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Abstract

This thesis reports on my Ph.D. research in the area of microave remote sensing of the
Arctic. The main objective of this research is to reconstru¢ the dielectric pro le of the
snow-covered sea ice, and indirectly retrieve some of its gphysical and thermodynamic
properties. To meet this objective, a nonlinear electromagetic inverse scattering algorithm
is developed that consists of forward and inverse solvers. e input to this algorithm is
the normalized radar cross section (NRCS) data collected byadar systems from the snow-
covered sea ice pro le. The proposed inversion algorithm gratively minimizes a discrepancy
between the measured and simulated NRCS datai., the mist cost function term) to
achieve an accurate reconstruction. Herein, the boundary erturbation theory and the cloud
model are utilized as the forward solver, and the di erential evolution algorithm is used as
the inverse solver.

Two main challenges associated with this inverse problem arits ill-posedness (which is often
associated with the non-uniqueness of the solution and thenstability of the associated math-
ematical problem) and its limited available scattering data. To tackle these challenges, the
utilization of appropriate regularization and weighting schemes as well as the incorporation of
prior information into the inversion algorithm are employed. These include the utilization of
(i) appropriate weighting factors for the mis t cost function , (ii ) more sensitive NRCS data
with respect to the unknown parameters, (ii ) further parametrization of the pro le based
on the expected permittivity distribution, ( iv) time-series NRCS data to better initialize the
inversion process, and {) NRCS data collected by the satellite and on-site scatteroneter to
be inverted simultaneously for pro le reconstruction.

The experimental data utilized in this thesis are collectedby the author in collaboration
with the Centre for Earth Observation Science. These measwments are performed on
(i) the arti cially-grown sea ice in the Sea-ice Environmentd Research Facility, located at the
University of Manitoba during Winter 2014, and (i ) the landfast sea ice located in the Arctic
(Cambridge Bay, Nunavut) during May 2014. The measurement pocedure includes NRCS
data collection through an on-site C-band scatterometer ad a spaceborne SAR satelliteice.,
radarsat-2), and physical sampling of the snow and sea ice.



The proposed electromagnetic inverse scattering algoritim is utilized to invert these experi-
mental data sets, as well as some synthetic data sets. It wilbe shown that the use of various
techniques developed in this thesis in conjunction with thedeveloped inversion algorithm
results in reasonable snow-covered sea ice pro le reconstrtion.



Acronyms and Symbols

Acronym | Description

NRCS Normalized radar cross section.

SERF Sea-ice environmental research facility.

DE Di erential evolution.

BPT Boundary perturbation theory.

SAR Synthetic aperture radar.

vV Vertical-sent vertical-receive polarization.
HH Horizontal-sent horizontal-receive polarization.
VH Vertical-sent horizontal-receive polarization.
HV Horizontal-sent vertical-receive polarization.
FYI First year ice.

MYI Multi year ice.

YI Young ice.

NI New ice.

ppt Part per thousand.

SPM Small perturbation method.

NL Noise level.

CF Cost function.

TG Temperature gradient.

GO Geometric optics.

IEM Integral equation method.

SFT Strong uctuation theory.

DMRT dense medium radiative transfer theory.
FMCW Frequency-modulated continuous-wave.




Symbol | Description
R0 2 Unit vectors along x, y and z directions.
j Imaginary unit (j2 = 1).
kp Wavenumber of the background medium.
b Wavelength of the background medium.
E inc Incident electric eld.
E scat Scattered electric eld.
E scat Measured scattered electric eld on the measurement domairs.
514 Scattered power density with p polarization.
Siq Incident power density with g polarization.
Pdor pq NRCS with p-sent g-receive polarization.
() Complex conjugate operator.
()1 Inverse operator.
Re Real part operator.
Imag Imaginary part operator.
0 Real part of the relative complex permittivity.
00 Imaginary part of the relative complex permittivity.
T Temperature.
S Salinity.
Density.
Relaxation time.
Thermal di usivity.
cP Speci ¢ heat capacity.
LP Latent heat.
kT Thermal conductivity.
Dielectric pro le.
L() Regularization cost function.
() Regularized cost function.
F() Cost function.
pq Regularized cost function weighting factor.
T Generalized transmission coe cient.
R Generalized re ection coe cient.
h rms height.
I

Correlation length.
Layer thickness.
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Introduction

This dissertation presents my doctoral research in the ared microwave remote sens-
ing of the Arctic. The primarily objective was to retrieve sone parameters of interest
from the snow-covered sea ice pro le utilizing the measuredicrowave scattering data.
To achieve this objective, an electromagnetic inverse stating algorithm® was devel-
oped, various pro les were studied, and new contributions eve made to improve the

accuracy of the reconstructed pro les.

1.1 Motivation and Rationale

The Arctic has shown a trend of warming and an increase in the geipitation for the
past few decades [1]. These have had a signi cant e ect in th&rctic in the form
of reduction of summer sea ice extent and lower sea ice thielgs [2]. Moreover, a

positive thermodynamic feedback mechanism in the Arctic hasccelerated the sea ice

@ within the context of this thesis, inverse scattering algorit hms may be referred to as nonlinear inversion
algorithms (or, simply, inversion algorithms), reconstru ction algorithms, or retrieval algorithms.
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melt further. This melt pattern is projected to further unfold well into the 215t century
with major environmental, social, sovereign, and economimpacts, on regional and
global levels. Changes due to these impacts concern Canadgniscantly as it has
almost 40% of its landmass within the Arctic boundary, and atsneighbors vast arctic

bodies of water on its northern coasts.

Despite negative impacts of the climate change, the alteredrctic has also laid the
groundwork for some new opportunities. For instance, Canads involved in the re-
newed development of energy and mineral resource extractiand the transportation
in the Arctic tout de suite. Responsible and sustainable plamng for such develop-
ments requires continuous monitoring and accurate modetjrof the current and future
physical state of the Arctic, amongst other measures. To a@ve these monitoring
and modeling goals, microwave remote sensing has been idiroed as an e ective
tool to the Arctic sciences' toolbox. The usefulness of thiol is better understood
considering the Arctic's remoteness, sheer size, and hazaud environment. More-
over, microwave remote sensing can provide day-and-nigheasurements regardless of
weather conditions. As one of its objectives, microwave remeosensing investigates
the utilization of the remotely collected electromagnetidata from the Arctic pro le
to retrieve some of its parameters of interesi(g., snow thickness). Despite prodigious
progress in the past, the accurate parameter retrieval and@le classi cation through
microwave remote sensing is still a challenging topic. Thefiore, | set out to contribute

to the solution of this problem as my Ph.D. research topic.

1.2 Research Objectives

New remote sensing techniques and algorithms need to be depeld so as to extract as
much information as possible about the geophysical and thmeodynamics state of the

snow-covered sea ice in the Arctic. From microwave remote sérg perspective, an im-
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portant piece of information about this pro le is its dieledric properties. The dielectric
properties of the snow-covered sea ice pro le determinesethwvay it interacts with an
impinging electromagnetic wave. This quantitative information is dependent on other
geophysical and thermodynamic properties of snow and sea ife.g, temperature,
salinity, and brine volume fraction);e.g, see proxy formulas in [3{6]. These secondary
parameters are of great interest as being the input data to xaus thermodynamic
and climate models. Therefore, the focus of this thesis is ¢ime reconstruction of the
dielectric pro le (i.e., thickness values, complex permittivities, and roughnegmram-
eters) and the indirect retrieval of its thermodynamic and pysical parameters €.g,

temperature pro le).

In this research, the snow-covered sea ice pro le is reconsited within the framework
of electromagnetic inverse scattering. Performing threei drent steps is commonly
required in this framework: ) data collection, (i) data calibration, and (iii ) data
processing [7]. In the data collection step, the domain ofterest is irradiated by
an antenna and the scattered data is then collected by a reeigig antenna (same as
transmitting antenna in the case of monostatic con guratio). In the next step, the
measured data set is calibrated against another data set lemlted from a scatterer
with a known scattering matrix. Finally, in the data procesgg step, the calibrated
measured data is utilized as the input to an appropriate eleéomagnetic inverse scat-
tering algorithm to nd @ the quantitative dielectric pro le of the snow-covered sea
ice. This research will utilize all these three steps with aemphasis on data processing.

Therefore, our principal goal can further be categorizedtm the following items.

1. Development of an inversion algorithm that is capable oétrieval of snow-covered
sea ice parameters. This algorithm iteratively minimizeghie discrepancy between

the measured and simulated microwave scattering data. Thigocess requires the

@ Within the context of this thesis, nding the dielectric prol e may be referred to as reconstructing the
dielectric pro le or retrieving the dielectric pro le.



1.3 Thesis Structure and Outline 4

utilization of an electromagnetic inverse solver in conjution with an electromag-

netic forward scattering solver.

2. Collection of physical and polarimetric normalized radacross section (NRCS)
data from various snow-covered sea ice pro les. Physicalnsgpling includes the
in-situ measurement of density, salinity, and temperature of the sw and sea
ice. Herein, the NRCS data collection is performed through a@und-based radar
system {.e., C-band scatterometer), and a space-borne satellited., radarsat-2).
The inversion algorithm will then utilize the collected NRCSdata to retrieve the
parameters of interest. Within this thesis, this process isometimes referred to

as the inversion of the NRCS data.

3. Development of strategies to tackle the challenges.g, ill-posedness), lack of
su cient data, nonlinearity) associated with this electromagnetiénverse scat-

tering problem.

4. Validation and improvement of the inversion algorithm fo various measurement

con gurations and snow-covered sea ice pro les.

It should nally be noted that the contributions made as a reslt of my Ph.D. research

to meet the objectives mentioned above are outlined in Chagt 8.

1.3 Thesis Structure and Outline

This thesis is structured based on the grouped manuscripty$ (i.e., sandwich thesis).

Therefore, Chapters 3 to 7 are the candidate's peer-reviedvgournal papers. The

® Based on Jacques Hadamard, a problem is well-posed if it satis es the following three criteria: (i) existence
of the solution, (ii) uniqueness of the solution, (iii ) the solution depends continuously on the data [8]. The
violation of any of these criteria results in an ill-posed pro blem. The rst criterion is often satis ed in the
sense that a physical solution exists. However, it should be naed that the mathematical problem set up to
represent the actual problem may not have a solution; e.g., due to the use of a poor model. The second
and third criteria are usually treated by collecting as much reliable information as possible, use of prior
information, and various regularization techniques.



1.3 Thesis Structure and Outline 5

collection of these papers contributes towards the prinabgoal of the thesis, as de ned
in Section 1.2. Moreover, it should be mentioned that the pagws enclosed in this thesis
are slightly edited to avoid repetitions and to achieve a caistent format throughout.
Nonetheless, some general concepts might be repeated fortibae t of the reader (e.qg,

the cost function formulation).

The outlines of each chapter are presented below.

{ In Chapter 2, the background required for a general compreinsion of microwave
remote sensing of the snow-covered sea ice is presented.sTihcludes investiga-
tion of the geophysics, thermodynamics, and dielectric pperties of the snow and
sea ice. At the end, the basics of electromagnetic inverseatering algorithm

associated with the snow-covered sea ice pro le are explath

{ Chapter 3 introduces the nonlinear inversion algorithm desloped to reconstruct
the dielectric pro le of the snow-covered sea ice. In this dpter, the inversion is
performed on noisy and noiseless synthetic NRCS data. It isrdenstrated that
the algorithm is capable of reconstructing the unknownse(g, complex permit-

tivity, roughness parameters, and thickness) accurately.

{ The bistatic con guration is investigated in Chapter 4. For this con guration,
a new weighting factor for the cost function is introduced. tlis shown that
the utilization of the introduced weighting factor resultsin higher reconstruction
accuracy compared to the conventional weighting factors. He study presented

in Chapter 4 is based on noisy and noiseless synthetic NRCS aat

{ In Chapter 5, the sensitivity of the NRCS data with respect tothe unknown pro le
parameters is studied. It is demonstrated that the use of mersensitive NRCS
data results in enhanced reconstruction. In addition, in aattempt to reduce the
number of unknowns, | propose a new parametrization so as tocorporate prior

information about the complex permittivity pro le of the snow-covered sea ice
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of interest into the inversion algorithm. This chapter utiizes both synthetic and
measured NRCS data. The measured data were collected via a rostatic C-band
scatterometer that irradiated the snow-covered sea ice pl® grown arti cially

at the Sea-ice Environmental Research Facility (SERF) in wter 2014. Within

the context of this thesis, | refer to this experiment as SERExperiment 1.

{ A new inversion strategy is introduced in Chapter 6 to take dvantage of the
time-series NRCS data so as to retrieve the temporal evoluticof temperature,
salinity, and density pro les of the snow-covered sea ice.hE employment of the
time-series NRCS data allows the minimization of the searclpace for problem
unknowns, thus, achieving better reconstruction accuracylhe experimental data
utilized in this chapter were collected at the SERF in winter2014. Within the

context of this thesis, | refer to this experiment as SERF Exgriment II.

{ Chapter 7 investigates the retrieval of snowpack paramete of the snow-covered
sea ice pro le. To this end, the inversion algorithm is equiped with an enhanced
forward solver. The enhancement is focused on incorporagia volume scattering
component into the forward solver. This is important due to e existence of large
inclusions within the snowpack. The temporal NRCS and physat sampling data
in this chapter were collected in Cambridge Bay, NU, located wiin the Arctic
Circle, during May 2014. Both scatterometer and satellite ata are inverted
in this chapter. (A prole averaging technique is also appéd to reduce the
number of unknown parameters.) Within the context of this tlesis, | refer to the

experiment considered in this chapter as Cambridge Bay Expeent.

{ A conclusion is presented in Chapter 8. This chapter inclues a summary of
the thesis and my contributions to the area of microwave ren® sensing of the
snow-covered sea. Furthermore, my recommendations for due work based on

the ndings of this research are outlined.



Background and Framework

2.1 Overview

In this chapter, the background on the snow-covered sea idg¢ geophysics, ij ) dielec-
tric properties, and (ii ) thermodynamics are presented. In addition, a background
concept for inversion algorithms is explained. In Section.2, the geophysics of the
snow and sea ice, as the constituents of the snow-covered isegoro le, are described.
In particular, the sea ice formation process and the presenof brine inclusions in the
sea ice are studied. Furthermore, the snow structure and itsriations are investi-
gated. Next, in Section 2.3, the formulas to calculate the penittivity values of single
and multi-phase dielectric materials are presented. Theseclude the Debye, mixing,
and semi-empirical formulas that are utilized to calculatehe permittivity values of
various dielectric materials, including snow and sea iceulssequently, it is shown that
the dielectric properties of snow and sea ice are dependenttbeir geophysical state.
In Section 2.4, the thermodynamics of the snow-covered se ipro le in the arctic

environment is presented. To this end, the formulas to caltate various thermody-
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namic parameters of the snow and sea ice.¢, speci c heat) are presented. Next, a
one-dimensional heat transfer model is introduced that rafes the transfer of energy
through snow-covered sea ice pro le, to the growth or melt adach layer. Afterwords,
the thermodynamics of the snow-covered sea ice is put in peestive with respect to

its geophysics and dielectric properties. Finally, the caept of the electromagnetic in-
verse scattering associated with the snow-covered sea géntroduced in Section 2.5.
This includes the description of the electromagnetic forwd and inverse solvers. At
the end, the topics of parameterization and use of prior infmation to tackle the ill-

posedness associated with the snow-covered sea ice elewdgnetic inverse scattering

are brie y explained.

2.2 Snow-Covered Sea Ice Geophysics

This section investigates the geophysics of snow and ice metArctic. First, in Sec-
tion 2.2.1, the ice formation process and geophysics are ped. This topic is then
followed by a description of the snow geophysics and metarpbism in Section 2.2.2.
It should be noted that the focus of the research presented this thesis is on snow-

covered sea ice formed under calm conditions.

2.2.1 Sealce

Sea Ice Formation

Sea ice is a product of cooling saline ocean water. The initimrmation of sea ice
is in uenced by presence of snow fall and water turbulence duo wind or wave, as
shown in Figure 2.1. The general sea ice formation processdan calm conditions is
explained as follows. (This explanation is based on [10].) W¥n the open water surface

temperature drops down to the freezing point (1:8 C for 32 ppt salinity), minute disks
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of ice form on the surface of the water. As the heat is transfed upwards towards
the surface, a layer of randomly oriented needles and plat&d, referred to as frazil ice,
begins to accumulate. If there is a snow fall event at this si@, a mixture of ice and
snow will develop on surface, referred to as slush. Over time frazil ice develops
into grease ice and then solidi es into a thin elastic layereferred to as nilas ice. From
this point on, the sea ice grows from the bottom of the icd.é., congelation growth)
into new ice. During the cold season, ice growth continues the form of a columnar
structure to reach to the so-called rst year ice (FYI). If this ice can survive the melt

of the next warm season, it will be referred to as multi year &(MY1).
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Brine and Salinity

As sea water solidi es into ice, its salt content is ejected io pockets within the formed
ice. These inclusions, referred to as brine pockets, areiguid or solid form depending
on the ice temperature. As the ice grows, the brine moves upwiarand downwards and
forms channels within the ice, resulting in a C-shaped saiin structure for di erent
ice types having various thickness values. The upward exgidn of brine is primarily
due to pressure buildup in the brine pockets caused by ice gitth. This forces the
brine upwards through microscopic cracks within the ice. Tik upward move leads to
(i) formations of millimeter crystal structures on the ice suace, referred to as frost-
owers in lack of a snow layer [11,12], orii() a saline layer at the bottom of snow in the
case of snow-covered sea ice [13] The downward migration of brine is primarily due
to gravity drainage. This process involves the movement ofibe due to di erences in
density between the brine in the ice and that in the seawatefThis occurs due to the
development of a buoyancy driven convection system. Thisalnage of brine releases
a considerable amount of salt into the ocean. Another mecham which contributes
towards the downward movement of brine is the solute diusio. This occurs since
brine tends to move towards the warmer end of the ica.¢., the ice-ocean interface).
Finally, it should be mentioned that there might be other intusions in the ice €.g, air
bubbles). In the sea ice type of interestif., young and rst year sea ice), the volume

fractions of these other inclusions are negligible compdré that of brine [14].

2.2.2 Snow

Snow is the ice crystals formed in the atmosphere. But the swdayer on the ice is a
mixture of single or clusters of crystals with its pores inially lled with air. There

could also be water vapor and liquid water in this layer if thesnow is wet. Finally,

@ 1t should be noted that we can have both brine skim and frost ow ers.



2.2 Snow-Covered Sea Ice Geophysics 11

the snow could even be brine-wetted at its interface with iceas explained above. The
snow density can vary signi cantly, as reported in [15]. Smo plays a major role in
climate models for the Arctic. This is due to two major propelies of the snow. First,
the albedo {.e., the fraction of solar shortwave radiation re ected from tle surface)
of snow is higher than that of ice [16]. Second, the thermal mductivity of snow is
smaller than ice [17]. Therefore, the snow layer is an e ewé thermal blanket for the

ice beneath which slows both its growth and melt rate.

As the snow falls on the ice, it goes through a metamorphism pess. Snow meta-
morphism is the change of the structure and texture of snow @ns due to a varying
temperature, migration of liquid water and/or water vapors and gravitational pressure
within the snow cover. There are two major metamorphism pr@sses [18]. First is the
equi-temperature metamorphismi(e., equilibrium state). This happens in isothermal
and deep snowpacks. During this process, the snow crystatstgrough an erosion pe-
riod and end up as well-rounded snow grains. Snow grains atfevelop bonds (known
as necks) with each other. The result of this metamorphism & packed layer with
higher density. Second is the temperature gradient (TG) mamorphism. This occurs
when there is a large temperature change within the snowpackhis process is also re-
ferred to as kinetic growth in which grains become faceted dihe bonds are poor. As
water vapor is deposited on the snow grains, they grow largemnd eventually form the
large crystals referred to as depth hoars. Depth hoars norityaform at the snow-ice
interface, where the vapor pressure gradient is strong an@sistent. Other metamor-
phism are the gravitational (.e., overburden) and freeze-melti(e., freeze-thaw cycles)

metamorphism, both resulting in a denser snowpack.

Dry and Wet Snow

To simplify the study of snow properties and its metamorphig, the snow is catego-

rized into two types here. These are dry snow and wet snowe., snow with less and
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more than 2% liquid water content respectively. The metam@hism in dry snow is
mainly governed by temperature gradient [19]. After the snoviall and based on the
daily temperature gradient, the snowpack uctuates betwaeeither well-rounded (.e.,
equi-temperature metamorphism), or facetedi.e., temperature gradient metamor-
phism) grains. Snow grains evolve into hoars at the bottom ¢fie snowpack, when the
temperature gradient is large enough. As time goes by, the &ed crystal formation
moves upward since the rounded ice crystalsd., vapor sources) are depleted. This
process means that in a typical snowpack, snow-grain sizelieases with depth while

the density decreases.

Wet snow has a higher grain growth rate compared to dry snow tlia similar meta-
morphism [19]. As the water content in the wet snow increases$ie grain growth rate
increases as well. For lower liquid contents.¢., pendular regime¥, air- lled gaps
among the clusters of ice crystals are reduced, forming largconnected units. For
higher liquid contents (.e., funicular regime), water freely moves to the bottom of
the snowpack where smaller grains melt and contribute to thi®rmation of large snow

grains. Therefore, the grains cluster together with liquidvater bonding them.

2.3 Snow-Covered Sea Ice Dielectric Properties

This section presents the formulas relating the dielectrigroperties of snow-covered sea
ice to its geophysical properties as described in Sectior22.To this end, a dielectric
material, or simply a dielectric, is de ned in Section 2.3,1and general formulas to
calculate dielectric properties are cast. Next, Section 22ZBpresents the parameters in
these formulas for various single-phased materials of intst. Finally, in Sections 2.3.3
and 2.3.4, the dielectric properties of ice and snow are irstgated respectively. It

should be noted that the methodology utilized in this thesiso calculate the permit-

@ The snow pendular regime spans from dry snow up to a water saturation level of roughly 8% of the snow
mixture [20].
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tivity of the snow and sea ice is presented in Appendix B.

2.3.1 Permittivity General Formulation

A dielectric is a material whose dominant charges are bounddt free to move); when
an external eld is applied to it, its charges shift slightlyin place (.e., polarization) [21].
If the dielectric is considered to be lossy, its dielectricalue (.e., permittivty) will be
a complex numbe® . In what follows, | initially attempt to describe the relations that
outlines the frequency-dependence of permittivity for a sgle-phase material. To this
end, let's de ne the electric polarization vector, denotedby P, as the dipole moment
per unit volume. When an electric eld is applied to a dielecic with no dipole to
dipole interactions (.e., Debye model), the time-dependency of the polarization can
be characterized as [22]

daP(t) 1

== P @.1)

In (2.1), Ps is the static value ofP , and is the relaxation time (momentary delay to

transfer to equilibrium). In the phasor domairf”, we can solve folP (! ) as

Ps
1) =
P() Tl (2.2)
Furthermore, for the electric ux density, denoted byD , we have [22]
D()=P()+ Pres(!)+ Duvac(!) (2.3)

In (2.3), Pres denotes the resonant part of the polarization and ,,. denotes the

vacuum contribution to D . UsingPes(! )+ Dyac(! ) = o1 E(!), and Ps = o( s

® Any contributions due to a nite conductivity of the dielectr ic can be incorporated into an e ective
complex permittivity.
@ We assume a time-dependency ofe " .
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1 )E (1) [22] along with (2.2) and (2.3) we arrive at

D(1)= 4 E()+ 01EQ) 24)
By substituting D = 4 E in (2.4), the Debye equation for frequency dependent

permittivity is found to be

()= 1+ j!1 (2.5)

It should be noted that (2.5) is now consistent with the de ntion of ; and g as

im ()= . (2.6)

111
im (1)=& 2.7)

Finally, the presence of a nite conductivity, , can be incorporated into the complex
permittivity by using the concept of e ective complex permitivity which combines the

eectof and , into the e ective complex permittivity, e , as follows [23, 247

rett (1) = 1+ 1S j'l + |J— (2.8)

If the dielectric material under investigation is a mixtureof a number of dielectrics
(e.g. dry snow that is pure ice crystals in an air background) its @croscopic e ective

permittivity can be de ned as® [25]

The e ective permittivity can be calculated through various homogenization (mixing

formula) methods. One such popular method in the remote seng community is the

ref (')
2l —
©r H@)= 1DE)+ E()= ' o)+ I )E(Q)
0

© The averaging is performed through <f (r) >= & f(r)dV.
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Polder-Van Santef”). To this end, Polder introduces the following procedure foa
mixture dielectric consisting of a host medium and inclusies. Herein, we assume a
two-phase mixture in which we have a host medium with one typef inclusions [26].

Z
1
<D >= g <E>= <E>+<P>= | <E > +v(; h)V EdV

iV

(2.10)
In (2.10), the subscriptsh and i refer to the host and inclusion respectively. Also,
v; denotes the volume fraction of the inclusion, an®/; is the actual volume of the
inclusions. For example, if the inclusions are random idanal ellipsoids,v; is related
to the physical dimension of the inclusions by

4
Vi = 3 a oh,coN (2.11)

In (2.11), N is the number of inclusions per meter cube. Alsa, h,, and ¢, are half of

the ellipsoid dimensions along its majog, b, and c axes. Next, Polder assumes that
the mean eld within a particle, denoted byE ,, is linearly related to the homogenous
eld away from the particle (i.e., < E >)® via a tensor . The mean value of the

eld in the interior of a randomly oriented ellipsoidal particles will then be [26]

1 z 1
\/ EdV = _( aat bbbt cc) <E> (2-12)
Vi oy, 3
In (2.12), u = a;b; care the axes of the ellipsoid, and ., relates to the polarisability
of the ellipsoid inu direction when an external eld inu direction is applied. Utilizing

(2.12) and (2.10), we have [26]

1
eff = nt Vi(i h)g( aat bbbt o) (2.13)

™ This method is sometimes referred to as the Bruggeman or de Loor method [25].
® This homogeneous eld is associated with the e ective permi ttivity of the mixture.
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In an external eld of < EM >©) the mean internal eld in an ellipsoid will be [26]

<EW>= ,,<EW> (2.14)

In (2.14), A, is the depolarization factor of the ellipsoid along itsl axis de ned as [26]

_ aobocoz1 dh

Ay P
2 o (h+u) (h+a)(h+B)(h+ )

(2.15)

As an example A, = 1=3 in the case of spherical inclusions.¢., a, = b, = ¢,). Finally,
utilizing (2.13) and (2.14), the e ective permittivity of t he mixture is calculated as [26]

" #
X 1

1+AlZ- 1

eff

eff = ht V—?i( i ) (2.16)

u=ab;c

Finally, de Loor suggests that for the low values associatedth the inclusion's volume
fraction (i.e., v; 0:1), the ¢4 on the right hand side of (2.16) can be replaced by
the permittivity of the host medium®® [27].

2.3.2 Single-Phase Materials

Below, the components of (2.8) for various single-phase reatls of interest are pre-

sented to calculate their permittivity values.
Pure Water

For pure water, the conductivity is taken to be zero. The restf Debye parameters are

® < EMW > denotes< E > along the u direction.

0 Conceptually, in a series expansion of ¢ , the surrounding permittivity of the inclusions can be appro x-
imated by 1 as the rst term of the series for low values of vi. But for large values of v;, the interactions
between inclusions may not be ignored. This interaction is p artly accounted for by considering the inclusions
being surrounded by ¢t rather than 1 [26,27].
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as follows [28]. For the static permittivity of pure water, enoted by ..., we havé!V

we (T)=88:045 0:4147T +6:295 10 “T?+1:075 10 °T3 (2.17)

In (2.17), T is the temperature (and also throughout this thesis). The texation time
IS

2 (T)=1:1109 10 3824 10 T+
(2.18)

6:938 10 T? 5:09610°T?
The permittivity of pure water in high frequency is equal to 49. Finally, it should be

noted that Debye parameters are temperature dependent.
Pure Ice

The relaxation frequency, dened asf, = 1=2 , of pure ice is much lower than
liquid water. Therefore, some consider pure ice to be a noimspersive material at
microwave regime with a slight temperature dependance. 183], an empirical equation
is introduced which describes the temperature dependendytbe pure ice permittivity,
denoted by i, as

pi (T)=3:1884 + 000091 : (2.19)

The above formula only presents the real part of the relativeomplex permittivity.
The imaginary part of this model is presented in Appendix B; ®(B.2). This complex

permittivity model is utilized to calculate the pure ice pemittivity in this thesis.
Liquid Brine

Although liquid brine is a mixture of pure water and various sks (e.g, Na,S0;,

NaCl, with NaCl being the principle component), it is commonly consideredtbe

@D Throughout this thesis, the temperature denoted by T, isin C, the density denoted by , is in g=cn?,
and the salinity denoted by S, is in ppt, unless mentioned speci cally to be otherwise.
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a single-phase material at microwave frequencies [27{29herefore, its permittivity
is calculated through the Debye formula rather than the mixig formulas. The Debye
parameters associated with liquid brine are introduced a®lfows [29]. The static

permittivity is equal to
93966 19.068T

(D= 5737 7 (2.20)
Also, for high frequency (optical) permittivity we have
8279 +8:19T?
o (1) = — g2 (2.21)
Furthermore, the relaxation time is equal to
2 , (T)=0:10990 + 013603 10 2T
(2.22)
+0:20894 10 3T%+0:28167 10 5T3
And nally, for conductivity
8
2 T exp(05193 +008759); T 229 C
o(T) = (2.23)

T exp(L0334 + 011T); T< 229 C

where exp denotes the natural exponential function. Finagll it should be noted that
a similar method to calculate the brine permittivity is utilized in this thesis, as intro-

duced in Appendix B.

2.3.3 Sealce

The sea ice of our interest consists of a pure ice backgroundhabrine pockets as the
most important inclusions, as previously discussed in Semt 2.2. Therefore, seaice can
be considered a two-phase medium and its permittivity can bealculated using (2.16).

To determine if the sea ice under study is a tenuous materiat aot, the brine volume



2.3 Snow-Covered Sea Ice Dielectric Properties 19

fraction needs to be calculated [27,30] as

V= s (2.24)

In (2.24), S is the salinity [ppt] and is the density g=cn?] with the subscripts si
and b denoting the sea ice and brine respectively. Moreover, an pimcal equation for

brine volume fraction in sea ice can be written as [31]

Vb:

8
%10 sy 2% 228  206<T 05 C
§ 10 %Sy #8917 4+0:930 ; 82<T 206 C (2.25)

- 10 3Sq %79?41:189 ;o 229<T 82 C
Herein, we consider (2.25) fok, calculation.

The sea ice permittivity, s, can now be calculated based on the Polder-Van Santen/de

Loor formulation presented above. Thereforeg will be [27]

8
2 . 4 3Vp pi(b pi). V 01
pit — 2, = Vb .
0= 2 p (2.26)
. L+ 3Vh si( b pi). V > 01
pi b*2 i ! b ’
2.3.4 Snow

Snowpack is considered to be a mixture of air and ice crystalShe addition of water
changes the status of snow from dry to wet. Therefore, the pmittivity of snowpack
can be determined using mixture formulas. Although, it shodlbe mentioned that due
to the metamorphism processes discussed in Section 2.2, go@l equations might

return more accurate results in some cases.

Dry Snow
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Dry snow is considered to be a mixture of pure ice and air gap¥he permittivity of
dry snow, 4, as a two-phase medium is calculated by (the subscripi denotes pure
ice)

3Vpi ds( pi 1)

as =1+
pi"‘2 ds

(2.27)

Since the dielectric of pure ice is only slightly temperater dependent, the dry snow
dielectric is mainly dependent on the dry snow density (detmining the volume frac-
tion of pure ice within the snowpack byV, = ¢=0:916 [32]). It is also common to

calculate the dry snow permittivity based on empirical exp@nents as done in [32,33].
Wet Snow

Wet snow can be considered as dry snow with water inclusior®2]. Therefore, the

wet snow permittivity, s, can be determined by a two-phase mixture equation, as
My ws X 1

ws = dst 3 (w ds) [ws+( w ws)Au] (2.28)

u=ab;c

In (2.28), m, is the water content volume fraction which should be measwtendepen-
dently. Furthermore, A, has been de ned in (2.15). There are also empirical equat®n

for wet snow permittivity calculation as reported in [34].
Brine-Wetted Dry Snow

As the snowpack goes through the metamorphism process, brimght be ejected into
the bottom of the snowpack?. This results in a brine-wetted snow, as explained in
Section 2.2. Drinkwater and et al. in [35] suggests the foling procedure to calculate

the permittivity of brine-wetted dry snow, ,gs. First, the true volume fraction of brine

(2 Moreover, airborne deposition of sea salt can also lead to a sline surface.
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within the snowpack, vy, is calculated as

Vo b s

Vi = = 2.29

T @ W) pit Voo b (2.29)
Then using the mixture formula, pq4s Will be

bds = XVp b (2.30)

1+Tbs 1 A

In (2.30), A is the dominant depolarization factor, andX is a coupling factor. For
isotropically oriented oblate spheroids, the coupling féar is 2=3. In the pendular
regime, depolarization factor is about @53. Finally, typical values for sea ice and
brine-wetted dry snow for various temperature and salinitcombinations versus fre-

guency is depicted in Figure 2.2.

2.4 Snow-Covered Sea Ice Thermodynamics

Snow-covered sea ice thermodynamics investigates the oWwemergy through the snow
and ice [10]. Therefore, thermodynamics governs the meltcgrowth process of snow-
covered sea ice. In addition to the physical structure of thero le and its density, four
thermal parameters, namely, thermal di usivity in m?:s !, speci c heat capacityCP
in J:Kg L:C 1 latentheatL' in J:;Kg !, and thermal conductivity k™ in W:m 1:.C 1,
determine the thermodynamic characteristics of the snow drice. These parameters
are dened in Section 2.4.1. Section 2.4.2 describes the hé@nsfer and energy
balance applied to the snow-covered sea ice. Finally in Sect 2.4.3, the relation of

thermodynamics to sea ice geophysics and dielectric propes is explained®®

3 As a reminder, throughout this thesis, the temperature is in  C, the density is in g=cn?, and the salinity
is in ppt, unless mentioned speci cally to be otherwise.
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Fig. 2.2: Typical values for (a) real part of sea ice permittivity, (b) imaginary part of sea ice per-
mittivity, (c) real part of brine-wetted dry snow permittiv ity, and (d) imaginary part of
brine-wetted dry snow permittivity. ( T represents the temperature in C and S denotes the
salinity in ppt.) PVS/de Loor method is utilized for mixture dielectric for mula in this gure.

2.4.1 Thermodynamic Parameters

Speci ¢ heat capacity, or thermal capacity, is the ratio of he heat added to an object
to the resulting change in its temperature. The speci ¢ heabf snow or ice depends
on (i) specic heat of their components, and () the amount of water that changes
state during a temperature change. For example, the specileeat of sea iceCf, is

calculated by the following approximate equation [36]

S
MT 2

Cg=Cy+ (2.31)
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In (2.31), S is the salinity, T is the temperature, andCF'; is the speci c heat of pure
ice. We also have =1:72 10’ JKim 3:ppt !, and M = 900 kg:m 3. The brine
inclusions in sea ice is represented in (2.31) through thelisgty. For dry snow speci ¢

heat, Cf,, there is only a temperature dependence as shown in [37],
Chs =92:88 + 7:364T/2: (2.32)

In (2.32), T is the temperature inK .

Latent heat is the heat released or absorbed per unit mass tuy phase change. This
allows us to calculate the amount of energy when snow and icarh or melt. For

instance, the latent heat of sea ice can be calculated as [38]

LT =333394 2113 1142S+ 18040_? (2.33)

The di culty with latent heat modeling arises when a layer catains more than one
phase;e.g., having both solid and liquid such as a snowpack with liquid &ter and ice

crystals.

Thermal conductivity is the ability of a material to conduct heat. In the case of snow
and ice, this parameter may be expressed based on the compusef the snow and

ice and their thermal conductivity, shape, and arrangementin the case of sea ice, the
thermal conductivity may be formulated as [39]

ki = kgi + (2.34)

?
In (2.34), isequalto 013W:m 2. It should be noticed that the thermal conductivity
has a direct relation to salinity and an inverse one with temgrature. A more complex
formula which takes into account the e ect of brine and air bbbles can be found

in [38]. In the case of snow, an empirical formula is presedtén [40] that relates the
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thermal conductivity of dry snow to its density and temperatire as
kis=2:845 10° 3, +2:7 104 2Tas 233 (2.35)

In (2.35), Tys is the temperature inK . Finally, it should be mentioned that the thermal
conductivity of snow, despite a large variance, is on averageven times smaller than
that of the ice [17]. Therefore, the snowpack can e ectivelgict as a thermal insulator

for the ice underneath.

