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Abstract

Sea ice surface roughness is a geophysical property which can be defined and quantified
on a variety scales, and consequently affects processes across various scales. The sea ice
surface roughness influences various mass, gas, and energy fluxes across the ocean-sea
ice-atmosphere interface. Utilizing synthetic aperture radar (SAR) data to understand and
map sea ice roughness is an active area of research. This thesis provides new techniques
for the estimation of sea ice surface roughness in the Canadian Arctic Archipelago using
synthetic aperture radar (SAR). Estimating and isolating sea ice surface properties from
SAR imagery is complicated as there are a number of sea ice and sensor properties that
influence the backscattered energy. There is increased difficulty in the melting season
due to the presence of melt ponds on the surface, which can often inhibit interactions
from the sensor to the sea ice surface as shorter microwaves cannot penetrate through the
melt water. An object-based image analysis is here used to quantitatively link the winter
first-year sea ice surface roughness to C-band RADARSAT-2 and L-band ALOS-2
PALSAR-2 SAR backscatter measured at two periods: winter (pre-melt) and advanced
melt. Since the sea ice in our study area, the Canadian Arctic Archipelago, is landfast, the
same ice can be imaged using SAR after the surface roughness measurements are
established. Strong correlations between winter measured surface roughness, and C- and
L-band SAR backscatter acquired during both the winter and advanced melt periods are
observed. Results for winter indicate: (1) C-band HH-polarization backscatter is
correlated with roughness (r=0.86) at a shallow incidence angle; and (2) L-band HH- and
VV-polarization backscatter is correlated with roughness (r=0.82) at a moderate
incidence angle. Results for advanced melt indicate: (1) C-band HV/HH polarization ratio
is correlated with roughness (r=-0.83) at shallow incidence angle; (2) C-band HH-
polarization backscatter is correlated with roughness (r=0.84) at shallow incidence angle
for deformed first-year ice only; and (3) L-band HH-polarization backscatter is correlated
with roughness (r=0.79) at moderate incidence angle. Retrieval models for surface
roughness are developed and applied to the imagery to demonstrate the utility of SAR for
mapping roughness, also as a proxy for deformation state, with a best case RMSE of 5

mm in the winter, and 8 mm during the advanced melt.
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Chapter 1 : Introduction

1.1. Rationale and Context

Sea ice exists as a thin layer of the cryosphere which interacts continuously with
the underlying oceans and overlaying atmosphere. Sea ice shelters the ocean from
atmospheric forcing by damping heat, mass, and momentum fluxes (Thomas 2017;
NSIDC 2019). The ocean currents and atmospheric winds drive the sea ice cover to drift
freely, as well as converge with and diverge from adjacent ice floes. Each component in
the sea ice-ocean-atmosphere system is inherently linked and highly sensitive to changes
from internal and external forcings (i.e. radiative forcing).

In recent decades, there was been a drastic decrease in extent and thickness of the
Arctic sea ice cover (Kwok and Rothrock 2009; Comiso 2011; Maslanik et al. 2011;
Stroeve et al. 2012; Stroeve et al. 2014; Landy et al. 2015; Comiso2017). The apparent
decrease suggests that the Arctic sea ice cover, once predominantly old, thick perennial
sea ice, is transitioning to a thinner cover of seasonal ice. As the extent, age, and
thickness of the sea ice cover continues to change, the resulting sea ice topography will
change. Consequently, the sea ice topography reflects the history of thermodynamic and
dynamic processes acting upon the sea ice cover. To understand changes occurring in the
sea ice topography, and its effects on other processes at the surface, it is necessary to
describe the nature of the surface and define its properties of topographic relief. The sea
ice topography can be characterized by measurements of surface roughness.

Sea ice surface roughness is the result of surface-atmosphere interactions, ice

motion, and ice surface melt. Roughness provoked by ice motion is dependent on wind



speed and direction, ocean currents and coastline interactions (Thomas 2017; Rothrock
and Thornlike 2018). These thermodynamic and dynamic processes occur across multiple
scales; therefore, surface roughness is a highly-scale dependent variable, ranging from
centimeter-scale surface features and meter-scale ice floes to kilometre-scale regions. The
various scales of sea ice surface roughness become increasingly important and influential
when deriving surface roughness parameters from in situ and remotely sensed data. Due
to the remote and harsh nature of the Arctic environment, remote sensing techniques have
been a valuable tool for monitoring the state of the sea ice cover over space and time.
However, sea ice surface roughness is a challenging parameter to define, let alone
retrieve. Surface topography measurements from satellite remote sensors have been too
coarse to characterize spatial or temporal changes in the sea ice surface. Low elevation
airborne sensors (i.e. LIDAR) can provide fine scale measurements over sea ice, but the
overall spatial and temporal coverage is sparse. In recent decades, satellite remote sensors
are being launched with finer spatial and temporal resolutions.

This research establishes quantitative links between the physical surface
roughness of sea ice and Synthetic Aperture Radar (SAR) backscatter in both winter and
summer months representing winter (pre-melt) and advanced melt conditions,
respectively. A quantitative link would enable regional measurements of surface
roughness from satellite imagery. Surface roughness estimates of sea ice are crucial in
understanding the parameters of an electromagnetic surface, identifying ice types, surface
temperatures, surface drag coefficients, and identification of navigational hazards. This
research will contribute to the development of improved monitoring techniques for the

rapidly changing Arctic sea ice cover.



1.2. Objectives

The overarching goal of this thesis is to develop SAR satellite-based techniques to
quantitatively map the physical sea ice surface roughness across the physically relevant
scales (cm to m), with the potential to implement the technique over larger areas. To
develop SAR satellite-based retrievals models, it is essential to explore and establish the
extent to which the level of deformation, expressed as a surface roughness measurement,
influences the radar backscatter with different combinations of radar system parameters
(i.e. frequency, incidence angle, polarization). The research will also address how
seasonal differences in surface cover influence the link between surface roughness and
detected backscatter. Surface roughness is not the sole target parameter influencing the
backscatter microwave radiation. The detected backscatter is affected by both the
geophysical structure and environmental, thermo-physical state of the snow and sea ice.
The surface cover of sea ice undergoes a drastic change when air temperatures warm and
the ice and snow begin to thaw. Relationships between the dry surface cover and
backscatter in the winter months do not entirely persist in the advanced melt period, in
particular when surface melt ponds are present. However, it is of considerable interest, in
the context of understanding what sea ice geophysical information can be retrieved
during advanced melting conditions, to explore the relationships between winter-derived
surface roughness, and advanced melt period measured backscatter. Additionally, the
backscatter detected from a ponded area will differ significantly at each frequency due to

varying penetration capabilities. This thesis will address the following questions:



1. How does the physical surface roughness of sea ice influence SAR
backscatter in the winter months?

2. To what extent is it possible to quantitatively link the physical surface
roughness to radar backscatter? Is it possible to accurately design an inverse
retrieval model of surface roughness measurements from SAR backscatter?

3. How does the relationship between surface roughness and SAR backscatter
change during the advanced melt period? Is it possible to link surface roughness

measurements and SAR backscatter during advanced melt?

1.3. Thesis Structure

This thesis contains four chapters. Chapter-1 provides a rationale and broad
review of this research and its scientific significance. Chapter-2 introduces the reader to a
comprehensive background and literature review, which explores the physical processes
that create the surface roughness of sea ice, how the surface roughness influences the
ocean-ice-atmosphere dynamics, and how remote sensing instruments can be used to
define the surface roughness of sea ice. Chapter-3 is a research paper designed to address
the thesis objectives; therefore it contains details on the study area, data, analytical
approach, and results. This chapter includes content also used to publish a paper in the
Canadian Journal of Remote Sensing. The contributions from authors are in the
Appendix. Chapter 4 summarizes the thesis and its findings and makes recommendations

for future research.



Chapter 2 : Background and Literature Review

2.1. Sea Ice Roughness

Based on the World Meterological Organization (WMO) definitions, sea ice
topography is described at three spatial scales, micro-, meso-, and macro-scale. Micro-
scale topography (<0.1m) is defined as the millimeter and centimeter scale variations in
vertical relief, including bare ice, snow grains, frost flowers, and small snow drift
features (Paterson et al., 1991; NSIDC, 2017; Manninen, 1997). Meso-scale topography
(0.1-100m) describes larger fluctuations in the sea ice topography, including larger snow
drift features, melt ponds, and deformed ice features, such as pressure ridges and
hummocks. Meso-scale roughness undulations and features influence the atmospheric
drag coefficient and drive differential rates of sea ice melt between locations and years.
Lastly, macro-scale topography (>100m) characterizes sea ice floes and floe distribution.
Macro-scale surface roughness can be used to predict the pattern and distribution of melt
ponds across the Arctic basin. Surface roughness, the variation in topography, is a
geophysical property which can be defined and quantified on a variety scales, and
consequently affects processes across various scales. In terms of Arctic sea ice research,
the definition of sea ice surface roughness has shifted to reflect how instruments are
manipulated to define or describe the sea ice topography.

Sea ice surface roughness plays a key role in the evolution of the ice cover, most
notably, the summer melt pond fraction, which quantifies the spatial coverage of melt
water on the ice surface (Eicken et al. 2004; Perovich and Polashenski 2012). During the

melt season, the surface becomes heterogeneous with the melting of snow and formation



of melt ponds. The depth and geometry of these melt ponds are determined by the local
sea ice surface topography, which is often governed by the ice type. The most common
distinction of ice types is whether the ice formed in the current year (i.e. first-year ice) or
has survived at least one melting season (i.e. multiyear ice). These ice types can be
further characterized based on their thickness and level of deformation. Level first-year
(LFYT) promotes shallow, spatially extensive ponding, whereas, rougher, deformed first-
year (DFY1) and multiyear ice (MY1) promote deeper, but less spatially extensive
depressions for melt water (Morassutti and Ledrew 1996; Fetterer and Untersteiner
1998). Furthermore, sea ice topography modulates the turbulent fluxes of momentum
(drag coefficients) over (i.e. air-ice), as well as under the ice surface (i.e. water-ice)
(Steiner et al. 1999; Petty et al. 2017). These fluxes can be related to the topography
through the concept of the aerodynamic roughness length, which is defined by the height
above a surface at which the wind speed theoretically becomes zero. A rougher surface
should produce larger turbulent eddies, therefore it is assumed that the surface stress
increases with increasing surface roughness (Arya 1973; Arya 1975; Petty et al. 2017).
The total atmospheric drag coefficients are divided into contributions from frictional skin
drag due to micro-scale roughness and form drag acting on discrete surface obstacles (i.e.
pressure ridges and melt ponds) (Arya 1973; Arya 1975; Petty et al 2017). Moreover, sea
ice roughness is also expected to be closely related to the ice thickness because of
isostasy, which theorizes that the elevation of the ice is a function of its thickness and
density (Peterson et al., 2008). These relationships and processes will be discussed in in
further detail after an overview of the thermodynamic and dynamic processes that create

roughness in the Canadian Arctic Archipelago.



