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Abstract

The need to monitor geophysical properties of first yeark®d)in the Arctic is increasing
as this type of sea ice becomes more prevalent. One suchadn&thwnitoring the Arctic is
the use of electromagnetic remote sensing techniques.eThethods determine dielectric
properties of the illuminated sea ice by interpreting hoevélectromagnetic waves interact
within the medium. In the literature, there are empiricahialas relating these dielectric
properties to the geophysical properties of the sea ice c@hgibutions of this research are
the development and testing of a surface based active mawevwemote sensor to monitor
sea ice growth in the winter through the reconstruction eftime series complex permittiv-
ity profile of FYI.

To collect experimental data, we designed an antenna, dietteal measurements in the
winter of 2015 and 2016 at the Sea-ice Environmental Resdaaciity (SERF). In these

experiments, we collected antenna measurements as weltfasped physical sampling of
the sea ice. In addition, cold lab experiments were utilttedauge the sensitivity of our
antenna to the geophysical properties of sea ice.

To process the measured data, we developed an inversiatitlahgavhich reconstructs the
unknown parameters by minimizing a data misfit cost functidhis cost function repre-
sents the discrepancy between the measured data and tHatsnidata by a transmission
line based forward solver due to predicted unknowns. Todhis we used simulated an-
nealing (SA) as the global optimization technique to iteedy optimize the cost function.
The method was able to follow the general time series trerideotea ice properties for syn-
thetically collected data. With regards to experimentahsugements, we needed to develop
a data calibration procedure to alleviate our modelingreiée then presented preliminary
inversion results using these calibrated measured datambiel is still in the preliminary
stages, and as such, future expansion on this model could ps®ful to the Arctic remote
sensing community.



Contributions

The contributions of this thesis are:

e Data collection

— The design and fabrication of an open-ended waveguide (OBWHhaa having a
low mismatch loss with snow-covered sea ice over the frecueange of3 GHz
to 5 GHz. To this end, we inserted an ultra-high molecular we{ghiMW)
plastic into the OEW'’s cavity to match with snow.

— We performed near-field (NF) and far-field (FF) measuremehthe OEW in
free space. These measurements give a comparison to geadeh of the
fields inside sea ice.

— Using cold room experiments, a sensitivity analysis wasopered on the an-
tenna with respect to different salinity, temperatures, thicknesses of sea ice.

— Time series antenna measurements, salinity, temperadethickness profile
collected at the SERF during winter 2015 and 2016.

e Data calibration

— Adapting a data calibration process from microwave tomplgydo this applica-
tion.

e Data processing

— The development of a MATLAB computer code to reconstructtihie series
complex permittivity profile of sea ice. The method conglsté a single layer
and a three layer model. The developed algorithms weredt@gtl synthetic
and experimental data. Key aspects of the technique were:

x Simulated annealing for continuous model parameters.

x Transmission line based forward solver rather than a fullenscattering
inversion.
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Introduction

Broadly speaking, this research falls into the area of edewignetic inversion at the mi-
crowave frequency range. “Electromagnetic inversion fndd as the process by which
some properties of an investigation domain are inferrethfexternal electromagnetic ob-
servations” [4]. In this research, our investigation damigisea ice, and the properties to
be determined are thickness and dielectric properties gapermittivity). We investi-
gate the use of a single antenna element, which is in diretacowith the top surface of
the investigation domain, to collect the external measula@d. These measured data are
then to be used to reconstruct the unknowns, internal pdesspeby solving the associ-
ated electromagnetic inverse problem. Electromagnet&rsion often requires three steps:
data collection, data calibration, and data processinge(gion algorithm) [4]. This thesis

addresses all these three steps for the proposed remoiegssinategy.

The research work completed for this thesis was the desidisdmication of an active mi-

crowave device for electromagnetic remote sensing of segrmnth in the Arctic. A global
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optimization technique, utilizing a transmission line é&dgorward solver, was created to
relate measured data to the complex permittivity profilehef$ea ice. A calibration factor
was then implemented in an attempt to relate the transmisisi® and physical model. This

chapter will give reason for this research, followed by atlioe of the thesis.

1.1 Motivation

Climate change is a big concern as temperatures increasdieSthow a decline in the
amount of multi-year sea ice (MYI) due to increase in gloleahperatures [5]. This MYI
is being replaced by seasonal first year sea ice. The formafithinner sea ice leads to
changes in both dynamic and thermodynamic characterisiiteese changes impact the
Arctic environment, Arctic transportation, and the oil irstry. As the sea ice becomes thin-
ner, the Arctic will start to see more human presence. Thexeartain risks associated
with this increase in activity such as damage to ships angpilis. Therefore, it is crucial
to develop different monitoring techniques of sea ice irppration of the influx of human
activity in the Arctic. Sea ice is a complicated structurdene no one system can charac-
terize every aspect. An array of sensors are required totor@ea ice, especially when oll
contaminated [6]. To this end, we chose to focus on the timesgrowth of FYI in the

winter. This includes snowfall on the sea ice.

The use of active remote sensing is an effective method oiceeaonitoring. Within the
framework of active microwave remote sensing in the Aratayices such as synthetic aper-
ture radar (SAR) systems and ground-based scatterometarsexnt [7]. Data obtained from
these systems can be processed by appropriate inversiontlaigs (e.g. electromagnetic

inverse scattering algorithms) in order to reconstrucipttoperties of sea ice [8].

Unfortunately, these systems can be quite expensive andtgprovide enough temporal
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resolution. That is, sensors such as space-borne SARs cata@el measurements when
the surface is in its field of vision. Surface based sensars tiee advantage in cases where
high temporal resolution is required (such as oil spill data). As well, the cost can be
significantly less than space-borne or airborne remoteosgn&nother factor to consider is
that the retrieval algorithms for active microwave remaassng require “sufficient” data.
To this end, scatterometers have relatively low bandwidth @se multiple incident angles
in order to acquire sufficient data. To achieve differentlasgtypically the system must

reposition the sensor which can be a costly component.

In this thesis, we look to use multiple frequency measuraési@order to collect sufficient
data for the inversion algorithm. We look to develop a swefhased active remote sensor
that is relatively cost effective, to be an addition to theseent methods. This sensor will be
able to provide high temporal resolution of the complex p#ivity profile of FYI growth

in the winter. As well, we look to be able to monitor the didretiects on the surface layers
of the seaice. That is, measure the effects of brine movewidmnnh the surface layer of the

ice.

The vision of this research is to deploy a network of these@anacross an area of interest.
They would connect wirelessly to a base station where thedata would be processed
by the inversion algorithm. As well, they would be equippeithwsPS in order to track
location. This mapping of the sea ice would provide infolioratabout ice growth, ice

movement, and would have the potential of tracking oil coritents.

1.2 Thesis Outline

This thesis provides an electromagnetic-based approdble toonitoring of the time series

growth of snow-covered sea ice during freeze up in the Arcflee outline of the thesis is
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as follows:

Chapter2 provides an overview of the Arctic environment and deswis of the engineer-
ing concepts used in this research. The topics discusskdleicl) geophysics and thermo-
dynamics of snow-covered sea ice, 2) electromagnetic eesgrising, and 3) geophysical

inversion.

In Chapter3, we design an antenna that is capable of penetrating inte-sovered sea ice.
We discuss the optimization process and our results usingdeling software, ANSYS

HFSS. We present the simulat8gd and near-field of the optimized antenna.

In Chapter4, a series of experiments are conducted on the fabricateh@atto verify
simulation results. To this end, we performed anechoic deexperiments to confirm
the radiation pattern of the antenna. In addition, we oetthre experimental setup and test
techniques that were used when performing measurementadoes We then studied the

effects low temperature has on the calibration of the arstemu experimental setup.

Chapters presents the experimental data collected from SERF 2015 BR# 2016. This
data includes the antenna measurements and physical saohpta ice. As well, a cold lab-
oratory experiment was conducted to analyze the antenrsitiséy to sea ice geophysical

properties.

In Chapter6, we process our SERF 2015 data to generate our true complextipaty
profiles. We then discuss a transmission line model forwalhees to be used in our geo-
physical inversion. Finally, a calibration technique ieggnted which is used to relate the

transmission line model to the true physical model of thexsnovered sea ice.

Finally, Chaptef7 presents an inversion technique using simulated annedllrg inversion

is used to reconstruct the time series complex permittpitfile of sea ice from simulated
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and measurefl;; data. The results and performance of the algorithm are goresimulated
and for calibrated experimental measurements. Finallyp@n& concludes with a summary

of the objectives and the results of the project.



Background

This chapter provides background from three areas of studghnare critical to this re-
search. These fields include: geophysical and thermodysaafisnow-covered sea ice,
electromagnetic remote sensing, and geophysical inversie begin with the characteri-
zation of the problem domain (snow and sea ice). Followingpvwesent the background on
electromagnetic remote sensing which is used in the atigmsf our data. Finally, we will

discuss the basics of geophysical inversion and the speuwdfitod chosen for this research.

2.1 Geophysics and Thermodynamics of Snow-Covered Sea Ice

The Arctic is a complex environment due to the interconmechietween geophysical, ther-
modynamic, biological, hydrological, and atmosphericditians [9]. Snow-covered sea ice
affects all of these conditions, and is the medium we focumdhis research. To this end,

we limit the discussion to Arctic topics pertinent to thisearch.
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Fig. 2.1:The freezing temperature and maximum density are inversely proportioralimity. For
fresh water (red line) the temperature of maximum density is greater tharedzirfg point,
whereas in sea water (blue line), the temperature of maximum density is lowethia
freezing point [1, 2].

2.1.1 |Initial Sea Ice Formation

We begin with a discussion on the initial formation of sea 8ea ice typically forms slower
than pure ice due to the presence of dissolved salts in trendd¢. Sea water salinity is
35 psu on average, thougid psu is common in the Arctic and Antarctic regions [2]. Water
salinity within the Canadian Archipelago are often found édose to30 psu. The main
salt dissolved in sea water is sodium chloride, though o$léis such as sodium sulfate,

magnesium sulfate, and magnesium chloride are present.

The freezing temperature and temperature of maximum geofsiater is inversely propor-
tional to salinity, as shown in Figure 2.1. Pure water freeatea higher temperature°(')

than sea water{1.86°C with a salinity of34 psu). In addition, pure ice at the freezing point
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floats due to being less dense than the warmer water undern@at the other hand, sea
ice at the freezing point sinks due to having a higher denisay the water underneath; this
produces a convective effect within the surface layerdidutd be noted that fresh water has
this vertical convection, but only until the surface layemperature reaches the maximum
density at approximatelC (above freezing temperature). Of course, other factons asc

wind can cause circulation of the water column.

There is a large increase in density at the base of the ocefmtslayers (00 m to 150 m)
called the pycnocline [10]. Due to this large increase insttgnonly the surface layers of
the ocean must be near freezing in order for sea ice to forra.n€led to have these surface
layers below freezing is another reason that makes searitafion slower than pure ice in
similar climatic conditions. Overall, more heat must be oggd in sea water compared to

fresh water in order to freeze [2].

After the surface layers of the ocean are sufficiently caahdomly oriented ice crystals,
known as frazil ice, begin to form at the surface [9]. Thesstals are approximatemm
to 4 mm in diameter. The term grease ice is given to the soup-likkéune as these crystals

coalesce.

The subsequent freezing process of grease ice is depenadeeanic and atmospheric
conditions [11]. These conditions can be separated intoalt), 2) turbulent, and 3) com-
bination of (1) and (2). Initially, sea ice grows laterallpag the surface of the sea water
where there is contact with the colder Arctic air. Under calomditions the ice crystals
amass into a uniformly thin sheet of ice called nilas. Wheneleturbulence, ocean swell
or wave action, the crystals freeze together to form circdiscs [12, 13]. The discs then
aggregate to form pancake ice. Typically a combination ¢thcand turbulent conditions
occur during this freezing process [11]. This combinatian tead to nilas breaking apart

and forming into pancake ice, or grease ice can develop itgs ifithe waves subside.
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The ice layers formed under the initial surface layer havéfardnt texture. These subse-
quent layers transition from granular ice to congelatian i€ongelation ice has a distinct
columnar crystal texture due to the downward growth of tlee iEhis growth is caused by
the conductive heat flux of the ice floe being directed pritparpwards. Initially we have
fairly rapid ice growth. As the ice thickens, this heat fluxcasases resulting in slower ice
growth. This is due to the temperature gradient of the iceedesing. The heat flux of sea
ice is given by
oT

F=-K (2.1)

whereK is the thermal conductivity in—""%— T s the temperature in Kelvin, andis
the vertical direction of the ice sheet [2]. The thermal awtvity of sea ice is influenced
by temperature, salinity, and the volume fraction of brimel air. Typically, the thermal
conductivity of sea ice is lower than that of pure ice due ®ititlusions in sea ice (brine

and air) being poor thermal conductors.

These are some ideal simple cases of ice growth. At any potheifreezing process, wave
action, collisions with other ice structures, solar andgemture fluctuations can alter the
structure of ice [2]. For the scope of this thesis, it is sidfit to end the discussion with

ideal lateral and vertical ice growth.

2.1.2 Salinity and Brine Movement

First year ice typically has a C-shaped salinity profile wibeetop and bottom layer of the
ice is more saline than the middle section [2]. This phenanes caused by the way brine
moves within the ice during growth. Brine movement in seasagarimarily influenced by a

combination of molecular diffusion and advection.

A simplified description of brine movement is as follows. Ag temperature of the upper
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layers decrease, the encapsulated brine pockets decnesige due to the water molecules
freezing [9]. The newly formed ice precipitates salts cagghe salinity, as well as the
density, of the brine to increase. Naturally, the brine t@hd to travel downward through
the ice towards the ocean through brine channels. Thesaelsacan be created, but are not
limited to, the initial freezing process or the superhepntih brine due to the introduction
of more saline brine from above. However, brine channelsedese in size as temperature
decreases resulting in brine being trapped in the upper tzythe ice; the porosity of the

sea ice decreases with temperature.

From this basic description of brine movement, we can sde#zeice is a complex structure
composed of pure ice, brine, and air pockets. It is the volinaetion of these three geo-
physical components that influence complex permittivityhafice. As well, temperature of

the sea ice plays a major role in the volume fraction of eachpmment [14].

2.1.3 Snow Fall on Sea Ice

The albedo of a material indicates how well solar radiatenefflected [13]. Sea ice and
snow have a much higher albedo than the ocean. This restitts sea ice and snow having
a major influence on the heat exchange between the atmospitetiee ocean. In this thesis,
we primarily focus on sea ice with no snow cover. Howevernevéhin layer of snow plays
a significant part in the heat transfer between the atmospdred ocean [2]. The snow acts
as a thermal insulator for the sea ice. To this end, we preseather quick summary of

snowfall on sea ice since it plays a major role in the Arcticiemnment.

Snow can be characterized into dry and wet snow. The pregastithe snow change rather
quickly due to changes in atmospheric temperature, huyniditd pressure [9]. The vari-

ation in snow properties increases as the snow ages. At twise interface a layer of
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highly saline, relatively large snow grains (hoar layer ba found. This layer forms due to

brine from the sea ice mixing with the snow base.

With respect to remote sensing, the wetness of the snow hagos impact on the electro-
magnetic waves propagating in it [2]. As well, the micradsture of the snow pact can have
significant effects on the propagation and scattering cfdtveaves. In the next section, we

will discuss how these geophysical properties influenceaymepagation.

2.2 Electromagnetic Remote Sensing

Remote sensing in the Arctic provides a means of obtainirgimétion about the environ-
ment from a distance [15]. Remote sensors can be separatedcinte and passive. The
former type of sensor emits energy towards the target andumesithe reflected or backscat-
tered signal. The latter sensor does not emit energydoes not irradiate the object), rather
it measures natural energy that is emitted by the targegbanserved. In this thesis, we

focus on active electromagnetic remote sensing.

In active electromagnetic remote sensing, there are ayafieommon sensors used such as
scatterometers, SARSs, and ground penetrating radars (GBR)Iiftherently, these sensors
are all a form of non-destructive measurements since theyotlalter the target or object.
As stated in Chapter 1, the sensor designed for this resemezhactive microwave remote
sensor that is situated directly on the target we are to mmea#\s well, the sensor uses a
continuous wave, rather than pulse waves, in order to mgete our target. To this end, we
will limit our discussion to time harmonic electromagnst{the time dependency is assumed
to beexp(+jwt) wherej? = —1, w is the angular frequency, ardienotes the time). We
will begin with describing time harmonic waves absent ofrsea (antennas in our case),

followed by a discussion on the fundamentals of antennamllffiwe end this section with
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the mixing models relating the electrical and physical prtips of snow-covered sea ice.

2.2.1 Time Harmonic Waves in Dielectric Medium

We begin this discussion with Maxwell’s equations in thegfrency domain in order to
formulate our time harmonic wave equations. The Maxwellagigns are a set of partial
differential equations that describe the way in which fietds exist. We start with the
following (Faraday) equation

V xFE=—jwuH (2.2)

wherekFE is the electric field intensityy is the angular frequency, is the permeability of the
material, H is the magnetic flux intensity, and the opera¥0x denotes the curl operator.
Equation (2.2) states that a time-varying magnetic fieldlalays have a spatially-varying
electric field. Next we have the following equation, whictihe extended for of Amgre’s
law

V xH =J+ jweE (2.3)

whereJ is the electric current density, ards the permittivity of the material. We define
the permittivitye = ¢,¢, wheree, is the permittivity of free space = 8.854 x 10712 %)
ande, = ¢ — j€” (real and imaginary parts). This law states that the magfietd induced
around a closed loop is proportional to the electric cureant the rate of change of the

electric field. Following, we have Guass’s law, given by

V.- (eE)=p (2.4)

wherep is the electric charge density. Gauss’s law states Eh&aving a volume is pro-

portional to the charge contained within. Finally we hawe fibllowing law for magnetism,

LIn our research, we do not work with magnetic materials eftege we assumg = yi, = 47 x 1077 %
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given by
V- -(pH)=0 (2.5)

Simply put, this law stems from there being no magnetic mofexpwhich results in the
magnetic flux through a closed surface being zero. Now thatave our set of laws gov-
erning field interactions, we can look to solve for time hanmsavaves in our medium which

is free of sources.