Thermal di usivity is the ability of heat conduction through a medium relative to
its ability to store thermal energy as an indicator of heat caoduction rate. Thermal

di usivity is therefore de ned as
. kT=cCP (2.36)

It can be seen from (2.36) that if snow-covered sea ice becaentleermally more con-
ductive, the energy conduction rate increases. But if the teperature increases, this

rate will be reduced.

2.4.2 Heat Transfer and Energy Balance

Measurement of major Arctic system parameters such as the snmass balancei(e.,
the mass di erence between deposited and melted snow) ane iextent (i.e., the area
of open water covered with sea ice) over time is of great moihg signi cance. Since
the melt and growth of sea ice is temperature dependent, regwal of the temperature
within the snow-covered sea ice pro le will assist us in be#t modeling of the Arctic
system [17]. One way to retrieve the temperature of the snogovered sea ice is to
use the heat equation which describes the distribution of he(i.e., variation in tem-

perature) within the pro le over time. If we consider the snav-covered sea ice to be
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Fig. 2.3: Schematic of one dimensional heat transfer, surface enerdpalance, and boundary conditions.
The air-snow interface is atz = 0.

homogenous within each layer of snow and ice, the three dinsgmmal heat equation

will be reduced to a one-dimensional heat di usion equatioas [41]

cr@l. @ s0T

at @z @z I (2.37)

whose schematic is depicted in Figure 2.3. In (2.37),is the time, z is the prole
depth, and| is the internal heating due to an external sourcee(g, from penetrated
solar energy ux). To solve this dierential equation for bah snow and ice layer,
the boundary conditions should be satis ed. There are threkoundaries, namely air-
snow, snow-ice, and ice-ocean. For the air-snow interfaseyface energy balanca.g.,
the rst law of thermodynamics at the pro le's surface) staes that the summation
of incoming and outgoing energy uxes must be zero for tempaures below freezing
as'¥ [41]

(1 )F" | +FY FEL+FS+F'+F¢=0 (2.38)

(4 For above freezing temperatures, there will be an imbalance of heat uxes that causes the snow to melt.
This melting is therefore represented by the right hand side of (2.38) to be equal to LI (®'s*"1) gt 7z = 0,
where L! | hs, and h; are the snow latent heat, snow thickness, and sea ice thicknesgespectively.
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In (2.38), positive and negative signs denote incoming anditgoing heat ux densi-

ties*> . Furthermore, in (2.38), uxes are de ned as follows [10]

F' is the incoming short-wave radiation ie., higher frequency) of the sun on the

snow surface after traveling through the atmosphere.

Fl is the incoming long-wave radiation i(e., lower frequency) due to the atmo-

sphere and cloud radiation warmed up by the solar radiation.

FEL is the outgoing long-wave radiation of the pro le's surfaceThis is calculated
through the Stefan-Boltzmann law of radiation that descriles the power radiated

from a gray body in terms of its temperature as
FEL =g T/ (2.39)

In (2.39), Ty is the surface temperature irK. Also, is the Stefan-Boltzmann
constant, ande_ is the surface emissivity. For a perfect black body. = 1. The

emissivity is close to unity for snow, and is between@b and 099 for sea ice [10].

F* is the sensible heat ux that is the heat transfer between theurface of the
prole and air through conduction. If the surface is warmer han air, F* is

upwards and negative and vice versa.

F! is the latent heat ux to the air that is due to sublimation (i.e., solid snow

grains turn into gas without going through a liquid stage).

F¢is the heat ux conducted through the body of snow (upwards odownwards,

depending on the pro le's temperature).

denotes the surface albedo, de ned as the fraction of the mected radiation

(5 Heat ux density is the rate of heat energy transfer through a given surface per unit area per unit time.
Therefore, is has a unit of W:m 2.
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from the surface to the incident radiation on if'®.

For the snow-ice interface, we need to consider the condugteeat through this bound-

ary that leads to a Neumann boundary condition as [10, 41]

T@-:
s @Z

er

k @7

kT (2.40)

Finally, at the ice-ocean interface, the di erence betweeconducted heat from the ice
and the ocean heat ux,F", results in the melting/freezing rate of the snow-covered

sea icé”) denoted byW™ " | as [10,41]

er

w T
F K; @z

= LTwm: (2.41)
Knowing these three boundary conditions, the di erential quation can be solved to

obtain the temperature pro le variations.

2.4.3 Thermodynamics in Relation to Sea Ice Geophysics andkl@ctric

In Section 2.2, the snow-covered sea ice geophysics wasudised. At di erent times of
the year, the snow-covered sea ice goes through di erent g&s of growth or melt and
shows di erent characteristics. Most notably, three pararaters, namely, temperature,
salinity, and density pro les, change during snow-covereska ice evolution. Also, from
Section 2.3, it can be concluded that the complex permittity of the snow and sea
ice are primarily based on these three parameters. Moreoyér the same section, it
was shown that the thermodynamic parameters of speci ¢ heatapacity, latent heat,
and thermal conductivity, are also dependent on temperater salinity, and density.

Therefore, a change in these three latter parameters of snoavered sea ice will a ect

18 For example, the new snow, bare rst year sea ice, and open wata albedo are approximately 0:87, 0:52,
and 0:06 respectively [10].
@ Thatis, L& {Psr®i) gtz = he+ hy.
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Fig. 2.4: Seasonal evolution of the normalized radar cross section tha with vertical-sent vertical-

receive polarization, denoted by vy, for the rst-year sea ice measured at 5.3 GHz, based
on [42].

both the dielectric and thermodynamics of the prole. To trak these changes for

rst-year sea ice, each stage of the pro le's evolution is stlied separately as follows.

2.4.3.1 Freeze-Up

The rst stage is the freeze-up, happening after the summend before the winter. As
the temperature drops, the sea ice formation begins. As theasiee grows, more brine
is ejected out of the sea ice and therefore, its bulk salinitjecreased® . Lower salinity
then decreases the real and imaginary parts of the complexrputtivity. On the other
hand, as we progress towards the winter, the pro le's tempature decreases. It is also
shown that the brine volume fraction decreases as the tempdéure decreases. Since the
permittivity is directly related to the brine volume fraction, the pro le's dielectric value
(both real and imaginary parts of the complex permittivity) will also decrease. In sum-
mary, the average dielectric decreases as we progress dytime freeze-up. Moreover,
as temperature decreases, both the density and the speci edt capacity decrease. In
addition, thermal conductivity tends to decrease with temprature decrease and tends

to increase with salinity reduction. Since both temperate and salinity decrease at

(18)

It should be noted that, there is often a highly saline brine s kim at the upper interface. This condition
might continue to exist until the spring melt.
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this stage, the prediction of thermal conductivity changebecomes di cult. The brine
pockets also act as temperature capacitors, releasing ansarbing the latent heat.
This further complicates the thermodynamic processes. Filly, frost owers and brine
skim also might appear at this stage of sea ice growth. Theseustures are highly
saline, and therefore, increase the overall permittivity.Ilt should be noted that the
frost owers are also insulators and re ect the solar radiaon, thus, a ecting the heat

transfer.

2.4.3.2 Winter

Next, we move to the winter stage during which the sea ice growtontinues with the
dropping temperature. The reduction in salinity and tempeaiture will further decrease
the permittivity. Since the sea ice salinity reduction in witer has a considerably slower
rate compared to the freeze up stage, the reduction rate in éhpermittivity will be
slower as compared to the previous stage. The shortwave uxat its lowest during this
season and the temperature gradient within the pro le is laye. Winter is also marked
by snow deposition on the ice layer. Storms often are assde with incursions of
warm air and high winds that heat and pack the surface. Such pedic phenomena
give rise to crusts on the snow, which often get buried. Eariy the winter, the snow
is at the beginning of its metamorphism process. It has a lovalaity and the grains
are not yet connected to each other. As a result, it has a low pmittivity. The
snow has a low thermal conductivity which results in a strongemperature gradient
in the snowpack but a slightly lower one in the sea ice. Moreex, the snow albedo
is considerably higher than sea ice which will signi cantlchanges the surface energy
balance. Therefore, the growth rate of ice and the thermodgamic processes are slowed
down, and thus, the pro le becomes more stable. The bulk deibsof the pro le will

also stay almost unchanged for most of the winter.
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2.4.3.3 Melt-Period

The last stage is the melt period. The changes during this ped are fast-paced
and therefore, the melt period is divided into three sectian early melt, melt onset,
and advanced melt. Starting with early melt, the shortwave adiation increases and
a ects the surface energy balance, resulting in temperatarincrease. The temperature
increase of the pro le is also due to a warmer climate and oaeaurrents. As a result
of a high temperature gradient, the snow metamorphism speedp and larger grains
are formed within the snowpack. Also, the water content in thesnowpack increases
which increases the dielectric value. Moreover, the basalyer formation speeds up
at the bottom of the snowpack with larger snow grains (lower ehsities) and higher
salinities. Next, during the melt onset, the surface albedof dhe snow will start to
decrease further. The presence of clouds will also increttselongwave radiation which
will further increase the temperature of the snowpack. Alsas the brine is further
rejected from the pro le, the dielectric value decreases.his reduction is not signi cant
since the increase in liquid water present in the pro le in@ases the dielectric value.
This water is either due to rain or the melting of the snow. It an easily ow down
to the the base of the snowpack and cause a slushy layer. Sonmehts water may
freeze up during the night and create ice lenses. Later dugrthe advanced melt, the
melted snow on the snow creates puddles which will enlargedaoreate melt ponds.
The excess water will go through the brine drainage channedsid will ush out the
remained brine within the sea ice eventually. This reduce$i¢ sea ice salinity further.
The snow-covered sea ice will melt away completely later immmer in the case of a

rst year sea ice.

In summary, during the freeze-up and melt period, the geophigal and thermodynamic
parameters change rapidly, thus, increasing the dieleatrvalues. During the winter, on

the other hand, the geophysical parameters are more stabéd and the thermodynamic
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processes are slowed down. Dielectric values at this stage atable but lower than
those of both freeze-up and melt period. As a nal note, it is teresting to follow
the temporal change in the microwave back-scattering versihe snow-covered sea ice
evolution as shown in [42], see Figure 2.4. Since the micrewaack-scatterings are
a ected by the dielectric pro le, the above discussion hepus understand the temporal
change in micorowave back-scattering. Generally, microw&back-scattering increases
as the dielectric values increase. It should also be notedatithe microwave signature of
the snow-covered sea ice is also dependent on the roughnés$iseopro le. The rougher

surfaces €.g, due to windy conditions) increase the monostatic back-sitaring values.

2.5 Electromagnetic Inverse Scattering

This Section investigates the electromagnetic inverse $iEing. To this end, the de -
nition of inverse problems and general approaches to solVese problems are presented
in Section 2.5.1. Next, Sections 2.5.2 and 2.5.3 describe fbevard and inverse solvers

respectively, as two main components of an inversion algtnn.

2.5.1 Inverse Problem and Inversion

Problems can be categorized into forward and inverse probis. When an input is ap-
plied to a physical system, a response is created based on siggstem’'s characteristics.
A forward problem deals with the prediction of the system'sasponse with the knowl-
edge of its characteristics and input. On the other hand, amverse problem deals
with the prediction of system's characteristics or input wken provided with the sys-
tem's response. Broadly speaking, electromagnetic inverproblems can be classi ed
into two categories: electromagnetic inverse source ané@romagnetic inverse scatter-

ing problems. In electromagnetic inverse source problentse unknown to be found is
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the current distribution (e.g, current distribution of a radiating element) that creates
electromagnetic elds. In the electromagnetic inverse sate problem, the response of
the system (resulting electromagnetic elds) is known froomeasurements. In addition,
the system's characteristics€.g., Green's function of free space) is also known. There-
fore, the electromagnetic inverse source problem may them llormulated as nding
the input to the system (current distribution) from the known system's response and
characteristics. On the other hand, in the electromagnetimverse scattering problem,
we deal with an unknown medium. This unknown medium is inteagated by known
incident electromagnetic elds (input to the system). The iteraction of these known
incident electromagnetic elds with this unknown medium rsults in scattered electro-
magnetic elds. These scattered electromagnetic elds, vith are the response of the
system, are then measured. The electromagnetic inverse tsgang problem can then
be formulated as nding the properties of this unknown medion (system's character-
istics) from the knowledge of the system's input and respo@s The electromagnetic
inverse scattering problem as applied to snow-covered sea is considered in this the-
sis. Therefore, within this thesis, we may use the electromaetic inverse scattering

problem and the electromagnetic inverse problem interchgaably.

As noted above, the inverse problem retrieves the parametesta target (a medium)
through utilizing the measured response. There are at leasto approaches to retrieve

the parameters of interest [43], which are to be explained low.

The rst approach is empirical-based which does not depenah@lectromagnetic model-
ing. To explain the rst approach, consider a set oN di erent measurements, denoted
by D as

D =f(xi;y)ji =1;2:;;Ng (2.42)

In (2.42), x; andy; are the measured data, and the parameter of interest, respigely,

at the ith measurement. For examplex; can be the electromagnetic measured data
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corresponding to an ice thickness gf. In this approach, the goal is to utilizeD to nd
an appropriate relationf between the measured data and the parameter of interest.

For example, nding anf that minimizes the following norm

y f(x) (2.43)

wherey and x denote the vectorized form of; and x; respectively. There are di erent
techniques to achieve this goal. One technique is the paratme regression. In this
technique, it is assumed that the relation betweer and y can be characterized in a
parametric way (e.g, with a multiple linear regression). In this statistical agproach,
it is essential to choose the right expression and have a lardata set to minimize the
tting error. In summary, this technique requires a large déa set containing di erent
Xi and y; measurements so as to nd an appropriate relation betweeq andy;. Once
this relation is found, the parameter of interest can be inveed for a given measured

data through substitution into the equation.

Next technique within the rst empirical-based approach ishe non-parametric regres-
sion in which no assumption is made on the relation betweenand y. One example
of this technique is the use of neural network as in [44]. Theaining strategy plays a
mayjor role in successful retrieval of this technique. Sinait to the previous technique,

a large data set is required to train the algorithm properly.

A majority of studies on parameter €.g, sea ice thickness, temperature, etc.) or
characteristics €.g, sea ice type, extent, concentration, etc.) retrieval of snw and
sea ice have been carried out using this empirical-based apgch. Some of the im-
portant research studies within this framework are explagd below. In [45], the sea
ice concentration is retrieved through a linear interpolabn of brightness temperature.
In [46], the sea ice thickness is shown to be related to the edsignature of the pro le

through a linear regression. A similar work in [47] reporte@ signi cant logarithm
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correlation between the sea ice thickness and the crossgrded L-band radar data.
Also in [48], the co-polarization to cross-polarization ra& was shown to have a lin-
ear relation with multi-year sea ice thickness. In [49], sdaee temperature is retrieved
through an interpolation between the observed brightnesginperature at 6.5 GHz, sea
ice concentration, and sea ice emissivity. Furthermore, [A6], the type of sea ice is dis-
tinguished based on the back-scattering value thresholdge ded for various ice types.
Also neural networks have also shown to be a capable tool in sea classi cation.
One example is in [50] where the algorithm could successjullistinguish di erent ice
types using radarsat-1 ScanSAR data from the Baltic sea. Fonaw layer retrieval,
the thickness has been retrieved utilizing a snow radar inIh The retrieval is based
on the signal power thresholds and peaks de ned based on thexeived time-domain
scattered signal. A similar work for thickness retrieval islso presented in [52]. More
recently, a novel method has been proposed in [53] that det@nes the fresh snow
thickness through co-polarization phase di erence of X-b@SAR. Finally in [54], the
snow-water-equivalent (SWE) is retrieved through a lineainterpolation of brightness

temperatures at di erent frequencies.

The second retrieval approach is physical-based which edion electromagnetic mod-
eling. In this approach, the characteristics of the systemra predicted using an elec-
tromagnetic model. The mechanism to solve this inverse priam is formulated by the

utilized electromagnetic inversion algorithm. Broadly spaking, inversion algorithms
can be categorized into linear and nonlinear. Linear invaon algorithms approximates
the physics of wave propagation through linearizing the sttarring problem, and then

solve for the unknown. For example, the Born approximationyhich is a famous linear
inversion algorithm, approximates the total eld within the scatterer to be equal to
the incident eld so as to linearize the scattering problem.The parameters of the
scatterer (e.g, sea ice thickness and dielectric properties) are then to ieund from

the measured data by assuming this simpli ed physics (ling&ation). As will be seen
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later, as opposed to nonlinear approaches, linear invensialgorithms do not need to
update the unknown parameters iteratively, nor nd the new eattered elds. As a
result, no forward solver is needed to be used in conjunctievith linear inversion algo-
rithms so as to simulate the scattered eld. Consequentlyjrapler techniques compared
to nonlinear inversion algorithms can be used to solve linezed inversion problems;
e.g, Fourier transformation-based techniques [55]. The lingaation approximation
mentioned above can result in low reconstruction accuracgrfcomplex pro les. To al-
leviate this problem, the second category of physical-bakeetrieval approaches, which

are nonlinear inversion algorithms, can be used.

In contrast to linear inversion algorithms, nonlinear invesion algorithms do not at-
tempt to simplify the physics of wave propagation within thescatterer. That is, they
attempt to converge to the actual wave propagation within tle prole in an itera-
tive fashion. During this iterative process, nonlinear insrsion algorithms update the
unknown parameters until convergence occurs. One approaichsolve the nonlinear
inversion problem is to formulate it through an optimization algorithm. Optimization
algorithms as applied to the electromagnetic inverse scating problem are iterative
and often require repeated calls to inverse and forward sehg so as to minimize a
cost function [56{58]. (There also exist some iterative imrsion algorithms that do not
require explicit calls to a forward solver [59].) At each itation of the nonlinear inver-
sion algorithm, the inverse solver calculates an estimatgado le based on the measured
scattered data and the available estimate for the pro le athat iteration. The forward
solver will then calculate the scattered data due to the newlestimated pro le.® By
iteratively minimizing the data mist cost function between the measured and simu-
lated data, the inversion algorithm attempts to converge t@an estimated pro le that
is su ciently close to the actual one. As noted before, the iteative nature of these re-

construction algorithms is to handle the nonlinearity of tle mathematical formulation

19 Typically, a forward solver calculates the elds inside the d omain of interest as well as on the measurement
domain.
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associated with the electromagnetic inverse scattering gislem. Finally, it should be
noted that an optimization-based nonlinear electromagnit inversion algorithm will

be considered in this thesis.

There are very few studies cited in the literature on the elétomagnetic inversion of
snow and sea ice. Some of the important studies in this areaeadescribed below.
It should be noted that the algorithms utilized in each studyare suitable only for a
speci c pro le and data set. In [56], a review on the earliemversion algorithms for sea
ice can be found. Most of the early work on sea ice inversiornvastigate considerably
simpli ed pro les. These pro les are generally a one-layemedium with at interfaces.
For example in [60], the pro le is simpli ed into a single se&ce layer with at interfaces.
Then, the thin saline ice thickness is retrieved using timseries back-scattered data,
considering the penetration depth of electromagnetic wase In this paper, a combi-
nation of radiative transfer equation and thermodynamic dae ice growth model acts
as the forward solver. Also, the Levenberg-Marquardt schengeutilized as the inverse
solver. More advanced models are used with a one-layer icevzing rough interfaces.
For example in [61], a combined surface and volume scattggimodel for altimeter
measurements is used to re-track individual waveforms stated from the ice layer.
Then a weighted least-squares tting procedure is used tovart the data. Another
example is brought in [62] where a combination of the radiag transfer theory and
the dense medium phase and amplitude correction theory isilited as the forward
model. This model predicts the radar signature of a single aséce layer with rough
interfaces. Then, the Levenberg-Marquardt inverse solvecheme is utilized to retrieve
the sea ice thickness. The research on the electromagnetieersion of snow-covered
sea ice is truly scarce. One such example is brought in [63] exa geometric optics
is used as the forward solver to predict the large-scale radsignature of the pro le.
Then, an automated steepest descent method, as the inverséver, minimizes the cost

function to retrieve three parameters: the power re ectiorcoe cient at nadir ©%, the

@9 Herein, nadir denotes the direction that is perpendicular t o the pro le; i.e., 0 incidence angle with respect
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root-mean-square surface slope, and the volume scatteriaipedo. Another example
can be found in [64] where a helicopter-mounted coil inducekectromagnetic elds as
ying over snow-covered sea ice. A forward solver then caletes the magnetic eld at
the coil, and the thickness is then retrieved through the Lenberg-Marquardt inverse

scheme.

We have now brie y described physical-based electromagmenonlinear inversion al-
gorithms. As noted above, such inversion algorithms requitbe use of two di erent
solvers: forward and inverse solvers. In what follows, thesvo solvers will be explained

in more details.

2.5.2 Forward Solver

The role of the forward solver is to solve the forward problemn our framework, this
translates into calculating the electromagnetic respons# the pro le, as well as the
eld in the prole, when provided with the system's input (i.e., incident eld) and
characteristics (.e., dielectric pro le). Ideally, the response calculated byhe forward
solver should be equal to the data measured in practice frorha same prole. (We
also note that the forward solver also calculates the elds ithin the prole.) It is
assumed that the available data to be used in this researchtiee measured normalized
radar cross section (NRCS) of the pro le. Therefore, the forard solver to be utilized
in this research needs to be able to calculate the NRCS so as te tompared with
the measured NRCS. The NRCS data can be collected under di eteton gurations;
i.e., having di erent incidence angles, receiving angles, fregncies of operation, and
polarizations. To this end, let's assume a plane wave of fieencyf and polarization g
impinges at angles of inc = ( inc;" inc) ON the dielectric pro le of interest, denoted by

(r), where is the elevation angle, is the azimuth angle. Also, is a placeholder

to the vertical direction.
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for these two angles. Now, if thg-polarized component of the far- eld scattered eld

is collected from angles of scat = ( scat; " scat), the resulting NRCS is de ned as

Rl

( () incs ) 1 lim 4R25—5 (2.44)
pq » Inc»  scats ' A rSIq .

for a distributed target of surfaceA area at a distance oR,. Also, S and SP are the
power density illuminating the target at a linearq polarization, and the power density
scattered o the target at a linear p polarization, respectively. The symboh i is the
ensemble average of a large number of independent measumr@seThe polarization
is assumed to be either horizontal (H) or vertical (V)j.e., p;q2 f H;Vg. Finally, the
incident electric eld having g polarization will be denoted byE ., and the scattered

eld with p polarization will be denoted byE?’.,.

The scattered eld can be calculated through solving the Mawell equations which
govern the wave's behavior. Generally, various forward selrs are di erentiated from
one another through their approaches towards solving thesguations. However, from
the snow-covered sea ice remote sensing perspective, fodwsolvers can be divided
into the models considering only the surface scattering, drthe models that also in-
corporate the e ects of volume scatterers. In Section 2.2t was explained that the
snow-covered sea ice pro le is a layered medium with posg&hhclusions within each
layer. Surface scattering models assign an e ective pernity to each layer, as de-
scribed in Section 2.3, and simulate the scattered eld arigy from these homogeneous
layers having rough boundaries in between. Volume scatteg models do not assign
an e ective permittivity to each layer. Instead, they accoumt for the scattering con-
tributions due to inclusions and surface-volume interaains. It should also be noted
that forward models have also di erent capabilities in hanting the pro le's charac-
teristics such as the number of layers, inclusion of rough bidaries, and the volume
scatterers' properties. Finally, we note that Chapters 3 t® of this thesis consider a

surface scattering model; then, in Chapter 7, a volume scating model is added to
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this surface scattering model.

Some of the surface scattering models applied to geophysipao les are the geo-
metric optics approximation (GO) [65], the small perturbaton theory (SPM) [66],
the boundary perturbation theory (BPT) [67], and the integal equation method
(IEM) [68]. Some volume scattering models are the polarimét strong uctuation
theory (SFT) [69] , the dense medium radiative transfer theyg (DMRT) [70], and a
model introduced in [71] for scattering from a low-dielecr layer of Rayleigh scat-
terers with irregular boundaries. The disadvantages of wwine scattering models are
their limitations on the number of layers, the properties ofthe inclusions, and the
permittivities of the background layers. Finally, there ae numerical full-wave solvers
which result in high precision in calculating the scatteredelds, for example nite-
di erence and nite-volume time-domain methods [69, 72]. Tie main disadvantage of
these methods is the high computational expense that makeseir incorporation in

inversion algorithms di cult.

2.5.3 Inverse Solver

The role of the electromagnetic inverse solver is to reconstt the parameters of inter-
est, in our case the dielectric pro le denoted by . This reconstructed pro le should
be as similar as possible to the true prole. This is usually chieved through the
iterative minimization of a mist cost function, denoted by F ( ), between the mea-
sured and simulated data, as depicted in Figure 2.5. Howevehis cost function is
ill-posed; thus, its minimization may result in an unstable(oscillatory) solution. As
noted earlier, this ill-posedness indicates that J a small change in the measured data
can result in signi cant changes in the reconstructed diebtric pro le (instability), and

(i ) the uniqueness of the solution is not necessarily guaraste[73, 742 Therefore,

@) As noted in Chapter 1, although a physical solution always exist for our problem, the mathematical
problem (strictly speaking) may not support the existence of t he solution. For example, the use of a model
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Fig. 2.5: The nonlinear inversion algorithm scheme.

due to this ill-posedness, the data mis t cost function needto be regularized, which
help to Iter out those components of the measured data thatan result in oscilla-
tory solutions. This can be achieved by using several meth®@duch as additive [75],
projection-based [76], or multiplicative regularizationmethods [77]. For example in
additive regularization, instead of minimizing the data ms t cost function, F( ), the

regularized cost function, denoted byZ( ), will be minimized as

A)=FC)+ L() (2.45)

In (2.45), L( ) is the regularization cost function, and 2 R" is the regularization
weight. The regularization parameter needs to be chosen in such a way that is
not too large to over-regularize, and not too small to underegularize the problem.
For linear ill-posed problems, there are some methods such the L-curve [78] and
generalized cross validation [79] techniques to properhet@rmine the regularization
weight. However, to the best of our knowledge, most of the tegigues for choosing

the regularization weight for nonlinear ill-posed probles aread hoc

Another common method of regularization is projection-baseregularization. This

regularization technique projects the solution space inta smaller subspace, and then

that assumes a at interface with a homogeneous layer for an actual rough layered medium in conjunction
with measured monostatic radar data can result in no solutio n. In practical cases, the model is chosen to be
close to the actual problem, but of course is still not exact. | n such cases, we usually formulate the problem
based on cost function minimization as opposed to solving an exact equation.
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attempts to reconstruct the solution in this subspace. Forxample, Krylov subspace
and the truncated singular value decomposition regularigan schemes fall into this
category [8]. In some other inverse problems such as snowered sea ice remote
sensing, the possible ranges of the parameters of interesght be known (e.g, upper
and lower levels for young sea ice real-part permittivity).In such cases, the inverse
solver can attempt to reconstruct the unknown parameters Wiin these ranges instead
of blindly looking for any value. Such approaches, which wibe used throughout this

research, will also fall under the projection-based reguiaation scheme.

Another way to reduce the degree of ill-posedness is collegti\su cient" scattering
data. Except in some special casesg.., see [80]), it is not currently known how we
can determine whether or not su cient scattering data has ben collected for an elec-
tromagnetic inverse scattering problem. Therefore, at theurrent state-of-the-art, we
need to rely merely on collecting as much scattering data asgsible?? Moreover, the
importance of increasing the number of measured data pointsn be mathematically
justi ed as follows. Let's assume that the operato™M maps the information within
the snow-covered sea ice (imaging domain) to the NRCS data date measurement
site. The information that will be mapped to the NRCS data, dented by , are often
called contrast sources [82], which are the multiplicationf the dielectric contrast of
the snow-covered sea ice pro le, denoted by, and the induced electric eld inside
the prole (E). That is,

= M (XE): (2.46)

The challenge in ndingX from (2.46) lies in the fact that the inverse of the operatoM
does not exist since the null space & is not trivial (due to non-radiating sources [83]).

In inverse scattering, the issue of non-trivial null spacefavl is often handled by

22 \We note that such scattering data need to be reliable. If a non-reliable data point is added to a data
set, this can deteriorate the performance of the inversion algorithm. In practical applications, we might know
that (1) all data points are equally reliable, (2) some data po ints are not reliable, and (3) some data points
are more reliable than the others. In case 1, we can utilize al data points equally. In case 2, we can discard
not reliable data points. In case 3, we can use the concept of dta covariance matrix [81] so as to modify the
cost function to be minimized based on data points' uncertai nties.
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performing multiple measurements with the hope that the ctdctive null space of all
the measurements, which is the intersection of all individd null spaces, becomes
trivial [83]. We note that in all these measurements, the ingced electric eld E will
be di erent. However, it is assumed thatX does not vary from one measurement to

the other.

Now we can de ne the data mist cost-function, F ( ), for our snow-covered sea ice
application. As explained above, the measured scattering tdaof our interest are the

NRCS values. ThereforeF ( ) can be de ned as

xf MRX WX X X m. )
F( (r))! (fl) DCI( inc; Scat;fi)
i=1 n=1 m=1 p=H;V g=H ;V
meas( (M. Waf) SMC(r); & Wt (2.47)

In (2.47), (fi) and .4 are the weighting factors, M® is the measured NRCS data
from the actual prole, and S™ is the simulated NRCS data due to the predicted
dielectric prole (r). (The position vector within the domain of interest is dented

by r.) The utilized expression for the frequency weighting faot is

), 2 2 (2.48)

The frequency weighting factors in (2.48) have been alreadyccessfully used in geo-
physical inversion [84] in low frequencies. Herein, we useishweighting for snow-
covered sea ice remote sensing. We only note that the choide (f;) as presented in
(2.48) lies in the idea that the smaller the frequency of opation is, the less nonlinear
the associated mathematical problem will be. Therefore, bad on (2.48), more weight
is assigned to NRCS data of lower frequencies so as to help theersion algorithm
not be trapped in local minima due to the increased nonlinedy in higher frequencies.

This frequency weighting can then help the convergence ofetlinversion algorithm to
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an appropriate solution. As can be seen, the total numbers akefjuencies, receiving
angles, and incidence angles ard , nRx, and nT x respectively. Also, four di erent
combinations of polarization components, namely, HH, HV, VH and V\gan be used.
Therefore, when using all polarization combinations, theotal number of data points

to be used in reconstructing the unknown (r) willbe 4 nTx nRx nf.

In addition to the general challenges facing all electromagtic inversions, there are
speci ¢ challenges to snow-covered sea ice dielectric pieo reconstruction. One is
having limited measurement acces®(g, measured data can be collected only above
the domain of interest; not everywhere around it) that limis the number of data
provided to the inverse solver. This limitation can potentilly create an imbalance
between the number of measured data points and the number ohknowns to be
reconstructed. Below, two strategies are introduced (nartyeparametrization and use

of prior information) to tackle this problem.

Parametrization

One way to handle the imbalance between the number of data pts and unknowns is
to increase the number of data points€.g, through the use of di erent polarizations
and frequencies, several transmitting and receiving anteas). Another way is to re-
duce the number of unknowns. However, as noted above, micre@aemote sensing of
snow-covered sea ice merely permits performing limitedew one-sided measurements
at limited frequencies and polarizations. It is, thereforeessential to parametrize the
snow-covered sea ice dielectric pro le to reduce the numbarunknowns; thus, having a
better balance between the number of unknown and known quaines. (We note that
almost all the snow-covered sea ice inversion in the literae perform parametriza-

tion [56, 60{64].)

To set out parametrization for snow-covered sea ice undewagstigation in this research,

it is assumed that the ice-formation process yields a layerenedium with rough in-
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terfaces and complex permittivity values with sphere-lik@r randomly oriented brine
inclusions (note Sections 2.2 and 2.3). Therefore, we modleé arctic snow-covered
sea ice pro le as a layered structure with air and ocean as uppand lower half-spaces.
(This model has been shown to be in good agreement with expeeintal results for the
snow-covered sea ice [72,85].) Therefore, we begin our pae&ization by assuming
that the domain to be imaged is a layered medium, consisting snow and ice layers,
sandwiched between air and ocean half spaces. The next stepur parametrization
assumes that the layers' properties do not vary in the horimbal plane (xy plane).
Now, let's focus on the vertical changei.g., change along thez axis) of the dielectric
properties within each layer. Electrically small inclusios within each layer, such as
brine inclusions, cause each layer to have an inhomogeneargd, possibly anisotropic)
complex permittivity distribution. However, it is very dic ult, if not impossible, to
reconstruct these small inclusions individually merely Isd on the NRCS data, which
is a far- eld quantity. (This is due to the fact that super-resolution microwave inver-
sion often requires capturing the information within evangcent waves, which is usually
done by near- eld measurements [86].) Therefore, we do natrato reconstruct these
individual electrically small inhomogeneities within edt layer directly. In fact, in the
cases where the existence of these inclusions is negligilble assume that each layer
has a homogeneous isotropic relative complex permittivigfistribution as a simplifying
assumption. This homogeneous isotropic relative compleemmnittivity is the e ective
relative complex permittivity of that layer. On the other hand, in the cases where
the existence of these inclusions needs to be taken into ame parameters associated
with the collective e ect of these inclusions will be added as unknowns to the fdstem.
In addition to the layers' relative complex permittivities, denoted by = %+ j
parameters associated with the collective e ect of non-nkgjible inclusions, thickness
values of layers, denoted by , their surface roughness pamngeters have an important
role in governing the interaction of electromagnetic wavesith the pro le. The surface

roughness of a given layer is usually parametrized by two aneters [87]:h, which is
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the root-mean-square (rms) height of roughness, aridwhich is the roughness corre-
lation length®®). Therefore, the unknowns to be reconstructed are the parainzed

form of (r).

To clarify this, let's consider an example in which we have anew-covered sea ice
pro le with a single snow and a single ice layer. Based on théave parametrization,
the unknown dielectric pro le function (r) is parametrized into 12 unknowns for this

example; namely,

h
_ 0 00 0 00 .
- snow snow ice ice snow ice
|
12
hair-snow Iair-snow hsnow-ice hsnow-ice hice-water hice-water 2R (2-49)

where gow @and e denote the thickness of snow and ice layers respectively. é\lshe
subscripts used with roughness parameters indicate the a@nface between two layers.
For example, h,irsnow represents the rms height roughness at the interface of ainé
snow layer. Therefore, for this example, the inversion algthm needs to reconstruct
these 12 real unknowns. As will be discussed later, some ofg@@inknown parameters
can be assumed to be known for a given application. It is cletirat if more layers are
added to this model, the number of parameters increases aaiagly. Finally, with the
parameterization explained for the above example, the datais t cost functional F( )
given in (2.47) will become a mapping from aR!? space to one single real numbéR;
i.e., F : R21 R To further clarify our parametrization, let's consider tre previous
example but now with non-negligible inclusions in the snovwayer; e.g, having large
snow grains. As will be discussed in Chapter 7, the snow graizes will now be added
to the vector of unknowns to represent the collective e ectfahese inclusions on the

volume scattering component.

@3 The height probability density function, denoted by p( ), is de ned based on the probability of surface
height occurrence, (x;y), refative to the mean surface value (i.e., < > ). Based on this, the rms height is
denedas h=< 2>12-] i Zp( )d 1**2. Moreover, denoting the surface correlation function by C, the
correlation length of | happens for C(l) = e . Thus, the heights of two points on the surface separated by a
distance greater than | are considered to be uncorrelated [27].
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Use of prior Information

Any extra information about the pro le's characteristics that can be provided to the
inverse solver will help the inversion algorithm convergeotmore accurate reconstruc-
tion. The use of prior information can be regarded as an attgoh to make the null
space of the problem as close as possible to trivial. Thereeadi erent ways using
which prior information can be incorporated into the inver®n algorithm. In what
follows, we present some of them which have been applied instmesearch. The most
basic way is the case when the prior information provides exainformation about an
unknown, thus, removing that unknown from the list of the unkowns to be recon-
structed. For example, as will be seen in this thesis, we cannsetimes obtain the
snow-air roughness parameters using lidar measurementsyg, removinglirsnow and
Nair-snow from the list of unknowns. Another way of using prior informaion is for the
case when we know the possible ranges of the unknowns. In suakes, we may em-
ploy the projection-based regularization scheme as expiad before, or use auxiliary
unknowns [88]. Furthermore, a reasonable estimate for theator of unknowns can be
used as prior information to initializé€?¥ the inversion process. This is, in particular,
useful for time-series data inversion [89]. Finally, di eent models such as the per-
mittivity curve [52,90] and thermodynamic ice growth mode[60] can be incorporated
into the inversion process as prior information. As will be g& later in this thesis, this

may require the use of auxiliary unknowns.

2% Nonlinear inversion algorithms require an initial guess to s tart the inversion process.