2.2. Physical Processes Creating Roughness
2.2.1. Thermodynamic Processes

Sea ice growth season begins in autumn when atmospheric temperatures drop
below zero. The sub-zero temperatures cool the ocean surface of the Arctic basin, driving
convective overturning as warmer sub-surface water replaces the already cool surface
water (Thomas 2017). The freezing point of seawater is a function of the salinity and
density (Thomas 2017). Sea ice will begin to form once the entire ocean surface layer
cools to -1.8°C (Wadhams and Davis 2000; Thomas 2017; ESA 2019; NSIDC 2019).

Frazil ice is the earliest form of sea ice, which grows laterally (WMO, 2010;
Thomas 2017). Eventually, the frazil ice crystals aggregate to create a highly saline layer
of grease ice. In calm conditions, these ice crystals begin to consolidate to a sturdy, but
elastic layer of nilas ice (WMO, 2010). Under more turbulent conditions, the ice crystals
will solidify by the mechanical action of cyclic compression and decompression, to form
pancake ice (Wadhams and David 2000). These pancake ice floes eventually consolidate
into solid floes with micro-scale roughness within the surface and bottom topography
(Wadhams and David 2000). Thereafter, both ice types are classified based on its
thickness. As the ice forms and thickens, the majority of salts (ionic impurities) in sea
water are prevented from entering the crystal structure of pure ice and 60-90% of the total
volume of salts is rejected (Petrich and Eicken 2010; Thomas 2017). The rejection of
salts creates a layer of seawater with high salinity directly below the ocean-ice interface,

reducing the freezing point at the ice bottom (Landy et al., 2015; Thomas 2017).



Newly formed sea ice can exhibit micro-scale roughness characteristics due to
snow on ice, frost flowers, or turbulent ocean currents. Frost flowers, crystals with
dendritic (branching) structures, are formed in calm conditions when atmospheric
temperatures and surface wind speeds are low. These crystals grow due to local
roughness discontinuities on the surface as the subsurface air layer becomes super-
saturated (Style and Worster, 2009; Isleifson et al., 2013).

Sea ice initially achieves its thickness due to thermodynamic processes during the
winter growth season. Ice typically grows 1 — 2 metres per growth season (Johannessen et
al. 2007; Thomas 2017). Thicker ice grows at slower rate than newly formed sea ice and
cannot achieve a thickness of greater than 5 m through thermodynamic processes alone
(Thomas 2017). In addition to aforementioned thermodynamic processes, the sea ice
topography and structure will be modified by dynamic processes. These dynamic
processes are result of the mechanical forcing acting upon the surface and bottom of a
particular ice floe, which drives deformation of the ice cover. The water and wind drag
force are incidentally dependent on the drag coefficient of the surface, which increases as
a function of the surface roughness. These phenomena will be further discussed in the

following section.

2.2.2. Sea Ice Dynamics and Deformation

Ice rheology describes the deformation of ice, which depends on its material
properties and acting stress (Hilber, 1979; Lepparanta 2005). Ice rheology is the response
to different stresses acting on the sea ice. Ice has near-zero tensile strength, which means

if divergent stresses are applied in two dimensions, it will dilate and easily break apart



(Hilber 1979; Williams et al. 1993; Hunke and Dukowiez 1997; 2001; Hunke et al.
2010). This divergent forcing will cause ice floes to divide and fragment creating open
leads, which rapidly freeze over in the winter. Sea ice is easily subject to divergent
forcing, as it is a highly fractured material, whilst remaining a largely rigid substance
resistant to convergent forcing. Therefore, sea ice has significant shear strength, which
implies that when shear stress is applied on ice, it is likely to slip and deform. This shear
property facilitates the main cause of rafting and piling up of ice and the formation of
rubble, pressure ridges and hummocks under the influence of differential forces at the ice
edge (Leppéranta 2005; Hunke et al. 2010; Thomas 2017). Deformation, as a result of
converging and diverging ice motion can significantly modify the sea ice surface
topography (Weiss and Mason 2004).

The three key mechanism of converging deformation are, 1) lateral rafting of thin
ice under compression, 2) hummocking of fractured ice blocks in rubble fields, and 3)
ridging of ice blocks (Landy et al., 2015). Pressure ridges encompass a sail (ice blocks
above sea level) and a keel (ice blocks below sea level), in isotactic equilibrium with
respect to sea level, which typically vary between 5 and 30 m (Landy et al., 2015;
Thomas 2017). Research literature, along with the operational/navigational community,
typically use deformed ice and deformation features as notation for ice structures
resulting from convergent ice motion, as these ice types generate severe hazards for
marine operations and offshore infrastructure (Dierking and Dall, 2007).

The deformation of sea ice is closely related to the motion of sea ice. Sea ice
moves as per the motion of surface ocean currents at large temporal scales. Local wind

forcing causes sea ice motion at small temporal scales. In both cases, the main driving
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force is wind forcing (Leppéaranta 2005). Diverging/converging wind patterns create

diverging/converging sea ice motion, which causes ice deformation. The overall force is

expressed by the following equation:

F=ta4+1tw+ Fc+ Fi+ Ft,

where 72 and Tw represent wind and water drag, respectively, Fc refers to the Coriolis
force, Fi defines the internal stress of ice mass, F: refers to the sea surface tilt and F is the
total force. The Coriolis effect describes the patterns of deflection taken by objects not
firmly connected to the ground as they travel long distances around and above the Earth.
The Coriolis force arises due to Earth’s rotation. The force equates to zero at the equator
and maximizes towards the poles. For example, an ice floe in the northern hemisphere
will be deflected to the right of its original trajectory. The sustainability of stress within
the ice equates to the strength of the ice cover, which is dependent on the ice thickness
and physical properties. Older, thicker ice is typically morphologically more complex and
significantly less susceptible to deformation due to its shear mechanical strength
(Herzfeld et al. 2016).

The thermodynamic and dynamic processes are intrinsically linked, as both
processes act together at varying spatial and temporal scales to modify the surface and
bottom of the sea ice, hence moderating the ocean-sea ice-atmosphere coupling. Any
snow cover present also contributes to the rate of sea ice growth and decay by influencing
thermodynamic processes, as well modifying the surface roughness at varying scales. The
snow cover also alters the conductive and radiative energy exchange (i.e. the surface

albedo) across the ocean-sea ice-atmosphere interface (Baber and Nghiem 1999). This
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thesis analyzes surface roughness as a coalescence of the ice surface and the snow cover.

Isolating the snow roughness to assess the associated turbulent heat fluxes, and
aerodynamic roughness length remains an open area of research (Manes et al. 2008).
Nevertheless, ice deformation that results in either pressure ridges or leads is the most
prominent expression of the morphogenetic complexity of sea ice (Herzfeld et al. 2016).
As a result, the degree of deformation significantly influences processes acting on the ice
cover, in turn being influenced by the same processes. The following sections describe
processes which simultaneously affect and are affected by the surface roughness of sea

ice: 1) melt ponds, 2) atmospheric drag, and 3) ice thickness.

2.2.3. Sea Ice Roughness and Melt Ponds

During the melt season, the surface becomes heterogeneous with the melting of
snow and formation of melt water ponds. The depth and geometry of ponds are
determined by the local sea ice surface topography, and the volume is determined by the
balance of water inflow and outflow. The energy exchanges across the ocean-sea ice-
atmosphere interface are poorly understood during the Arctic melt season. Studies have
demonstrated that the declining trends in the summer Arctic sea ice is linked to prolonged
melt and increasing melt pond coverage (Markus et al. 2009; Rdsel et al. 2012; Schroder
et al. 2014; Stroeve et al. 2014). When these ponds form, the surface albedo drops from
>0.7-0.8 to 0.2-0.4, thus increasing the amount of solar radiation which penetrates the ice

cover and so becomes available for ice melt (Perovich et al. 2002). Projections of sea ice
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volume and extent derived from climate models demonstrate a strong sensitivity to

variations in the defined albedo (e.g. Curry et al. 2001).

Recent sea ice and global climate models have been designed to incorporate melt
pond physics into the albedo parameterizations. There has also been extensive effort to
create physically based numeric models of pond coverage. However, both rely on melt
pond observations and a solid understanding of melt pond formation and evolution,
which to date is not well defined. Studies show that seasonal coverage can vary from
25% to 85%, diurnal coverage can vary as much as 35%, and interannual coverage at a
single location can vary by 20% (Perovich et al., 2002; Landy et al., 2014; Thomas
2017). The spatial and temporal variability of melt pond formation and evolution is
influenced by the history of the mechanical forcing, including, air temperatures, winds,
snowfall or any precipitation event, ocean heat flux, ice growth conditions, and ice
deformation. Each forcing mechanisms has high spatial and temporal variations. Studies
suggest that sea ice topography and its associated roughness acts as major control
variable for melt pond coverage (Eicken et al., 2004; Landy et al., 2015). Therefore,
deriving regional to basin scale estimates of sea ice roughness presents potential to
predict the areal percent coverage of melt ponds.

Smooth, FY1 ice typically has larger areal coverage of melt ponds due to low
height relief promoting unrestricted flow [Figure 2.1] (Eicken et al., 2004; Landy et al.,
2015). Rougher, MY and deformed ice regions will have restricting bounds on melt
pond coverage due to mounds and depressions [Figure 2.1]. Therefore, studies suggest
the apparent shift to a larger fraction of FYI, rather than MYl, will contribute to a

decrease in summer ice albedo, thus driving a stronger ice-albedo feedback and enhanced
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melt, where even less ice persist in the following growth season (Lindsay and Zhang,

2005; Stroeve et al., 2012).

Figure 2.1. Images (~ 640 m x 421 m) from a downward facing camera on an aerial flight in June
2016 displaying the difference in melt pond fraction on different ice types, including more
heavily deformed MY (top) and FY|1 (bottom).

The relationship between pre-melt (winter) sea ice surface roughness and melt
season pond coverage has yet to be fully understood or quantified. As the general imprint
of pre-melt surface topography persists throughout the summer melt season, it is assumed
that rougher ice will remain rougher compared to smoother ice. Therefore, the mounds
and depressions of the surface topography will remain at predetermined locations

(Perovich et al., 2012). Few studies have attempted to quantify the relationship between
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topography, melt pond fraction, and albedo. However, a recent study conducted by Landy

et al. (2015) applied quantitative methods to link ice topography derived from satellite
images to melt pond fraction. Their results found that 85% of the variance in the summer

ice albedo can be explained by the pre-melt sea ice roughness.

