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Abstract

Arctic sea ice is rapidly declining in extent, thickness, volume and age, with the majority
of the decline in extent observed at the end of the melt season. Advanced melt is a
thermodynamic regime and is characterized by the formation of melt ponds on the sea ice
surface, which have a lower surface albedo (0.2-0.4) than the surrounding ice (0.5-0.7) allowing
more shortwave radiation to enter the system. The loss of multiyear ice (MY1) may have a
profound impact on the energy balance of the system because melt ponds on first-year ice (FY1)
comprise up to 70% of the ice surface during advanced melt, compared to 40% on MY . Despite
the importance of advanced melt to the ocean-sea ice-atmosphere system, advanced melt and the
extent to which winter conditions influence it remain poorly understood due to the highly
dynamic nature of melt pond formation and evolution, and a lack of reliable observations during
this time. In order to establish quantitative links between winter and subsequent advanced melt
conditions, and assess the effects of scale and choice of aggregation features on the relationships,
three data aggregation approaches at varied spatial scales were used to compare high resolution
satellite GeoEye-1 optical images of melt pond covered sea ice to winter airborne laser scanner
surface roughness and electromagnetic induction sea ice thickness measurements. The findings
indicate that winter sea ice thickness has a strong association with melt pond fraction (f,) for FY1
and MY . FYI winter surface roughness is correlated with f,, whereas for MY no association
with f, was found. Satellite-borne synthetic aperture radar (SAR) data are heavily relied upon for
sea ice observation; however, during advanced melt the reliability of observations is reduced. In
preparation for the upcoming launch of the RADARSAT Constellation Mission (RCM), the
Kolmogorov-Smirnov (KS) statistical test was used to assess the ability of simulated RCM
parameters and grey level co-occurrence matrix (GLCM) derived texture features to discriminate
between major ice types during winter and advanced melt, with a focus on advanced melt. RCM
parameters with highest discrimination ability in conjunction with optimal GLCM texture
features were used as input parameters for Support Vector Machine (SVM) supervised
classifications. The results indicate that steep incidence angle RCM parameters show promise for
distinguishing between FY1 and MY during advanced melt with an overall classification
accuracy of 77.06%. The addition of GLCM texture parameters improved accuracy to 85.91%.
This thesis provides valuable contributions to the growing body of literature on f,

parameterization and SAR ice type discrimination during advanced melt.
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Chapter 1 Introduction

1.1 Research Context

The Arctic sea ice system, in the winter period preceding melt, is generally composed of
a combination of seasonal, or first-year ice (FY1) which melts every summer, and multiyear ice
(MY1) which survives one or more melt seasons. It has been well established that the Arctic sea
ice cover has been decreasing in extent, thickness and volume in recent decades [1-3]. These
changes have been accompanied by longer melt seasons and a transition from a mainly MY
pack to a thinner FY| dominated system [4]. Sea ice decline has been attributed to increasing
regional [5] and global air temperatures [6], increasing sea ice export from the central Arctic
during the positive phase of the Arctic Dipole anomaly [7], increased wind speeds in the central
Arctic, and the transition to a weaker FY| dominated ice cover which contributes to increased sea
ice drift speeds [8], increased summer ocean temperatures [9], and increased solar heating due to
regional decreases in albedo [10]. A positive feedback mechanism linked to melt pond coverage

during the melt season has been proposed [11].

During the advanced melt period, the sea ice cover is dominated by melt ponds which
have a lower albedo (0.2 — 0.4) than the surrounding ice (0.5 — 0.7) [12]. With the transition to a
smoother FY ice cover, melt pond extent is expected to increase leading to higher energy
absorption and accelerated sea ice decay [11]. Arctic sea ice is a unique ecosystem which hosts a
variety of organisms, from primary producers, to sea birds and polar bears, with the effects of sea
ice decline felt at every trophic level. Observed decrease in ice thickness in conjunction with
increased melt pond coverage have been linked to enhanced light transmittance and primary
productivity [13]. Seabird species such as ivory gulls (Pagophilla eburnean) and spectacled
eiders (Somateria fischeri) have experienced dramatic declines associated with decreasing
seasonal ice cover, with ivory gull populations declining by as much as 80% [14]. Deteriorating
sea ice conditions are causing polar bears (Ursus maritimus) to spend more time on land, shift

denning northward and engage in more long-distance swimming which puts cubs at risk [15].