Nonlinear Inverse

Scattering Algorithm

3.1 Overview

In Chapter 2, the background on the snow and sea ice geophssidielectric proper-
ties, thermodynamics, and the electromagnetic inverse staing were explained. In
this chapter, a nonlinear electromagnetic inverse scatiag algorithm is developed and
presented that reconstructs the snow-covered sea ice dadlee pro les using monos-
tatic or bistatic, single or multiple-frequency, multi-pdarimetric normalized NRCS
data collected at any desired incidence angle. To this endllbwing an introduction
in Section 3.2, the problem statement is brought in Section.3 Next in Section 3.4,
the snow-covered sea ice pro le is parametrized from an imge scattering perspec-
tive. These pro le parameters are the unknowns to be retri@d through the inversion

algorithm.

As previously shown in Chapter 2, the electromagnetic invegsscattering algorithm
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requires a forward and an inverse solver. Following this apgach, in Section 3.5, the
boundary perturbation theory is introduced as the forward alver utilized to simu-
late the normalized radar cross section data based on the silsted scattered eld.
Subsequently, the di erential evolution as a global optingation inverse solver is pre-
sented in Section 3.6. This technique retrieves the compl@ermittivities, thickness
values, and roughness parameters of the snow-covered sea ithe inversion results
for the so-called young ice are presented in Section 3.7. Tp@ameters of the pro le
are retrieved utilizing the simulated data collected undethe bistatic and monostatic
con gurations, as described in Sections 3.7.1 and 3.7.2,spectively. Next in Sec-
tion 3.7.2, noise is added to the synthetic data to assess tlabustness of the inversion
algorithm. Finally, a conclusion is brought in Section 3.8.1t is concluded that the
achievable quantitative accuracy of the reconstructed pries is reasonable as long as

Su cient scattering data points are provided to the inverson algorithm.

The materials presented in this chapter are based on the papeublished in the IEEE

Geoscience and Remote Sensing Letters in 2015 §91]

3.2 Introduction

This chapter is focused on the development of an appropriagectromagnetic inverse
scattering algorithm that takes the microwave scattering dta collected from a given
snow-covered sea ice domain of interest, and then returnsvs® important dielectric

pro le parameters of that domain. This nonlinear inversionalgorithm consists of two
main parts: forward solver and inverse solver. The utilizedorward solver is the
recently-developed boundary perturbation theory (BPT) slver [92], which has the

same region of validity as the small perturbation method (S®) [93]. To the best of

@ ¢ [2015] IEEE. Reprinted, with permission, from N. Firoozy, P . Mojabi, and D. Barber, \Nonlinear
inversion of microwave scattering data for snow-covered se-ice dielectric pro le reconstruction,” Geoscience
and Remote Sensing Letters, IEEE, vol. 12, no. 1, pp. 209-213, Jan 2015.
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Fig. 3.1: Parameterization of the snow-covered sea ice pro le into ragh layered media.

our knowledge, this forward solver has not been used for sroavered sea ice inversion.
The inverse solver utilizes a global optimization algorittn to minimize a regularized

data mis t cost functional.

The research on nonlinear inversion of snow-covered seagoele is scarce [57,60], and
even less common when ice is covered with a snow layer [56,38Je main contribution
of this chapter is, therefore, the development of a nonlineanversion algorithm that
is capable of simultaneous reconstruction of the e ectiveelative complex permittivity
of snow and ice layers and their thickness values as well agithsurface roughness
parameters using multi-polarimetric multiple-frequencyscattered data in both bistatic
and monostatic con gurations. Although the proposed algothhm assumes a simpli ed
model for snow-covered sea ice and also utilizes idealizedasurement scenarios, it
is an important useful step towards developing strategiesrf reconstruction of snow-

covered sea ice properties.

3.3 Problem Statement

The unknown to be reconstructed is the snow-covered sea ideldctric pro le, which
is denoted by (r) wherer is the observation point. It is assumed that the avail-

able data to be used in this reconstruction is the measured moalized radar cross
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section (NRCS) of the pro le. To increase the number of data piots, the NRCS can
be collected under di erent con gurations;e.g, by having di erent incidence angles
as shown in Figure 3.1i(e., incidence angles of inc = ( inc;' inc) Where i is the
elevation and' j,. is the azimuth angle), receiving anglesi.€., incidence angles of
scat = ( scat; ' scat)), frequencies of operatiorf , and polarizationsg. Therefore, an
NRCS denoted as po( (r); inc; scar;f). The polarization is assumed to be either

horizontal (H) or vertical (V); i.e., p;q2f H; Vg.

The inversion problem can be formulated as the minimizatioof the data mist cost
functional, de ned as the discrepancy between the measureshd simulated NRCS
data, over the dielectric prole . That is, the data mist cost functional, F( (r)),

can be written as

Xt X Xx X X

F( (r)) ' g:qeas mc; gcat;fi)
i=1 n=1 m=1 p:H Vv q:H vV
Fs)lf;n( (1) inei scan fi) (3.1)

where ™2 js the measured NRCS data from the actual pro le, and $™ is the simu-

lated NRCS data due to the predicted dielectric prole (r).

3.4 Parameterization of Snow-Covered Sea Ice DielectricdPe

Microwave remote sensing of snow-covered sea ice merelynpex performing limited-
view measurements in the sense that the scattering data canlp be collected above
the domain of interest. Due to this limitation, blind inverdon (i.e., inversion without
the use of prior information) is more likely to fail for this gplication. It is, therefore,
essential to parametrize the snow-covered sea ice dielecpro le to reduce the number

of unknowns; thus, enhancing the quantitative accuracy ohe reconstruction results.
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To set out this parameterization, we model snow-covered se& as a layered media
with rough surfaces having air and ocean as upper and lowerlhgpaces. (It was
shown that this model is in good agreement with experimentaesults [72,85].) This
model is depicted in Figure 3.1. We further assume that eaclyler has a homogeneous
isotropic relative complex permittivity distribution, denoted by = °+ j % This
homogeneous isotropic relative complex permittivity is,ni fact, the e ective relative
complex permittivity of that layer taking into account the presence of inclusions such
as brines. It should be noted that the assumption of having aisotropic permittivity
distribution is based on the assumption that the brine cellsare spherical inclusions.
Although this might not be precise, this simpli ed model has ken successfully used
in literature [72]. The surface roughness of a given layer parametrized by two pa-
rameters: h, which is the root-mean-square (rms) height of roughnessnd|, which
is the roughness correlation length. It should be mentionatiat we will utilize  ghow
and . to denote the thickness of snow and ice layers respectiveldso, the sub-
scripts used with roughness parameters will indicate theterface between two layers.
For example, h,isnow represents the rms height roughness at the interface of ainé
snow layer. With the parameterization utilized in this chaper, the data mist cost
functional F ( ) is now a mapping from anR'? space to one single real numbeé. The

minimization of F ( ) will then reconstruct these 12 real unknowns.

3.5 Forward Solver

The proposed nonlinear inversion algorithm requires cailj a forward solver several
times during dielectric pro le reconstruction so as to evalate the data mist cost
functional F ( ); thus, the utilized forward solver needs to be su ciently fist. Herein,
the boundary perturbation theory (BPT) formalism, recently developed by Imperatore
et. al. [92], is used. This method is a rst-order approximation teenique that provides

polarimetric solution to the 3D scattering problem from rogh layered media with
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arbitrary numbers of layers. For this rst-order approximaion to be valid, the BPT
algorithm only requires the classical gently roughness w@iion at the interfaces of
layers [92]. The logic of BPT is as follows. The BPT rst assums at interfaces for
the whole pro le and then nds the so-called generalized rection and transmission
coe cients. It then considers the e ects of roughness as etualent current densities on
at interfaces to accommodate the incoherent scattering ecoponent. The tangential
boundary condition is applied and these equivalent curreniensities are calculated
based on the geometry of rough interfaces and the unpertuidbeeld values. Since
the roughness parameters of dierent layers, and subseqtigntheir corresponding
equivalent current densities, are considered to be uncoedl a summation is utilized
to nd the total scattered eld from the prole. Finally, the NRCS is derived from
the calculated scattered eld. Therefore, the formula to daulate the polarimetric
NRCS for anN layered medium with uncorrelated roughnesses for boundasiis as
follows [94]
X 1 _ :
= kg § RS KE)PWa (RS k) (32)
n=0

Equation (3.2) takes into account contributions from indivdual rough surfaces within
the layered media. The formulation to calculate can be found in [94], and is based
on the previously-calculated eld values. Alsk is the wavenumber times wave prop-
agation direction vector andk- is the perpendicular component of its projection on
the surface. Also,W, denotes the spatial power density of surface, de ned as the
Fourier transform (denoted byF) of the auto-correlation function of thenth rough

boundary , as [95]

ZZ

! < atat )altr)>e 'd (33)

Wa( )= FICo( )g= 55y,

In (3.3), C, is the auto-correlation function associated with the, boundary, r, de-
notes the position vector on the surface,, and <> denotes the statistical ensemble

average. Two common forms of correlation functions are th&monential and Gaussian
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functions, that result in the following spatial power dengies [96]

) hi 2 : kgcat k[)r\c-2|2
WGaussian(kgcat kl;]C) - (4 ) eXp( J ? 4 7 J ) (34)
) 2
Wexponential (kgcat kglc) = (hl) ! (3-5)

2 (LK KPR
Di erent ice and snow types exhibit various values for surf@ge roughness parameters.
Thus, one power density formulation might be more appropria than the other de-
pending on these values. Based on our experience and lidarasi@ements [97], the
exponential distribution best ts the common new ice type. e region of validity for
this method is similar to the small perturbation method [98] We also note that due
to its closed-form formulation, this forward model is comptationally e cient. This

is a vital property for our inversion algorithm scheme as itegquires numerous calls to

the BPT solver.

3.6 Inverse Solver

The data mis t cost functional F ( ) needs to be minimized so as to reconstruct the di-
electric pro le . However, this cost functional is ill-posed; thus, its mininzation may
result in an unstable (oscillatory) solution. To handle ths ill-posedness, we minimize

the regularized cost functionalC( )

A)=F(C)+ L(O) (3.6)

where L( ) is the regularization cost functional, and 2 R" is the regularization

weight. The regularization term is chosen to be the total vaation regularizer. That
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is,
. I
Ly, S, AR
et e oow oomow: (3.7)

The regularization parameter needs to be chosen in such a way that is not too large
to over-regularize the problem, and is not too small to undeegularize the problem.
In this chapter, to nd an appropriate value for , we perform reconstruction of a
given reference true pro le using several values of We then nd the that provides
the most accurate reconstruction. As long as the data colléoch procedure and noise
level as well as the pro le to be reconstructed do not changesi cantly as compared

to this reference model, this can be used as a reasonable choice for other pro le

reconstruction.

We minimize this regularized cost functional via the di eratial evolution (DE) algo-
rithm. @ To this end, we have implemented the already developed algam intro-
duced in the literature (e.g, see [76,99]). The DE algorithm is based on the evolution
concept in which only the ttest elements get the chance to ®lve to the next genera-
tion. Therefore, in the rst generation, all elements are radomly distributed within a
search space de ned as prior information. Then their corrpsnding tness values,C,
are calculated. Then three members of this generation arendomly chosen (denoted

by P4, P,, and P3) and an o -spring is created as [76]:

8
2 old; Id; Id; .

e = ) Xnjp, + (Xp%ip,  X7fes) rand(0;1) (3.8)
- x o Otherwise

@ several optimization algorithms such as derivative-based local optimizers, e.g., Gauss-Newton and conju-
gate gradient algorithms, can be used to minimize our nonlin ear data mis t cost function, each of which has
its own advantages and disadvantages. Herein, we have chose the DE algorithm due to the fact that it can
easily (i) utilize phaseless (magnitude-only) data (NRCS data), ( ii ) accommodate di erent prior information,
and (iii ) incorporate physical/thermodynamic unknowns.
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where and are chosen to be B and Q8 respectively [76]. This speci c implemen-
tation is called the random DE algorithm. If the rst parent, P4, is chosen as the one
having the ttest value, as opposed to being chosen randomlyhe algorithm is referred
to as the DE/Best. Also, if is chosen randomly between 0 and 1, the algorithm may
be called DE/ditter [100]. Herein, we use the DE/Best implemaation. At this point,
the data mis t cost functional is evaluated for each individial and that value is com-
pared to the original parent. Either the o -spring or the parent with the lower tness
value is mutated to the next generation. This process is themepeated again till we
get to an acceptable error level. The DE algorithm also reqes the implementation
of an appropriate boundary condition ensuring that the eleemts are within the search
domain. In our implementation, if an element happens to exithe search domain,
it will be randomly placed back somewhere within the searchothain. Limiting the
search space serves two purpos@s as a projection-based regularization to tackle the
inversion instability (ill-posedness) issue [75], anfli) to act as prior information so
as to achieve higher accuracy in parameter reconstructioihis limitation is based on

our observation of typical permittivity or thickness values for snow and ice.

3.7 Inversion Results

Herein, we attempt to reconstruct snow-covered young ice (Y8ielectric pro les using
either microwave bistatic or monostatic synthetic data. Fobistatic data collection,
the domain of interest is illuminated by a unique incidencerale (nr«x = 1); namely,
inc = (45 ;0 ). The scattered data is then collected at several scattereuhgles, all of
which have the same azimuth anglé€, scax = 10 , but di erent elevation angles, scat.
The elevation angle is varied from 25to 65 with 10 increments {.e., measuring
at 5 elevation angles). As far as monstatic data collection lseme is concerned, we
use ve dierent incidence angles, i, from 25 to 65 with 10 increment; thus,

having nty = 5. Since, this is a monostatic setup, one scattered anglehigh is the
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same as the utilized incidence angle, is used to collect the QR data; thus, having,
Nrx = 1. For both monostatic and bistatic data collection schen& all possible four
polarization combinations are used toward reconstructionf the prole. All these
data collection schemes are performed within the frequencgnge of 3 GHz to 4 GHz
at 15 di erent frequencies equispaced in this frequency rga (.e., ny = 15). For
the examples considered herein, this frequency range prasean appropriate trade-
o between providing su cient spatial resolution and penetation depth. Finally, the
relative complex permittivity of the ocean is assumed to be06+ j60 for all these
examples within the frequency range of interest. (Throughu this chapter, a time-

dependency ok " is implicitly assumed.)

To reconstruct these pro les, we rst need to set the searchpsce for the inversion
algorithm based on the expected values. The inversion algbm will then try to
reconstruct the true values within the search domain. The aech space for relative
complex permittivity values is as follows: the real part oftie snow permittivity from

2 to 3, the imaginary part of the snow permittivity from 0 to 1, the real part of the
ice permittivity from 3 to 5, and the imaginary part of the ice permittivity from 0 to

1. The search space for thickness values is as follows: snbigkness from 0 to 20 cm,
ice thickness from 0 to 40 cm. Finally, the search space forughness parameters is
as follows: h and | of the air-snow interface from 0.1 cm to 0.16 cm, and 1.20 cm to
1.60 cm respectivelyh and | of the snow-ice interface from 0.12 cm to 0.25 cm, and
0.84 cm to 2.44 cm respectivelyh and | of the ice-ocean interface from 0.22 cm to

0.33 cm and 1.00 cm to 5.50 cm respectively.

We nally note that when one deals with inversion of simulatd data, e.g, the data
presented in Chapters 3 and 4, the simulated data needs to bentaminated with
noise and collected on a di erent discretization grid as copared to that used in the
inversion so as to avoid the so-called inverse crime. In oumsilated data, we have

considered noisy synthetic data sets. (We have also consetnoiseless synthetic data
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Tab. 3.1: Dielectric pro le speci cations used for snow-covered Yl in Section 3.7.1. The complex
permittivity values are assumed to be constant within the frequency range of 3 to 4 GHz.

Snow-Covered YI Pro les Case | | Case Il | Case Il
. Snow 5 10 12
Thickness [cm] ice 15 55 35
L Snow 2.3+j0:2
Permittivity (averaged) ice 36+05

Air-Snow h=0:15andl =1:3
Roughness Parameters [cm] Snow-Ice h=0:185 andl =1:42
Ice-Ocean h=0:22 andl =2:6

sets for the sake of comparison.) However, since our utiliz8®T forward solver does
not discretize the imaging domaing.g, similar to the method of moments, change of
the discretization grid is not applicable here. We also notiat in Chapters 5, 6, and 7,
we consider the inversion of experimental data; thus, theme no risks of committing

inverse crime in these three chapters [101].

3.7.1 Snow-covered YI|Bistatic setup

The speci cations of the pro le of interest are tabulated inTable 3.1 for three di erent
cases with increasing snow/ice thickness values. As notedoab, this pro le is to be
reconstructed using 4 15 5 = 300 scattering data points. The results of this
inversion, denoted by DE/Best, are depicted in Figure 3.2. fie two horizontal lines
in these plots represent the true snow-ice and ice-oceandrfaces. Also, they = 0
line in these plots is the true air-snow interface. The true grmittivity values are
demonstrated in these plots by (for the real part) and (for the imaginary part).
As can be seen, with the increase of snow/ice thickness, thdrieval of thickness
values will degrade whereas the quantitative accuracy of éhreconstructed complex
permittivity values will not be a ected that much. This might be due to the fact that
as opposed to thickness retrieval, permittivity retrievaldoes not need full penetration
all the way down to the ocean interface. Finally, Table 3.2 ports the reconstructed

roughness parameters corresponding to Figure 3.2. As can leers the reconstructed
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Fig. 3.2: Reconstruction of the snow-covered Y| for three di erent cases of Table 3.1 from bistatic
data sets.

roughness parameters for the rst interfacei.e., air-snow interface, are more accurate

than those for the other two interfaces.

3.7.2 Snow-covered Yl|Monostatic setup

Herein, we consider the same snow-covered Y| as studied in S®ct3.7.1. However,
as opposed to Section 3.7.1 in which a bistatic data colleati scheme was used, we
now consider a monostatic data collection scheme. This isp@rtant as a monostatic
con guration is more practical as it can be easily mounted om single ship or an
airplane. As described in the beginning of Section 3.7, thet&h number of data
points to be inverted in the monostatic case is the same as tlo@e in Section 3.7.1,;
i.e., 300. Although the number of data points is the same in both mastatic and
bistatic con gurations, this does not mean that the amount & useful information is
the same in these two di erent data sets. Based on our numeaiktrials, we have found
that the bistatic data set is generally more suitable for oureconstruction algorithm.
We speculate that this is due to the fact that the maximum NRCS sually occurs

around the specular re ection angle. The reconstruction seilts for the monostatic
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Fig. 3.3: Reconstruction of the snow-covered Y| for three di erent cases of Table 3.1 from monostatic
data sets.

cases are shown in Figure 3.3. As can be seen, the inversiorueaxy of the bistatic

data sets outperform that of the monostatic data sets. Howeresince the number

of data points is kept the same as the bistatic case, the in&on accuracy of the
monostatic data sets does not su er dramatically. Also, thaks to surface roughness,
the amount of information within the monostatic data set is ncreased. Note that if

there was no surface roughness, the received electromagnefave in monostatic case
will be signi cantly reduced. Therefore, from this point ofview, surface roughness is
useful for monostatic data collection schemes. Finally, éhreconstructed roughness
parameters for this example are listed in Table 3.2. As can beem, the reconstructed
roughness parameters for the air-snow interface are morecaate compared to those

of the other two interfaces.

3.7.3 Snow-covered YI{Noisy data set

In all the above examples, we did not add synthetic noise to ¢hcollected data sets.
We now consider the robustness of the inversion algorithm @gst noisy data sets.

It should be noted that, in addition to thermal noise and rada speckle, some other
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Fig. 3.4: Reconstruction of Case | Pro le in Table 3.1 from noisy data sts, with varying noise level
NL, in both bistatic and monostatic (mono) con gurations.

interfering signals picked up by the antenna can contributéo the overall noise of the
measured data. (The e ect of some of these interfering sigsamay be minimized
by using appropriate Itering techniques.) Also, in practie@, the parameterization
presented in Section 3.4 may not be accurate enough for an @t snow-covered sea
ice pro le. This simpli cation can then be regarded as a modkng error in the inversion
algorithm. This modelling error can then be regarded as padf the manifest noise for

the reconstruction algorithm.

The method used in this chapter to create a noisy data set is &sllows. Let's assume
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Tab. 3.2: Reconstruction of surface roughness parameters; all rougless parameters are in centime-
tres.

Case | Case Il Case Il

h | h | h |

air-snow | 0.16| 1.23| 0.15| 1.31| 0.15| 1.30
snow-ice | 0.16| 1.52| 0.20| 1.31 | 0.21 | 1.29
ice-ocean | 0.22 | 3.86| 0.28 | 1.83 | 0.24 | 3.41
Case | Case Il Case Il

h | h | h |

air-snow | 0.15| 1.30| 0.15| 1.30| 0.15| 1.30
snow-ice | 0.19| 1.31| 0.22| 1.81 | 0.25| 1.52
ice-ocean | 0.33 | 4.36 | 0.22| 2.05| 0.26 | 3.98
(@) (b) (c)
h | h | h |

air-snow | 0.14| 1.42| 0.16 | 1.22| 0.16 | 1.39
snow-ice | 0.16| 1.25| 0.20| 1.25| 0.18 | 1.21
ice-ocean | 0.33 | 3.05| 0.35| 2.75| 0.33 | 2.76
(d) (e) ()
h | h | h |

air-snow | 0.12| 1.20| 0.15| 1.28| 0.16 | 1.45
snow-ice | 0.22| 1.22| 0.21| 1.77 | 0.21 | 1.45
ice-ocean | 0.33 | 3.86| 0.35| 3.60 | 0.36 | 4.76

Figure 3.2

Figure 3.3

Figure 3.4

Figure 3.4

that the noise level is denoted by NL, which can vary from 0 to lthen the noisy
NRCS data will be (1 NL) where is the dimensionless noiseless NRCS data.
To evaluate the robustness of the inversion algorithm agahnoisy data, we consider
Case | pro le of Table 3.1. Two di erent data sets are then cosidered for this pro le:
a bistatic dataset as collected in Section 3.7.1, and a motatsc dataset as collected
in Section 3.7.2. Then, three levels of noise are added to seetwo datasets. Inversion
of these noisy datasets are shown in Figure 3.4. As can be sed® quantitative
accuracy of the inversion results corresponding to NL = 10%nd 25% is reasonable.
However, for NRCS errors beyondnjax; min) = (1:76, 3:01) dB, which correspond
to NL = 50%, the inversion results are no longer reliable. Thesconstructed roughness
parameters for this example are also shown in Table 3.2. As aged to reconstructed
thickness values which seem to su er the most from increagirNL, this table shows
that the reconstructed roughness parameters are not as musknsitive to the noise

level.
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3.8 Conclusion

Forward and inverse scattering models of snow-covered sea hold promise in both
the estimation of the geophysical and thermodynamic statef arctic. In this chapter,
a nonlinear inversion algorithm was proposed to nd the diektric pro le of a given
snow-covered sea ice domain of interest from microwave NRC&tal Speci cally,
this algorithm simultaneously inverts multi-frequency milti-polarimetric bistatic (or,
monostatic) datasets to reconstruct the relative complexgrmittivities, thickness val-
ues, and roughness parameters of snow and ice layers. Thepmsed algorithm has
one main limitation: due to the use of the BPT forward solverthe roughness param-
eters of the interfaces cannot be beyond the validity regioof the SPM. If needed,
this issue can be handled by using another type of forward set. It should also be
noted that the quantitative accuracy achievable from thisnversion algorithm depends
on the amount of useful scattering information provided tohe algorithm. Using this
nonlinear inversion algorithm, three di erent forms of snw-covered young ice were in-
vestigated. It was shown that dielectric pro le parametersassociated with these cases
can be reasonably retrieved as long as su cient scatteringatia are available. It was
also shown that the reconstruction accuracy, specially, agracy of the reconstructed

ice thickness, will be degraded in the presence of noise.

This chapter, therefore, contributes to the area of sea icemote sensing, in places
with snow-covered sea ice including the Arctic, Antarctic, Béic Sea or the Sea of
Okhotsk, by proposing an inverse scattering algorithm to @sact more information
from the normalized radar cross section data to be used to @nfthe dielectric pro le.
This can have several possible applications such as moreuate ice pro le classi -
cation, detection of oil spills in sea ice, transport safetgnonitoring and more precise
classi cation of both the geophysical and thermodynamic ate of snow-covered sea

ice.



Balanced Inversion

of Bistatic NRCS Data

4.1 Overview

An electromagnetic inverse scattering algorithm that recatructs the dielectric pro-
le of the snow-covered sea ice was developed and presentedChapter 3. In this
algorithm, a mis t cost function calculates the discrepang between the measured and
simulated NRCS data associated with a predicted dielectricrple. To reconstruct
the unknown pro le, this cost function is iteratively minimized utilizing the di eren-
tial evolution algorithm so as to achieve a minimum discrepey. The weighting factor
employed for this discrepancy in Chapter 3 was equal to unifpr both monostatic and
bistatic con gurations. In this chapter, | introduce a weidting factor to be utilized in
the cost function for the bistatic NRCS data, and compare its grformance to three

commonly-used weighting factors.

After an introduction in Section 4.2, the methodology utilizd to perform the inver-
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sion is presented in Section 4.3. As previously explained irh&pter 3, the inversion
algorithm consists of a BPT forward solver that works in comjnction with DE in-

verse solver. This algorithm iteratively minimizes the NRCSlata mis t cost function

to reconstruct the snow-covered sea ice prole. In Section44 four di erent cost

functions (namely blind, normalized, constant, and balared) are introduced. Sub-
sequently, the reconstruction accuracy of the inversion gdrithm utilizing these four
cost functions are investigated in Section 4.5. Although tlse cost functions utilize the
same synthetic bistatic NRCS data, their achievable recorrsiction accuracy varies.
In particular, the developed balanced weighting cost funn results in the highest re-
construction accuracy compared to the rest. This weightinfactor rst normalizes the

NRCS data discrepancies and then multiplies them by the mea=ad horizontally-sent
and horizontally-received NRCS data. This multiplication gves a larger weight to the
data in the vicinity of the specular angle. Finally, the synhetic data is contaminated
with noise to further assess the inversion performance. Rirs case, similar inversion

results with respect to the working of the balanced weightmfactor are obtained.

The materials of this chapter are based on the paper publistien Taylor & Francis

Remote Sensing Letters in 2015 [162]

4.2 Introduction

This chapter, which builds on our abstract presented in [103is focused on investi-
gating four di erent cost functions for the inversion of sinulated bistatic radar cross
section data. Although the application of bistatic data in egh remote sensing is
currently limited, it holds promise for accurate retrievalpurposes. Such bistatic mea-

surements are feasible via the use of bistatic ground-basszhtterometers, two-aperture

@ ¢ [2015] Taylor & Francis Reprinted, with permission, from N. F iroozy, P. Mojabi, and D. G. Barber,
\Balanced inversion of simulated bistatic radar cross-section data for remote sensing of snow-covered sea ice,"
Remote Sensing Letters vol. 6, no. 5, pp. 399-408, 2015.
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air-borne radar systems and tandem satellites.

In an inversion algorithm, the choice of the cost function tdbe minimized is important
to properly account for the relative magnitude and importane of all data points. This
IS, in particular, very important in snow-covered sea ice dlectric pro le inversion
since the number of measured data points in snow-covered dea remote sensing
applications is limited compared to the number of unknownsot be reconstructed.
Therefore, the available data points need to be weighted \kittare in the minimization
scheme so as to extract as much information as possible frohetscattering ensemble.
Based on this investigation, an appropriate balanced cosairiction, which can result
in enhanced reconstruction accuracy, is proposed. Using ¢f&r numerical examples, it
will be shown that the proposed balanced inversion can enh@nthe reconstruction

accuracy of dielectric pro les.

Throughout this chapter, we use simulated bistatic NRCS dat&o evaluate this bal-
anced inversion algorithm. This simulated data is created ith the BPT forward
solver [94]. The three test cases are simpli ed models of giulayered snow-covered
sea ice pro les. Atime-dependency oé 1" where j = P ~1,! isthe angular frequency;,

and t denotes the time, is implicitly assumed in this chapter.

4.3 Inversion Methodology

We have recently developed an inversion algorithm for the genstruction of unknown
snow-covered sea ice dielectric pro les (denoted by from NRCS data (denoted by )

as the algorithm's input [91]. To this end, this inversion aorithm iteratively minimizes
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the following cost function over ,

X & X X X

(),
i=1 n=1 m=1 p=H;V g=H ;V
s st pC ) nds st (4.1)

In the above cost function, meas( (M- (") - £y is the NRCS data when the domain of

' pq inc » scats

interest is illuminated from the (™

direction with the (p) polarization at the f; fre-
quency, and then the resulting scattered eld is measureddm the (%, direction with
the () polarization at the same frequency. (Polarizationsp) and (q) can be horizontal
or vertical, denoted by H and V respectively. Also, the numbeof frequencies of op-
eration, receiving angles, and incidence angles are F, Rdah respectively.) Within
the scope of this chapter, ;°* is generated by simulating the pro le using the BPT
forward solver. Therefore, we choose to refer tg;® as the reference NRCS data, and
(m). (n).

not the measured NRCS data, for more clarity. In addition, S™( (r); ie’s scat;fi)

' pg
is the predicted NRCS data corresponding to the predicted dextric prole at a
position vectorr under the same measurement con guration. We also note thatieh
of the incident and scattered directions is characterizedyliwo angles: the elevation
angle , and the azimuth angle' . It should also be noted that if the measurement un-
certainties at each data point are unknown, (4.1) can be modd as proposed in [104].
However, in this chapter, we assume we do not have access tathrior information.
Therefore, the e ect of measurement uncertainties will nobe considered in the cost

function.

At each iteration of the inversion algorithm, the BPT forward solver [94] is used to
calculate the predicted NRCS data of a given predicted dieleic prole. Based on

the discrepancy between this predicted NRCS data with the refence NRCS data,
the di erential evolution (DE) algorithm [100] will update the predicted dielectric

pro le through the minimization of (4.1). This iterative scheme continues until a
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convergence is achieved. Herein, the unknown dielectric pep (r), is assumed to be
a rough layered medium consisting of a snow pack above sea gandwiched between
air and ocean. The inhomogeneities within the layers, sucls ahe presence of brine
pockets, are not included in this simpli ed model. However fte collective e ect of these
inhomogeneities will be accounted for by assigning an e @a¢ complex permittivity

to each layer. We also assume that brine pocket is randomlyiented or is of spherical
shape, and therefore, each layer has an isotropic complexrrpétivity. Since our

algorithm is capable of modeling the stair-casing within kb ice and snow layers,
the utilized snow-covered sea ice models can consist of salvkayers, each of which
has a di erent e ective complex permittivity. Finally, to h andle the ill-posedness of
this problem [105], we have utilized a projection-based nelgrization scheme [91, 106]
that limits the search space for the unknowns to be reconsicted to an appropriate

subspace.

4.4 Balanced Inversion

The cost function, presented in (4.1), treats the discrepay values corresponding to
di erent measurement scenarios equally. (That is, it is anmweighted summation of all
discrepancies.) This is not necessarily a proper approadhce the inversion algorithm
may then favor minimizing certain discrepancy values ovethe others merely due to
their larger magnitudes. If this happens, it is very likely hat the inversion algorithm
will not be able to utilize all the available information within the measured NRCS data
toward dielectric pro le reconstruction. As a result, the nal solution will not be the
most accurate reconstruction that could have been achievéwm the given measured

data set.

To address this issue, we consider the following cost furati that utilizes two sets of
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Tab. 4.1: Speci cations of the snow-covered sea ice numerical modetuslied in Section 4.5 (Exam-
ple 1). All length values are in (cm). Here, Half-Space refes to a medium with a boundary

at in nity.
Snow Ice Ocean
Thickness 4 18 Half  Space
Relative Permittivity 2 :50+j0:10 375+j0:40 6Q00 +j60:00
rms Height (h) 0:14 020 030
Correlation Length (I) 1.50 180 200
weighting factors, (f;) and q,
X X XX X .
F( (r )) ) (f,) PCI( inc 1 scat;fi)
i=1 n=1 m=1 p=H;V g=H ;V
i QR D I (L (D H R DE (4.2)

Comparing (4.1) with (4.2), it can be seen that (f;) and .4 are set to unity in our
original cost function. Before considering pq, let's present the utilized expression for

the frequency weighting factors

(f) , 2 2 (4.3)

The above frequency weighting factors have been already sessfully used in geophys-
ical inversion [84] in low frequencies; thus, we do not elatate on the use of these
frequency weights in this chapter. We only note that the choe of (f;) as presented
in (4.3) lies in the idea that the smaller the frequency of opation is, the less nonlinear
the associated mathematical problem will be. Therefore, bad on (4.3), more weight
is assigned to NRCS data of lower frequencies so as to help theersion algorithm
not be trapped in local minima due to the increased nonlinedy in higher frequencies.
This frequency weighting can then help the convergence ofelinversion algorithm to

an appropriate solution.
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Fig. 4.1: NRCS ratios when the pro le of Table 4.1 is irradiated from i, = (45 ;0 ) direction, and
the emanating scattered data is collected at di erent scattering angles.
We now consider four di erent expressions for,, to be used in (4.2). In the rst one,
the weights 4 are chosen to be unity. Therefore, in this form, the discrepay values
between all data points at one operational frequency are btilly summed. In the results
to be presented, we refer to this cost function as \blind". B®re moving on to the
next choice of ,4, we rst note that the NRCS data has di erent ranges of valuesdr
di erent polarization combinations. This has been illustated in Figure 4.1 which shows
di erent synthetic polarimetric NRCS ratios for the snow-ceered dielectric pro le of
Table 4.1 for the frequencies of 3 and 4 GHz, when the pro le ifuminated from
inc = ( ;") =(45:;0). From this gure, it can be seen that the scale of NRCS
values for various polarizations can be very di erent. Sirar trends were observed
from numerous other simulations for bistatic data from simiped snow-covered sea
ice pro les, including those described in Section 4.5. It ispeculated that this is
partly due to the absence of the Brewster angle e ect in HH poteation as noted
in [107]. Therefore, in the blind cost function, the contrilation of the smaller NRCS
values may be lost, which indicates that the scattering infonation within these smaller
NRCS values has not been fully utilized in the reconstruction Thus, based on our

numerical experience that shows thatyy is often the dominant NRCS value in bistatic
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measurements from the snow-covered sea ice, we considerftlewing g,

meas, (M). (n).

m). (n). maxt J8%%( inc’s scav fi)9.
ool s i) e 4.9
ma pqg inc * scaty .)g

which presents a constant weight for each polarization conmation, thus, resulting
in four dierent 4 values in total. In fact, the use of these four pq values in (4.2)
classi es all the data points into four clusters, each of whh corresponds to a specic
polarization combination, and then attempts to equalize tese four clusters of data
points. In our results, we refer to this cost function as \costant”. On the other hand,
as opposed to equalizing these four clusters, we can normealthe discrepancy value

corresponding to each data point individually by using thedilowing pq,

(m). (n.¢ 1 _
pq( inc sca’ufl) ) measy  (M). (n) 'f<)’ (4.5)
pq inc » scatr 'l

which will then result in the so-called \normalized" cost function.

The development of the last ,4, to be described below, is inspired by the observation
that the receiving angles that are closer to the specular dtered angles often exhibit
higher sensitivities with respect to the parameters to be censtructed [108]. Based on
this, we speculate that these receiving sites might provideore \informative" scatter-
ing data, and might then deserve to receive higher weights dong the optimization.

The expression for 4 that implements this idea is given as

measy (M). (n).

(m). (n).¢. HH inc scat1fi).
pq( inc scat’fl) ) meas (M), (n) f) (4.6)
pPq inc » scat) 'l

To understand the e ect of these weights, note that the denomator of (4.6) when
multiplied by the discrepancy in (4.2) will result in the nomalized cost function. How-
ever, the numerator of (4.6) will emphasize the informatiomeasured at the specular

angles as the yy value at these angles has often larger values. The use of theights
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in conjunction with (4.2) will then be referred to as the \babhnced" cost function.

