduction to SAR Texture

The definition of texture is wide and varies among research areas. Webster’s dic-
tionary defines texture as “visual or tactile surface characteristics and appearance
of something”. It can be interpreted as smooth or rough, fine or coarse, irregular or

lineated. Some researchers [31] define texture to be “detailed structure in an image
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that is too fine to be resolved, yet too coarse enough to produce a noticeable fluctu-
ation in the gray levels of neighboring cells”. Haralick in [28] characterized texture
by tonal primitive properties as well as spatial relations between them. Texture is
also defined as the repetition of a pattern in [45].

Texture is mainly studied by statistical and structural approaches. Statistical
approaches analyze the texture as a random field modeled with some parameters.
Statistical models are appropriate for disordered textures [64]. Structural approaches
study the texture geometrically, some primitive elements and the relationships and
placement rules of those elements are used to symbolize textures. The structural
approaches are more suitable for strongly ordered textures [64].

In this dissertation, the definition of texture is the spatial distribution of gray
level variation in a 2-D image. SAR data measure the complex scattering of the scene.
The information of each SAR image pixel is carried by the radar cross section (RCS)
or scattering coefficient. For distributed targets, the estimate of the local scattering
can be presented by the coherent summation over a number of discrete scatterers il-
luminated by the radar beam. For a single look SAR image of a homogeneous scene,
the observed in phase and quadrature components are independently identically dis-

tributed Gaussian random variables with mean zero and variance (’2—0 determined by
the scattering amplitude. The observed phase is uniformly distributed over [—m, 7].
The resulting intensity has a negative exponential distribution with mean and stan-
dard deviation both equal to ¢°. The noise looking image is the result of the fading
process — an intrinsic effect of all coherent imaging systems such as radar, lidar,
sonar or ultrasound. How the RCS distributes as a function of position determines

the overall structure in the images. However, the spatial average properties over a

region is not the only source of information within a SAR image. In visualization of
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SAR images, image pixel values fluctuate apparently in addition to speckle. Physi-
cally, the fluctuations correspond to scene structural variations. This type of process
caused by natural clutters can be treated as a noise-like texture variable. Therefore,
we define SAR texture to be the spatial fluctuation properties of the RCS in a re-
gion. Texture measures the depth of fluctuation of the RCS within the local region.
A clutter sample comprised only of speckle is not considered textured. With texture
information, we can better understand the characteristics of the region of interest.
Because SAR texture is not strongly ordered, the statistical approaches are ap-
plied. The usual method to extract SAR data information is to establish viable
statistical models, in which information can be related to measurable parameters of

targets.

5.2 Correlation Length Model of SAR Images

5.2.1 Multiplicative SAR Model

A multiplicative model of a fading random variable and a texture random variable
can be used for SAR images. The fading random variable represents speckle statistics
due to the coherent nature of the SAR. The texture random variable represents the
intrinsic scene texture caused by the spatial variability in the scattering properties

of the targets. The model for an intensity SAR image of N, x N, is given by [85]
1(i,j) = o"T(i, j)Fx (i, j) (5-1)

where I and ¢° denote the image intensity (power) and mean scattering coefficient
of the field of interest. T" and F)y represent the random texture variable with mean
E{T} = 1 and the random fading variable with mean E{Fx} = 1, respectively.
N is the number of looks. An N-look intensity radar image is generated by the

incoherent averaging of N uncorrelated intensity images of the same scene. The
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parameters 0 <7 < N, and 0 < j < N,, are the azimuth and range coordinates of a
pixel.

Speckle conveys little information about a scene other than that it contains many
randomly positioned scattering elements. It results from interference between many
random scatterers within a resolution cell under the assumption that the cell contains
a larger number of identical and independent scatterers without any single dominant
scatterer. Theoretically, the sum of the backscattering electric field is equivalent to
a 2-D random walk process with independently and identically Gaussian distributed
real and imaginary components [25,84]. When N = 1, the pdf of the single-look
fading random variable follows a negative exponential distribution. It is necessary to
emphasize that speckle is noise-like, but it is not noise. It is a real electromagnetic
measurement produced by all coherent imaging systems. The pdf of the N-look
fading random variable is represented by the average of N independent single-look
fading random variables, which is a Gamma distributions of shape parameter N and

scale parameter N
NN FN=1(=NFx)

I'(N)

P(Fy) = (5.2)

with mean E[Fy = 1] and variance Var(Fy) = % The properties of fading show
that incoherent averaging over several images of the same area improves the inter-
pretation of the SAR imagery.

Natural scenes are not normally homogeneous, rather, they have an intrinsic spa-

tial variability. Discriminants based on texture measure the variation of RCS within

the target region. For a homogeneous area, the texture component is considered

:

Var(l
I

constant T'(i, j) = 1. The standard deviation or contrast ( ) of the image is a
parameter to test different land use categories. Research has shown that vegetation

categories would belong to medium texture classes with medium contrast whereas
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urban would represent a high texture class for its high contrast. The more profound
approach to describe texture requires second or high order statistical characteristics
of images. Image correlation length is another parameter proposed [85] to repre-
sent the texture characteristics of images, and the term is commonly used for rough

surface modeling.

5.2.2 Correlation Function Estimation

The image autocorrelation function is defined on the multiplicative image model.
Under the assumption of stationarity and independence for T'(7, j) and Fy(z,j), the

image autocorrelation function is

Ri(p,q; N) = 0 Ry(p, q)Rr(p, ¢; N) (5.3)

where Rp(p,q) and Rp(p,q; M) are the autocorrelation functions of 7'(¢,7) and
Fr(i, ), respectively, and (p,q) is the pixel distance. The correlation coefficient

is then given by

Ri(p,q) — o

R;(0,0) — o0 >4

p(p,q) =

Thus, the correlation length L of the image is defined as

L=,/L2+1I2 (5.5)

while L, and L, satisfy the condition
p(Ly, L) = (5.6)

For an image of a particular land-cover category, two parameters ¢° and L can
be extracted to represent the characteristics of that category. There are two ways
to calculate the correlation functions of SAR images. We can either compute it

directly in the spatial domain or employ 2-D discrete Fourier transform (DFT) in



126

the frequency domain. Under the assumption of stationarity and periodicity of the

image, the autocorrelation function is calculated by
1 N,—1Ny—1
Ri(p.a) =+~ SO I +p,i+aq) (5.7)
P i=0 j=0
with N, = N, X N, is the number of the pixels within the image. The parameters
0<p<N,and 0 < g < N, are the azimuth and range displacement distance.

The autocorrelation function can also be obtained by the inverse discrete Fourier

transform (IDFT) of the power spectral density function of the image
R;(p,q) = IDFT[P(i, j)] = IDFT[|DFT(I(i, j)]|’] (5.8)

where P(i,7) is the squared magnitude of the DFT of the image.

The pixels with larger distance are less correlated. As a result, the autocorre-
lation function attenuates as the displacement distance increases. Most times, we
are only interested in a small part of the autocorrelation matrix, which is when the
spatial domain direct computing approach is often chosen to save the computation
of DFET/IDFT of whole image. The frequency domain approach is often used to

simulate image textures.

5.2.3 Correlation Length of SAR Texture With Speckles

The presence of speckle makes the retrieval of accurate texture statistics difficult.
As a result, the correlation lengths of the degraded images tend to be very small,
corresponding to the correlation length of speckle. To show the speckle effect on the
texture, we compare the correlation length of simulated textures and speckled tex-
tures. A simulation algorithm [13] based on the scattering modified Mueller matrix
is used to generate several homogeneous polarimetric SAR images with same mean

intensities and different correlation lengths representing different textures. The re-
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sulting images have Gaussian correlation functions. Next, single and two-look speckle
are applied to the simulated texture images.

