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Abstract

Recent sea ice dynamics research and ice forecasts focus on the importance of sea ice
topography and thickness (e.g., Casey 2018; Dammann et al. 2018; Farrell et al. 2020). Sea ice
topography is a critical component in sea ice drag forces, understanding sea ice motion and
extent, heat transfer at the ocean-atmosphere interface, and safe ice-related decisions in marine
navigation. The overarching objective of this study is to assess the inter-relationships of optical
laser altimeter Ice, Cloud, and Land Elevation Satellite-2 (1S-2, 2019-Present) and the C-band
frequency RADARSAT Constellation Mission (RCM, 2019-Present) synthetic aperture radar
(SAR) to provide near-continual measurements of sea ice topography at the regional scale. For
this study, a survey of first-year ice (FYI) and multi-year ice (MY1) in the McClintock Channel
portion of the Canadian Arctic Archipelago (CAA) is completed during the winter and
spring/summer seasons. RCM ScanSAR mode scenes are regionally co-located with the heights
and calculated surface roughness for sea ice from Advanced Topographic Laser Altimeter
System (ATLS 07) on IS-2. The 1S-2 measured sea ice parameter data provide a vital cross-
comparison of RCM measured backscatter variables. An object-based image analysis is used to
link the 1S-2 measured variables and RCM backscatter quantitatively. For data optimization, 12
bands from RCM are analyzed, including calibrated backscatter channels (HH and HV), their
combinations (ratio, addition, subtraction, and multiplication), and a set of grey-level co-
occurrence matrix (GLCM) based texture parameters derived from each backscatter channel,
following the derivations provided in Scharien and Nasonova (2020). 1S-2 ATLO7 data are
studied to measure sea ice surface elevation and roughness.

Overall, strong positive linear relationships between backscatter and 1S-2-derived surface

roughness and elevation are found during the late winter (April and May) period, which supports



the use of dual-polarization (HH and HV) RCM scenes and the combination of these channels
(HH+HV) as complements to ATLO7/IS-2 for understanding winter FYI and MYI ice
topography. Generally, RCM derived backscatter is more strongly correlated to 1S-2 derived
variables than is RCM derived texture. At high incidence angles (>42°) and during late winter
conditions, the 1S-2 sea ice surface elevation from MY strongly correlates (r ~ 0.74) with
backscatter. However, the correlation between MY surface height and RCM backscatter during
winter is reduced at low and moderate incidence angles (<42°). The relationship between RCM
backscatter and FYI elevation shows a high correlation (r ~0.74 to 0.75) at low and moderate
incidence angles. Considering melting conditions, relationships between IS-2 and RCM variables
are much weaker compared to winter conditions, though much stronger later in the melting
season (July) than earlier (June).

The results of this study suggest that the following techniques should be used to map the
elevation of sea ice during the winter using RCM: (1) HH-polarization backscatter (r ~ 0.74) and
a low incidence angle (FYI only), and (2) HH+HV polarization (r ~ 0.64) and low incidence
angle (MY only); (3) HH+HV polarization (r ~ 0.74) and high incidence angle (MY only); and
(4) HH-HV polarization (FYI) or HV (MYI) (r ~ 0.75 and 0.72, respectively) and moderate
incidence angle. Overall, HH+HV can be the best representative band for FYI topographic

investigations using RCM image with low incidence angle during winter.
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Chapter 1: Introduction

1.1. Rationale and Context

Sea ice is a crucial area that occurs by freezing about 10% of the world's ocean’s surface
water (Leppdranta 2005). The frozen ocean surface of sea ice affects solar energy absorption,
atmosphere-ocean heat exchange, and evaporation. Sea ice formation occurs when the
atmospheric temperatures drop to below the seawater (salt water) freezing point (-1.86°C) at the
onset of winter, usually late September in the Arctic. When thermodynamic congelation ice
formation and growth occurs, sea ice eventually consolidates into a coherent ice layer in calm
and turbulent conditions. (Weeks and Ackley 1986). The dominant part of the Arctic Ocean is
sea ice, specifically during the winter months (see Figure 1.1.). The Arctic sea ice area is located

north of latitude 66 degrees.

Over the last several decades, there have been significant declines in the Arctic sea ice cover
and its thickness, volume, and age (Perovich. et al. 2019; Hong 2010). The Arctic sea ice extent
has decreased by more than 10% per decade since 1979 (see Figure 1.1.), which has
consequently increased the sea ice dynamics and drift (Barber et al. 2014). Increasing air
temperature in the Arctic has also resulted in increased ice movements and sea ice dynamics in
ocean water through enhanced overturning (Lei et al. 2016). The increased dynamics in the
Arctic Ocean has lead to the potential for increased sea ice roughness, rubble ice, and sea ice
ridges, which are the thickest sea ice features and currently account for about one-half of the
total sea ice volume (Leppdranta 2005). Melting sea ice during the summer leads to open water
and progressively increases the water temperature, which stores heat and causes further melting
of sea ice (Laxon S. et al. 2004). Of note, diminishing the temperature difference between ice

and the atmosphere also weakens winds in the jet stream. The weakened jet stream causes more



extreme weather conditions, consequently delaying the ice re-growth during the freezing season,
melting, and a slowing rate of re-growth leads to a warmer Arctic, observed to be twice as fast as
the global rate (Perovich. et al. 2019). As a result, the topography of the sea ice reflects past
thermodynamic and dynamic processes affecting the sea ice cover. Therefore, it is vital to
characterize the nature of the surface and define its topographic relief to comprehend changes in
the sea ice topography and their influence on other activities at the surface. Surface roughness

data can be used to describe the sea ice topography.

Average Monthly Arctic Sea Ice Extent in August Average Monthly Arctic Sea Ice Extent in February
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Figure 1.1. The average Arctic sea ice extent for the months of August (left) and February
(right) from 1979 to 2019. Data and plots are provided by the National Snow and Ice Data Center
(NSIDC). The plots show a trend of approximately 11% decrease per decade (National Snow and
Ice Data Center 2019).

In order to support marine activities and conduct long-term climate research, it is necessary
to keep track of sea ice conditions, such as ice extent, concentration, topography, and type. Due
to the extreme and remote character of the Arctic, remote sensing techniques have emerged as a
powerful tool for assessing these features through short revisit times at regional to hemispheric
scales. Several studies focus on these features as a source of uncertainty in remote sensing, since
they are challenging parameters to retrieve. Twenty countries worldwide have operational ice

services that routinely provide sea ice information to fulfill these needs (WMO 2010). These



organizations publish ice and iceberg information products (such as charts, warnings, and
forecasts) to facilitate maritime navigation and to record climatic data on sea ice conditions to
benefit climate change research (Bertoia et al. 2004). Retrieving sea ice topography, sometimes
expressed as surface roughness, is an area of ongoing research. To describe geographical or
temporal changes in surface topography from satellite remote sensors, previous techniques have
proven too coarse for most applications. Fine-scale observations can be obtained using low-
altitude airborne sensors (such as laser altimeters), but the overall geographical and temporal
coverage is limited. Therefore, satellite remote sensing techniques are being developed from

recently launched sensors that provide fine spatial and temporal resolution.

This primary goal of this research is to develop quantitative relationships between sea ice
topography, derived from laser altimeter data, and Synthetic Aperture Radar (SAR) backscatter
in both winter and spring/summer months to reflect winter, pre-melt, and advanced melt
conditions, respectively. This is achieved by comparing spatially coincident laser altimeter data
from the ICESat-2 (1S-2) mission, and SAR data from the RADARSAT Constellation Mission
(RCM). The intended benefit of this work is the extension of surface topography mapping,
achievable from laser altimeter data but limited to narrow swaths (meter-scale) and infrequent
coverage, to RCM and SAR, which provides regular coverage over wide swaths (>350km).
Regional surface topography information from SAR are critical to understand sea ice surface
characteristics, distinguish between different ice types, determine surface temperatures, estimate
surface drag coefficients, and identify marine navigation hazards. This research will support the
creation of better monitoring methods for the Arctic sea ice cover, which is experiencing

profound change.



1.2. Objectives

The overarching goal of this thesis is to develop SAR technology to map sea ice topography
and provide valuable data for sea ice monitoring in support of climate research and, by
extension, safe marine operations. In order to conduct the research, 1S-2 and RCM data are used
to analyze the surface elevation and roughness of the sea ice, as indicators of surface topography,
quantitatively. It is crucial to investigate and define the extent to which the level of deformation,
represented as surface elevation and surface roughness measurements, affects SAR backscatter.
As well, these relationships need to be investigated for various radar system parameters, such as
incidence angle, to create SAR satellite-based retrievals models. By using data in different
periods of the annual cycle, this study also examines the impact of seasonal changes in surface
cover on the relationship between surface topography and observed backscatter. Relationships
between backscatter and dry surface cover throughout the winter may not always remain
constant during the melt onset and advanced melt seasons, especially when surface melt ponds
are present. However, exploring the relationships between winter-derived surface roughness and
melt season recorded backscatter is particularly considered to determine what sea ice geophysical
information might be recovered under these conditions. This research specifically examines the

possibility that data from these sensors may be utilized to:

i. Develop accurate estimates of the topography for both perennial (multi-year) and
seasonal (first-year) ice regimes;
ii.  Characterize the physical surface roughness of sea ice;
iii.  Establish techniques that enable detection of large-scale roughness features that represent

a significant risk to marine operations;



1.3. Thesis Structure

This dissertation is comprised of five chapters. The first chapter introduces the research
rationale and presents the importance of understanding sea ice characteristics for which better
observations could be possible with recent advances in remote sensing technology. The second
chapter provides a background on the geophysical characteristics of sea ice, and the relationship
between Arctic climate change and sea ice dynamics. Sea ice remote sensing is introduced in
Chapter 3, with emphasis on how the geophysical characteristics of sea ice impact measured
SAR backscatter, and the application of remote sensing instruments to assess the sea ice
topography. Chapter 4 presents the study region, data, analytical strategy, and outcomes, from an
evaluation of RCM SAR for sea ice surface topography retrievals using input topography data
from ICESat-2. Finally, Chapter 5 summarizes the findings of this thesis, emphasizes their
potential relevance, and provides an outlook for future work in SAR remote sensing of Arctic sea

ice surface topography.