4.5 Synthetic Data Reconstruction Results

To compare the e ectiveness of the four cost functions preged in the above section
with respect to the achievable reconstruction accuracy, merous inversion scenarios
were studied. Generally, all the cases investigated folled the same trend and there-
fore, only three scenarios are presented here. As the rst exple, let's consider the
snow-covered sea ice pro le of Table 4.1. This pro le is irddated from j,c = (45 ;0)
direction, and the polarimetric NRCS is synthetically creaed at 8 di erent directions
having from 30 to 65 with the step of 5 and a xed ' = 10 at 11 equispaced
frequencies starting with 3 GHz, and ending at 4 GHz. In this exaple, the inver-
sion algorithm retrieves 12 unknowns (namely, the roughreparameters of root mean
square (rms) height,h, and correlation length, I, for the snow-ice and ice-ocean in-
terfaces, height of snow and ice and nally, real and imagimg parts of the e ective
complex permittivity of snow and ice). Four di erent inversons, each of which utilizes
one of the four cost functions described in the previous sext, are applied to this syn-
thetic bistatic NRCS data set. The error in the reconstructio of the twelve unknowns
for each of these four cost functions is depicted in Figure24. The proles to be
reconstructed in Figure 4.2(a) and (b) are presented in Tabl4.1 and 4.2, respectively.
A four percent noise is also added to the input data used to restruct the pro le of
Table 4.2(b) to further assess the algorithm's reconstruicin ability in the presence of
noise. Also, in part (b), as opposed to part (a), the roughnegmrameters are given to
the inversion algorithm as prior information to keep the nurber of unknowns the same
as part (a). In this gure, the lower the plot value, the lowerthe retrieval error, thus,
the more accurate the reconstruction. This error is calcuked based on the absolute
value of the di erence between the nal predicted value andtte true value, divided by

the true value (.e., the relative error). We also note that the di erential evoltion
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Tab. 4.2: Speci cations of the snow-covered sea ice numerical modetuslied in Section 4.5 (Exam-
ple 2). All length values are in (cm). Here, Half-Space refes to a medium with a boundary

at in nity.
Snow Ice Layer | Ice Layer Il Ice Layer Il Ocean
Thickness 2 2 5 2 Half  Space
Relative Permittivity 2 :10+j0:20 400+j0:40 360+j0:15 380+j0:30 6000 +j60:00
rms Height (h) 0:15 010 001 001 015
Correlation Length (1) 1:50 100 050 050 150

algorithm incorporates a partly-random step in each elemés evolution [100] so as
to be able to investigate the search space of each unknown gaeter thoroughly for
the universal minimum of the cost function after all iteratons. Therefore, for every
separate complete run of the DE algorithm, the nal reconsticted pro le might vary
very slightly. To compensate for this e ect and report a gerral trend, each of the four
inversion algorithms is run a few times with the same input NRS data for the same
pro le. Five runs is found su cient since averaging beyond hat did not change the
reconstruction accuracy results considerably. (These amge reconstructed values are
the ones reported in this section.) As can be seen from both Hdn Figure 4.2, the
retrieval error associated with the balanced cost functiois almost constantly bellow
all others; therefore, the balanced inversion outperforniee others with respect to the
achievable reconstruction accuracy. It should also be naok¢hat the addition of noise
to the input data has degraded the reconstruction accuracynd yet the balanced form

has kept its advantage over other three cost functions.

To consider more practical scenarios, we next study the rewruction of two more
elaborate numerical models. These two models are a snoweared thin New Ice (NI)
model as speci ed in Table 4.2, and a thicker NI model as preged in Table 4.3. In
these two numerical models, we consider three inner layerghin the ice layer. This
is done to represent the varying permittivity within the icelayer. As noted in [109],
the plot of permittivity versus sea ice depth can have a C-spad curve, with higher

permittivity values for top and bottom layers, and lower pemittivity value for the
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Fig. 4.2: The common logarithm (log,,) of relative error in the reconstruction of the 12 unknowns
using four di erent cost functions (CF) of the pro les of (a) Table 4.1, and (b) Table 4.2. The
horizontal axis shows the parameter of interest, and the veical axis is its corresponding
error. Re and Imag denote the real-part and imaginary-part d the permittivity for the
corresponding layer. denotes the thickness parameter. In(a), 1st, 2nd, 3rd refer to as
air-snow, snow-ice and ice-ocean interfaces. In (b), Layelr, Layer Il, and Layer Il refer to
the layers within the ice as in Table 4.2.

middle layer. As can be seen in Tables 4.2 and 4.3, the interéscfor these inner
layers within NI are almost at. These very small roughness pameters associated
with the inner NI layers are taken as known roughness paramesefor the inversion
algorithm. Therefore, each of these two numerical models $1a total of 16 unknown
parameters (namely, the roughness parameters of rms heigiht and correlation length,
[, for the air-snow, snow-ice top layer and ice bottom layereean interfaces, height of
snow and ice and nally, real and imaginary parts of the perntiivity for snow and

three ice layers). It should also be noted that although theotal thickness of the NI
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Tab. 4.3: Speci cations of the snow-covered sea ice numerical modetuslied in Section 4.5 (Exam-
ple 3). All length values are in (cm). Here, Half-Space refes to a medium with a boundary

at in nity.
Snow Ice Layer | Ice Layer Il Ice Layer Il Ocean
Thickness 4 3 8 4 Half  Space
Relative Permittivity 2 :20+j0:10 420+j0:60 360+j0:40 390+j0:50 6000 +j60:00
rms Height (h) 0:16 004 001 001 016
Correlation Length (1) 1:60 040 050 050 160

layer is an unknown to the inversion algorithm, the relativeahickness of each inner NI
layer with respect to the total thickness of the NI layer is takn to be known, thus,

serving as prior information to the inversion algorithm.

Before presenting the inversion results of these two progelet's note that the reference
NRCS data to the inversion algorithm in these two examples amgynthetically created
using the same setup as used in the rst example. For each pte, the unknown
parameters are retrieved rst through the inversion of the lind cost function and next
by the inversion of the proposed balanced cost function. Thieversion results for these
two examples using both noiseless and noisy NRCS data are a¢gil in Figure 4.3.
(To create the noisy data sets, 4% noise has been added to th@seless data sets.)
The closer the plotted reconstructed lines are to the true prle, the more accurate the
reconstruction is. It is evident that the proposed balancethversion outperforms the
blind inversion in achieving enhanced reconstruction acacy for both noiseless and
noisy data sets. Therefore, as can be seen in Figure 4.3, ttadanced inversion is still
important when the noise is present in the NRCS data. For exang the achievable
accuracy of the reconstructed real-part of the permittiviy for the pro le of Table 4.2
when using balanced inversion of noisy data, see Figure 4)3(s higher than that
when using blind inversion of the same noisy data, see Figute3(e). Note that as the
noise in the NRCS data increases, the reconstruction accuyadecreases. However,
the balanced inversion still manages to outperform the blthinversion, indicating its

appropriate use of the information contents available in b NRCS data.
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It should also be noted that the balanced inversion result®ff the last two examples
(Tables 4.2 and 4.3) are not as good as the balanced inversi@sult for the rst
example (Table 4.1). This could be attributed to the increasof the number of unknown
parameters in the last two examples as compared to the rst arple while having the
same number of reference NRCS data points as compared to thet example. Also,
the limitation on the penetration depth of irradiating eledromagnetic waves degrades
the inversion accuracy for lower pro le depth. The e ect of #enuation is even worse

if the top layer is wet or brine-wetted [110].

Finally, we note that the reconstruction accuracy of the roghness parameters for
the prole of Table 4.1, denoted byh and | in Figure 4.2(a), are generally better
when the balanced cost function has been used. When the pm to be reconstructed
becomes more complex, assuming all the parameters to be uokmn will result in poor

performance of the inversion algorithm due to the large iml@nce between the number
of unknowns and the number of known NRCS data points. Thereferfor the examples
considered in Figures 4.2(b) and 4.3, we decided to give theughness parameters
as prior information to the inversion algorithm. (Otherwig, we have to increase the
number of data points;e.g., by adding more frequencies or incidence/scattered angles
It would be instructive to investigate the performance of te inversion algorithm when

provided by wrong prior information; e.g, assuming that the inner interfaces are at

for the prole of Table 4.2. (For the top interface, we still ®nsider a known rough

interface, and use this as prior information since this rodmness can be obtained by the
use of lidar in practice.) Based on this wrong surface atnesassumption, the inversion
algorithm was run for each cost function. The balanced coatriction resulted in 78%

error; however, the error of the three other cost functionsxeeeded 100%. Therefore,
as can be seen, the balanced approach still outperforms; lewer, due to the use of
wrong prior information (signi cant modelling error), the error level is high. Of course,

as opposed to the pro le of Table 4.2, if we consider a pro le ose inner roughness
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parameters are su ciently smooth, the assumption of at interfaces will be acceptable,

thus, resulting in satisfactory reconstruction accuracy.

4.6 Conclusion

We have investigated the formulation of an appropriate cogtinction, which we refer to
as the balanced cost function, for dielectric reconstructn of simpli ed snow-covered
sea ice pro les from simulated bistatic NRCS data sets. Thisdbanced cost function
is a weighted discrepancy between the reference NRCS data ahd NRCS data of
a given predicted dielectric prole. The minimization of ths cost function over the
dielectric pro le will result in the nal reconstructed dielectric pro le. This balanced

cost function was compared with three other cost functions.The inversion of the
proposed balanced cost function achieved the best retrié\accuracy as compared to
the reconstruction accuracy obtained by inverting the othethree cost functions. The
weighting scheme utilized in the balanced cost function nimalizes the discrepancy
and also emphasizes the data points in the vicinity of the ligtic specular angle. The
latter is achieved through a multiplication with the HH polarized NRCS data. We
speculate that the NRCS data of these data points are more séng& to the pro le

unknowns, thus, being more informative to the inversion atgithm [108]. Numerous
simulated scenarios have been studied, three of which haveel presented in this
chapter. The trend in all these scenarios were similar, supging our claim on the

advantage of the balanced inversion algorithm. As a furthertep in this research, the
synthetically created bistatic NRCS data sets used in this epter should be replaced
by the measured bistatic NRCS data to further assess the rearuction accuracy

achievable from the proposed balanced inversion algorithagainst experimental data.
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Fig. 4.3: Reconstructed permittivity and thickness values using (a)blind inversion of noiseless NRCS
data for the pro le shown in Table 4.2, (b) balanced inversion of noiseless NRCS data for the
pro le shown in Table 4.2, (c) blind inversion of noiseless NRCS data for the pro le shown
in Table 4.3, (d) balanced inversion of noiseless data for th prole shown in Table 4.3,
(e) blind inversion of noisy NRCS data for the prole shown in Table 4.2, (f) balanced
inversion of noisy NRCS data for the pro le shown in Table 4.2 (g) blind inversion of noisy
NRCS data for the prole shown in Table 4.3, and (h) balanced nversion of noisy data
for the pro le shown in Table 4.3. The horizontal lines in each gure represent the named
interfaces (numbered from top to bottom). Real and Imag indicate the real and imaginary
parts of the reconstructed relative permittivity (denoted by ).



SERF Experiment I:

Inversion and Sensitivity Analysis

5.1 Overview

In Chapters 3, an electromagnetic inverse scattering algttrm was developed, and
its reconstruction accuracy for the snow-covered sea iceoge was assessed utilizing
synthetic data for various scenarios. Also in Chapter 4, it veashown that emphasizing
the role of the NRCS data collected in the vicinity of the spedar angle in a bistatic
con guration results in higher reconstruction accuracy. Utizing the same inversion
algorithm in this chapter, our objectives are to () nd the NRCS data which are
more sensitive to the pro le's parameters of interest and asss their role in inver-
sion, (i) employ the experimental NRCS data instead of synthetic NRCSadla, and
(iii ) introduce a further pro le parametrization scheme basedroprior information. In
particular, the use of this prior results in enhanced recotrsiction. As will be described

in this chapter, the experimental data have been collected the SERF during Winter
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2014.

This chapter is structured as follows. After an introduction the problem statement is
outlined in Section 5.3. Next, a preview of the BPT solver is lught in Section 5.4.
Subsequently, the NRCS sensitivity analysis from a forwardcattering perspective
is presented in Section 5.5. To calculate these sensitivitalues, the derivatives of
the NRCS data with respect to the prole parameters are calcated utilizing the
nite di erence formulation. From the sensitivity analysis results, it is concluded
that the NRCS data collected at incidence angles in the vicityi of (i) nadir for the
monostatic con guration, and (ji ) specular re ection for the bistatic con guration, are

more sensitive compared to the NRCS data collected at otherdidence angles.

In Section 5.6, the reconstructed pro les are presented whesynthetic NRCS data
are inverted. Based on the reconstruction results, it is coluded that the inclusion
of more sensitive NRCS data results in higher retrieval accacy. Subsequently, the
speculation on the role of more sensitive NRCS data is invagited in Section 5.8,
utilizing the experimental data. To this end, the data are diided into two cases, one
with the NRCS data collected close to the nadir, and the otherase with the NRCS

data set excluding the latter.

In addition, a C-shaped curve is tted to the complex permittvity model of the pro le
to reduce the number of problem unknowns. This will take advdage of prior informa-
tion regarding the complex permittivity distribution of th e pro le, thus, reducing the
number of unknowns, and guiding the inversion algorithm toard the true solution.
The inversion results using this prior information are therpresented. These results
further con rm the speculation that utilizing more sensitive data achieves better re-
construction results for the monostatic case. Finally, a eelusion ends this chapter in

Section 5.9.

At the end, it should be noted that the monostatic NRCS data wex collected at the
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Sea-ice Environmental Research Facility (SERF), located &niversity of Manitoba,
Winnipeg, Canada, during Winter 2014. During one phase of it experiment, the
polarimetric NRCS data were collected at frequencies rangjiirom 5.3 GHz to 5.7 GHz
through a C-band scatterometer. The air-snow interface wasso scanned through a
lidar to calculate the roughness parameters. Moreover, péigal samplings of snow
and sea icei(e., temperature, salinity, and density measurements) were éed out to

determine the true permittivity of the pro le.

The materials of this chapter are based on the paper publistién the IEEE Journal

of Selected Topics in Applied Earth Observations and RemoteeBsing in 2015 [96Y .

5.2 Introduction

Two general challenges in solving any electromagnetic imge scattering problem are
how to deal with the nonlinearity and ill-posedness of the asciated mathematical
problem. Herein, the nonlinearity of the problem is treated ypthe use of an iterative
inversion algorithm, and the ill-posedness of the problens ihandled by the use of a
projection-based regularization technique. Also, in the sa of snow-covered sea ice mi-
crowave remote sensing, which is the focus of this chaptet |@ast two other challenges
exist. First, there exist vertical heterogeneous charaatstics in the ice-snow pro le
as well as possible horizontal inhomogeneities within thenaging domain. Second,
the inversion algorithm often have access to only limited nasured data points [111].
To address the rst issue, full-wave forward solvers are aNable which consider both
volume and surface scattering mechanisms. Such solvers @so take into account
di erent inclusion shapes within a rough-layered medium P]. Unfortunately, the pro-

le's large electrical size and the complexity of such modelmake it di cult to use

@ ¢ [2015] IEEE. Reprinted, with permission, from N. Firoozy, A . Komarov, J. Landy, D. Barber, P. Mo-
jabi, and R. Scharien, \Inversion-based sensitivity analysi s of snow-covered sea ice electromagnetic pro les,"
Selected Topics in Applied Earth Observations and Remote Sengg, IEEE Journal of , vol. 8, no. 7, pp.
3643-3655, July 2015.
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these full-wave forward solvers in conjunction with inveien algorithms due to their
high computational complexities. (This can be better undetood by noting that a for-
ward solver will be called several times in an iterative inveion algorithm.) One way
to handle this challenge, which will be used throughout thishapter, is to simplify and
parametrize the structure of the domain under study, and the use non full-wave for-
ward solvers [112,113]. To tackle the lack of access to suerit measured data points,
appropriate data collection schemes need to be utilized s®ta collect more informative
data points to help the inversion algorithm converge to moraccurate reconstruction.
Also, the development of e cient inverse scattering algorthms which can fully utilize

the information within the measured data points should alsbe considered.

This chapter addresses the issue of having access to onlyitgd data points by in-
vestigating which data points can possibly present the mosiseful information for the
reconstruction of the dielectric pro le of the domain of inerest. In fact, this chapter
attempts to set some guidelines for an appropriate data celition con guration for
the purpose of optimal dielectric pro le reconstruction obnow-covered sea ice pro les.
These guidelines are derived based on the sensitivity angily of the scattering data
with respect to the unknowns which are to be reconstructed.olderive these sensitivity
values, we utilize the recently-developed boundary pertiation theory (BPT) as our
forward scattering solver [94] in conjunction with a nite d erence derivative formula-
tion. The e ectiveness of these guidelines will be rst invgtigated by the inversion of
synthetically collected data, and then through the inversin of the experimental data
collected in the Sea-ice Environmental Research FacilitSERF) at the University of

Manitoba, Winnipeg, MB, Canada [114].

This chapter is a contribution to the J-STARS Special Issue tt builds on our con-
ference paper at IGARSS 2014 [108] by presenting our experitad data collection
procedure and the experimental data inversion. Throughouhis chapter, the term

\snow" is used in its general form which is taken to include &lstates of dry, wet,
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brine-wetted and slush [115]. Also, a time-dependency of €xg't ) has been implic-

itly assumed in this chapter.

5.3 Problem Statement

Our goal is to investigate the sensitivity of di erent measued data points with respect
to the unknowns to be reconstructed. We then study the role ahese sensitivity
values in the achievable reconstruction accuracy. Our speation is that the inversion
of data points of higher sensitivity values results in morerpcise reconstruction results
as compared to the reconstruction results obtained by inviang the same number of
data points that correspond to smaller sensitivity values.We will then attempt to
support this speculation by inverting synthetically and eperimentally collected data
sets having di erent sensitivity values. This study is impeotant as it provides insight
on how to perform data collection in a practical measuremerstystem so as to achieve

enhanced reconstruction accuracy.

In this chapter, the measured quantity is the normalized raar cross section (NRCS)
data, denoted by ,q. The NRCS data can be collected from di erent incidence and
scattered angles. Herein, we are interested in studying therssitivity of the NRCS
data collected from di erent angles with respect to the layes' complex permittivities
and their thickness values. To this end, we utilize an ele@magnetic forward solver
in conjunction with a nite di erence formulation to calcul ate these sensitivities. We
nally consider inverting di erent synthetic and experimental data sets, having the
same number of data points but di erent sensitivity values & assess our speculation

on the role of more sensitive NRCS data in inversion.
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5.4 Forward Scattering Solver

To calculate the sensitivities, we rst need to be able to caulate the NRCS value for
given incidence and scattered angles from a given snow-gedksea ice pro le. Herein,
the boundary perturbation theory (BPT) is utilized as our faward solver to calculate
the NRCS values. (This forward solver will also be utilized iour inversion algorithm
to evaluate how close the calculated NRCS due to a predictedgde is with respect
to the measured NRCS data.) In this section, we rst brie y expain the structure of
snow-covered sea ice pro le and its evolution, and then brniedescribe the simpli ed

electromagnetic models that will be used in this chapter. Tédndescription of the BPT

forward solver then follows.

5.4.1 Snow-covered sea ice evolution and electromagneticdal

Herein, we study the snow-covered new ice (NI) developed in droacondition. There-
fore, it is only slightly rough and the brine pockets are eitlr randomly positioned or
spherical. Therefore the layer posses an isotropic compigarmittivity [116]. A simpli-
ed pro le under a monostatic measurement con guration is epicted in Figure 5.1.
Note that this chapter assumes almost at interfaces for lays within the ice layer.
However, other interfaces, particularly the air-snow one,ra generally rough. As will
be seen later, for all synthetic data sets, we assume that wave rough layers of snow
and ice sandwiched between air and ocean half spaces. We thesaume homogeneous
complex permittivity and thickness values for these layersThe assumption of having
a homogeneous complex permittivity value for a given layeman be justied by as-
suming an e ective complex permittivity value for that layer. This e ective complex
permittivity will also serve the purpose of reducing the nutoer of unknowns associ-
ated with an inhomogeneous complex permittivity distributon. Another type of model

simpli cation is presented in the experimental data sectio of this chapter in which



5.4 Forward Scattering Solver 84

z
g inc A gscat
I

Snow/Slush
Layer

SCAT P

o ° ° °
————— L R OGS S SR,

0 [s]
3°%°0Q 00 009050 Gdoe 09%°0 00
07O T e 6 B
5 o

o 0g ©
o © o o

Sea-Water Inclusions Ice Layer

(e.g. brine, air bubble)

Fig. 5.1: Schematic of radar cross section measurements of a simplidesnow-covered sea ice pro le
with rough interfaces through a scatterometer. As can be seethe incident direction "
is characterized by two angles; i.e., " = ( n¢.' in¢) Also, the scattered direction 5@ s
characterized by two angles; i.e., St = ( scat;' scay |n the case of a monostatic setup,
scat — inc gnd ' scat = 180 ' inc
the inhomogeneous complex permittivity distribution is mdeled by the superposition
of two exponential functions. This will be based on using it information about the

inhomogeneous complex permittivity distribution of the atual pro le.

5.4.2 NRCS calculation using the BPT forward solver

The BPT forward solver [94] is utilized to calculate the NRCSalues, ,,. Also based
on our experience and lidar measurements [97], the exponeahdistribution for the
spatial power density best ts the common new ice type. We adsnote that due to
BPT closed-form formulation, this forward model is computaonally e cient. This
makes it suitable to be used in global optimization inversio algorithm (as used in
our earlier work [91]), and also to be called repetitively tperform sensitivity analysis

using a nite-di erence di erentiation scheme (as will be fiown in Section 5.5).

In what follows, we consider a numerical example, in which wealculate the NRCS

of a snow-covered sea ice pro le described in Table 5.1 withe orientation notation
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Tab. 5.1: Dielectric pro le speci cations of the snow-covered ice po le considered in Section 5.4.2.h
and| are the surface roughness parameters of rms height and cotation length, respectively.

Snow (wet) Ice Layer | Ice Layer Il Ice Layer lll Ocean
THICKNESS (cm)
3 5 8 5 Half  Space
PERMITTIVITY

2:0+0:3 4.5+ 0:4 3:7+0:2 4:0+0:3] 580 +41:0j
ROUGHNESS PARAMETERS (cm)

h=0:15 h=0:05 h=0:01 h=0:01 h=0:05

| =1:50 | =0:50 | =0:50 | =0:50 | =0:50

used in Figure 5.1 at the frequencies of 5 GHz and 6 GHz with the Hoontal-sent
Horizontal-receive (HH) polarization. As can be seen, this snesovered sea ice pro le
has been parametrized as a rough-surface multi-layered med in which each layer
has a homogeneous complex permittivity value. For the mon@asic con guration,
with "¢ = ( inc. incy = (15 :75;0) and S¢& = ( sca, scaty = ( Inc.180) and the
bistatic con guration, with "¢ = ( n¢; n¢) = (45 ;0 ) and S¢& = ( sca, scat) =
(15 :75;0), the BPT forward solver returns the NRCS results shown in Figre 5.2.
(These two frequencies of operation are chosen as the lowad aipper frequencies of
the C-band spectrum commonly used in space-borne SARs suchradarsat.) From
many NRCS simulations of di erent ice types for the purpose dhversion, we recom-
mend that measurements in high incidence anglese(, usually above 60) should be
generally avoided as they might return too small NRCS valueshich could be lost in
the noise oor of the system or environmental interference®lso, we can induce that
in bistatic con guration, unlike the monostatic, NRCS values for HH is higher than
V V. Moreover, although in the case of Figure 5.2, the increaséfeequency leads to
higher values for NRCS (due to more comparable size of wavajémto surface rough-
ness), a more complex medium might not follow this trend dueotmultiple scattering

events between its various layers.
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Fig. 5.2: NRCS (denoted by ) for HH polarizations at 5 and 6 GHz for values of Table I in (a) Mono-
static, and (b) Bistatic con gurations.

5.5 Sensitivity Analysis

Sensitivity analysis for remote sensing applications canelbperformed from di erent
viewpoints. For example, it can be carried out to investiga&t the ability of the inverse
solver to accurately di erentiate between two similar proles. For sea ice applications,
this has been previously investigated to evaluate the recstnuction abilities of various
inversion algorithms; e.g, see [117,118]. Herein, we look at the sensitivity analysis
from a forward scattering viewpoint. That is, we utilize a fowvard scattering solver
(i.e., the BPT) to calculate the change in the NRCS value due to a smathange of

one of the pro le parameters.

The sensitivity of the NRCS data with respect to the model panaeters of each layer's
permittivity and thickness can then be calculated through lhe following fourth-order

nite-di erence derivative formulation as

@ pq po i+2  *8 pgf + . 8ot pd 2 |
I 1 1 1 I I | I 5-1
@; 12 ®-1)
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In (5.1), ; is the unknown parameter (e.g., the real part of the snow corgx per-
mittivity) with respect to which the sensitivity is being calculated. Also, ; is the
perturbation of the model parameter ; used to calculate the sensitivity. To nd an
appropriate value for the perturbation of each of the pro I&s parameters, we itera-
tively reduce the magnitude of ; and calculate the corresponding sensitivity until

it converges to a stable value.

Figures 5.3 and 5.4 depict the sensitivity values of the NRCSath with HH polar-
ization for the prole of Table 5.1. The monostatic con gurdion has a look angle
of Mc¢ = ( inc. inc)y = (15 :70;0) and Sc& = ( sca, scay = ( inc.180) and the
bistatic con guration has a look angle of ¢ = ( ¢, i"®) = (45 ;0) and S =
scat.scat) = (15 :70 ;0 ). The sensitivities are calculated with respect to each lay's
permittivity and thickness values at 55 GHz, at di erent angles for both monostatic
and bistatic setups. Since, for this case, the sensitivityénd for HH and V'V polar-
izations proved to be the same, only the sensitivity faddH polarization is shown here.
Also, since the sensitivity with respect to real and imagingr parts of the complex
permittivity proved to have the same pattern for this case, oly the sensitivity with
respect to the real part of the complex permittivity is showrhere. For the monostatic
con guration, it is obvious that the closer the observationangle is to the nadir, the
higher the sensitivity is. In the case of the bistatic con guation, the sensitivity is
generally highest within the vicinity of the specular anglethough not necessarily ex-
actly at that angle. The reason for this shift is linked to themultiple scattering events
between the layers. Finally, for both the monostatic and biatic con gurations, the
magnitude of the sensitivity decreases as the depth increass since only a smaller
portion of the illuminating wave can penetrate to deeper lations within the pro le
and also make it back to the observation point. We also note #t herein we do not
investigate the sensitivities with respect to the roughnasparameters f and ) since

these roughness parameters are taken as prior informatiom the utilized inversion
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Fig. 5.3: Monostatic sensitivity analysis for the HH polarizations at 5:5 GHz for the pro le of Ta-

ble 5.1 (a) NRCS sensitivity with respect to permittivity, ( b) NRCS sensitivity with respect
to thickness. Here, denotes the thickness values.

algorithm. It should also be noted that when we calculate theensitivity values,e.g,
with respect to the real part of the snow complex permittiviy, we keep the rest of
the parameters constant. (These constant values are choderbe close to the typical
values.) Therefore, we do not claim that the sensitivity radts presented here are true
for all rough multi-layer pro les. However, we tried di erent rough snow-covered sea

ice pro les, and similar results were obtained for them.

We speculate that higher sensitivity values with respect t@a parameter translates
into more accurate reconstruction accuracy with respect tthat parameter. If this
speculation is correct, the data collection setup should teimpt to collect data points
having higher sensitivity values for the inversion algoritm to provide enhanced recon-
struction accuracy. Therefore, for the bistatic con guraion, an appropriate margin of
measurements around the specular angle should be providedlso, for the monostatic
con guration, an appropriate margin around the nadir shou be utilized. In what fol-
lows, we attempt to support this speculation by applying ouinversion algorithm to

synthetic and experimental data sets.
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Fig. 5.4: Bistatic sensitivity analysis for the HH polarizations at 5:5 GHz for the pro le of Table 5.1 at

45 incidence angle (a) NRCS sensitivity with respect to permitivity, (b) NRCS sensitivity
with respect to thickness. Here, denotes the thickness vales.

5.6 Inversion Algorithm

The inversion algorithm utilized in this chapter has been m@sented in [91]. The dif-
ferential evolution (DE) algorithm [99] in conjunction with the BPT forward solver
constitute the two main components of this inversion algahm. Using an iterative
scheme between these two components, this inversion altjum reconstructs the un-
known parameters of snow-covered sea ice from the NRCS datarbynimizing a data
mis t cost functional. Moreover, a projection-based regarization algorithm handles
the ill-posedness of the mathematical problem by limitinghte search space of the un-
known parameters. Finally, a band of 0 to 2 for the imaginary gt of the complex
permittivity and 2 to 8 for the real part of the complex permitivity is considered.
For the synthetic data inversion, layer thickness is also sbetween 0 to 30 cm. The
roughness parameters are provided to the algorithm to redeithe number of unknowns

in both synthetic and experimental data inversion.
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5.7 Synthetic Results

In this section, we will present the snow-covered sea ice peoreconstruction results

considering the data sensitivity discussed previously.

5.7.1 Synthetic data sets

To investigate the importance of using data points having gh sensitivity values in
the inversion algorithm, we consider two synthetic data sef referred to as Case | and
Case Il, per monostatic and bistatic con gurations for the po le of Table 5.1. The
scattering data sets for both cases are collected at 10 equased frequencies between
5 and 6 GHz and an incidence angle illuminating the pro le at ("¢;' ") = ( s¢a: Q)
for the monostatic and (¢;' ") = (45 ;0 ) for the bistatic con guration. The scat-
tered data is measured at the azimuth angle ¢fs®® = 180 for the monostatic case
and ' s = 5 for the bistatic case. In both con gurations, the elevationmeasure-
ment (scattered) angles arei 15 to 35 with 5 steps for Case | data set, and

(i1) 40 to 60 with 5 steps for Case II.

5.7.2 Inversion results

The inversion of these synthetic data sets are shown in Figub.5. As it is evident from
the reconstruction results, the inversion of Case | returnsore accurate reconstruction
results for the monostatic con guration and the inversion b Case Il returns more
accurate reconstruction results for the bistatic one (withmean-square-root of relative
error of 009448, 10674, 14164 and 06266 for part (a) to (d), respectively). This
con rms the speculations of Section 5.5 as Case | data set ighin the region of high

sensitivity for the monostatic case and Case Il data set is thin the region of high
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Fig. 5.5: Reconstruction of the snow-covered sea ice dielectric prée of interest using two di erent
synthetic data sets, Case | and Case Il. They = 0 line indicates the air-snow interface,
(&) monostatic con guration, Case |, (b) monostatic con gu ration, Case Il, (c) bistatic
con guration, Case |, and (d) bistatic con guration, Case | |

sensitivity for the bistatic case. It should be noted that vaous other pro les of snow-
covered new ice were investigated under the same scheme dmal/tall follow the same

trend in inversion accuracy as the case studied above.

5.8 Experimental Results

In this section, we present our measurement setup that hasdreused to collect ex-
perimental NRCS data. It should be noted that our equipment i®nly capable of
measuring monostatic NRCS data. Therefore, this section isiteely focused on the

monostatic experimental data measurements and inversion.

5.8.1 Measurement Setup and Equipment

The measurements were performed at the Sea-ice Environm&EnResearch Facility

(SERF) located at the University of Manitoba, Winnipeg, MB, Canada. The SERF
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was constructed in 2011 as the rst experimental sea-ice fhiy in Canada. In this
facility, the sea ice is developed within a pool 18 meters long, 9 meters wide, and
2:4 meters deep. The pool is equipped with in-situ sensoesg, a temperature logger,
and external instruments, e.g, a met station, for time-series monitoring as the ice
in the pool develops. There is also a platform constructed dhe end of the pool
for scatterometer and lidar placement so as to perform NRCS drsurface roughness

parameter measurements respectively.

The scatterometer in this experiment is a polarimetric, sal-state frequency-modulated
continuous-wave radar working in the frequency band of.2Z6 to 575 GHz (C-band).
This frequency band was chosen as a tradeo between the agclable resolution and
the penetration depth. Also, models evaluated through the Gand scatterometer
measurements may be scaled up to measurements by same-batellites, e.g. current
Canadian radarsat-2 and European Sentinel-1 as earth obgation satellites. The
radar system is equipped with a parabolic solid dish antenra 61 cm diameter and a
nominal 25 dB gain. This results in a half-power beam-widthfabout 5.5 for various
polarizations. For polarimetric measurements, the scattemeter RF signal consists of
polarization tooth-saw sections, with a polarization delabetween them, and nally
a calibration and noise segment. Sensitivity of the systens measured to be -40 dB
which de nes the system noise oor. A lidar system is used tocan the surface for
roughness parameter calculations. The lidar system used tinis research is a Leica
Scanstation C10 terrestrial laser scanner [97]. The minukeser wavelength of the lidar
pulse makes 3D mapping of the surface feasible, which in tuemables us to calculate
the roughness parameters. The Scanstation C10 emits pulsddight at a repetition
frequency up to 50 Hz and records both the trajectory and timef- ight for each pulse
to be re ected by the surface of the target and return to the ssmner. At a wavelength

of 532 nm, the laser pulses are consistently re ected by thargace.
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(b)

Fig. 5.6: SERF facility (a) The initial stage of sea-ice growth, (b) Calibration setup using a trihedral
corner re ector at the last day of measurement.

5.8.2 Measurement Procedure

The SERF pool was lled with a salt mixture to simulate the seawater (i.e., Cl
with 568.32 mmotkg, SG; with 20.77 mmokkg, Na" with 510.36 mmotkg, K*
with 10.52 mmokkg, Mg®* with 57.99 mmokkg and C&* with 11.73 mmokkg) with
an overall salinity of 338 ppt. As one of the project's phases, in January 2014, ice
growth started from open-water under the natural cold weatér of Winnipeg, as shown
in Figure 5.6a. A monostatic con guration was chosen in whic polarimetric (i.e.,
HH, VV and V H linear polarization) NRCS of the domain was measured. The C-
band scatterometer was placed on the platform facing the pbavith the antenna-base
height of about 5 m from the pool's surface. The scatterometes capable of measuring
NRCS at frequencies from 25 to 575 GHz in a 100 MHz step. The elevation and
azimuth scanning angles range from 2Go 60 and from -15 to +15 with 5 steps
respectively. The scanning in azimuth plane is averaged feach elevation incidence
angle as we assume azimuthal homogeneity for the domain deirest for each elevation
angle. Also each identical scan is repeated 5 times and the seasults are averaged
to produce a single scattering matrix so as to reduce the e tof random noise in the

measurement, by a minimum ratio of ip 5.
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5.8.3 Calibration

Two calibrations were carried out: {) a sky calibration (cold source) for the system
noise temperature, andi{ ) a polarimetric calibration using a metallic trinedral coner
re ector for each sampling frequency, as shown in Figure .6 Due to the excellent
cross-polarization (more than 30 dB in the peak of every palaation) between channels
of this speci ¢ scatterometer, a single target calibratiomwas su cient for polarimetric
calibration. It should be noted that the application of new alibration les resulted in
an almost constant shift for NRCS values for all scattering ajles when compared with
both simulation and previous calibration les for similar ©n gurations. Therefore, the
measured values were corrected for this shift. Finally, sie the scatterometer was not
in the far- eld for all incidence angles, a correction factowas applied to all NRCS

measurements.

5.8.4 Lidar Measurements

The scatterometer measurement was followed by a lidar scan the 4th of February
2014 to measure the small-scale roughness of the surfaceudgtmess parameters are
assumed unchanged compared to previous days as there was igai €ant weather
incidence. The lidar scanner was mounted on the sca old dicdy below the C-band
scatterometer as shown in Figure 5.7a, at a height of2m above the SERF pool.
The scanner was con gured to obtain samples at a spatial rdation of less than 2 mm
from an area of the snow surface enclosing almost the enticmgerometer measurement

footprint. The nal scan contained more than 15 million surbce measurements.

After the scan was taken, the data were post-processed follagythe procedure outlined
in [97] to extract the relevant surface roughness paramegewith two approaches.

In one approach, rms heighth and correlation length| are measured alongside the
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estimated scatterometer scanning arc at Sntervals with incidence angles from 25to
60 . For each incidence angle, a series of square 1rim sections were extracted from
the full scan at 2 m intervals along the scatterometer swath. Each square sea was
aligned parallel to the scatterometer beam and contained methan 20Q 000 surface
measurements. A few sections of lidar data contained outhg samples located well
above the true pool surface, caused by laser re ections frgmecipitation, which were
removed using a simple height-threshold algorithm. The saites within each section
were interpolated to a regular grid made up of 5mm 5mm cells (.e., less than one
tenth of the utilized scatterometer's wavelength of 5.5 cmsing a linear interpolation
scheme. This method of interpolation was chosen, rather thaa more sophisticated
method such as kriging, because the sampling interval betareraw samples was smaller
than 2 mm. Therefore, the linear interpolation helped to thanformation from the
original data while re-sampling to a grid with cells larger han the sampling interval
of the raw samples. In the other approach to calculate and |, sampling was carried
out within a rectangular mesh over the surface, instead or ¢éhscatterometer arc scan

path, with sampling of 2 mm and a window size of 1m 1m.