The term Gaussian surface denotes a surface height random process having a
Gaussian correlation function [14]. Similarly, the Gaussian texture represents a tex-

ture random process having a correlation function described by

2 2
P’ +q
R(p,q) = o’exp(— 75 ) (5.9)

where o2 is the texture variance and L is the correlation length. A 2-D DFT gives

the power spectral density for a N, x N, Gaussian texture image.

m?  n?
P(m,n) = o*n*L*exp{—m"L*(—5 + —)} (5.10)
N2 N,
where 0 <m < N, —land 0 <n <N, —1.
The texture simulation procedure can be realized by a filter H(m,n) = /P(m,n)

with an input of a complex Gaussian random process N (0, 1) with zero mean and
unit variance in the frequency domain. The output of the filter is the squared root
of the image power spectral density and texture can be obtained by the method of

inverse discrete Fourier transform (IDFT). The process is illustrated in Figure 5.1.

N(0,1)—=| H(m,n) = \/P(m,n)| — —I(3, 5)

Figure 5.1: Texture simulator with defined power spectral density through a complex
Gaussian random process.

Five textures with correlation length ranging from 4 to 20 pixels are simulated by
the above process. Each image’s size is 512 x 512. Figure 5.2 shows the five simulated
Gaussian texture images with the same mean but different correlation lengths of 4.71,
7.60, 8.94, 12.55 and 13.61, respectively. The correlation lengths used to simulate

these fives images are L=D5, 8, 9, 13 and 15. As can be seen from Figure 5.3, the
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(a) L =4.71 (b) L =17.60 (c) L =8.94 (d) L=1255 (e) L =13.61

Figure 5.2: Original simulated textures with different correlation length. (Images
are enhanced by histogram equalization).

(a) L = 0.56 (b) L =0.56 (c) L =058 (d) L =057 (e) L=0.55

Figure 5.3: Simulated textures are corrupted by the single-look speckles, the result-
ing correlation lengths are similar. (Images are enhanced by histogram
equalization).

texture information is buried in the noise after we corrupt the images with speckle.

The correlation lengths of those single-look speckled images are found to be 0.56,

0.56, 0.58, 0.57 and 0.55, the estimation error is over 88%. The correlation lengths

of two-look speckle degareded images are 0.80, 0.82, 0.86, 0.84 and 0.81. The results

show that the correlation length of raw SAR images becomes meaningless. Since
the corrupted images have the same mean and very similar correlation length, it is
difficult to get accurate land-cover classification by these two parameters.

For the ideal situation, SAR image speckle is assumed uncorrelated among pixels,
which enables us to obtain the real texture correlation functions from corrupted ones,
we will show the algorithms in the next chapter. However, the limited bandwidth and
sampling of SAR process system causes the real-life case to be far more complicated,

the assumption dose not always hold. Some efforts have been done to derive the
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speckle autocorrelation function Rg, Dainty derived the single-look intensity image

autocorrelation function of speckle in [11] for a square uniform aperture as

Rr(p,q; N =1)=[1+ sian(g) + sincz(g)] (5.11)

Tz Ty
with r, and r, the spatial resolution of the sensor. Most times, due to the lack of
system information and the comprehensive procedures that generated the images,

users are provided with little knowledge of the correlation properties of speckle.

5.2.4 Other Image Texture Models

Many image texture models have been developed for various applications such as
image segmentation, computer vision and medical imaging. Some among them used
for SAR data are histogram estimation [37,85] , image correlation length estima-
tion [37,85], second-order gray-level co-occurrence matrix (GLCM) method [28,85],
lacunarity index [17, 54, 63|, wavelet decomposition [59] and Markov random field
(MRF) models [12,15,24,42,75]. These methods are widely used SAR image pro-
cessing techniques currently.

Image correlation length is of our interest because of its relatively easy imple-
mentation and physical understanding for remote sensing applications. MRF texture
models become more popular partly due to development of larger and faster com-
puters, which compensates the disadvantage of high computational cost. We apply
MRF model and correlation length model on some SAR data from natural forests to
compare the texture information extracted by both models. The results offer a tool
to evaluate the effectiveness of the correlation length model.

Markov random field (MRF) models have been widely used to characterize image
textures. In these models, the image pixels are described by Markov chains defined

in terms of conditional probabilities associated with spatial neighborhoods. There
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are many MRF models that have been proposed such as Gibbs, Gaussian, binomial
and Gamma [10, 15,24,42] models. Gaussian Markov random field model is chosen
for our data characteristics since we apply the models on logarithmic intensity radar
images. Detailed descriptions about these models can be fund from the references
and are not the topics of this dissertation. A simple explanation of Gaussian Markov
random field (GMRF) is given as follow.

Let {y(s)|s € Q,Q2 ={s=(i,5)},0 <i,7 < M — 1} be the observation from an
image of size M x M. The 2-D noncausual GMRF follow the difference equation [10]

y(s) =D O, (y(s +r) +y(s =) +e(s) (5.12)

r€Ns

where e(s) is a white stationary Gaussian noise sequence, N, is the asymmetric
neighborhood and 6, are the interaction coefficients. The neighborhood Ny is char-
acterized by the model order. Figure 5.4 shows some examples for N, at order 1,3
and 6, where the center pixel is denoted by indexes (0, 0) and its neighborhood pixels
are presented by the displacement of the indexes r, which can have the value such
as (0,—1), (2,0) and (0, 1), etc. The order of the model is defined by the distance
between the surrounding and center pixels. Higher order means larger neighborhood
and more interaction coefficients are needed for the model. The first order has two
neighborhood pixels and the sixth order model has fourteen The. The asymmetric
neighborhood covers only half of the surrounding pixels because the model assumes
the symmetry respect to the center.

The above set of equations can be rewritten in the form of a 2-D convolution
h(0,) ® y = e, so we can simulate a GMRF image by the techniques of DFT and
IDFT [10]. The function h(6,) is the neighborhood interaction matrix formed by the

interaction coefficients. Its size depends on the order of model (neighborhood) and
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(-2,1) | -2,2)
-1,1) | -1,2)
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(a) Order (b) Order = 3 (c) Order = 6
=1

Figure 5.4: Asymmetric neighborhood of Gaussian Markov random field.

can be estimated from th image. The order of neighborhood describes the extended
range of the correlated pixels and the interaction coefficients decide the relationship

among them.

5.3 Texture Estimation For SAR Data Of Natural Forests

5.3.1 Remote Sensing Data

Both the correlation length model and GMRF model are applied to actual SAR
data to extract texture information from the image. Our test image is one JERS
image from Manaus in the Amazon basin in June, 1996. The image is orthorectified to
be precisely geocoded and remove the terrain effect. The calibrated backscattering
coefficients are in logarithmic format ranging —40 ~ 0 dB. They are rescaled to
0 ~ 255 to form a 8 bit unsigned integer channel with pixel size of 25m. Then, a
7x 7 EPOS speckle filter [27] is applied to remove the speckle. After the filtering, the

image is considered to represent the real RCS of the target. Therefore, the texture
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Figure 5.5: Orthorectified and filtered L-band JERS image of Manaus in the Amazon
basin. Four test samples are chosen from the image: two forest area

samples, tow water surface samples. Acquisition date: June, 1996. Pixel
Size: 25 x 25 m.

information estimated below by the two models represents the true texture of the
target and is free of the effects of fading.

The image is classified into the four classes: flat area (water, bare soil), short
vegetation, secondary forest regrowth and primary forest. Two 128 x 128 water
samples and 128 x 128 primary forest samples are randomly selected to apply texture
measurement. Figure 5.5 is the orthorectified and filtered JERS image and four
selected samples are indicated. The full resolution SAR image of four samples are
shown in Figure 5.6. The mean pixel values for these 4 samples are 132.34 and 123.37
for two water samples, 183.50 and 182.70 for two forest samples, respectively. The

images are linearly enhanced to show the spatial variations.
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(a) Water 1 (b) Water 2 (c) Forest 1 (d) Forest 2

Figure 5.6: Full resolution SAR image of four samples. Size of each sample: 128 x 128
pixels.