2.2.4. Sea Ice Roughness and Atmospheric Drag Coefficient

As previously discussed, the sea ice in the Arctic Ocean moves due to the balance
of atmospheric, oceanic, and internal forces, i.e. locals winds, ocean currents, and internal
ice stress (Castellani et al., 2014). Momentum balance equations describing ice motion,
and the intensity of air-ice and water-ice interactions depend on the drag coefficients. The
atmosphere-ice (or wind) drag is the dominant component of sea ice momentum balance
on seasonal time scales. Above the aerodynamic roughness length (described in Section
2.1), air flow is turbulent and momentum transfer is controlled by the size of turbulent
eddies (Thomas 2017). The roughness length of sea ice surfaces ranges from 0.05 to 110
mm (Thomas 2017).

Spatial and temporal variations of the sea ice surface topography will provoke
spatial and temporal fluctuations in drag coefficients. Pressure ridges increase the inertia
of drifting ice and the effective roughness of the upper and lower surfaces of the sea ice.
Understanding the dynamic coupling between the ice, ocean, and atmosphere requires a
detailed representation of these momentum fluxes (Castellani et al., 2014). In current
work, the ocean-sea ice-atmosphere system is studied by investigating how numerical
simulations are affected by sea ice surface roughness. Recent studies have developed

parameterizations using topographic data that describes the dependence of the drag
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coefficients on pressure ridges, floe distribution, melt ponds, and on the keel distribution

(e.g. Petty et al. 2017). As remote sensing technology has the ability to obtain real-time
and large-scale sea ice information, there is ongoing research to retrieve parameters
describing the atmospheric drag coefficient from satellite-based remote sensing, in
particular SAR backscatter. As SAR backscattering is related to the physical roughness of
the surface, a relationship must first be investigated between the aerodynamic roughness

lengths to physical sea ice roughness.

2.2.5. Sea Ice Roughness and Ice Thickness

Similar to topography, the thickness distribution of sea ice is dependent on the
formation and evolution of the ice floe (Landy et al., 2015). Studies have shown a
promising link between sea ice thickness and sea ice roughness, as the thickest ice in the
Arctic region consists of heavily deformed ice, with high surface height deviations
(Thomas 2017). Deformed ice consists of both FY1 and MY 1, which has been subject to
atmospheric and oceanic pressure, forcing ice upwards and downwards from the surface
(Thomas 2017). Thick MY ice and deformed ice features impose severe restrictions on
shipping traffic due to their greater thickness (Johannessen et al. 2017). Extreme ice
features formed by deformation processes encompass a large portion of the sea ice
volume and are often indistinguishable between other ice types. The detection and
classification of these extreme ice features is imperative to enhance our understanding of

sea ice dynamics and to improve hazard mapping in the Arctic region.
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2.3. Remote Sensing of Sea Ice Surface Roughness

Surface roughness is generally treated as a stationary, single-scale random
process, describing height deviations from a reference level. Pragmatically, natural
surfaces are characterized by an aggregate of several superimposed scales of roughness.
Therefore, what constitutes as “rough” or “smooth” depends on the application and
features of interest (i.e. scale). Measurements of sea ice surface roughness have been
performed over the recent decades on different scales and using various techniques and
instruments (Paterson et al. 1991; von Saldern et al. 2004; Gupta et al. 2012; Landy et al.
2015; Beckers et al. 2015). Manninen (1997) provided an extensive study on the fractal
nature of sea ice surface roughness, however, the definition of sea ice surface roughness
has shifted to reflect how instruments are utilized to define and describe the sea ice
topography. A number of instruments are used to observe and monitor changes in the sea
ice cover and dynamics, including laser altimeters, sonars, aerial and terrestrial LIDAR,
optical satellite data, microwave remote sensors and more recently, interferometric
synthetic aperture radar (INSAR). However, due to the spatial variability and multiscalar
nature of roughness, instruments with different measuring ranges yield parameter values
that are not easily compared. Although terrestrial and airborne data provide fine-scale
data, it is not feasible to derive regional-scale measurements. These instruments however
can be used to interpret and validate the coarser satellite-borne data. The advantage of a
satellite-based roughness retrieval is that it provides larger coverage and could enable
surface change detection mapping between seasons.

Passive and active microwave remote sensing systems are particularly well suited

for the Arctic as the long microwave wavelengths (0.3-300Ghz; 300-1mm) penetrate
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clouds and detect the surface in all weather conditions and without sunlight. Passive

sensors, termed radiometers, detect microwave radiation that is naturally emitted or
reflected from the Earth’s surface. Due to the low energy content of long wavelength
(low frequency) microwaves, the energy available is quite small and therefore requires a
large field of view to detect the energy. This often limits most passive sensors to very low
spatial resolutions. However, the low spatial resolution often enables a larger areal
coverage, which has been crucial in Arctic-wide mapping of sea ice concentrations.
Conversely, active remote sensing systems are not dependent on the Sun’s
electromagnetic (EM) radiation or the thermal properties of the Earth, as they provide
their own energy source of illumination. The system employs a transmitting and

receiving antenna. The transmitter emits radiation that is directed towards a target and the
receiver senses radiation backscattered from the target. The advantage of active sensors is
the power to detect a surface anytime, regardless of the time of day or season, as well as
the ability to examine wavelengths that are not sufficiently provided by the sun and to
better control the illumination of a specific target (Ulaby et a. 1984; Richards 2009;
Natural Resource Canada 2019; ESA 2019). Active sensors can also achieve a much
higher spatial resolution (described below).

The most commonly used active remote sensing systems is radar (Radio
Detection and Ranging), which utilizes the longer wavelength microwaves (3-25 cm).
When RADAR systems were first developing in the late 1800s and early 1900s, they
targeted the relatively long radio waves, and were used for aircraft and ship detection.
The first imaging radars appeared during the Second World War and shortly after, side-

looking airborne radars (SLAR) were developed for military terrain surveillance. In the



18
1950s and 1960s, advances in SLAR led to the development of synthetic aperture radar

(SAR). The resolution from a real-aperture radar is limited by the length of its antenna;
for this reason SAR was developed. SAR synthesizes a very long antenna by exploiting
the forward motion of a platform carrying a relatively short antenna to successive
positions along the flight line. The successive positions are processed as individual
elements of the same antenna, thus achieving a higher resolution (Richards 2009; Natural
Resource Canada, 2019; ESA 2019). The increased spatial resolution at the expense of a
smaller swath, in comparison to other microwave sensors, enables observations of
regional and local variations of sea ice parameters (Dierking, 2013). Recently launched
polarimetric SARs (pol-SARS) can discern resolution cells under 10 m.

The physical basis of microwave remote sensing of sea ice lies in how
microwaves interact with the sea ice surface and structure. To retrieve geophysical
properties from an image, a link must first be drawn between physical measurements and
image values. The magnitude and intensity of the backscattered energy depends on the
properties of the detected feature (i.e. target parameters), as well as characteristics of the
transmitted energy (i.e. sensor parameters). It is crucial to understand how characteristics
of both the target and the sensor system influence the backscattering signal retrieved, in
order to determine the optimum combination of parameters to be used. Target parameters
of the sea ice cover include the orientation of the ice features, dielectric properties,
environmental conditions, and the local incidence angle. Sensor parameters include the
polarization, frequency, resolution, and sensor incidence angle. Although some of these
parameters are inherently linked and their individual influence cannot be easily isolated,

research has demonstrated consistent relationships between various parameters and
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microwave backscatter. Studies have shown that microwave sensors are most sensitive to

the roughness of the reflecting surface on scales of the radar wavelength, changes in the
local incidence angle of the radar beam on scales larger than the radar wavelength,
inhomogeneities such as cracks and air bubbles in the ice volume, and the dielectric
properties of ice (Dierking and Dall, 2007; Dierking 2013; Richards 2009; Shokr and
Sinha 2015)

Estimating surface roughness by means of SAR remote sensing methods remains
a major challenge. Changes occurring in the ice surface signatures at much smaller
temporal and spatial scales than provided by the satellite’s incoming EM waves can be
reflected from the surface or from the volume of rough ice. To study the roughness of the
sea ice surface, it is important to understand the EM wave scattering mechanisms from
sea ice. The following texts will briefly discuss the interactions between microwave
energy and the sea ice cover. First, this section will provide a discussion on how the
dielectric properties of sea ice, along with its internal structure and surface geometry,
influence how the EM energy scatters. The following section will consider how different
components of the SAR system (i.e. polarization, frequency, incidence angle, resolution)
can also influence the interactions between the EM energy and the sea ice surface.

An incident EM wave upon the surface of a medium can be scattered by dielectric
discontinuities at the surface or transmitted across the boundary into the medium
(Richards 2009; Shokr and Sinha 2015). Within the medium, the wave can continue
through the medium or be scattered by dielectric discontinuities in the medium.
Scattering which takes place at the interface of two media is referred to as the surface

scattering, whereas scattering which occurs within a medium is known as volumetric
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scattering. The relative contribution of the two scattering mechanisms is a function of the

relative permittivity of the iced-covered region, which describes the electrical properties
of the material. The relative permittivity is denoted as,

e=¢ +ig”,
where the real part describes the relative constant, which defines how easily an incident
microwave can pass through a dielectric interface and the imaginary component describes
the effective relative dielectric loss of the material. The relative permittivity of sea ice is
mainly dependent on the microwave frequency, sea ice salinity, and temperature. The
relationship between the real and imaginary components also controls the penetration
capability of the incoming microwave (Carsey 1992; Richards 2009; Shokr and Sinha
2015; Thomas 2017).

The complex dielectric constant of a surface is a measure of the electric
properties, consisting of two parts, the aforementioned permittivity and the conductivity,
that are both highly dependent on the moisture content and the material considered. A
change in moisture content generally provokes a significant change in the dielectric
properties of a natural material; increasing moisture is associated with increased radar
reflectivity. The electromagnetic wave penetration in a medium is an inverse function of
water content. Currently, the most perplexing conditions to observe sea ice occur during
the melting season in the late spring and summer months. The presence of water on the
ice surface (FY1 or MY1) inhibits EM waves at higher frequencies to detect the ice
surface, as they cannot penetrate through the melt layer. Therefore, surface scattering

dominates during the melting season.
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During dry conditions prior to the onset of melt, surface scattering is often the

dominant scattering mechanism over FY, which is highly saline and therefore has a high
dielectric constant. This means little transmission of EM energy passes into the ice,
resulting in minimal or no volumetric scattering. If FY is rough, the surface scattering is
enhanced due to increased surface geometry. While FY1 primarily scatters EM radiation
from the surface due to its high salinity levels, volume scattering is observed in MY due
to its low salinity and the presence of air bubbles in the space once occupied by brine
pockets. The EM wave can easily penetrate deeper into MY1. At higher frequencies, there
is increased volume scattering as the air bubbles become comparatively larger than the
wavelength. The surface roughness of MY also contributes significantly to the
backscattering for higher frequencies (e.g. X, Ku band) (Richards 2009; Shokr and Sinha
2015).