Chapter 2: Background and literature review

2.1. Sea ice topography and Linear Kinematic Features (LKFs)

Sea ice in the Polar Regions exhibits dynamic processes at large and small scales, with these
processes producing ice deformation. The dynamics and deformation processes produce surface
characteristics like cracks, and lead to different ice thicknesses. The ice dynamics and
deformation effect refer to either ice drag and break, known as divergence, or ice-ice interaction,
referred to as convergence (see Figure 2.1.). When divergence occurs, an ice floe separates along
the boundary with another ice floe, which then re-disperses vertically and pulls apart (e.g.,
Hopkins 1998; Feltham 2008). Significant physical processes include momentum exchange
across the air-ice boundary, dynamics forces, heat and salt fluxes, and ice floe size distribution
have various feedbacks, each directly or indirectly linked with the deformation and roughness of
the sea ice. Traditional definitions of surface roughness include a vertical displacement of the
ocean surface from mean sea level, expressed as the standard deviation of relative surface
heights within a given area (Beckers et al. 2015). Sea ice motion determines the roughness; when
dynamical forces, particularly wind and ocean current, increase, the roughness increases. In other
words, ice surface characteristics that suggest increased roughness and agitated region have been

warped by ice motion forces.

Sea ice typically consists of areas of level ice and deformed ice including ridges, separated
by cracks called fractures and/or leads, all with different spatial scales (Petty et al. 2016). Quasi-
linear areas of open water between divergent ice floes are referred to as leads (Haas 2010).
Leads can be created in pack ice at any time of year; however, leads refreeze rapidly in winter.
When convergence occurs, ice floes are forced together by means of pressure driving forces,
resulting in vertical displacement and quasi-linear structures called pressure ridges or, simply,

6



ridges. Ridges consist of a top side from ice level to the peak, known as a ridge sail, and a
bottom part below the water level, termed an ice keel [Figure 2.1.] (Haas 2010). The keel draft to
sail height ratio is approximately 4.5:1. Pressure ridges are easily distinguishable from smooth
first-year ice (FY1), however, the surface of the deformed MY can be made of sails and rubble
fields, masking the appearance of new or recently formed ridges (Petty et al. 2016). Note that the
size, form, and location of described structures significantly depend on the forces exerted on the
ice floes during, and after, the formation process. For instance, divergence can typically open a
crack, while convergence closes the crack. First-year ridges are defined as those which have not
survived one summer's melt. First-year ridges may present very sharp sails with visible blocks,
and their degree of consolidation is almost always much less advanced than the older multi-year

ridges (Strub-Klein and Sudom 2012).

Divergence Convergence
-— — —_— —_— -— .-
Ridge sails
—_— S ——— xi =

Ice floe

Figure 2.1. Hlustration demonstrating the dynamics forcing processes that diverge or converge
sea ice floes and alter ice thickness (Haas 2010).

Focusing on sea ice features resulting from ice dynamics, both pressure ridges and leads are
called Linear Kinematic Features (LKFs), particularly due to their quasi-linear, elongated shape

(Hutter, Zampieri, and Losch 2019), as well as the kinematic processes (opening, closing, shear,
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or a combination of thereof) associated with their formation (Kwok 2001). LKFs are long and
narrow features, consisting of open water (e.g., leads), nilas, new ice, young-ice, FY1, ridge ice,
or rafted ice. LKFs have been observed at various scales, ranging from a few meters in aerial
photographs to basin-wide scales in satellite imagery. Different directions of the kinematic
formation processes change the resulting shapes of LKFs, whereas the different directions of ice
floe motions dictates the LKFs characteristic shape in a short time after the creation procedure
(Schulson and Duval 2009). Ice floe edges and open water between ice floes in some cases may
make LKF patterns that are hardly distinguishable.

The study of sea ice roughness and thickness, both indicators of topography, are important

because topography:

I. Affects the form of drag on the upper and lower surfaces of the ice, attributed to the
variation of ice surface roughness via its impacts on the momentum balance and
divergence/convergence of sea ice (Tsamados et al. 2014).

ii. Affects sea ice melt patterns by determining the location and extent of surface melt ponds
during summer (Perovich and Polashenski 2012). Fewer melt ponds have been seen on
rough ice where the ice-albedo is higher than on smooth ice where shallow melt ponds
broadly expand over the ice surface;

iii. Affects gas exchanges between the atmosphere and the ocean and the flux of heat
(Wadhams and Comiso 1992);

iv. Controls the mass flux of sea ice out of the Arctic region, as defined by a combination of
ice thickness and ice velocity. This is a critical factor for quantifying the redistribution of

freshwater between the polar and sub-polar seas (Kwok 2010); and



v. Impacts marine transportation and navigation, important offshore structures, and
economic development (Sudom et al., 2011; Timco and Weeks, 2010). Local to regional
scales measurement of ice thickness is vital in order to monitor and report sea ice
conditions in near-real time marine navigation and transportation (Geldsetzer et al. 2015).

2.2. Arctic climate change and sea ice dynamics

Sea ice is known as a climate indicator (Haas et al. 2009) because of the importance of its
dynamics and development in observing global climate change. Sea ice and ocean surface
roughness variations have become crucial variables in climate study and monitoring due to the
dramatic sea ice loss in recent years. In addition, the dipole spatial structure of recent sea ice
fluctuations might be affected by dynamical variables that could affect temperature and
precipitation over land patterns (Fissel, Marko, and Melling 2015). The distributions of sea ice
features control the global energy balance (Curry, Schramm, and Ebert 1995), local winds, ocean
currents, Coriolis and internal forces, and sea surface tilt. Similarly, wind forcing, ice-water drag,
and Coriolis affect ice motion and dynamics (Lei et al. 2016). In addition, ocean currents have
been gradually separated and altered due to gravity, making sea surface tilt another major ice-

movement driving force.

Arctic climate change causes shorelines to experience fall storms when coastal ice does not
form at the anticipated period, which leads to erosive behaviours. It also enhances thermal
subsidence of coastal permafrost, therefore greatly accelerating the rate of coastal retreat over
time (Eicken and Mahoney 2015). The outcome of sea ice extent and dynamics changes are the
same as enhanced coastal erosion and broad threats to coastal infrastructure. Their scales fall
between regional to hemispheric scale, and at the local scale with regional to global

repercussions.



Sea ice divergence creates more open water area, decreasing surface albedo and increasing the
surface air temperature by exposing open ocean. When sea ice converges, ice floes collide or
break, resulting in the creation of thicker ice features and/or more ice floes and higher albedo.
Reduction of the albedo and increasing air temperature decrease the sea ice extent, where older
ice melts in summer, and newly formed ice appears during the onset of freezing. Younger ice
(i.e., FYI) can then exceed old ice (i.e., MY1) coverage across the Arctic. Less ice extent and
more drift ice have also enhanced the elevation of marine traffic and hazards (Pizzolato et al.,
2014). During the fall storms, an increase in wave heights and deeper propagation of swell into
the spring ice pack can result in thinner and more dynamic ice (O. P. Francis and Atkinson
2012). Thus, wave action and warming of surface waters promote the thermal sub-erosion of
both terrestrial and marine permafrost along the coast. These changes have some consequences,
such as the acceleration of coastal retreat rates with possible adverse effects on coastal
communities and infrastructure, as well as an increase in erosive action and thermal sub-erosion

of coastal permafrost.

With declining sea ice extent, ecosystem impacts, and increasing economic interests in the
Acrctic, the need for monitoring and predicting sea ice characteristics has increased. Determining
LKFs and understanding their spatial and temporal evolution is vital in order to generate sea ice
and ocean models and to evaluate sea ice deformation with high spatial resolutions
(Mohammadi-Aragh et al., 2018). Recent sea ice forecasts mainly focus on pan-Arctic quantities
such as sea ice extent and thickness. Leads are critical for determining the sea ice freeboard and
thickness (Farrell et al. 2020), understanding sea ice melt, as well as for marine navigation.
Leads are open water or have thinner ice after winter, making them easy to traverse. Ridged ice

is stronger than level ice or refrozen leads (AMSD 2018), making pressure ridges a critical
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hazard in marine usage. Pressure ridges indicate high pressure and a highly dynamic region,
which consequently leads to high albedo. Therefore, detecting LKFs during the winter can
promote sea ice predictions.

Sea ice can be a significant hazard through direct interactions of properties and infrastructure,
the indirect impacts of variability, and rapid changes in its distribution in Arctic regions. Due to
the significant impacts of climate change on the marine cryosphere, accurate monitoring of the
Arctic sea ice topography is of fundamental importance (Geldsetzer and Yackel 2009). Sea ice
topography is a broad term that encompasses surface roughness, which may include LKFs such
as ridges, and is generally related to thickness. Knowledge of sea ice topography is essential,
along with the location of ice floes, ice edge (the boundary between the ice and open water), and
the presence of LKFs in the context of critical strategic and technical information for marine
users. Studying the sea ice surface roughness provides a signal of the mechanical deformation
history of the ice, which the knowledge of it is required to understand the exchange of turbulent
energy between the ice and atmosphere and drag-induced ice dynamics (Zwally et al. 2002). The
location of these parameters also enables recognizing the safe (i.e., ice-free area) and/or
hazardous pathways for marine activity (Ramsay et al. 1993; Scheuchl et al. 2004; MSC 2005).
The significant variation in the Arctic sea ice conditions and increased marine activity will most
likely lead to an increase in demand for ice information products promoting marine stewardship
and enhancing safety in the coming decades (Pizzolato et al., 2014). These products are
applicable for operational ice services, including the Canadian Ice Service (CIS). Ice services are
typically interested in promoting the accuracy, information content, and production efficiency of
their ice information products. In particular, ice services are able to enhance ice analysis charts,

including information on sea ice extent, stage of development (i.e., ice type), and predominant
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form (i.e., pressure ridges size, leads size, and ice floe size) in a near-real-time basis and

different scales.
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CHAPTER 3: Remote Sensing of Sea Ice Topography