The scanned surface contained a larger scale of surface @gaphy. This was possibly
caused by irregular deposition of snow at the pool surface, @lternatively, redistribu-
tion of snow by wind across the pool in previous days. Incluaj this larger scale of
topography in the surface roughness measurements woulddiieand |. An FFT-based
detrending algorithm was therefore used to remove low-fregncy surface topogra-
phy above a wavelength of 0.5 m within each section, leavinglg the high-frequency
(radar-relevant) roughness components. Surface roughagmrameters were calculated
for each detrended section using two-dimensional auto-celation. Mean values forh
and | were obtained for each scatterometer incidence angle frornet average of all
1m 1m sections in a swath. For instance in the rst approach, vesections were used

to calculate roughness parameters for the narrow-swath 2Bcidence angle, whereas



5.8 Experimental Results 96

(@) (b)

Fig. 5.7: Surface roughness measurement at SERF (a) Lidar placementnder scatterometer in the
shed, (b) Oblique view of the prole's surface. The scatteraneter scanning area on the
surface is outlined in black lines.

eighteen sections were used for the wider-swath G@cidence angle.

5.8.5 Prole Description

By the 3rd of February 2014, the ice in the SERF pool had growrota thickness of
about 26 cm. An early snow-fall that happened at the beginningf the ice formation

created a top layer on ice of about:® cm thickness. This top layer is highly saline;
we speculate the reason to be a combination of brine expulsito the surface from the

ice bellow and a process of melt-refreeze over past days.

To have a reference for our electromagnetic modeling evatioa, we need to measure
the thickness and complex permittivity value for each layeof the pro le. A direct in-
situ complex permittivity measurement method of snow and yger layer of ice at the C-
band frequencies using a dielectric probe was not succeksline reasons are speculated
to be (i) melting snow/ice at the probe surface, andii) imperfect contact of the probe
with the surface due to the roughness (in case of ice) or aitdbles (in case of snow).
Therefore, semi-empirical methods were chosen to calc@ahe complex permittivity

as follows. For ice, the brine permittivity is rst calculated from the ice temperature
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and the frequency of operation [4]. Then, its volume fractiofrom ice salinity [5] and
nally a mixture model is used to calculated the sea ice permtivity [116]. To this
end, an ice-core was extracted from the pool and a temperagéupro ling was carried
out with 2:5 cm steps when the scatterometer was measuring the NRCS. Itsvidoen
cut into 5 cm slices which were later melted and salinity meaeged. It was not initially
clear what the geophysical composition and structure of thep layer was. Therefore,
four di erent formulations are tested in our data: dry snow 82,119], wet snow [32],
brine-wetted dry snow [110, 115], and slush [72,120]. To eatt the input variables,
temperature was measured every:Tb cm and a cutter was used to sample it every
1 cm (@5 cm overlapping). The snow samples were rst weighted for dsity and later
melted for salinity measurements. Possible top layer midellpermittivity is brought in
Table 5.2 for each scenario (mixture formula for ice and brenwas used to calculate the
slush permittivity [27]). To use the right formulation for the permittivity of the top
layer, each state was simulated by the forward solver and thesulting simulated NRCS
values were compared to the NRCS measurements. The assumptod the slush state
proved to provide the best match between the simulation and @asurement results.
This conclusion is also in line with our physical observatis during the experiments.
The occurrence of such high salinity and slush was also reded in SERF in the
previous year [72]. We should note that the top layer seemsasaline to have formed
only through brine rejection during ice formation. Therefce, we speculate that the
thin ice sheet was depressed by the snow cover and seawatecplated up through to
the base of the snow layer, or the ice was not in freeboard bwther frozen to the pool
edge, so the seawater was under pressure causing hydrostptimping of water to the
ice surface at some point. This condition is not generally sbrved in the Arctic. (.e.,
the snow is typically much less saline with lower permittity.) The true pro le of
the complex permittivity is thus calculated and depicted inFigure 5.8 for the middle

frequency of 55 GHz.
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Tab. 5.2: Four possible states of top layer and their corresponding pissical/chemical properties per-
mittivity at the middle point.

TOP LAYER PROPERTIES

Temperature (C) Density (g=cn?) Salinity ( ppt)
-8.81 0.39 60.30
PERMITTIVITY
Dry Snow Wet Snow Brine-Wetted Snow Slush
1.54 3.68+1.12] 3.62+1.42j 7.81+1.44j
Temperature {) Imag)
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Fig. 5.8: True pro le (a) salinity and temperature measurements, (b) calculated permittivity.

5.8.6 Prole Parametrization

As apparent from Figure 5.8b, both real and imaginary parts ahe complex permit-
tivity pro le follow an exponential pattern with depth, showing a signi cant decrease
within the rst few centimeters. Therefore to reduce the nurber of parameters which
de ne the dielectric pro le of the domain, and thus reducingthe number of unknowns
for the inversion algorithm, a curve is tted to the real and maginary parts of the

complex permittivity as

(z)=a exp(cz)+ b exp(dz) (5.2)



5.8 Experimental Results 99

where can be the real or the imaginary parts of the complex permittity. In (5.2), zis
the depth from the snow top and, b, c andd are the real-valued unknowns. Therefore,
the whole domain's complex permittivity pro led is parametized by 8 unknowns. It
should be noted that the choice of such exponential form to the permittivity pro le,
comes from the knowledge of its true pro le'sC shape. Therefore, the use of (5.2)
in the inversion algorithm is considered as another prior farmation in the inversion

process.

5.8.7 Discussion on the Measured Values

Polarimetric measurements of thedH, VV, and VH NRCS of the pro le were carried
out at the frequency samples of :8, 54, 55, 56 and 57 GHz. Figure 5.9 shows
the measured v\ for all sample frequencies. Four issues should be addreskecke.
First, the NRCS is not an ever-decreasing pattern. This can biaced back to the
inhomogeneity in the roughness parameter values for eacle\gltion angle, con rmed
by the lidar measurements. Second, unlike a simple half-g@a the NRCS does not
equally increase by stepping up the frequency for all incidee angles. This is due to
the layered nature of this medium which causes multiple reations. Third, an error
margin of up to 05 dB exists in each measurement, de ned as the NRCS variation
in repetitive measurements. Fourth, sampling frequenciedue to the scatterometer
limitation, are only 100 MHz away from each other. Thereforeit is expected that
the the information at some data points might be lost as the NRS di erence to be
due to the frequency change or the error margin. Such incidsrwill contribute to the
reconstruction error of the inversion algorithm. Moreoverthe BPT as a multi-layered
rough media surface scattering forward solver follows theeasured NRCS accurately.
We trace it to our speculation that the surface scattering goponent is overwhelmingly
larger than the volume scattering component. The justi caibns for this are ) rst

few layers have a very high permittivity with high interfaceelectromagnetic re ection,
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Tab. 5.3: Roughness parameters of rms height and correlation lengthi | Approach A: along rectan-
gular, with sampling interval scale of 2mm, Im 1m window (ii ) Approach B: along arc,
with sampling interval scale of 5mm, 1Im 1m window (iii ) Chosen Values: based on lidar
suggestions and electromagnetic modeling result compans with measurement. NA refers
to not available data. Values are incm

APPROACH A APPROACH B CHOSEN VALUES
h I h I h I

60 0.12 120 60 0.11 1.7 60 0.120 1.200
57 010 141 55 0.13 1.0 55 0.100 2.100
53 0.10 250 50 0.11 28 50 0.130 2.300
49 0.12 367 45 010 1.7 45 0.115 1.700
44 0.12 417 40 0.12 19 40 0.215 1.900
37 0.10 357 35 0.18 18 35 0.180 1.300
29 024 140 30 0.28 13 30 0.250 1.400
25 NA NA 25 NA NA 25 0.105 1.800

20 NA NA 20 NA NA 20 0.105 1.800

(ii) the slush-covered sea ice in the SERF is new, thus, lackingpra complex volume
scatterers g.g, lenses), and(ii) the measured values for the cross-polarized NRCS

components are very small.

Table 5.3 shows the calculated roughness parameters resgtfrom the lidar scans. To
examine the certainty of these values, two approaches wemnsidered: () measure-
ments along vertical rectangular grids with sampling interal scale of 2 mm, 1m 1m
windows, and {i) measurements along arcs corresponding to the scatterometle-
vation measurement angles with the sampling interval scatef 5 mm, 1Im 1m win-
dows. As can be seen, the subjective approach in the roughnpasameter calculation
method can result in di erent values, more noticeably for tle correlation length, for
even the same incidence angles. Furthermore, what is corsield here as \scattering
angle arc" for lidar o -setting, is merely resulted from sinple geometry calculation
asHtan( ) (cos( )% +sin( )¥) in which H is considered to be the distance be-
tween the tube on which antenna bracket is mounted to the prde's surface. This
value is not exactly the same as the actual incidence angleiin the scatterometer's

antenna, as the complex antenna's bracket movement in thislculation is ignored.
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Fig. 5.9: Measured yy at sampling frequencies of 5.3, 5.4, 5.5, 5.6 and 5.7 GHz witlrror margin at
each measurement. The inner box is a magni er for more detadd view. (b) Comparison of
vv between the simulated, denoted by Sim, and measured, denaleby Meas, at 5.5 GHz.
Moreover, the antenna has a Gaussian eld distribution whit does not incorporate
roughness e ects uniformly. Therefore, instead of using ¢hexact values of the rough-
ness parameters provided by the lidar calculation in our el#omagnetic modeling,
we use them as a reference and tweak them in a way that the rdsuj NRCS from
the forward solver resembles the measured NRCS data the modgtinal values cho-
sen on this assumption are shown in the last column of Table35.This model-based
judgment on roughness parameters was possible since we hael true permittivity of
the pro le through direct physical measurements. This shecoming in independently
choosing the right roughness parameters can be partiallylged if a completely ob-
jective method in roughness parameter calculation is dewgled. Other interfaces are
taken to be almost smooth in accordance with our observatierand previous studies
at the SERF [72]. Moreover, to make sure that these roughnesalues are within
the validity region of the BPT forward solver, an NRCS compason with improved
integral equation method (2EM ) [27], was carried out for a simpli ed pro le of half
space with the same roughness parameters as reported in Bbl3. The results varied
only about 0.15 dB in most data points which is within the toleance of the algorithm.
Finally, a comparison between simulated and measured data®5 GHz for the SERF

pro le is depicted in Figure 5.10.
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Fig. 5.10: Comparison of vy between the simulated, denoted by Sim, and measured, denadeby
Meas, at 5.5 GHz.

5.8.8 Inversion results

In this section, we apply our inversion algorithm to the NRCS dta measured at the
SERF. The inversion results can then be used to evaluate thele of the sensitivity
in the achievable reconstruction accuracy. Due to the larggumber of the pro le un-
knowns and limited number of NRCS data points, the surface rghness parameters
are taken to be as prior information. Also a height position giling based on mea-
surement points on the snow-covered sea ice provides theaaithm with the pro le's
freeboard. Therefore, the total number of unknowns to be renstructed is 8 (4 as the
coe cients of (5.2) for the real part of the pro le's complex permittivity and the other

4 as the coe cients of (5.2) for the imaginary part of the prole's complex permittiv-
ity). Two di erent measured data sets are then considered,ra named as Case | and
Case Il. For Case |, the input data of v and py belonging to the look angles of 20
25, 30, 35, and 40 at the sampling frequencies of:8, 54, 55, 56 and 57 GHz are
considered. Therefore, a total number of 50 input data poistis available for Case I.
For Case Il, the input data of v and yy belonging to the look angles of 4045,
50, 55, and 60 at the sampling frequencies of :8, 54, 55, 56, and 57 GHz are

considered. Therefore, similar to Case I, a total number oDXata points is available
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Fig. 5.11: Reconstruction of the snow-covered sea ice dielectric prdée of interest using two di erent
data sets, Case | and Case Il through monostatic con guration experimental data. (a) real
permittivity pro le, Case |, (b) imaginary permittivity pr o le, Case I, (c) real permittivity
pro le, Case I, (d) imaginary permittivity pro le, Case Il

for Case Il. The pro le is then reconstructed using these twdi erent data sets. The
result of the reconstruction is shown in Figure 5.11. It is atious that the inversion
of the data set of Case | returns more accurate reconstruati®, with mean square
relative error of at least two times smaller than that of Caseél (i.e., for the rst 9
points permittivity, with mean-square-root of relative eror of 0:0649, 04196, 01091
and 08139 for part (a) to (d), respectively). This veri es our speulation that the
NRCS data collected at the angles close to the nadir in a mona$it con guration
provide more sensitive data to the dielectric pro le of the dmain of interest, thus,
helping the inversion algorithm to converge to a more accusareconstruction. Also, it
is evident that due to the penetration depth, the illuminatng wave interrogates deeper
layers of the pro le less e ciently. Therefore, the retrieval accuracy deteriorates in

deeper layers.
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5.9 Conclusion

In this chapter, we have () investigated the sensitivity of the NRCS data in both
monostatic and bistatic con gurations with respect to the delectric pro le parameters
of snow-covered sea ice, andi ] demonstrated through synthetic and experimental
data that enhanced reconstruction accuracy can be obtaingidmore sensitive NRCS
data is used for inversion. To calculate the sensitivity ofite NRCS data at di erent
look angles, we have used the BPT forward solver in conjuneti with the fourth-
order nite-di erence derivative formulation. The choice of the BPT forward solver
was bene cial as its closed-form recursive formulation relss in e cient computational
time. It was then shown that the NRCS data collected close to #hnadir in monos-
tatic setups is more sensitive to the dielectric pro le pammeters. Also, it was shown
that the NRCS data collected close to the specular angle in bagic setups exhibit
high sensitivity values with respect to the dielectric prole parameters. It should be
noted that in the case of a bistatic con guration, the maximum sensitivities for all the
pro le parameters do not necessarily happen at the speculangle. This could be due
to multiple scattering events from rough interfaces. Thefere, it was recommended
that an angular margin in the vicinity of the specular angle Isould be included in

measurements.

Based on these observations, we then speculated that the émsion of the data sets
corresponding to higher sensitivity values should resulhienhanced dielectric pro le
reconstruction accuracy as compared to the inversion of tliata sets corresponding to
smaller sensitivity values. To verify this speculation, wereated two di erent NRCS
data sets for each pro le of interest. These two di erent ded sets are distinguished by
their corresponding look angles towards the pro le. The dierence between the look
angles transforms into di erent NRCS sensitivity values. ltwas then shown that the

inversion of more sensitive data set results in enhanced oastruction accuracy, thus,
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con rming our speculation.

For the monostatic con guration, we investigated invertirg both experimentally and
synthetically collected data sets of di erent sensitivityvalues. In particular, for the
experimental NRCS data inversion, we used a parametrizatidechnique to lower the
number of pro le unknowns to deal with the imbalance betweethe number of known
and unknown quantities. In this parametrization, prior inbrmation regarding the
shape of the dielectric pro le curve, based on physical obrsations, was utilized. For
the bistatic con guration, we only showed the inversion ofysithetically collected data
sets of di erent sensitivity values. This is due to the fact hat experimental bistatic
NRCS data was not available. As a future work, inversion of expenentally collected
bistatic NRCS data should be carried out. This will further ealuate our speculation
on bistatic inversion of the more sensitive NRCS data in the #inity of the specular
angle. Such bistatic data may be measured through tandem séites, dual-apertured
airborne radars, and bistatic ground-based scatterometerIn addition, it will be useful
and practical to assess similar scenarios to those studiedthis chapter using single-
frequency data sets. The use of single-frequency data seds, opposed to multiple-
frequency data sets, may then require incorporating more ipr information about the

pro le to be reconstructed.

This chapter, therefore, contributes to better understanithg the importance of the
sensitivity of the measured NRCS data points with respect tohe parameters to be
reconstructed in microwave remote sensing of snow-coverseh ice dielectric pro les.
The framework presented above can then be a useful tool inesgting more informative

data points for the microwave inversion process.



SERF Experiment II:

Temporal Evolution Retrieval

6.1 Overview

In the previous chapter, the use of sensitive NRCS data with spect to the unknown
parameters of the pro le for a multi-frequency monostatic @n guration was investi-
gated. Furthermore, a pro le parametrization technique wa employed based on prior
information about the permittivity pro le of the snow-covered sea ice. These two
techniques allowed an appropriate treatment of the ill-p@&tiness associated with the
inverse scattering of the snow-covered sea ice. Herein, wasider the case in which we
do not have access to multi-frequency data sets; instead wavie access to time-series
NRCS data. To address this scenario, | develop another stragte in this chapter to
invert single-frequency time-series monostatic NRCS dat&Vithin this framework, the
inversion algorithm reconstructs the vertical temporal po les of temperature, salinity,

and density of the snow-covered sea ice. The time-seriesgénfrequency NRCS data
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utilized in this chapter have been collected at the SERF dumg Winter 2014.

Herein, the structure of this chapter is described. A brief inoduction is brought in
Section 6.2 and is followed by the problem statement in Seati 6.3. Afterwards in
Section 6.4, the general strategy utilized for inversion isutlined as below. It is ex-
pected that when the number of measured NRCS data points is skhahe employment
of prior information about the pro le can increase the accuacy of the reconstruction
by tackling the ill-posedness. Thus to take advantage of thiconcept, it is proposed
to utilize the reconstructed pro le at a given time step as por information for the
pro le reconstruction at the subsequent time step. Next in Sgion 6.5, the measure-
ment procedure is explained. The measurement procedure iisigar to that explained
in Chapter 7 (i.e., physical sampling, lidar, and scatterometer measureme)i except
that the NRCS data collected through the scatterometer are sgle frequency and in
time-series. The physical sampling is also carried out thughout the temporal NRCS

measurements.

The utilized inversion algorithm is brie y described in Setion 6.6. This inversion al-
gorithm employs a normalizing weighting factor for the mist cost function to retrieve
the temperature, salinity, and density pro les of the snowecovered sea ice. It should be
noted that these geophysical and thermodynamic parameteo$ snow and sea ice are
related to their dielectric properties through the proxy fomulas presented in Chap-
ter 3. In Section 6.7, the use of prior information is furtheexplained. This includes
(1) an appropriate parameterization of the snow-covered sezeipro le, and (ii ) taking
advantage of the reconstructed pro le at one time step to r@nstruct the pro le at
the next time step. The latter allows us to minimize the sealcspace for the prob-
lem unknowns assuming that the pro le goes through no abrupthanges. Finally, the
retrieved temporal evolution of the temperature, salinityand density pro les are pre-
sented in Section 6.8. These retrieved parameters are in geagreement with the true

values. Furthermore, a relation between the evolution of #hretrieved temperature and
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salinity pro les and their complex permittivities is estadished. Some speci cations of
the retrieved results are also deciphered considering thaysical state of the measure-
ment setup (.9, air temperature at the time of measurements). Subsequeypthiarious

sources of error due to the utilized non-ideal physical sahimg procedure are outlined.

At the end, a conclusion in Section 6.9 highlights the nding of this chapter.

The materials of this chapter are based on the paper acceptid publication in IEEE

Journal of Oceanic Engineering in 2015 [89)].

6.2 Introduction

Herein, we use the normalized radar cross section (NRCS) datathe measured quan-
tity to characterize the snow-covered young sea ice pro lefoung sea ice is a transition
ice between earlier nilas and later rst year ice, with a tygial thickness varying from 10
to 30 cm. It is known that the NRCS data collected from a given sw-covered sea ice
pro le is nonlinearly related to its dielectric pro le. On the other hand, the dielectric
pro le of snow-covered sea ice is linked to its temperaturealinity, and density pro-
les. Therefore, the temperature, salinity, and density po les are associated with the
measured NRCS data. This chapter aims to reconstruct the temepature and salinity
pro les of the snow-covered sea ice from time-series moretst single-frequency (C-
band) NRCS data. The inversion algorithm considered hereirs ian electromagnetic
inverse scattering solver that iteratively reconstructshie temperature and salinity pro-
les from NRCS data. This chapter shows how time-series NRCS t@acan provide
prior information for the utilized inversion algorithm so & to monitor the evolution of

temperature and salinity pro les during the time interval o interest.

@ ¢ [2015] IEEE. Reprinted, with permission, from N. Firoozy, A . Komarov, P. Mojabi, D. Barber, J.
Landy, and R. Scharien, \Retrieval of young snow-covered sea-ice temperature and salinity evolution through
radar cross-section inversion," Oceanic Engineering, IEEE Journal of , vol. 41, no. 2, pp. 326-338, 2016.
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6.3 Problem Statement

The prole under study in this chapter is a new ice (NI) rapidlygrown from sea
water in the Sea Ice Environmental Research Facility (SERF)nder cold condition.
This facility is a unique Arctic Ocean mesocosm [121] locatezh the University of
Manitoba campus. The pro le under investigation in this chater is a simulation of
young sea ice that would form in polynya or lead areas. In suelreas, similar to the
experiment presented herein, when the ice sheet divergesoid conditions, the open
water freezes into new ice with a high growth rate resultinghihigh brine rejection.
These forms of young ice are becoming increasingly importgrhysically, biologically,

and geochemically due to climate change [11].

The ice in SERF was covered with a thin layer of snow for almoshe entire period
of study. Based on the true properties of the pro le under stly, it can be modeled
as a multi-layered medium with rough interfaces, as depiaen Figure 6.1. A single
complex permittivity was assigned to the top snow layer and &hanging complex
permittivity to the ice layer. The imaginary part of the complex permittivity is mostly

due to the presence of brine which is taken to be of sphericabge in this chapter. Due
to the assumption of the spherically-shaped brine inclusis, the complex permittivity

of the ice will be isotropic. It should also be noted that, thoughout this chapter, slush

is referred to as a special case of snow.

The unknown properties of the above pro le, which are to be teeved, are its temper-
ature and salinity at di erent depths as well as the density bthe top layer (snow layer).
On the other hand, the known quantity, from which the unknows are to be retrieved,
is the single-frequency NRCS data, pq. In this chapter, we consider monostatic NRCS

in which one antenna serves as both the transmitter and rewver.

The unknowns are then to be reconstructed from the knowledgé the single-frequency
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Fig. 6.1: Simpli ed stair-cased snow-covered sea ice pro le with rogh interfaces. The top thin snow
layer is assumed to have a homogeneous complex permittivityThe ice layer is assumed to
have varying complex permittivity.

(C-band) monostatic NRCS data. In this chapter, the NRCS data 1@ collected as

a time-series data, thus, enabling us to quantitatively remstruct the salinity and

temperature pro les at di erent time steps within the time period of interest. This

provides us with the ability to quantitatively monitor the t hermodynamic evolution of

the sea ice. In the next section, we brie y describe our stragy; more details will be

presented in the rest of the chapter.

6.4 General Strategy

As noted earlier, we aim to reconstruct the unknown pro les whin the framework
of electromagnetic inverse scattering. It is well-known #t electromagnetic inverse
scattering is an ill-posed problem [105,122]. Consequentihe accuracy of the recon-
structed pro le depends on the ratio of the number of (indepalent) measured data
points to the number of unknown parameters of the prole. Thenumber of mea-
sured data points can be increased by performing data coliien at di erent angles,

frequencies, and polarizations.
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When the number of measured data points is not su cient to acleve a reasonable
reconstruction accuracy, prior information about the prole to be reconstructed can
be employed. Similar to the above discussion, the use of primformation can be
regarded as an attempt to make the null space of the problem akse as possible to
trivial. To this end, di erent methods such as the incorporgion of thermodynamic ice
growth model [60] and permittivity curve parameterization[90] have been previously

used.

In this chapter, the NRCS data are only measured at 5.5 GHz. Althgh being limited
to a single-frequency NRCS data set, we collect a time seridstltese NRCS data. To
take advantage of the fact that we do have a time-series datatswe propose to use the
reconstructed pro le at a given time step as prior informatn for the reconstruction
of the prole at the subsequent time step. This strategy is iplemented assuming
that there is no extreme abrupt changes in the pro le under westigation. The details
of our implementation are presented in Section 6.7. To the beof our knowledge,
this method has not been previously applied to an electromaetic inverse scattering

algorithm for snow-covered sea ice.

6.5 Measurements

In what follows, di erent aspects of our measurements haveelkn classi ed into six

di erent parts, as described below.

6.5.1 Measurement Setup

Time-series NRCS measurements were carried out at the Univieyof Manitoba SERF
mesocosm located in Winnipeg, Canada, spanning from 25thJsfnhuary 2014 to 10th

of February 2014. In this phase of the SERF project, the poosee Figure 6.2a, was
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lled with a salt combination of Cl , SG; , Na*, K*, Mg?*, and C&", resulting in
an approximate salinity of 33.8 ppt. The sea-water grew intthick new ice (NI) under
the natural cold weather of Winnipeg. The weather conditios were stable with no
precipitation during the experiment except a snow-fall onhe late evening of January
25th with drifting snow condition which left a layer of about1.5 cm thick snow on
the surface. A meteorological station located beside the ploat the SERF measured
the air temperature. As can be seen in Figure 6.3, this tempeuwae shows a small
deviation from manual air temperature measurements at thenew-covered sea ice due

to the di erence in the height of measurements.

6.5.2 Scatterometer Setup

During most of the measurement period (25th of January 2014 t10th of Febru-
ary 2014), a C-band solid-state frequency-modulated contious-wave (FMCW) scat-
terometer, with an antenna height of approximately 5m fromhe pro le's surface, was
continuously measuring the polarimetric NRCS at elevationrales of 20 to 60 with

5 intervals and at azimuth angles of -15to 15 . Continuous measurements along the
azimuth plane for each incidence angle were averaged to agtofor a horizontally
symmetric medium assumption. At the end of the measurementa trihedral metallic
corner re ector was used for polarimetric scatterometer NRE calibration, as shown
in Figure 6.2b. Also, a sky measurement was performed for eastan separately as a
part of system's calibration procedure. (A detailed reporbn the calibration errors
and procedures for this scatterometer is presented in [90On one occasion, a Leica
Scanstation C10 terrestrial laser scanner (light detectioand ranging; lidar) was also

employed for detailed surface roughness characterization
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Fig. 6.2: Measurements at the SERF (a) Sca olding setup on which the satterometer (on the roof
of the sca olding) and lidar (located on a tripod) are mounted. Both Scatterometer and

lidar are looking toward the pool and scanning the snow-coveed sea ice; (b) Scatterometer

calibration through a trihedral corner re ector mounted on a tripod in the middle of the
pool.

6.5.3 Physical Sampling Procedure

To be able to evaluate the accuracy of the retrieval resultphysical sampling of the
snow-covered sea ice pro le was also performed with a tempbresolution between
one and three times per day. In each physical sampling sessior the snow layer,
whose total average thickness is 1.5 cm, a cutter of 1 cm thiess was used to extract
two samples: one from 0 cm to 1 cm and the other from 0.5 cm to 1chh. These
samples were later weighted to calculate their densities. kethey were melted; and,
the salinity of each sample was measured through a salinityeter. We averaged the
values of the two salinity and the two density measurementstassign homogenous
salinity and density properties to the snow layer. For the i layer, an ice core was
extracted in each physical sampling session. The ice coreswhen cut into di erent
samples. Starting from the ice surface, the rst and seconamples had a thickness
of 2 cm and 3 cm respectively; the rest of the samples were theh5 cm thickness.
Each sample was later melted and the bulk salinity was measua through a salinity
meter. Finally, a manual temperature pro ling of snow and ie was carried out. For the

snow layer, these temperature measurements were perfornadhe air-snow interface,



6.5 Measurements 114

middle of snow and snow-ice interface. For the ice core, h®leere drilled at 2.5 cm
intervals for temperature probe insertion. In addition to he manual temperature
pro ling, a temperature string, installed in the SERF pool,also measured the vertical
temperature every 2 cm. (The rst temperature sensor is lotad at the depth of
1.5 cm.) The temperature measurements obtained through thistring are shown in
Figure 6.4. As seen in this Figure, the temperature data fromhts string was not
available during some time periods. Therefore, the availEbstring readings are only
shown here for comparative purposes. As can be seen later, wgehused the manual
temperature data to model the dielectric properties of thermw-covered sea ice. We
also note that the thickness of ice across the pool may varygditly. This a ects the
sampling at di erent locations in the pool; e.g, the small reduction of the measured

ice thickness on the 31st of January.

As also noted in [90], a top layer of slush with an average thickss of 1.5 cm covers
the ice. The presence of a highly saline slush may be explairi® one of the following
scenarios, or a combination thereof: (1) the melt-down of g snow on very young ice,
(2) possible breaks at the edges of the pool that might have mled some sea-water
on the young ice at an early stage, and (3) brine migrating taavds the surface. This
might happen particularly in case of a high ice growth rate mailting in a high brine
expulsion rate. However, as can be seen from Figure 6.3, the @mperature during
the period of this experiment was consistently below 10 C; therefore, the possibility
of a direct thermodynamic melt of the snow is small. On the o#r hand, a high rate

of brine expulsion is more likely due to the consistently cdltemperatures.

6.5.4 In-situ Indirect Permittivity Extraction

Enabled by this sampling, the permittivity of slush layer wa then calculated based on

its density, salinity and temperature as a mixture of ice anérine [120]. Calculation of
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sea ice permittivity was also performed based on each measmuent point's salinity and

temperature. Brine salinity was calculated through formution in [123]. Similarly, we
calculated brine permittivity following [4], pure ice pernittivity following [3], brine and

pure ice density following [30]. The Polder-van Santen/dedor mixture formulation

with spherical inclusion was also applied based on the forhation presented in [27].
In this formulation, we considered an e ective dielectric @anstant equal to the host
medium (i.e., ice), or inclusion {.e., brine), for the region immediately surrounding
the inclusion if the brine fraction volume was smaller, or gater than 0.1 respectively.
Further details on these proxy formulations are brought in Apendix B. Figure 6.5
depicts the manually measured temperature of the pro le atite surface and at depths
0.75cm, 25 cm, 5cm, 9 cm, 14 cm, 19 cm, 24 cm, and 29 cm away ftbesurface.
Figure 6.6 shows the measured salinity from snow/ice sampléor the aforementioned
points. When the data for a speci ¢ point were not availablean interpolation technique
was applied between the neighboring points to extract the pected value. From
Figure 6.6a, a large salinity for the top layer is evident. Té jump in salinity, starting

after the rst sampling, is an indication of the early surfae slush layer formation.

Regarding the assignment of the salinity values to the abovaeasurement heights,
the following protocol was followed. The extracted pro le ample was staircased at
the depths of 1.5 cm, 3.5 cm, 6.5 cm, 11.5 cm, etc. The salinigjthin each separate
section of the pro le was then measured. This measured satinwas then assigned to
the middle point of this layer. For example, the salinity valies for the rst, second,
third, and fourth layers were assigned to 0.75 cm, 2.5 cm, 5 cand 9 cm respectively.
As will be seen later in Section 6.7.1, the salinity (and, tengrature) values at these
points are taken to be the unknowns of the inversion algorith. (The reconstructed

values can then be compared with the measured values at thgsmnts.)
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Fig. 6.3: Air temperature measurements at the SERF through the MET station and the manual
temperature meter.

6.5.5 Time-Series NRCS Data

The C-band (5.5 GHz) polarimetric NRCS measurements were permed in a time-
series manner from 1pm on January 25th (2014) to 8am on FebryalOth (2014),
capturing the evolution of snow-covered sea ice from openteato almost 30 cm thick
ice. To reduce the e ect of the measurement random error, tidRCS measurements for
a given incidence angle and polarization within one hour obantinuous measurements
are averaged into one number. Therefore for each hour withiine measurement period,

we have one 44, one vy, and also one yy per incidence angle.

Figure 6.7 shows this time-series NRCS data. As can be seen iistigure, ve di erent

measurement periods can be identi ed for this time-seriexgeriment.

6.5.5.1 Initial formation of ice

In the rst period from 1pm on January 25th to 7am on January 2%, ice forms

from open sea water. After the initial formation, the ice grewo 3.5 cm after which,
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Fig. 6.4: Temperature string color map. First sensor is at the depth of1.5 cm, and the rest of the
sensors are placed with an interval of 2 cm. The colorbar regsents the temperature in C.
The manually measured (total) ice thickness is projected orthe plot as squares.
there was a snow-fall event. We speculate that the signi canncrease in the NRCS
value, compared to its initial value, is either due to the copiex e ect of this snow-
fall or the expulsion of sea water on the newly-formed ice $ace. The spectrogram
(i.e., the Fourier-domain data within a moving window with time) d the time-series
NRCS data also showed the presence of higher-order frequeoynponents for this
time interval compared to the rest of the measurements. We spulate that this is an
indication of dealing with a rapidly-changing nonlinear sstem for this interval. The
complexity of this time interval prohibits its electromagretic inversion through our
utilized electromagnetic solver; therefore, this time imrval is only presented as an

observational case.

6.5.5.2 Stabilization period

In the next stage of the prole's evolution, the system goesio a transition state

till 12am on January 30th, during which the system behaviortabilizes (i.e., moving
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Fig. 6.5: Manual ice temperature pro ling. The solid line is only to connect the measurement points
of the same pro le height.
towards a stable NRCS.) Similar to the previous measuremenepod, this period will
not be investigated for inversion, and is only presented faontext. Finally, regarding
these two measurement periods, it should be noted that froridm on January 26th to
10.30am on January 27th, NRCS measurements were not carriad &or the angles of
20, 25, 30, 35 and 40, due to human operator's error. An interpolation technique
was then used to plot the missing data as follows. The NRCS cenas a function
of time at 45 is taken as the reference plot. Then, its deviation from a dict line
connecting the start and the end points within the missing tne slot is calculated.
Next, this deviation is weighted by the ratio of the NRCS standal deviation of the
intended missing angle to that of 45 These weighted values are nally added to a
direct line connecting the start and the end points within tle missing time slot for
each angle of interest. It should be reminded that the inteigdated data have not been

utilized in the inversion algorithm, and have been preserteonly for show purposes.
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Fig. 6.6: Manual salinity pro ling (a) 0.75 cm up to 2.5 cm; (b) 9 cm up to 29 cm.
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6.5.5.3 Period of interest

From 12am on January 30th to 2pm on February 3rd, no signi canmeteorological
event occurred and the measured NRCS behavior agreed with oelectromagnetic
modeling expectation. Thus, we designate this interval ai¢ period of interest. That
is, our electromagnetic inversion, to be presented later,lwoe performed on the time-
series NRCS data within this measurement period. (We note thathe necessary
condition for a successful inversion is that the utilized naeling should be su ciently

close to the actual scenario.)

6.5.5.4 Measurement halt period

There was no NRCS measurements performed from 12pm on Febgudth to 2pm
on February 7th. We note that this missing data, and also thefarementioned miss-
ing data in the second measurement period are both outsideettperiod of interest.

Therefore, they do not a ect our inversion process.

6.5.5.5 Last measurement period

The last measurement interval happened from 2pm on Februaith to 8am on Febru-
ary 10th. Due to the changes on the pro le's surface and thedk of the lidar data, the
inversion of the NRCS data within this interval is not investgated. (The lidar data,

to be described later, serves as prior information for theversion algorithm.)
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Fig. 6.7: Time-series measured NRCS (denoted by ) at 5.5 GHz for (a) HH polarization; (b) VV
polarization; (c) VH polarization. The vertical lines denote the time intervals for (1) period
of initial ice formation and rapid changes due snow-fall fran January 25th 13pm to January
27th 7am, (2) period of stabilization from January 27th 7am to 30th 12am, (3) period of
interest from January 30th 12am to February 3rd 2pm, (4) period of measurement halt, and
(5) period of post measurement from February 7th 2pm to Febrary 10th 8am.
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Tab. 6.1: The rms height, h, and correlation length, |, regarding the roughness parameters of the
air-snow interface at 9 di erent incidence angles

20 25 30 35 40 45 50 55 60

h (cm) 0.105 0.105 0.250 0.180 0.215 0.115 0.130 0.100 0.120
I(cm) 1.800 1.800 1.400 1.300 1.900 1.700 2.300 2.100 1.200

6.5.6 Lidar Data

A lidar scan was carried out on 4th of February so as to determe the roughness
parameters: the rms height,h, and the correlation length,l. Figure 6.8 shows the
result of the surface scan in terms of the surface height andniation. The investigation
domain is stable in the period of interest; thus, the surfaceoughness parameters
estimated on the date of lidar measurements are used for théele period of interest. A
Gaussian height distribution best ts the data and an exponetial distribution has been
used to determine the correlation length. The resulting stace roughness parameters
(h and ) for the rst interface at each incidence angle are preserdan Table 6.1. For
other interfaces, we assumed very small roughness. Thiswasption was con rmed
with both our physical observation for this pro le, and alsahe comparison of simulated
with measured NRCS values. A detailed description on our lidalata acquisition and

interpretation can be found in [90, 124].