In terms of SAR remote sensing, roughness is a relative concept depending upon
the wavelength and the incidence angle. From a scattering physics perspective, a surface
is held to be “rough” if its structural properties have dimensions that are comparable to

the incident wavelength. According to the Rayleigh criterion, a surface is considered

smooth if
B A
8 * cos @
and considered rough if:
B A
8 * cos

where h refers to the mean height of surface variations, A refers to the wavelength, and 6

denotes the incidence angle. The Rayleigh criterion describes the threshold at which a
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surface becomes rough enough to backscatter. In the case of pure surface scattering, as

the surface becomes rougher, the amount of backscatter increases. The following section
will discuss how wavelength and incidence influence the backscattered energy detected

from sea ice, as well as, the impact of polarization channels and ratios.

2.3.1. SAR System Parameters
A) Wavelength

Within the microwave portion of the electromagnetic spectrum, there are only a
number of bands that have been used for radar imaging. The most commonly used
frequency bands for SAR systems are listed below in Table 2.1. The X-, C-, and L-band
have advantages in terms of sea ice surveillance and research. Details regarding historical
and current satellites using these bands are presented in Table 2.2, along with their utility
when observing the sea ice environment. In addition, experimental ground and airborne
radars using the Ku- and P-band have been used in the sea ice environment. In 2021, the
European Space Agency (ESA) is set to launch a fully polarimetric P-band SAR satellite.
The P-band has very significant penetration capabilities with regard to vegetation
canopies, glacier, and sea ice (Richards 2009; Dierking 2013; ESA 2019; Natural
Resource Canada 2019).

The frequency of the incident radiation determines the penetration depth of the
waves into a medium and the relative roughness of the surface considered. More
penetration in a medium will occur as the wavelength increases, generating a larger
volumetric contribution in the backscattered signal. As previously mentioned, it should

be noted that penetration capabilities are also related to the moisture content of the target.
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The choice of frequency band is particularly important when observing and estimating

sea ice surface roughness as the sea ice surface is imbedded with various scales of
roughness features. The incoming radiation is sensitive to target features half the size of
the wavelength or larger (Richards 2009; Dierking 2013). At smaller wavelengths, a
concentration of smaller roughness features imbedded within larger features may yield
high backscatter intensity, as discussed below.

This thesis uses only C-band and L-band to assess the utility of SAR to estimate
sea ice surface roughness. C-band frequency penetration into winter FY| is negligible. In
this case, backscatter occurs primarily from the brine-wetted snow-ice interface, and
increased roughness (e.g. small-scale roughness, ice fragments, ridge blocks) leads to
increased backscatter (Ulaby et al. 1986; Dierking and Dall 2007). Backscatter intensity
is strongly dependent on the wavelength scale surface roughness, therefore influences
from microscale features (i.e. millimetres to centimetre scale surface roughness for FY],
air bubbles in MY]1) are large enough for significant intensity changes at C-band
(Eriksson et al. 2010). At L-band frequency, the penetration depth in FY|I is on the order
of centimetres and the wavelength is considerably larger than the small-scale roughness
(mm to cm) and the brine inclusions (or air bubbles in MY1) in the ice volume. Therefore,
the intensity level of undeformed ice in the SAR imagery is much lower at L-band. L-
band also penetrates deep into the low-salinity ice and is much more sensitive to larger
(cm to m) irregularities in the ice structure (e.g. deformation processes) or can even

interact with the ice-water interface (Dierking and Busche 2006).
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Table 2.1. Radar frequency bands with their defined frequency and wavelength ranges.

Frequency Ka Ku X C S L P
Band

Frequency  40-25 17.6-12 12-75 7.5-3.75 3.75-2 2-1 0.5-0.25
[GHZ]

Wavelength 0.75-1.2 1.7-25 25-4 4-8 8-15 15-30 60-120
(cm)

Table 2.2. Current and past satellites of the most commonly used bands in sea ice monitoring and
their utility and advantage (Dierking and Busche 2006; Dierking 2013; Johannessen et al. 2016;
Singha et al. 2018).

Wavelength Current and Past Satellites

Utility and Advantages

X SAR-Lupe (2008-Present)
Cosmo-SkyMed (2007-Present)
TerraSAR-X (2007-Present)
TanDEM-X (2010-Present)
KOMPSAT-5 (2013-Present)
PAZ (2018-Present)
Cosmo-SkyMed SG (2019-Present)

Strong sensitivity to the ice
surface

Separation between newly
forced sea ice and open water
High spatial resolution

Lead detection

C ERS-1 (1991-2000)
ERS-2 (1995-2011)
Radarsat-1 (1995-2013)
Envisat (2002-2012)
Radarsat-2 (2007-Present)
Risat-1 (2012-2017)
Sentinel-1a (2014-Present)
Sentinel-1b (2016-Present)
RCM (Launch date: 2019)

Better separation of MY ice
from FYl ice

Sensitive to ice thickness
Long records of C-band SAR

L JERS (1992-1998)
ALOS (2008-2011)
ALOS-2 (2014-Present)
SOACOM-1a (2018-Present)
SOACOM-1b (Launch date: 2019)
NISAR (Launch date: 2019)

Better discrimination of ice
types during the melting period
Better delineation of
deformation features (i.e.
ridges) from smooth ice areas.
Less affected by small-scale
roughness

Strongly influenced by deeper
portions of the ice

Lead detection

B) Polarization

Radar polarisation is the orientation of the electric field in an electromagnetic

wave, which is orthogonal to the magnetic field. Conventional polarimetric SARs are

usually designed to transmit and receive waves that are linearly polarized on vertical (V)
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or horizontal (H) planes. This means the SAR is capable of recording amplitude and

phase information of backscattered energy for four transmit-receive polarizations (HH,
HV, VH, and VV). When the polarisation of the received is the same as the transmitted
radiations, this is called like-polarization. Whereas, when the polarisation of the received
is the opposite of the transmitted, this is called cross-polarization. The backscattered
energy from a target is dependent on the relationship between polarisation state and the
physical structure of the target. Polarimetric ratios are simply power ratios of
backscattered energy (i.e. HV/HH or HH/VV). Polarization ratios have utility in reducing
the ambiguity caused by the non-linearity between system response and target properties.
However, the possible states of polarization include all angular orientations of the electric
vector, leading to elliptical and circular polarization (Richards 2009; Dierking 2013;
Natural Resource Canada 2019). These polarisation states are not researched in this
thesis, however, their utility in the sea ice marine environment has become increasingly
appealing due the launch of Canada’s RADARSAT Constellation Mission (RCM) in June
2019.

Findings assessing the polarization response, particularly of FY1, vary. Melling
(1998) described the advantage of using HH over VVV for contrasting between level and
deformed ice. Higher contrast can be explained by a lower backscatter response from
smooth ice at HH and a weak dependence on the direction of polarization from deformed
ice (Manninen 1992; Melling 1998). In later studies, the HV channel was found to
provide the largest contrast between level and deformed FYI (Méakynen et al. 2002;
Dierking and Dall 2007; Gegiuc et al. 2018). Unfortunately, HV backscatter from level

FY1 can be very close to the SAR noise floor. The copolarized channels remain the most
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assessible and reliable and, according to Deirking and Dall (2007), either HH or VV

channels at L-band are preferred over C-band for deformation mapping. Conversely, the
cross-polarization ratio acts as an estimate of depolarization and is expected to increase
with increasing roughness (Gill and Yackel 2012; Gill et al. 2013; Moen 2013; Hossain

et al. 2014; Fors et al. 2016).

C) Incidence Angle

The backscatter of the surface (i.e. the sea ice surface) will likely have angular
dependence based on the incoming wave. The incidence angle defines the angle of the
incident radar beam and the vertical normal to the target surface. Changes in the
incidence angle will affect the radar backscatter from a surface or target. Typically, the
backscatter intensity decreases with increasing incidence angle. Incidence angle also
influences the relative contributions of surface and volume scattering. Backscatter from
surface scatterers is often strong at steep incidence angle and decreases at shallower
incidence angles. The rate of decrease slows when imaging a rougher surface as a rough
surface creates a more variable and random backscatter. The intensity of volumetric
scattering is less dependent on incidence angle (Richards 2009; Natural Resource Canada
2019).

Surface scattering is dominant at incidence angles less than 45 degrees, and
volume scattering from FY1 at C-band is recognisable only at shallow incidence angles
(Carlstrom and Ulander 1995; Dierking 1999). There are a few studies assessing
incidence angle influences on sea ice backscatter measured at L-band SAR. Casey et al.

(2016) found that the contrast between FY1 and MY is small and nearly disappears at
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small incidence angles, though Dierking and Dall (2007) note that the contrast between

level and deformed ice is maintained across all incidence angles at L-band. Recently,
Mahmud et al. (2018) investigated incidence angle dependence from HH backscatter over
FYIl and MY at L-band and C-band SAR. Incidence angle dependence over FY1 was
similar at C-band and L-band, whereas MYl dependence doubled at L-band compared to
C-band. Mahmud et al. (2018) concluded that incidence angle dependence is much more
evident at L-band.

The physical surface roughness of sea ice is complex to understand, and equally
difficult to measure, estimate, and parameterize using surface-based and remote sensing
techniques. Satellite data opens the pathway to acquiring comprehensive datasets in the
CAA and the surrounding Arctic environment. The following chapter includes work
using airborne and satellite data for understanding surface roughness in the CAA, and for

making satellite-based estimations of sea ice roughness.
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Chapter 3 : Estimation of level and deformed winter first-year sea ice
surface roughness in the Canadian Arctic Archipelago from C- and L-
band synthetic aperture radar

3.1. Introduction

Traditional synthetic aperture radar (SAR) technology (i.e. non-interferometric
SAR) has been used extensively to monitor and quantify physical characteristics of sea
ice in the Arctic due to its all weather, day/night, and cloud penetrating imaging
capabilities. Its predominant sensitivity to surface roughness has prompted considerable
interest in exploiting SAR to generate surface roughness maps of various geographical
regions and surface types. Studies have successfully used SAR to determine roughness
characteristics of agricultural lands, flood plains, and arid environments (Martinez-Agirre
et al. 2017; Sadeh et al. 2018).