3.1. Overview of Current Remote Sensing Instruments and Techniques

Remote sensing of sea ice parameters include ice type, concentration, extent, thickness,
deformation state, and melt onset and freeze up. The majority of satellite Earth observation
systems include visible/infrared (VIR) sensors, passive microwave radiometers, and radar/SAR
(Eppler et al. 1992; Meier 2005; Heinrichs, Cavalieri, and Markus 2006), all of which acquire
complementary information on various scales. Optical sensors enable discrimination between sea
ice and open water, based on their contrast in albedo. Although these spectroradiometers can
give outstanding multi-spectral details and fine surface spatial resolution, they are constrained by
clouds and rely on sunlight. Specific applications for sea ice monitoring in Polar Regions are
thematically related to optical imagery with several visible and infrared channels (Shokr and
Sinha 2015). The cloud and darkness limitations are eliminated by moving to the microwave
portion of the spectrum. Microwaves can penetrate clouds and enable unrestricted monitoring
from the Earth's surface, enabling detection at any time of day or night (McCandless Jr. W.
Samuel and Jackson, 2004). Passive microwave and thermal infrared sensors utilize the
difference between ice and water microwave emissivity and the difference in the physical
temperature. Long wavelength (low frequency) microwaves have a low energy content, hence
the energy that is accessible is relatively low and needs a wide field of view to be detected. The
majority of passive sensors are frequently constrained by this to have relatively poor spatial
resolutions. However, the poor spatial resolution frequently allows for a broader areal coverage,
which has been essential for mapping the densities of sea ice over the whole. Active remote
sensing systems, on the other hand, are self-sufficient in terms of their energy source for lighting

and are not reliant on the electromagnetic (EM) radiation from the Sun or the Earth's temperature

13



characteristics. The technology uses an antenna for both transmission and reception. Radiation is
directed towards a target by the transmitter, and the receiver picks up radiation that the target has
backscattered. Active sensors have the benefit of being able to detect surfaces at any time,
regardless of the day or the time of year. They also have the advantage of being able to study
wavelengths that the sun does not properly offer and of being able to better regulate how bright a
target is illuminated (Richards 2009). Additionally, active sensors can attain a far better spatial

resolution (described further in the next section).

Active microwave, also known as radar, an acronym for Radio Detection and Ranging (Ager
2013), provides its own energy source to produce an image (Inggs and Lord 2005). Although it is
similar to emission, the backscatter of microwave energy emitted from sensors is strongly
influenced by the phase state and salinity, with sea ice typically scattering more energy than the
ocean, unless there is significant wind-wave action (Tedesco 2015).

By observations from different study methods, many algorithms for sea ice parameter
retrieval have been created based on the difference between the physical and radiometric features
of sea ice and open water (Shokr and Sinha 2015). SAR sensors capable of acquiring data at
more than one polarization are currently the most state-of-the-art in radar imagery acquisition
technology from satellites (e.g., RADARSAT-2 and RADARSAT Constellation Mission).
Although SAR sensors detect a wide range of measured backscatter values under some
circumstances, for example, variable wind-wave conditions on water surfaces, this technology is
capable of distinguishing sea ice and open water when multiple polarizations are used
(Geldsetzer and Yackel 2009). The potential use of SAR for sea ice topography and LKF

detection is covered in the next section.
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Numerous methods have been developed to retrieve sea ice topography and individual LKFs.
However, the most detailed datasets of sea ice topography and LKFs are from airborne
platforms, with data from surface profilers and laser scanners normally used to enhance the
understanding of their spatial and temporal nature (Strub-Klein and Sudom, 2012; Castellani et
al., 2014). Profiling laser data, typically from sensors mounted on aircraft, have historically
enabled the identification of level ice and ridges, ridge widths (along the profile line) and sail
heights (e.g., Hibler 1972; Dierking 1995). Analyzing laser profiler data was improved with a
multi-step filtering process and elimination of aircraft altitude variations from laser range
measurements (Hibler 1972). The advent of inertial navigation systems (INS) improved the
derivation of surface data and the removal of aircraft motion. The outcome is an outline of ice
surface height defined relative to the minimum local height, normally the local height of level
ice, along the laser profile. At this point, ridges are determined from the local maxima using the

Rayleigh criterion, and leads as local minima.

Ice surface roughness and LKFs can also be derived from Airborne Laser Scanner (ALS)
data and airborne Very High spatial Resolution (VHR) optical imagery. Point cloud or gridded
elevation data can be derived from ALS data, which results in the ability to discriminate ridged
ice and quantify surface topography, e.g. by calculating ridge density or surface roughness
(Casey 2018). Point cloud data also can be derived from VHR by using Structure from motion
(SfM) technique, resulting in three/four-dimensional sea ice topography and LKF information
(Micheletti, Chandler, and Lane 2015; Chudley et al. 2019). SfM photogrammetry reveal visible
points at known three-dimensional positions by defining internal camera geometry and camera
position and orientation (Westoby et al. 2012). However, ALS data and VHR airborne imagery

can not cover annual development, and they are mostly limited to small swaths below the flight
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line of the aircraft (Petty et al., 2016). The use of Autonomous Underwater Vehicle (AUV) sonar
along with airborne laser profiling to analyze sea ice morphology is another tool for studying sea
ice topography (Doble et al., 2011; Williams et al., 2015). However, though AUV and laser
scanner data provide high-resolution and three-dimensional observations of ice conditions in
near-real time, data are limited and costly, and the estimated parameters like ice thickness are not
well suited for regional-scale climate studies or marine operations. Moored upward looking
sonar sensors, also known as ice-profiling sonars (IPS), provide time series sea ice draft data at a
fixed point, for monitoring local ice draft distributions related to sea ice dynamics and seasonal

growth and melt conditions (Fukamachi et al., 2017).

In terms of satellite data, space-based altimeters with polar orbital inclinations are equipped
to monitor Earth's polar regions, including Ice, Cloud, and Land Elevation Satellite (ICESat,
2003-2009), CryoSat-2 (CS-2, 2010—present), SARAL/Altika (2013-present) and 1S-2 (2019-
present). Together they have provided near-continual wintertime measurements of sea ice
topography at the basin scale (e.g., Laxon et al. 2013; Petty et al. 2020). Note that, ICESat was a
green and infrared laser altimeter, IS-2 carries a green laser altimeter, while CS-2 and
SARAL/Altika carry Ka-band and Ku-band frequency radar altimeters, respectively (Kwok et al.
2009; Laxon et al. 2013; Kwok et al. 2019). From these altimeters, ice thickness algorithms have
been developed based on their different sensitivities to inputs of snow depth (Zygmuntowska et
al. 2014) and different sensor technologies. The ice thickness algorithms are based on the
measurement of sea ice freeboard, the height of the snow surface (in the case of 1S-2) or the ice
surface (in the case of Satellite with ARgos and ALtiKa (SARAL/AItika) and CS-2) relative to
the height of the local ocean surface. In comparison to earlier/existing altimeters, SARAL's

technical features make it a better choice, especially for ice surface research (Remy, Legresy,
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and Vincent 1999). For example, the SARAL/AItiKa altimeter indicates a proper correlation with
detecting leads and monitoring their spatio-temporal dynamics during winter (Zakharova et al.
2015). The recovery of sea ice thickness is one of the specific research goals of CS-2 spaceborne
altimeter system (Drinkwater et al. 2004). The mission objective for the CS-2 sea ice thickness
retrieval is to determine the rate of ice thickness changes of the whole Arctic sea ice pack

(Francis 2007).

3.2. Sea ice remote sensing using SAR

Three types of radar instruments, including scatterometer, radar altimetry, and imaging radar
i.e. SAR, are applicable in sea ice studies. Image data can also be created from the scatterometer
observations. Scatterometer systems primarily measure wind speed and direction over the ocean,
but are also applicable in monitoring sea ice in the Polar Regions (Remund and Long 1999;
Casey et al. 2016). Radar altimeters are nadir-looking instruments used for topographic mapping
of glaciers and ice shelves. They have been used to estimate sea ice thickness and surface
topography in Polar Regions (e.g. Chelton and Wentz 1986; Rémy and Parouty 2009). Data from
imaging radar systems are frequently applied to monitor sea ice (Shokr and Sinha, 2015). An
antenna emits microwave energy pulses and uses the reflections to create images (Ager 2013).

Imaging radar systems, also known as SARs, have a resolution that does not degrade with
distance (Ager 2013) and create high-resolution (meter-scale) images of the Earth’s surface with
remarkable characteristics (Inggs and Lord 2005). SAR helps all the measurements of orbital
motion, range, amplitude, and phase be done with the highest precision, regardless of clouds and

distance (Ager 2013).

The SAR sensitivity to surface roughness on the centimeter to decimeter scale suggests that it

may be possible to estimate the surface height statistics of both deformed and level ice if a
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suitable model is established (Carlstrom and Ulander 1995). Using radar remote sensing to
identify and understand sea ice roughness and deformation on micro and macro scales is cost-
effective. In particular, SAR is the primary data source for ice charting and provides a high

temporal and precise record of sea ice changes, trends, and variability (Comiso and Hall 2014).

Previous studies showed that SAR data, under certain conditions, provide many practical sea
ice observations, including the contrast between different ice types, ice/open water (hence open
leads), ridging, ice drift tracking, and frost flower formation areas (Dierking and Busche 2006;
Arkett et al. 2008; Dierking 2010b; Casey 2018). SAR data have been used for different tasks for
tactical scale monitoring at finer spatial resolution and ship navigation. Examples of SAR tasks
include ice type classification (Nghiem and Bertoia 2001), determination of the ice drift pattern
from consecutive images (Sun 1996), observations of marginal ice zones (MI1Z) (Livingstone and
Drinkwater 1991) and polynyas (Drucker 2003), information gathering about lead characteristics
(Van Dyne, Tsatsoulis, and Fetterer 1998), monitoring of melt onset and freeze-up
(Winebrenner, Holt, and Nelson 1996), retrieval of parameters characterizing the ice surface
topography (Simila et al. 1992), improvement of thin ice type discrimination (Kwok et al. 1995),
and estimation of ice thickness (Haverkamp, Kiat Soh, and Tsatsoulis 1995).

SAR backscatter is affected by the radar system parameters and the surface (e.g., sea ice or
open water) geophysical and EM properties (Onstott 1992). The former includes radar
frequency, polarization, incidence angle, and noise-equivalent sigma-zero (Onstott 1992). The
latter is especially affected by warming conditions, liquid water within the snowpack, and/or
melt ponds and lead formation. Melt can undesirably hide the backscatter signature of underlying
sea ice, especially during melt onset, when the surface is covered with wet snow, and the

backscatter signatures of FY1 and MY undergo extreme variations (Arkett et al. 2008). Overall,
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the difficulty of estimating the surface backscatter of the Arctic sea ice during melt has generated

a wide range of published studies (Laine et al., 2011).