6.6 Inversion Algorithm

We have previously used our inversion algorithm for snowgered sea ice permittivity
pro le reconstruction successfully [90,91]. This inversn algorithm consists of two
main parts; namely, forward solver and inverse solver. Theilized forward solver is
the Boundary Perturbation Theory (BPT) solver [94]. The BPT is a non full-wave
solver which uses a closed-form formulation to calculate éhpolarimetric NRCS of a

multi-layer medium with rough interfaces. Moreover, the BF forward solver provides
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Fig. 6.8: Lidar scan of SERF's pool surface at 12pm on February 4th shoimg surface height for
(a) the whole pool surface; (b) near detrended; and (c) far degended. The colorbar scale is
in [cm] in (&), and is in [m] in (b) and (c).
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exibility in parameterization of the pro le of interest si nce it is capable of simulating
an arbitrary number of layers. Therefore, it is suitable to b used with snow-covered sea
ice pro les which are modelled as a multi-layer medium withaugh interfaces. Finally
the utilization of the BPT forward solver as a surface scatténg model is assumed to be
su cient for our pro le of interest since the volume scattering component contributing
to NRCS values are negligible. This condition is due to the Higpermittivity contrast
between the rst few layers, and also due to the early stage pfo le metamorphism
that lacks large multifaceted grains or volume scattererske lens. The very small
measured values for NRCS cross polarization components as&sve as an indication
for this condition. The inverse solver utilizes the Di eretial Evolution (DE) algorithm
[76], in conjunction with an appropriate regularization seeme, to minimize a data
mis t cost functional. The DE algorithm is a global optimization method based on
the evolution in which only the ttest elements evolve to thenext generation. As a
global optimization, the DE algorithm calls the forward soler during many iterations
and, therefore, the forward solver run-time needs to be vesmall. The BPT solver
is capable of providing this fast run-time through its use oflosed-form formulations.
The tness is evaluated based on a cost functional de ned abe weighted discrepancy
between the measured NRCS value and the simulated NRCS valueedo a candidate

pro le using the BPT. This data mis t cost functional can be written as

X X
F((r)), pa( iher  scatrf)
n=1 pg=HH ;VV
% e anf) g C (M) her Seasf) (6.1)

In (6.1), the superscripts \meas" and \sim" represent meased and simulated NRCS
data respectively. The parameteN denotes the number of the measurement (incident)
angles. (Herein,N = 9 since the incidence angles change from 2@ 60 with the
step of 5.) As can be seen in the summation index of (6.1), only two poiaation

combinations, namely, HH and VV, are used for this experiment. e reason that the
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cross-polarized NRCS data has not been included in the cosnfiional is associated
with the inaccurate prediction of the BPT forward solver forthe cross-polarized data
due to its inability to take into account more complex monostic second-order surface
scattering and volume scattering events within the dieledt pro le. Also, {. denotes
the nth incident azimuth and elevation angles and ., denotes thenth scattering
azimuth and elevation angles respectively. Note that hergimve consider a monostatic
setup; thus, the incident and scattered angles are co-loeat The constantf stands
for the frequency of operation, which is 5.5 GHz for our C-Banscatterometer. The
properties of the pro le to be reconstructed are represerdeoy the unknown . Finally,

the weight .4 in (6.1) is a normalization factor de ned as

1

pqg Inc? scat’ ' meas, n - n . f )
Pq Inc? scat»

(6.2)

This inversion algorithm attempts to solve this electromagetic inverse scattering prob-
lem by iterative minimization of (6.1). To handle the instahlity of the solution associ-

ated with this inverse scattering problem, a projection-bsed regularization scheme is
used to stabilize the mathematical formulation [91]. This mjection-based regulariza-
tion limits the search space of the DE algorithm to those vaks which are reasonable

and physically meaningful. This will be explained in more dails in Section 6.7.

As will be discussed in Section 6.7, the unknowns to be recanstted are the salinity,
temperature, and density proles. However, our BPT forward alver requires the
knowledge of the dielectric pro le to calculate the simulagdd NRCS data. To handle
this, at each iteration of the inversion algorithm, the predted salinity, temperature
and density are fed into semi-empirical formula (see Seati®.5.4) to calculate the
slush and sea ice permittivities. This calculated permittiity pro le will then be fed

to the BPT solver to calculate the corresponding NRCS values.
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6.7 Use of prior Information in Inversion

As noted in Section 6.4, the greater the number of measured dgioints, the more accu-
rate the reconstructed pro le. In the research presented if90], a multiple-frequency (5
frequencies) polarimetric NRCS data set enabled us to rectngt the snow-covered
sea ice pro le of SERF accurately. However, the time-serielarimetric NRCS data
being considered in this chapter were carried out only at argjle frequency of oper-
ation; i.e., 5.5 GHz. Of course, a single-frequency scattering data setopides the
inversion algorithm with less information compared to a mtiple-frequency data. To
compensate for this lack of information associated with owingle-frequency time-series

NRCS data, the following two-step strategy was developed.

6.7.1 Parameterization of the unknown properties

As shown in [90], our inversion algorithm was unable to recansct deeper sections of
the pro le with su cient accuracy even with the use of a multiple-frequency data set
including ve frequencies within the C-band. This is partlydue to the attenuation of
electromagnetic waves at C-band within a lossy dielectric edium. Considering a half
space lossy dielectric medium, having a relative complexrpattivity of %+ j % the

amplitude of the electric eld drops o to 36.8% of its surfae value after traveling the

distance given below [21]

( r— ) 1=

002

oo 1
= !—9:0 5( 1+(-) 1 (6.3)
wherec, is the speed of light in vacuum, and is the angular frequency. (For example,

for a half space dielectric medium having a permittivity clee to that of ice, say,
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3.7 + j0:4, the value of will be about 8 cm.) Moreover, based on the intrinsic
impedance of the pro le, surface roughness values, and thecidence angle, only a
portion of the incident power makes it into the prole [21], tus, resulting in less
penetration. (Of course, the achievable imaging depth issal related to the ability of

the radio-frequency receiver of the scatterometer to deteweak scattered signals.)

Based on the above discussion, we do not expect that a sinffieguency inversion at
the C-band, which is considered in this chapter, can recomatt these deeper sections.
Also, as noted in [90, 125], the permittivity changes in the rddle section of the NI is
small. Based on this observation and also the limited penetion of the wave deeper
in the pro le, we assume that the complex permittivity below6.5 cm is homogeneous
in inversion algorithm. (Note that this is assumed to implidly guide the inversion
algorithm that there is minimal scattering contributions received from anywhere below
6.5 cm.) It should nally be mentioned that once the salinityand temperature
of upper layers are reconstructed, they can be used to infenet properties of the
pro le below the imaging depth using thermodynamic modelslp6]. This is due to
the fact that the surface brine volume and temperature charg are a function of the

thermodynamic balance between the ocean and the atmosphere

To be able to compare the reconstruction results with the meared pro le parameters
obtained by physical sampling, we assume that the pro le todbimaged is staircased in
the same way as described in Section 6.5.4. The thicknessatelayer in the inversion
process is taken to be consistent with the one used in the stasing procedure em-
ployed in the physical sampling. This enables us to comparke reconstructed results
with the measured ones. Based on this staircasing, the unkmas to be reconstructed
will be the salinity and temperature values at the followingdepths: 0.75 cm, 2.5 cm,
5 cm and 9 cm. Based on our sampling procedure, the actual pte's layers, starting
from the top of the pro le, are located between 0to 1.5 cm, 118 3.5 cm, 3.5t0 6.5 cm,

6.5 to 11.5 cm, etc. Each of these individual layers is thenken to be homogenous.
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Therefore, the properties at the middle points of each layewhich will be located at
0.75, 2.5, 5, 9 cm, etc., are chosen as the unknowns to be ratarcted. Since the
utilized C-band scatterometer barely sees the pro le belo 6.5 cm (due to having a
limited , and the overall signal-to-noise ratio of the measured dgtawe assume the
the pro le under study is homogeneous for depth bellow 6.5 cnThus, based on our
labeling protocol explained above, the salinity and tempature at the depth of 9 cm
will be the same as those reconstructed from the informatioof the interface located
at 6.5 cm. In addition, the density of the pro le at the top layer (i.e., at the depth
of 0.75 cm) is the other unknown. Noting that the roughness pameters are assumed
to be known, the inversion algorithm is left with 9 real-valed parameters to retrieve.
Mathematically speaking, this results in the parameterizeon of the unknown into
a real vector of size 9i.e., 2 R°. Therefore, the cost functional to be minimizedF ,

will be a mapping fromR® to R.

6.7.2 Use of time-series data

Instead of reconstructing the pro le independently at eachmeasurement time, we
take advantage of the nature of the time-series data as prianformation. That is,
we use the reconstructed pro le at a given measurement timedy, t; ;) to provide
prior information for the inversion of the NRCS data at the subequent measurement
time (tj). This idea can be extremely helpful for the utilized inveisn algorithm.
To understand this, the expected variations in the unknown grameters in the whole
period of interest have been listed in Table 6.2. (These vas are obtained by physical
sampling as described in Section 6.5.3.). From this tablé,$ clear that an independent
reconstruction at a given time step i(e., reconstruction at that time step without
using the reconstructed values at the previous time stepsgquires the de nition of
a large search space for both salinity and temperature paraters in the inversion

algorithm. For example, the changes in salinity and tempetare for the 0.75 cm
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layer is 69.3 ppt and 9.24 C. However, based on our time-series physical sampling,
we know that the changes of salinity and temperature for all easurement points
between two consecutive measurementse(, t;j ; and t;), are less than 7 ppt and

4 C respectively. Therefore, by knowing the reconstructed pameters at a given
time step, the search space for the unknown parameters in tlebsequent time step
can be signi cantly reduced. Mathematically speaking, a nre limited search space
can lIter out spurious solutions for this electromagnetic nverse scattering problem,

thus, guiding the inversion algorithm toward the correct sloition.

Therefore, to reduce the search space signi cantly and irease the resulting recon-
struction accuracy, the retrieved salinity, temperature,and density at timet; ; are
used as prior information for the inversion of the NRCS data aime t;. That is, when
inverting the NRCS data at time t;, the inversion algorithm looks for parameter values
in the proximity of the reconstructed values at the previougime step. The range
of this proximity is 7 ppt for salinity and 4 C for temperature respectively. The
process of limiting the search space of our inversion algbrn is done in two di erent
fronts. First, when the agents of the DE algorithm are distbuted, we make sure
that they lie within the limited search space. Second, the humdary condition of the
DE algorithm also needs to be modi ed. This is implemented butilizing a damping
boundary condition [76] in the DE algorithm to ensure that eeh evolved agent stays
within both the limits of Table 6.2 and those that are based omprior information from

the reconstructed parameters at the previous time step.

As can be seen, this scheme requires the reconstruction of fire le at the rst time
step (.e., for t; = tp) to be suciently accurate. (Otherwise, the error in the rst
reconstruction may propagate to other reconstructions.) @ have accurate reconstruc-
tion for the rst time step, we have at least two options. In the rst option, we collect
more scattering data only for the rst time step;e.g, performing multiple-frequency

measurements as presented in [90]. Collecting more scattgrdata will then result in
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Tab. 6.2: Salinity and temperature changes for the top four measurem@ reference points withing
the time of interest interval

Depth(cm) 0.75 2.5 5 9
Salinity (max) 86.6 60.4 20.7 115
Salinity (min) 17.3 8.2 8.2 8.3

Temperature(max) -4.02 -3.15 -1.66 -3.13
Temperature(min) -13.26 -11.185 -10.07 -7.37

accurate reconstruction of the pro le at the rst time step. The second option uses
physical sampling of the pro le only at the rst time step. In other words, it performs
the procedure outlined in Section 6.5.3 only for the rst tine step. In this chapter, we
used the second option. That is, we used physical sampling éatract the properties
of the prole at time ty (11am on January 30th). Using this prior information, we
then inverted the single-frequency NRCS data at the next timstept;. Then, the re-
constructed pro le at t; was used to invert the NRCS data at timet,. This procedure

continued until the NRCS data at all time steps were inverted.

Finally, it should be mentioned that we assume to have no kndedge of the measure-
ment uncertainties corresponding to di erent data points.When there is no such prior
information, the cost function presented in (6.1) implicily assumes that the measure-
ment noise is identical at each measurement point, and is alsincorrelated. That is,

the so-called data covariance matrix [81] is an identity mai in (6.1).

6.8 Results

As an initial attempt, the inversion algorithm was applied tothe time-series data
without utilizing the reconstructed pro le at the previoustime step as prior information
for reconstructing the pro le at the next time step. Under this condition, the inversion
algorithm was not able to converge to an accurate reconstrian. Next, time-series

prior information was added to the inversion algorithm. Thereconstructed pro le
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Fig. 6.9: Time-series reconstruction results from January 30th 11anto February 3nd 2pm for the
(a) Temperature pro le; (b) Salinity Pro le; and (c) Top lay er (slush) density pro le. Depth
is given in cm. Rec and Meas stand for reconstructed and measured data.
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for both salinity and temperature at 0.75 cm, 2.5 cm, 5 cm, an@ cm depth within
the pro le is shown in Figure 6.9a and b. As can be seen in thesed gures, the
reconstructed temperature and salinity values, denoted byR®® and S*° respectively,
are close to the physically measured temperature and satinvalues, denoted by ™
and S92 respectively. We also note that the density value of the tomyer (snow) was
also reconstructed by the inversion algorithm. The time-sies reconstructed density
values, shown in Figure 6.9c, are also close to the measurete® and the diurnal
variability of the retrievals make sense physically for a vg thin young snow cover
over sea ice. The oscillation in the retrieved snow densityai be partially due to
the performance of the inversion algorithm. It should be ned that the amplitude of
this oscillation is small .e., 0.15 gcm?®), and might also be reasonably due to the

temporal temperature changes of the top layer.

Moreover, to demonstrate the relations between the retried temperature and salinity
with respect to the complex permittivity of the pro le, the temporal reconstructed
values at di erent depths are plotted against the pro le's germittivity in Figure 6.10.

As can be seen, the temporal changes in permittivity are reded within the ice as we
move deeper into the pro le. Also, there is no linear relatiobetween temperature and
permittivity at 2.5 cm, while such relations are more evidenfor other plots. Finally,

the average of reconstructed pro le's permittivity is 522 + j0:31 with a standard

deviation of 156 + j 0:99.

To further verify the overall accuracy of the reconstructia results, the following argu-
ment is presented. Based on the heat exchange, we expect ® aeesemblance between
the air temperature variations and the pro le's temperatue variations. Figure 6.11a
con rms this expectation by demonstrating that the variations of the reconstructed
temperature at the depth of 0.75 cm follows a similar trend athe variations of the
measured air temperature within the time period of interest Moreover, it is inter-

esting to notice that the local minima/maxima trend of the NRCS data resembles
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the temperature variations as shown in Figure 6.11a for theg¢idence angles of 30
(Since NRCS variations for di erent incidence angles are gerally similar, as shown
in Figure 6.7, hence comparison with only 30is demonstrated.) Also temperature
variations for di erent depths are similar (with some time celay); thus, the depth of

0.75 cm is only considered in Figure 6.11a.

Another interesting observation is the trend in the order (nbexact alignment) of
NRCS local minima/maxima occurrences which resembles that the reconstructed
salinity at 0.75 cm (with some time lag), as shown in Figure 61b for the incidence
angle of 30. Among several parameters that a ect the NRCS data, the compkeper-
mittivity of this top layer, due to the presence of slush (higly saline), is an important
parameter. The salinity at the depth of 0.75 cm is an importanndication of the com-
plex permittivity of this top layer. That's why the e ect of i ts variations is re ected

in the time-series NRCS data.

It should be noted that there are a few error sources in the phigcal sampling of the
pro le that might a ect the measured true parameters. For example, the ice-core
extraction is an invasive method which can result in brine &kage from ice cores.
Also, once extracted, the ice-core temperature starts deaseng quickly as it has a
higher temperature compared to the air temperature. Therefe, a deviation might
exist between the actualin-situ ice temperature and its measured value from the
ice-core. Noting that the reconstructed temperature, in fdc represents thein-situ
temperature, this might explain some of the discrepanciesdserved between *as
and TR®® in Figure 6.9a. Moreover, a few physical sampling sessiom®k more than
one hour, and therefore the measured values in these expexits will represent the
average of temperature or salinity for a longer period of timm Finally, it should be
noted that the accuracy of the time-series reconstructiors igreatly dependent on the
accurate measurement of the initial density, salinity, andemperature. To test the

resilience of the utilized inversion algorithm with respédo non-accurate initial data,
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Fig. 6.10: The relationship of reconstructed points from 30th of Januay 11am to 3rd of February
2pm between (a) salinity and real part of the permittivity; ( b) salinity and imaginary part
of the permittivity; (c) temperature and real part of the per mittivity; and (d) temperature
and imaginary part of the permittivity. Real and Imag stand for real and imaginary part
respectively.

same percentage of white additive Gaussian noise was sytitely added to each of
the measured initial values of density, temperature, and kaity. When the added
synthetic noise to the measured initial data exceeded 7%,ghnversion algorithm was

not able to converge.

6.9 Conclusion

This chapter investigated the time-series NRCS data inveisn within the electromag-
netic inverse scattering framework for arti cially-grown snow-covered sea ice pro le
reconstruction. In particular, the temperature and saliny of the snow/sea ice pro-
le and the density of the surface slush (wet snow) layer wereeconstructed. The
reconstruction results matched well with the measured vaés obtained via physical
sampling. The main feature of this inversion algorithm is & ability to use time-series
NRCS data to provide prior information for the inversion at dierent time steps. This
prior information is incorporated in the inversion algorihm by limiting the search
space associated with the DE algorithm. Enabled by this feate, we were able to
quantitatively reconstruct the temperature and salinity po les of the investigation

domain, and observe their evolutions within the time perioaf interest.
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and Meas stand for reconstructed and measured data. The vertical a8 is not to scale to
accommodate comparison of data having di erent dimensions

Since the proposed algorithm only utilizes a single-frequey time-series monostatic
NRCS data, it has the potential to be extended to time-seriesAR data inversion for
quantitative monitoring of a given investigation domain. D this end, it needs to be
ensured that an accurate retrieval at the rst time step is asilable to the inversion
algorithm. In practice, this might be achieved by employinground truth exploration,

or inverting more informative data at the rst time step (e.g, the data collected from

an air-borne multi-frequency multi-polarization SAR platbrm).



Cambridge Bay Experiment:
Enhanced Electromagnetic

Modeling for Inversion

7.1 Overview

In previous chapters, | introduced an electromagnetic invee scattering algorithm that
retrieves the parameters of the snow-covered sea ice pro l&he input data to the
inversion algorithm were the synthetic NRCS data in Chapter8 and 4, and the exper-
imentally measured NRCS data collected at the SERF using a Gabd scatterometer
in Chapters 5 and 6. Furthermore, various techniques wereilited and developed to
enhance the reconstructions. These include the use of (hore sensitive NRCS data
with respect to the problem unknowns, i(’) multi-frequency NRCS data, ii ) temporal
reconstruction, (v) further parametrization, and (v) various prior information. In this
chapter, the pro le reconstruction of the rst-year snow-overed sea ice utilizing an en-

hanced inverse scattering algorithm is presented. The measments were carried out
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in Cambridge Bay, Nunavut, located within the Arctic Circle. The data to be inverted
are the combination of the NRCS data collected by an on-site Band scatterometer,
and the radarsat-2 SAR satellite. Furthermore, a pro le aveaging technique is in-
troduced that reduces the number of problem unknowns. Fingl the forward solver
utilized in conjunction with the inversion algorithm is entanced to consider the e ects

of the so-called volume scattering.

This chapter is structured as explained below. The backgrad of the research and the
problem statement are presented in Section 7.2. In SectiorB7the measurement pro-
cedure is described. The experiments were carried out dugiMay 2014 in Cambridge
Bay, located in the Canadian High Arctic. The measurements ihade (i) the tempo-
ral physical sampling of snow and sea iceij J time-series single-frequency monostatic
NRCS data collection through an on-site C-band scatteromat®ver a period of one
month, (iii ) cross-sectional single-frequency monostatic NRCS datdlection through
radarsat-2 satellite in di erent days, and {v) laser scans of the air-snow interface

utilizing a lidar for roughness parameter estimation.

As previously discussed in Chapter 2, our inversion algoritth consists of a forward
and an inverse solver. Forward solver attempts to model thdeetromagnetic scat-
tering elds associated with the irradiated rough multi-layered dielectric prole. The
BPT forward solver utilized in the previous chapters consels homogenous layers,
assuming each of which has an e ective permittivityj.e., only the so-called surface
scattering component is considered in NRCS calculation. Irhé case of the snow-
pack under investigation in this chapter, large snow grains the brine-wetted dry
snow layers contribute to the so-called volume scatteringpmponent (not considered
in the BPT formulation used in the previous chapters). Ther®re, in this chapter,
a volume scattering model is developed and added to the cunteBPT surface scat-
tering model to predict the NRCS of the prole more accurately This model is a

variation of the existing heuristic single scattering clod-model that is modi ed to
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consider multiple re ections in a multi-layered medium. Tte utilized forward scatter-
ing model is introduced in Section 7.4. In Appendix C, the rayracing technique is
used for a single-layer medium to put the formulas associdt&vith the forward solver
introduced in Section 7.4 into perspective. The implementian of this forward solver
signi cantly improved the agreement between the experimeally measured and the

simulated NRCS data.

The inversion algorithm employed to retrieve the pro le paameters through electro-
magnetic inverse scattering is brie y explained in Sectior.5. This is followed by
the description of the inversion strategy in Section 7.6. Tk strategy includes the
parametrization of the snow-covered sea ice and pro le awging. The former leads
to the formation of the vector of unknown whose dimension ieduced through the
utilization of prior information. In the case of pro le averaging, it should be noted
that the snow-covered sea ice pro le under investigation isonsidered to change mini-
mally within the period of interest during the temporal measrements. Therefore, an
averaging technique is utilized to represent the snow-caoeel sea ice by a single pro le
during the period of interest. The reconstructed pro les though this framework are
presented in Section 7.7. Three inversion scenarios are sidered in this section based
on the NRCS data set to be inverted. These scenarios includesthNNRCS data collected
by the (i) satellite, (ii ) scatterometer, and {ii ) satellite and scatterometer. Based on
the reconstruction accuracy in each scenario, it is concled that increasing the num-
ber of measurement points€.g. data provided by satellites with higher re-visit rates)
can improve the retrieval accuracy. Finally, a conclusiomiSection 7.8 summarizes

the ndings in this chapter.

The materials of this chapter are based on the paper acceptid publication in IEEE

Journal of Selected Topics in Applied Earth Observations an@emote Sensing [12].

@ ¢ [2016] IEEE. Reprinted, with permission, from N. Firoozy, P . Mojabi, J. Landy, and D. Barber,
\Landfast First-Year Snow-Covered Sea Ice Reconstruction via Electromagnetic Inversion," Selected Topics
in Applied Earth Observations and Remote Sensing, IEEE Journal of, 2016, Early Access.
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7.2 Introduction

To extract a pro le's parameters of interest, say the complepermittivity pro le of the
snow-covered sea ice, from the measured scattering data, iamerse scattering algo-
rithm is needed to work in conjunction with an appropriate foward scattering model
SO as to reconstruct (retrieve) these parameters. The nahoice of a speci ¢ forward
model depends greatly on the pro le under investigation. Té choice of inverse scat-
tering algorithm also a ects the choice of the forward modelFor instance, although
full-wave forward solvers are generally the most accurateatinods, they require the
discretization of the snow-covered sea ice pro le, whichgelts in large matrices due to
the large electrical size and roughness associated with the le, thus, being compu-
tational expensive. Since inverse scattering algorithmgeaoften iterative techniques
to handle the nonlinearity of the associated mathematicalrpblem, they require the
call of the forward solver at each iteration, which might nobe practical if the forward
solver is computationally expensive. Furthermore, sincé¢ number of measured data
points in the arctic microwave remote sensing applicatiors ilimited and the measured
data are often amplitude-only (phaseless), the pro le undenvestigation cannot be
reconstructed with too many detailed features. Thus, the faard solvers that rely
on knowing subwavelength properties of the pro le may not beven practical for this

application.

Previously, we have developed an inverse scattering (ingen) algorithm utilized to

reconstruct the snow-covered sea ice dielectric pro le frothe simulated normalized
radar cross section (NRCS) data [91]. This algorithm was thesuccessfully applied
to the measured NRCS data collected at the sea ice environmeahtesearch facility at
the University of Manitoba. Speci cally, in [90], we showedHhat the use of multiple-
frequency NRCS dataset can provide su cient information foraccurate reconstruc-

tions. Also in [89], reconstruction was achieved through antie-series measurement
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and utilization of the retrieved pro le at each time step as por information for re-
construction at the next time step. In all of these previous wrks, the boundary
perturbation theory (BPT) [94] was used as our forward solve The use of this for-
ward solver, which does not take into account the volume s¢ating phenomena within
each layer of the pro le, was justi ed since the volume scaétring e ect within those
pro les were negligible compared to surface scattering amg from the rough layered
medium. In [128], we applied this inversion algorithm to theaneasured NRCS data
collected at Cambridge Bay, Canada. However, the reconsttian results were not
successful due to the fact that the volume scattering compent was not negligible
anymore. Herein, we improve our inversion algorithm by advamg our forward solver
to take into account the volume scattering as well as the cregolarized surface scat-
tering components. We then apply this inversion algorithmd the monostatic NRCS
data collected by radarsat-2 satellite, on-site C-band sttarometer, and the combi-
nation thereof to reconstruct the temperature, salinity, @nsity, and snow grain size
associated with landfast snow-covered sea ice in CambridBay, Canada. (As will
be described below, the measurements were performed in M&12.) The world-map
and magni ed view of the measurement area is shown in Figurel? Finally, it should
be noted that this chapter is a contribution to the J-STARS Speial Issue based on
our conference paper presented at the IGARSS 2015 [128]. Timgbout this chapter,

a time-dependency of exp(j!'t ) has been implicitly assumed.

7.3 Measurements

The measurement process consisted of four main componenihe rst component
was the in-situ physical sampling of the snow and ice. The tieaseries polarimetric
monostatic NRCS measured data, which were collected by uzilhng an on-site C-band
scatterometer, was the second component. The third companewas the satellite

imagery of the measurement area. The last component was thesditu lidar scans of
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Fig. 7.1: The measurement location (black square) at Cambridge Bay, Nnavut, Canada, both on a
world-map and a magni ed view.

the snow surface which were used to extract the roughness gaeters of the air-snow

interface. As will be described later, the physical samplingnd lidar data are used

either as prior information to the inversion algorithm, or 6r reconstruction accuracy

assessment. The measured NRCS data are then utilized as thpunhto the inversion

algorithm to retrieve the parameters of interest.

7.3.1 Physical sampling

A series of physical sampling of snow and ice was carried out Cambridge Bay,
Nunavut, Canada, starting 12th of May 2014, and with continuos measurements from
20th to 28th of May 2014. In each physical sampling sessiomosvpack temperature
and density were measured with a resolution of 2 cm. To latestmate the snow grain
size at di erent depths, we spread the snow over a grid and tikgohotos for visual
assessment; see Figures 7.2. The snow samples were evdntoatlted to measure
the bulk salinity of the snow at di erent depths of the prole. Ice cores were also
extracted each time. After drilling holes in each core at eves cm (except for the rst
two points that have a 2.5 cm spatial resolution), a temperatre probe was utilized for
temperature pro ling of the ice. Next, the ice core was cut in locks with a thickness

of 5 cm (except for the top 5 cm which was cut into two 2.5 cm blé&s). These ice
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(a) Snow Prole (b) New snow layer (c) Original snow layer (d) Basal snow layer

Fig. 7.2: Snowpack on May 22nd, 2014 at 4 pm.

samples were later carried to the laboratory, and were theneatted to measure their
bulk salinity. The temporal in-situ measured temperaturesalinity, and density of the
pro le are shown in Figure 7.3 to Figure 7.5 from 20th of May t@®8th of May, with

two or three times sampling carried out daily, usually at 9 am4 pm, and 10 pm.
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(a) Temperature pro le
Fig. 7.3: Physical sampling data (temperature) from 9 am on May 20th, 214 to 9 pm on May 28th,

2014. The solid horizontal line (.e., y = 0 line) is the snow-ice interface and the vertical
dashed line mark the measurements performed at 6 pm on May 2Bt 2014.

7.3.2 Scatterometer measurements

Time-series monostatic polarimetric C-band NRCS measurenis were carried out

from May 20th to May 28th, 2014. To achieve the minimum recomended height
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(a) Salinity pro le

Fig. 7.4: Physical sampling (salinity) data from 9 am on May 20th, 2014to 9 pm on May 28th, 2014.
The solid horizontal line (i.e., y = 0 line) is the snow-ice interface and the vertical dashed
line mark the measurements performed at 6 pm on May 25th, 2014
for scatterometer measurements, a setup was constructednmunt the equipment on,
as shown in Figure 7.6 (a). A near- eld to far- eld correctim factor were applied to
obtain the far- eld scattered wave [129]. Also, to reduce the ect of random noise, the
NRCS data measured within each hour were averaged into a siediRCS data point
per hour. The scatterometer measured the NRCS for the incidem angles ranging
from 20 to 65 with 5 intervals in the elevation plane. Also for each incidence alay
the scatterometer swept 30in azimuth plane and averaged the measured scattered
eld. This technique helps reduce the e ects of local pro leinhomogeneity at each
incidence angle on the measured NRCS. The measured NRCS dateenater calibrated
against the calibration data collected from a metallic triedral in the eld as depicted
in Figure 7.6 (b). Further details on this calibration proceure can be found in [129].
The excellent channel isolation of the scatterometer (gresa than 30 dB) allows a
single object calibration, resulting in equal values for™ and VM. The noise oor of
the scatterometer system is measured at40 dB. The measured co-polarized NRCS
data for select incidents are shown in Figure 7.7. The gaps the time-series data

represent no measurement periods due to either logistie.§, generator failure) or
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(a) Snow density pro le

Fig. 7.5: Physical sampling (density) data from 9 am on May 20th, 2014 b 9 pm on May 28th, 2014.
The horizontal line y = 0 is the snow-ice interface and the vertical dashed line mak the
measurements performed at 6 pm on May 25th, 2014.

environmental obstacles€.g., whiteout periods). From the NRCS trend in Figure 7.7,

the NRCS measurement period can be divided into two main peds: (1) 9 am on May

20th to 4 pm on May 24th when the measured NRCS was stable and alst constant
for each incidence angle, and (2) 5 pm on May 25th to 12 am on Magth in which the
measured NRCS data started to change rapidly, went through amstable period, and
then seemed to stabilize again. In the rst period, no signcant meteorological events
occurred during the NRCS measurements, and the NRCS data wetelde, thus, being
appropriate to be used in our model-based inversion algdrih. On the other hand,
from the beginning of the second period, a short series of zirie, snow, and ice pellet
occurred. These events seemed to have altered the snow-oedesea ice pro le, thus,
resulting in a complex NRCS behavior in the second period. Taelmore speci ¢ with
respect to the observed physical changes in the pro le, theverage temperature of
the snowpack increased and the density showed a more errat&ture. Consequently,
the measured NRCS was not constant anymore, but experiencadlden variations for

both channels that might be related to daily melt and freezefahe snowpack due to

warmer conditions approaching the end of May.
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Fig. 7.6: On-site measurements of snow-covered sea ice at CambridgeyB Nunavut. (a) Scatterome-
ter NRCS measurement along side lidar on 23rd of May, 2014, (bScatterometer calibration
using a metallic trihedral on 28th of May, 2014.

7.3.3 Satellite imagery

We also obtained the NRCS data of the snow-covered sea ice unieestigation from
the ScanSAR Wide Beam mode (dual HH{HV polarization) images of SARBeorefer-
enced Fine type from the Canadian radarsat-2 (active SAR opeding in the C-band).
The images are available for various days within May 2014, bthe selected dates are
the 3rd, 4th, 11th, 17th, 18th, 24th, and 25th for the reasont® be explained later. To
extract the NRCS from the satellite images, they were rst cébrated. Then, to reduce
the speckle noise and yet retain the NRCS value integrity, amaple mean-box lter
was applied to the images. As an example, Figure 7.8 shows thegessed products
for 17th and 18th of May, with measurement location within tke yellow rectangular.
The ScanSAR images were zoomed in and cropped out in the vigmof Cambridge

Bay for a better view of the measurement location.

7.3.4 Lidar measurements

A lidar laser scanner was employed on the measurement site goan the height to-

pography of the air-snow surface on the 23rd of May. These legtted data were later
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Fig. 7.7: Measured time-series NRCS data (denoted by ) at 5.5 GHz. The vertical lines represent
(i) rst period from 9am on May 20th to 4pm on May 24th, (i) measurement halt from
4pm on May 24th to 5pm on May 25th, and (iii ) second period of NRCS measurement from
5pm on May 25th to 12am on May 28th.

utilized to calculate the roughness parameters of rms heitgand correlation length
as shown in Figure 7.9 and reported in Table 7.1. As can be seenthis table, two
sampling interval grids were used for the extraction of theoughness parameters. The
average of these two di erent sets of roughness parameterdlvbe provided to the
inversion algorithm as prior information. The procedure tacalculate these roughness
parameters is as follows. We rst corrected for the o set beteen scatterometer and
lidar position. Then, we Itered out anomalous returns €.g, due to precipitation,
blowing snow, or multi-path re ections). Then, we selectedubsections of the scan
area using @ 0:5 m?> moving window with one section every 0.2 m along each radial
scat pro le for scatterometer looking angles of 25to 60 . It should be noted that
the size of this window is approximately equal to the scattemeter footprint on the

snow surface. Each subsection was detrended using a FFT-&dwlgorithm to remove
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Fig. 7.8: Radarsat-2 ScanSAR images cropped around Cambridge Bay aae(approximately 115
115 km?). The measurement area is marked by the yellow rectangles.a) May 17th, HH
Polarization. (b) May 17th, HV Polarization. (c) May 18th, H H Polarization. (d) May 18th,
HV Polarization. Radarsat-2 Data and Products MacDonald, Dettwiler and Associates Ltd.
2014 - All Rights Reserved. Radarsat is an o cial mark of the Canadian Space Agency.

low-frequency topography which does not a ect surface sd¢ating of the radar but
biases the calculation of the roughness parameters. Next, eaculated the rms height
and correlation length within each subsection using the miebd applied in. We then
averaged those values for each inclination angle. Finallye adjusted the roughness

parameters using calibration functions [130].
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Fig. 7.9: Lidar scan of the snow-covered sea ice prole measured thr@h scatterometer on May
23rd. (a) The calculated rms height. (b) The calculated correlation length. The black arcs
represent the scanning path of scatterometer.

Tab. 7.1: The rms height, h, and correlation length, I, for the air-snow rough interface for di erent
incidence angles . The subscripts 1 and 2 denote two di erent sampling intervas having
0.2 cm and 0.5 cm grids respectively. NA refers to not availale data.

20 25 30 35 40 45 50 55 60 65

hy (cm) NA 0.16 0.13 0.10 0.10 0.10 0.10 0.14 0.15 NA
l1 (cm) NA 26 17 26 23 24 28 31 20 NA

h, cm) NA 0.15 0.13 010 0.10 0.10 0.10 0.14 0.14 NA
l,cm) NA 28 22 19 12 23 25 34 24 NA

7.4 Forward Solver

As noted earlier, our inversion algorithm requires the use @n electromagnetic for-
ward scattering solver. The role of this solver is to calcul@ the scattered eld or
scattering parameters associated with a pro le that is illminated by an incident eld.
(This pro le is, in fact, the predicted pro le at each iteration of the inversion algo-
rithm.) Herein, the scattering parameter of interest is a phseless quantity known as
the normalized radar cross section (NRCS), denoted by’=®. From one perspective,

the scattered eld from a rough layered pro le, and consequly its NRCS, consists of
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two main components that are due to the so-called surface amdlume scattering, each
containing coherent and incoherent components [131,138Jurface scattering is related
to the interfaces between homogenous layers with di erentiglectric values, and vol-
ume scattering is related to the e ects of the individual sdderers within each layer.

Therefore, the total NRCS for rough layered media may be wrign as summation of

surface and volume scattering contributions [133]
P=q —  p=q, p=q (7_1)

where the subscriptss and v denote the surface and volume scattering components.
Also p=gdenotesp-sent andg-received polarizations wherg and q represent vertical
or horizontal polarizations. In what follows, we rst introduce the method applied to
calculate the surface scattering component. The calculati of the volume scattering
component will then follow. For the discussion presented losv, it is assumed that we
have a rough multi-layered medium consisting ofN + 1)th layers, numbered from 0
to N. As a result, we will haveN interfaces, numbered from 0 toNl 1). The layer
0 is consider to be the measurement half space, which is airhél'layer N + 1) is
considered to be the termination layer, which is also a halpace. Thez direction is
assumed to be perpendicular to the layers' interfaces. Fihawe de ne a number of
parameters. ko is the wavenumber in free spacdy,, is the rms height, andl,, is the

correlation length associated with the roughness of thath interface.