In a non-magnetic, conductive, lossy homogeneous mediumma sources, we can take
the curl of both sides of (2.2), and substituting in (2.4) éA@&) as necessary, to obtain the

homogeneous Helmholtz wave equation, given by

VE+~’E =0 (2.6)
where~y is
Os + we e
v = w\/,uoeo(e’ —Jj—) (2.7)
WE,

and wherer, is the ionic conductivity of our medium. We note that our loassimaginary
part of our complex permittivity, is a combination of the iononductivity and the dispersive
property,e”’. The latter term, which is frequency dependent, referseddhs of energy due
to the polarization of the material in the presence of anllasicig or changing electric field.
As the fields oscillate, there may not be enough time for theeriad to reach equilibrium.
Therefore, energy is needed to counteract the particlessapgp momentum. In the context
of this research, we assume this value to be constant sinegengealing with a relatively
narrow frequency range. To simplify the problem, an eftectoss,c’, ;, is introduced and
defined as

7
” Os + WeEyE

Eeff i —— (2.8)

we,

Let's now consider a plane wave which satisfies the Helmhedization. A plane wave
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is a wave whose surfaces of constant phase are parallelsphemmenal to the direction of
propagation. If we are far from a source, and look at a smati@e of a wavefront, we can
approximate most wave fronts as plane waves. Another irmpbproperty of plane waves
is that an arbitrary field distribution on a plane can be egeann terms of summation of
plane waves coming from different directions. This condspisually referred to as the
plane wave spectrum [17]. An important property of a planeena that there are no fields
in the direction of propagation. That is, assuming that tinection of propagation ig,
E. = 0andH, = 0. A wave having no electric field in the direction of propagatis
known as a transverse electric wave (TE). If there is no migfield in the direction of
propagation, the wave is considered transverse magnéiiy. (Therefore, a plane wave is a

TEM wave (satisfying both TE and TM requirements).

In regards to this research, we model the wave propagatiofEds with respect to?.

Therefore, we may write the solution as

E = Ete 4 E7 et (2.9)

where the two terms on the right hand side represent the fdravad backward traveling
waves respectively, anB} and E are the respective amplitudes of the electric fields po-
larized transverse t We note here that the real partpéffects the phase, and its imaginary
part determines the wave attenuation. Through Maxwellisaigns and the properties of
plane waves, we can establish a relationship between theielgeld and magnetic fields,
given by

:x E=nH (2.10)

2 The actual wave propagation will be different than TEM. THEM is used for simplification. The dis-
crepancy between the TEM model and the actual propagatiaddeesses in the calibration section of this
thesis.
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wheren is the characteristic impedance of the material, giveh by

Mo
€o(€ — je')

n= (2.11)

2.2.2 Normal Incidence Reflection at a Boundary

This section will present how plane waves interact at sibglendary and in a multi-layered
media. We begin the discussion with a statement of the boyrdaditions at an interface,
followed by how the waves transmit and reflect at this bounddsing the integral form of
(2.2 - 2.5), we can derive how the normal and tangential ete@hd magnetic fields interact
at a boundary. Assuming a wave traveling from a lossy digteatedium1 into another

dielectric mediun®, shown in Figure 2.2, the boundary equations are given by

n- (€1E1 - €2E2> = Ps (2.12)
n- (puHy — ppHz) =0 (2.13)
nx (Hy — Hy) = Js (2.15)

wheren is the normal vector to the boundary surface pointing frondiona 2 to mediuml,
andp, andJ, are the surface charge and surface current density, resgdgcAssuming we
have a plane wave with normal incidence to the boundéyyywe assume we will also have a
reflected waveFE,., in mediuml and a transmitted wavé;, in medium2. By invoking our
boundary conditions we find that the tangential electric madjnetic fields are continuous

across the boundaries. That is, these conditions yield

3 For simplicity, we are now using’ instead ofey s .
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Fig. 2.2:The reflection and transmission of an incident electromagnetic wave anadgu

E; +E, = E, (2.16)

and by (2.10), the boundary conditions for the tangentiajmetic fields yield

E; E. E,

m T Up)

(2.17)

From these equations we can establish the following relakips between the incident,

reflected, and transmitted waves

E, = <"2 — ”1>Ei ~TE, (2.18)
=+ 12

E, = ( 2112 >E —TE, (2.19)
M =+ 1o
1+0 =T (2.20)

where we define the Fresnel reflection coefficidhtand the Fresnel transmission coeffi-
cient, T, for normally incident TE waves [18]. Furthermore, in a midiyered medium,

having more than a single boundary, the reflection at a bayrideludes additional sub-
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surface reflections as well as the initial layer reflectiorhe Tombination of the Fresnel
reflection coefficient and subsequent reflections is knowthegeneralized Fresnel reflec-
tion coefficient,l’. In [18], the author derives a recursive equation to finat a boundary
when subjected to TE waves. This equation is given by

= — i~ 1l
f B Fi,i—f—l + Fi+1,i+2€ JVi+1bi+1
i,i+1 —

! : (2.21)
L+ Ty ipaDigripoe 2l
Wherefi,m is the generalized Fresnel reflection coefficient at the dagnof a layery,
and the subsequent layer+- 1, I'; ;1; is the Fresnel reflection coefficient at the boundary,
vi+1 1S defined by (2.7), and; is the thickness of layer+ 1. In order to use this equation
we must know the total reflection at the bottom boundary. Inamplication, the last layer
is either ocean which can be considered as a half space, ritayer of sea ice which
can be modeled as a half space since the most of the energyndbesflect back due to
limited penetration depth and wave attenuation. Therefibre reflection at the interface
of the last boundary is modeled by its corresponding Fresefldction coefficient. This
completes the discussion on how plane waves interact in-aregnetic lossy multi-layered
medium consisting of homogeneous layers. Finally, we rfeaedn antenna can be used to
create incident electromagnetic fields. As will be discdssethe next chapter, we use an

open-ended waveguide antenna to irradiate the domaineyeisit

2.2.3 Dielectric Mixing Models

This section discusses the empirical models used in rglaafinity and temperature to the
complex permittivity of sea water and sea fcBulk sea water is composed of pure water,
inorganic salts, and organic matter. The organic mattes cm have measurable effects

upon the permittivity of sea water [19]. Sea ice is a hetemeges mixture of liquid brine

4 The empirical models for dry and wet snow can be found in AppeA.
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inclusions and air pockets within pure ice. The subsequestians will present the theory

and empirical dielectric models of these mediums.

2.2.3.1 Sea Water Empirical Dielectric Model

The empirical dielectric model for sea water used in thisithés based off of previous
models [20]. The new model parameters were interpolatedjis#a water permittivity data
sets collected by Ellison (1996, 1997, and 2003) and Stor986) [19, 21, 22, 23]. The
complex permittivity of sea water is a function of frequerf@Hz), temperature’(C), and

salinity (psu) given by:

ew(f, T, S) :Gws<T, S) —€u1(T,S)  €u1(T,S) — €uwoo(T,S)

1 — j2nf1u, (T, S) 1 — j2mfr,e(T, S) (2.22)
0;
T | ———
+ 600( 75) +j27T€0f’

wheree is the permittivity of free space,,, is the static permittivitye, is considered as a
fitting parameterf is the frequencys is the relaxation time constants of the polar molecules,
o; is the ionic conductivity, and is the salinity. Figure 2.3 shows the complex permittivity

of pure water and sea water based on (2.22).

The relaxation time constant relates to a frequency depegmtenomenon where the di-
electric loss increases due to dipole relaxation [24]. Rpelaxation time is the time delay
in molecular polarization with respect to a changing eledteld. The polar molecules are
unable to reach equilibrium (re-orientate) as frequencyeases. This inability results in
higher losses due to the molecules rotating against thérieléeld. However, the losses
caused by polarization decrease as frequency furtherasesedue to molecules not having

enough time to even begin to rotate.
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Fig. 2.3:The complex permittivity of pure water and sea water based on the dielectricgmiradel.
The salinity of the sea water wa2.54 psu.

2.2.3.2 Sea Ice Empirical Dielectric Model

The model used in computing the complex permittivity of s d,;, is a function of the

following parameters:

Complex permittivity of pure ice;.

Complex permittivity of brine inclusions,.

Brine volume fractiony,.

The shape and orientation of the brine inclusions.

In addition, e,; is a function of the ice temperatufi@ and the ice salinitys;. The Polder-
van Santen/de Loor formulas are used to determine the igBgmermittivity of the sea ice
based on the brine inclusions’ shape [14]. The inclusiopebtaonsidered are circular disc,

spherical, and needles; the orientation is assumed ran@ibenresulting complex effective
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permittivity is based on the host material and the inclusiaterial where the equations are

[14]:

€si = € + %(eb —€) (2 + 6—) (Circular Disc) (2.23a)

€
€ = € + Supe 22— 5 (Spherical) (2.23b)

€p + 2¢*
(€r — €)(De" + &)
=€ N I 2.2

€si = € + Up 36, + ) (Needle) (2.23c)

wheree* is an effective permittivity for the region surrounding arclusion. Pure iceg;,

is assumed the host material afgdepresents the brine inclusions. If the inclusion volume
fraction is small€ 0.1), we assume* = ¢;. If the volume fraction of the inclusions is
larger, the model assumes= ¢,;. The empirical formulas fot;, €, andv, can be found in

Appendix A.

2.3 Geophysical Inversion

Geophysical inversion is a large field of study, with manyvweromeasurement techniques
and reconstruction methods. In this thesis, we investitjgeise of electromagnetic inver-
sion where we collect;; measurements via an antenna operating at multiple fregggenc
This section begins with a discussion on the fundamentalgophysical inversion, which

includes model parameters and the forward solver, undevfoixed-determined problems,
cost function, and derivative-based inversion. We willntligscuss the advantage of global
optimization for our research; simulated annealing wasglbbal optimization technique

chosen. The quality of the data, the complexity of the maaiad, the end use of the solution

are important factors to consider when determining a sietaiethod (in our case, simulated
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Fig. 2.4:A flowchart demonstrating the steps to solving a general inverse pro3lem [

annealing algorithm).

Before proceeding, it is important to note that inversiondgfly is an iterative process with
several iterations. A general flow chart of an inverse pnobie shown in Figure 2.4. Ini-
tially, we outline our model parameters, which are the prioge we are trying to obtain.
Next, we use a model to relate these parameters to obserteedidan iterative process, a
misfit (or error) is calculated based on the model predicéind observed data. The algo-
rithm terminates if the error is below a predetermined thoé&$or if a maximum number of
iterations is achieved. If the error is high, an inverse solg used to calculate new model
parameters and the iterative process continues. In trenioly subsections, we will discuss

Figure 2.4 in more detalil.

2.3.1 Data, Model Parameters, and the Forward Solver

In the geophysical/electromagnetic inversion, we typycablve a nonlinear inverse prob-

len? in order to determine the electrical and geophysical ptagof the material. The

5In electromagnetics, broadly speaking, we have two typaswvafrse problems: inverse scattering and
inverse source. In electromagnetic inverse scatterirggtial is to find some properties.g, permittivity,
permeability, etc) of the investigation domain by irradigtthe investigation domain and measuring the result-
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first step in solving an inverse problem is identifying thé&mowns and establishing a rela-
tionship between them and the observed data. With resp&agiwe 2.4, the electrical and
geophysical properties are the unknown model parameteimd the microwave imaging
measurements collected are the observed dat@ssuming we know the true model pa-

rameters*, to the measured data, we can formulate equations congebgntwo, given

by
dl Gl(Xﬁ?XE??an)
d Gao(X, x5, - X,
2| _ 2(X1, X5 Xin) | (2.24)
_dn_ _GTL(XIEJ Xt27 R 7X$n)_

wheren is the number of measured data,is the number of model parameters, &ids a
set of either linear or non-linear function&; is our forward solver operator in Figure 2.4.
The purpose of the forward solver is to compute a respaiisbased on the current model
parameter prediction, given by:

d* = G(x) (2.25)

This response will then be compared to the observed datahwtill be discussed in Sec-
tion 2.3.3. The relationship between the number of modedrpaters and observed data
is important when identifying suitable inversion techrequ If G is a set of independent
functions andn < m, the inversion problem is considered under-determinedl [2%his
means there are more unknown model parameters than knowsureegents. G is a set

of independent functions and> m, the inversion problem is considered over-determined,
there is more data than model parameters. The third typeobiigm is mixed-determined
[26]. Mixed-determined problems occur when a portion ofrtie@lel parameters are under-

determined and the rest are over-determined. This can edoem either the model, or the

ing external fields. In electromagnetic inverse source lprab, a radiator is located inside the investigation
domain, and the goal is to characterize this radiagay,(through its equivalent current distribution) from the
measurement of its fields outside the investigation dom@in [
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measurement technique does not properly interrogate sbthe model parameters or G

is rank deficient.

Typically in a mixed-determined problem, the sensitivitylee data to some model parame-
ters are too low to be able to resolve them. For example, smgeitomography you cannot
resolve the mantle layers using only surface waves; thesesmdo not penetrate into the
mantle layers [27]. Therefore, no information is obtainedthese layers. One way to an-
alyze the sensitivity of each parameter is to take the pattiavative of G with respect to

each model parameter. This matrix of partial derivativesailbed the Jacobian matrix or

sensitivity matrix, given below:

0G1 0G1

<
J=1|: - (2.26)
0Gyp oGy
T dom

In the following sections we will discuss some common chgks of inversion, before

proceeding to global optimization techniques.

2.3.2 Common Challenges with Inverse Problems

Inverse problems are inherently difficult to solve due to ommn issues which include so-
lution existence, solution uniqueness, and instabili§][Z hese three issues influence the
quality, interpretation, and usefulness of the solutiohisection will explain these three

challenges and how they relate to geophysical inversion.

To begin, solution existence refers to there being no mdaeleéxactly maps a set of model

parameters to the observed data. This is due to the matleadmatdel not matching the true
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physics of the system. That s, theused in the forward solver is either a bad approximation
of the actual (true§z, or is incorrect. Usually, approximations are made dueédrhbility

to model the exact physics, and/or to reduce computatioa tifthe forward solver. In
addition to approximate mathematical models, data noise affects solution existence.
For this thesis, we assume our data has Gaussian noise,dvageziCentral Limit Theorem

for random variables [28].

The next issue is solution uniqueness, which refers to theireg more than one set gf
that exactly satisfies (2.25). For example, rank deficiendy,i say due to lack of sufficient
measured data, leads to a nontrivial null space, which cam reasult in having non-unique
solutions. In addition, non-uniqueness of a problem canugetd some model parameters

that barely affect the measured data.

Finally, solution instability occurs when small changesha measurements lead to a large
change in the estimated model. When this situation occuegprbblem becomes unstable.
For example, when the matrtx is ill-conditioned, a small change i may correspond to

a significant change i.

2.3.3 Cost Function

After establishing the relationship of our model paransetard model, we can now look at
the steps necessary for reconstructirfig We begin with the cost function which, for each
iteration of our inversion, quantifies the error between puadicted model response and
observed data. The general cost function used in this tieeaisEuclidean normZ{-norm)
given by

C=ld—d"}}3=>|d—dl (2.27)

=1
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whered is our measured data, arlt is the model response to a predicted set of model
parameters. As can be see, the cost funatias a mapping from am: dimensional space
(number of unknowns) to a real number. Thenorm given in (2.27) can be normalized in

order to prevent some subsetdtiominating the total error; this new cost function is given

below:
Z s |;"f*’2. (2.28)
We can further enhance our cost function by introducing aytteig factor,W, given by
[29]:
C = ZW . ‘d_;*P. (2.29)

This set of weights gives specific, rather than random, dslusel a more dominant role in
the overall cost (error). The selection of a weight funci®based on the understanding of
the data, model, and model parameters. In other words, thefd/ requires some form

of prior information about the measured datag, having some more accurate sensors in a

multiple-sensor measurement system.

2.3.4 Derivative-Based versus Global Optimization

The final block to discuss in Figure 2.4 is the inversion atharn. Algorithms rely on finding
either the global minimum or maximum of the cost functionefiéfore, we begin with the
general form for optimization of a cost function. Given adtian, C, and a setS C R™,

called the feasible region [30], an optimization problergiien by

min C(x) (2.30)

XES
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where we are minimizing' with respect to a combination of model parametgtsyvithin

S there exists a specific set of modeling parametgtssuch that

C(x?) < C(x) Yy € S. (2.31)

This means, that there exists a specific set of model parasribt produce a value, given
by C'(x?), that is the minimum value produced by the functioh,in the feasibility region
(search space)y. The way in whichC' is minimized is highly reliant on the shape of the
search space. This is primarily due to some algorithms fqttinal minima rather than the

global minimum.