According to previous studies, decreasing the SAR frequency leads to a lower sensitivity of
backscatter to snow and ice variations, and a higher backscatter sensitivity to large-scale sea ice
surface roughness (e.g., ridged ice) (Dierking and Busche 2006; Dierking 2013). In addition, the
incidence angle and ice surface roughness directly correlate with backscatter. Smoother ice
surface results in significantly decreased backscatter as a function of increasing incidence angle,
whereas deformed ice generates diffuse surface scattering and multiple-bounce surface
scattering, which results in strong backscatter at all incidence angles. Thicker ice (i.e., MY and
ridged ice) can have volume scattering, which also contributes to strong backscatter at all
incidence angles. Usage of multi-polarization SAR data has further enhanced sea ice backscatter
characterization and feature identification (e.g., Scheuchl, Cumming, and Hajnsek 2005;
Eriksson et al. 2010; Kim, Kim, and Hwang 2012; Gill and Yackel 2012; Fors et al. 2016;
Johansson et al. 2017). In addition, a wide swath of single- and dual-polarized SAR data has
been employed to assess sea ice extent, concentration, and ice type. Co-polarized data, HH and
VV, enhanced differentiating the targets due to their sensitivity to multiple-surface roughness
scattering (Oh, Sarabandi, and Ulaby 1992). HV and VH backscatter from sea ice are affected
by surface roughness, volume scattering, and multibounce scattering. At steeper incidence
angles, the ice-ocean contrast of HV or VH can be expected to be greater than that for either of

the co-polarization channels (Nghiem and Bertoia 2001).

There have been limited studies regarding sea ice topography and LKF detection from SAR,
with most of the focus on detection during cold, winter-like conditions (Casey2018). Roughness

is a relative notion in SAR remote sensing that depends on the wavelength and incidence angle.
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A surface is considered "rough™ from the standpoint of scattering physics if its structural
characteristics have dimensions similar to the incident wavelength. The Rayleigh criteria state

that a surface is smooth if

A
8*cos 6

And is rough if:

8xcos 6

Where A refers to the mean height of surface variations, A refers to the radar wavelength, and

6 denotes the radar incidence angle.

The threshold at which a surface becomes rough enough to backscatter is described by the
Rayleigh criteria. In the case of pure surface scattering, the amount of backscatter rises as the
surface grows rougher. In the sections that follow, it will be discussed how well-suited a SAR
sensor is for a specific task of monitoring depending on frequency, incidence angle, and

polarization.

3.2.1. Frequency (Wavelength)

Radar imaging depends on the frequency and its penetration depth, with lower frequency
having greater penetration. Consequently, the volume contribution to the backscattered signal is
often amplified in the low frequency case. Radar frequency bands are designated in frequencies
ranging from 0.3 GHz (UHF) to 300 GHz (mm), with SAR imaging systems refraining
from wavelengths less than 1.11 cm (K-Band) because energy is reflected by water vapour and

other atmospheric particles. To find rain and storms, Doppler radar weather equipment employs

20



high-frequency microwave bands (greater than 27 GHz) because of this property. Therefore,
SAR imaging systems for Earth observing often employ the imaging bands X-, C-, L-, and P-
band (Ager 2013; Moreira et al. 2013). Table 3.1 lists the SAR bands' corresponding

wavelengths and frequency ranges.

Table 3.1. The Frequency bands for SAR systems and the corresponding frequency and
wavelength ranges (adopted from Moreira et al., 2013).

SAR Radar Band | Frequency Range [GHz] | Corresponding Wavelength Range [cm]

Ka 40-25 0.75-1.2
Ku 17.6-12 1.7-2.5
X 12-7.5 2.54
C 7.5-3.75 4-8

S 3.75-2 8-15
L 2-1 15-30
P 0.5-0.25 60-120

According to experimental and model results of sea ice over all seasons, backscatter is caused
mainly by the roughness of the snow-ice interface at C- and X-band. On the other hand,
backscatter returns from the sea ice interior can come from the L- and P-band frequencies
because of their greater penetration depth. Therefore, C-band SAR imaging capability is a
reasonable compromise between the use of shorter wavelengths (X- and Ku-band) and longer
wavelengths (L- and P-band) (Dierking and Busche 2006). In addition, only C-band waves
interact with the ice's surface and subsurface elements such as ridge blocks, ice fragments, and
small-scale surface roughness. Other frequencies have not been used as frequently for sea ice

imaging as C-band, and there is much expertise in their usage (Dierking 2010a).
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Most sea ice-related studies have focused on the characterization of C-band backscatter
related to various parameters. Deformed, level and new ice areas were separated using C-band
SAR data (Nghiem and Bertoia 2001). C-band SAR imagery is used operationally to differentiate
between FYI and MY types and to distinguish between areas of open water and sea ice (Arkett
et al., 2008; Casey, 2018). C-band SAR was also demonstrated to make detecting sea ice
pressure ridges easier compared to higher frequencies (Onstott 1992; Dierking and Busche
2006). Therefore, the C-band SAR shows more reliable results in sea ice roughness and
topography, ridge detection (e.g., Cafarella et al., 2019), and lead detection (e.g., Gupta et al.,

2019; Murashkin et al., 2018).

3.2.2. Incidence angle

The energy from a SAR is transmitted and received at different angles relative to the sea ice
surface. Smaller angles are closer to perpendicular to the terrain, and more extensive angles are
closer to parallel, and these incidence angles are measured relative to an imaginary line
perpendicular to the sea ice surface [Figure 3.1.] (Jensen 2000). Every SAR instrument includes
a variety of beam modes that enable it to image the Earth at varying incidence angles and swath
widths (usually ranging from 15 to 65 degrees)(Facility et al., 1996; Mladenova et al., 2013). It
becomes more challenging to interpret SAR imagery because of the incidence angle effect on the
backscatter properties of sea ice. (Lang et al., 2016). Though the strength of backscatter from the
surface depends on the surface roughness and the dielectric constant, the backscatter also

declines as the incidence angle increases.

Understanding the EM characteristics of each component of sea ice is crucial to interpret

backscatter. Surface roughness estimation using SAR remote sensing techniques is still in
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development. The volume of rough ice or the surface itself may affect signatures at considerably
smaller temporal and geographical scales than those represented by the incoming EM waves
from the satellite. Understanding the EM wave scattering mechanisms from sea ice is crucial to
studying the roughness of the sea ice surface. The measurement of the EM absorption, reflection,
and scattering of sea ice is the dielectric constant (Morey, Kovacs, and Cox 1984). Surface
scattering occurs at boundaries between materials with contrasting dielectric constants (e.g. air
and water), when the surface roughness also becomes a factor. When examining volume
scattering, individual scattering may occur at different dielectric discontinuities within the
volume (Richards 2009). When the active microwaves interact with a target, there can be volume
scattering within the target before the return EM wave is released. This sub-surface scattering
can occur when some of the incident waves penetrate the surface slightly, and scattering occurs
within the volume of a roughness feature at the surface like ridges and ice blocks at the surface

of the sail.

The backscatter from a rough surface is in general expected to decrease with increasing
incidence angle, and rougher surfaces make the backscatter more random (M. Makynen and
Hallikainen 2002). The rougher surface shows the brighter backscatter on the image. The slope
of decreasing backscatter is dependent on sea ice type (Onstott 1992). For example, in the study
of pressure ridges expected to have brighter returns at higher incidence angles (H. Melling 1998).
Surface scattering predominates at incidence angles less than 45° whereas volume scattering
from FYI at C-band is only discernible at shallow incidence angles (Carlstrom and Ulander,
1995; Dierking, 1999). On the other hand, the increase of incidence angle (>45°) can cause
undulations of the uneven observed waveforms. These are caused by fading effects and/or by

inhomogeneities of the ice properties (Dierking, 1999).
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Figure 3.1. A simulation for the incidence angle of energy transmitted from a SAR sensor
(adapted from Jensen, 2000).

3.2.3. Polarization
Polarization is another essential property when examining a target's microwave energy

propagation and scattering. The polarization of an EM wave is defined by the orientations of the
electric field vectors (Figure 3.2.). The incident and scattered waves can be measured using the
same transmit and receive polarizations (called co-polarized, HH or VV), or they can be
measured using perpendicular polarizations (called cross-polarized, HV or VH) (Richards 2009).
Radar systems can have one, two or all four of these polarization combinations. Different types

of radar systems are indicated in Table 3.2.

Table3.2. Different types of radar system polarization (adopted from the NRC website)

Type of Radar system Polarization type

Single-polarized HH or VV, there is possible to include HV or VH
Dual-polarized HH and HV, VV and VH, or even HH and VV
Alternating polarization HH and HV, alternating with VV and VH
Quadrature-polarization/ Polarimetric | Includes all HH, VV, HV, and VH
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Figure 3.2. Polarization of incident EM energy where the same principal applies to returned
energy. Microwave energy is emitted and received with a vertical (V) or horizontal (H)
polarization (adapted from Jensen, 2000).

Many methods have been developed to discriminate between sea ice types and open water
using different polarizations. The discrimination depends on the polarization difference, which
refers to the difference in backscatter between, e.g., VV and HH, for the same surface feature.
Typically, vertical waves have a greater transmission into the snow-covered sea ice at smooth
interfaces relative to horizontal waves. Therefore, vertical waves have a greater opportunity to
backscatter from the snow and ice volumes and brine inclusions in vertically oriented FYI.
Although, when the brine volume in the snow cover is sufficiently large, the additional HH
backscattering from the brine-wetted snow volume is greater than the VV backscatter from the
sea ice volume. For example, new ice is better separated from young and first-year ice, or even
intensity separation relative to some ice types, like brash, broken, and sizeable young ice, is
largest at HH polarization (Dierking 2010a). As the snow-cover ages, the brine volume is
reduced because of brine drainage and (or), during cold periods, freezing of water in the brine.
Thus, brine volume is also reduced in low-salinity areas or where the snow cover is too thin to
hold much brine, and the VV backscatter increases to overcome HH backscatter (Fujisaki-

manome and Yamaguchi 2009).
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Dual- and single-polarization SAR are widely used in operational sea ice monitoring to
determine sea ice concentration and separate sea ice from open water (Moen et al., 2013).
However, the area of deformed ice, level ice, and new ice can be well separated at single-
polarization, while at cross-polarization, only deformed and level ice can be distinguished, and
other ice types like thin ice cannot be discriminated because of too high noise level (Dierking
2010a). The HV channel was discovered to offer the greatest contrast between level and distorted
FY1 in subsequent investigations (M. P. Makynen et al. 2002; Wolfgang Dierking and Dall 2008;
Gegiuc et al. 2018). However, the HV backscatter from level FY1 can be extremely close to the
SAR noise floor. As a measure of depolarization, the cross-polarization ratio, on the other hand,
functions as an estimate and is predicted to rise with increasing roughness (Gill and Yackel
2012; Gill, Yackel, and Geldsetzer 2013; M. A. N. Moen et al. 2013; Fors et al. 2016). In dual-
polarized SAR imagery with coincident VVV and HH data, the discrimination of sea ice types and
open water is based on both backscatter magnitudes and polarization differences (Nghiem and
Bertoia 2001). Both cross-polarization ratios (VH/VV or HV/HH) can estimate depolarization
(Oh, Sarabandi, and Ulaby 1992) related to sea ice surface roughness. As surface roughness is
expected to be a vital contributor to depolarization of the SAR signal, the ratio of HV/HH
increased with increasing surface roughness from snow-covered FYI (Moen et al. 2013; Brekke,
Grahn, and Doulgeris 2015; Fors et al. 2016).