5.3.2 Texture Estimation Result

All the calculations are applied to the logarithmic intensity image. First we cal-
culate the correlation length of the four samples. Then we apply the least square(LS)
estimation method [10] to estimate the GMRF neighborhood matrices for each sam-
ple. The orders of model’s neighborhood are estimated by Bayesian selection [79].

The correlation length of the four samples are calculated as 6.91 pixels and 13.4
pixels for two water samples, 4.98 pixels and 4.79 pixels for two forest samples. The
results are consistent with the target properties. We expect slow variation from the
water surface, which results in longer correlation length. The forest canopy has faster
spatial variation, therefore, short correlation length. The correlation coefficient for
the four samples are shown in Figure 5.7.

For the GMRF model, the neighborhood orders for four samples are 6 (Water
1), 7 (Water 2), 3 (Forest 1), 3 (Forest 2) respectively. The calculated interaction
coefficients within the neighborhood are listed in Table 5.1. As seen from the ta-
ble, the interaction coefficients of all sample images have large values for two closet
neighboring pixels — the bottom neighbor (1,0) and right neighbor (0, 1), the in-

teraction coefficients at other locations have much less weights on the center pixel.
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(a)  Water 1, (b)  Water 2, (¢)  Forest 1, (d)  Forest 2,
L =691 L =134 L =498 L =479

Figure 5.7: Correlation coefficient of four JERS image samples.

These results indicate pixels have more influences on the pixels nearby than pixes
far away.

The estimated correlation length and GMRF model order of two models are
closely related since images with higher GMRF model order have longer correlation
lengths, as shown in Table 5.2. Relationships among different texture models are
useful for model selection and verification. Parameters estimated by two models
deliver similar information about the image’s spatial variation. However, the im-
plementation of correlation length model is proved to be easier and faster and yet
effective compared to much more complicated GMRF model. This is the reason we
choose the correlation length model as the texture measurement for SAR images.

In this example, the different correlation lengths can distinguish the classes of
water and forests. Texture measurements of different land coverage categories such
as short vegetation, regrowth forests, and mature forests help us better understand
the forest distribution on the ground and improve the retrieval of the forest structure
parameters such as biomass and tree height. In this section, both texture models are
applied to filtered SAR images, which is the usual approach in SAR image processing.
However, we are also interested in estimating image texture before despeckle to

investigate the effect of speckle on the target texture, since many speckle filters
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Table 5.1: GMRF neighborhood interaction coefficients for four JERS image sam-
ples.

Water 1 | Water 2 | Forest 1 | Forest 2
6(1,0) 0.3337 | 0.2632 | 0.3765 | 0.4069
6(0,1) 0.3394 | 0.3054 | 0.3706 | 0.3811

0(—1,1) || -0.0489 | -0.0059 | -0.0813 | -0.1018
6(1,1) -0.0692 | -0.0294 | -0.1196 | -0.1337
0(2,0) 0.0558 | 0.0454 | -0.0199 | -0.0232
6(0,2) 0.0479 | 0.0458 | -0.0175 | -0.0224

0(—2,1) || -0.0489 | -0.0289
0(2,1) -0.0339 | -0.0300

0(—1,2) || -0.0436 | -0.0257
0(1,2) -0.0415 | -0.0288

0(—-2,2) || 0.0133 | 0.0080
0(2,2) 0.0071 | 0.0059
6(3,0) -0.0063 | 0.0413
0(0,3) -0.0026 | 0.0627

6(—1,3) -0.0422
6(1,3) -0.0377
9(—3,1) -0.0285
6(3,1) -0.0201

inevitably change or add artifacts to SAR images and distort the real target texture.
5.4 Correlation Length of SAR Imagery Through Blind De-
convolution

5.4.1 Algorithm Overview

Over the years, many speckle filters have been developed with the attempt to
remove the effects of speckle and still preserve the intrinsic texture information of

SAR imagery. Lee [41], Kuan [35], EPOS [27] and Frost [23] filters are among the best
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image samples.
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Water 1 | Water 2 | Forest 1 | Forest 2
Correlation length 6.91 13.4 4.98 4.79
GMRF order 6 7 3 3

knowns. Speckle reduction has been a prerequisite procedure for most subsequent
SAR image processing. In this section, We present a blind deconvolution approach to
retrieval of accurate texture correlation function from speckled SAR images without
the prerequisite filtering process. The motivation of using blind deconvolution in our
study is the fact that it is impossible to obtain the accurate information about the
fading random process due to the complicated SAR signal processing system, which
is a key factor to achieve good performance of most speckle filters.

The inspiration for us to utilize blind deconvolution method is the form of the
image correlation function. A convolution model in the frequency domain can be
obtained from the multiplicative model in the space domain by taking the DFT of

both sides of Equation (5.3)

P(m,n) = 0> Pr(m, n) x Pp(m,n) (5.13)

where Pr(m,n), Pr(m,n) and Pgr(m,n) are the discrete Fourier transform of the
autocorrelation functions R;(p,q), Rr(p,q) and Rp(p,q), respectively. If we had
access to the actual Pr(m,n) and Pr(m,n) in the frequency domain, the autocorre-
lation functions Rr(p, q) and Rgr(p, q) can be obtained by the inverse discrete Fourier
transform (IDFT). Therefore, the correlation length of the image can be estimated
by Equation 5.6.

Since little is known about Rg(p, ¢) and Rr(p, q), a blind deconvolution approach
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is appropriate. The method of blind deconvolution has been used in image restoration
when the blur function is not known. The general blind deconvolution problem refers
to the task of separating two convolved signals (Pr and P in our case) when both
the signals are either unknown or partially known. Image deconvolution is based on
the assumption that an original image is degraded by a point spread function (PSF).
The various approaches that have appeared in the literature depend upon the par-
ticular degradation and image models. Existing algorithms include projection-based
blind deconvolution, maximum likelihood estimation, zero sheet separation, ARMA
parameter estimation method, invariant parameter approach, gradient algorithms
and increment Wiener filter [21,36,39,57]. Yagle et al presented a blind deconvolu-
tion algorithm for even PSFs from compact support images in [88], which smartly
utilizes the symmetry of the Toeplitz matrix of the convolution by a even PSF func-
tion to achieve high accuracy, however, we assume both Rg(p,q) and Rr(p,q) are
even functions, which causes the matrices in the algorithm become singular and no
meaningful solutions to our problem.

So among all the algorithms mentioned above, a method of gradient-based non-
linear optimization [57] is chosen in our study. This is one kind of least squares and
iterative (LSI) algorithm. Its aperiodic model is generally nonsingular. The main
calculation in the algorithm can be accomplished efficiently by means of DFT tech-
nique. The algorithm is described in [57]. We make some adjustments to adapt it

for use with SAR images.

5.4.2 Blind Deconvolution Algorithm

According to [57], the model of the convolution process is

xxh=y (5.14)
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where z is the original image with dimension M; x Ny, h is the PSF(point spread
function) of My x Ny, y is the degraded image with dimension (M; + My —1) x (N7 +

Ny —1). The deconvolution of the aperiodic model has the form
Fox=y (5.15)

where x is of M1 Ny x 1, his of MyNy x 1, and y is of L x 1 with L = (M; + M, —
1)(Ny + Ny —1). Fy, is the kernel matrix formed from h, the least-square solution to

the above equation is given by
(FIF)x = Fly (5.16)

where FLFy, is a block Toeplitz matrix.

In terms of aperiodic model s =y — Fyx, the nonlinear optimization method is
to estimate a pair of x and h that minimize the difference s(m,n) = y(m,n) —
x(m,n) *xy(m,n).