When C is convex cost function irb, derivative-based optimization techniques will find
the global minimum. For example, in the steepest descertiadethe algorithm follows
the direction of the negative gradient Gfwith respect toy. As a result, this can lead to a
non-optimal solution (a local minimum) if the search spacedn-convex. That's why these
derivative-based techniques depend heavily on the isiglgction ofy (initial guess) when
solving non-convex inverse problems. An example of the irtgmze of an initial guess is
shown in Figure 2.5, where we have a non-convex search spasaming a steepest descent
method, the initial parameter selection at Statkeads to solutiorB whereas if the initial
guess was Stat®, the solution will beC. These types of methods can still be used in non-
convex problems by utilizing appropriate prior informatjoegularization, or kernels. For
our example, with prior information, the search space cbeldeduced to a convex search

space located around Staie

However, with a highly non-conve&'(y), it is not always possible to reduce to a convex
search space. As well, sometimes it is difficult or compatstlly expensive to solve for
the partial derivatives of the cost function. In regardshie tesearch , we choose the global

optimization approach since our cost function is highlylm@ar and would require a very
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CKx)

Fig. 2.5:A sample search space with non-convex features. Strictly derivatiseeboptimization will
approach different local minima depending on the initial statg.obtate A will converge
to a local minimum at B, whereas State D would approach the global minimum at C.

complex model.

Global optimization algorithms, which do not require cormpg the derivatives oC with
respect toy, are effective when the search space has many local mininedalGoptimiza-
tion techniques avoid stagnation by implementing nonsdatastic algorithms. To this
end, these methods employ randomness and probabilistroages when determining a
new state ofy. A very basic global optimization algorithm is the Monte @amhethod in
which y are chosen randomly for every iteration [31]. Some more dexnpethods include
simulated annealing [32], genetic algorithms [33], andiplar swarm optimization [34].

Simulated annealing was the global optimization methodehdor this research.

Finally, we note that derivative-based optimization apjgtees often converge faster than
global optimization; there are fewer iterations in deliv@tbased optimization. To this end,
global optimization can sometimes be too computationaljyeasive. Therefore, it is im-

portant to use a fast forward solver in order to keep the nieteble. In our case, we use a

recursive forward solver that is still relatively fast.
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2.3.5 Simulated Annealing

Annealing refers to the heating of a solid to a high tempeeain which all particles of
the solid randomly arrange themselves in a liquid phaséweld by slowly cooling the
liquid back into a solid [35]. At the maximum temperatures tharticles within the material
can move freely and have a high energy state. As the liquitkctite atoms’ movement
lessens until the material reaches a low energy crystddlitiee structure [32]. If the cooling
process is too fast, the material may solidify into an amouyshstructure with a high energy

state. Simulated annealing is analogous to annealing dfda so

Simulated annealing is a global optimization algorithnt teamainly used in combinatorial
problems. However, they have been shown to work with cootisuvariables [36]. In
theory, simulated annealing will always converge to théglaninimum if allowed to run
for infinite iterations. For each iteration the algorithmesis probability factor, called the
Boltzmann constant, to determine whether a worse configuratf y will be kept. The
algorithm will always accept a new if the cost function value is lower than the previous

iteration.

As the system cools, this probability of accepting a wordgtem decreases. Hence, initially
the algorithm will have a high probability of choosing a weslution than the current best
solution. It is this process that allows simulated anngaio“jump” out of local minima.

The mathematical relationship between the system temperand the Boltzmann constant

will be discussed in Section 2.3.5.1.

We begin with a general flowchart for simulated annealingwshin Figure 2.6. The al-
gorithm starts at a maximum temperatudfie and slowly decreases until it reaches a set
minimum temperature]’;. The number of temperatures is denotedMy,,. The way in

which the temperature changes will be referred to as thargpsthedule. This schedule
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can be linear, logarithmic, exponential, or any other fiorc{not necessarily decreasing at
every step). At each temperature, the algorithm runs fot aw@ber of iterations/, ..,
which emulates the process of reaching thermal equilibriline energy at each iteration is
determined by the cost function. The way in which the modehpeeters are perturbed will
be presented in a later subsection. Sometimes, multiplénigeend cooling of the algorithm
leads to a better performance. With respect to Figure 2.@setrcounterR, .., can be

implemented to control the number of cooling cycles.

Start

T, Model
Parameters

Initialize L, N, R,

Compute Model
Response
(Forward Solver)

%

Calculate Mlsﬁt
(Cost Functlon)

Calculate
Boltzmann
Constant

D

Update Model
Parameters

o e

Increment N
Reset L
Update T

Fig. 2.6:Flow chart of a general inverse problem using the simulated annealingthigo

Perturb Model
Parameters

Increment L Reset L, N, T

2.3.5.1 Boltzmann constant

This section will present the mathematical relationshipgisvhich the Boltzmann constant,

P, is obtained. Following, we will discuss how the Boltzmanmstant is used in the deci-

sion making of the algorithm. To begin, the equation detemg P is given by
—AFE

P = eAFavgT (2.32)

whereAFE is the difference between the cost function value of theanurteration and the

previously accepted one. In additidfi,is the current temperature, afd?,,, is a running
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average of the previously accepted cost function values.

For each iteration, a random number is generated betweed 1, which is then compared
to P. If P is greater than this number, the algorithm will accept theent y as the new
configuration heading into the next iteration. We note hieagif the new cost function value
is lower than the previous iteration, the algorithm will aptthe newy without having to

calculate the Boltzmann constant.

The value ofP will be between) and 1, initially having higher values at the start of the
algorithm. If we look at (2.32), a$’ decreases, the average trendroWill also decrease.
This causes a decrease in the probability of the Boltzmanstanhbeing higher than the
random number generated as the algorithm progresses. libwifg section will describe

the way in which the cooling schedule is determined.

2.3.5.2 Cooling Schedule

The cooling schedule of the algorithm is very important ilvisw global optimization prob-
lems accurately and time efficiently. The algorithm may retverge or may become stag-
nant if the schedule is not tuned to the problem. That is, thedule may cool too fast
or too slowly, or not cool sufficiently. With respect to theopabilistic nature of simulated
annealing, the probability of choosing a worse solution rhaytoo high or too low. The
algorithm starts at an initial temperatufgand finishes at a temperatufe. 7; and7; are

determined by:

—1
s = 2.33
In P, ( )

-1
(2.34)
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whereP; and Py are the starting and finishing probability that a configaratvith a higher
cost value will be accepted. After establishing the retetfop between temperature and
the Boltzmann constant, we now discuss how the algorithnesaemperature. As previ-
ously stated, the cooling schedule is customizable to tengeroblem. For this thesis, the
temperature change is given by

Thew = Tp'r'ev - F (235)

whereT,,,, is the new temperaturé,,., is the previous temperature, afdis the cooling
schedule function, given by [37]

F= (v (2.36)

whereN is the number of temperature changes. We have now estabtisdeooling sched-
ule of simulated annealing and how it can be used to navigdaherma search space. The
next section will describe how to generate new potentialtgmis of xy using different per-

turbation techniques.

2.3.5.3 Perturbation Techniques

In a stochastic optimization scheme, there exist variougsvila which y can be updated
(perturbed). At the root of each method there exists an eleofeandomness. The simplest
perturbation technique is the Monte Carlo method, where th@efrparameters are updated
completely at random. This type of approach is typicallyygmiactical when the search
space is sufficiently small or no other information is avalda Otherwise the number of
iterations required to find a reasonable solution would leelaoge. In turn, this would

require too many calls to the utilized forward solver.

We can refine a completely random approach by introducingtcaints and prior informa-

tion. Some examples of these include subsets of model pteapertial derivatives, loose
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relationships between model paramétgssnall perturbations from current, and knowl-

edge of time series trends

In simulated annealing, the cooling schedule can be usedptement adaptive perturba-
tion methods. That is, the current temperature affectsrin@uat of perturbation of specific
model parameters. For example, as the temperature appsigcthe amount of perturba-
tion could decrease. A benefit of an adaptive method is thectemh in the search space
as the likelihood of choosing a worse solution decreasess dduld potentially eliminate

unnecessary iterations. Overall, the random element ibagloptimization techniques is

what allows these methods to avoid getting trapped in locaima.

6 For example, in a first-year ice, salinity follows a C-shamad with a the top and bottom layers being
more saline than the middle layer.

" For example, electromagnetic measurements from the sefoinain of interest can be taken in a time
series fashion. This way, we know the probability of the umkn parameters exceeding a certain range
between two successive close time steps is low.



Antenna Design

As noted earlier, the proposed approach that we are inatistggis an active remote sensing
approach in which the region of interest (in our case, sgasdeadiated by electromagnetic
fields. The device that irradiates the region of interesnisuatenna, which is the topic of

this chapter.

This chapter presents the placement, design, fabricatiod,verification of the antenna
utilized in this research. A surface contacting open-endaeguide was chosen due to its
relatively wideband properties and robustness to the Harstic climate. After fabrication,
the antenna’s near-field distribution and far field patteerevmeasured using a spherical
near-field system and a compact antenna test range, reghgdin addition, we studied the

S11 and the vector network analyzer (VNA) calibration with respto varying temperature.
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3.1 Antenna Placement

The placement of the apparatus was the first consideratitimeimntenna selection. The
four choices include above, surface contacting, embeda&dd, or underneath the ice.
We opted for a surface based sensor mainly due to practasbns. For example, under ice
approaches can be expensive and difficult to position theseAirborne or satellite sensors
are also expensive and may not provide high temporal ra@solthat is required for certain
applications. Surface based sensors benefit from allongngssary temporal resolution and
typically are not as costly as the other approaches. Inioel&d temporal resolution, in [6],
the surface remote sensing has been recommended for bdatgttion in the Arctic when

the oil is under or in ice.

A challenge with above-the-surface techniques is thatrtadiating electromagnetic waves
(in our case, microwaves) interact and are affected by thghmoess parameters of the snow
(ice)-air interface. From the inversion algorithm pointvedw, these roughness parameters
will then be additional unknown model parameters, see j2fadthe utilized inversion al-
gorithm. Due to the lack of measurement data in a practica dallection scenario, it is
often a good idea to minimize the number of unknowms the proposed surface contacting
approach, we speculate that we do not need to incorporatetighness parameters into
the inversion algorithm as the electromagnetic waves aeeflly coupled into the medium.
This can be a potential advantage for this approach. We alsatinat we utilize this antenna
in the monostatic configuration. That is, the same antenasad for both transmit and re-
ceive. Finally, it should be noted that another potentiabatiage for the surface contacting
approach is that multiple antennas can be placed in diffgr@mns of the domain of interest

to create a sensor network monitoring the domain. Finallih¢ best of our knowledge, this

1 One way to handle this in the above-the-surface technigtepsovide this roughness parameters to the
inversion algorithm as prior information, which may thequie the use of a new apparatus: Lidar.
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approach (the specific combination of data collection, datédbration, and data process-
ing as will be explained) has not been investigated for thablem before, and therefore

deserves investigation.

Certain challenges are associated with designing a surfatacting antenna, primarily the
coupling between the antenna and snow-covered sea ice. dfitesinas are designed and
optimized to radiate into free space. When an object (segjtsrintroduced in an antenna’s
far-field (FF) zone, it does not load the antenne,; the radiation properties of the antenna
are not affected. On the other hand, when an object is intedlin an antenna’s near-field
(NF) zone, the radiation properties of the antenna and ipgedance will change. (For ex-
ample, in microstrip antenna design, a dielectric layer oitiple layers called superstrate(s)
can be placed in the NF zone of the antenna to increase it$3fih In essence, this object
now becomes part of the antenna. The proximity of snow andcsewill affect the over-
all performance of the antenna such as bandwidth, peratrdgpth, NF distribution and
gain. The following sections will discuss the need for mtréiquency measurements and

potential antennas for the proposed application.

3.2 Operating Frequency Selection

The purpose of this antenna is to collect thg that will be used in a global optimiza-
tion algorithm to reconstruct the thickness and complexnu#vity of the snow-covered
sea ice. A sufficient amount of independent data must beatetlan order to reconstruct
this profile. Independent data can be acquired by having mnesents of different angular
views, frequencies, and electric field directions (poktitng). Herein, we opt for a multi-

ple frequency approach since this approach does not regeicbanical repositioning of the

2 \We note that “polarization” is a FF property; since the antenperates in its near-field, we have used
electric field directions instead of polarization.
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antenna. In addition, if the antenna polarization chantpesantenna will “see” a different
property if the dielectric properties of the snow-covered e are not isotropic. Mathemat-
ically, this results in having a tensor unknown for the ditlie properties, thus, increasing

the number of unknown model parameters.

A wide frequency range is necessary in order to obtain inceget measurements. There
is not enough new information added from each frequencyafftequency range is too
narrow. If the bandwidth is too narrow, mathematicallysttranslates into having’; to

G, given in (2.24) converging to a singl€, thus, resulting in having one equation and
multiple unknown model parameters. With this in mind, thegjfrency range of interest for
this research was chosen to be fr@nGHz to 5 GHz. We speculate this frequency range
will give sufficient penetration depth and layer resolutidinally, it should be noted even
if get sufficiently independertt’; andG,, through the use of this frequency bandwidth, that
does not mean that the same reconstruction accuracy; ftw y,,, can be achieved. This
is due to the fact that the sensitivity (Jacobian) of the mesbdata d; to d,,) to different
model parametersy( to x,,), i.e,, dd;/0x;, is dependent on the penetration depth, which
itself is frequency-dependent. For example, the entiguieacy bandwidth can irradiate the
top layer; however, the higher end of the frequency bandwitky not sufficiently irradiate

the bottom layer, thus, the sensitivity with respect to tbdm layer properties will suffer.

In addition, this range was chosen due to the lack of prevAnatic microwave remote
sensing studies done on snow-covered sea ice in this batidwitthin the Centre for Earth
Observation Science at the University of Manitoba. (We hav@-band scatterometer at
the University of Manitoba which operates@ab GHz with a narrow bandwidth.) Below
3 GHz, ground penetrating radars have been utilized to ctexiae snow-covered sea ice.
A recent study designed a GPR system to determine the piegpartd thicknesses of snow

and sea ice using a bistatic system [39]. The frequency raegéd in this study wa$00
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MHz to 1.5 GHz and the maximum thicknesses of the snow and sea ice 20eren and

50 cm, respectively. Abové GHz, ground based scatterometers have been used for this
application, an example given in [8]. C-band NRCS measurenvesrts collected using a
scatterometer, placed above the sea ice surface on stadfolthe permittivity profile was
then reconstructed from these measurements utilizingeantremagnetic inverse scattering

algorithm.

3.3 Antenna Selection

We can look towards selecting a specific type of antenna naivtkie placement and fre-
quency requirements have been determined. To this endelihetion criteria of the type of
antenna was based on the penetration depth, multipledreguoperation in the presence of
lossy dielectrics, cost, and robust to the harsh enviromnidre two types of antennas eval-
uated were microstrip and OEW antennas. Basic examples ofvthare shown in Figure
3.1. There have been a multitude of free space designs & #mennas over the microwave

frequency spectrum.

The penetration depth of the antenna is important sinceifiating further into the snow-

covered sea ice provides more data. A direétamtenna will focus more energy into the
layers as opposed to an omnidirectional antenna at the saaehcy. Typical wideband

patch antennas are bidirectional, with the main beam ptpaginto the ice and a back
beam pointed towards the sky. A reflector can be positionedeathe patch antenna to
reflect the skyward radiation back towards the sea ice [4B¢ rEflector must be correctly
positioned in order to prevent destructive interferendavben the two waves. This method

may not be appropriate when placed against a lossy diedetie to the patch’s changing

3 Directivity is a far-field quantity; However, in our applidan, we are mainly concerned with the NF zone.
So the term directivity is loosely used. Perhaps a bettedwauld be focussed.
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(b)

Fig. 3.1:The two types of antennas to be evaluated; (a) patch antenna and (b) iE/épecific
patch antenna is not wideband.

ec.rr- On the other hand, an OEW is a directional antenna not rieguany major modifica-
tions to its structure. In other words, an OEW automaticptiyvides a good front-to-back
ratio (one of the reasons that OEWs are common in planar reddrafintenna measurement

systems).

Another factor that affects penetration depth is how walahtenna matches with the snow-
covered sea ice. With regards to matching a microstrip aateith snow-covered sea ice,
the designer could take a pre-existing antenna that operatece space and modify some
parameters; these parameters include substrate peiyigivbstrate thickness, dimensions
of the patch, addition of a superstrate layer, or the feedtp@he optimization process can
be time consuming for an antenna having this many paramdtersan OEW, the inherent
mismatch is due to the air/snow boundary at the OEW'’s aperkilleng the OEW'’s cavity
with a dielectric having similar characteristics to snowrn® method to reduce this boundary
reflection. This leaves the largest mismatch to be betweewdble and probe feed point.

Just like in air-filled waveguides, the position and lengthhe probe can be optimized to
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provide a low mismatch loss. The number of parameters requg be optimized is lower

in the OEW than that of the microstrip antenna.

In general, an antenna’s bandwidth decreases when in tiserpgre of a material having
a permittivity greater than air. Therefore, we should setecantenna that has wideband
properties in free space since it is expected to lose barldwillen placed against a dielec-
tric. Antenna bandwidth for this research is defined as agaidgrequencies where the
antenna’s reflection coefficients;;|, is less than-10 dB. OEW and modified microstrip
antennas both have been shown to have relatively widebapkgies in free space. For
this research, a relatively wideband is considered t? Gélz to3 GHz wide. We speculate

this bandwidth will allow for multi-frequency inversion.

Robustness is the final requirement for the antenna. In thécAtbe cold and salt can
affect the antenna’s properties. In regards to the migmatitenna, the cold can make the
substrate brittle and susceptible to cracks in either thstsate or conductor. As well, the
abundance of salt in the Arctic corrodes most metals. A ntetballeviate some of these
problems is to encapsulate the antenna in a protective imatétowever, this introduces
more materials in the antenna’s near field resulting in a moneplex design. The OEW is
believed to be more robust than a microstrip antenna basédeodielectric placed inside
protects the radiating probe feed and inner surface of theeguade, without increasing
complexity of the antenna design. In addition, a brass flaagebe attached to the OEW in

order to provide a solid base for the antenna to stand on.