Sea ice during cold conditions is a heterogeneous mixture of ice crystals, air
pockets, and liquid brine (Hallikainen et al.1986). The relative fractions of these
constituents influence the complex permittivity which, along with the sea ice roughness
and other surface and volume properties, determines the intensity of backscatter that
returns to the receiver. SAR backscatter is primarily controlled by surface roughness
variations smaller than the microwave wavelength (Richards 2009; Paterson et al. 1991).
For higher frequency sensors, the sea ice surface features often exceed the wavelength,
having larger, macro-scale variations, which also strongly influence SAR backscatter
(Richards 2009). Relationships between backscatter and sea ice surface roughness are
complicated by contributions from the ice volume and geometry of dielectric

discontinuities such as brine inclusions in FY1, and air bubbles in freshened MYI. In the
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melting season, large portions of the sea ice surface are masked due to the presence of

melt ponds, which are manifested in the low backscatter intensity. Utilizing SAR for
deriving sea ice geophysical variables remains an active area of research due to the
complexity of surface roughness and dielectric properties affecting SAR backscatter. In
addition to the surface conditions and volumetric discontinuities, backscatter is also a
function of the properties of the transmitted energy (i.e. frequency, incidence angle,
polarization).

C-band (4-8 GHz frequency; 3.8-7.5cm wavelength) is the most commonly used
frequency as it is considered a compromise for all-season sea ice monitoring in
operational ice charting activities. Numerous studies have related C-band SAR scenes
with sea ice surface roughness measurements from airborne laser altimeters, ground-
based laser systems, and airborne laser scanners (e.g. Dierking and Carlstrom 1997;
Melling et al. 1998; Peterson et al. 2008; Gupta et al. 2013; Fors et al. 2016). Earlier
studies focused primarily on the contrast in roughness and associated backscatter between
level floes and large-scale deformation features, such as ridges. It was found that
extensive areas of small-scale deformations with lengths scales only a few radar
wavelengths are strong enough to affect the radar return of the embedded features
(Dierking et al. 1997; Melling 1998). This suggests that longer wavelengths are preferred
when detecting larger deformation features. Longer wavelengths also have potential to
improve imaging during the melt season due to increased penetration depth. Availability
of imagery from the ALOS Phased Array type L-band SAR 2 (PALSAR-2), (operational
since 2014) has attracted renewed interest in assessing backscatter signatures from sea ice

at L-band (1-2 GHz; 15-30cm).
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Since the establishment of SAR, more sensors operating at C-band has led to

more sea ice property studies focused on that frequency. A number of studies (e.g.
Carlstrom and Ulander 1995, Peterson et al. 2008, Simil& et al. 2010) have observed
good agreement between C-band SAR backscatter and independently quantified
measurements of the physical roughness of the sea ice surface, where an increase in
surface roughness has led to an increase in backscatter. However, since backscatter is not
exclusively related to the physical roughness of the surface, high backscatter can be
attributed to other sea ice properties. For example, high backscatter has also been
detected from leads with very low surface roughness (Peterson et al. 2008). This was a
result of frost flowers causing small-scale surface roughness combined with high
dielectric contributions to the C-band backscatter. In another case, von Saldern et al.
(2004) observed very high backscatter from areas of multiyear level ice with sparse
ridges and an overall low surface roughness root-mean-square (rms). Volume scattering
from MY was likely the dominant scattering mechanism, generating high levels of
backscatter. Simila et al. (2010) compared C-band SAR backscatter with surface
roughness measurements from a 3-D laser scanner in the Baltic Sea and found good
agreement between model predictions and measured values. However, their results
confirmed that the ability to use C-band is severely compromised if backscatter originates
from MY1. More recently, Fors et al. (2016) compared altimeter-derived sea ice
roughness rms measurements to polarimetric SAR features, along with backscatter
coefficients. They found good agreement with various polarimetric features, however, the
correlation scores between rms and backscatter coefficients were comparable to those of

the highest scoring polarimetric SAR features, especially in the smoother sections.
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In this chapter, the utility of C-band and L-band SAR for mapping sea ice surface

roughness is assessed using late winter period observations of cm-scale vertical variations
in the physical roughness derived from airborne laser scanner measurements. Two
questions are investigated: 1) what is the relationship between winter measured FY
surface roughness, and C- and L-band frequency backscatter?; and 2) how are
relationships between FY surface roughness, and C- and L-band frequency backscatter,
affected by advanced melt? The first question is motivated by the need to develop SAR-
based maps of sea ice surface roughness. The second question provides a useful means
for assessing the drivers of C- and L-band backscatter during advanced melt (in particular
the understudied L-band frequency), and for further establishing the utility of SAR
imagery acquired during melting conditions to understand sea ice deformation, and by

proxy sea ice strength and mass balance, in scientific and operational contexts.

3.2. Data and Methods
3.2.1. Study Area

This study investigates a landfast ice region found in Victoria Strait within the
Canadian Arctic Archipelago (CAA) [Figure 3.1]. Landfast ice refers to sea ice that is
attached to the shoreline with little or no motion, in contrast to pack ice which drifts
around the sea (WMO 1970). After freeze-up and until break-up, the sea ice is not
heavily influenced by wind driven movement due to its land-locked nature (Melling
2002). The ice found within Victoria Strait is a combination of ice formed in situ and
older ice floes that have been advected into the region from elsewhere, resulting in thick

FY1 and older multi-year ice floes which, according to airborne snow plus ice thickness
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measurements made in April 2011 and 2015, have an average thickness around 2.51 m

(Haas and Howell 2015). In April/May, the snow thickness in the CAA ranges between

0.2 mand 0.4 m (Brown and Cote 1992; Melling 2002; Haas and Howell 2015).
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Figure 3.1. Geographic map of study area showing image footprints, aerial survey and buoy

locations.

The immobile nature of the landfast ice in this region is ideal for studying sea ice
evolution because there is negligible ice drift between acquisition times of the SAR
imagery in the winter and melting conditions (Barber et al., 1992; Nasonova et al. 2017).
Due to the land locked nature of landfast ice, sea ice conditions in the late winter period
representing the seasonal maximum in ice growth can be surveyed (e.g. Haas and Howell

2015) and the evolution of the same ice can be studied through melting stages and up to
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break-up without having to track ice movement. This approach was used in this study, as

described in the next section.

3.2.2. Data Collection

Primary data for this study were collected during the winter (pre-melt) period
from March through April 2016. Three high-resolution SAR scenes in C- and L-band
frequencies were collected for examining roughness and backscatter relationships. Three
additional RADARSAT-2 and PALSAR-2 images, acquired in June 2016 and spatially
coincident to the winter scenes, were also acquired to investigate the influence of melt on
roughness and backscatter relationships. An airborne survey of ice roughness and
thickness was carried out on April 81", 2016 and an airborne aerial photography survey
was conducted on June 23", 2016 along the same track as the winter-period survey The
locations of SAR image footprints and aerial survey track are shown above Figure 3.1,

with details of the collected SAR images shown in Table 3.1 and further described below.

Table 3.1. Image properties and acquisition details. Incidence angle is defined by the angle at the
scene centre. Resolution is given in azimuth and range.

Scene Date Time Incidence Resolution Nominal

ID (mmiddlyyyy) (UTC)  IMStrUment  angle)  (m) ’\('ES)Z Season
PS1 03/16/2016 06:15 ALOS2/PALSAR-2 28 3.1x31 <-361 Winter
S1 04/09/2016 13:34 Sentinel-1 35 20.0x 40.0 <-222 Winter
RS1 04/24/2016 13:04 RADARSAT-2 45 13.5x7.6 <-373 Winter
RS2 04/26/2016 13:46 RADARSAT-2 22 13.5x7.6 <-373 Winter
RS3 06/23/2016 23:47 RADARSAT-2 23 13.5x7.6 <-373 Melt
RS4 06/23/2016 00:17 RADARSAT-2 41 13.5x7.6 <-373 Melt
PS2 06/23/2016 19:36 ALOS2/PALSAR-2 38 3.1x31 <-361 Melt

1JAXA, 2008; 2ESA, 2012; °CSA, 2011
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Between April 27", 2015 and July 19", 2015, surface air temperature at 0.5 m

height and 0.1-degree accuracy was recorded using an Oceanetic IceTemp Profiler
located in FY1 in the southwest portion of the study area. These data are shown in Figure
3.2, along with air temperature data from the nearest Environment Canada station

(Cambridge Bay) leading up to the period when the buoy was operational.
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Figure 3.2. Air temperature evolution plot with measurements from the Environment Canada
station Cambridge Bay (grey) from January 1st to April 30th and measurements derived from the
buoy data south of Jenny Lind Island (dark blue), from April 27th to July 1.

A) SAR imagery

SAR data include Fine Quad Polarimetric scenes from the Canadian
RADARSAT-2 satellite (5.405 GHz, wavelength 5.5 cm) and High Sensitive Quad
Polarimetric scenes from JAXA ALOS-2 PALSAR-2 satellite (1.270 GHz, 23.6¢cm)
(CSA 2011; JAXA 2008) [Table 3.1]. In Victoria Strait, four spatially coincident
RADARSAT-2 images were collected: two acquired in April 2016 at scene-centre

incidence angles (¢) of 45° and 22° and two corresponding spring scenes acquired in June
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2016 at incidence angles of 41° and 23°. A PALSAR-2 image that overlaps the

RADARSAT-2 dataset was acquired in June 2016 (6=38°); however, the only winter
PALSAR-2 scene acquired in March 2016 (¢ =28°) was positioned to the northeast of the
RADARSAT-2 images, though still covering the survey track [see Figure 3.1] and was
comprised of a similar ice regime. All images cover regions of thick FYl and MY ice,
however, a larger concentration of MY is found throughout the winter PALSAR-2 (PS1)
scene due to its more northern location. The portion of the aerial survey track utilized in
this study only covered areas of FYI.

For consistency, all SAR images were radiometrically calibrated to sigma-nought
and a Lee speckle filter with a 7 x 7 window was applied to reduce image speckle and
retain detailed signal information (Lee 1986). The images were resampled to a 20 m pixel
spacing as a compromise between sensors, and with the aim of extending the results to
other SAR imaging modes with similar pixel spacing and much larger swath coverage.
The images were map projected to the UTM/WGS-84 projection. The beam mode for
ALOS-2 PALSAR-2 images has a geometric accuracy of 6.94 m and the beam mode for
the RADARSAT-2 images has a geometric accuracy of <10 m.

Backscatter bands of all four transmit-receive polarization combinations (HH,
HV, VH, VV) were used, and polarimetric ratios, co-polarization (Rvvnn) and cross-

polarization (RnvnH) Were derived.