In recent decades, advancements in remote sensing technologies have allowed for large

influxes of data, informing better understanding of key geophysical sea ice properties. The



passive microwave record which extends back to 1979 shows a consistent and accelerating
decline in Arctic sea ice extent. Passive microwave sensors are also used to estimate sea ice age
distributions by taking advantage of the salinity differences between FY1 and MY, or by
utilizing motion tracking algorithms [8]. Historically, sea ice thickness measurements have been
obtained using upward looking sonar (ULS) aboard submarines or drifting buoys [4]. These
observations are valuable but are spatially and temporally sparse. NASA’s Operation IceBridge
is an airborne laser altimeter mission which provides tracks of sea ice thickness measurements.
Sea thickness measurements are needed at larger spatial scales, thus satellite based estimates are
an active area of research. ICESat satellite laser altimeter thickness data is available from 2003-
2008. The satellite was decommissioned in August, 2010 with a follow-up ICESat-2 mission
scheduled for launch in 2018. Aboard CryoSat-2 is a Ku-band radar altimeter which measures
ice freeboard to infer thickness. Although the Ku-band radar altimeter aboard CryoSAT-2 is a
state of the art sensor, uncertainties associated with radar penetration, salinity, assumed sea ice
density, variations in sea surface roughness and snow loading remain [2,16,17]. Furthermore, sea
ice thickness measurements are not obtained during the melt season due to the presence of melt
ponds [18]. The Copernicus observation programme lead by the European Space Agency (ESA)
is currently providing an unprecedented amount of freely available Earth Observation (EO) data.
Upon completion, “the Sentinels” will be composed of six missions aimed at providing data for
land management, the marine environment, atmosphere, emergency response, security and
climate change. Currently, Sentinel-1A and -1B, Sentinel-2A and -2B, as well Sentinel-3A are
operational and provide open access data. The Sentinel-1 satellites are equipped with C-band
synthetic aperture radar (SAR), whereas aboard the Sentinel-2 satellites are multispectral imagers
(MSI) covering 13 spectral bands with a swath width of 290 km and a high spatial of resolution
of 10 m. The two Sentinel-3 satellites will carry Ocean and Land Colour Instruments (OLCI), as
well as Sea and Land Surface Temperature Radiometers (SLSTR), a Ku- and C-band SAR

altimeters and a microwave radiometer.

SAR has been recognized as an invaluable tool for sea ice monitoring due to its all-
weather capability, global coverage and near daily acquisition ability over a study area [19]. SAR
IS an active microwave sensing system which transmits and receives combinations of

horizontally and vertically polarized microwave energy at varied frequencies. Microwave



energy, like other forms of electromagnetic (EM) radiation, consists of orthogonally oriented
electric and magnetic fields. Polarization of an EM wave refers to the orientation of the electric
field. If the electric field is oriented perpendicular to the Earth’s surface, then the EM wave is
vertically (V) polarized. Whereas, if the electric field is oriented parallel to the Earth’s surface
the EM wave is said to be horizontally (H) polarized [20]. A single polarization SAR transmits
and receives in the same polarizations, giving HH or VV imagery. Whereas, dual polarization
systems transmit in a given polarization and receive in both horizontal and vertical orientations
(HH and HV or VV and VH). Fully polarimetric SAR can transmit and receive in all four
polarization combinations (HH, VV, HV, VH). The most commonly used frequencies and
wavelengths for sea ice observation are L-band (1 — 2 GHz, 15 — 30 cm), C-band (4 — 8 GHz,
3.75—-7.5cm), X-band (8 — 12 GHz, 2.4 — 3.75 cm) and Ku-band (12.5-18 GHz, 1.7 — 2.4 cm)
[19]. While most SAR systems transmit and receive in linear orientations, it is possible to
transmit and receive in circular orientations. Compact polarimetric (CP) SAR transmits a
circularly polarized wave and receives in vertical and horizontal orientations [21]. Compact
polarimetry is of particular interest for EO applications because it can provide comparable
polarimetric capabilities of fully polarimetric SAR over large areas. In general, SAR data can be
effectively used in conjunction with other remote sensing or in situ datasets to investigate

geophysical properties of the sea ice cover.