Based on the above, the OEW presents an appropriate oppyprionachieving a robust,
surface contacting antenna capable of irradiating snovereal sea ice at multiple frequen-
cies of operation. The following sections will present thi¢gial design and optimization of

the OEW.
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3.4 Initial OEW Design

Based on the discussions in the previous two sections, tHeoftas section is to design
an antenna to irradiate directly into snow. The values akthiin this section will be a
starting point for the HFSS simulations. A rectangular veande, rather than cylindrical,

was chosen due to convenience and cost, shown in Figure Befirét step in the design

-~

v

a

Fig. 3.2:A simple diagram of a probe fed OEW. The gray edge represents theiagpefthe antenna
and the thick black line represents the probe feed.

was determining the following parameters:

Waveguide widthz, heightb, and lengthV;.

Probe feed lengtla;.

Probe feed positiot;, from the back plate.

Dielectric materialg,., inside the OEW.
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Tab. 3.1:Cutoff frequencies of UHMW-filled G-Band OEW within desired bandwidth.

Mode m n f.(GH2z)
TE 1 0 208
TE 2 0 4.16
TE 0 1 447
TE,TM 1 1 4.93
TE,TM 2 1 6.10

To start, we must choose valuesfb, ande, to obtain the required operating frequency

range. The cutoff frequency for the waveguide’s modes cdoulned as [41]:

2#?/5\/<%>2 + <%>2 (3.)

wherec is the velocity of light in free spacen andn are the modes (not zero simultane-

Jern =

ously), ande, is the permittivity of the material inside the OEW [42]. Tgplly, the real

part of the permittivity of snow ranges from4 to 3.2 and is dependent on snow density,
temperature, and wetness [14]. Therefore, the materiderhwas an ultra high molecular
weight (UHMW) plastic having a permittivity df.3, which is near the center of the snow’s

permittivity range.

This permittivity lowers the cutoff frequencies of standlavaveguide sizes by approxi-
mately 1.5 times. A WR187 G-band waveguide & 4.755 cm andb = 2.215 cm)* met
the frequency requirement and was available in the lab. Tteffdrequencies are given in

Table 3.1.

Usually, OEWs are intended to operate only in their fundaalenbde, in applications such
as wireless communication. This configuration is benefisiaén it comes to polarization
and linking a transmitter and receiver. However in our aggtlon, we are primarily inter-

ested in irradiating the snow-covered sea ioe; getting the electromagnetic energy into

4 In practice, the rectangular wall has a thickness; in the¢ gaandb represent inner dimensions.
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Tab. 3.2:Initial OEW parameters to be used in HFSS simulations.

Parameter Value

a 4,755 cm
b 2.215cm
%%} 10 cm

F 11.07 mm
F, 12.4 mm
€, 2.3

the domain of interest. We may be able to use these highersmddiee OEW if we are able
to properly model the physics or use calibration techniquethe measurements. We opt

for the latter of the two, which will be discussed in detailGhapter 6.

The waveguide length dictates whether the modes have erspagie to fully develop. The
antenna is to have a low profile, so the lengthidfcm was chosen. The rule of thumb
when designing the monopole feed into the cavitygiaway from the back plate. This
wavelength was calculated using the center frequendyGHiz. The length of the monopole

is approximately halfway into the cavity. As well, the mootgis center positioned along
the width of the OEW. The importance of these feed valuesran@mimizing the mismatch
between the waveguide and th@(2 coaxial cable. These values are a starting point in the
optimization process. Table 3.2 summarizes the initisdpeaters chosen for this rectangular

waveguide.

3.5 HFSS Optimization

The rectangular OEW was modeled in HFSS using the parantettsmined in Section 3.4.
HFSS is a finite element electromagnetic solver for elecagmetic analysis. This software

was used in determining thg, near-field distribution, and far-field patterns of our zunte.
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Fig. 3.3:HFSS model rendering of the OEW placed on top of a single snow layer.

Figure 3.3 shows the aperture of the OEW placed flush witha&0220 cm?® snow layer.
We chose snow having a permittivity of 2.3 and a bulk conditgtiof 1078 S/m. The
remaining section surrounding the OEW i8(ax 30 x 20 cm? air box. The material outside

the boundary of the system was an absorbing boundary conditx. That is, the signals

do not reflect at the boundary.

In order to reduce computation time, the snow is modeled asgéeslayered isotropic di-
electric. Based on Table 3.1, a frequency sweep f2d&Hz to6 GHz was performed. The
S11 generated is shown in Figure 3.4. As can be seen, we hdands, located &.75
GHz and4.8 GHz. There is a local maximum between the5 GHz and4.8 GHz, which is
slightly above the desired 10 dB. An attempt can be made to reduce this maximum below
—10 dB by changing the parameters outlined in Section 3.4.gatatV;, a, andb have

already been fixed, we optimiz#8,,| over F; and F,.

The parameter$; and F,, were optimized utilizing HFSS’s parametric function. iaily,
each parameter was varied above and below the originalsaileere the combinations are

given in Table 3.3. Th¢Sy; | for each case are plotted in Figure 3.5.
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Fig. 3.4:|511| of the OEW using the initial design parameters. The red line indicatestbeB line
where any value below it is considered a band of the antenna.

Tab. 3.3:The test parameters used in the initial optimization of the OE)/’s|.

Test Numbern F; (cm) | F, (mm) | Test Numben F; (mm) | F, (mm)
1 10 111 |6 12 12.4
2 11 11.1 7 10 13.6
3 12 11.1 8 11 13.6
4 10 124 |9 12 13.6
5 11 12.4
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(c) Fp =13.6 mm.

Fig. 3.5:|511] for different probe feed parameters, given in Table 3.3.

From Figure 3.5(a)-(c), whef, = 12 mm, the magnitude is lower within the desired band-
width of 3 GHz to5 GHz. In some cases, particularly in Figure 3.5(a), the ntagdaiis
lower whenF; = 10 mm at frequencies above 5 GHz. However, maintaining bantivat
the lower frequencies will allow for more penetration dejpiio the snow and sea ice which

we think to be more beneficial to this research.

Figure 3.6 shows thg5;; | when holdingF; at 12 mm. The bandwidth for each case are rel-
atively similar to each other. The decision was made Hyat 13.6 mm was an appropriate
choice based on the slightly higher bandwidth, and the nargpeak betweef.75 GHz
and4.75 GHz.

There were a total of5 subsequent tests performed, which the values are givenbie Ta
3.4. Figure 3.7 presents th#,;| of a few of the trials. From these tests, test number
was selected as the final design. This test provided a momastently low|.S;;| across the

bandwidth. Specifically, the local maximumda2 GHz was the lowest out of the tests. Table
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Fig. 3.6:5:; of the OEW when holding; constant {2 mm) and varyingt),.

Tab. 3.4.The test parameters used in the final optimization of the OBY{S.

Test Number F F, Test Numbern F; F, Test Numbern I F,

1 12.1] 13.63| 6 12.5] 13.94| 11 12.3| 14.56
2 12.3| 13.63| 7 12.1| 14.25| 12 12.5| 14.56
3 12.5| 13.63| 8 12.3| 14.25| 13 12.1| 14.87
4 12.1113.94| 9 12.5| 14.25| 14 12.3| 14.87
5 12.3] 13.94| 10 12.1| 14.56| 15 12.5| 14.87

3.5 gives the final design parameters for the OEW. The nexbsewill present simulations

using these values.

Tab. 3.5:Final OEW parameters chosen after final HFSS optimization.

Parameter Value

a 4,755 cm
b 2.215cm
%%} 10 cm

F; 12.3 mm
F, 13.64 mm
€, 2.3

Finally, it should be noted that the proposed design is ne¢th@n exhaustive optimization.
The main goal here was to have a radiator which can irradiatesgion of interest at multi-

ple frequencies so that the measufgdcan be used to infer some properties of the region.
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Fig. 3.7:Simulated| S, | for different feed parameters, given in Table 3.4.

As well, exhaustive optimization for a single scenario wibnbt be practical since the an-
tenna is to be placed on a material that has changing elglgbricperties (snow and sea ice).
Herein, we designed the antenna to be placed on a snow lagee\vdr, it was later decided
to only look at the antenna placed on a sea ice layer in ordediace the complexity of the

system.

3.6 HFSS Simulated Results

This section will presentS;;| when placed against different snow permittivities, sea ice
snow-covered sea ice, and free space. As well, cross-ssdaticthe near-field distribution
in free space, snow, and ice will be presented. Finally, aindi¢ld pattern in free space will

be shown.
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Fig. 3.8:The simulatedsS;;| of our OEW situated on snow cover for three different permittivities.

3.6.1 SimulatedS;,| in Snow, Sea Ice, and Free Space

In the previous section, we optimized our antenna using onk/ snow permittivity. It is
worthwhile verifying that a change in permittivity of theam will not cause significant
changes to the overall bandwidth of our OEW. However, wé wint to observe small
changes in théS;; | within the bandwidth. Figure 3.8 presents tl%g, | of the OEW when
placed against snow having a real permittivity2of, 2.3, and2.5 while keeping the same
snow thickness (20 cm) and problem configuration as showngaré& 3.3. The bulk con-
ductivity in all three simulations remains &% S/m. As well, the setup for the simulation
follows that of Section 3.5. We observe that the bandwidtinasntained for all three trials

and that there are measurable changes tathé

In practice, there will be times when the antenna is situatedea ice with no snow cover.
In fact, all of the experiments performed for this thesisev@one on only sea ice. Since sea
ice has a higher permittivity than snow, we expect to haveamgé in the bandwidth of the

antenna. ThéSy; | of the OEW placed on (half space) sea ice layer having a pedrityitof
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Fig. 3.9:HFSS simulation of theS;; | of the OEW placed on a sea ice layer.

3.8 and a bulk conductivity df.0135 S/m is given in Figure 3.9.

The results show an increase in the local maxima of| the between3 GHz and5 GHz.
The antenna was designed to couple with snow since it wasnaskthe antenna would be
placed on more snow-covered sea ice than just sea ice. Weoodvat the|.Sy; | for a snow

layer on top of an ice layer.

Two simulations were performed for this configuration. Ie first simulation, both layers
were5 cm thick, with the snow having a permittivity @f3, and the sea ice having a permit-
tivity of 3.8. The bulk conductivity for the snow and sea ice webe® S/m and).0135 S/m,
respectively. The only change for the second experimenimaiifying the snow thickness
to 7.5 cm. The|S;;| are shown in Figure 3.10. The two experiments appear veriasim
This may be due to the lack of penetration depth, which willdber discussed at the end of

this chapter based on the near-field distribution of therarge

Figure 3.11 shows th&;; | when placed on a snow layer, sea ice layer, and snow-coveaed s

ice. The snow layer (half space thickness) hada 2.3. The sea ice layer (half space thick-
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Fig. 3.10:HFSS simulation of theS;;| of the OEW placed on two snow-covered sea ice layers
having5 cm and7.5 cm snow depths.

ness) had a permittivity 03.8 and a bulk conductivity 00.0135 S/m. The snow-covered
sea ice had the same electrical properties as the other i) tespectively. However, the
snow thickness was cm on top of a infinite half space of sea ice. As can be seensSthe
in all three cases still have frequency bands where the OEAblésto irradiate the medium.
They also have differences between them that the inversgamignm will look to utilize in

reconstructing the complex permittivity profile.

The OEW situated in free space was the fiifal| simulation performed. This simulation
helped determine the frequency range to be measured in tearentest ranges, which
will be discussed in Section 4.2. As expected, the bandwofithe OEW in free space is
significantly smaller than when the antenna is placed oreghow or sea ice. This result
is primarily due to the mismatch between the UHMW plastic amdat the aperture of the

OEW.
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3.6.2 Simulated Field Distributions in HFSS

This section presents the simulated near-field distribstiaf the OEW situated on sea ice
and snow-covered sea ice. These fields give an approximatitre OEW'’s penetration
capabilities. As well, they provide insight into how focdsthe OEW'’s energy is when
illuminating the snow and seaice. From Table 3.1, we spé&ethat the Tk; mode will not
form due to the placement of the feed which is orthogonal éoellectric field distribution.
That is, if we consideb in Figure 3.2 is along thg-direction, and: is along ther-direction,
then the Th; electric field distribution polarization would be aloaglf we consider a Tk
mode traveling through a rectangular waveguide and a feedgonal to the fields, then we
would have no induced current on the feed. Since our systéimeir, reciprocity theorem
tells us that a current through the feed would not inducedigldhe waveguide. What we are
trying to show is that our electric fields propagating thriowgir waveguide in the proposed
frequency range are primarily polarized in theirectior?. We chose to simulate the electric

field distribution att.4 GHz to confirmed the dominagtpolarization in these simulations.

For ease of reading, we present only figin the E-plane and H-plane; the fields are most
dominant in this polarization. Figure 3.13 shows Hgfields of the E- and H-plane in a sea
ice layer. The sea ice layer had a permittivity3o and bulk conductivity 0b.0135 S/m.
We observe a hot spot that extends from the aperture of the @EAfproximatelyt5 mm
into the sea ice. As can be seen, the penetration seems toreemtbe H-plane, which
might be due to the fact that the size of the antenna: (4.7 cm) is larger in the H-plane
than the size of the antenna 4 2.2 cm) in the E-plane. Also, thé& field at the aperture
of the antenna in the fundamental mode is expected to havsimectaper in the H-plane,
which could explain the taper df, in the H-plane close to the surface £ 0). On the

other hand, thé field at the aperture of the antenna in the fundamental mogbgiscted to

5 We consider the E-plane of the antenna to thg bplane and its H-plane will be thez plane.
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be uniform, which could explain a relatively uniforfy), in the E-plane close to the surface

(z =0).

Figure 3.14 shows thé&), fields of the E- and H-plane in snow-covered sea ice. The snow
layer was5 cm thick, with a relative permittivity o2.3 and bulk conductivity ofl0~8 S/m.

The sea ice layer had a relative permittivity of 3.8 and bwkductivity of0.0135 S/m. We
observe in the H-plane the hot spot extending to approxignatemm, which corresponds

to the snow/sea ice boundary. There is a smaller hot spoiniiik sea ice, located between

60 mm and65 mm.

In both sea ice and snow-covered sea we have fields exteneljomd1 00 mm. However, it
is unknown whether these fields will have significant imparctree measurefb;;|. As well,
these simulations do not include the true microstructufeshow or sea ice. In practice,
these differences may significantly reduce the observadetpation depth|;;| sensitiv-
ity). Overall, we speculate that this OEW irradiates betw&emm and100 mm depending

on the medium.

As will be noted in the future work, it is desired to have magastivity to deeper parts of the
domain of interest. However, to this end, it is speculated wWe need to use radiators with
more focused near-field distributions. This is challengimge most antenna designs have
been performed for far-field applications. Recently, sonseaech groups have investigated
the design of antennas for near-field applications inclyidatused near-fields for imaging

or wireless power transfer [43].

From a theoretical point of view, when the OEW irradiatesréggon of interest, this region
will have induced contrast sources [44]. These contrastcesuare related to the induced
field inside the region of interest. These are, in fact, @sttsources that radiate back and

we can use their signatures for performing imaging, remensisg, or detection. Therefore,
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Fig. 3.13:E, polarized fields in the E-plane and H-plane of a sea ice layet. ( is the interface of
air and sea ice layer. Asbecomes more negative, we are further into the sea ice layer.)
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Fig. 3.14:E, polarized fields in the E-plane and H-plane of snow-covered sea ice.
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to distinguish between the profile in Figure 3.13 and Figufe! 3the necessary condition
is to have different induced fields inside these two profilés.can be seen by comparing
the two, the induced fielddy,) in these two profiles are different. Therefore, we have the

necessary condition to perform remote sensing.

However, since field measurements inside the profiles woelddstructive (placing an an-
tenna or other sensor within the snow of ice), we generallgatavant to use these internal
fields for remote sensing. To this end, we rely on an exterredsuarement, which in our
case ig51:1|. Note that thd.S;;| has much less information as compared to fields inside the
profiles since th¢S,;| is only a real number, whereas the field distribution insidegrofiles

contain many complex-valued data.



Antenna Fabrication and Testing

The rectangular OEW, shown in Figure 4.1 was fabricatedeaEtBE department’s machine
shop at the University of Manitoba. A copper wire solderetbam female-female SMA
adapter was used as the probe to excite the OEW and measueedhad electromagnetic
energy, shown in Figure 4.2. The circular flange was madeaxsito prevent oxidation of
the metal around the aperture. The rest of the body is mad# oapper, where the UHMW
plastic protects the inside of the waveguide from oxidizi first confirm the permittivity
of the UHMW plastic, and the remaining sections look at theemna’s field distribution in

free space and the effects temperature has on the antenna.

4.1 UHMW Polyethylene Permittivity Measurement

The UHMW plastic’s permittivity over the frequency band wasted using the setup shown

in Figure 4.4. A Agilent high precision dielectric probe waaced on top of 20220x2.5 cm?
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Fig. 4.1:The fabricated UHMW plastic filled OEW with brass flange.

Fig. 4.2:The probe feed and connector used to connect the OEW and coaial ca
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block of UHMW plastic. In our HFSS simulation, the plastigermittivity was assumed
constante, = 2.3, over3 GHz to5 GHz. Initially, the high performance probe was cali-
brated using a probe short, open air, and deionized water.pidbe was then placed flush

with the surface of the UHMW plastic.

Fig. 4.3:Experimental setup for determining the complex permittivity of the UHMW plasticguain
high performance probe.