B) Airborne Surface Roughness and Thickness Survey

Late-winter surface roughness and thickness were observed with an airborne

sensor package operated from a DC3/Basler BT67 aircraft flown on April 8", 2016. This
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survey captured late winter conditions at the time of maximum sea ice thickness when it

is assumed that little subsequent surface variability will occur until melt onset (Nasonova
et al. 2017). Surface roughness was derived from a Riegl LMS Q120 near-infrared laser
scanner mounted at the bottom of the fuselage of the aircraft. With a nadir field of view
of 80° perpendicular to the flying direction, and a flying altitude of 100 m, every scan
line was approximately 120 m wide across-track, with 200 measurements at an angular
resolution of 4°. The scan rate was 50 lines per second with a speed of 120 knots,
resulting in a scan line spacing of approximately 1.2 m along the flight track. The
accuracy of the individual range measurements is 25 mm, with a precision of 15 mm
(Beckers et al. 2015). Surface roughness was retrieved following the method described
by Beckers et al. (2015). Each scan line was fitted with a flat-earth hyperbolic function
and surface roughness was calculated from each scan line as the standard deviation of the
difference between measured and fitted flat-earth surfaces. The obtained surface
roughness measurements therefore corresponds to the root-mean-square roughness (Srms).
The rms is one of the most common parameters used to describe surface roughness.

It is important to note that the sims Obtained thus represents surface roughness in
general as the ice is typically covered by snow in late winter. The 2D laser scanner used
to measure surface roughness cannot effectively penetrate through snow, therefore the
returned sms is a consequence of the combined snow and ice topography. This can lead to
an underestimation of the ice surface roughness of DFY1 due to accumulated snow in
depressions, as well as misrepresentation of level ice due to the roughness of snow.

In addition to the roughness measurements, ice thickness was observed by means

of electromagnetic induction (EM) sounding using a sensor towed by the aircraft (EM
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Bird; Haas et al. 2009; Haas et al. 2010; Haas and Howell, 2015). The ice thickness

distributions were mostly used as a supporting dataset to understand and interpret the
targeted ice structure. In addition, the relationship between surface roughness and

thickness was investigated.

C) Aerial Photography

An airborne Twin Otter aerial photography survey was conducted on June 23,
2016 along the same track as the winter-period DC3 survey. A total of 1069 downward-
looking digital true-color aerial photographs were acquired with image dimensions of 630
+/- 40 m by 421 +/- 27 m, and a pixel spacing of 0.12 +/- 0.01 m (variations are due to
changes in the aircraft altitude). Aerial photos were classified into ice and water, for the
purpose of estimating melt pond fraction. This was achieved using a semiautomatic
technique whereby thresholds were applied to the images to classify the image pixel by
pixel, which created three classes: open water (mostly cracks), melt, and ice [Figure 3.3].
However, as the study area was over fast ice there were only 5 images within the open

water class representing open cracks, and these were not within the study area.
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Figure 3.3. Examples raw images and a classified image from the June 2016 aerial survey
imaging melt pond fraction; [A] surface flooded with melt ponds over FY1 region (f,=0.76), [B]
scattered melt ponds in DFY1 region (f,=0.12), [C] sea ice with lead prior to classification, [D]
classified image of image in [C]. White portions show ice concentrations, grey regions represent

melt water, and black regions represent open ocean water.

The photos were used as detailed visual reference for the assessment of the stage
of melt and interpretation of backscatter signatures of temporally coincident SAR images.
The photographs show evidence of significant melt pond coverage, with more melt ponds
generally associated with smooth ice areas [Figure 3.3]. Together with the air temperature
record, it was determined that the sea ice was in an advanced melt stage, having
consistently above freezing air temperatures since June 2", 2016. A cursory examination
of satellite MODIS instrument data revealed that melt ponds formed in the region on
approximately June 7™, 2016. Given the extent of melt prior to the June SAR image

acquisitions, there was very likely negligible to no snow remaining on the sea ice.
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3.2.3. Data Analysis

As a means to aggregate and compare aerial survey and SAR image data, image
segments representing zones of homogeneous sea ice, called objects, were created along
the survey track following Nasonova et al. 2017. Specifically, two sequential Sentinel-1
C-band SAR scenes covering the entire study area were used to create objects. The
Sentinel-1 images are freely available from the Copernicus Open Access Hub. From
these scenes, the sigma-nought calibrated and Lee speckle filtered (7 x 7 window) HH-
polarization bands were processed in the object-based image analysis (OBIA)-driven
software eCognition (Trimble) [Table 3.1; Figure 3.1]. Objects were created based on
user defined criteria, including a scale criterion, which controls the object size, spatial
heterogeneity, which is related to the shape of the object, and spectral heterogeneity,
which describes the variance of data within the objects (Benz et al. 2004). OBIA is
advantageous for analysis of homogeneous portions of sea ice and integration of
multisensor data for inter-comparisons when compared to gridded approaches commonly
used in the analysis of remote sensing imagery (Nasonova et al. 2017).

Within the region of study, 169 objects were generated with an average area of
1100 m?. The segmented objects were manually labelled according to their dominant ice
class present within the object, as appearing in the base Sentinel-1 image used to create
the objects, i.e. LFYI (n = 67) or DFYI (n = 102). The segmented objects were overlaid
on the aerial survey track, and coincident RADARSAT-2 and PALSAR-2 images. As
PS1 was acquired northeast of the other images, the objects used to sample image and

airborne survey data differ from the objects associated with the other images. The ice
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objects overlaid on PS1 were more heavily deformed and there was significantly less

LFY objects than DFYI.

For each object, laser scanner measured srms, ice thickness (Hice), and melt pond
fraction (fp) were extracted. Backscatter statistics (minimum, maximum, mean, range,
standard deviation) were calculated from intensity values, then converted into decibels
(dB) for analysis and presentation. There was an average of 290 pixels sampled per
image object, ranging from 32 to 1031 pixels, to create backscatter statistics. For
correlation and regression analysis, the sims measurements were transformed to
logarithmic values since the un-transformed data follow a lognormal distribution.

Pearson’s correlation coefficients (r) were calculated between the profiles of
surface parameters (i.e. ice thickness, surface roughness, and melt pond fraction) to
examine inter-relationships. Correlation testing was also used to evaluate relationships
between the object-wise mean backscatter parameters, and laser scanner measured
surface roughness. An ordinary least squares (OLS) regression analysis was performed
with SAR backscatter as the independent variable and surface roughness as the dependent
variable. For the OLS, a linear function was fitted to the roughness and backscatter,
however, since the srms measurements were transformed to logarithmic values, the
modelled regression presented are equivalent to a logarithmic regression model
performed on the original sims data. Based on the regression analysis, surface roughness
retrievals models were developed and applied to the SAR imagery to generate modelled
surface roughness maps of the region.

This study and prospective relationships touch upon issues of spatial resolution,

radar incidence angle, frequency, polarization. The incidence angle effect at L-band



41
frequency could not be assessed due to the limited range of angles made available by the

acquired scenes. However, variations of less than 10° are expected to have minimal
influence on the backscatter signal from sea ice (Onstott 1992; Moen et al. 2015; Fors et

al. 2016; Mahmud et al. 2018).

3.3. Results
3.3.1. Ice Conditions

Object-wise mean values of along-track surface parameters Hice, Srms, and f, are
shown in Figure 3.4, and their distributions are shown in Figure 3.5. The average Srms
aggregated within objects ranges from 0.044 m to 0.63 m, however, the non-aggregated
Srms Varies between 0.028 m to 2.61 m. As anticipated, DFY has the highest Sms (0.28 m),
the highest mean thickness (Hice=3.05 m), and the lowest mean melt pond fraction
(fp=0.08). LFYI has a lower degree of surface roughness (srms=0.14 m), a smaller average

thickness (Hice=2.3 m), and higher average pond fraction (f,=0.34).
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Figure 3.4. Along-track profiles of object-wise mean values of surface parameters: the surface
roughness (Srms) (top), thickness (Hice) (middle), and melt pond fraction (f,) (bottom).
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Figure 3.5. Distributions of winter sea ice surface roughness [left] and winter sea ice thickness
[middle], and melt pond fraction [right]. LFY1 is shown in orange and DFY1 in black.

Relationships between sea ice geophysical parameters can be seen in Figure 3.6.
The correlation between f, and sms is significantly negative, with increasing winter Srms
correlating with decreasing advanced melt f, (r =-0.65). This is consistent with previous
work that established a strong relation between pre-melt sims and fp, suggesting that thin
and smooth ice is favourable for a high f,, whereas rougher and thicker ice would limit
melt pond expansion, resulting in a lower f, (Landy et al. 2015). Ice thickness and f, have
a significant negative relationship, where increased thickness correlated with a
decreasimg f, (r = -0.45). Finally, sims and ice thickness are strongly positively correlated,
whereby thicker ice is also rougher (r = 0.78). This supports the hypothesis that the
development of mean late-winter thickness, especially in FY1, is controlled by dynamic

deformation processes, such as ridging, as all level ice is subject to the same growth
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conditions during winter and therefore has near-constant thickness (Peterson et al. 2008;

Toyota et al. 2010).
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Figure 3.6. Relationships between winter sea ice surface roughness and melt pond fraction [left]
and winter sea ice thickness and melt pond fraction [middle], and ice thickness and surface
roughness [right]. LFY1 is shown in orange and DFY in black.

3.3.2. Correlation and Regression Model: Winter

Correlations between sims and backscatter coefficients (HH, HV, VH, VV), and

sms and polarimetric ratios (Rnvnnand Ryvimn) for winter scenes are given in Table 3.2.

Correlations in Tables 3.2 are restricted to data points, i.e. objects, falling within the

limits of each scene, and delimited by LFY1 and DFY| separately. The highest

correlations between syms and backscatter are found for RS1 (r=0.86) and PS1 (r=0.82) in

winter.

In winter, it was observed that similar relationships arise between symsand

backscatter from the C-band scene taken at shallow incidence angle (RS1), and the L-
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band scene at a moderate incidence angle (PS1). Backscatter from these images is

strongly and positively correlated with sims at all four polarizations (r > 0.75).
Correlations between backscatter and sims are generally stronger for LFY1 compared to
DFYI. Within both RS1 and PS1 scenes, slightly higher correlations are observed at co-
polarization channels compared to cross-polarization channels. Polarimetric ratios from
PS1 are both negatively correlated with sims for all ice samples (ravimn = -0.65, rvwvimHH = -
0.68), though the correlations by ice sub-type show a stronger correlation with LFY
compared to DFY1. Although low correlations are observed between polarimetric ratios
from RS1 and sms, interestingly, a strong relationship between Ruvnn and Srms (r = 0.78)
exists for the steep incidence angle RS2 scene. This correlation could be attributed to a
stronger sensitivity of Ruv/nh to the sms of DFYI. The effect of incidence angle (6)
between backscatter and sims is evident for the C-band frequency, as the shallow

incidence angle provides much better overall agreement with Syms.

Table 3.2. Pearson’s correlation coefficients (r) between rms surface roughness, and backscatter
coefficients and polarimetric ratios during winter. Correlations are presented according to all
samples (All) and by deformation state (LFY1 and DFY]1). Correlations greater than 0.6 are
bolded. A 95% confidence interval was used to evaluate the significance. All correlations are
significant unless otherwise noted.