C-band SAR typically has a wavelength of 5.6 cm, which allows the incident energy to
interact with both the surface and the volume, with penetration depth highly dependent on the
moisture content and salinity of the ice [22]. During dry, winter conditions, the snow cover is
transparent to the microwave signal and the dominant scattering mechanisms are surface, volume
and double bounce [23]. Surface scattering occurs due to the interaction of the incident
microwave energy with the ice surface and depends on the micro-and macro-scale surface
roughness of the material. Micro-scale roughness variations of less than the radar wavelength are
considered principle drivers for SAR backscatter [24]. However, macro-scale roughness
associated with deformation features and tilted ice blocks also strongly impacts backscatter [25].
Typically, smooth FY is dominated by specular reflection, where the majority of incident
energy scatters away from the sensor. As surface roughness increases, for example for deformed

FY1 or MY], scattering will occur in all directions, including towards the sensor [22]. As a result,



smooth FYI appears dark in SAR imagery, whereas FY | deformation features such as ridges, as
well as MY | appear bright. MY is also dominated by volume scattering due to the presence of
air bubbles within the desalinated upper layers [26]. MYl undergoes desalination processes
during melt, where the brine that was present in the ice matrix becomes expelled onto the ice
surface and into the ocean below through vertical drainage channels. One of important features
of volume scattering is depolarization. Depolarization is the process of shifting the polarization
orientation of the incident EM wave. Volume scattering is minimal in FY due to its high salinity
which reduces the penetration depth. FY salinities range between 5 and 8 parts per thousand
(ppt), whereas 0.1 to 3 ppt are typical salinities for MY at 1 to 2 m depths [27]. Finally, double
bounce scattering occurs when a corner like surface is present on the ice surface. A strong
backscatter intensity will be observed if the corner is facing the SAR sensor, and no response
will be observed if it facing away from the radar. Double bounce scattering is not as common in
sea ice as in urban landscapes which are dominated by buildings, or forests where the base of
tree trunks can act as corner reflectors [22]. Generally, dominant C-band SAR scattering
mechanism during winter are relatively well understood compared to the melt season where

dominant scattering mechanisms remain an active area of research.

1.2 Research Objectives

The goal of this thesis is to test the following hypotheses: (1) Melt pond fraction can be
predicted from winter sea ice thickness and surface roughness, (2) Compact polarimetric SAR
enables discrimination of major sea ice types during advanced melting conditions. This thesis
contributes to the growing body of literature on melt pond fraction parameterization in sea ice

forecast models and, the use of RCM parameters for sea ice observation during advanced melt.

1.3 Thesis Structure

This thesis is organized into two individual papers that address the research hypotheses.
The first paper (Chapter 2) titled “Linking Regional Winter Sea Ice Thickness and Surface
Roughness to Spring Melt Pond Fraction on Landfast Arctic Sea Ice” addresses the first
hypothesis by establishing quantitative relationships between spring melt pond fraction and
winter sea ice thickness and surface roughness using GeoEye-1 high resolution optical imagery

and electromagnetic sounding measurements of sea ice thickness, and laser scanner estimates of



surface roughness. The manuscript was published on December 26, 2017 in the academic journal
of Remote Sensing. Chapter 3 corresponds to the second paper, “Optimal Compact Polarimetric
Parameters and Texture Features for Discriminating Major Sea Ice Types during the Winter and
Advanced Melt”. The manuscript addresses the second hypothesis by assessing the utility of
simulated RCM parameters for major ice type discrimination during the melt season. The second
paper has been formatted for publication in the academic journal Canadian Journal of Remote
Sensing. Chapter 4 provides a summary of research findings, recommendations for future work

and co-author acknowledgments.
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Chapter 2 Linking Regional Winter Sea Ice Thickness and Surface
Roughness to Spring Melt Pond Fraction on Landfast Arctic Sea Ice