Overall, the use of multi-polarization combinations and ratios (polarimetry) is capable of
distinguishing the surface roughness component of the scattering signature from the total
observed scattering; thus, more detailed information about sea ice type and sea ice surface
roughness could potentially be retrieved from high-resolution full-polarimetric SAR (M. Gupta

et al. 2012; Nakamura et al. 2005; Gupta et al., 2012). Although the use of full-polarimetric
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SAR is limited due to its small swath, the recent and future SAR missions that introduce compact
polarimetry and full polarimetric scenes with wider swath width could change this (Fors et al.
2016).

It is difficult to quantify, estimate, and parameterize the physical surface roughness of sea ice
using surface-based and remote sensing approaches, and it is also challenging to comprehend.
However, thanks to satellite data, comprehensive datasets in the CAA and the surrounding Arctic
environment may now be acquired. Therefore, the research presented in the next chapter uses
satellite and aerial data to analyze surface roughness in the CAA and to estimate sea ice

roughness using satellite data.
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CHAPTER 4: Assessing RADARSAT Constellation Mission based sea ice
surface topography retrievals using data from ICESat-2

4.1. Introduction
Sea ice topography is critical in climate modelling and marine navigation in Polar Regions. It

is necessary for climate modelling as a boundary layer because of its effects on surface wind
stress and determining aerodynamic roughness length (Lupkes et al. 2012). Ice dynamics
enhance topography and atmospheric boundary layer turbulence, affecting turbulent energy
transfer and boundary layer height (Déry and Taylor 1996). The aerodynamic roughness length is
reduced by the seasonal snow that tends to smooth the surface (Fassnacht, Williams, and Corrao
2009). The role of ice topography in ship navigation is related to relationships between different
sea ice types, surface topography, ice thickness, and the dynamic processes divergence and

convergence (Figure 2.1).

Sea ice surface roughness is a measurement of topography. It is created and increased by
ocean-ice-air interactions, ice convergence, snow distribution, and ice surface melt (Rothrock
and Thorndike 1980). The physical roughness of sea ice can be described by different horizontal
and vertical parameters (Fors et al. 2016), which depend on the measurement direction and
surface orientation (Hoffman and Krotkov 1989). The vertical measurement, considered
primarily in sea ice studies, can be measured by taking the surface root-mean-square (Srms)
height, mean elevation, skewness, or kurtosis of the elevation profiles (Fors et al. 2016). The
average variance of the surface topography around the mean is represented by the Srms height
(Saldern et al. 2005). The coefficient of variation, which is frequently used to refer to the ratio of
Srms height to mean elevation (e.g. Key and McLaren 1991; Goff et al. 1995), may be used to

determine how the ice is deforming. The history of deformation for ice with a significant
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coefficient of variation has consequently been more dynamic than that of ice with a modest
coefficient of variation (Goff et al. 1995). The skewness is a metric for a distribution's
asymmetry with respect to its mean, and the kurtosis quantifies how peaked or flat a distribution
is in relation to another (Sachs 1992). The Srms measurement is the most common method,
however, the skewness and kurtosis method are even more sensitive to inhomogeneities and
exhibit slightly lower correlations between SAR backscatter and laser altimeter measurement. In
the study of different sea ice roughness measurements and their correlations with SAR
backscatter during summer when melt ponds formed, the mean elevation measurement has
similar results with Srms and is more sensitive to heterogeneity, like sharp ridges, in the surface
roughness sections (Fors et al. 2016). Ice roughness information can be obtained and analyzed
through several remote sensing methods, including LiDAR, laser altimeter, photogrammetry, and
SAR interferometry (Kwok 2014; Farrell et al. 2020). Among these techniques, SAR data meets
all the requirements of operational planning because of its coverage independently of clear-sky
conditions and light (Ulaby, Moore, and Fung 1986; Haas, Liu, and Martin 1999).

The Advanced Topographic Laser Altimeter System (ATLS) on IS-2 enables measurements
of sea ice topography. The extraction of sea ice parameters from 1S-2/ATLS data, such as surface
roughness, ridge, leads and melt pond identification, and floe size distribution, is demonstrated
by Farrell et al. 2020. Sampling every 0.7 m in the direction of flight, and with vertical height
accuracy of 0.01 meters, 1S-2 has substantially improved resolution over previous satellite
altimeters, allowing researchers to quantify and determine the sea ice surface roughness and
height in the Arctic (Duncan and Farrell, 2022). The minimal range of resolved sea ice features
(average width of 7 meters) is one limitation of 1S-2 based topographic measurement compared

to wide-swath satellite imagery such as SAR (tens to hundreds of kilometres).
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Recent advancements in C-band (4-8 GHz; wavelength 3.75-7.5 cm) SAR technology have
increased data availability, for example, multiple along-orbit observations from the satellite
constellations like RCM and Sentinel-1, including data in multi-polarization, compact
polarimetric, and fully polarimetric formats. Utilizing polarimetric SAR has traditionally been
limited due to its small area coverage. However, recent (e.g., RCM) and future SAR missions
with compact and fully polarimetric capabilities over wider swath width will significantly
enhance our ability to differentiate ice types, and the sea ice topography (i.e., surface roughness)
component of the scattering signature from the total observed scattering (Nakamura et al. 2005;
M. Gupta et al. 2012). This capability has been reconsidered in the context of retrieving sea ice

topography regularly, at high spatial resolution (meter-scale), and over wide-swaths.

The frequent and all-season observation capabilities of RCM potentially allow for the
estimation and evaluation of seasonal and spatial changes in sea ice topography. This chapter
assesses RCM HH and HV polarization backscatter for the retrieval of surface roughness and, by
proxy, information about sea ice thickness, using input 1S-2 data for testing purposes. The

following research objectives are addressed:

1- Describe the relationship between sea ice elevation (h) and surface roughness (both IS-2
width of height, width of height distribution (¢) and Srms) as derived from IS-2 data.

2- Assess the inter-relationships between 1S-2 laser altimeter-derived surface topography
indicators (sea ice height and surface roughness) and RCM HH and HV backscatter
measurements.

3- Evaluate the role of seasonal (environmental) changes, and SAR system (incidence angle)
changes, in affecting the strength of 1S-2 derived properties and RCM backscatter inter-

relationships.
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The first objective is motivated by the need to understand rudimentary thickness and
roughness relationships for different study regions, here the CAA. The second and third
objectives provide a practical means for assessing the drivers of C-band backscatter during
winter and melt seasons and considering different incidence angles. A significant contribution
from this research will be a methodology for the development of SAR-based maps of sea ice

surface roughness over wider swaths, and potentially greater temporal frequency than IS-2.

4.2. Data and Methods

4.2.1. Study Area

This study collected data from two areas of landfast sea ice in the McClintock Channel in
2020 and 2021 [Figure 4.1]. This area is one of the biggest channels of the South-East part of the
CAA. The CAA is covered in ice during the winter, both seasonal first-year landfast ice and MYl
(Stewart et al. 2007). Since, the ice in this area is mainly seasonal landfast ice, the study of ice
properties is less complicated (Maxwell 1981). Landfast ice refers to the sea ice linked to the

coastline with a 100% ice concentration and moves very little or not at all (WMO 1970).

The McClintock channel has a mixture of FYI, deformed FYI, and MY that is landfast for
more than half the year until breaking up in late summer or early fall (Stewart et al. 2007; Haas
and Howell 2015; Segal et al. 2020). The seasonal ice is maintained until breakdown begins in
July, after which the waters refreeze in October (Melling 2002). There are no thin ice types by
the end of March (Barber and lacozza 2004). MY has endured at least one summer's melt,
whereas FY1 expands and deteriorates seasonally. FY1 is often no thicker than 2 m in the absence

of ridging, but MY can be approximately 3 to 4 m thick (Maykut and Untersteiner 1971).
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Figure 4.1. Left: Geographic map of study area, IS-2 data tracks, outlines of RCM image extents;
Right: Ice types according to Canadian Ice Service weekly ice type maps of mid-April 2020.

4.2.2. Data Collection

Primary data for this study were collected during the winter period (April) through the melt
season (June-July) in the years 2020 and 2021. Seven conventional dual polarized (HH and HV)
RCM scenes with either medium resolution 50-meter or low resolution 100-meter pixel spacing,
depending on acquisition mode, were acquired (Table 4.1.). Data from seven 1S-2 ATLO7 (sea
ice surface elevation) tracks coincident with the RCM scenes were collected to examine the
relationships of the height and roughness with the RCM backscatter (See Table 4.2.). Due to the
nature of landfast ice, the sea ice is not significantly impacted by wind-driven movement after

freeze-up and until break-up, hence the period under investigation (Melling 2002). The lack of
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ice movements decreases the possible errors caused by the time difference between collecting
data. As such, RCM and IS-2 data pairs from overpasses taken at different times can be analyzed
without considering the ice movement.

The air temperature in this case study was around -22°C to -27°C during late winter, -7°C to
-2°C during melt onset and 6°C to 10°C during the melt season. The air temperature was collected
from the nearest Environment Canada stations (Cambridge Bay and Gateshead Island) located in
the southwest and southeast portion of the study area from April 7th, 2020, to July 30th, 2021
(see Figure 4.2.).

Table 4.1. RCM image properties. The incidence angle is defined by the studied angle that
corresponds to the location of the coincident 1S-2 track passing within the RCM scene. See
section 4.3.1 below for a description of how each season was delineated.