RS1 RS2 PS1

ALL LFYl DFYI ALL LFYl DFYI ALL LFYl DFYI

OHH 0.86 0.74 0.69 030 054 -0.0i 082 0.74 0.63
OHV 0.80 0.69 0.54 0.63  0.67 0.26' 0.75 0.65 0.55
OVH 0.82 0.68 0.57 0.63 0.69 0.25' 0.79  0.65 0.62
owv 0.85 0.73 0.67 034 060 -0.06 082 071 0.63
Ruvimn 041 -0.09 0.24 0.78 055 0.70 -065 -079 -0.24
Rwwmi 015" -0.17 0.10' 0.62 0.50 0.37 -0.68 -0.82 -0.37

" non-significant relationship
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Regression plots for selected backscatter parameters from scenes PS1 and RS1 are

shown in Figure 3.7. The highest R? was found for RS1, where HH-backscatter was found
to explain 72% of the variability in sims. The HH-backscatter in PS1 could explain 67% of

the variability in Srms.
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Figure 3.7. Linear OLS model of SAR backscatter as a function of logarithmic surface roughness
rms for scenes PS1 and RS1. A linear function has been fitted to the data (solid red line).
Corresponding R?, r values, and predictive equations are noted in bottom right corner of each plot.
Due to the logarithmic transformation of the s,y data, the modelled outputs (sin) were converted to
true surface roughness measurements by means of an exponential function.
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Two images and the corresponding maps of estimated surface roughness are

shown in Figures 3.8 and 3.9. These are generated using the respective regression
equations indicated in Figure 3.7. The largest class (0.6+ m) is restricted based on the
input sims from this study, however, sims values prior to the object-based aggregation were
greater, up to 2.6 m. The majority of the pre-aggregation scan lines fall below 0.6 m,
therefore classes presented in surface roughness maps are representative of the input data.
Figure 3.8 shows the modelled winter surface roughness derived from HH backscatter
from the winter PALSAR-2 image (PS1). Figure 3.9 shows modelled winter surface

roughness derived from HH backscatter from the winter RADARSAT-2 scene (RS1).
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Figure 3.8. Estimated sea ice surface roughness derived from linear regression analysis of HH
backscatter from winter PALSAR-2 image (PS1). The original SAR image is presented on the
left; and the modelled roughness on the right.
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Figure 3.9. Estimated sea ice surface roughness derived from linear regression analysis of HH
backscatter from winter RADARSAT-2 scene (RS1). The rough dark red areas are likely MY/
floes. This region is primarily older ice and thick FYI. The original SAR image is presented on
the left; and the modelled roughness on the right.

Regression residuals are shown in Figure 3.10. Modelled FY surface roughness
shows good agreement with the original laser-scanner derived sims Values; however, both
scenes demonstrate significant deviations in DFY estimates, predominantly when Sms
exceeds 0.3 m. Previous studies have identified 0.3 m as a threshold between “smooth”
and “rough” ice (e.g. Fors et al. 2016). From this analysis, 0.2 m is proposed as an
appropriate threshold between LFY1 and DFY [see Figure 3.4]. This is similar to the
elevation thresholds used in Castellani et al. (2014) and Petty et al. (2016) to differentiate
between surface features of the ice cover. Both of those studies implemented 0.2 m and

0.8 m thresholds to differentiate between larger sails from smaller sails/snow features.
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Lastly, it is important to note that the modelled surface roughness derived from C-band

winter imagery is likely skewed due to high volumetric backscatter returns from MY

[see red ice floe in the bottom right corner of Figure 3.8].
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Figure 3.10. Residual plots of predicted surface roughness measurements. Plots are titled by

scene.

To validate the derived models, the dataset was divided into approximately equal-
sized training and validation subsets. A total of 37 training and 32 validation objects were
derived from PS1, and 31 training and 25 validation objects were derived from RS1. An
RMSE of 0.07 m was calculated for the RADARSAT-2 HH model and an RMSE of 0.05
m for the PALSAR-2 HH model. Overall, the regression analysis demonstrates that

winter backscatter at C- and L-band frequency is useful for predicting the surface
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roughness of FYI and hence the deformation state of sea ice in the Canadian Arctic

Archipelago. Although backscatter values cannot be associated with direct height
measurements, backscatter is largely dependent on variations in height and can be used as

an estimate for surface roughness.

3.3.3. Correlation and Regression Model: Advanced Melt

Correlations between syms and backscatter coefficients (HH, HV, VH, VV), and
srms and polarimetric ratios (Rrvmn and Rvwimn) for advanced melt scenes are given in
Table 3.3. As expected, the relationships established between C-band backscatter at
specific polarizations and srms in winter did not consistently persist into the advanced melt
period due to the influence of melting sea ice conditions on SAR measured backscatter.
However, it is notable that the HH-band and both polarimetric ratios from the shallow
incidence angle RS4 are all strongly correlated with syms. Relationships between sims and
backscatter parameters at L-band did persist; all four polarization channels have an r >
0.7, with the highest correlation at HH (0.79). Higher agreement is achieved between Syms
and the co-polarization channels in PS2 for LFY1 and all ice samples together, though
highest correlations for DFY are found in RS4. In addition, the co-polarization ratio

from PS2 demonstrates a strong negative relationship with syms (-0.75).
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Table 3.3. Pearson’s correlation coefficients (r) between rms surface roughness, and backscatter
coefficients and polarimetric ratios during advanced melt. Correlations are presented according to
all samples (ALL) and by deformation state (LFY1 and DFY1). Correlations greater than 0.6 are
bolded. A 95% confidence interval was used to evaluate the significance. All correlations are
significant unless otherwise noted.

RS3 RS4 PS2

ALL LFYl DFYI ALL LFYIl DFYI ALL LFYl DFYI

OHH -0.22"  -0.16 023 0.77 0.49 0.84 0.79 0.70 0.67
OHV -0.51  -0.65 -0.07 -0.04" -0.25" 0.55 0.73 0.55 0.58
OVH -0.50 -0.65 -0.06 0.00' -0.28'" 0.68 0.72 0.52 0.68
ow -0.26* -0.14 0.20 051 010" 0.79 0.76 0.70 0.65
Ravimn  -053 -064 -0.34 -083 -0.63 -0.77 -0.51 -056 -0.46
Rwmn  -045 -017 -0.24 -081 -059 -0.80 -0.75 -039 -0.65

"'non-significant relationship

The effect of # on backscatter and syms relationships is also apparent when
comparing the two C-band images from advanced melt. In terms of backscatter
coefficients, the shallow incidence angle (RS4, centre 6 = 41°) shows strong correlation
between sims and co-polarization backscatter, with a stronger relationship observed for
DFYI compared to LFYI. Whereas, for the steeper incidence angle (RS3, centre 6 = 23°),
the relationship between cross-polarization channel backscatter and sms is strongly
negative and predominantly influenced by LFY1. RS4 has much higher and consistent
correlations for both ratio channels and HH-backscatter across all ice types. The cross-
polarization and the co-polarization ratio channels in RS4 produce the highest correlation
between scenes acquired in the advanced melt season (ruvsmn = -0.83, rvwhn = -0.81).
Regression plots for selected backscatter parameters (PS2 — HH and RS4 HV/HH) are
shown in Figure 3.11. The highest R? was found for PS2, where HH-backscatter was
found to explain 62% of the variability in srms. The HV/HH ratio in RS4 could explain

61% of the variability in Syms.
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Figure 3.11. Linear OLS model of SAR backscatter as a function of logarithmic surface
roughness rms for scenes PS2 and RS4. A linear function has been fitted to the data (solid red
line). Corresponding R?, r values, and predictive equations are noted in bottom right corner of

each plot. Due to the logarithmic transformation of the sms data, the modelled outputs (sin) were
converted to true surface roughness measurements by means of an exponential function.

Two images and the corresponding maps of estimated surface roughness are

shown in Figure 3.12. These are generated using the respective images and regression
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equations in Figure 3.11. The classes were created based on the same criteria as the

winter regression models in Figure 3.8 and 3.9.
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Figure 3.12. Estimated sea ice surface roughness derived from linear regression analysis of
HV/HH ratio from advanced melt RS4 (top) and from advanced melt PS2 (bottom). The original
SAR images are presented on the left; and the modelled roughness on the right.
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Regression residuals are shown in Figure 3.13. In parallel to the winter roughness
models, the advanced melt modelled FY surface roughness shows good agreement with
the original laser-scanner derived sims values and both scenes demonstrate significant

deviations in DFY estimates, predominantly when syms exceeds 0.3 m.
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Figure 3.13. Residual plots of predicted surface roughness measurements. Plots are titled by
scene.

To validate the derived models, the dataset was divided into approximately equal-
sized training and validation subsets. A total of 34 training and 33 validation objects were

derived from RS4, and 36 training and 36 validation objects were derived from PS2. An



54
RMSE of 0.08 m was calculated for the RADARSAT-2 HV/HH model and an RMSE of

0.09 m for the PALSAR-2 HH model.

3.4. Discussion
3.4.1. Backscatter Coefficients and Polarimetric Ratios

Generally, backscatter is correlated with sims at both C- and L-band frequencies,
with the exception of the C-band scene taken at a steep incidence angle [Table 3.2]. In
general, HH-polarization backscatter is the most promising for sea ice surface roughness
estimation from both C- and L-band SAR scenes collected during the winter period,
provided steep incidence angle C-band scenes are avoided. In usable cases, HH increases
in magnitude with increased surface roughness [Figure 3.7; Figure 3.8].

Looking at the polarimetric ratios, it is apparent that Rnvmn is a useful predictor
of roughness in C-band imagery acquired at shallow incidence angles. Ruvnn provides an
estimate of depolarization so that, in theory, the cross-polarization ratio is related to
surface roughness, as surface roughness is presumed to be an important contributor to the
depolarization of the SAR signal (Drinkwater et al. 1992; Fors et al. 2016). Therefore,
Ruvimn is generally expected to increase with increasing surface roughness. However, our
findings only show a positive relationship with roughness in the two winter C-band
scenes.

The co-polarization ratio is negatively correlated with syms in all scenes apart from
the C-band winter scenes. This polarization ratio has not yet been well established as an
indicator of surface roughness at the scale of investigation. Hossain et al. (2014) found

that the co-polarization channel was not able to distinguish between level and deformed



55
ice. However, their roughness classes were derived from a three-component scattering

model. The ratio at C-band has otherwise been readily related to thin ice thickness and
melt pond fraction (Scharien et al. 2010; Scharien et al. 2014). Scharien et al. (2014)
concluded that Rvvnn could allow quantitative melt pond fraction retrievals over smooth
FYI, where deformation is not present. In this case, the ratio is independent of roughness
and dependent on the permittivity of the medium, thus the dielectric constants of water
and ice. A number of studies have observed a decrease in the co-polarization ratio with
increased thin ice thickness (Drinkwater et al. 1991; Onstott 1992; Nghiem and Bertoia,
2001; Geldsetzer and Yackel 2009; Zhang et al. 2016). Correlations between ice
thickness and the co-polarization ratio are attributed to the changing dielectric constants

of the ice surface due to desalination during growth (Zhang et al. 2016).