According to [45], the plastic’s complex permittivity é§~ 2.289 with negligible loss ("’ ~

0) betweer3 GHz and5 GHz. The measured results are shown in Figure 4.4, which show
an average’ of 2.29 and¢” of 0.12. The main challenge associated with this experiment
was eliminating the air gap between the probe and plastic.aiAgap would cause to

be close to the permittivity of air. As well, the UHMW plasticay not have been thick
enough. Overall, the experiment showed that the effectsegiuiency on the permittivity of

the UHMW plastic was minimal.

This experiment not only shows that our assumption reggrdamstant permittivity of the

UHMW plastic was correct, but also demonstrates the conafejpidirect measurement of
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Fig. 4.4:The complex permittivity of the UHMW plastic used to fill the OEW. The dashedined
indicate the minimum and maximum values, the solid red line represents the avahage v
across the frequency range, and the blue line are the measured values.

permittivity, which is similar to the concept being invegtted in this thesis. This can be
explained as follows. This commercial dielectric measwensystem indirectly measures
the complex permittivity through the impedance of the mateiThat is, the material under
test could be considered the load of a transmission line. sis&em is first calibrated to

accurately model the probe. The permittivity of the matasighen determined by software

based on the magnitude and phase of the reflected signal.

4.2 Antenna Test Range Measurements

This section presents measurements using a compact anest{@ATR) and a spherical
near-field range (SNFR). Antenna test ranges are used in #raathrization of antenna
parameters such as gain, radiation pattern, beamwidthpaladization. The important
information measured were the SNFR near-field electricdialtd the CATR far-field gain.

These results are used to verify simulated far-field pagteHowever, they do not directly
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e
af

Fig. 4.5:Experimental setup of the OEW in a compact antenna test range havingatedezdge
reflector. This system is housed in an anechoic chamber covered withfiraguency ab-
sorbers to simulate free space conditions.

correspond to how the antenna propagates into snow or sesinice these measurements

were done in free space.

Both experiments were performed in anechoic chambers lbeatihe University of Mani-
toba’s antennas lab. Figure 4.5 shows the setup for the CAT®s{$tem operates by a feed
illuminating a serrated edge reflector. This reflector rédléioe signal towards the antenna
under test (AUT). At the AUT, the electromagnetic waves th&@oally form into a plane
wave, since the reflector can be viewed as a device that dersmherical waves of the feed
to plane waves. Since our antenna is composed of all lineapooents, the reciprocity
theorem tells us that the receiving and transmitting pabéthe AUT is the same [41]. The
boom that the antenna is attached to rotates in order tactfibéd measurements at different
angles. The results of this experiment will be shown at tree adrthis section, juxtaposed

with simulation and the SNFR measured gain.
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Fig. 4.6:The SNFR setup for measuring the near-field of the OEW. Absorber mlateraed to
reduce measurement errors due to the connecting coaxial cable.
The difference between the CATR and the SNFR is in which théidat pattern is deter-
mined. CATR directly measures this pattern, whereas the SINE&Sures the near-field of
the antenna and then performs a near-field to far-field toameftion in order to obtain the
far-field pattern. The SNFR setup is shown in Figure 4.6, wltiee antenna is situated on
top of foam in order to place the aperture of the antenna ircémeer of the system. The
yellow crosses are the probes that measure the two orthbgolaaizations of the antenna.

The antenna platform rotates in order to collect the ne&d-fiata over a spherical surface.

The far-field patterns for both systems were measured #f&nGHz to5.2 GHz in incre-
ments of100 MHz. We present the co- and cross-polarized far-field patier the E- and
H-planes of the OEW. The E-plane corresponds to fields dideatong the short dimen-
sion of the antenna, and the H-plane is in the direction af Herein, we present these

measurements far GHz, shown in Figure 4.7.

At 5 GHz, the measurements from both systems are near simdatidhangles further
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Fig. 4.7:The co-polarization (left) and cross-polarization (right) of the E- anuldihe at a frequency
of 5 GHz. Theta and Phi denote the elevation and azimuth angles in sphericdinaies)

away from the center there is more error in the measuremenGATR, primarily due to
the deteriorating plane wave characteristics of the inagrsignal. The measured E-plane
cross-polarized pattern of the three measurements aerafiff due to the limiting factors
of the noise floor for each systems. Typical CATR systems haié éB error in the gain

measurement which accounts for the small discrepancy eetthe systems. As well, we

speculate that errors arise from the gain calibration ifGA€R and SNFR.

4.3 Equipment and Measurement Technique

This section’s purpose is to establish the equipment setdpr@easurement methods used
for all cold lab and subsequent field experiments. The OEWaipe in a monostatic config-
uration where it acts as both a transmitter and receiver. AYAgilent FieldFox N9916A)
connected via a type K coaxial cable is used to power the OH\W.efjuipment necessary
for measurements is shown in Figure 4.8. The VNA is placedimaulated box which

allows the VNA to operate within its specified operating temgtures. Only one port of
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Fig. 4.8:Equipment used for experiments include a VNA, OEW, type K coaxial calvld,a cali-
bration kit. Note, the VNA has been placed in an insulated box in order t@tgpat room
temperature.

the VNA is required. The calibration kit (Agilent 85052B) iscessary in order to measure
accurate power readings at the coaxial cable/OEW interfabe steps to performing the

measurement are as follows.

1. Turn on the VNA and allow sufficient time for the system talslize. From experi-

ence, the RF port temperature settleSH&C.

2. The VNA can be setup to the required settings while waitinghe system to warm
up. These settings include the start and stop frequencybeuwt points, and IF
bandwidth. The IF bandwidth was selectedlasHz. The smaller the IF bandwith,
the more accurate the measurement; however, the measurgreed becomes slower

the smaller the IF bandwidth.

3. Calibration must be performed prior to measurements. pea-short-load method is

used to calibrate the system. ldeally, the setup is plactdteanheasurement location
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and is not moved once calibration has started. To perfornealibration, we follow
the VNA's on-screen instructions. Calibration can be vatiéerwards by examining
the S1; when the open, short, or matched load is connected, whichidithe 1.20°,

1/180°, and0Z0° across the entire frequency range, respectively.

4. Connect the OEW to the coaxial cable. The user is now reatd@ké&ans;; measure-

ment.

A setting that was not extensively tested was the VNAs polgeel output. The VNA
outputs—15 dBm by default. Future experiments could look at the poténsa of a power
amplifier in order to achieve further penetration depth. Ewsv, more power may run the
risk of melting the snow/sea ice directly under the OEW. Befeerforming experiments on
seace, it was crucial to look at the effects low temperabason our measurement system,

and calibration technique.

4.4 Temperature Effects on Antenna and Calibration

The effects of low temperature on the antenna and calibratie important due to chang-
ing physical properties when transitioning from warm todct@mperatures. Metal physical
properties do not change much with respect to low temperatdowever, plastics can be-
come brittle and/or shrink. The latter could potentialllpal oxygen and salts to seep into
the waveguide and alter the electrical properties of therar@. According to the data sheet,
the UHMW plastic’s permittivity should not be affected byriperatures below°C' [46].

In the cold laboratories located at the CEOS, two experimeset® conducted. In each
experiment we measured th& ;| of our antenna in free space. Both tests involved vary-
ing the temperature from10°C' to —20°C' in 2.5°C' intervals. The temperature was then

raised back to-10°C. This second set of measurements are used to distinguigledet
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Fig. 4.9:|511| of the OEW in free space when the system is calibratedlat C'

temperature dependence and calibration drift. At each ¢eatpre, we allowed the system
temperatures to settle for twenty minutes before takingsmesments. The only difference
between the two experiments was the temperature at whidbratbn of the system oc-
curred. Initially, we calibrated the system -ai0°C, the results are given in Figure 4.9.
As can be seen, at certain frequencies the reflection ceeftis greater thaf dB, which
means more power is received than what the VNA transmittelois ®bservation would

indicate the VNA was not calibrated correctly since thereene other sources present.

Afterward, we then calibrated our system at room tempeea(°C) and repeated the
experiment. The results are given in Figure 4.10. As we cantbke reflection coefficients

from 3 GHz to6 GHz are below) dB. We did not see any noticeable calibration/system drift.

From these results, we conclude that calibration shouldope ét room temperature. This
poses a problem when your measurements are to be perfornsdAnctic environment
where the temperature is below freezing. To this end, weddedio calibrate the system at
room temperature, and then move the system to the measurkroation. This movement

causes error in the measurgg with respect to both magnitude and phase. A change in
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Fig. 4.10:511| of the OEW in free space when the system is calibrat@dat'.

temperature can affect the connection between componémts wan drastically alter mea-
surements. As will be explained later, we use a calibragaiolr in our inversion technique.
Therefore, if this change in temperature affects these edtions in a similar fashion, we

potentially could factor out this error through calibratiour data.

1 calibrating our system refers to factoring out the effedtshe cable. In essence, we are performing
measurements as if the antenna is hooked directly up to th&. \@dlibration of our data is a completely
different concept that applies a filter on our experimentadsurements to better relate to our forward model
in the inversion algorithm.



Sea Ice Data Collection

This chapter focuses on the collection of experimetitadata, primarily at SERF, using the
OEW antenna and test setup outlined in Section 4.3. SERF is@ic Mesocosm located at
the University of Manitoba. At this location there is an cutd sea water poob() feet long,
30 feet wide, andk feet deep. There is a movable roof to control ice growth awsvstover,
and is equipped with a variety of sensors and instrumentsorBefn experiment begins, a
heated glycol pump is used to warm the water to ensure thaceice present on the surface.

The pumps are then turned off to allow the formation of ice.

Time-seriesS;; measurements of sea ice were collected at SERF in 2015 and Z&16
well, supplementary physical samples of the ice cores walteated. These physical sam-
ples were used to determine the salinity and temperatuféepod the sea ice. As will be
proposed and explained later, these physical measureamhtbeS;; measurements can be
used together to calibrate the reconstruction algorithamiattempt to predict sea ice growth

based on futuré;; measurements. The last section of this chapter study tlea@as sen-
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sitivity to variation in the sea ice thickness, salinitydaemperature. These experiments

were conducted in the cold laboratories located at the CEOS.

5.1 SERF 2015 and 2016

Between February 12to February 2%, 2015, S;, data of sea ice growth at SERF were
collected. The sea ice was grown under calm conditions, shoWigure 5.1, with no snow
cover. The roof of the enclosure was on throughout the eaexiperiment. We began testing
when the ice wag4 cm thick. On the final day, the ice thickness vdascm. The timing of
the samples were once per day at approximately 2:00 pm. Eecple consisted of afi;
measurement, followed by a physical extraction of the cotbesame location. Since we
were taking physical samples, subsequent measuremer@pedormed nearby to previous
days’ measurements. We were able to do this since we obsereéck sheet thickness and
structure were relatively consistent across the pool, thi¢hice being slightly thickerl(cm

to 2 cm) along the edges. We now describe how each sample wasmedan more detail.

Based on the observations of Section 4.4, VNA was calibratedlé (room temperature)
before moving the system to the sea ice surface, shown inré-lg@. We placed the VNA
on a sheet of wood in order to further protect the VNA. To miaienthe effect of move-
ments and also to investigate a more affordable measuresystem, we only considered
the magnitude of our measurements since the phase is higihdytise to cable movement,
and also phaseless (magnitude-only) measurements casertiducost of a potential future
system by allowing the use of a power meter for measureméntisin layer of water was
observed between the OEW and ice surface. We believe thigisadthe OEW acting as a
heat sink due to its high thermal conductivity. We collect€d | measurements of the sea

ice betweers GHz and6 GHz. Figure 5.3 shows the magnitude of thig for the first four
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Fig. 5.1:The ice surface grown at SERF under a closed canopy during Fgb2045.

days of measurements. We observed that our measurementebahese days show dif-
ferences in the magnitude. It is these differences that Wdowk to exploit in our inversion
algorithm. As the ice thickness is assumed greater thangthetpation depth of our antenna,
we speculate the temperature and salinity of the upperddgdye the major contribution to
these differences. We will explore the antenna’s sensitia thickness, temperature, and

salinity at the end of this chapter.

Using al0 cm diameter ice corer, a physical sample was then extragied collecting the
S11 measurement. The thickness of the ice core was measurietvéd by the temperature.
Using a drill, holes were drilled in the extracted core, piet in Figure 5.4 (right side), at
2.5 cm or5 cm intervals along the ice core’s vertical dimension. Thegderature was then
measured at these intervals by inserting a temperatures pnbd the drilled holes. Next,
the core was sliced into sections, at the same intervalseagethperature, and sealed in
plastic bags. At the end of the experiment, the sections wléed and the bulk salinity

measured using a conductivity probe. The results for thekiti@ss, bulk temperature and
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Fig. 5.2:The VNA and OEW situated on the sea ice surface at SERF 2015.

Magnitude (dB)

4.5
Frequency (GHz)

Fig. 5.3:The|S;1| measurements collected at SERF 2015 during the first four days.
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Fig. 5.5: Temporal temperature profile of the sea ice at SERF 2015.

bulk salinity are given in Figure 5.5 and Figure 5.6, respebtt. The temperature follows a
linear downwards gradient from colder to warmer with respedepth. As well, the salinity

profile for each day follows the predicted C-shape.

We also collected a series 6f; measurements the following year in 2016 from February
12" to Februaryl8". The goal of this experiment was to observe the effectsalpatiiations
have on our measurements. That is, we collected measureraeten positions on the
ice per day within alm? area. This way we could observe if the OEW was sensitive to

variation in the brine pockets and structure of the surfagerl Unfortunately during these
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Fig. 5.7:S11| measurements on a wet sea ice surface for Februdty2(R 6.

measurements, warm temperatdrasd direct sunlight caused a wet surface layer on top of
the sea ice. Due to this wet surface, the OEW was unable tdnaémeto the ice layer. To
this end, theS;; measurements collected were in effect seeing a half spaseaoiater. In
Figure 5.7, we observe the OEW having a lak§g| with a very low bandwidth. (It should
be noted that the challenge associated with having a higitglactive wet surface/slush

layer also affects other high frequency active sensors asctatterometers.)

1 five out of the seven days had temperatures close to or d36ve
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5.2 Antenna Sensitivity to Sea Ice Properties

This section looks at the effects sea ice salinity, tempegatand thickness have on the
OEW'’s measuredSy;|. As mentioned previously, these properties affect the dexnper-
mittivity profile of the sea ice, which in turn should be refext in the measureb;;|. In
addition, we look to observe the effects the randomnesseobtime inclusions have on the
antenna’s measurements. This section presents mainlijajival and speculative observa-
tions as it is fairly difficult to isolate the effects of eackhaphysical property of the sea

ice.

We performed a series of experiments to look at the effeffisrdnt ice properties have on
our measuredsS;;|. These experiments were conducted in the cold lab locat&€EDS.
Four insulated plastic containers were built, shown in Fegu8, in order to grow artificial
sea ice. These containers were half filled with water witfed#nt salinities, 5, 10, and
15 psu. The containers were filled halfway in order to preveatking due to ice expansion.
The total depth of the water in each container wasm. This experiment was performed
three times, with the only difference being the ambientaammperature at which the ice grew:

—15, =10, and—5°C.

Before proceeding with the experiments it was worthwhileotakl at the theoretical effects
temperature and salinity have on the complex permittivitsea ice. In Figure 5.9, we calcu-
lated the theoretical permittivity of sea ice based on tHdétosan/de loor dielectric mixing
model for a frequency of GHz (center frequency of our antenna) [14]. At this frequyenc
we note that at a temperature 65°C' there should not be a significant difference in the
complex permittivity between th& psu and thel5 psu container. However, we expect a

significant difference in the complex permittivity when tieenperature is-5°C.
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Fig. 5.8:Four insulated containers used to grow ice from water having diffeadinity. The contain-
ers were approximatel§0 cm in diameter, with a water depth ®8 cm. This experiment
was performed at a cold laboratory located in CEOS.
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Fig. 5.9:Complex permittivity range (light green area) based on the Polder van/denigimig model
at4 GHz. The left column gives the complex permittivity range frer@0°C' to —3°C for
salinity from0 psu to35 psu. The right column gives the complex permittivity range from
0 psu to35 psu for temperatures from20°C to —3°C.
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5.2.1 Ice Growth at-15°C and—10°C

We began our cold room experiment by allowing the containerseeze at an ambient
temperature of-15°C. In this experiment we let the ice grow undisturbed for foaysl This

allowed the ice to grow thicker than our antenna’s predigedetration depth. Therefore
we could determine if different salinity at this low tempeenra would have any effect on our

measurements.

On the fifth day we collected tei$;| measurements as well as one surface temperature for
each container. Afterwards, we drilled a small hole in treeirceach container to measure
the thickness. Figure 5.10 shows the location of these teasurements. At each location
two orthogonal measurements were taken. That is, we rotatedntenn@0° in order to
observe the effects of the antenna orientation. We did ne¢ioe any noticeable difference

in the measurement with regards to rotating the antenna.efiswe did not notice any con-
siderable differences in the measurements with respeptttasvariation (measurements at

different locations in the container).

We then compared thg;;| measurements between the four containers and observed that
three of the four containers had results relatively closerte another. However, the con-
tainer with thel5 psu water had a brine skim along the surface, resulting ifla@imbserva-

tions to SERF 2016 measurements. As predicted, based orefleetdc mixing model, we
observed no significant difference in our antenna measureat¢his low temperature. The
surface temperatures of each container was roughli’C'. Figure 5.11 shows thg5; |

measurements of thiepsu and thé 0 psu container.

We then repeated this experiment, but changed the ambiepetature to-10°C. The
results once again showed that when the ice thickness wategthan the estimated pene-

tration depth, theS;, | were the same for the containers. We also note that the nesasuots
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Fig. 5.10:The|S;:| measurement locations. At each location two measurements were taken orthog
onal to one another.

were the same for the two different temperatures, an exarsgleown in Figure 5.12. So
far, we have observed that the salinity does not appear éotadiur antenna measurements
when the temperature is belowi 0°C' if the thickness of the ice is greater than the expected
penetration depth. However, we do not know the exact sglafithe ice, only the starting
salinity of the water. In our final experiment-at°C we extract a core from each container

to show the salinity of the ice is different.