Let 87 = [x"h”], the error metric is defined b
y
1
E = SPIsl®+ (1= [6]°] (5.17)

with 0 < A < 1. We hope to find 6; = 6 4+ 90 so that the error metric can be

reduced. [57] gives the shortest least-squares solution

AE ~ NTg, + %HA@ (5.18)
where the gradient vector and the Hessian matrix are

g = -AF's+ (1 -)\)¢ (5.19)

H, = \FTF + (1 - M1 (5.20)

with F = [FFy].
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The minimization of F turns out to solve the Gauss-Newton equation
HAO = —g; (5.21)

The problem can be solved efficiently by means of the DFT technique.

In our problem, the power spectral density function of texture Pr is x and the
power spectral density function of speckle Pr is h, and the power spectral density
function of speckled SAR image P; is y. The algorithm begins with an initial guess
Pr, and then iteratively uses estimates in the frequency domain and constraints
in the object domain to search for Py and Pp alternately to minimize the object
domain error metric |P; — p?Pr * Pr|. We need to estimate the autocorrelation
function from the speckled SAR image and the window size is chosen at least twice
the texture correlation length. Because of the DFT technique, we have to assume

that the image and the correlation functions are periodic.

5.4.3 Simulation Result

The blind deconvolution algorithm is then applied to the corrupted images shown
in Section 5.2.3 to estimate the real correlation lengths of the textures. The results
are compared with those of the original images and the corrupted images.

Speckle filters can also remove the speckle and preserve the texture [87]. Usually,
speckle filtering is a window operation on each pixel of the image. The filters are
based on the multiplicative speckle model, their goal is to smooth the speckle and
at the same time, preserve edges and texture information. The output value of
each pixel is a weighted sum of the observed pixel value and mean value within the
operating window. Many speckle filters have been developed for speckle reduction,
the most often used are Frost [23], EPOS [27], Lee [41] and Kuan [35] filters. It

works well if the prior information of the speckle such as the number of looks and/or
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the standard deviation of the noise are known. Moreover, the performance of speckle
filters is sensitive to the size of the window. We apply the Lee filter and Average Filter
to the same images and compare the results with those of the blind deconvolution
method. For single-look images, Table 5.3 shows that better results are obtained
with the blind deconvolution method. The maximum estimation error is 19.8% by
blind deconvolution, 26.58% by Lee filtering and 28.42% by average filtering. The

results of two-look images in Table 2.2 show the similar performance.

Table 5.3: Comparison of the correlation length estimated by blind deconvolution
and Lee, AV Filter, nlook=1.

Correlation Length (pixel) and Estimation Error

Original | Corrupted Deconvolution Lee Filtering AV Filtering
nlook=1 L Error L Error L Error
Imagel 4.71 0.56 459 | 2.55% | 5.13 | 8.92% | 5.22 | 10.83%

Image?2 7.60 0.56 6.25 | 17.76% | 9.62 | 26.58% | 9.76 | 28.42%
Image3 8.94 0.58 7.17 | 19.80% | 10.74 | 20.13% | 10.94 | 22.37%
Imaged || 12.55 0.57 11.35 | 9.56% | 15.57 | 24.06% | 15.56 | 23.98%
Imageb || 13.61 0.55 12.05 | 11.46% | 16.01 | 16.68% | 16.00 | 17.56%

Table 5.4: Comparison of the correlation length estimated by blind deconvolution
and Lee, AV Filter, nlook=2.

Correlation Length (pixel) and Estimation Error

Original | Corrupted Deconvolution Lee Filtering AV Filtering

nlook=2 L Error L Error L Error
Imagel 4.71 0.80 4.83 | 2.55% | 5.43 | 15.29% | 5.63 | 19.53%
Image2 7.60 0.82 6.82 | 10.26% | 9.61 | 26.45% | 9.98 | 31.32%
Image3 8.94 0.86 825 | 7.72% | 11.00 | 23.04% | 11.44 | 27.96%
Image4 | 12.55 0.84 12.05 | 3.98% | 15.57 | 24.06% | 15.56 | 23.98%
Imaged || 13.61 0.81 12.88 | 5.36% | 16.01 | 16.68% | 16.00 | 17.56%
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Since mean value of all the images are round 128, correlation length is the pa-
rameters that can distinguish all the categories. It is noteworthy that the blind
deconvolution have better results for two-look images than single-look images since
the level of noise is considered lower. However, the Lee filter and average filter’s
estimates don’t show much improvement for the two-look images.

For all cases, the blind deconvolution method provides more accurate correla-
tion length estimation than Lee and average filters, but window size of the blind
deconvolution is usually larger than average speckle filters, which decrease the speed
for the algorithm when we incorporate it into an automatic classification program,

especially when the image is large.

5.5 Conclusion

The multiplicative SAR image model is reviewed and image correlation length is
the measurement we choose to study SAR texture of forest areas. A correlation length
model and Gaussian Markov random field model are both applied to JERS images
of natural scenes. The texture parameters of the two models are close related, which
shows the similarity between different texture models. The correlation length models
is preferred for easy and fast implementation. A blind deconvolution algorithm is
also developed to extract the autocorrelation function of scene texture from speckle
degraded images, which is alternative approach as many SAR processing techniques
since speckle filtering is not performed at first and the results is satisfying. Applying
this algorithm to real SAR images to estimate texture information as additional
criteria to the single pixel image model to improve the classification accuracy is our

goal.



Chapter VI

COHERENT SAR TEXTURE SIMULATOR

6.1 Introduction

In this chapter, a coherent SAR texture simulator is developed to simulate the
backscattering of natural scenes with intrinsic texture. The coherent SAR texture
simulator uses the fundamental scattering theory, it coherently adds up the backscat-
tering from individual scatterers and the phase of the returned signal is preserved.
Speckle is produced as the deterministic result of the interference. The major short-
coming of coherent simulator is the heavy task in computing the backscattering signal
of many scatterers.

There have been several SAR simulators in the literature since the last decade.
Most of them generate SAR images by means of statistical models. Speckle is intro-
duced by an independent statistical noise model. MSIS [4] is a high fidelity backscat-
tering SAR image simulator using coherent approach , the author presents a speed-up
method for low resolution image simulations. Although the model is still in its initial
stage, it has been used in the application to test a tree height estimation algorithm.

Instead of using some statistical model where speckle is an intrinsic product of
the coherent processing algorithm. We choose the coherent simulator because the

coherent approach can reliably capture the scattering signal variation caused by the

142
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space distribution of individual scatterers. It is also our intention to investigate
the speckle effects on scene image texture. The simulated image is sensitive to the
heterogeneous land coverage. It can fully take advantage of the 3-D forest model, in
contrast to the single result for the average scattering from the canopy generated by
Multi-MIMICS, a 2-D radar image texture will carry the canopy’s heterogeneity.

In this chapter, the coherent simulator is practically used to study SAR texture
model through its formation and the correlation length model for ideal SAR images
is derived. The speckle generate by the coherent SAR texture simulator is also

compared with the statistical speckle model.

6.2 SAR Texture Analysis

6.2.1 Formation of SAR Texture

In this section, we analyze the formation of SAR texture.

For simplicity, an ideal SAR system is used. The backscattering field is specified
by the scattering properties of single scatterers and their relative positions. The
scattered far field F, of a pixel cell is the summation of the returned signals from all
the scatterers contributing to the cell.