Date

Time Incidence Mode Season
(yyyy/mm/dd) Angle (°)
2020/04/16 08:02 22-26 100m Resolution 500km Swath A | Late Winter
2020/04/22 20:05 43-44 100m Resolution, 500km Swath A | Late Winter
2020/05/16 13:30 41-42 50m Resolution 350km Swath B | Late Winter
2020/06/17 15:10 42-44 50m Resolution, 350km Swath B Melt
2020/07/16 16:29 22-24 100m Resolution 500km Swath A Melt
2021/04/07 14:38 28-30 100m Resolution 500km Swath A | Late Winter
2021/06/08 13:37 39-40 50m Resolution 350km Swath B Melt onset
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Figure 4.2. Plot of the progression of air temperature from January 1st, 2020, to July 30th, 2021,
using data from the Environment Canada stations at Cambridge Bay (blue) and Gateshead Island
(grey). Orange lines are the studied dates in 2020 (solid line) and 2021 (dashed line).

Table 4.2. Sea ice surface height (ATLO7) 1S-2 data tracks.

Date
(yyyy/mm/dd) Strong Reference Ground Track | Start Time | End Time
2020/04/16 Right 19:46 19:56
2020/04/22 Right 19:12 19:23
2020/05/16 Left 06:56 07:08
2020/06/17 Right 16:50 16:59
2020/07/16 Left 15:26 15:35
2021/04/07 Right 15:17 15:28
2021/06/08 Right 12:21 12:32
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4.2.2.1. ATLO7 IS-2 data

The sea ice elevation ATLAS (ATLO7) from 1S-2 data was collected from the National
Snow and Ice Data Center (Table 4.2.). ATLO7 is two-dimensional sea ice surface height
distribution data used to delineate areas of sea ice surface types of individual height segments
based on topography-related metrics like surface roughness. 1S-2, launched in September 2018,
can provide similar information about sea ice as airborne instrumentation, with notable
differences in sensor resolution, sampling, and data processing techniques (see Figure 4.3.). The
IS-2 platform was placed on a 91-day precise repeat orbit with a 92° inclination, enabling
mapping to 88° latitude in both the Northern and Southern Hemispheres (Kwok et al., 2019). The
central Reference Pair Tracks show with RPT, where follows the Reference Ground Track
(RGT). RGTs match the nadir tracks of the predicted 1,387 orbits and related spacecraft ground
tracks corresponding to each repeat cycle (Kwok et al., 2019). GTNXs are the ground tracks
generated by successive ATLS spots (green circles), where N is the number of beam pairs (1-3),
and X is the beam side left (L) or right (R) (see Figure 4.3.). Two beams are separated by about
90m in each pair, and each pair consists of a strong energy beam and a low energy beam.

ATLO7 contains profiles of sea surface/sea ice heights and surface type of individual height
segments along each of the six ground tracks (Kwok et al. 2019). To identify ice types, each
height segment in ATLO7 is assigned as a surface type (e.g., smooth, medium, and rough ice).
The primary usage of surface types with local height statistics is to determine the suitability of a
given height segment to use as a sea surface height sample in detecting leads and sail heights
(Kwok et al. 2019).

Individual ATLO7 height estimations are produced from height distributions derived from

150 geolocated photons from the ATLS Global Geolocated Photon Data package (Neumann et
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al. 2019). The ground distance travelled by the pulse footprints determines the variable along-
track length of a height segment (Ls) associated with a height estimate. Particularly the Ls is
equal to the multiplication of the number of pulses and interpulse distance, where this length
varies with surface reflectance. Note, approximately 0.7 meters separates each pulse. The 150-
photon aggregates were chosen to offer a 2 cm height precision over mainly flat surfaces. Strong
beam height segments (Ls) range from 10 to 200 m in length, whereas weak beam height
segments (Ls) range from 40 to 800 m. The segment length (rs = Ls+f) and the beam footprint

dimension (f ~ 17 m) must be combined to get the spatial resolution.
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Figure 4.3. Schematic of ATLS 6-beam pattern, from Smith et al. 2019. The beams are weak
(lighter colour) and strong (darker) for each side, where that side can be opposite in reverse
direction. The track pairs (GT1, GT2, and GT3) are always numbered from left to right with the
direction of travel; however, the beam numbers and beam strengths weak and strong), fixed to
the ATLS instrument, remain constant regardless of the system’s orientation.

All heights in ATLO7 are referenced to the WGS84 ellipsoid, but the ocean tides, solid earth
tides, load tides, solid earth pole tides, inverted barometer effect, and mean sea surface have been
subtracted (Kwok et al. 2019). The statistics mean height (h) and standard deviation (¢) of
heights are calculated as follows:

= _ InLihi _INLE(D? 5o
h=22 (3] 0 =S - W2 [4]
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The heights are weighted by the corresponding length of individual height segments (Ls), and
N is the number of segments (Kwok et al. 2019). Sea ice heights are only estimated when the
gridded Multi-sensor Analyzed Sea lIce Extent (MASIE) product derived local sea ice
concentration is >15% (Fetterer et al. 2010).

In this case study, two indicators of surface roughness have been analyzed: (1) the standard
deviation (o) of ATLO7 sea ice height segments, known as the width of height distribution, and
(2) the Srms derived from a collection of output GT height values within an image segment i.e.
object (see description below). The resulting dataset is of surface elevation and roughness
profiles (Farrell et al., 2020).
4.2.2.2.SAR imagery

RCM satellites have a ground swath of about 350km or 500km, depending on acquisition
mode, which enables comprehensive area monitoring of maritime approaches of Canada on a
daily basis and improved hazard monitoring (De Lisle and Iris 2018). At low resolution mode the
RCM data includes HH and HV channels that has 32 and 82 m range and azimuth resolutions
and is therefore resampled to square 100m by 100m pixels in the final image product (Dabboor,
Montpetit, and Howell 2018).

The SAR images were collected during winter 2020 and 2021 showed low to high incidence
angles. The two RCM images for melt-onset stage have a high incidence angle. Additional RCM
images with high and low incidence angles in 2021 were studied (See Table 4.1.).

4.2.3. Data Analysis

According to the flowchart in Figure 4.4., the 1S-2 dataset and RCM images were processed
to enable the inter-comparison of 1S-2 ATLO7 derived variables and SAR-based variables. To

summarize:
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i. RCM images were pre-processed to retrieve calibrated HH and HV polarization
backscatter, band math, and GLCM texture parameters;

ii. A winter RCM image from each year 2020 and 2021 was also segmented into image
objects representing homogeneous sea ice features;

iii. Image objects were labeled as ice type FYI or MYI and validated using Canadian Ice
Service stage of development (ice type) maps used for operational purposes (see Figure
4.5));

Iv.1S-2 ATLO7 datasets were used to quantify surface roughness and sea ice height; and

v. Image objects were reduced to widths corresponding to the I1S-2 swath and used to
combine the IS-2 and RCM derived data based on ice type, varying the object widths,

seasonal changes, and RCM incidence angles.

Texture Analysis
(GLCM)
RCM
SAR Images |- Pre-processing | _
Band math . MYI

s .| SAR Statistics
@ i =
Srms extraction

FYI
Elevation (/)
IS-2 data -
Roughness (6)

Figure 4.4. Flowchart for the RCM and 1S-2 data analysis



In order to maintain consistency, each SAR image was radiometrically calibrated to sigma-
nought, thermally noise-removed, and then a Lee speckle filter with a 7 x 7 window was used to
decrease image speckle and preserve the specific signal information (Lee 1986). The noise
estimate values from the annotation dataset for each RCM product were subtracted to remove
thermal noise. Bilinear resampling was used to transform the images into a Universal Transverse
Mercator (UTM)/WGS-84 projection, with 40 m pixel spacing. Outliers were eliminated to
maintain a consistent quantization to 64 grey levels for grey-level co-occurrence matrix (GLCM)
computations because texture parameters are affected by extreme values. Outlier HH values
more than 0.3 (5.2 dB) were truncated to 0.3, while all values less than 0.0001 (40 dB) were
truncated to 0.0001 (Scharien and Nasonova 2020).

A set of GLCM-based texture parameters were derived from each backscatter channel,
following the derivations provided by Scharien and Nasonova (2020). The parameters in each
GLCM grouping are correlated (Hall-Beyer 2017). As such, only one parameter from each of the
main GLCM groupings was selected, including Contrast (CON), Angular Second Moment

(ASM), and GLCM Correlation (GLC) (See Table 4.3.).

Table 4. 3. The GLCM statistics are based on co-occurrence texture. Where, Cij is the co-

occurrence probability between row and column grey levels i and j, and i, 4j, oi and o are
respectively means and standard deviations (adapted from Scharien and Nasonova 2020).

Parameter Derivation
CON XCij (i - P
ASM Y Ci°
GLC 3Gy |G = w6 = )/ @)

In total, the RCM dataset from each image, resulted in 12 bands:
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e Calibrated backscatter (2): HH and HV;

e Backscatter sums and differences (2): HH+HV, HH-HV;

e Backscatter ratio and multiple (2): HH/HV, HH*HV; and

e Band-wise GLCM texture parameters (6): HH con, HHawms, HHaLc; HV con, HVawms,

HVeLc.

These 12 bands were assessed in power format. In addition, the first six bands were

converted to dB to consider a more comprehensive analysis.

There is limited information available on the application of segment-based i.e., object-based
image analysis (OBIA) for optimizing the use of multi-polarization C-band SAR for detecting
sea ice topography. This project addressed this issue, by applying an OBIA framework to extract
RCM and 1S-2 statistics from spatially coincident RCM/IS-2 pairs. An OBIA enables the inter-
comparison of RCM derived backscatter and texture, and 1S-2 topography information, for

homogeneous image areas corresponding to discrete ice types.

In order to apply OBIA, the HH channel of each winter SAR image was thermally noise-
removed, radiometrically calibrated to sigma-nought, and then a median 3 x 3 speckle filter was
applied. Median filtering is a nonlinear technique that eliminates noise while maintaining edges
(Raju, Maul, and Bargiela 2015). In addition, it has been proven that median filtering is a
trustworthy technique for eliminating impulsive noise without impairing edge details (Pitas and
Venetsanopoulos, 1993). The Geomatica 2017 image-segmentation algorithm was used to
delineate homogenous regions based on statistical region-growing, with shape, colour, and scale
criteria optimized for delineating sea ice objects representing homogeneous ice classes. The

segmented objects were then manually labelled according to their dominant ice class, as
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appearing in the RCM images used to create the objects. Canadian Ice Services weekly ice charts

were also used to guide the segment labelling (See Figure 4.5.).