Although these experiments do not include varying thicknedues, we expect the antenna’s
|S11| to become more sensitive to changes of salinity values athitieness of the ice de-
creases and the water below becomes more “visible” to trenaat This can be explained
as follows. For smaller thicknesses of ice, the water lageonimes more “visible” to irradi-
ating electromagnetic waves, therefore we will have midtipflections in the ice layer due
to the discontinuity at the ice/water interface. Having enaflections in the ice layer may
emphasize smaller changes in the complex permittivity efitke and therefore may have a

greater effect on thé;; of the antenna.
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Fig. 5.11:A comparison of theS;,| measurement between the container hadimpgu andl0 psu.
The lines on each plot represent the measurements at different looatibimsthe respec-
tive container. As can be seen, tffg;| in both are similar. The thickness of the ice in
both are greater than the expected penetration depth of the antenna.
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Fig. 5.12:The|S;1;| measurement of the) psu container for-10°C and—15°C.

5.2.2 Ice Growth at-5°C

The final cold lab experiment was performed-&i°C. With this phase we collected time
series|S;;| measurements over four days. The first set of measuremengstalesn one
day into this experiment on Juné.7At the time, only three of the four containers had ice
thick enough to support the antenna. As with the previougexents, ten measurements
were taken per tank. There were not noticeable differendisneach container. However,
we observed significant changes in tlg, | measurements between the three containers, as
shown in Figure 5.13. At the time of the measurements, thekiieisses of the ice weee
cm, 1.4 cm, andl cm from lowest to highest salinity containers respectivdlge temper-
ature of the ice surface in each container was approximatety’. If we focus on the)
and5 psu containers, Figure 5.9 shows that the change in perityitis within +1 at this
temperature and low salinity values. From this, we can dpé&ethat the “compression” of
our bandpasses in th8; | are primarily caused by the different thicknesses. We ruié t
the 10 psu container would have a larger permittivity than the otiwe containers. Over the

following three days, we observe th& ;| in each container converging to the same values
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Fig. 5.13:The|S;;| measurement between thg@su to10 psu containers on Jun&72016.

as the thickness becomes greater than the penetration tleptmal day’s results are shown
in Figure 5.14. On the final day, we collected t&o 5 cn? rectangular ice cores in order
measure the salinity of the ice. We found the average ice salneity in the different con-
tainers to bé psu,2.05 psu,4 psu, andt.7 psu. It should be noted that the water in the saline
ice still moved freely throughout the ice layer. During ealion, some of this encapsulated

water drained from the core, thus reducing the brine cortktite ice.
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Fig. 5.14:The|S;;| measurement between th@su to15 psu containers on June.0
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Fig. 5.15:The |S11| measurements of tHepsu container and the) psu container when they had a
thickness ofl cm and similar temperatures of approximately® C. These results give
evidence that the antenna may be more sensitive to salinity variation when treegds
sufficiently low.

Overall, from these experiments we have observed our aatemmot be sensitive to the tem-

perature and salinity of the sea ice within most of the messuanges of this experiment.

Rather, the thickness is what drives noticeable effects oraienna measurements (up to

the penetration depth of the antenna). However, Figure $hb®s the.S;;| measurements

of the0 psu andl0 psu containers when the thickness wasn and the temperature approx-
imately —1° C'. There appears to be differences between the two contagiensg reason
to believe the antenna may be sensitive to salinity whenhie&riess is sufficiently thin and
the temperature is aboves° C'. We end this section by presenting the time seifeg mea-

surements of the pure water tank, shown in Figure 5.16. Tinsdiclearly demonstrates the

effects thickness has on the antenna.
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Fig. 5.16:The time serie$S;;| measurements of tiiepsu container from Juné"o June 18.



Data Processing and Forward Solver

The importance of this chapter is to process the measuredmatusable information for
evaluating the inversion algorithm. Since we need to vahft our inversion method pro-
duces adequate results, we require a validation set of dat.is, we require a known set

of x with their associated;;, data. For this research, our model parameters are given by

x=[€ € 1] (6.1)

wheree’ and €” make up the complex permittivity of each ice layer (real amaginary
parts), and is the thickness for each sea ice layer. If there is more tim@nlayerse’, €”,
andl will be vectors of appropriate size. Therefore, we genesatet ofy "¢, based on our

physical samples, to be used to verify our model.

After creating our validation set of data, this chapter pwiiésent a transmission line based

forward solver used for a single and multi-layered mediurhisTorward solver does not
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fully represent the true physical nature of our system. &toge, a calibration technique is

introduced in an attempt to relate the transmission lineehatth the true physical model.

6.1 Dielectric Profile of SERF Measurements

The information collected at SERF in 2015 included salinitgfie, temperature profile,
thickness, and multi-frequencyj; measurements of sea ice. Using the equations from Sec-
tion 2.2.3, the complex permittivity of the sea ice was cldtad for the full frequency range
based on the measured salinity and temperature values. phleeicgal inclusion equations
were used based on observations of the extracted ice cdresalculated time-series com-

plex permittivities of the sea ice layers are given in Figbuke

B L
-

. . . . . .
Feb.12 Feb.14 Feb.16 Feb.18 Feb.20 Feb.22

4
w

o
N
(4
(e

i
o
o
i
o "
mittivity Imaginary Part (¢ )

>
v

=
Permittivity Real Part (€)
o
N}

Depth (cm)
N
o
Depth (cm)
N
o

w
o
T
w
13
I
[

0.05 &
a

N
S

3 40

. . . . . .
Feb.12 Feb.14 Feb.16 Feb.18 Feb.20 Feb.22 0

(@) (b)

Fig. 6.1:The time-series complex permittivity and thickness of sea ice at SERF 2015.

We observe that’ was relatively low and constant over time in the upper lagsrepposed

to the bottom layers. This is due to the the warmer tempegatairthe bottom of the ice and
the fact that the sea water permeates into the bottom lagplsnishing brine content. The
real part,¢’, follows this same trend a$. However, the surface temperature causes more

temporal variation.

The model can handle arbitrary number of layers. Howevethaswumber of layers in-
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Fig. 6.2:Modified single layer time-series complex permittivity and thickness of sea iSERF
2015.

creases, the number of unknown model parameters will isergaiven the limited measured
data points, we have to limit the number of layers. Thereforghis thesis we consider a
single and three layered model for our inversion algorithifnen developing a reconstruc-
tion method, it is important to know whether or not the metloodverges to the correct
parameters. To this end, we needed to generate the true perdeheters for a single layer
and three-layered medium, shown in Figure 6.2 and Figure Bo3do this, we calculated
bulk complex permittivities based on the the raw permityivheasurements. For the three-
layered model, each layer is assumed to have equal thiclsoeas to reduce the number
of unknowns. It should be noted that actual sea ice is notssecdy a layered medium,
with each layer having a homogeneous complex permittiityfact, there are typically no
distinct boundaries between layers, as the permittiviapditions continuously throughout
the profile. The fact that we represent an actual sea ice agkedayer or three-layered
medium can be considered as one method of parameteriziragthal medium. Regarding
the usefulness of a single layer model, it should be noteditha recent work, we have
considered the sea ice as a single layer (half space), aodstegcted its effective complex
permittivity. This was used as a binary detection strateg\ttie presence or absence of oil

spills in the sea ice profile [47].
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Fig. 6.3:Modified three-layer time-series complex permittivity and thickness of seatiSERF

2015.

6.2 Transmission Line Based Forward Solver

As noted above, sea ice may be modeled as a multi-layerey dskectric. In our for-
ward solver, we model each layer as a transmission line gawinomplex characteristic
impedancey (€, ¢”), as shown in Figure 6'4 The antenna is the source of energy for this
system, and herin is modeled by a voltage source with an iampsdofZ,, which will be
explored in Chapter 7. The load terminating the last laggr,is the sea water beneath the
sea ice. Using the center frequency4oGHz, The complex permittivity of the sea water

is taken as$s0 — 540, based on values from Figure Z.3Although the framework has the

~

| model Fl,z |I‘2,3 Fn—l,n Il—;1,n+l
4 (cm b (cm /, (cm
T \if bem) | | hfem) .
S DU S
I I I I I
I I I I I
: nl (E',E") : r]z (8’,8”) : : r]n (8"8”) : Zw
= Antenna | Snow | FYI I I FYI | Sea Water
I I I I |
I 1 1 1 ]

Fig. 6.4:Transmission line model of an antenna situated on snow-covered FYI.

1 This model has the potential to accommodate snow layeratsiion top of the sea ice.

2 The complex permittivity of sea water does vary with frequerHowever, by selecting a single value we
reduce the computation cost per iteration. As well, the sa@mpermittivity is much higher than the sea ice
causing a large reflection (almost like an open load). Thectffof a slight change in the sea water complex
permittivity are taken to be negligible.
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potential to be applied to different forms of sea ice, we atoysider FYI in this thesis.
We further assume that the FYI is isotropic. The assumptioisairopy is based on the
brine and air inclusions being randomly orientated in theion@. If the inclusions were not
random, then a tensor of permittivities would be needed.ddfse, the model presented in
Figure 6.4 assumes that the antenna, in terms.ef, “sees” the water layer. If the antenna
does not see the water layer, due to increased thicknestenuation, then we can consider

the transmission line to be terminated with a half spaceef ic

The relationship betweepand the generalized Fresnel reflection coefficfe;;udel will now
be formulated. In a transmission line setting, the gernazdlFresnel reflection coefficient at
a boundary can be found as [18]

T —2j7i41li
f B Fi,i—i—l + Pi+1,i+2€ JVi+1bi+1
i+l =

1+ Ty 1D pe—2lion (62
Wherefi,m is composed of the Fresnel reflection coefficiEnt,, at the boundary and the
generalized Fresnel reflection coefﬁcie’fmlym at the subsequent boundary. This func-
tion states that the reflection at a boundary is also depémtethe reflection at the next
boundary. The equation (6.2) can be called recursively fouli-layered material with the
reflection at the load (sea water or half space) being thestgriteria. Since there is no
subsequent layer, the total reflection at the load is asstionealve only an initial reflection.
That is, the waves that transmit into the sea water do notidfeck. The Fresnel reflection

coefficient at a boundary is defined by

Tiitn = Nit1 — N 6.3)
Ni+1 + i

wheren, defined by (2.11), is the characteristic impedance of theenah on either side of

the boundary.
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6.3 Cost Function and Modeling Error

The cost function compares the measured dataand modeled reflection coefficieRiro?,

The cost function is given by

2

nf S| = T4 (x)|
Clx) =Y W ‘ 5T (6.4)
n=1 11,n

wherenf is the number of frequency measuremensts,, is the measured;; at thenth
frequency, IV, is a weighting function, anﬁnm"d(x) is the the reflection coefficient found
from the forward model at theth frequency due to the predicted unknown parameters
In this thesis, we investigated different weighting funos. However, none of them yielded
better results thaml’ = 1. It should be noted that in a co-resident multi-sensor syste
some sensors might collect more informative data abouetien of interest. In that case, a
more sophisticated choice f,, can be very useful. However, we deal with a single sensor

system, therefore the choice Idf, = 1 may be sufficient.

We now discuss the challenges associated with optimizirggdst function. The main

challenge is the discrepancy between the actual wave patipagwithin the sea ice and
the simplified model (transmission line) used in our forwsotser. This discrepancy is of-
ten referred to as the modeling error. The presence of nmageliror in the optimization

results in not converging to an appropriate solution. (k& niext section, we discuss how
to alleviate this modeling error using data calibratiorhtéques.) Herein, we elaborate on
the disadvantages of a full-wave forward solver for oureyst To this end, let's assume a
full-wave forward solver is to be used. In addition to beimgnputationally expensive, the
use of a full-wave forward solver increases the number ohonks to be reconstructed.
For example, if a full-wave forward solver is to be used, wedcht reconstruct for the three

components of the electric field as well as the complex péxityt at different locations
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within the domain of interest. This increase in the numbeurdénowns require more data
collection so as to maintain a reasonable balance betwe&enutmber of known and un-
known guantities. However, the increase in the number ofsonea data is not trivial for
Arctic remote sensing applications. For example, in outesysit is not feasible to collect
the electric field measurements within the sea ice; we ataatesl to only a single position
directly above the domain of interest. Last but not leagkinewe consider phaseless data.
The inversion of phaseless data is often more complicataa #mplitude-and-phase data

and makes the problem more nonlinear [48].

6.4 Data Calibration

This remainder of this section looks to address the inhatisatepancy between the mea-
sured and modeleH and to propose a way to link the two. The largest source of &ro

caused by modeling a near field measurement with a trangmikse approach.

The transmission line model is based on plane wave interatvithin a layered media.
This means that we do not consider the electric fields pa@drin the direction of wave
propagation. However, in Section 3.6.2, the OEW’s near-fidd simulated when placed
on snow-covered sea ice. The results, shown in Figure 6ripdstrate the presence of
E-fields in the direction of propagation. The snow/ice bargds easily identifiable &t.5
cm from the normal component of the E-field. Therefore, thessence of the normal E-
field in the actual propagation, and its absence in the tresssom line model, is a source of

modeling error.

We attempt to address this modeling error by using a caltrdiactor. The purpose of this

calibration factor is to convert measurEddata into our modeled. Assume we want to
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Fig. 6.5:HFSS simulation of thé&’, component in the E-plane when placed on snow-covered seaice.
The transmission line model inherently neglects these fields.

minimize the followingZ?-norm data misfit cost function,

min || P(x?) —T(x) || (6.5)

wrt x

where P is the true relationship between model parameters and tlasured data, and
is our transmission line based forward solver operator tidiegsy and outputs the simu-
lated data. As welly? are the true model parameters apére an arbitrary set of model
parameters. We want to minimize (6.5), with the resultintp be equal toyY. However,
P is an unknown complex operator and is a different operatam T due to the modeling
errors. This difference would caugéy) to optimize toP(y?), not necessarily resulting in
x approachingy?. In order to better relate the true model to the predictedeh@d as to
reduce the modeling error, we propose to minimize the falgweost function instead of
(6.5)

wmin || P(?) L)

wrt Pxe) T(x) | (6.6)

wherex is a known calibration object an&(y°¥) is the corresponding measured data
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collected from this known object. In additiof;(x“*), is the simulated data due to this
known object based on the transmission line model. Now, asguthat the calibration
object is similar to the actual unknown we can understand how (6.6) can help us alleviate
the modeling error. To this end, for simplicity, let's assuthe limit of y** — x9. In that

case,P(x?) will be canceled byP(y<), and (6.6) simplifies to

min [| T(x?) = T(x) || - (6.7)

wrt x

It is obvious that the solution of (6.7) is= x“*. However, since we have chosgit’ — 9,
the solution will be in facty = x9, i.e,, x converges to the true solution. In practice,
sincey? is unknown, it is not possible to ensure that’ is close toy?. In such cases, we
need to do our best to choosey& that is sufficiently close tg. This process has the
potential to alleviate the modeling error. The above praceds inspired by the scattered

field calibration technique, which is used in microwave tgmaghy [49].

For our application we have an advantage for choogitig Since we are performing time-
series measurements, and have the potential for high tedn@solution (time interval be-
tween two successive measurements are small), it is expéwaey does not vary sub-
stantially between two successive measurements. For éeathp SERF 2015 time series
profile of the ice do not substantially change between thedsws. The largest change in
the properties is the thickness¢m to2 cm growth). To this end, we can start by physical
sampling at a given time, and use this physical sample asdlitgation object to calibrate

the | S| data in subsequent measurements.

Finally, it should be noted that other simpler forms of cadiiion techniques can also be
investigated and utilized for this application. In additim a point to point calibration de-

scribed above, we can look towards using key indicators atufes between successive



6.4 Data Calibration 92

measurements to reconstryctFor example, for applications in which the complex permit-
tivity of the region of interest does not vary much, the maafiay (resonance) of thi |
measurements can serve as this key indicator. In such cadgsation factors such as the
ratio of the main resonance frequency in the simulated mooleésponding to“* to that

of the measured data collected froyft! can be investigated.



Inversion Results

The final component for this research is developing an imveralgorithm to solve for the
complex permittivity of sea ice given a set of measugd|. We begin by developing a
single and three-layered inversion solution to a given ssinaulateds;; *, with no modeling
errors. That is, the forward solver discussed in Chapter 6usas to generate the data.
Noise will then be added to the simulated data to observefteetg it has on our solutions.
Afterwards, we will utilize a calibration technique to rexuthe modeling error between the
forward solver and measurements collected from SERF 201&rd3ults of this calibration

factor will be discussed.

We begin this chapter by presenting a more detailed flow abfaithe inversion process,
shown in Figure 7.1. In our method we use a time series approaarder to develop our

initial model parameter states. In practice, at the timendémana deployment, a physical

1 These transmission line models are capable of using botmégmitude and phase of tisg;. However,
as previously discussed, we consider inversion of phaseleta since phaseless data is more robust, more
affordable to collect, and we also think our phase measuntstage not reliable.
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Fig. 7.1:A flowchart of the iterative inversion method. After choosing initial modebpaeters, we
calculate our response from our transmission line model, determine the(ewst), and
then update our parameters using simulated annealing.

sample will be taken nearby in order to determine our inytikhown set of complex per-

mittivities. In addition, an.S;;| measurement would be performed which would be used in

the calibration technique. We use the transmission linedé&sward solver and a normal-
ized cost function for all algorithms developed in this deapA weighted normalized cost

function will be discussed when inverting the SERF 2015 data.