N N
E, =) Syexp(jon)Wn = > Sy exp(j2koR,) W, (6.1)

n=1 n=1
where N is the number of scatterers, S, is the backscattering coefficients of the
scatterer n, and ¢, = 2kyR,, is the phase delay caused by the round trip between
the antenna and the scatterer. kg is the free space wave number and W,, accounts
for all the other factors such as antenna pattern, far range, near range, etc. For
distributed targets, the above summation over single scatterers can be replaced by

the integration over the area.
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Figure 6.1: Image of textured target generated by direct summation without phase
modulation

To investigate the image texture properties, we assume the W, is corrected to be
the same for all N scatterers. Therefore, only two parts S,, and ¢,, cause the variation

of the returned signal.

6.2.1.1 Target Texture

Real target texture is the variation caused by the scatterers’ backscattering co-
efficients, of course we cannot get any variation that is smaller than a resolution
cell. The backscattering scalar electrical field can be rewritten if we ignore the phase

modulation.
N

Esnormalzzed — § Snnormalzzed (62)

n=1

As illustrated in Figure 6.1(a), the target has six resolution cells enclosing three
types of scatterers. The scatterers normalized backscattering coefficients are given
in Figure 6.1(b) and the simulated image is shown in 6.1(c). In this example, it is
impossible to tell the type and number of scatterers in each cell. However, we can

tell the backscattering of cell 1 is stronger that of cell 4. This variation is the real
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texture information we are interested in, which is referred as the target texture.

6.2.1.2 Noise-like Speckle

Phase delay difference is caused by the range difference between the scatterers and
the antenna, this consequently, generates fading or speckle. Usually, the real scene
texture is buried in the noise-like speckle. It makes it difficult to identify the real
texture. The speckle filter works well only if we understand the speckle. In order to
characterize speckle, we assume only one type of scatterer (S, =constant=S5y) present

in our target, Equation (6.1) for the backscattering field is reduced to

N N
5 (o
B, = ) S,exp(j2koR,) = NSy Y cos(2ko Ry) j]LVj sin(2ko i)
n=1

= n=1
= N xSy x (Re™ 4 jIm™))y = N x FV) (6.3)

where F(N) = Re™) 4 jImW) represents the single-look fading caused by N random
distributed scatterers in a resolution cell.

A natural area-extensive target is usually treated as many randomly distributed
scatterers. The reasonable assumption is that the phase delay is uniformly dis-
tributed in 0 ~ 27 , this is also verified by dozens of simulations. We have the

distribution of the phase as
1
p(¢):2— ; 0< ¢ <2 (6.4)

Given Sp=1 and N = 1, according to Equations (6.3) and (6.4), the real part
(Re) and the imaginary part (Im) part of single-look fading F" from a scatterer

should follow the pdfs as bellow and the amplitude is 1 with the probability of 1.

1
p(ReW) = ———— 1< ReW <1
/1 — Re®?
1
p(ImWV) = —-1<1m® <1

V1 — Im®?

P(AmpY =1) =1 (6.5)
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Figure 6.2: Probability density function of SAR backscattering electric field signal
from one scatterer.

Figure 6.2 shows the distribution of the backscatter signal with only one scatterer
randomly positioned in a resolution cell. We also know E[ReV)] = E[Im(V] = 0
and Var[ReM] = Var[ImW] = 1 from Equation (6.5). When N=2, under the
assumption of the interdependency of the two scatterers, the pdf of the sum of
two independent variables is the convolution of the pdfs of each random variable,
therefore, the pdfs of real and imaginary parts and the amplitude of the response
F® are given by Equation (6.6) and plotted in Figure 6.3. In addition, E[Re®] =

E[Im®] =0 and Var[Re?] = Var[Im?] = ;1

2x2°
Re(®40.5
p(Re®) = / Adr < R® <1
~0.5 721 — 472,/1 — 4(Re® — 71)2
Im+40.5
pIm®) = / Adr _1<Im® <1
~0.5 721 — 472,/1 — 4(Im® — 7)2
2
p(Amp?) = 0 < Amp® <1 (6.6)

/1 — Amp®?

As the number of the scatterers N increases, N — 1 convolution operations of the
pdf of real and imaginary backscattering fields by a single scatterer are needed. The

properties E[Re™)] = E[Im™] = 0 and Var[Re™] = Var[Im®™] = L still hold.
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(a) pdf of real(imaginary) (b) pdf of amplitude

Figure 6.3: Probability density function of SAR backscattering electric field signal
from two independent identical scatterers.

For big N, the real (Re™)) and imaginary (Im®™)) parts become independent and

approximately follow Gaussian distributions norm/(0, ﬁ) We can see the trend in

Figure 6.4. The pdf of the real and imaginary parts of the fading F'Y) for large N

can be written as

p(Im™)) =/ = exp(—N ]m(N)z) —o00 < Im™) < o0 (6.7)

As a result, the fading (F®™)) amplitude (Amp™)) follows the Rayleigh distribution

and the intensity (Int™)) follows an exponential distribution.

p(Amp™) = 2N Amp™ exp(—N Amp™?) 0 < Amp™ < oo

p(Int™)) = N exp(—N Int™) 0 < Int™) < o0 (6.8)

As seen from Figure 6.4, if more than six randomly distributed single scatterers

contribute to one pixel, the received signal behaves as speckle.
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Figure 6.4: Distributions of the real and imaginary SAR backscattering electric field

from N randomly distributed scatterers
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6.2.2 Texture of Speckled Image

From the analysis above, the received SAR image of a homogeneous scene com-
prising randomly distributed scatterers is pure speckle. When the target texture
exists, the resulting image is a speckle corrupted version of the true texture. As-
sume we have only one type of scatterer and their positions on the ground follow
some pattern (texture). The target texture is represented by a stationary random
process N (i, 7) with known texture characteristics such as the autocorrelation func-
tion Ry (7;,7;). The fading is another random process Spkl(i, j). The backscattering

image can be described as

BRe<i7j> = N(Z7J) X SpklRe<Z7.]) Blm<l7.]) = N(Z7J) X Spkllm<z7.])

BAmp(iaj) = N(I, J) X SpklAmp(lyj) Blnts(iaj) = N2(27j) X Spklfnts(laj) (69)

where i and j are the pixel indexes and B denotes the backscattering image. N (i, j)
can be described by the number of scatterers enclosed in the resolution cell (i, 7).
Spkl(i, j) is the disturbing factor cause by the coherent summation of random phases
of scatterers. Next, we focus the analysis on the amplitude image, however, the
approaches are similar for other components. From now on, the subscript amp is
dropped.

As derived in the previous section, at a position (i,7), the value of Spki(i, )
is a random variable z with a pdf of 2N (i, j)x exp(—N (i, j)x?) , therefore, strictly
speaking, the texture and speckle are not uncorrelated. Another assumption is made
that the speckle behaves like white noise or the correlation length for speckle is zero.
This assumption is valid for the ideal SAR system because one scatterer can only
contribute to on resolution cell.