2.1 Abstract

The Arctic sea ice cover has decreased strongly in extent, thickness, volume and age in recent
decades. The melt season presents a significant challenge for sea ice forecasting due to
uncertainty associated with the role of surface melt ponds in ice decay at regional scales. This
study quantifies the relationships of spring melt pond fraction (f,) with both winter sea ice
roughness and thickness, for landfast first-year sea ice (FY1) and multiyear sea ice (MY1). In
2015, airborne measurements of winter sea ice thickness and roughness, as well as high-
resolution optical data of melt pond covered sea ice, were collected along two ~5.2 km long
profiles over FYI- and MY I-dominated regions in the Canadian Arctic. Statistics of winter sea
ice thickness and roughness were compared to spring f, using three data aggregation approaches,
termed object and hybrid-object (based on image segments), and regularly spaced grid-cells. The
hybrid-based aggregation approach showed strongest associations because it considers the
morphology of the ice as well as footprints of the sensors used to measure winter sea ice
thickness and roughness. Using the hybrid-based data aggregation approach it was found that
winter sea ice thickness and roughness are related to spring fp. A stronger negative correlation
was observed between FY | thickness and f, (Spearman rs = —0.85) compared to FY roughness
and f, (rs = —0.52). The association between MY thickness and f, was also negative (rs = —0.56),
whereas there was no association between MY'| roughness and f,. 47% of spring f, variation for
FY1and MY can be explained by mean thickness. Thin sea ice is characterized by low surface
roughness allowing for widespread ponding in the spring (high fp) whereas thick sea ice has
undergone dynamic thickening and roughening with topographic features constraining melt
water into deeper channels (low fp). This work provides an important contribution towards the
parameterizations of fp in seasonal and long-term prediction models by quantifying linkages

between winter sea ice thickness and roughness, and spring fp.

Keywords: Arctic; sea ice thickness; roughness; melt pond fraction; object-based image analysis
(OBIA)
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2.2 Introduction

Due to its sensitivity to fluctuations in climate, Arctic sea ice is often pointed to as a clear
indicator of climate change. It has been well established that in recent decades the Arctic sea ice
cover has been decreasing in extent, thickness and volume [1,2]. These changes are accompanied
by a longer melt season and a transition from a mainly multiyear ice (MY1) regime to a first-year
ice (FYI)-dominated system [3]. Currently, climate models are capturing the observed sea ice
decline; however large model uncertainties associated with underrepresentation of internal
variability and key physical processes remain [4]. Improved characterization of physical
processes in forecast models will advance our understanding of how the sea ice cover is likely to
evolve in the future. Key aspects of sea ice decay that are poorly represented in climate models
are melt pond formation and evolution. Melt ponds are shallow, meter-scale features that form on
sea ice during the spring/summer melting periods, decreasing the surface albedo and enhancing
mass and energy exchanges between the atmosphere, sea ice cover and ocean [5]. The current
understanding of melt evolution is based primarily on detailed in situ observations, and macro-
scale satellite-based studies necessary to initialize the models are hindered by pervasive cloud

cover during the spring and summer months.

It is important to understand and predict melt pond evolution at the macro-scale, because
the shift in ice type at the pan-Arctic scale from MY I- to FYI-dominated has potentially
profound consequences on the climate system, particularly from an energy balance perspective
[6]. The much lower surface albedo of melt ponds (0.2-0.4) compared to the surrounding ice
(0.5-0.7) increases energy transfer to the upper ocean layers [6,7]. Melt ponds on FY transmit
four times more incident light than snow free ice, which allows for and encourages large under-
ice phytoplankton blooms [8]. Melt ponds have also been shown to enhance the delivery of
legacy organochorine pesticides (OCPs) and current-use pesticides (CUPS) into the upper ocean
layers [9]. This process is strongly favored for FY, because it exhibits large expanses of melt
ponds (larger surface area for “atmospheric scrubbing”) and higher brine concentrations, which
allows for larger and more numerous drainage channels. Finally, spring f, has been linked with
subsequent September minimum sea ice extent suggesting a possible positive feedback
mechanism where lower melt pond surface albedo promotes increased melting, thus further

increasing melt pond fraction and enhancing energy absorption into the sea ice cover [10].