7.4.1 Surface scattering

To calculate the co-polarized component of the surface staing P of a multi-layered
media with rough interfaces, the boundary perturbation thery (BPT) is utilized. We
now present the calculation procedure for the cross-polaeid component of the surface

scattering.
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7.4.1.1 Cross-polarized component

The BPT is a rst-order approximation solution. Therefore,the cross-polarized NRCS
calculated through the BPT will be zero in a monostatic con gration [94]. Since
we are planning to use the measured cross-polarized NRCS databur inversion, the
following procedure is considered to estimate the crosstaiazation component P9. To
this end, we rst start by noting that the cross-polarized NRGS of a rough interface
between two half spaces, the rst one being air and the seconde being a dielectric
medium having a complex permittivity of ;, can be obtained as [134]

S( o)kéz £ %%
8
kzohgf+|

TR DiF D (v; )iPWS W d dv: (7.2)

gq;(o) - e 2kz0h3

f=1 1=1

In (7.2), the general form ofFy, can be found in [134,135]. Furthermore, fos, a

Smith shadowing function is considered to calculate the blescattering [136].

The next step will be how to adapt the above relation, which ewiders two half spaces,
to a multi-layered medium. To this end, we treat the layeram and (m + 1) as two
half spaces with a rough interface. Using (7.2), we then calate its corresponding
Pt \We will then use the concept of the generalized transmissi@oe cients [137]
to transfer this 29™ to the measurement half plane (air, or the Oth layer). As will
be seen below, we will utilize two generalized transmissiooe cients; namely, Tg,
and Tﬂﬂo. The rst one is utilized to bring the power down to the outsetof mth
layer, and the second one is used to transfer the power frometloutset ofmth layer
to the measurement half space (the Oth layer). We then incoopate the e ect of
loss within the mth layer into the formulation through the complex wavenumbe of
this medium. Finally, the summation of all the transferred omponents from each

interface to the measurement half-plane results in the totecross-polarized surface
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NRCS. It should be noted that this proposed procedure providean approximation for
the cross-polarized surface scattering for multi-layerechedium, and is not an exact
solution. Also, in [134], the coe cientsF,, are provided for an air-dielectric interface.
To adapt this formulation to our problem, these coe cients were slightly modi ed to

accommodate a dielectric-dielectric interface.

To put the above discussion into mathematical formulationthe approximated cross-
polarized surface scattering can be written as

X 1

Pq — jeikzm mj4j-|-gjmj2j-|-g1joj2 Srijq;(m) (7.3)

m=0

where 2™ can be found from (7.2) by substituting the Oth and 1st layersvith the

mth and (m+21)th layers. In (7.3), T2 is calculated based off !

mjo oim Using the reciprocity

of the generalized transmission coe cient, as brought in [8]. AIso,Tf.’n:j(jn =1, and

m IS the thickness of themth layer ( o, which corresponds to the measurement
half space, is taken to be zero). Finallyk,, = k. cos ,, where the angle , is the
refraction angle in themth layer with respect to nadir assuming a at interface, and
kn, is equal toky, for m = 0, and is equal to kop “m otherwise. Finally, we note that

the generalized transmission coe cients]T, can be obtained as [137, 138]

P 1 1

exp J kzn n Tr?jn+1
_ n=1 n=0
Thm = 3 — (7.4)
=1 1+ Rn 1janjn+1e12kZn "

whereR is the generalized re ection coe cient that is recursivelycalculated [138], and

R and T are the Fresnel re ection and transmission coe cients.

As can be seen, the above procedure for estimating the crosdapized surface scat-
tering NRCS does not take into account the presence of surfacighness. This is as

opposed to the co-polarized surface scattering componealaulated by the BPT that
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does take into account the presence of rough surfaces. In dtempt to incorporate

the e ect of surface roughness into cross-polarized suréascattering NRCS estimation,
we substitute the Fresnel eld re ection coe cient in (7.4) with the following coherent
eld re ection coe cient based on [139]

RPN — RP o 2(knhncos n)? (7.5)

njn+1 njn+1

By considering this assumption, which is usually referredotas the quasi-specular
re ection, the mechanism of re ection will be the same as Fsmel re ection, but the
attenuation factor e 2Ahi s n will incorporate the loss due to the roughness of the
interface. Similarly, we substitute the Fresnel eld transnission coe cient in (7.4)

with the following coherent eld transmission coe cient based on [140]

2

pWCOS n+1 (76)

. . p—
p;coh _ p 2 0:5knhn n COS n
Tnjn+1 - Tnjn+1e

Finally, we note that the utilization of the generalized transmission coe cients instead
of Fresnel transmission coe cients allows us to take into aount the multiple re ec-
tions due to the layered nature of the prole. This concludesur discussion on the

calculation of the co-polarized and cross-polarized NRCS @to surface scattering.

7.4.2 \Volume scattering

Let's now consider how the volume scattering component of ¢hNRCS is estimated
in this work. To calculate PP, the volume scattering in each layer, P g approx-
imately calculated, and then transferred into the measureemt half-space (e., air)

using a similar procedure explained in the previous secti@s

= Th TR 7.7
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It should be noted that the above formulation assumes that # volume scattering
occurs in the layers sandwiched between the two half spacasd not the half spaces
themselves. The volume scattering ?*™ within each layer m is calculated by a
heuristic single scattering model, which is equivalent to aingle scattering radiative
transfer model as [27,119]

\r/)p;(m)z 5r1>:(m)+ \r/)g;(m)_,_ \r/)g;(m) (7.8)

where PP(™ - PB(M™ “and PRA™ are due to the direct volume contribution of parti-

cles €.g, ice or brine inclusions), particle-interface interactins, and interface-particle-
interface interactions respectively. To calculate ™™, a cloud model is utilized as [27]

: : cos
55,(m) - \r;p,(m) Z—m(l (L(™)2) (7.9)
m

In (7.9), L™ is the power loss factor, and ,, = 2Im fk,,g is the extinction coe cient

approximated as inverse of the half of the skin-depth as [141

8 s 95
1< 00 2 =

1 m

Furthermore in (7.9), PP is the volume back-scattering coe cient de ned as [119]

W ooy
PMW=" N = JE (7.12)

3
i=1 i=1 r I

wWis

In (7.11), U is the number of di erent types of spherical scatterers witim each layer
of snow .g, water, brine, ice particles, etc.), and\; is the number of scatterer of
type i. Moreover,r; is the radius of a single scatterer an¥; is its respective volume

fraction [142]. Also, p; is the scattering cross section of a single scatterer, andhdae
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calculated as [143]

jkirij 1
(7.12)
Otherwise

7;‘\)'[\)
=
1
iy
~
N
>
+
[EN
~
—~
L
2
™
+
L
2
™
~

In (7.12), ; and , are the permittivity values of the scatterer and its backgrand

respectively. Depending on the size of each scatterer, wéher use the Rayleigh ap-
proximation (i.e., the rst condition) or the Mie scattering (i.e., the second condition)
in (7.12). The unknown coe cients a.,); and kyn); are de ned in [27,143], and are

calculated recursively.

Next, the particle-interface contribution, P5™ s calculated as [27]

52;(m) — \r;p:(m) 4 m(L(m))2(anjm+1)2 : (7.13)

We note that in (7.13), we use the quasi-specular re ectionsgumption;i.e., (7.5) is

used to calculate the re ection coe cient.

The last volume scattering component in (7.8), 5’2;(’“), considers a double re ection

from the bottom interface and double loss for the direct volme contribution as [27]

: : coS( m)
B =P SRR ) LM (L)) (7.14)

Similar to the above, the quasi-specular re ection assumioin is used to calculate
the re ection coe cient. This concludes our discussion on lte calculation of the co-
polarized volume scattering component of the NRCS. We alsotedhat the limitation
of this method lies in the fact that its calculated cross-pakized volume scattering
component of the NRCS becomes zero for the monostatic con gilon. For bet-
ter understanding and further discussion on the above forné solver, please see Ap-

pendix ch:Appendix3.
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Now that our forward solver has been described, let's consideigure 7.10 that shows
the comparison of the simulated and measured NRCS data at 2 pm @4th of May
2014. This time was chosen due to concurrent NRCS measurensehy both the on-
site scatterometer and the satellite. For the co-polarized™ in Figure 7.10(a), we
have shown the surface scattering component and the volumeatiering component
as well as their summation (total component). As can be seerhd summation of the
simulated surface and volume scatting components followise NRCS measured by the
scatterometer closely. It should be mentioned that we spdate the unexpected vari-
ations in the NRCS measured by the scatterometer is caused lmcal inhomogeneities
at some incidence angles. On the other hand, the NRCS measutadthe satellite
is calculated by averaging an area of few kilometers, thusgriding to cancel out the
e ects of any local inhomogeneity. Therefore, the NRCS datadm the satellite is
closer to the simulated NRCS. It is also worthwhile to note thiathe large value of
volume scattering component in comparison with the surfasattering component for
the pro le under study, may explain the similar values obsered for the measured ™"

and VYV as shown in Figure 7.7.

In addition, Figure 7.10(b) compares the simulated and meased cross-polarized
NRCS data, namely, "V. As noted above, our forward solver only estimates the
surface scattering component of the cross-polarized NRCShi$ could be the rea-
son for the large discrepancy between the measured and siatatl "V. Therefore, to
crudely compensate for the absence of the cross-polarizetlvne scattering component
in our forward solver, a calibration factor is introduced bsed on the mean di erence
of the measured and simulated data. Under the speculation théhe cross-polarized
volume scattering component varies slightly for di erent mcidence angles, we obtain
the calibrated simulated "V as

HY = B+ Ao (7.15)

(sim cal) = s;(sim)
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Fig. 7.10: Comparison of measured and simulated NRCS for 2pm on 24th of . Subscripts(sim),
(sim-cal), (meas-scat) and (meas-sat) refer to simulated, calibrated simulated, measured

by scatterometer, and measured through satellite respectely. Also subscriptss and v refer
to surface and volume components.

In (7.15), the calibration coe cient, Ag, is taken to be 7.3 dB. Of course, this cali-
bration factor is for the pro le under study in this chapter, and can vary for other
pro les of interest. Furthermore, the accuracy of this fonard scattering model was
assessed by comparing with the measured NRCS data reported[i44]. Our simu-
lated NRCS values are in agreement when compared to the repexttvalues, with lower
accuracy for the cross-polarization component. Finallyt should be noted that we ac-
knowledge that the proposed framework for cross-polarizan calculation is based on a
crude model, and requires further development. Also more cparisons with di erent

measured data sets will be part of the future work. Nonethelgsthis method lays
the ground work for more accurate models to better simulatené cross-polarization
component. Within the framework of this chapter, we specula that the use of the
above calibration method alleviates some errors associteith the cross-polarized

component calculation.
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7.5 Inversion Algorithm

The inversion algorithm reconstructs the parameters of ierest from the measured
NRCS data. To this end, the inversion algorithm iteratively ypdates these parameters
by minimizing a data mist cost functional. This process, wich requires repeated
calls to a forward solver, continues until the inversion atgrithm converges to a solution.
This solution will then serve as the reconstructed parametgassociated with the snow-
covered sea ice pro le of interest. In our case, the data miscost functional to be
minimized is the di erence between the measured NRCS and thersilated NRCS due
to a set of unknown parameters. However, due to the ill-poseelss of this problem,
the minimization may result in an unstable {.e., oscillatory) solution, and also the
uniqueness of the solution is not necessarily guaranteed,[74]. To treat the ill-
posedness of the problem, the data mis t cost functional nde to be regularized. In
this chapter, the utilized regularization is a projectionbased regularization scheme [76].
In our implementation, this regularization technique de res the possible range of values
for each unknown parameter to be retrieved, thus projectinthe solution space into
a smaller subspace. To further treat the ill-posedness igsuit is recommended to
increase the number of measurements as much as possible. Téeson behind this
idea can be explained as follows. For every measurement, rdnés an operator that
maps the snow-covered sea ice information to the NRCS data. U$) the collective
nullspace associated with the problem can be thought as thetersection of all these
individual operators' nullspaces. It is, therefore, expéed that the collective null space

will be minimized as the number of operators increases.

Our inversion algorithm utilizes a global optimization mehod, known as the di erential

evolution (DE) algorithm [99], to iteratively minimize the following data mis t cost
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functional

)M X 1 = n n pP=q n n
C( )’ r?(e%s inc; scat;f) sim , inc; scat;f)

p=q n . n -
n=1 p=q meas( inc scat1f)

(7.16)

In (7.16), is the vector containing the unknown parameters of interesthich will be
described in the next sectionM denotes the number of the measurements at various
incidence angles, anghb=gdenotes di erent utilized polarization con gurations. Also,

1. and I denote thenth azimuth and elevation for incident and scattering angles
respectively. Finally,f is the frequency of operation, which is a xed frequency at #
C-band. The weighting factor in (7.16) normalizes the disepancies to the measured
NRCS, thus balancing the data for each incidence angle. In thchapter, we consider
a monostatic con guration, thus, .= 2. Also, two combinations ofp=qwill be

considered herein: HH and HV.

7.6 Inversion Strategy

Herein, we present the assumptions made in our inversion alglom in the following

four subsections.

7.6.1 Snow-covered sea ice parameterization

Based on our eld observations and the physical sampling ngss, we divide the snow
cover into three distinct layers; namely, (1) new snow laye(2) original snow layer, and
(3) basal layer. The new snow layer is due to the recent snowl$a has zero salinity,

and is considered dry (no water in liquid phas&). Next comes the older original snow

@ We acknowledge that an error associated with the dry snow assumption exists, since the temperature of
the top layer of snowpack approaches zero for the end part of the period of interest.
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layer that is due to previous snow falls. This layer has gonérough metamorphism,
thus, having larger grain size. It is also slightly saline duto its adjacency to the third
layer, which is the oldest snow layer. The third layer is thedmsal layer, which is highly
saline. This layer is due to the rst snow fall on the sea ice. fie metamorphism has
led to the presence of depth hoars in this layer. Herein, thecd and third layers
are taken to be brine-wetted dry snow. The presence of brineight be due to the
upward movement of brine from the sea ice into the snow, or tral snowfall over frost
owers. These values are typical of many measurements of snoovered smooth rst
year sea ice [145, 146]. Figure 7.2 depicts the snow samplesoaiated with each of
these layers. Finally, we note that the ice layer is assumed be a half space in the

inversion algorithm.

7.6.2 Temporal average

Our physical sampling demonstrates that the pro le under stdy has changed mini-
mally in May up to the 25th, in particular for the parameters d interest that play
a key role in pro le's back-scattering®. Therefore, we propose to consider a single
temporally-averaged pro le to represent the snow-coveresea ice for the aforemen-
tioned time period. This can be further veri ed consideringhe NRCS measured by
the scatterometer as shown in Figure 7.7. It is evident thatte NRCS values are fairly
unchanged for each incidence angle since the beginning @t®rometer measurements
on 20th till the end of the observation period. Therefore, wealculate the temporal
averages of the measured salinity, temperature, and densior each layer within the
snow as well as the ice (Table 7.2). We then take these average our reference snow-
covered sea ice pro le. Also, we note that in Table 7.2, the swograin size is reported
based on in-situ visual evaluation of snow grains using a mgnid etched plate. In

addition, Figure 7.11 shows these calculated average vadueith the uncertainty bars

® These parameters are de ned in Section 7.6.3.
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Tab. 7.2: The averaged parameters for each layer within the referencenow-covered sea ice pro le.

Snow New Layer Snow Original Layer Snow Basal Layer Sea Ice
(18 cm {6 cm) (6cm{2cm) (2cm {0 cm) (Half-Space)
Salinity (ppt) 0.12 3.47 9.58 4.93
Temperature ( C) -3.63 -4.62 -4.73 -4.34
Density (g=cnv) 0.30 0.29 0.24 0.84
Grain Radius (cm) 0.10 0.20 0.50 NA

representing the standard deviation values. Concerning igplot, it should be noted
that although the average snow depth is assumed to be 18 cmethctual snow depth
varied in each measurement session within a standard devat of about 3 cm; thus,
there exists a larger uncertainty bar for the top layer in Figre 7.11. Consequently,
the values for the upper two points show unrealistic standdrdeviations, leading to
an arti cial lower density. Although it should be noted that the averaging of the val-
ues associated with the top six measurement points in our sifation mostly corrects
this e ect. Also, it is expected that the temperature of the t@ snow layer to be be
more a ected by hourly air temperature and solar radiation banges. Therefore, a
larger variation is present for this top layer. (Temperatue of the top layer will not
be used in the permittivity calculation of the top layer sine the top layer is assumed
to be dry snow.) Finally, we note that we did not have access tphysical sampling
for the 3rd and 4th of May; however, no signi cant meteorolagal event took place
from these dates up to the start of our physical sampling. Thefore, the whole period
from May 3rd to May 25th is assumed to have minimal changes. hddition, although
the air mean temperature di erence between 4th and 11th is alit 13.8 degrees, we
expect that the deviation of temperature in lower snow layasr between these dates
is minimal due to snow's small thermal conductivity. Also, asioted above, the top
layer of snow is considered to be dry; thus, its contributioto the NRCS will be only

density-dependerff).

@ 1t should be note that the snow might also be heated from below by the ocean heat conducted through
the sea ice, based on the average temperature variation repesented in Table 7.2.
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7.6.3 Formation of the vector of unknowns

The choice of the vector of unknowns is mainly a ected by our easured data, which
is the NRCS. That is, we are interested in parameters that a décthe NRCS in our
utilized physical model. These parameters are the complexmittivity of each layer
as well the grain size. In our inversion algorithm, the comek permittivity is obtained
through proxy formulations to be explained in the next subsion. To this end, for the
top snow layer (new snow), only the density will be retrievedsince this layer is assumed
to be dry snow; thus, having its density will be su cient to caculate its corresponding
permittivity. For the third snow layer (basal layer), the sdinity, temperature, density,
and radius of the snow grain are treated as unknowns to be retved. As noted
above, the middle original layer is labeled as a transitiohdayer. (This is from a
modeling point of view, and not necessarily from a physicalepspective.) Therefore,
we calculate its parameters based on the properties of theptmew snow and bottom
basal layer. Speci cally, the density of this layer is takero be the average of the new
snow and basal layer, its salinity is taken to be one-third ahe basal layer's salinity,
and its temperature is approximated to be the same as that ohé basal layer. These
assumptions are based on our physical observations and tihéckness of the middle and
bottom snow layers. All other parameters are considered to lpgior information that
are available through methods such as in-situ physical saifimg, lidar measurements,
and the general knowledge of the typical seasonal snow-a@ek sea ice in the area.
For example, all the roughness parameters are provided toehinversion algorithm
as prior information. Based on the lidar measurements repged in Table 7.1, the
average rms height and correlation length of the air-snow terface are taken to be
0.12 cm and 2.34 cm respectively. Moreover, for the inner smanterfaces, we assume
a roughness based on the grain size in an ad hoc manner. Therefan rms height and
correlation length of 0.20 cm and 2.00 cm, and 0.50 cm and 568, are assumed for

the new-original and original-basal layer interfaces resptively. For snow-ice interface,
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Fig. 7.11:
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The temporally-averaged physically measured values of smacovered sea ice for (a) tem-
perature, (b) salinity and (c) density, all of which up to 26t h of May 2014. The uncertainty

bars are their respective standard deviation values. (The op two points have large bars
due to considering snowpack thickness (average) to be 18 crarfwhat is actually a variable

thickness.) The horizontal dashed line at zero is the snoweke interface.

an almost smooth condition is assumed based on eld obserats with a typical rms

height and correlation length of 0.15 cm and 8.50 cm respely, which is similar to

previously reported values [142].

7.6.4 Use of proxy formulations

After updating the unknowns, introduced above, at each itetéon of the inversion

algorithm, we need to obtain the complex permittivity pro le associated with the

predicted pro le so as to nd its corresponding simulated NRG. To this end, the proxy

formulations introduced in [27,119, 142] are utilized to deulate the permittivities of

dry snow, brine-wetted dry snow, and sea ice based on thest&isved parameters.
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Fig. 7.12: The reconstructed (a) temperature, (b) salinity, and (c) density & snow grain size.
The solid colored vertical lines are the retrieved parametg the dashed colored vertical
lines are the parameters derived based on the retrieved pamaeter, and the vertical col-
ored dash-dot lines are the extra information {.e., not used in inversion). The colors
blue (square), red (downside triangle), and green (upsidertangle) represent the inver-
sion in Scenario (I) (using satellite data), Scenario (II) (scatterometer data), and Sce-
nario (I1) (satellite plus scatterometer data) as inversion algorithm input. Circles in (c)
are the reference (black) and reconstructed (colored) relive snow grain sizes for the basal
show layer, following the same color coding scheme.

7.7 Inversion Results

Herein, we rst present the three scenarios that we consideasrfinversion. The inversion

results associated with each scenario will then be presestand discussed.

7.7.1 Three scenarios

Herein, we investigate the reconstruction of the snow-cowst sea ice whose reference
pro le is reported in Table 7.2 by utilizing the inversion agorithm introduced in Sec-
tion 7.5 in conjunction with the forward solver presented irsection 7.4. To this end, we
consider three di erent inversion scenarios distinguiskieby the measured data avail-
able to the algorithm. In Scenario (1), the NRCS given to the iwersion algorithm is
the NRCS data collected by the satellite on the seven dates nmiemed in Section 7.3.3.

Given that we are using a dual polarization data (HH and HV), and & have seven
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di erent incidence angles, the number of data points will bel4 in this scenario. In
Scenario (1), the dual-polarized (HH and HV) NRCS measured by th on-site scat-
terometer is given to the inversion algorithm. Noting that wehave 10 incidence angles
in this scenario, the total number of data points will be 20. Note that each data
point in Scenario (Il) is the temporal average of the NRCS dataollected over the
period of interest.) Finally, in Scenario (I11), we utilizethe NRCS measured by both
the scatterometer and satellite. Since the incidence anglan Scenarios (1) and (I1) are
not exactly the same, Scenario (I1) will have more informabn regarding the pro le

of interest.

7.7.2 Results and Discussion

The reconstructed salinity, temperature, density, and swo grain size for these three
scenarios are depicted in Figure 7.12. These reconstruasoare color-coded: blue,
red, and green represent Scenarios (), (II), and (lll) reggctively. For example, in
Figure 7.12(a), the three reconstructed temperatures at & basal layer, shown by
colored solid vertical lines, correspond to these three segios. These reconstructions
can then be compared with the reference temperature at thiayler, which is shown by
the dashed black curve. Also, as noted in Section 7.6.3, therameters of the original
snow layer (middle snow layer) are found based on the reconstted properties of
the rst and third snow layers. That's why in Figure 7.12(a), the temperature of the
original snow layer (three dashed colored vertical linespmcide with the reconstructed
temperature of the basal layer. Finally, we note that the colred dash-dot line is the
temperature of the new snow layer, which is not used in the iavsion algorithm for the

reasons explained in Section 7.6.3, and is brought here fandonstration purposes.

Figure 7.12(b) shows the reconstructed salinity at the bak&ayer for these three sce-

narios, see colored solid vertical lines. Similar to Figuré.12(a), the salinity of the
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original snow layer can be obtained from these reconstrudtsalinity values, and is pre-
sented by dashed colored vertical lines. (The salinity of hnew snow layer is not used
in the inversion algorithm.) Finally, Figure 7.12(c) repreents two di erent parameter
reconstruction: the density and the snow grain size. As can lseen, the reconstructed
density values at the new snow layer as well as the basal snaydr are shown with
colored solid vertical lines. Based on Section 7.6.3, therdity of the original snow
layer can then be found by knowing the reconstructed densityalues at the new and
basal snow layers. Furthermore, Figure 7.12(c) shows thecomstructed snow grain
size for the basal layer. The black circle is the referenceeaj and the colored concen-
tric circles represent the reconstructed snow grain sizerfthese three scenarios. The
snow grain size for new snow layer has been taken as prior mfation, and that of
the original snow layer has been obtained based on the recwasted snow grain size

of the basal layer.

The calculated average of the reconstruction relative em® for Scenarios (1), (1),
and (I1) for the 5 problem unknowns outlined in Section 7.@&, are 32%, 18%, and
13% respectively. These reconstruction results con rm owpeculation that with an
increase in the number of measurementsd., NRCS data points), the reconstruction
accuracy increases. Finally, as can be seen in Figure 7.1p {cis interesting to note
that for all the three scenarios, the accuracy of density raéval is higher for the top
layer compared to the basal layer. When comparing Scenaritl)(to Scenario (1),
we should bear in mind that the area scanned by the scatterotee is a few meter
squares while that of the satellite is a few kilometer squase On the other hand, the
reference pro le for the reconstruction accuracy was alsalculated based on the in-situ
physical measurements around the scatterometer area. Tké&wre, the accuracy of the
reconstruction results are slightly biased towards Scenar(ll). Nevertheless, the nature
of the landfast snow-covered sea ice in the measurement aaaa our eld observations

both con rm the validity of the assumption of a homogenous pr le for the area used
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for satellite NRCS extraction. A further con rmation of the homogeneity assumption
is the higher reconstruction accuracy of Scenario (I11) copared to Scenario (1), which
would have not happened if the reference pro le was not rementative enough for the
area under investigation. Finally, it is worthwhile to notethat the inclusion of volume
scattering in our forward solver was critical in successfuiversion for the snow-covered
sea ice pro le studied in this chapter. In fact, a sole surfacscattering model failed to

accurately retrieve the unknown parameters as shown in [128

7.8 Conclusion

We have considered the inversion of the monostatic NRCS datallected from landfast
snow-covered sea ice in Cambridge Bay, NU, Canada, in May 20Ihe NRCS data
were collected using an on-site C-band scatterometer as had radarsat-2 satellite. It
was shown that the inclusion of the volume scattering compent in the electromag-
netic forward solver is crucial for accurate NRCS modelingrféhe pro le under study.

Thus, it is also crucial for obtaining accurate inversion ults. To this end, the concept
of the generalized transmission coe cients in conjunctionvith the volume scattering
component of a single layer was utilized to model the volumeatering component
of our multi-layered rough medium. In addition to the co-palrized NRCS data, the
cross-polarized NRCS data were used in the inversion procéssncrease the number

of data points.

The developed inversion algorithm retrieves the temperate, salinity, density, and
snow grain size of the snow-covered sea ice pro le througkerative minimization of
a normalized data mist cost functional. This cost functioral is associated with a
discrepancy between the NRCS data simulated by our proposeohWard solver and
the measured NRCS data. Moreover, a projection-based regugation was utilized

to tackle the inversion ill-posedness. Based on the measlifdRCS dataset provided
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to the inversion algorithm, we studied three di erent invesion scenarios in which
satellite data (Scenario (1)), scatterometer data (Scenar (I1)), and nally the combi-

nation thereof (Scenario (I11)) were fed to the inversion gorithm. There were 14 data
points available through satellite and 20 data points avaable through scatterometer
measurements (HH and HV polarizations for each incidence aayl Based on the re-
construction results, it was shown that the reconstructedno le became more accurate
as the number of input data increased; with the best reconsiction achieved through

Scenario (Ill) (mean relative reconstruction error of 13%)

Based on the comparison of these three scenarios, it can badoded that if satellites
with shorter re-visit times are to be employed for this appéation, the reconstruction
accuracy may be enhanced. This may be particularly pertineas the new 'sentinel’
series and the constellation missions of ESA and CSA comeinal In addition, the
inversion algorithm utilized some prior information to reonstruct the unknown param-
eters. Assuming that more NRCS data points become available,g, through more
incidence angles, bistatic NRCS data, and more frequencigsoperation, the inversion
algorithm may be able to treat some of these prior informatias the actual unknowns

in the inversion process.



Conclusion and Future Work

In this chapter, | present the conclusions of my thesis and ¢hproposed future work.
Firstly, the summary of the thesis and the contributions mad towards the thesis
objectives (as outlined in Chapter 1) are brought in SectioB.1. Next in Section 8.2,
the proposed new research direction and the future work basen the ndings of this

research are introduced.

8.1 Conclusion

The main objective of this thesis was to retrieve the paramets of interest associated
with the snow-covered sea ice pro le from NRCS data. These aneters can be the
geophysical, thermodynamic, or dielectric properties ohe snow and sea ice. To this
end, an electromagnetic inverse scattering algorithm wagwkeloped that consists of for-
ward and inverse solvers. The performance of this electrogreetic inverse scattering

algorithm was then investigated against both synthetic aneéxperimentally-collected
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NRCS data. It is concluded that for more accurate parameter tgeval, it is necessary
to (i) add more measured data, andii() utilize appropriate prior information. The ad-
dition of more measured data points is limited due to the streture of the snow-covered
sea ice prole e.g, data collection only on one side of the pro le), speci cabns of
the available electromagnetic sensore.g, single-frequency monostatic satellites with
limited re-visit rates), and the location of the prole (e.g, in remote and hazardous
Arctic environment). Therefore, various techniques were #geloped in this thesis to
take advantage of the prior information to add extra data to he inversion algorithm.
In addition to enriching the information content via perfoming more measurements
and the use of prior information, we need to ensure that the ndeling error in the
inversion algorithm is as low as possible. To this end, theilized forward solver was
enhanced so as to simulate the NRCS data associated with snagks containing large
snow grains more accurately. In summary, it has been shownaththe electromag-
netic inverse scattering framework provides a promising ¢bto retrieve the dielectric
(complex permittivity), geophysical (e.g, snow grain size), and thermodynamiceg.g,

temperature) properties of snow-covered sea ice.

8.1.1 Contributions

Herein, | outline the speci c contributions made towards adleving the objectives of

the thesis.

1. A nonlinear electromagnetic inverse scattering algohim is developed that re-
constructs the dielectric pro le of the snow-covered seadc This reconstruction
is achieved through iterative minimization of a mis t cost tinction that repre-
sents the discrepancy between the measured and simulatedadalhe measured
data are the normalized radar cross section (NRCS) values lected from vari-

ous snow-covered sea ice types under di erent measuremeahgurations. The
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simulated data are produced utilizing the boundary perturhtion theory and the
heuristic single scattering multiple re ection cloud mode The di erential evolu-
tion method is utilized as the inverse solver to reconstruc candidate pro le at
each iteration most similar to the true pro le. It should be roted that in addi-
tion to the dielectric pro le of the snow-covered sea ice, th algorithm retrieves
some geophysicalg.g, snow grain size), and thermodynamice(.g., temperature
pro le) properties of the snow and sea ice through the preuvisly established
proxy formulas. The proxy formulas relate the geophysicalna thermodynamic
properties of the snow and sea ice to their dielectric progees. Moreover, a
projection-based regularization is utilized to tackle thell-posedness of the in-
version problem. This translates into setting limits for tle search space of each
unknown parameter in the inverse solver. These limits act gwior information,
and are based on our knowledge of the speci c pro le under iastigation (e.g,
setting the search space for the sea ice permittivity based ¢the experimentally-

determined expected variations).

2. The inversion of experimental data sets collected from twypes of snow-covered
sea ice pro les are investigated within the framework of etéromagnetic inverse
scattering. The rst type, is the slush-covered arti cially-grown sea ice in the
sea-ice environmental research facility (SERF) located iWinnipeg, studied in
Winter 2014. This type of pro le represents the young sea ictat would form
in polynya or lead areas. The second type, is the rst-year sw-covered sea ice
located in Cambridge Bay in the Canadian High Arctic, studiedn May 2014. In
each of these two experiments, the time-series NRCS data amlected utilizing
a C-band scatterometer. Temporal physical sampling of snoand sea ice i(e.,
temperature, salinity, and density pro ling) are also perbrmed concurrently with
the NRCS measurements, utilized to later verify the accuraayf the reconstructed

pro les through inversion.
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3. The formulation for the forward solver in the proposed etéromagnetic inverse
scattering algorithm is expanded to include the e ects of th non-negligible vol-
ume scatterers within the snowpack. This is achieved throighe addition of a
volume scattering component to the surface scattering corapent simulated by
the BPT. The volume scattering component is calculated via &euristic single
scattering cloud-model that sums the scattering e ects ofandomly distributed
scatterers. | expanded this model for multi-layered mediusto consider multiple
re ections from the rough boundaries through the use of theemeralized re ec-
tion and transmission coe cients. It should be noted that urder the introduced
inversion scheme, which utilizes this enhanced forward get, the collective ef-
fect of volume scatterers is considered. Therefore, a cotige characteristic for
all scatterers is retrieved in contrast to each scatterer bey individually recon-

structed.

4. The following algorithms and techniques are developeddmplemented to better
regularize the problem, and to add extra information to the ppblem (or, use more
sensitive information) so as to help the nonlinear inversialgorithm converge to

an appropriate solution.

{ It is shown that the utilization of more sensitive NRCS data wth respect
to the unknown parameters of the pro le to be retrieved restd in higher
reconstruction accuracy. Therefore for the purpose of imson, the NRCS
data that are considered to be more sensitive are collecteddainverted (i.e.,
NRCS data measured at incidence angles closer to the nadir pesular angle

for the monostatic or bistatic con gurations respectively.

{ An appropriate weighting factor for the mis t cost function is introduced for
the case of bistatic NRCS data collection con guration. Thisveighting fac-
tor normalizes the discrepancy between the measured and siated NRCS

data and assigns a higher weight to those collected at anglesthe vicinity
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of the specular re ection. The employment of this weightindgactor is shown
to increase the reconstruction accuracy utilizing the syhetic bistatic NRCS

data.

{ A further parametrization technique for the sea ice permiivity pro le is
developed that reduces the number of inverse problem unknasv This
parametrization is based on prior information about the shae of the sea
ice permittivity curve versus the pro le depth. This curve s known to have

a C-shape for speci c sea ice types as a result of their growmpinocess.

{ An inversion strategy is introduced that takes advantage othe time-series
nature of the temporally collected NRCS data. This is achiedethrough
utilization of the reconstructed pro le at each time step, b set the search
space for the prole unknowns in the next time step. The assuptions
considered in this strategy are that ) no abrupt changes occur in snow-
covered sea ice pro le status during the period of the NRCS m&arements,
and (ii ) the true pro le at the rst time step is known either via physical

sampling or other inversion schemes(g., a multi-frequency scheme).

{ A combination of the time-series NRCS data collected throug a C-band
scatterometer and a C-band spaceborne SAR satelliteq(, radarsat-2) are
utilized for the rst time to retrieve the parameters of interest from the
snow-covered sea ice pro le through an electromagnetic grge scattering
algorithm. A pro le averaging technique is introduced to reluce the num-
ber of inversion problem unknowns. The reconstruction rels for di erent
scenarios utilizing this approach con rmed that the deplognent of satellite
platforms with higher re-visit rates (.e., satellites that would provide more
measured NRCS data points) can lead to higher reconstructiosccuracy

within the electromagnetic inverse scatting framework.
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8.2 Future Work

My research presented in this thesis can be further develapen three fronts () the
electromagnetic inverse scattering algorithm improvemes) (ii ) application expansion,

and (iii ) multi-physics inversion.

1. Electromagnetic inverse scattering algorithm improveents.{ The proposed in-
version algorithm consists of two main components, nameligrward and inverse
solvers. Each of these solvers can then be further developgedachieve better
retrieval accuracy for speci c snow-covered sea ice typds. the case of forward
solver, there are always promising opportunities to enhaadhe utilized forward
solver (e.g, use of higher order approximations), or use more sophisited for-
ward solvers €.g, dense medium radiative transfer theory). However, it shodil
be noted that the forward solver within this inversion framevork is not used in
isolation. It is, in fact, used in conjunction with an inverg solver applied to a
given measured data set. Therefore, the choice of the forwasolver can a ect
the number of unknowns to be recovered, and thus, can a ect ¢hperformance
of the inverse solver. For example, in a practical scenario which the number
of measured data points are limited, if the use of a forward lser results in too
many unknowns, that might lead to reconstruction failure de to the signi cant
imbalance between the number of known and unknown quantige Finally, we
should always consider the computational complexity of thisrward solver as the

forward solver is often called several times during the ink&on process.

On the other hand, the data used in this thesis for parameteretrieval of the
snow-covered sea ice pro le were the phaseless NRCS data. slekpected that
the addition of other data extracted from the measurementsotthe inverse prob-
lem can improve the reconstruction accuracy. This is partidarly noticeable in

the case of the data provided by polarimetric images of spdu#ne SAR satel-
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lites (e.g, radarsat-2 and sentinel-1). Based on these data, variouslprimetric
parameters can be calculatede(g, target entropy), and then used (solely, or in
conjunction with the NRCS data) for parameter retrieval and tassi cation. In
such scenarios, the inverse solver should be modi ed to takgo account multiple

forms of data.