Consider a periodic stationary image of size M; x Ms, the autocorrelation function
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of the scene is

RB<TiaTj) = /BIB2dP<BlaB27<TiaTj>>

= /lepk’ll . NQSpk?ZQ . dP(lepk?ll,NQSpk?lg, (TZ’,T]‘)) (610)
1 Mi;—1 Ma—1
= S0 O O NG.D)Spki(i NG+ 75,5 + 7)) Spkl(i + 73, + 75)
142~ -
=0 j=0

where B is the returned amplitude image and N(i,j) is the number of scatterers
belonging to pixel (4, j). (7;,7;) is the displacement distance between the pixels. In
Equation (6.10), the ensemble average over probabilities is equalized with the average
over space. Under the assumption that the speckle behaves like white noise for the

ideal SAR system, we have
Rspra(in, 1, i2, j2) = E[Spkl®] x 6(ig — v, ja — J1) (6.11)

Equation (6.9) shows that at a position (7,7), the value of the backscattered

amplitude is a random variable whose pdf can be written as
p(B) = p(N) x p(Spkl|N) (6.12)

where the pdf of target’s scatterer distribution p(N) is unknown but p(Spkl|N) is

already derived. The statistics are given again by

p(Spkl|N) = 2NSpklexp(—NSpkl*)  Spkl >0

1 4-
E[SpkilN] = 3 % Var[Spkl|N] = 4N7T
1 2

E[(Spkl|N)?] = ¥ E[(Spk;l|1\f)4]=m (6.13)

Take the above quantities into Equation (6.10), the mean backscattering ampli-

tude of the image is a function of the scatterer’s distribution over the scene
E[B] = /Bp(B)dB = /N~ (/ Spkl - p(Spkl|N) - dSpkl) - p(N)dN

_ /N. %\/%.p(zv)d]v = gE[\/N] (6.14)
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Similarly, the mean backscattering intensity of the image is
E[B* = / BZp(B)dB = / N%.( / Spkl® - p(Spkl|N) - dSpkl) - p(N)dN
= / NZ. N)dN = E[N] (6.15)
Equation (6.15) shows that the average over the intensity image (intensity = amplitude?)

is the average scatterer density (# per resolution cell) of the scene (normalized by
the scattering coefficient). Moreover
E[BY = / B*p(B)dB = / N* - ( / Spkl* - p(Spkl|N) - dSpkl) - p(N)dAN
2
= /N4 : mp(N)dN = 2E[N?] (6.16)
Now, the autocorrelation function of the target scatterer density (# per resolution
cell) is introduced as the texture measurement of the target
E[N?] 7=0
E[Ny, Na, 7] = //Nlng(Nl,NQ,T)ledNQ = RM(r) =

RMN(1) 740
(6.17)

where 7 = (iy — 41,72 — j1) is the space lag of two densities Ny at (i1, j1) and N
at (ig,72). Next when 7 # 0, the autocorrelation function of the intensity image is

given by
E[B} B3, 7] = / / B2B2p(N,Spkly, Ny Spkly, 7)dB,d B,
_ / / N2NZ - ( / / SpIZSpRiZ - p(Spkly| Ny, Spkls| N, 7)
-dSpklydSpkly) - p (Nl,NQ,T)ledNQ (6.18)
— //N2N§ A N2 p(Ny, Ny, 7)dNyd N,
— / / Ny Nop(Ny, N, 7)dN1dNy = RN (7)

In the derivation of Equation (6.18), we made two assumptions. First, the probability

function p(NySpkly, NoSpkly, T) is separable into p(Ny, No, 7)p(Spkly | N1, Spkls| N2, 7).
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Secondly, the speckle values of different pixels are uncorrelated, therefore,
p(Spkli|N1, Spkls|N2, 7) = p(Spkli|N1) - p(Spkl>| N2) (6.19)
From all above, we come to the conclusions:

@ The average scatterer density of target can be obtained by the average of

intensity image F[B?].

® When 7 # 0, the autocorrelation function of the target density R™Y)(7) is that

of the intensity image F[B?, B2, 1].

@ When 7 = 0, the autocorrelation function of the target density is half the value

of the mean square of the intensity image E[BY].

Now, all the statistics to solve the correlation length can be estimated from the
backscattering images. We are pleased to see that the images preserve the autocor-
relation properties of the target in the idealistic cases. The conclusion can be verified
by the multiplicative SAR image model in Chapter V for the case of uncorrelated

speckles among pixels.

6.2.3 Real SAR Image Texture Model

In the previous section, we investigate the image correlation function for the
ideal SAR image model. However, the practical signal processing of SAR systems
complicates the properties of SAR speckle and texture.

The aperture of the SAR antenna over a target is not infinite and it transmits and
receives signals with limited bandwidth. Therefore, the SAR image of a point tar-
get is blurred by a point spread function (psf). Using the two-dimensional Fourier
transform SAR processing algorithms, we could approximate a rectangular band-

width support for the fast-time and slow-time domain. Fast-time domain represents
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Figure 6.5: Shape of the point spread function by a rectangular bandwidth support
region

the range identification and slow-time domain represents the azimuth discrimina-
tion [78] of a SAR processor. An analytical model for the point spread function can
be approximated by use of the inverse 2-D Fourier transform.

Given the rectangular bandwidth support region of the SAR as B, for the fast-
time and B, for the slow-time. The inverse Fourier transform takes the form of
separable 2-D sinc functions in the range and azimuth (r,y) domain. Figure 6.5

shows the shape of the psf.
B B
psf(r,y) = sinc (2—::) sinc (2—y7f/) (6.20)

We usually define the SAR image resolution as the main lobes of the two sinc
functions in the range and azimuth (r,y) domain respectively. They can be written

as

_m op I

D,
B, Y B

(6.21)

Let S(r,y) represent a target composed of N isotropic point scatterers. For each
scatterer, its backscattering coefficient is s,, and its range and azimuth position with

respect to the antenna is (ry,, y,)

S(ry) = $n0(rn, yn) (6.22)
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The backscattered SAR image B(r,y) can be written as the convolution of the
target and a function PSF. PSF includes the amplitude of the psf in Equation 6.20
and the phase delay ¢, (r,y) caused by the round trip between the scatterer and the

antenna.

N
B(r,y) = S(r,y) * PSF(r,y) = Z 502 st (1 — 1,y — yn) (6.23)

n=1
After the discrete sampling, we get a 2-D discrete image presentation

N
B(i,j) = Z s IO AT DSt (AP — 10, GAY — ) (6.24)
n=1
The ideal case is when the amplitude point spread function is a delta function

(

0<iAr—r, <Ar &
1
psf(iAr — 1y, jAY — yn) = 0 < iAy—y, < Ay (6.25)
0 : otherwise

\

The condition for the psf > 0 in Equation (6.25) can be written as

<2 il <l (6.26)
AR » = Ay T '
We define
. Tn . Yn

where | | gives the largest integer less than or equal to the the value of the argu-

ment. Then the ideal psf has the concise form of
pst(iAr — 1, JAY = yp) = 0(i — in, j = Jjin) (6.28)
So the image by the ideal SAR system is given by

N
B(i,j) = 3 sne’* 0 0( — in, = jn) (6.29)
n=1
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At a fixed pixel (i1, j1), only the scatterers belonging to the resolution cell contribute

to the backscattering signal for the pixel

N
B(ilajl) - Z Snej(bn(ihjl)a(il - Z.najl - jn)

n=1

M
= ) spedtmtini) (6.30)
m=1

Where M is number of scatterers contributing to pixel (i1, 71). The phase delay ¢,,
is uniformly distributed in the range of [—m, 7). Equation (6.30) gives us the same
result for the ideal case of SAR image model as in the previous section.

For the real SAR image, the shifted psf of scatterer s,, is obtained by taking the

form

. r—="Tn, . Y—Yn
Er— 1,y — ) = 6.31
pst(r — rp, y — yn) = sine( D )sine( Dy ) ( )

The discretely sampled version is written by Equation (6.32) and Figure 6.6 illustrates

the sampling of a shifted psf in one direction.

o0 e}

pst(i—ip, j—Jn) = Z Z sing( D )smc(‘]‘7 Zy)y Y )o(i—ii, j—77) (6.32)

11=—00 jj=—00

In theory, one scatterer has the effects on the whole image because of the point

spread function. The backscattered image is

N
B(i,j) =Y speo"9 (6.33)
n=1

& (iHi)ArT = G I)AY =Y
>0 sing( i )sinc( Dy )6(i — i — in,j — §§ — Jn)

11=—00 Jjj=—00
As seen from Figure 6.5, most energy of the psf is concentrated in the main lobe,
practically, we disregard the tail of the surface and choose a small neighborhood of

samples around the center. The sampling scheme of most SAR systems uses the
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Figure 6.6: Sampling of a shifted point spread function in one direction

conventional estimation of the bandwidths and the main lobe will approximately
cover a 3 x 3 pixel neighborhood.