Simulated annealing is the global optimization technigeeetbped to traverse the non-
linear search space of our forward solver. We explore diffecooling schedules and their
effect on our solution. How we update and perturb our modedrpaters will also be dis-

cussed.

Finally, the proposed algorithm is intended to run for adangimber of iterations. There-
fore, each iteration should not take a long time to complétéiuge time sink would be
to calculate the complex permittivity at each frequencyedeery iteration. One method to

eliminate this problem is to use a single complex permititifor all frequencies.

The solution we came up with was to create a set of ratios thatde applied to a single

frequency in order to create the complex permittivity afflidfjuencies betweehGHz and
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6 GHz. Using the equations from Section 2.2.3.2, the compéefitivities were calculated
for different salinity ¢ psu to12 psu) and temperatures-{2°C' to —3°C’) between3 GHz
and6 GHz. We then divide the values by the initial value3aBsHz. Figure 7.2 shows the
ratios found for ten different configurations of temperatand salinity. As can be seen, the
complex permittivities follow a distinct trend regardlesfsinitial temperature and salinity
values. Therefore, we can use the average ratio values ialgorithm to reduce compu-
tation time per iteration. In addition, this is even more ortpnt to increase the number of
data points as compared to the number of unknowns. If we dengiat each frequency to
be completely independent, performing multiple-freqyemezasurements will not be use-
ful. Based on this, we can always have one set of main unknowhe anitial frequency,

say3 GHz.

The unknown parameters at other frequencies will be relatélde unknowns at this initial
frequency through an operator, sy, which takes the unknown parameters at that specific
frequency and then transforms it to the unknown parametéhe ath frequency. Figure 7.2
is essentially the representation of this operator. Tloeeethe cost function shown in Fig-

ure 7.1, can be written as

~ ~ 2
&) TG = T3 (Le (X))
COO =D W ‘ — ‘ (7.1)
g=1 aneas

wherey represents the unknown parameters at one specific frequehcgurse, foly = 1,

L, will be the identity operatoti,e., £, = 7.
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Fig. 7.2:Frequency dependence of sea ice complex permittivity for multiple confignsaof tem-

perature and salinity.

7.1 Synthetic Data Inversion

This section discusses and presents inversion resultsdtoreingle and three layer model
using noiseless and noisy synthetic data. We begin by dewvgjanversion algorithms capa-
ble of reconstructing the complex permittivity and thicka®f a single layer and three layer
of sea ice based on synthetic multi-frequengy; | data from3 GHz to6 GHz. This data is
related to our model parameters by our transmission lineeinotb be comparable to the
VNA measurements, the frequency step sizé&5isMHz, resulting in201 datum. The cost
function used is given in (7.1). It is important to note that oost function for a single or
three layer model is still highly non-linear with many locainima. To this end, a directive

search is considered rather than an exhaustive search.

Now that we have identified our problem and relevant inforamatwe look to construct
a global optimization algorithm capable of reconstructingse profiles. When creating a
method it is important to note what level of accuracy or ewerdeem acceptable. We are

using a model that does not accurately describe the truegshykthe system. Our true set
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of model parameters are based on physical samples. Thesieglsamples have a degree
of error to them. As well, we collect bulk measurements, wiverknow that the sea ice has
a continuous profile. Finally, we use empirical formulasdtate the physical properties of
the sea ice to the complex permittivity. Just from these nMagi®ns, we can expect some
inaccuracy within our solution. Since we are reconstrgctirtime series profile of sea ice
growth, if our solution follows the general trend of the tradues, we label it as a success
at this initial stage in algorithm development. With thisngesaid, we still want to generate

a solution as close to the true model parameters within @nedxde computation time.

We can consider the complex permittivity profile of sea iceath point in time to require
its own independent inversion. That is, we do not considgradgorithm that simultane-
ously utilizes more than one temporal measuremegt, curve smoothing or interpolating
of the final trend line. However, for each individual invensj we use the previous time’s
solution as the initial model parameters (except the firsisueement). As well, we use our
knowledge and observations of ice growth to reduce the Bessrace and to determine the
amount of perturbation per iteration. In other words, ouersion algorithm simultaneously
invert the muli-frequency data at a given time to reconsttiie respectivey. Then, this
reconstructed, is used as the initial guess for the inversion algorithm t@ihthe multi-

frequency data at the next time step.

7.1.1 Single Layer Algorithm

In this section, we present results for the single layerralgm using noiseless and noisy
synthetic data. In this model, our three model parameterdhackness, the real part of

permittivity, and the imaginary part of permittivity.

The first stage of our inversion development did not considése associated with the true



7.1 Synthetic Data Inversion 98

Tab. 7.1:Simulated annealing parameters for a single layer noiseless inversion.

Parameter Value

N 250
L 100
P, 0.5
Py 102
R 10

data. For our simulated annealing algorithm, we utilizesl ¢boling schedule outlined in
Section 2.3.5.2. The free parameters we controlled indwdeL, P, Py, andR. The values
we ultimately chose are given in Table 7.1. We note here tledfionnd that the value of,

in our forward solver model did not make our algorithm paridoetter or worse. Therefore

we chose a standafd 2 value for its impedance.

From testing, we found that we produced the best results wieehad a high number of
resets,R. As well, it allowed us to keep the number of temperature, @malibrium itera-
tions low. We experimented with a low number of resets andyadrinumber ofV and
(1500 and 250, respectively) and found the results not as consistentt iShae observed
that the algorithm would not find a reasonable solution somest. As well, we tried even
larger values {0000 and2000) which resulted in slightly more accurate solutions, bt th
computation time was long (hours) whereas the final valugglted in under a minute per

temporal measurement.

When we reset our cooling schedulg, N, and L reset, making it easier to jump out of
local minima. As well, at the time of each reset, we chooseimitial model parameters
to be equal to the absolute best solution from the previoosrgpschedule. That way we
retain information from previous resets. There are two gsetsodel parameters stored: the
absolute best solution (lowest cost) and the currently @ecesolution (we don’t want to
start each iteration at the best solution in order to avadrsation). Now with each reset,

we keep the same start and finish temperatures. Howevendhahplity of keeping a worse
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solution at the start of the first iteration compared to thehtevill not be the same. This
is due to the running average of accepted cost values thapisttack of in the Boltzmann

Constant.

The last aspect of our algorithm that we will mention is that/e perturbation method
used. Simply speaking, we use a Monte Carlo approach by rdgdanying the parameters.
We do this by adding or subtracting a random value from theeadly accepted model
parameter. The amount of this value decreases proportmialWe decrease the amount of
perturbation as the algorithm progresses in order to rethecaumber of wasted iterations.
Since we are only optimizing three parameters, we variethede in each iteration. In the
three layer model we do not vary every parameter. It is ingyaro note that we do not set
a boundary limitation on any of the parameters; there ismi@tifor parameters to approach

infinity.

The results for a noiseless set of data for a single layerapicgeare presented in Figure 7.3
to Figure 7.5. These results are based on an average of tlale®ns. As can be seen, for

all three parameters the algorithm is able to follow the gairteend of the true parameters.

Afterwards, we added noise to our simulated data in ordee&ifthe algorithm could
produce similar results. In addition, the presence of nigiséso important in alleviating the
effect of the so-called inverse crime when the same modedesd for data generation and

data inversion. The noise we added to the data is given by

N,
Aroise = d + 7% -max(d) - Rand (7.2)

whered is the true simulated datd\; is the level of noise selected, aftdnd is a random

number between-1 and1. We chose a value o5 for N,. Figure 7.6 shows an example of
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Fig. 7.3:The one layer simulated annealing results of the time series thickness usingsthuadta.
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Fig. 7.4:The one layer simulated annealing results of the time series real part of patynitsing

simulated data.
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Fig. 7.5:The one layer simulated annealing results of the time series imaginary parnaftjty
using simulated data.

the noise overlayed on a signal, represented by the redliimegreen represents the output
of our initial model parameters (taken from the inversiosulefor the previous day) and the
blue line is the output of the final model parameters. We sakthie predicted response is
close to the simulated response. Since our simulated respamd predicted response are
based on the same forward solver, this is a good indicatierakiorithm is able to handle
some noise to the data. The time series results are givegumd=7.7 to Figure 7.9. These are
average values of three different trials. It seems that tiee & the reconstructed thickness
corresponds to the error in the real part of the permittivipr example, when in day 4,
the reconstructed thickness is over-estimated, the récmbesd real part of the permittivity
is under-estimated to compensate for the reconstructekindss value. On the other hand,
in days 6 and 7, when the thickness value is under-estimtiteadeconstructed real part of
permittivity is over-estimated. This can be explained byingpthe non-uniqueness of the
solution for this problem. The next step in the algorithmelepment is adding more layers,

thus increasing the number of unknowns.
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Fig. 7.6:The data (reflection coefficient) for a single layer algorithm. The gresh,and blue lines
represents the previous day data, the current day’s true simulated radésyadd the pre-
dicted data for the current day, respectively.
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Fig. 7.8:The one layer simulated annealing results of the time series real part of patynitsing
noisy simulated data.
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Fig. 7.9:The one layer simulated annealing results of the time series imaginary parmaittjwty
using noisy simulated data.
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Tab. 7.2:Simulated annealing parameters for a three layer noiseless inversion.

Parameter Value

N 150
L 50
P, 0.5
Py 102
R 10
NL 3

7.1.2 Three Layer Algorithm

The three layer algorithm is a modification of the one laygoathm. That is, the simulated
annealing algorithm has the same cooling schedule steieiod performs the same tasks
at each reset. Before proceeding, we remind the reader thdiwde our ice into three
equally thick sections. (This can be regarded as prior mé&tion used by the algorithm.)
Therefore, we have only total thickness, and the complexipvity values for each layer as
the unknown model parameters. In the three layer model weftire have seven unknowns.
There were modifications made to the values of our free pasasand the way in which the
perturbation occurs. The values we chose for our simulatedaling three layer algorithm
are given in Table 7.2. (The values used in Table 7.1 coulnlladsused; however, this will

result in more computation time.)

We introduce a new variabléy;, into our three layer model which indicates the number of
layers we are reconstructing (three in this model). Sinealannealing typically relies on
small perturbations of the model parameters. This varighlsed to reduce the number of
model parameters we update each iteration. For &eve actually run through the cooling
schedule three times. Initially, we vary all parametersntreduce it to the two upper layers,
and finally just the top layer is varied on the third run througVithin each cycle, we give

the algorithm a random chance to modify an additional lagerder to avoid stagnation.
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Fig. 7.10:The three layer simulated annealing results of the time series (total) thicknegsnase-

less simulated data.
For the noiseless case, Figure 7.10 to Figure 7.12 presen¢silts for this algorithm. The
run time for each day was approximately one minute. As we eantbe algorithm appears

to follow the true values for all parameters.

We now use the same amount of noise as the noise introdudee moisy single layer results
for this three-layer example. The inversion algorithm ipatale of generating reasonable
results if we let the simulated annealing to run for moreaitens. The values chosen for
this example are given in Table 7.3. We observed that anaseren/N and L gave better
results than having more resets. The time series resultaufomodel parameters are given
in Figure 7.13 to Figure 7.15. As we can see, error in the reicocted model parameters
is higher than the noiseless case. However, we still folloevgeneral trend of each model

parameter. Our results are stable; we do not have any parenagtproaching infinity.

Before proceeding with the final synthetic data test, we naéwe had tried using a larger
number of layers. What we found was that the increase in unkmoadel parameters caused

the algorithm to not converge. Simulated annealing workswith a large number of model
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Fig. 7.11:The three layer simulated annealing results of the time series real partmittpéties
using noiseless simulated data.
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Fig. 7.12:The three layer simulated annealing results of the time series imaginary parhattjyi-
ties using noiseless simulated data.
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Fig. 7.13:The three layer simulated annealing results of the time series thickness usnginau-
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Tab. 7.3:Simulated annealing parameters for a three layer noisy inversion.

Parameter Value

N 500
L 100
P 0.4
Ps 102
R 5
NL 3
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Fig. 7.15:The three layer simulated annealing results of the time series imaginary parnattjvi-

ties using noisy simulated data.

parameters in combinatorial problems. However, with tlistinuous value problefrwe

find that an impractical number of iterations would be reggito be effective.

7.1.3 Single Layer Algorithm using Three Layer Data

In this section, we look to see how the single layer algoritbenforms when given three
layer synthetic data constructed using the forward solVie three layer synthetic data is

composed of three equally thick layers with very similarrpitivities. The permittivities

2 The unknown model parameters are not limited to discretecfetalues.
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Tab. 7.4.Simulated annealing parameters for a single layer inversion of three laythiesig data.

Parameter Value

N 500
L 100
P, 0.4
Py 102
R 10

are chosen relatively close to limit the effects caused kyréflections at the boundaries,
since we know the single layer algorithm does not considesdheflections. The purpose of
this section is to determine if our algorithm is capable afiifiy the effective permittivity of
the three layers. In addition, to some extent, this exameiteanstrates a sea ice profile in
which the permittivity has continuous variations, but doneshave actual distinctive layers.
The other advantage of this example is that the forward solsed to generate the synthetic
data assumes three layers, and therefore, it is not idéndiche one-layer forward solver

used in the inversion algorithm.

For this simulation, we generated seven ice profiles witheasing thickness (to emulate
a growth cycle of sea ice). The difference in the real parteshpttivity between the three

layers was approximatelyand0.01 in the imaginary part of the permittivity. WE performed
a time series reconstruction of the complex permittivityhase three layer profiles to see if
our algorithm could follow successive predictions. We ubedree parameters in Table 7.4,
and the results of this test are given in Figure 7.16 to Figuld. The true parameter
shown on the figures for the permittivities is the averageealf the three layers. From
these figures, we observe that our algorithm follows the gerieend for all three model

parameters.
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Fig. 7.16:The single layer simulated annealing results of the time series thickness usadaper
synthetic data.
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Fig. 7.18:The single layer simulated annealing results of the time series imaginary panoit/-
ity using three layer synthetic data.

7.2 Experimental Data Inversion

In this section, we implement our calibration factor on owasurements, and attempt to
reconstruct the complex permittivity profile. The measusata we are inverting are those
of SERF 2015. As shown in Section 5.2, we observed that ounaate/as not sensitive
beyond10 cm (SERF 2015 experiments starte@&tm). Therefore, using the single layer
or three layer algorithm would not be practical as the ardeshwes not see the sea water.
That is, if we modeled our physical system as a transmissi@) bur terminating load
would not be sea water. In essence, the antenna sees a ltafcdz®a ice, consisting of the
first few centimeters of the sea ice. Therefore, we look tetinfor the complex permittivity
of ice grown at SERF 2015 assuming we have a half spakteshould be noted that this
issue was also observed in our recent oil in sea ice expetimemhich the inversion of
radar cross section data was performed assuming a rougbpaalé region of interest with

a homogeneous complex permittivity profile [47].

3 Consequently, the forward solver used in the inversionrétyno will only use a standard Fresnel reflection
coefficient instead of the generalized one.
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Before proceeding with our profile reconstruction, we noteehibat we had useable data
for only the first four days. To this end, we will reconstruee tcomplex permittivity pro-

file for these days. In addition, the complex permittivitehs not vary drastically within

this time frame. Therefore, we explore two calibrationsnnagtempt to reduce bias in re-
constructiof. The first calibration uses the first day of the SERF 2015 measamts, and

the second calibration uses th®;| measurements of our antenna when placed against a
UHMW plastic. (Of course, based on the calibration techejqus expected that the closer
the calibration object is to the unknown object, the morecsssful the data calibration will

be.)

Using the technique outlined in Section 6.4, we generatecalibration factor based on
the forward solver approximation and the trifg,| measurements of the first day. (That
is, the calibration factor will be the ratio of the generatieda by the forward solver due to
the known calibration object to the measured data taken frencalibration object.) We
then apply this calibration factor to all future measureteenrhe reconstruction method
follows the same cooling schedule as the single layer alguariwith slightly different free
parameters given in Table 7.5. The results of the time senegplex permittivity profile
reconstruction are shown in Figure 7.19 and Figure 7.20nkhase plots, the reconstructed
profile is similar to the true profile. However, we do not hamewgh variation in the true
parameters and not enough measurements to conclude thahétihod is reliable when
using experimental data. That being said, the reconstrucésults still follow the general

trend of the true parameters.

To test the proposed method using a calibration object whos®lex permittivity is dif-
ferent than that of sea ice, we decided to use a slab of UHMWtipl&, = 2.3) as the

calibration object. Therefore, measurements were tal@n this dielectric slab, and also

4 If our starting model parameters are close to the true maatalpeters, the algorithm may give us reason-
able results without actually effectively searching tharsk space of our cost function.
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Tab. 7.5:Simulated annealing parameters for experimental data when using SEREt@atilobject.

Parameter Value

N 1000
L 100
P, 0.4
Ps 1072
R 2
3.8r
—True Parameter
> Modeled Parameter|
~3.75
w
o
o 37
3]
[J]
04
..Z‘ C
S 3.65
E
[¢]
O 36r
o
| |
3.552 4

3
Time (Days)

Fig. 7.19:The reconstructed time series profile of the surface permittivity (real psirty the initial
measurement in the calibration factor.
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Fig. 7.20:The reconstructed time series profile of the surface permittivity (imaginatyysng the
initial measurement in the calibration factor.
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Fig. 7.21:The reconstructed time series profile of the surface permittivity (real pai) a mea-
surement of a UHMW plastic as the calibration object.

the forward solver (assuming a half space region) was etllip generate the synthetic data.
The ratio of this synthetic data to the measured data wasubexhas the calibration factor to
calibrate our SERF 2015 experiments. This enables us to saedhlibration technique still
holds with a larger change in permittivity. The inversiosuks are presented in Figure 7.21
and Figure 7.22. (Note that we have now also included thedagtof measurements since
it is not being used for calibration.) From these figures, &e see that the reconstructed
profile is worse than when using a calibration factor deteedifrom the first day’s measure-
ment. This is to be expected as the profile used for calibragiairly different compared to
the profile we are attempting to reconstruct. It should atsadited that the other reason that
the inversion using the dielectric slab calibration is veotisan the inversion using the first
day’'s SERF measurement calibration may lie in the fact theattélectric slab was lossless,

whereas the unknown profile is a lossy profile.