11

Melt pond formation and evolution vary considerably between FYI and MYl, with fine-
scale observations pointing to MYl areal melt pond fraction (fp) being dominated by surface
roughness, whereas ponding is relatively unconstrained on FYI, and fp is higher [11]. FY1 and
MY f, evolution can be broken down into 4 stages: (1) topographic control; (2) hydrostatic
balance; (3) ice freeboard control; and (4) fall freeze-up or ice break-up [12]. Stage 1 begins with
snow melt and melt pond formation and is characterized by positive hydraulic head and a rapid
increase in f, that concludes with a seasonal peak in fp. The undulating topography of MY
restricts melt pond expansion and constrains melt water into deeper and narrower channels
leading to peak f, of approximately 0.4 compared to FYI, which can reach an f, of greater than
0.7 [13]. During Stage 2, variations in f, for both FYI and MY are dominated by diurnal cycles
in hydrostatic balance between melt water production and drainage. Melt ponds form
interconnected networks that enhance lateral melt water flow to macroscopic flaws such as ice
floe edges, cracks and seal holes (the latter in FY1 only) [13]. Through preferential melting, melt
ponds continue to deepen, lateral flow decreases, vertical channels begin to dominate drainage
and a hydraulic head of zero marks the end of Stage 2. During Stage 3, the ice continues to thin
and freeboard decreases. Finally, Stage 4 marks the complete melt out or break-up of FYI and
beginning of the open water season. The ice that remains through Stage 4 until subsequent fall

freeze-up becomes MY [8].

A lack of observations over large spatial and temporal scales, as well as the uncertainty in
available observations, are major challenges for understanding key sea ice properties such as ice
thickness, roughness, as well as f, and their macro-scale relationships. f, observations are mainly
obtained using medium- to low-resolution satellite optical imagery such as Terra/Aqua Moderate
Resolution Imaging Spectroradiometer (MODIS), the ENVISAT Medium Resolution Imaging
Spectrometer (MERIS) and the Landsat-7 Enhanced Thematic Mapper Plus (ETM+).
Classification of MODIS data using a spectral unmixing algorithm has shown promise for
estimating f, for the entire Arctic [14]. Although these data allow for estimating f, over large
spatial scales, they lack in spatial resolution and are limited by pervasive cloud cover at high
latitudes. Significant research has been dedicated to retrieval of f, using passive microwave and
SAR data, which operate independently of sunlight and cloud cover [15,16]. With the emergence
of high-resolution remote sensing imagery, it has become possible to isolate objects of interest
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that are composed of multiple pixels. Object-based image analysis (OBIA) aims to isolate
discrete features of interest from remotely sensed data using image segmentation techniques that
date back to the 1970s [17]. Segmentation is the process of generating accurate, representative
and spatially appropriate objects from an image. Once created, these objects can be integrated
into statistical analyses and image classification. OBIA builds off more commonly used remote
sensing techniques such as edge-detection, feature extraction and image classification to create
vector representations of real-world geographic entities such as agricultural fields, river and ice
floes [18]. These vectorized features are easily integrated into analyses by providing physically
meaningful extents for data aggregation and further quantitative study. Unlike pixel-based image
analysis, OBIA addresses the modifiable areal unit problem, which is a source of statistical bias
associated with the shape and scale of data aggregation features. OBIA enables analysis at
appropriate, and non-arbitrary spatial scales representative of physical boundaries such as extents
of individual sea ice floes [19]. OBIA can also introduce a variety of contextual (e.g., land use
type, ice type), texture (e.g., homogeneity, entropy, and dissimilarity) and shape (e.g., area)
variables compared to pixel-based analysis, which only provides spectral information [18].
OBIA has been shown to improve iceberg detection using wide-swath SAR images in the
Amundsen Sea [20].