Figure 6.7(a) is a simulated chirp pulse SAR logarithmic image of an isotropic
point scatterer using the wave front reconstruction algorithm. The image is free of
speckle. Figure 6.7(b) shows its correlation function. The SAR resolution of the
image is 7.5m x 6m and the pixel size is 2.43m x 2.56m. The figure shows that even
the backscattered image of a single scatterer has a non-zero correlation function.
Therefore, to acquire the full knowledge of real SAR image texture and speckle, a
SAR texture simulator employing the similar but more realistic coherent summation
algorithm is used to simulate SAR images of various target textures, as in the next

section.

6.3 SAR Texture Simulator And Results

6.3.1 Coherent SAR Simulator

Soumekh in [78] presented the principles and algorithms to model SAR system,

simulate SAR backscattering data, reconstruct image by means of 2-D Fourier array
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Figure 6.7: SAR image of a point scatterer

imaging [77], the matlab algorithms and numerical examples were also provided. Our
texture simulator adapted the matlab code of stripmap SAR system and 2-D Fourier
matched filtering and interpolation reconstruction method in [78] to a FORTRAN
program. The simulator also integrates many types of scatterer distributions to form
different texture of the ground. A large number of point scatterers with different
scattering properties can be either randomly distributed in a 3-D space above the
ground or obeying some rules such as regular lattice, rough surface or manually
inputted. The 3-D target space is divided into bricks and Foldy’s approximation [22]
on the multiple scattering waves by randomly distributed scatterers is used in the
model to calculated the electric field transmission matrix for each brick. The program
records the path of incident and scattered wave by every scatterer and applies the
corresponding transmission matrices. The coherent summation of the scattered fields
by all the scatterers within a resolution cell is the simulator’s output for one pixels.
The SAR image scattered by a forest area can therefore be simulated by model

the 3-D space of building bricks enclosing discrete scatterers. The geometry of a
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Figure 6.8: Geometry of the stripmode SAR simulator. A 3-D space target is defined
by boundaries and the coordinate system is originated at target’s center
projected to the ground.

side-looking SAR system is illustrated in Figure 6.8. SAR moves at speed v in +y-
direction at h above the ground and illuminates the target by right-hand side looking.
The origin of the far field coordinate system is at the center of the ground projected

target surface. The incidence angle of the wave from the antenna to the origin is 6;.

z=~h

xr = —ztanb; (6.34)

The major shortcoming of coherent simulator is the heavy task in computing the
backscattering signal of many scatterers. To get high fidelity simulation results,
ground targets usually consists of tens of thousands singles scatterers. It can easily
take a day or more to simulate one image of the scene using a PC.

In this section, for the interest of surface texture, we use only one type isotropic
point scatterers that are located on the ground surface rather than a 3-D space, the
density of scatterers is a function of their positions, which corresponds the scattering
strength variations received by the antenna, as the indication of target texture. A

chirp radar signal is transmitted by the antenna and the SAR system is configured
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by the following parameters.

Carrier frequency f. = 5.298 GHz Chirp bandwidth f, = 20 MHz
Chirp duration= 33.8 us Antenna aperture = 12 m
Radar position = (-124.7, 0, 216) km Target area = 300 x 100 m?
Slant range resolution D, = 7.50 m  Azimuth resolution D, = 6.0 m
Slant Range Samples = 1672 Azimuth samples = 984

Slant range pixel size d, = 2.43 m Azimuth pixel size d, = 2.56 m

Image range pixels n, = 62 Image azimuth pixels n, = 48

6.3.2 Texture Simulation Result

6.3.2.1 Homogeneous surface

One application of the SAR texture simulator is to test the statistical speckle
model that has been long used for SAR image analysis, which can be accomplished
by simulating the SAR image of a homogeneous surface composed by randomly
distributed point scatterers. A scatterer map is generated by projecting the homo-
geneous surface to the slant range surface and is shown in Figure 6.9. The total
number of the scatterers is 25520 and the mean density is 10 scatterers per pixel or
1.60 per m%. As shown in Figure 6.4, the signal returned by 10 random scatterers
have speckle characteristics. If we define the point backscattering coefficient o® of
every point scatterer is 1, the average backscattering coefficient of this area extended
target is 1.60 per m?2.

Figure 6.10 is the simulated image Ay(i,j) for this scene, it is in amplitude for-
mat and visually enhanced by histogram equalization. The 0dB calibration image
Acai(i, j) (Figure 6.7(a)) is generated by simulating the SAR signal of single scatterer
whose backscattering coefficient ¢ is 1 and located in the center of the scene. The

resulting image is also in amplitude format and the calibration factor is the summa-
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Point Scatterer Positions of A Homogeneous Area (SubArea)
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(a) Whole area (b) Full resolution

Figure 6.9: A homogeneous surface with randomly distributed point scatterers. Hor-
izontal direction: Slant Range, Vertical Direction: Azimuth.

tion over all the pixel values of the intensity image .4 (7, 7), which is the squared

amplitude image.

fcal - ZZIcal Z j Agal(i’j) (635)
=0 7=0 =0 7=0

Where ¢ and j are the pixel indexes in the slant range and azimuth direction, re-

spectivrluy. n, = 62 and n, = 48 are the range and azimuth samples given by the

previous section.

The calibrated intensity image I,(i, j) of the homogeneous surface is obtained by

A7 (i,5)

dividing the squared amplitude image by the calibration factor I,(i,j) = f ;

. The
calibrated intensity image shows that the mean scattering coefficient of the image
is 1.58 per m?, very close to the real scene’s 0% of 1.60 per m?. The maximum

0¥ is 14.56 and the minimum ¢° is almost 0. The variance of ¢° over the entire

Var[lh( %,J ]
[ h(zv_])]

example, normalized intensity image % can be called speckle, whose histogram

image is 3.05, which indicates the contrast of the image = 1.10. In this
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Simualted SAR Image of A Homogeneous Area
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Figure 6.10: Simulated image for the homogeneous surface with randomly dis-
tributed point scatterers. Image size: 62 x 48. Horizontal direction:
Slant Range, Vertical Direction: Azimuth.

is shown in Figure 6.11(a). Statistical SAR image model assumes that single-look
SAR image speckle has a negative exponential pdf with mean and variance are both
1, which is also shown in Figure 6.11(a) for comparison. The consistency between
two histograms demonstrates that the first order SAR speckle model is correct and
can be safely used for SAR image analysis.

However, for the second order statistics, the simulated speckle are correlated
among pixels, its correlation coefficients are shown in Figure 6.11(b). The correlation
length of the image is estimated to be 4 m or 1.6 pixels. Which is contradictory to
the statistical model, which assumes speckles are uncorrelated, thus no correlation
length. The reason for this discrepancy is contributed to ideal conditions used in
the statistical model. Although direct coherent approach used by our simulator can
provide accurate and detailed information of the target, its computation is very time
consuming, sometimes, statistic speckle model is preferred to study the large scaled
overall scattering properties of the target for the simplicity and speed. However

for texture analysis of real SAR data, which are second or higher order statistics,
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Figure 6.11: Histogram and correlation coefficients of the normalized intensity image
for the homogeneous surface.

correlation of speckles is inevitable and can’t be neglected.

6.3.2.2 Gaussian rough surface

In this section, image of a Gaussian rough surface is simulated to study how tar-
get’s texture is captured by SAR data. The term “rough surface” doesn’t represent
the height fluctuation of the surface, instead, it indicates the scatterer density fluc-
tuation. The density of scatterers placed on the ground is a function of positions,
which has a Gaussian correlation function and the correlation length is 3 m in the
ground range - azimuth coordinates. Figure 6.12 shows the scatterer distribution
in the projected slant range surface. The total number of the scatterers is 29800

2. Thus, the average

and the mean density is 11 scatterers per pixel or 1.61 per m
backscattering coefficient of this area extended target is 1.61 per m?. Since the num-
ber of scatterers is directly related to the scattering strength, we consider the spatial
variation of the scatterer density as the intrinsic scene texture.