3.4.2. Incidence Angle

Backscatter intensity from a sea ice surface is largely dependent on the incidence
angle of the scene, though the dependency varies according to ice type and environmental
conditions (Mékynen et al. 2002; Fors et al. 2016). Our study found that a shallow
incidence angle has a stronger sensitivity to surface roughness at C-band frequency
[Table 3.2; Table 3.3]. The disparities between winter scenes, RS1 and RS2, demonstrate
the effects of incidence angle on backscatter from level and rough surfaces. Backscatter
from a surface is expected to decrease with increased incidence angle, where the slope of
the decrease varies between sea ice types (Onstott 1992). However, some deformation
features, like ridges, counter this statement as they are expected to have brighter returns

at shallow incidence angles due a higher contrast between the ridge and surrounding level
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ice (Melling 1998). Although the backscatter from rougher DFY| objects remains slightly

higher at the steep incidence angle, it is indisguisable from LFY objects. Whereas, the
backscatter of DFY is higher and much more distinguishable from LFY1 at a shallower
incidence angle.

Makynen et al. (2002) investigated the incidence angle (19° to 45°) dependence
of C-band HH-polarization backscatter using a very large dataset of RADARSAT
images. Their study demonstrated that the contrast between level ice and deformed ice
increases with increasing incidence angle, in agreement with our findings. Their study
also concluded that backscatter signatures from level ice have a much greater dependency
on incidence angle; a rougher surface makes backscatter more random, hence the
dependency on incidence angle decreases with increasing surface roughness. However, it
was found that HH-polarization correlation of DFY in C-band has a greater dependency
on incidence angle than LFY objects [Table 3.2]. The difference between studies could
be related to our smaller range of incidence angles as well as, regional differences. The
Canadian Arctic FY1 in our study is much more saline than the brackish Baltic sea ice
studied by Mékynen et al. (2002). In addition, the study suggested that wet ice conditions
produce a greater dependency on incidence angle than dry conditions (Mékynen et al.
2002). The correlations between syms and HH observed in this study confirm the findings
of Mékynen et al. (2002), as well as Hossain et al. (2014), that a shallow incidence angle
better decimates between smooth FY1, rough FY1, and deformed FY1. Our findings
extend beyond the HH-polarization to demonstrate discrepancies between incidence

angles at other polarizations and for polarimetric ratios. The only instance in which
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backscatter measured at a steeper incidence had a significantly better agreement with Srms

was the Ruv/mn in the RS2 scene.

3.4.3. Feature Detection during Advanced Melt

The aerial survey conducted during advanced melt enabled us to assess ponding
conditions, as well as enable and evaluate feature detection between frequencies. L-band
is understood to improve the delineation of deformed ice features (such as ridges, floes,
melt ponds), relative to C-band. Visually, the delineation of features in L-band frequency
imagery is unquestionably superior during advanced melt [see Figures 3.14/15]. Relative
to C-band frequency, imagery acquired at L-band frequency provides excellent contrast
between DFY1 and LFY]1, and enhanced definition of floe boundaries, during advanced
melt conditions [Figures 3.14/15].

These results are in agreement with previous studies which demonstrated that L-
band SAR may penetrate the snow and melt layer and provide a more detailed depiction
of the sea ice surface during the melt season compared to C-band SAR (Dierking and
Skriver 2004; Dierking and Busche 2006; Casey et al. 2016). Arkett et al. (2008) noted
improved boundary delineation and deformed feature detection in L-band relative to C-
band imagery of FY1 in the Beaufort Sea during melt onset conditions (when the snow is
wet); and Casey et al. (2016) noted improved delineation of deformed ice features in the
Canadian Arctic during advanced melt conditions (when the melt ponds have developed

and the snow is saturated).
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Figure 3.14. Comparisons of ice feature from aerial survey [A] and SAR imagery [B-D]. Scale is
only inclusive of SAR imagery. Feature extent is indicated by a red box in SAR imagery. [A]
Extensive smooth FYI ponding feature, [B] winter C-band HH-backscatter, [C] advanced melt L-
band HH-backscatter, and [D] advanced melt C-band HH-backscatter.



Figure 3.15. Comparisons of ice feature from aerial survey [A] and SAR imagery [B-D]. Scale is

only inclusive of SAR imagery. Feature extent is noted by a red box in SAR imagery. [A] flooded

smooth FYI feature surrounded by DFYI, [B] winter C-band HH-backscatter, [C] advanced melt
L-band HH-backscatter, and [D] advanced melt C-band HH-backscatter.

It is notable that MY floes are not distinguishable from FY1 in C- and L-band
imagery acquired during advanced melt conditions [See Figure 3.16], however, are
detected in C-band winter imagery due to high volumetric scattering [see Figure 3.9].
This is consistent with other results from Casey et al. (2016) where neither C- or L-band
provided significant nor reliable separability of these two ice types during advanced
melting conditions. The inability to detect MY during advanced melt is particularly
concerning to operational ice services. MY floes are typically thicker and stronger than
FYI floes and can maintain a large portion of their strength during melt conditions
(Timco and Johnson, 2004). Lastly our results are similar to Casey et al. (2016) who

concluded that C-band has a substantially more speckled texture than L-band. The
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improved delineation of ice features in L-band could be a result of the reduced speckle.

Casey et al. (2016) proposed that the reduced speckle in PALSAR-2 data could be
attributed to fewer effective scattering centres within each resolution cell at a longer
wavelength. The contributions from SAR image properties may also influence the
amount of speckle, as the resampled PALSAR-2 image pixels have more independent

samples than the resampled RADARSAT-2 image pixels.

Figure 3.16. Comparison of ice feature detection between C- and L-band. [A] Sentinel-2 (June
14th, 2016) true color image with enhancements to identify MY floe (light blue) in bottom right
corner. Melt ponds are shown by dark blue, [B] winter C-band HH-backscatter, [C] advanced
melt L-band HH-backscatter, and [D] advanced melt C-band HH-backscatter.
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Chapter 4 : Thesis Summary and Future Recommendations

This thesis presents quantitative links between sea ice surface roughness and C-
and L-band frequency SAR backscatter during winter, as well as advanced melt periods.
This was achieved by using a hybrid object-based image analysis to link laser scanner
derived surface roughness measurements and spatially coincident SAR backscatter.

The findings presented here demonstrate the utility of both C- and L-band
backscatter to retrieve surface roughness estimates in the winter. A winter sea ice surface
roughness map derived from SAR imagery provides a more extensive depiction of sea ice
surface roughness and topography, which is crucial for estimating atmospheric skin and
form drag over Arctic sea ice. Furthermore, the results suggest that L-band can provide a
detailed representation of the initial, pre-melt, sea ice surface roughness during advanced
melt conditions, as well as demonstrate the potential of C-band imagery (i.e. the cross-
polarization ratio) to understand the pre-melt first-year ice deformation state even in the
presence of melt water. Despite melting conditions, selected backscatter coefficients and
ratios are still linked to the winter roughness condition. L-band provides much clearer
qualitative observations during the advanced melt as there is less speckle and much more
distinct delineation of ice surface features.

Based on the correlation results, recommendations for mapping first-year sea ice
surface roughness during winter are: (1) HH-polarization backscatter at C-band frequency
(r=0.86) and a shallow incidence angle; and (2) HH- or VVVV-polarization backscatter at L-
band frequency (r=0.82) and moderate incidence angle. Preferences for understanding the
roughness condition of first-year sea ice during advanced melt are: (1) HV/HH

polarization ratio at C-band frequency (r=0.83) and shallow incidence angle; (2) HH-
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polarization backscatter at C-band frequency (r=0.84) and shallow incidence angle (DFYI

only); and (3) HH-polarization backscatter at L-band frequency (r=0.79) and a moderate
incidence angle.

Quantifying the surface roughness of a natural surface remains challenging due to
compromises between point density and extent. The multiscale nature of surface
roughness becomes increasingly important and influential when deriving surface
roughness parameters from in situ and remotely sensed data. There is potential in this,
and other studies, that the instrument and sensor limitations impact the results. This study
was only concerned with measures of vertical displacement of the surface and excluded
the horizontal aspect of surface roughness (Manninen 1997). In addition, averaging the
surface roughness among objects results in a loss of surface roughness information. It is
however critical to use the object-based aggregation approach for establishing
relationships with backscatter that are determined more-so by individual and
homogeneous portions of sea ice and less affected by boundaries. Otherwise, the
relationships may be noisy or masked due to the different scales of the input data.

It is recommended to design a more in-depth study on the relationship between
surface roughness and SAR backscatter during advanced melt. It is necessary to acquire
surface roughness measurements during the advanced melt period in order to account for
changes in roughness associated with snow erosion and deposition, and snow and ice
melt. It is also important to incorporate areas of MY during both winter and melt
analysis. As seen in Chapter 3, the high volumetric backscatter from MY could influence
the model [refer to Figure 3.8 and Figure 3.16]. This study did not have winter L-band

imagery covering this MY ice floe, however, it would be interesting to discern the
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relationships between surface roughness of MY and L-band SAR backscatter.

The strong relationships observed at C-band can be used to derive and explore
historical trends due to the continuous dataset at C-band since the establishment of SAR
satellites. These relationships, specifically the HV/HH ratio during the melt season, also
validate the utility of dual-polarimetric SAR. This is important as many ScanSAR modes
covering larger areas provide data solely in the dual-pol acquisition mode, i.e.
RADARSAT-2 images used by the Canadian Ice Service and the freely available
Sentinel-1 data from ESA. The next logical step is to apply the relationships highlighted
in this thesis to Sentinel-1 data. The Sentinel-1 platform has a fairly high temporal
resolution and wide coverage, which could enable monitoring of seasonal changes of the
ice surface and allow for basin-scale mapping. Lastly, the new RCM set launch this year
will provide more polarimetric features, which could possibly improve classification and
general observations of sea ice. Future studies should explore the new compact
polarimetric data and compare their utility with the traditional dual/quad-polarimetric
data.

Sea ice surface roughness models could be used to aid in a suite of tools used for
ship navigation, as well as community mapping to identify hazardous and rough areas. It
also acts as a key indicator variable in climate models to understand drag coefficients and
predict the fate of ice in the summer. SAR imagery is a valuable source of information
and provides the most efficient manner to gather regional to basin-scale measurements in

the Arctic.
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