It has been shown that spring melt pond fraction can be used to accurately forecast
September minimum sea ice extent. This result is explained by the following positive feedback
mechanism: increase in melt pond fraction reduces the surface albedo; a lower albedo leads to
more melting; increased melting leads to a further increase in melt pond fraction [10]. In
addition, it is generally understood that sea ice that is thin and has low surface roughness in the
winter will have a high spring f, and ice that has been dynamically thickened and roughened will
have a low f, [11] (Figure 2.1). This study aims to establish a link between winter conditions and
spring fp in order to evaluate to what extent the ice cover is pre-conditioned for spring melt. The
goal of this paper is to quantify relationships between winter sea ice thickness, roughness, and
spring f, for an area comprising a mixture of landfast FYl and MY in the Canadian Arctic
Archipelago (CAA). Explicitly we first investigate the macro-scale relationships between winter
sea ice thickness and roughness, and spring fp; followed by an investigation of how these
relationships differ between FY 1 and MY.
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Figure 2.1 Schematic of our melt pond formation hypothesis derived primarily from in situ
studies of sea ice evolution. Top panel shows a cross-section of pre-melt conditions of
thin/smooth (left) and thick/rough (right) sea ice prior to melt. Bottom panel shows a cross-
section during spring conditions. Left panel shows smooth/level ice dominated by extensive melt
ponds. Right panel shows lower melt pond coverage due to high surface topography. Blue and
grey bar in the center illustrates a bird’s-eye view of melt pond extent.

2.3 Materials and Methods
2.3.1 Study Area

Airborne winter snow plus sea ice thickness and surface roughness transects and satellite
GeoEye-1 optical and RADARSAT-2 (RS-2) SAR images were collected in Victoria Strait
region of the CAA during April and June 2015 (Table 2.1; Figure 2.2). Victoria Strait is part of
the Northwest Passage in the CAA, which typically contains a mixture of FYl and MY|. The sea
ice in the CAA is not strongly affected by wind driven movement because the ice is landfast for
six to eight months of the year [21]. Furthermore, wind driven movement of sea ice is restricted
by the narrow channels that dominate the CAA [22]. During the melt season, MY | drifts into and
subsequently through the CAA from the central Arctic during late summer and early fall and
becomes locked in place by FY| that forms in the fall and early winter [23]. This makes for an
ideal study area for understanding the evolution of sea ice from winter to summer conditions,

without the need for tracking mobile ice.
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Figure 2.2 Map of study area located in the CAA depicting the locations of RADARSAT-2 (RS-
2) image acquisitions shown in purple and gray for FYI-dominated (FYID) and MY I-dominated
(MYID) areas respectively. Corresponding GeoEye-1 optical image coverages for FYID are
shown in green and MY'ID zone are shown in red. The track of airborne winter snow plus sea ice
thickness and surface roughness point measurements is shown in black. The location of in situ
snow depth measurements is shown by a red star in the outset map.



Table 2.1 Description of the datasets.

15

Instrument Measurement Platform  Acquisition Description
Parameter
Approach Dates
Snow EM-bird Electromagnetic ~ Airborne 19 April 2015  Spatial resolution: 6.0 m
plus Ice induction and Swath width: ~120 m
Thickness laser altimeter Accuracy: 0.15m
Ice Surface  Riegel Laser 2D laser scanner  Airborne 19 April 2015  Spatial resolution: 1.2 m
Roughness  Measurement Swath width: 105 m
System Q120 Accuracy: 0.025 m
Melt Pond  GeoEye-1 Multispectral Satellite 25June 2015  Spatial resolution:
Fraction (VIS/NIR) 26 June 2015  Panchromatic (0.5 m),
(fp) Multispectral (2.0 m)
Spectral resolution:
RGBNIR
Objects RADARSAT-2 C-band Satellite 23 April 2015 23 April 2015
frequency SAR 25 April 2015  Pixel Spacing (azimuth x

range): 5.1 x 4.7 m
Incidence angle: 40.2-41.6°
Polarization: Fine Quad

25 April 2015

Pixel spacing (azimuth x
range): 4.9 x 4.7 m
Incidence angle: 22.3-24.2°
Polarization: Fine Quad