The simulated amplitude image Ag(i,7) for the rough surface is given in Figure

6.13. The noise-like image doesn’t correspond directly to the scatterer map shown
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Point Scatterer Positions of A Gaussmn Surface (SubArea)
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Figure 6.12: A rough surface with randomly distributed point scatterers. Horizontal
direction: Slant Range, Vertical Direction: Azimuth.

in Figure 6.12 since the scene texture is buried under the speckle.

Further analysis on the calibrate intensity images Ig(i,7) = ?(Z’J indicates

that the mean scattering coefficient of the image is 1.67 per m? while the average

2

scene’s ¢ is 1.61 per m?. 0

The maximum and minimum ¢° are 21 and 0 respec-

tively. The variance of 0¥ over the entire image is 3.05, and the image’s contrast is

Var[lg(i,5)]

iG] = 1.49. Histogram of the normalized intensity image is shown in Fig-

ure 6.14(a), compared with the statistical single-looking speckle model’s pdf. There
are obvious differences between the two curves, which suggest the presence of target
texture.

Figure 6.14(b) presents the correlation coefficient of (i, j) for the rough surface,
whose correlation length of the image is estimated to be 5 m or two pixels. The blind
deconvolution presented in Chapter V can be applied to this image to estimate the

scene’s correlation length from the simulated image, however, more pixels are needed



164

Simualted SAR Image of A Gaussian Surface
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Figure 6.13: Simulated image for the Gaussian rough surface. Image size: 62 x 48.
Horizontal direction: Slant Range, Vertical Direction: Azimuth.
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Figure 6.14: Histogram and correlation coefficients of the normalized intensity image
for the Gaussian rough surface.
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for high fidelity estimation. This is the future work for the combined application of
the SAR texture simulator and blind deconvolution method, particularly, the SAR
texture simulator need to increase the speed for any practical usage, which is usual
achieved by using approximation and interpolation to reduce the samples to simulate

the Fourier domain signal.

6.4 Discussion and Summary

We investigate the formation of texture and the ideal SAR model of texture and
speckle are derived. SAR images preserve the autocorrelation properties of the target
in the idealistic cases even with the presence of the speckle. However, a coherent SAR
texture simulator is developed to simulate real SAR systems. The texture simulator
uses the fundamental scattering theory, where the backscattering from individual
scatterers are added up coherently in phase, as stated by the principles of basic
radar systems. Multiple scattering among random scatterers are not considered at
this moment. A SAR system of chirp radar signal and the wave front reconstruction
reconstruction algorithm are is to simulate real life SAR images. Two images of tar-
gets representing general textures are simulated, one is a homogeneous surface and
the other one is a Gaussian rough surface. The simulated images correctly reflect the
overall properties of the scenes. The correlation function calculated for the homoge-
neous scene’s image shows that the statistical model of SAR speckle is insufficient for
texture analysis. The image with both the scene texture and speckle is difficult to
interpret by visualization, texture preserving techniques such as blind deconvolution
method and specking filters are needed. The texture simulator provides a power
tool to study how the information about spatial distribution of the target can be

extracted from SAR image. The input target of the model can be specified by any
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distributions of single scatterers. The model is capable of 3-D simulation with the
Foldy’s approximation for scattering by random media, but not applied in our work

since it involves many additional tasks and is left for future work.



Chapter VII

CONCLUSION AND FUTURE WORK

7.1 Conclusion

This dissertation presented the microwave scattering models for nonuniform for-
est canopies, which addresses two aspects of nonuniform forest structures — vertical
inhomogeneity of mixed species forests and texture information carried by SAR im-
ages of nonuniform canopies.

Bi-MIMICS has been developed to simulate bistatic scattering coefficients from
forest canopies using radiative transfer theory. It is based on the backscattering
canopy model MIMICS and is a first order full polarimetric model. We contribute to
the development of Bi-MIMICS by introducing additional radar view angles and new
scattering mechanisms, wave propagating quantities, and implementing the model.
Bistatic scattering coefficients provides more information about the mechanisms of
canopy scattering and composition compared to the backscattering coefficient, the
advantage of the bistatic geometry is analyzed and demonstrated by model simula-

0

tions, where ¢” simulated different combination of incidence and scattering angles

shows more sensitivity to some forest parameters such as stem orientation, biomass
density. Bi-MIMICS is also a intermediate model that extends MIMICS and the

same bistatic configuration is included in Multi-MIMICS.
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The major contribution of the thesis is the development of Multi-MIMICS for
mixed species forests. A multi-layer canopy structures is defined above the ground
and two important forms of natural forests — overlapping layers and tapered trunks
are specially treated. The model solves first order multi-layer radiative transfer
equations using an iterative approach and diffuse boundary conditions. It also ac-
commodates the ability of bistatic scattering simulation. Multi-MIMICS has been
parameterized using ground collected forest inventory data of mixed species forest,
simulation results correspond well with actual AIRSAR measurement, which also
show improvement for complex forests over conventional two-layer scattering mod-
els. Overall, Multi-MIMICS provides a more effective scattering model for simulating
SAR ¢ from forests of mixed species and structural, the model still has built-in re-
strictions on multiple scattering mechanism among scatterers, the coherent effects,
error for cross-polarization because it is only a first order RT-based model.

For nonuniform canopies, texture information carried by the SAR image reveals
the spatial variation of the scene. Image correlation length is suggested as an opti-
mal texture model for SAR images. A blind deconvolution method is presented to
estimate the correlation length of target texture from the speckle degraded images.
Utilizing texture information can help improve the land-cover category classification
accuracy since some categories’” SAR images may show the same mean value but
different texture parameter.

A coherent SAR texture simulator is developed to simulate SAR images of surface
targets’ horizontal spatial variation. The model is a reliable source to study the
texture from nonuniform forests, especially when the ground truth is unavoidable,
where high fidelity simulation results is desired. The disadvantage of the coherent

SAR simulator is its heavy commutating tasks.
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7.2 Recommendations For Future Work

Several aspects of the future work of this thesis are considered as the extension and
improvement of the current study. For the validation of Bi-MIMICS model, the lack
of actual bistatic SAR measurement data from vegetation for us to comparison with
the model’s simulation arises as a major problem. For this reason, we have proposed
some future work including conducting laboratory bistatic radar measurements on
scaled forest models using our existing bistatic measurement facilities.

In studying Multi-MIMICS’s simulated backscattering for mixed species forests,
some discrepancies between the simulation and radar measurement, have been ob-
served due to the model’s limitation. Extending the current first order RT solution
of Multi-MIMICS to higher order solutions can include the multiple scattering mech-
anisms among canopy elements, particularly at high frequencies, where branch and
foliage volume scattering dominates and account for the underestimation of o° by
the current model. The scattering models for individual canopy compositions and
the rough ground surface can also be refined since they are most accurate at L-band.
Other scattering models are needed for much lower and higher frequencies.

Currently, using the blind deconvolution method to estimate real target texture’s
correlation length from speckle degraded SAR images is only applied to simulated
images because no detailed ground truth have been available. Which in turn requires
the coherent SAR texture simulator to provide high resolution simulations for real
nonuniform forest scenes. Improving the speed of the simulator by incorporating
some statistical models for approximation is part of future work.

Model inversion is a important aspects of the future work. The ultimate goal for

developing scattering models is to improve the potential retrieval of forest biomass
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and other vegetation parameters. Multi-MIMICS inversion model is expected to
provide estimates of soil moisture, canopy biomass, and the possibility to detect the

multi-layer structure of canopies with mixed species.
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