2. Application expansion.{ Various applications for the desloped inversion algo-
rithm can be considered depending on the pro les and paranmess to be retrieved.
One application is the oil detection in the snow-covered séze pro le. The ever-
increasing development in oil and gas exploration and shimg throughout the
Arctic translates into possible future oil spills. In the cas of such oil spill oc-
currences, detection of the spill is a prerequisite to any Bsequent endeavors for
cleanup and recovery. The electromagnetic inverse scaiteg algorithm devel-
oped in my thesis can be further expanded for oil detection.hE oil can manifest
itself as () a separate distinguishable layer above, within, or belonwhé snow-
covered sea ice prole, ori{) inclusions within the snow or sea ice layer. The
dielectric contrast of the oil layer versus snow and sea icayérs in the former
case, and the change in the overall permittivity of the snowevered sea ice pro-
le in the latter case, can lead to the olil retrieval utilizing the framework of the

developed inversion algorithm.

3. Multi-physics inversion.{ It should be noted that new tebnologies proposed for
parameter retrieval from various types of snow and sea ice the Arctic focus
on multi-physics methods. In such technologies, variouspgs of data €.g. elec-
tromagnetic, hyperspectral, acoustic, etc.) are colledefrom the pro le to be
reconstructed. There are at least two approaches to inverbhése multi-physics
data sets. In the rst inversion approach, the measured el#omagnetic data
are inverted by an electromagnetic inverse scattering alginm while the rest of

data are processed through other inversion algorithm.Q, use of an acoustic
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inversion algorithm for the acoustic data set). Consequdmt the intersection of
the retrieved parameters by each algorithm will form the n& reconstruction.
In the second inversion approach, the multi-physics data arall fed to a single
inversion algorithm that reconstructs a single pro le. Ths simultaneous inver-
sion approach can reduce the chance for the inversion algom to be trapped in
wrong solutions. The author believes that multi-physics nteods will be the key

tool in future strategies for parameter retrieval through emote sensing.

This concludes my Ph.D. dissertation on radar cross sectiatata inversion for snow-

covered sea ice remote sensing.
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Appendix A

In this thesis, the boundary perturbation theory (BPT) devdoped by Imperatore et.
al. [92, 94, 138] was implemented as the forward solver to aabte the NRCS data
associated with a layered medium with rough interfaces. Tlaetails on the derivation
of BPT formulation by Imperatore are presented in [94]. (Wedter enhanced this
forward solver as described in Chapter 7.) In this appendiX, brie y describe the
concept behind the BPT. Next, | will describe the details on he | have implemented
the BPT formulation to calculate the NRCS data associated wit the snow-covered sea
ice pro le having rough interfaces. Finally, the simulatio results of the implemented
BPT code are veri ed via comparisons against simulation rets of other forward
solver codes. (The details of the enhancement are not repeathere, and can be found

in Chapter 7.)

To explain the concept of the BPT, I initially introduce the generalized re ection and
transmission coe cients for at interfaces as described if137]. To this end, let's rst

consider a three-layer pro le with at boundaries as shownn Figure A.1. The total
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Fig. A.1. Three-layer medium with at surfaces (based on a gure in [137]).

eld (i.e., the superposition of the down-going and up-going waves) gach of the

layers can be written a8 [137]

Ely = Al e jkle + lezerkzld1+ij12 (Al)
E2y = A2 e jkzzZ + R2j3e2j|(z2d2+jk222 (A2)
E3y = Ase jk 23z (A3)

In (A.1), R4 is the re ection coe cient parameter that considers the e ect of multiple
re ections due to Region 2 and Region 3 interface. Also in (A.2Ry3 is the Fresnel
re ection coe cient between Region 2 and Region 3. Moreovek is the wave number
and A is the wave amplitude. (Di erent subscripts denote di eren layers.) Knowing
that the down-going wave in Region 2 az = d, is equal to the transmission of the
down-going wave from Region 1 plus the re ection of the up-ggy wave in Region 2,

we havé?) [137]

A,gkz2d = leZAleikzldl + szlAszjgerkzzdz jkz2ds (A.4)

@ The example considers the transverse electric (TE) polarization.
@ To be precise, this translates to z = d; where is a very small positive number.
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Furthermore, the up-going wave in Region 1 azx = d; is equal to the re ection of
down-going wave in Region 1 plus a transmission of the up-ggiwave in Region 2.

This can be written as
lezAleikudl — lezAleikudl + szlAszjSeZszzdz jk z2d1 (A.5)

Next, we solve (A.4) forA, to be

leZAlé (kz1 kz2)d1

Az = - A6
27 1 RyRyedk(@ o) (A.6)
and useA; in (A.5) to nd Ry as
TRy Ty @4k z2(dz d)
Ryjp = Rajp + 2221 (A.7)

1 szlejSerkzz(dz dp)

The above procedure represents the concept of the genemrdize ection coe cients for
a three-layer medium with at interfaces. Based on this, wean then understand that
if a new layer is added below the pro le in Figure A.1, the Freszl re ection coe cient
of Ry3 will be replaced byR 3 [137]. Such re ection coe cients are referred to as
the generalized re ection coe cients. Therefore, for anN -layered medium, we have
the following generalized re ection coe cients where thendex i denotes the layer
number [137]

Tijiv1 Risajiso Tivgji €20 (G )
1 RingjiRisjisg €4z (G d)

Rijis1 + Risgjivg €300 (G )
1+ Riji+1Ri+1ji+2 ek z(i+y (divn i)

Riji+1 = Rijiva +
(A.8)

Similar to (A.6) which shows the transmission between two saessive layers in a three-

layer medium, we can arrive at a similar transmission formalbetween two successive
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layers in anN -layered medium as follows [137]

Ty gjiA g @<z 01

A_eikzi di 1 — :
I 1 Riji 1Riji+1 e2kz(di di 1)

(A.9)

The above equation establishes a transmission relation lagten two successive layers.
Since A; is known (incident eld), A, can be obtained. Then, fromA,, A3 can be
found, and so on. This enables us to de ne the so-called gealezed transmission
coe cient, Ty, that establishes a transmission relation between layersahd m as
follows

Ameikzm dm 1 — lemAleikzldl (AlO)

Noting (A.10) and (A.9), the generalized transmission coe cigt Ty, can be recur-

sively obtained as [137]

ny 1 Tiji+1 gkzi(di di 1)
1 RinjiRisjisg €4z (G @)

Tijm = (A.11)

i=1
This concludes our description of the generalized transmisn and generalized re ec-

tion coe cients.

Now let's de ne Sn"©

as the zero-order complex amplitudes of the spectral repre-
sentation of the eld at mth layer®. (The superscript zero refers to the zero-order
eld, i.e., the unperturbed eld.) Therefore the amplitude of the up-g@ing (+) and
down-going (-) eld components at the interface between l&ysm and m + 1, i.e.,
Z= dm, can be combined into a matrix, denoted bysR®, as¥ [94]

2 ©) 3
0 ISm (k?)e Jkzm dm
Sm( )(k? ; dlll)

S (A.12)
Smp(O) (Ko )e+j|<Zm dm

® We note that En@ (r) = : o= v gk 2 (kb )SnP@ (K, )e Kem 2 where Py, (Kb ) is the unit vector
indicating the horizontal/vertical (TE/TM) polarization [94]. Note that based on Imperatore's notation [94],
k- is the wavenumber vector projected on the interfaces; i.e., kb = ke® + ky¥.

@ From this point on, the region indexing starts from 0.
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Employing a recursive approach, and applying the continyitof the tangential elds

across each interfaces, Imperatore nds [94]

SEO (s cn) = N Py (K)SHE (k) 5 )

_ _ _ (A.13)
= NP2 () et (Kb)SHY (Kb ; A )
In (A.13) we have [94]
2 3

1 1 RP. .
NP (ko) = =4 mm5 (A.14)

ijm+1 Rﬁ\jm+1 1

2 3

ékzm m O

me (ko) = 4 5 (A.15)

O e jkzm m

Noting that the matricesN and create a transfer function formulation between the
eld values at di erent layers, and that the very last layer is a half spac®, we can
utilize the generalized transmission and re ection coe ants to arrive at [94]

2 3

: RP. K o .
SO, o) = 47 51 o yd mP0)  (ale)
The above equation relates the unperturbed eld at themnth layer onz = dy, to the

incident eld.

We now consider a pro le with slightly rough interfaces. To his end, we write the
Taylor series expansion of the eld jump at themth interface, denoted by E,(z)®,

as

L@En 4,10 En

z= dm @Z z= dm 2 @% z= dm

® The up-going eld will be zero at this half space.
® Similar equations can be written for  H 1 (2).

Em(z)= En (z+dm)?+ 0 (A7)
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If the interface roughness shape is characterized hy(x;y), from the tangential bound-

ary condition Ry, Em = 0 and keeping only the rst orders of , and
z= m(Xy) dm
, we arrive at”) [94]

@ En
2 Em =Tlom Em m2
z= dm z= dm @Z z= dm

(A.18)

The eld solution can be approximated a€,, EJ+E$ [94] (.e., the unperturbed
solution with superscript (0) plus the correction due to therst-order roughness with

superscript (1)). Utilizing this eld expansion in (A.18) gives [94]

EO
2 EW =r,m EO m? @ En (A.19)
z= dm z= dm @Z z= dm

It should be noted that the left hand side of (A.19) can be thoug as an e ective

(magnetic) current density® The spectral representation of this left hand side will
then be 7 7
2 EW = dk, %27 TP (i, k) (A.20)

z= dm

(n? is the Fourier transform

In (A.20), the spectral surface equivalent current density?;
of the RHS of (A.19), which is dependent only on the unperturbedld component
EQ (i.e., the eld component associated with the at-interface assmnption), and the
roughness ,. Similar treatment of tangential boundary condition for manetic eld

results in an additional spectral surface equivalent curng¢ density of J‘E(rﬁ) As can be
noticed, the roughness e ect can be thought as a at boundayyplus the equivalent

current densities due to the roughness. Thus, Imperatore siders the e ect of these

current densities by adding them as a perturbation matrix to the eld equations in

(M We note that the normal vector at mth interface, denoted by f, is de ned as Ay, = p‘limz The slope

vector, denoted by n,isdenedas m =712 m.

® A similar equation can also be found for 2 H , which can be thought as an e ective electric
z= dm

current density.
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(A.13) at the mth boundary as [94]

2 M 4
koZ @) o1 L @)
KoZo m (R, 2):32W + 1R, .37
SIV (ko) + 4 Hor ot oo o> = Ninimea (k2)Sp (ko i)
+ W(Q? 2):IIFE)m + EQ') :Jﬁm

(A.21)
Based on the abovesg o) (the up-going S in the rst half-space on the very rst

interface) can be calculated [94].

The eld in the rst half-space (i.e., in the measurement domain) due to the medium
under investigation can be written as [94]

x 22
ES(r) = dk» &% 77 6 (k) Sy O (k)02 (A.22)

o= h;v

Employing the method of stationary phase, we nd the scattexd eld in the direction

of interest [94]
D) o\ At (LS : 0 € craw s
Eog'(r)@(k3) = j2kgcos( o)_r So U (k3) (A.23)

The normalized radar cross section of an area, denoted Ay is calculated by ensemble

averaging, denoted by<> , of the statistically identical interfaces as [94]
. . 4772 L (1) A 1S N2
gp = lim lim —— < jEg"(r): (k3)j > (A.24)

By utilizing (A.23) in (A.24) and replacing S; “ with its solution we have? [94]

w= Ko~ (K3 K5)iPWin (kS K5) (A.25)

©) The solutions of Sy “" are directly proportional to  (k§ kb ), thatis S; 9 / ~k$ kb ). Therefore
we have o / < SgWi2>/ <jv(ks kb)j2>/ W(ki kb). (Note the de nition of W in (3.3).) This
explains the appearance of the spatial power density, that is dependent on the perpendicular wave numbers,
in the nal formulation for — gp.
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In (A.25), we have used mm+1 notation to represent the following [94]

- kS, .
e = 2 S0 (RSRY)
elkzm mTrr;uO

elklzm mTOJm(kI )[1 + R mjm+1 (kl )]

(KL + RMymer (K3)] (A.26)

T B el R)
ein mTE(KSL R s (KS)] (A.27)
gen mTh (KL + R (K)]
~ = kt;: " (met m2:(Ry  KS)
gk Sm mThJO(kS)[1+ RN L (KS)] (A.28)
i nTE (KL R Y (Kb)]
~wm = kzém m( m+  m)
dhin Ty oK) e mTY (K))
f[L+ RYjmes (KON + RYyjmaes (K5)] (A.29)

koK 1R e (K3)]

m+1
[1 R Thjmen (K )1k Ko (K5 1R5 ) g
In (A.25), we also used the notatiorW,,, de ned as the spatial power spectral density
of mth corrugated interface, that is equal to [94]

Z Z
1

@y < nr )al)>etd (ASD)

Win( )=< () Ww()>=

Furthermore, to consider the contribution of all uncorreléed rough interfaces, the

e ects of equivalent currents on allN rough interfaces are summed, resulting in the



185

total NRCS value as [94]
w= Ko I~ (K3 k)W (K5 k) (A.31)

It should be noted that based on roughness measurements omaam and isotropical
surfaces, two popular forms of spatial power spectral detysiare determined to be

exponential and Gaussian, de ned as [27]

H hl S i 22
Waaussian(K5 ~ K5) = ( A (A.32)

(hl)? 1
2 (1+jks Kb 223

Wexponential (kg kl) ) = (A33)

In both (A.32) and (A.33), h is the root-mean-square heightife., the height standard

deviation of ), and | is the so-called correlation length, as de ned in Chapter 2.

After presenting an overview on the derivation of BPT formula by Imperatore, |
outline my methodology to implement the BPT formulation to @lculate the NRCS
data associated with a multi-layered snow-covered sea icé&wrough interfaces. As
can be seen in (A.31), the NRCS can be calculated if thq;};m” and W,, for each

boundary is determined. To this end, the following steps mu$e traversed.

1. The snow-covered sea ice vertical prole is stratied i@ homogenous layers,
each layer being assigned with a complex e ective permitiity *©. Moreover,
the thickness values of each layer, the rms height, and theroelation length of
each boundary are also assigned. Furthermore, the frequeraf operation, and

the azimuth and the elevation angles of the incident and sdared waves are set.

2. The values of basic parameters includink,, kb, k3, k$ ki, R$:K,, ks R,

k.., kS, for the mth layer are calculated.

9 Under the BPT scheme, the pro le is not further discretized w ithin each layer, nor on the boundaries.
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3. The Fresnel re ection and transmission coe cients are daulated through [94]

k k
Rh — m+1 Kzm mRz(m+1) A.34
mim+1 m+1 Kzm + mKzm+1) ( )
k k
RY. a = m+1 Rzm mRz(m+1) A.35
mim+1 m+1 Kzm + mkz(m+1) ( )
2 +1k
Thims1 = ne A.36
mjm=+1 m+1 kzm + mkz(m+l) ( )
2 mar K
Toims1 = Uik (A.37)

m+1 kzm + mkz(m+1)

. The generalized re ection coe cients for each boundary r@ recursively calcu-

lated, utilizing (A.8) and the Fresnel re ection coe cients. We should note that

R v = Rv pin-

. The generalized re ection coe cients for each boundaryra calculated through [94]

X 1 y 1
ij(ko)_ explj Kzn  n] n]n+1[ (1 ann 1 njn+1e|2kZn ")l ! (A.38)
n=1 n=0 =1
8
270 (ko) for p=h
oim %2 ) 7k, p=
qujo(k?)— S " ) ° (A.39)
ij(k')) 2fzn - forp=v

. The ~™*! values are calculated utilizing (A.26) to (A.29).

. The spatial power spectral densities for each boundaryeacalculated via (A.32)
or (A.33), depending on the choice of the Gaussian or Exponéitdistribution

for the roughness respectively.

. The total NRCS associated with the pro le is calculated though (A.31).

Imperatore has evaluated the consistency and validity of perrbative formulations

derived for the scattering from a medium with rough boundaes in [92]. Further-
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Tab. A.1: Dielectric pro le speci cations of the multi-layered pro le with rough boundaries intro-
duced in [94]. NA, ko, and denote not applicable, wave number in air, and wavelength
in air. The looking angles are j,c =45, inc =0 ,and gt =45 .
Region 1  Region 2 Region 3 Region 4

thickness half-space 1.15 2.80 half-space

permittivity 1 3 9.5+j0.00055 20.5+j2.55
rms height NA 0.15/ kg 0.15/kg 0.15/kg
correlation length NA 1.50/ ko 1.50/kg 1.50/kg

more, an in-depth discussion on the physical meaning of theegpurbative solutions
for the scattering associated with such a medium can be foumd [147]. In what fol-
lows, | initially investigate the validity of my implementation of the BPT algorithm
through the comparison of my NRCS results with that of Imperatre's. Next, compar-
isons with another approximation formulation introduced ly Sarabandi to calculate
the NRCS associated with layered medium with rough interfasas presented. Finally,
the implemented BPT simulation results are compared to th@sof the nite-volume
time-domain (FVTD) and method of moment (MoM) for rough layeed media. To ver-
ify our implementation of BPT, the example layered medium wh rough boundaries
introduced in [94] by Imperatore is revisited here. The prde and simulation speci -
cations are listed in Table A.1. The NRCS values calculated viae implemented BPT
in this thesis are compared to the values reported in [94] foine pro le in Table A.1
are reported in Figure A.2. As can be seen, the NRCS results arenaist identical and
this con rms the correct implementation of BPT. The small dscrepancies between the
two values are due to the error associated with visual readjrof the NRCS values o
the graphs brought in [94]. In the next step, we compare thersulation results of the
implemented BPT with another approximation method developd for layered media
with rough boundaries. To this end, the formula introduced ¥ Sarabandi in [148] is
considered. The pro le in Table A.2 is investigated, and theiswlated NRCS values
through both methods are depicted in Figure A.3. It can be sedhat both result in
matching NRCS values. Indeed, Imperatore shows in [149] th&PT is consistent

with the formula introduced by Sarabandi in [148], Yarovoyr [150], and Fuks in [151].
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Fig. A.2: The NRCS values associated with the pro le of Table A.1 utilizing the implemented BPT.
The superscript ref denotes the NRCS values for the aforementioned pro le, as gorted
in [94].

Tab. A.2: Dielectric pro le specications of the multi-layered pro le with rough boundaries intro-
duced in [148]. NA ko, and denote not applicable, wave number in air, and wavelength
in air. The looking angles are j,c =45, jnc =0 ,and g4 =0 .
Region 1 Region 2  Region 3

thickness half-space 3.33 half-space
permittivity 1 2 25+j10
rms height NA 0 0.20/ko
correlation length NA 0 2.00/kg

Finally, the consistency between the NRCS values calculateédrough BPT and SPM

has been investigated in [152]. To further investigate the NES simulation accu-
racy via BPT as an approximate method, | present two cases obmparison with the

so-called full-wave methods ofi§ method of moment (MoM), (i) and nite volume

time domain (FVTD). For the rst case, we consider a pro le introduced by Demir
in [153], with speci cations as described in Table A.3. The NRE€ results are reported
in Figure A.4(a). It can be seen that the NRCS values for look ates close to the nadir
are more accurate than those with higher incidence angleslwas. The observed dis-
crepancies in NRCS values are tolerable for our applicatioognsidering the inevitable
error associated with in-situ measurements, dielectric rdeling inaccuracies, and the

requirement for fast NRCS calculation@?.

@D |n [153], Demir reports that the problem under investigatio n had approximately two million unknowns.
Utilizing supercomputing resources (512 processors) with parallelized implementation, it took 10 CPU hours
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Fig. A.3: The NRCS values associated with the pro le of Table A.2 utilizing the implemented BPT.
The superscript ref denotes the NRCS values for the aforementioned pro le, calalated
through Sarabandi method, as reported in [148].

Tab. A.3: Dielectric pro le specications of the multi-layered pro le with rough boundaries intro-
duced in [153]. NA and denote not applicable, wave number in air, and wavelength in

air. The looking angles are j,c =40 , jnc =0 ,and g5 =0 .

Region 1  Region 2  Region 3

thickness half-space 0.20 half-space
permittivity 1 5.4+j0.44 11.27+j1
rms height NA 0.02 0.02
correlation length NA 0.50 0.50

Finally, | present the comparison results between my impleemted BPT and FVTD
reported in [72]. The prole under investigation is a sea icéayer covered with a
rough layer of slush, as characterized in Table A.4. The NRCSluas associated with
this pro le are depicted in Figure A.4(b). It should be noted hat only HH and VH
polarizations are calculated in [72] through FVTD method fora monostatic setup.
Due to zero cross-polarization component for the NRCS that @mulated through the
BPT, only a comparison of NRCS with HH polarization is presentein Figure A.4(b).
Furthermore, the in-situ measured NRCS values associatedtiwithis pro le are also
shown in this gure. As can be seen, the BPT results are follomy both FVTD

and measurement points closely. This concludes our appexdin veri cation of the

per incident polarization for a single surface realization. Furthermore, Demir adds that a tapered wave
incident eld to reduce the edge truncation e ects was utili zed that introduces numerical errors.
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Fig. A.4: The NRCS values associated with the pro le of (a) Table A.3 fa comparison through MoM,
as reported in [153], and (b) Table A.4 for comparison throudp FVTD, as reported in [72].

Tab. A.4: Dielectric pro le speci cations of the multi-layered pro le with rough boundaries intro-
duced in [72]. NA denotes not applicable. The looking angleare inc = gcatr inc =0 ,

and gqt =0 .
Region 1 Region 2 Region 3
thickness (m) half-space 0.0065 half-space
permittivity 1 7.2173+j1.7059] 4.1711+j0.1726
rms height (m) NA 0.00153 0
correlation length (m) NA 0.01406 0

implemented BPT.



Appendix B

In this appendix, | present the procedure utilized in Chapte6 to calculate the complex
permittivity value of the sea ice. Furthermore, | describehe procedure for calculating
the permittivity of dry snow, and brine-wetted dry snow, as tilized in Chapter 7.
The permittivity values are calculated utilizing the thermodynamic parameters of the
pro le. As will be seen, in the case of sea ice, these parametare the temperature,
denoted byT, and salinity, denoted byS. In the case of dry snow, only the density of
the snow, denoted by , is utilized. Finally, in the case of brine-wetted dry snowthe
temperature, salinity, and density of the snow are used to kalate its permittivity.
All these thermodynamic parameters can be measured throughsitu measurements
along with snow and sea ice sample analysis. This enables ascompare the recon-
structed and calculated permittivities and also enables u® indirectly reconstruct

thermodynamic parameters.

As described in Chapter 2, the sea ice is considered to be a mpa of pure ice and

brine. Therefore, the sea ice permittivity can be calculate from the permittivity
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of these two constituents, their volume fractions, and thehspe of brine inclusions.

Herein, | outline the procedure to calculate the sea ice pertivity as follows

1. The permittivity of the pure ice, denoted by ; = %+ %is calculated through [3]

9-3:1884+91 10T (B.1)

(B.2)

In (B.1), T isin C. Also in (B.2), the frequencyf is in GHz, and o and g are
de ned as [27]

O:(0:00504+00062(3T—OO 1)) exp( 221(?3 1)) (B.3)
k k

_ 0:0207 exp(335Tk)
T« [exp(335T) 1P

0
(B.4)
(1:16 10 Y)f 2+ exp[ 9:963+0:0372(T, 27316)]

where Ty is the temperature in K.

2. Brine salinity, denoted byS;, as a temperature dependent parameter is calculated

through the following empirical equations [123]

S 57.041 9:929T 0:162042 0:002396°3 for 229 T< 82C
b

8
% 1:725 187567 0:3964r2 for 82 T< 2C
§ 24294 +1:5290T +0:042972  for 368 T < 229C

” 50818 + 14:535T +0:2018T2  for 432 T < 368C
(B.5)

3. The permittivity of brine, denoted by = P+ j %is calculated as follows [154]

0 b0 wl
b

= w1 *t m (B.6)
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00— b0 wl b
b= (2f b)1+(2f b)2+2f - (B.7)

The parameters in (B.6) and (B.6) are calculated through thdollowing equa-
tions [27,154]
wl — 4:9 (B8)

w = [88:045 0:4147 +6:295 10 *T?+1:075 10 °T7] 69
B.9

[1 0258N,+5:15 10 °NZ 6:89 10 3N/
2 p=[1:1109 10 3824 10 ?T+6:938 10 “T? 5096 10 °T3
[L+0:146 10 TN, 489 102N, 297 10 °NZ+5:64 10 3N/
(B.10)

b= [Np(10:36  2:378N,+ 0:68N7? 0:13N2+1:01 10 °N2)]
[1 196 102 +8 :08 10° 2 N,[3:02 10°+3:92 10°

+ Np(1:72 10° 658 10 °)]

(B.11)
Np= Sp[1:707 10 2+1:205 10 °Sp+4:058 10 °S?] (B.12)
=25 T (B.13)

4. The brine volume fraction, denoted by, in the sea ice under investigation is
calculated based on the sea ice temperature and salinity,rd#ed by S;, through

the empirical expression brought below [31]

49185
Vp = 10 3Si(

+0:532) (B.14)

5. The e ective permittivity of the sea ice can now be calcutad through the so-

called Polder-van Santen/de Loor mixture formula for sphécal brine inclusions
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through [155]
b i
bt 2

seaice= i t3Vp (B-15)

In (B.15), is the e ective dielectric constant for the region immediatly sur-
rounding an inclusion particle, determined as [27]

8

sea ice for Vp > 0:1
= (B.16)

>
- for vy 01

This concludes the procedure that we used to calculate the rpdttivity of sea ice.
Finally, it should be noted that another common mixing formia utilized for sea ice is
the Tinga-Voss-Blossey (TVB), that is simpli ed to the following for spherical brine

inclusions [156]
- W i(b i)
sea ice | (2 i + b) Vb( b i)

(B.17)

I now present the method to calculate the permittivity of dry snow, denoted by g,
utilized in this thesis. This method only requires the knovddge of the dry snow density,

denoted by 4, through the following empirical equation as [119]
gs = 1+1:7 go+0:7 & (B.18)

As can be seen in (B.18), the imaginary part of the dry snow peittivity is negligible.

Finally, | describe the methodology utilized to calculate ie permittivity of the brine-
wetted dry snow, denoted by ngs, in this thesis. This requires the knowledge of the
snow's temperature, salinity, and density. To this end, thdollowing steps are consid-

ered:

1. The so-called true volume fraction of the brine, denotedybV,, within the snow



195

is calculated as [142]

Vb b s
Vy = — B.19
T @ V) i tVoo b ( )

In (B.19), ; is the density of pure ice that is equal to 0.93¢=cn?. Also, the

brine density, denoted by ,, can be calculated via, = 1+0 :01T. Moreover, the

brine volume fraction, vy, is calculated using (B.14).

2. The permittivity of the brine-wetted dry snow is calculaked via [142]

- 2y b ds
T 3™1+0:053(> 1)

(B.20)

In (B.20), the brine permittivity  is calculated via (B.6) and (B.7).

This concludes our appendix on methodologies utilized tolage the thermodynamic
properties of snow and sea ice to their permittivity valuessautilized in Chapters 6

and 7.



Appendix C

In this appendix, the enhanced forward solver introduced i€hapter 7 is explained
for a three-layered medium with rough interfaces. To this &h the volume and surface

scattering components are investigated in Sections C.1 af2, respectively.

C.1 Volume Scattering

Herein, we demonstrate how single volume scattering with ntigle boundary re ec-
tions can be formulated based on the concept of the generaliztransmission coe -
cients. To demonstrate this, we assume a three layer mediumufnbered as 0, 1, and
2) containing volume scatterers within the middle layer. Tk middle layer is sand-
wiched between two homogeneous half-spaces. This diredtoéation provides insight
into the role of the generalized transmission coe cient astiized in Section 7.4.2 for
multi-layered medium. To take into account multiple re ectons within this three-layer

medium, we utilize a ray tracing technique as introduced inB7]. Since the discussion
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here is focused on co-polarized scattering, we drop theqsuperscripts for simplicity.

To begin the discussion, let's assume that the eld within te middle layer experiences
volume scattering due to a di erential volume. The tube show in Figure C.1 contains
the di erential volumes over which the e ect of volume scatéring is integrated so as
to nd the collective volume scattering due to that tube. This volume scattering can
be of two types: back-scattering and bi-scattering. Baseda27], the scattered power,
Ps“‘be, due to the interaction of the incident power,Pi‘“be, with a volume scattering

tube can be found as

8
pube S v (1 j ez j); back-scattering .
tube - > ) .
i v ojedke bi-scattering

wherek, and belong to the middle layer. (This notation holds for the rest of this
appendix.) To complete our list of notations, we assume tha“P¢=ptbe is equal to
jVj% whereV represents the eld volume scattering due to the tube. In thease of back-
scattering, we denote this ad/®, and in the case of bi-scattering, it is denoted ag"'.
As noted above, the collective volume scattering can be due back-scattering and bi-
scattering from the tubes. Let's now consider the back-sdating. As will be explained,
back-scattering can occur under two scenarios. In the rstenario, the wave enters the
tube from the above, and will then be scattered back. To undstand this scenario, let's
consider Figure C.1(a). As can be seen, the tube can be at pasit (i), (ii), etc. The
eld will be transferred to each position with a coe cient of Ty, Toleljlejoez“‘z ,
etc. respectively. Furthermore, for any of these positionshe scattered eld will be

transferred to the rst half-space by Tijo, T1j0R12R106%%? , and etc., as depicted in
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(@) (b)
4Dk 25 2 30k o 2
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@
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Fig. C.1: Dierent wave con gurations for (a) into the back-scatteri ng tube from above, (b) into the
back-scattering tube from below and bi-scattering tube, (9 exiting the back-scattering tube
from above and bi-scattering tube, and (d) exiting the backscattering tube from below.

Figure C.1(c). Therefore, the total e ect will be

A .

> = T . V

(Tyjo + TyjoRyRyjoe™*  + )+
(ToitRy2R1j0€% 2 ) Vv P

(Tyjo + TyjoRyRyjoe™*  + )+

= (Tojz + T0j1R1j2R1j0621kZ + 1)

(Tyjo + TyoRyzRy o™ 2 + ) V B (C.2)
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Each of the last two parenthesis in (C.2) contains an in nitegeometric series. There-

fore, they simplify as

=Toj1 =T1jo
Z }] { z }| {

Abl To T
Rs _ b or 4o (C.3)
Ai 1 lelejerJkZ 1 lelejerJkZ
We note that Rj; = R;;i. In (C.3), T represents the generalized transmission coe -
cient introduced in (7.4). Now let's calculate the correspating NRCS as

Co S Co JjAjJ=C, A2

where Cy, and R, are the cross-section area of the tube and the observatiorsi@ince

from the pro le, respectively. Therefore, this NRCS will be

1= ijijTOjljijlejz

3 cos()
= |V 5

(g— j etk J';J'-|-011J'2J'-|_1joj2 (C.5)
V4
_

- vl

where ; is the NRCS observed at the rst half space (layer 0), andsll) is the NRCS
corresponding to the middle layer (layer 1) associated witthis scenario whose e ect
is transferred to the Oth layer viaTjo and Tg; coe cients. To link this to the three

mechanisms presented in Section 7.4.2, we note that this #eang is associated with
the particle back-scattering. This concludes our discussi on the rst scenario for

back-scattering.

Now, let's consider the second scenario for volume scattegidue to back-scattering, as
shown in Figure C.1(b). In this scenario, the eld enters théube from the bottom due
to re ection(s) at the interface of layer 1 and layer 2. The éd is then back-scattered
by the tube, and will then reach the Oth layer. This can be bedr understood by noting
Figure C.1(b) in which the tube could be at position (i), or (i), etc. The eld will be
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transferred to each position with a coe cient of Tj1R1j26* |, Tgj1R12°Ryjo€ 32 | etc.
Furthermore, for any of these positions, the scattered elavill be transferred to the
rst half-space by TyjoR1j2€%7 , TyjoR12°Ryj0e¥2 , etc., as depicted in Figure C.1(d).

Therefore, the total e ect will be

AZ ik b
= = (TRy2€* ) V
|
(leolezeikZ + leolezlejoeSij + I+
(TojaR1j2°Ryjoe¥*? ) Vv °

(leolezeikz + leolezlejoeSjkz + :::)+
= (TOleljzeikZ + Toleljzlejoegij + 1)
(leolezeikZ + leolezlejoeajkz + :::) V b (C6)

The last two parenthesis in (C.6), each has an in nite geomgt series. Therefore,

they simplify as

. S =T}T|0j1 (z =T}T|110 {
Bs — (R.,dkz )2yP ur__ yo C.7
A (Ruze™ ) 1 RyRyjee#kz 1 RyjpRyjoedk: (©7)

Consequently utilizing (C.4), the NRCS respective to this emario is calculated as

2 = jRyjj etk jjvbjijOjljijlejz

. T . COS . : . 9. .
= jRyjj etk ()(1 j etk J;]TOjljijleJz (C.8)

Jv{zz—

- @

- v3

where ; is the NRCS observed at the rst half space (layer 0), and\(,é) is the NRCS

corresponding to the middle layer (layer 1) associated witthis scenario whose e ect
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is transferred to the Oth layer viaTjo and Tg; coe cients. To link this to the three
mechanisms presented in Section 7.4.2, we note that this #eang is associated with
the interface-particle-interface scattering mechanismThis concludes our discussion

on the second scenario for back-scattering.

We will now consider the volume scattering due to bi-scattarg e ects of the scatterers
within the middle layer. This bi-scattering can happen undetwo scenarios. The rst
scenario involves an incoming eld as shown in Figure C.1(bJpon re ection(s) from
the interface of layer 1 and layer 2, this eld enters the tube The volume scattering
then occurs in a bi-static fashion, and the resulting scatted eld enters the half space
(layer 0) as depicted in Figure C.1(c). Therefore, followm the same procedure, we
will have
A2 _

o y
A_i_(TOleljZel ) v

(Tyjo + leOlelejOezij + )+
(TOlei‘lejoesjkz ) V bi

(Tyjo + TyjoRyjzRyjo€™ 2 + 1)+
= (TOleljzeikz + Toleljzlejoegjkz + 1)
(Tyjo + TyoRy2Ryjo€% s + ) v P (C.9)

Again, the last two parenthesis in (C.9), each contains an imite geometric series.

Therefore, they simplify into

) B R T
A

. . T Tq
28 = (Rye*? )V L L C.10
A = R VR Rue@ s T RypRyoe: (C.10

The second scenario for volume scattering due to bi-scatitey is simply the mirror of
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the rst scenario. This would give a multiple of two to the right hand side of (C.10).

Therefore utilizing (C.4), the NRCS due to this con gurationis calculated as

3= 4jRy) €% VYT i3 Tyl

:?lejszJGijz{zj v jedke ngOjljijleJ.z (C.11)

- @

v2

where 3 is the NRCS observed at the rst half space (layer 0), and\(,lz) is the NRCS
corresponding to the middle layer (layer 1) associated witthis bi-scattering con gura-
tion whose e ect is transferred to the Oth layer viaTl 4jo and T, coe cients. Similarly,

to link this to the three mechanisms presented in Section 72 we note that this

scattering is associated with the particle-interface sciring mechanism.

To account for the e ect of all di erent con gurations, we utilize a summation as in [27]

to calculate the total NRCS, . Thus, from (C.5), (C.8), and (C.11) it follows

_ _ 1 1 1 . .2. .2
v = =0+ G eyl

\(/1)j-I-Ojljijlej2 (C12)

As can be seen, the above equation is identical to (7.7) for arée-layered medium

considered here. In addition, (C.12) may be re-written as

Ocos()._l_ .5 cos(o) _

= WiT..i2 -
T e Teos(g) Y g cos( )

OTh1Taj0 (C.13)
where we refer tol' as the generalized transmittivity. If we consider only oneerection

(i.e., Fresnel re ection and transmission coe cients instead ofjeneralized coe cients),

(C.13) will be identical to the expression presented in [2Tdr a similar pro le.
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C.2 Surface Scattering

Herein, we consider the same pro le as presented above. Thalis to show how the
cross-polarized surface scattering is calculated. Let'ssaume that the surface scattering
component due to the rst interface is 8™, which can be found from (7.2). For the

second interface, following the same procedure presentedhe previously, we have

A _
KT =(Tou€** ) S

(Tyo€*?  + Tyo€** RyjoRy2€%%7 + 1)+
(TOjleikZ R]_jolezezij ) S

(leoékz + leoeikz leOleZezij + )+

= (Ton€r + Tope? RyoRye + 1)

(Tyo€*?  + Tyoe** RyjoRyp€4%r + 1) S (C.14)

where S represents the eld cross-polarized surface scattering ect at the interface
of the layers 1 and 2 assuming that these layers are half spacégain, utilizing the

formulation for an in nite geometric series, we simplify (C14) as

5 szrlojl {7 :_Iilljo {
= (d** )2s o o C.15

As
A;

Assuming that the eld surface scatteringS results in the corresponding NRCS of

P92 the total surface scattering NRCS is calculated as
Pi= PO 4 je¥ jjTgj?Tyjej® 24 (C.16)

As can be seen, this is consistent with the formulation presia in Section 7.4.1.1.
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