In order to compare 1S-2 data with the RCM backscatter, two buffer distances (20-meter and
40-meter) were applied over the along-track 1S-2. A shorter buffer distance typically results in
lesser discrepancies between 1S-2 and RCM. A smaller distance is not providing enough
overlapped satellite number of pixel to depict accurately the ice elevation and roughness change.
Therefore, in this study, a larger buffer distance was analyzed and results from that analysis are

shown from here-on.

Within the study region, 77726 objects were generated for the 2020 dataset and 8355 objects
for 2021 dataset. The object dataset was reduced to those spatially coincident to 1S-2 tracks. This
resulted in 2221 objects during both 2020 and 2021 winters, an average of 289 during melt onset,
and 519 objects during the melt season. These objects have an average area of 62.89 km? during

winters, 14.52 km? during melt onsets, and 14.93 km? during the melt season.

The object-wise mean h, o, and Srms Values were extracted. The minimum, maximum, mean,
range, and standard deviation of the backscatter statistics were computed from the intensity
values. As a result, the average RCM pixel counts sampled per image object was 75, ranging
from 25 to 107 pixels. The average 1S-2 data points were 146 per image object ranging from 49

to 169.
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Figure 4.5. Left: extracted segments from the HH channel on April 22", 2020. The segments are
labelled based on the ice type. Right: Canadian Ice Service ice chart related to the same week.

Bivariate relationships between RCM backscatter and GLCM parameters, and IS-2
parameters were assessed using Pearson's correlation coefficients (r). The strength of a linear
relationship between two variables are measured by r, which ranges from -1 to +1, and a p-value
is used to assess statistical significance. It must only be applied when the underlying assumptions
are met. In addition to r assessment, SAR backscatter was used as the independent variable in a
regression analysis using ordinary least squares (OLS), and h was used as the dependent variable.

A linear function was fitted to h and backscatter for the OLS.

This study and prospective relationships between RCM backscatter and sea ice topography
touch seasonal changes, radar incidence angle, polarization, and texture (GLCM). All the

relationships are assessed considering SAR images in power and dB formats and differentiating
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ice types. The GLCM results are not shown due to poor overall relationships between texture and

IS-2 derived parameters.

4.3. Results

Object-wise mean values of along-track, 1S-2 derived, surface parameters h, Sms, and o are
shown in Figures 4.6. - 4.8. The average h range is -0.4 m to 0.93 m, Srms is 0.015 m to 0.5 m,
and ¢ is 0.09 m to 0.46 m. As anticipated, MY has the highest h (0.93 m), and the smallest h (-
0.4 m) is detected in the melt season. FYI has a lower average Srms (~ 0.09m), while MY
showed the highest average Srms (~ 0.46 m). Due to Srms being calculated from h, their
distributions are similar as expected. Due to atmospheric forward scattering from clouds, there
are evidence for a negative elevation bias on melt season tracks. The degree of atmospheric
forward scattering, which expands the waveform and results in an incorrectly calculated
elevation, depends on clouds optical depth, height, vertical extent, and particle size depth, height,
vertical extent, and particle size of the clouds (National Snow and Ice Data Center 2009). The
negative bias also happens when the energy of collecting data is low laser transmitted energy or
the collected photons are low (Borsa, Fricker, and Brunt 2019). Due to the fact that the photon
distance measurements are not given in sequential along-track distance order, this might lead to
incorrect behaviour, including, in some circumstances, negative segment lengths (Petty and
Kwok 2020). Using Moderate Resolution Imaging Spectroradiometer (MODIS) images to check
the circumstances of the area during the 1S-2 data collection, the existence of clouds were

observed, as along with inconsistency for the 1S-2 along track data, during melt season.
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Figure 4.6. Along-track profiles of object-wise mean values of IS-derived surface parameters h,
o, Srms during winter 2020 and 2021. The red circle is showing a thicker MY area. The purple
circle is the FYI area between MY and Stefansson Island. The distance along track is ~284.7
km (April 16", 2020), ~157.3 km (April 22", 2020), ~59.61km (May 16™, 2020), and ~ 86.93km
(April 71", 2021).
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Figure 4.7. Along-track profiles of object-wise mean values of 1S-derived surface parameters h,
o, Srms during melt-onset 2020 and 2021. The red circle is showing a thicker MY area. The
distance along track is ~ 105.18km (June 8™, 2021).
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Figure 4.8.Along-track profiles of object-wise mean values of 1S-derived surface parameters 4, o,
Sms during melt season 2020. The distance along track is ~133.83km (June 17", 2020)
~101.17km (July 16", 2020).

The frequency distributions of along-track, IS-2 derived, surface parameters h, Srms, and o are
shown in Figures 4.9.- 4.10. In terms of seasonal changes, the distribution of MYI h shows a

normal distribution during winter and melt-onset period. The FYI h and MY h during melt
season show a bimodal distribution. The FYI o, Srms, and MY ¢ and Smms plots have positively

skewed distributions for the all seasons.
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Figure 4.9. Distributions of 1S-2 derived h [left], o [middle], and Sms [right] during winter. FY1
is shown in blue, and MY in Green.
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Figure 4.11. Distributions of IS-2 derived h [left], o [middle], and Sms [right] during melt season.
FY1 is shown in blue, and MY in Green.

Linear OLS models and relationships between 1S-2 derived h and o are seen in Figures 4.12-
4.13. The relationship between h and Sms showed a lower correlation than the relationship
between h and o. However, h and o are strongly positively correlated (p-value = 0.0). The
correlation between h and ¢ during winter (r ~ 0.7 to ~ 0.8) is higher than melt onset and melt
season (r ~0.4 to ~0.6). This supports the hypothesis that dynamic deformation mechanisms
(e.q., ridging) regulate the development of mean late-winter thickness, especially in FY, because
level ice is subject to the same growing conditions throughout the winter and has a nearly
constant thickness as a result (Peterson, Prinsenberg, and Holladay 2008). FYI during winter
showed a higher R? with an average of 0.69 for the three winter cases.The highest FYI R? is

observed during late April (~0.75). Note, the R? during melt-onset and melt period is not

46



showing consistant results due to the highly variable surface conditions (e.g., melt ponds and wet

snow).
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Figure 4.12. Linear OLS model and relationships between 1S-2 derived o (y) and h (x) for all
dates. MY is shown in blue, and FY1 in orange.

4.3.1. Advanced Scatterometer on MetOp-A (AScat) backscatter time series

The seasonal evolution of Advanced Scatterometer (AScat) backscatter in VV polarization
over the study area has been analyzed to situate the data in a seasonal context (i.e., winter, melt
onset, and melt) (see Figure 4.13.). The AScat has a 5.25 GHz frequency, 4.45 km resolution,
and an incidence angle is 40°. FY1 and MY ice-type difference is evident during winter, where
MY has higher backscatter than FYI. However, the separability of MY1 and FY1 is challenging

during melt onset, when FYI and MY backscatter first converges, and melt season, typically
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starting in early June, when the there is variability in backscatter denoting the transition from

melt onset to melt season.
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Figure 4.13. ASCAT backscatter time series over McClintock Channel from 1 April to 31 July in
2020 and 2021. Dashed boxes showing the studied dates.

4.3.2. RCM and IS-2 relationships during winter

The strongest correlation coefficients between I1S-2 parameters (h, o and Srms) and examined
RCM parameters for winter are given in Table 4.4, and the corresponding RCM bands are in
Table 4.5. The correlation between h and backscatter is predominantly stronger than it is for the

roughness related parameters and backscatter. In addition, the correlation between backscatter

and o is stronger than the correlation between backscatter and Srms.

In this study, three ranges of low, moderate, and high incidence angles during winter have
been assessed. The range of low incidence angle range is 20° to 26°, the moderate range is
between 28° to 42°, and the high incidence angle is 43° to 50°. The effect of the incidence angle
on the relationships in Tables 4.4 and 4.5 is apparent. Regarding backscatter coefficients, all
incidence angle ranges (low, moderate, and high) show strong correlations between h and
backscatter, with a stronger relationship observed for FY I compared to MY at the low incidence

angle range. At the high incidence angle range, the backscatter and h is more strongly correlated
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for MY1 than FYI. In terms of the relationships between backscatter and surface roughness at
different incidence angles, the parameter o at moderate incidence angle shows the strongest

correlation compared to h, for FYI.

In terms of strongest correlated RCM bands, the HH+HV, HH, and HV are the most common
bands that show potential suitability for winter sea ice topography retrieval. Figure 4.14. shows
the linear relationships between these bands and h for both MYI and FY1 during winter 2020.
From the April 16" comparison, 55% of the variation in FY1 h can be explained by HH+HV and
HH, whereas it is 26% of the variation in h explained by HV. Regarding MY, 43% of variation
in h is explained by HH+HV and HH, and 28% with HV polarization. From the April 22"
comparison, 26% of the variation in FY1 h can be explained by HH, or 25% by HH+HV, or 19%
by HV. Regarding MY, 55% of variation in h is explained by HH+HV and HH, 50% by HV.
Table 4.4. r between 1S-2 h, o, and Srms, and RCM backscatter coefficients in dB and power

format during winter. Correlations are presented according to MYl and FYI samples.
Correlations more significant than 0.6 are bolded.

dB Power
h ‘ o ‘ Srms h ‘ o ‘ Srms | Objects number

22°-24° April 16", 2020

FYI 0.732 0.568 | 0.593 0.743 | 0.582 | 0.600 221

MY 0.636 0.463 0.295 0.612 0.440 | 0.277 525
43°-44° April 22", 2020

FYI 0.543 0.432 | 0.230 0.506 0.374 | 0.523 115

MY 0.712 0.536 | 0.327 0.744 | 0.530 | 0.403 283
41°-42° May 16", 2020

FYI 0.714 0.438 | 0.481 0.749 0.375 | 0.393 77

MY 0.197 0.109 | -0.111 0.173 0.073 | -0.148 168
28°-30° April 71 2021

FYI 0.566 0.668 | 0.548 0.597 |0.693 | 0.520 62

MY 0.721 0.132 | 0.182 0.710 | 0.086 | 0.170 128
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Table 4.5. Highest correlated bands with 1S-2 derived h, o, and Srms.

dB Power
h o Srms h o Srms
22°-24° April 161, 2020
FYI HH HH+HV | HH+HV HH HH+HV | HH+HV
MY HH+HV HH HH HH+HV HH HH
43°-44° April 22" 2020
FYI HH+HV HH HH HH HH HH
MY HH+HV HV HV HH+HV HV HV
41°-42° May 161, 2020
FYI HH-HV | HH*HV | HH+HV | HH-HV HH HH+HV
MY HH-HV | HH-HV HH HH-HV | HH-HV HH
28°-30° April 71, 2021
FYI HH+HV | HH+HV | HH+HV | HH+HV | HH+HV | HH+HV
MY HV HV HV HV HV HV
April 16t 2020 April 22142020
= 0-23 MYTR?=0.4329 b MYIR?=0.5448
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Figure 4.14. Linear OLS models of the highest correlated backscatter bands and h, for winter
RCM scenes.
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4.3.3. RCM and IS-2 relationships during melt onset

RCM parameters for melt onset are given in Table 4.6, and the corresponding RCM bands are in
Table 4.7. Similar to the winter correlation results, correlation between h and backscatter is
consistently stronger than it is for the roughness parameters and backscatter. The highest
correlation is for MY1 h and HH+HV (r ~ 0.69), which is pretty similar in terms of correlation

strength to winter results. The HH and HH+HV bands show the most potential for surface

topography retrieval during melt onset.