For the results presented in this section, we have shownotlmainversion algorithm is
capable of following the general trend of our model paransetéhen given simulated data

that is both noiseless and noisy. With regards to measurag\da see there is potential to
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Fig. 7.22:The reconstructed time series profile of the surface permittivity (imaginaty gsing a
measurement of a UHMW plastic as the calibration object.
this method if successful calibration can be performed. 0te that our measured data is
fairly limited and that the next step would be collectingthar measurements with a larger

variation in complex permittivity and thickness values.



Conclusion

This thesis addressed an electromagnetic inversion problewhich external active mi-
crowave measurements are to be used to infer some interopémies of the region of
interest. To this end, a surface based OEW was designedabnddted with the intent of
irradiating first year sea ice to colleci;; | measurements. From these measurements, the
time-series complex permittivity profile of the sea ice wabe reconstructed using the pro-
posed inversion algorithm. This profile is important, asridvides information about key
geophysical properties of sea ice. The main advantageoéfigroach is that it could poten-
tially be utilized as a network of sensors monitoring loaagerties and regional properties

of the Arctic. This could be, for example, important in séimeiareas in which oil spills

might happen.

For simplicity of the system, we decided to use a multi-fizgey phaseless approach with-
out spatial or angular variations in our measurements. déiisitely reduced the informa-

tion content of the measured data; however, the antennaecatationary on the region of
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interest. To this end, the antenna was designed to haveeinegbands where the magni-
tude of the reflected voltage ratio was less thal dB. This would indicate power being
transmitted into the sea ice layer. To alleviate the chghsnwith having accurate phase
measurements and also to make the proposed method moreffamehie we decided to
only consider the magnitude of the measured dagawe utilized phaseless data. (This ap-
proach will then only require a power meter.) Once measuata are collected, it needed to
be processed by an inversion algorithm to reconstruct teeetbunknowns. The proposed
inversion algorithm consisted of a global optimizatiortieique known as simulated anneal-
ing in conjunction with a transmission line based forwartyeso This inversion algorithm
is iterative, and minimize the data misfit cost function whiepresents the discrepancy be-
tween the measured data and the simulated data. One of tlhengjes in this approach was
to properly link the simulation model to the actual physicspired by microwave tomogra-

phy calibration techniques, a calibration process wasqwep to alleviate this discrepancy.

We first validated our inversion algorithm using noiselesd aoisy simulated data. The
reconstructed profiles followed the general trend of the tine-series profiles. We then
looked towards reconstructing our profile based on actualserements. To this end, we
performed measurements during 2015 and 2016 in the seavzeranental facility at the
University of Manitoba. Herein, we collected antenna measents as well as performed
physical sampling of the sea ice. From our physical samplesgetermined the salinity,
temperature, and thickness of the ice layers of SERF 201hgudselectric mixing models,
we determined the complex permittivity profile of the sea iTiis data was used in creating
and analyzing the validity of our inversion algorithm. Indatn, we performed cold lab
experiments to gauge the sensitivity of our antenna to tluplyesical properties of sea
ice. We found that our antenna’s sensitivity was fairly waakegards to the salinity and
temperature of the sea ice. The OEW was most sensitive tditieness of the sea ice up

until the sea ice became thicker than a certain depth. Wefalsawl out that this technique
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would only work in winter during the freezing cycle, as mmdticauses high conductive
surface layers of water that prevent the antenna from pesiegrinto the ice at all. Regarding
experimental data inversion, only a few days of SERF 2015 ureagents were useable for
the inversion; much more experimental work is needed tauetalthis approach. Based on
our limited data set, we presented preliminary experimeetonstruction results for this
approach. From these results, there is potential of beifeggtabmonitor the diurnal effects

on the surface layers of the sea ice.

For future work, the following four directions are suggeistEirst, the main data collection
challenge that we had was the limited sensitivity of the mméeto deeper parts of the re-
gion of interest. Therefore, an enhanced design for thenaatelement is recommended.
However, it should be noted that the antenna is to work ingegfield zone. Thus, itis spec-
ulated that the antenna should exhibit a focused near-fistdllition to be more sensitive
to deeper parts of the region of interest. That is, we woulek lthe opportunity to monitor
other convective processes that occur near the bottom afeh&econd, the idea behind the
proposed inversion process is not limited to the choicerobitated annealing, and the trans-
mission line based forward solver. Other optimization teghes and more realistic forward
solvers can be investigated for this approach. In particat@re realistic forward solvers
could be very useful; however, a more complicated forwaidesanay result in more un-
knowns to be reconstructed. Third, novel data calibrat@hhiques should be investigated
to better link the forward solver to the actual wave prop@aget the region of interest. Last
but not least, more extensive measured data sets need tedhéousvaluate this technique,
and optimize its different components: antenna, forwatdespcalibration technique, and
optimization algorithm. The challenge in doing so lies ia thct that these components are

linked together, and affect each other. Thus, they shoulddxsdly considered together.
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Dielectric Mixing Model Calculations

In this appendix, the dielectric mixing models of sea wageg ice, and snow are presented

in full. The derivation of these models are from [14].

A.1 Sea Water Empirical Dielectric Model

The empirical dielectric model for sea water used in thisithés based off of previous
models [20]. The new model parameters were interpolatedysga water permittivity data
sets collected by Ellison (1996, 1997, and 2003) and Sto@r9a6) [19, 21, 22, 23]. The
complex permittivity of sea water is a function of frequerf@Hz), temperature®(), and
salinity (psu) given by:

ews(T,S) —€u1(T,S) | €wi(T,S) — €woo(T),S5)
(£, T, 5) = 1 — 527f 7,1 (T, S) 1 — 527f 72(T, S)

(A1)
. 0y
+ (T, 5) +]ma
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wheree is the permittivity of free space,,, is the static permittivitye, is considered as a
fitting parameterf is the frequencys is the relaxation time constants of the polar molecules,

ando; is the ionic conductivitye,,, ande,,; are given by:
ews(T, S) = ]7.85306¢ 0-00456992T —a1S—as S —a3 ST (A.2)

w1 (T, S) = age T —ae5—arsT (A.3)

The relaxation time constant relates to a frequency depegmtenomenon where the di-
electric loss increases due to dipole relaxation [24]. Rpelaxation time is the time delay
in molecular polarization with respect to a changing eledteld. The polar molecules are
unable to reach equilibrium (re-orientate) as frequencyeases. This inability results in
higher losses due to the molecules rotating against thérieléeld. However, the losses
caused by polarization decrease as frequency furtherasesedue to molecules not having

enough time to even begin to rotate.

In the double-Debye model, there are two relaxation timestaoris which are influenced by

the salinity and temperature of the sea water. The reldtiprizetweenr, S, andT are:

aio

7un (T, S) = (a5 + agS)e™1 ns, (A4)

Tus(T, S) = (a3 + a155)e™5 s (A.5)

As welle,-, ando; (T, S) are given by:
€wso(T, S) = a16 + ar7T + a1sS, (A.6)

oi(T, S) = o(T, 35) - P(S) - Q(T, S), (A7)
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where the parameters of(7, S) are:

o(T,35) = 2.903602 + 8.607 - 1072 T 4 4.738817 - 10~ * T

(A.8)
—2.991 107977 +4.3041 - 1077 T,
37.5109 + 5.45216S + 0.01440952
P = A.
(5) =45 1004.75 + 182.2835 + S? ’ (A.9)
ap(S) - (T' - 15)
T,5)=1 A.10
where the parameters 6f(T', S) are determined by:
6.9431 + 3.28415 — 0.099486,5>

= A.ll
@(S) 84.85 +60.0245 + 52 (A1)
o1 (S) = 49.843 — 0.22765 + 0.0019852. (A.12)

The table below lists the values of Equations (A.2 to A.6). These values are only valid

over the following ranges:

0°C< T <30°C, Opsu< S <40psu 0GHz< f < 1000 GHz

These formulas were determined through experimental daeliasive to these ranges. There-

fore, the error is unknown outside of these conditions. Herghe use of these formulas

outside these ranges have been used [20]. This thesis eskdloving ranges:

T=-18C, §S=3254psu 3GHz< f<6GHz
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Tab. A.1:Values ofa used in the empirical dielectric modeling of sea water.

a; = 0.46606917FE — 2
as = —0.26087876 L — 4
ag = —0.63926782EL — 5
ay = 0.63000075F + 1
as = 0.26242021F — 2
ag = —0.42984155F — 2
a7 = 0.34414691F — 4
ag = 0.17667420E — 3
ag = —0.20491560FL — 6
a1p = 0.58366888F + 3
a1p = 0.12684992F + 3
ap = 0.69227972F — 4
a1z = 0.38957681F — 6
a1 = 0.12634992F + 3
ae = 0.37245044F + 1
a7 = 0.92609781F — 2
a1g = —0.26093754E — 1

A.2 Sea Ice Empirical Dielectric Model

The model used in computing the complex permittivity of sesd,;, is a function of the

following parameters:

Complex permittivity of pure ice;.

Complex permittivity of brine inclusions,,.

Brine volume fractiony,.

The shape and orientation of the brine inclusions.

€5 1S also a function of the ice temperatufeand the ice salinitys;. The Polder-van San-

ten/de Loor formulas are used to determine the effectivenjpiivity of the sea ice based on
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the brine inclusions’ shape. The inclusion shapes considete circular disc, spherical, and
needles; the orientation is assumed random. The resulbmplex effective permittivity is

based on the host material and the inclusion material wiheredquations are:

€si = € + %(eb —€) (2 + 6—) (Circular Disc) (A.13a)
€b
€p — € .
€si = € + 3upe” (Spherical) (A.13b)
€p + 2¢*
(€r — €)(De" + €)
s = € Needle A.13c
€ €; + Uy 3(61) mn 6*) ( ) ( )

wheree* is an effective permittivity for the region surrounding aelusion. If the inclusion
volume fraction is small, we assumé = ¢;. If the volume fraction of the inclusions is
larger, the model assumes= ¢,;,. The empirical formulas fot;, ¢,, andv, are given in the

following sections.

A.2.1 Permittivity of Pure Ice

Pure iceg;, is assumed the host material of sea ice. The relaxationdrezes of pure ice
is in the KHz region, where the relaxation frequencies diiligwater is in the microwave

region. Since this thesis utilizes microwave frequendtesmodel is of the form:

€~ cino, (A.14)

n . €0 — Gico

!~ A.15
62 27Tf7—2 Y ( )

wheree, can be assumed independent of frequency ftoriviHz to 300 GHz. A weak tem-

perature dependence was exhibited in a study [50]. Thidtegsun the following empirical
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formula:

€, =3.1884 + 9.1 x 107*T
(A.16)

—40°C' <T <0°C,

Pure ice has an infrared absorption spectrum that varids fraguency. Equation (A.15)

can be redefined by the following equation [51]:

e = % + fof. (A.17)
whereay andj, are defined by:
ap = (0.00504 + 0.00620) - exp(—22.10)GH z, (A.18)
g Br_emO/T) o

- Tk [exp(b/Tx) — 1]? (A.19)
+ exp[—9.963 + 0.0372(Tx — 273.16)|GH z,

wheref = %’—1 (Tx in K), B; =0.0207 K/IGHz, b=335K, and B, =1.16 x 10~ GHz 3.

A.2.2 Permittivity of Brine

Liquid brine is another name for saline or sea water. Theeetbe same expressions as A.1
can be used. However, two modifications must be made to irr ¢odiind brine salinity
[20]. The first modification relates to the dependence bratimity has to temperature. As
the temperature of sea ice varies, the size of the brinesimis change due to freezing or

melting of the ice. This change in size alters the brine’s @ahcentration. The salinity of
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brine in sea ice can be determined using the following ergdiformulas:

S, =1.725 — 18.756T — 0.3964772,

(A.20)
—82°C < T < —2°C,
S, = 57.041 — 9.9297 — 0.162047% — 0.0023967°3,
(A.21)
—22.9°C < T < —8.2°C,
Sy =242.94 + 1.5299T + 0.0429772,
(A.22)
—36.8°C < T < —22.9°C;
S, =508.18 + 14.535T + 0.20187"2,
(A.23)

—43.2°C <T < —-36.8°C.

Secondly, the formulas in A.1 are only valid for salinity<0f40 psu. The following formulas

cover therange < S < 157 psu:

/ €0 — €woo
= Cwoo > A.24
% = Cwoo T ] + (27 f7p)? ( )

"o__ (EbO - Ewoo) Op
e, = (2w fm) 1+ @nfn)? + 2nfer (A.25)

wheree,,o. = 4.9,

e (T, Ny) = epo(T',0) ar(Ns), (A.26)
Tb(T, Nb) = Tb(T, 0) bl(T7 Nb)7 (A27)

oo(T', No) = 0(25, Np) c1 (A, Np). (A.28)
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The previous functions are determined by the following:
epo(T,0) =88.045 — 0.4147T + 6.295 x 10~*7T>
(A.29)
+1.075 x 107°7T3,
a1 (Ny) =1.0 — 0.255N, + 5.15 x 1072 N?
(A.30)
—6.89 x 107°N?,
217y(T,0) =1.1109 x 107'° — 3.824 x 1071*T
(A.31)
+6.938 x 107172 — 5.096 x 1071973,
by (T, Ny) =1.0 4+ 0.146 x 107 *T' N, — 4.89 x 102N,
(A.32)
—2.97 x 1072N? +5.64 x 107N},
o3(25, Ny) =N(10.39 — 2.378 N}, + 0.683 N
(A.33)
—0.135N; + 1.01 x 1072N}),
c1(A, Ny) =1.0 — 1.96 x 1072A + 8.08 x 107°A?
— NA[3.02 x 107° 4+ 3.92 x 107°A (A.34)
+ Ny(1.72 x 107° — 6.58 x 107 °A)],
whereA = (25 —T') in°C.
Ny =S,(1.707 x 1072 4 1.205 x 107°S,
(A.35)

+4.058 x 107957).



A.3 Snow Empirical Dielectric Model 128

A.2.3 Brine Volume Fraction

The brine volume fraction in sea ice is determined by thengglof the ice and brine, given

by:
ﬂ Pi

_ Difi A.36
Sb P ( )

(%)

wherep; andp, are the density of ice and brine, respectively. An empirsgression exists

for the volume fraction of brine and is determined by:

49.185

v, =1073S, (— + 0.0532) ,

(A.37)
~9220°C' < T < —0.5°C,

A.3 Snow Empirical Dielectric Model

The dielectric properties of snow can be divided into tweegaties, (1) dry snow, and (2)
wet snow. Dry and wet snow are a mixture of ice and air, but wetvsadditionally contains
free water. The following sections will give the derivatihre complex permittivity of both

cases.

A.3.1 Permittivity of Dry Snow

Dry snow is a mixture of ice and air. The Dry snow permittivity, is dependent on ice
permittivity ¢;, air permittivity ¢,;., and the ice volume factar;. The volume fraction is

related to the snow densipy by the following equation:

o Ps
" 0.9167

g/cm?, (A.38)
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where(.9167 g/cm?® is the density of pure ice. The following approximations arade for

€, andeg;,:

e ¢, IS considered the host in the mixing model.
e ¢; is considered the inclusion in the mixing model.

® cuir = 1

The mixing model used for dry snow is the Tinga-Voss-Blos3a§R) formula for spherical

inclusions, given by Equation (A.39). The difference bedawd VB and the Polder-van
Santen/de Loor formulas are the way in which the host matsraounds the inclusions. In
the TVB formulas, the ellipsoid inclusions are surroundgelb outer ellipsoid representing
the host material. Whereas, in the latter models, the eltipgwlusions are surrounded

completely by the host material, or ellipsoid host matesaurrounded by the inclusions.

3Ui€air(€i - Eaz’r)

s — Cair > A.39
“ ‘ " <2€air + Ei) - Ui(ei - eair) ( )
which reduces to the following:
i€ —1
=14 —vle—1) ). (A.40)

(2 + GZ') - Ui(Ei —1

According to Section A.2.%; is frequency independent at microwave bands and has a small
temperature dependence. As well,< €,. Using the simplification of; = 3.17 in (A.40)

results in:
;. 1+0.84;

o 2O A.41
“ds 10 420, (A-41)

The loss factot/, is derived in[52] and is given in Equation (A.42).
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9u;e!
— L A.42
Cds [(2+v;) + € (1 —v;)]? ( )
When setting, = 3.17, the equation simplifies to:
0.34v;¢e!
= —— A.43
“ds = (1= 0.420,)2 (A.43)
A.3.2 Permittivity of Wet Snow
Bm?
¢ =Ap M (A.44)
L+ (f/fo)?
C(f/fo)my
e, =——2 (A.45)
L+ (f/fo)?

A= A(1.0+1.83p, +0.02m %) + By, (A.46)
B = 0.073A4;, (A.47)

C = 0.073A,, (A.48)

x =131, (A.49)

fo=9.07 GHz, (A.50)

A; = 0.78 + 0.03f — 0.58 x 1073 2, (A.51)

Ay =0.97 —0.39f x 1072+ 0.39 x 10732, (A.52)
By =0.31 —0.05f +0.87 x 10732, (A.53)

wheref is in GHz.
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