Table 4.6. r between IS-2 h, o, and Smms, and backscatter parameters in dB and power format
during melt-onset. Correlations are presented according to MY and FYI samples. Correlations

more significant than 0.6 are bolded.

The strongest correlation coefficients between 1S-2 parameters (h, o and Srms) and examined

dB Power
‘ o ‘ Srms h ‘ o ‘ Srms Objects number
39°-40° June 8™, 2021
FYI 0.644 0.548 | 0.627 0.637 0.456 | 0.557 62
MY 0.693 0.163 | 0.142 0.694 0.063 | 0.141 227
Table 4.7. Highest correlated RCM bands with ice h, ¢, and Srms.
dB Power
h o Srms h o Srms
39°-40° June 8™, 2021
FYI HH+HV HH HH HH HH-HV HH
MY HH+HV HV HV HH+HV HV HV

4.3.4. RCM and IS-2 relationships during melt season

RCM parameters for the melt season appear in Table 4.8. Due to low correlation, corresponding
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RCM bands are not shown, as they were for winter and melt onset. Regarding the ASCAT
analysis (section 4.3.1), the separability of FY1 and MY near the June 17" acquisition is smaller
than it is during the July 16" acquisition. As anticipated, there are no notable correlations
associated with the June 17" acquisition, which occurred after surface flooding, i.e., formation of
surface melt ponds from melting snow and ice. Therefore, finding the most correlated bands for
June 17" is not possible. In the case of July 16", there are notably stronger correlations between
h and RCM backscatter for FYI than for MYI. During this period, surface melt ponds have

typically drained from permeable FY| whereas they can remain on MY/l.

Table 4.8. r between 1S-2 h, o, and Srms, and RCM backscatter coefficients in dB and power
format during melt season. Correlations are presented according to MY and FY| samples.

dB Power
h ‘ 4 ‘ Srms h ‘ o ‘ Srms | Objects number

42°-44° June 17, 2020

FYI -0.327 | 0.269 | 0.063 -0.352 0.266 | 0.084 140

MY -0.083 0.199 | -0.085 -0.069 0.215 | -0.046 147
33°-35° July 16, 2020

FYI 0.497 0.325 | 0.250 0.512 0.352 | 0.245 101

MYI 0.021 0.126 | 0.245 0.005 0.106 | 0.250 107

4.4. Discussion

The results in Section 4.3 revealed two recurring behaviours. First, the 1S-2 and RCM
comparisons made during melt-onset and melt were consistently poorer, in terms of correlations,
than those made during the winter. Second, taking into account the correlations between 1S-2 and
RCM during winter, incidence angle plays a significant role. This section discusses the
variability of the links between sea ice properties and RCM parameters and the impact of the

incidence angle on sea ice elevation readings.
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4.4.1. 1S-2 properties and their inter-relationships

Generally, the results of this study demonstrate that 1S-2 ATLO7 can be a reliable tool to
measure sea ice elevation and roughness during winter, whereas it does not appear to give
realistic elevation and, likely, derived roughness information, during the melt period. Two issues
lead to uncertain absolute elevation values for this region. First, there are few open water areas
from which to reference sea level and, second, snow may be penetrated by the ICESat-2 green
laser's (532 nm) wavelength (Harding et al. 2015), resulting in an inaccurate total freeboard

measurement (Yang 2020).

Sea ice elevation can be an indicator of LKFs, specifically ridges, based on a threshold.
Based on Petty and colleagues (2016), there are two thresholds for ridge sails, 0.2 m (small sails)
and 0.8 m (large sails). However, sail heights are markedly higher (~1.5-1.7 m) over CAA (A.
A. Petty et al. 2016), so that the threshold of 0.8m applies to data in this study. The features over
0.8 m showed the edge of FYI and MY area (Figure 4.6. and Figure 4.7.).

The sea ice surface roughness in this study was measured using two methods, o and Srms. The
Srms IS commonly used in order to measure sea ice roughness quantitively. Comparing these
methods, their relationships with the IS-2 derived h showed slight differences. However, the
correlation between h and ¢ was stronger than h and Srms. Therefore, using ¢ is potentially more
reliable for training RCM data (e.g., model development) since it has a stronger correlation with
h and is included in the ATLO7 product. However, there were some areas that do not cover the o
of the ice, which encourages researchers to use the Srms method and remove the errors. Thus,

using both methods can give more reliable results (see Table 4.9.).
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Table 4.9. The inter-relationships between 1S-2 h, ¢, and Srms over FY1 and MY during winter.

FYI MY
h&O' h&Srms O'&Srms h&O' h&Srms O'&Srms

April 16", 2020

Correlation 0.83 0.78 0.80 0.68 0.62 0.65

R? 60% 61% 65% 47% 38% 43%
April 22", 2020

Correlation 0.86 0.71 0.65 0.76 0.68 0.56

R? 75% 51% 43% 58% 47% 31%
April 7, 2021

Correlation 0.78 0.77 0.77 0.47 0.48 0.78

R? 62% 60% 60% 23% 24% 61%

4.4.2. 1S-2 properties and their relationships with RCM backscatter

RCM backscatter showed a stronger correlation with 1S-2 ATLO7 parameters during winter
compared to melt onset and melt seasons (Table 4.4., Table 4.6., and Table 4.8.). The highest
elevation shown in the along-track profiles of object-wise mean values of surface parameters
(with an average elevation of 0.93 m) was related to the highest backscatter coefficients in that
area. In contrast, the lowest elevation during winter is related to the FYI close to the edge of

MY or the FYI area between MY and land.

Using RCM backscatter data in dB format, as anticipated, resulted in stronger correlation
coefficients compared to power format. In this study, from C-band, RCM SAR images acquired
during the winter season, HH, HV, and HH+HV backscatter are typically the most promising for
estimating sea ice surface roughness and elevation (See Figures 4.14 and 4.15.). The relationship
between elevation and backscatter are typically stronger than between roughness parameters and
backscatter. Among these bands, HH+HV showed a higher potential for the estimation of FYI

roughness. With a moderate incidence angle, HH+HV becomes more strongly correlated for FY1
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roughness. The GLCM derived texture values were not explicitly addressed in this study due to

weak overall relationships with 1S-2 data.

Regarding incidence angle, HH and HH+HV from FY1, assessed from RCM data taken at
low incidence angle, have stronger correlations with h compared to MYI. Whereas MY h has
stronger relationships with backscatter bands HH and HH+HV at high incidence angle,

compared to FYI.

Regarding h and o relationships (Figure 4.12.) and the relationships between highest
backscatter and ice elevation (Figure 4.14.), HH+HV can best represent FYI using RCM image
with low incidence angle during winter. HH+HYV can represent MY using high incidence angle

during winter.

Figure 4.15.April 16th,2020, is an example to show the highest correlated bands with h and o.
All bands are shown in a decibel format. The RGB image is the combination of three bands.
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Chapter Five: Thesis Summary and Future Recommendations

This thesis presents quantitative links between sea ice elevation and surface roughness, and
C-band frequency SAR backscatter of FYI and MY in the Canadian Arctic Archipelago in 2020
and 2021. This was achieved by using an object-based image analysis to link 1S-2 laser altimeter
derived sea ice elevation and surface roughness measurements, and spatially coincident RCM
images providing backscatter. The results provided here provide a first-look at the potential for
using C-band backscatter over wide swaths for ice surface elevation estimates during the winter
period, based on comparisons to elevation data from IS-2 ATLO7.

According to the correlation results, the following methods should be used to map the
elevation of sea ice during the winter: (1) HH-polarization backscatter (r ~ 0.74) and a low
incidence angle (FYI only), and (2) HH+HV polarization (r ~ 0.64) and low incidence angle
(MY only); (3) HH+HV polarization (r ~ 0.74) and high incidence angle (MY only); and (4)
HH-HV polarization (FYI) or HV (MYI) (r ~ 0.75 and 0.72, respectively) and moderate
incidence angle. Therefore, HH+HV polarization is suggested here as the best representative
band for FYI investigations employing RCM images with low incidence angle during winter,
according to h and o relationships (Figure 4.12.) and the correlations between backscatter and h
(Figure 4.14.).

A natural surface roughness can be measured, but it is still difficult because point density and
extent must be balanced. When surface roughness plays a key role in determining how strong sea
ice is, the multiscale aspect of the elevation profile of the sea ice assumes increasing
significance. Additionally, it demonstrates the thermodynamic responses of sea ice to stimuli,
particularly in marginal, coastal, and seasonally ice-covered seas. The equipment and sensor

limitations in this study and others could have an effect on the findings. This study is only
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concerned with quantifying the relationships between RCM backscatter and 1S-2 data over a
landfast ice across three seasons in two years.

It is recommended to continue this research with a more in-depth study on the relationships
between surface roughness and SAR backscatter during winter, as well as more studies on the
relationship between 1S-2 properties and RCM backscatter during melt-onset and melt seasons.
In future studies considering less time difference between data collection is essential.

Specifically, over the dynamic area, the time difference should be less than an hour.
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