The FYI-dominated (FYID) zone (Figure 2.3, left) is characterized by thinner and
smoother ice compared to the MY I-dominated (MYID) ice zone (Figure 2.3, right). The majority

of the ice within the FYID zone is under 2.5 m thick, compared to the MYID zone, which is

dominated by ice thicker than 2.5 m. Similarly, the FYID zone is smoother than the MY'ID, with

areas of thicker ice corresponding to rougher ice in both areas.
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Figure 2.3 FYID (left) and MYID (right) ice zones. The first image in each panel is a winter RS-
2 SAR image of the overlain by winter snow plus sea ice thickness measurements. The second
image depicts the co-located spring GeoEye-1 optical scene of melt pond covered sea ice
overlain by surface roughness measurements. Bottom panels show zoomed in data within the
extents of the red polygons directly above each panel.

2.3.2 Data and Preprocessing

Airborne winter snow plus sea ice thickness and surface roughness data were acquired
during a late winter survey flown on 19 April 2015 [24] (Table 2.1; Figure 2.2). The survey was
conducted in late April in order to capture the late winter conditions indicative of maximum sea
ice thickness and reduce the amount of surface variability associated with atmospheric processes
such as surface erosion and wind-driven snow redistribution [24]. The snow plus ice thickness
was obtained using an airborne electromagnetic (EM) thickness sounding instrument [25]. The
EM instrument induces an EM-field in the conductive sea water under the resistive sea ice from
which the height of the instrument above the ice/water interface can be derived [25]. A single-
beam laser altimeter included in the EM instrument measures the height of the system above the
top of the snow cover. The difference between those two measurements is the total thickness,
i.e., snow plus ice thickness. It is not possible to distinguish between snow and ice thicknesses

because both snow and ice are very resistive. Therefore snow plus ice thickness is hereafter
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referred to as ice thickness [24,25]. This strongly oversamples the ice because EM measurements
have a footprint of approximately 3 to 4 times the instrument height above the ice. With typical
instrument heights below 30 m this corresponds to a footprint of up to 120 m. The sampling rate
was 10 scans per minute therefore thickness observations were obtained approximately every 6

m.

A Riegel Laser Measurements Systems (Riegel LMS) Q120 near infrared laser scanner
was used to collect 2D swaths of relative surface elevation measurements. Each scan line was
then approximated with a flat surface hyperbolic equation and surface roughness was calculated
from each scan line as the standard deviation of the difference between measured and fitted
surfaces [26]. The obtained surface roughness therefore corresponds to root-mean-square (RMS)
roughness along the approximately 105 m wide swath perpendicular to the flight direction. The
scanning rate was 50 lines per second, resulting in surface roughness measurements of
approximately 1.2 m apart. Two high-resolution panchromatic (0.5 m) and multispectral (2.0 m)
optical image bundles of spring melt pond covered FYID (23 x 5.3 km) and MYID (26.5 x 5.2
km) zones were acquired on June 25 and 26, 2015 from the GeoEye-1 sensor (Figure 2.3). In
order to combine the high spatial resolution of the panchromatic imagery and high spectral
resolution of the multispectral imagery, image pairs were fused together using a Gram-Schmidt
(GS) pan-sharpening algorithm. The GS algorithm was chosen because it preserves the spectral
and spatial integrity of the original imagery [27]. Pan-sharpened images were classified using a
Maximum Likelihood (ML) supervised classification algorithm to yield a binary output: ice (0)
and pond (1). Classification accuracies were calculated using confusion matrices built from a
range of 50 to 96 samples representing homogeneous ice and melt pond areas. This approach
yielded overall accuracies of >99% with kappa coefficients of >0.9. The classified images
allowed for calculation of f,, for regions of interest in the scene using the following equation:

> Pond Pixels
= 1
fp Total Count @)

where ), Pond Pixels represent the sum of pond pixels and Total Count is the total number of
pixels within the region of interest such as an image object or entire scenes. A flow chart

depicting the pre-processing chain and subsequent analyses is given in Figure 2.4.
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Figure 2.4 Methods flow chart of RS-2 and GeoEye-1 image processing, segmentation, data
aggregation, and correlation and regression analyses. The calibrated, speckle filtered and
georeferenced RS-2 SAR image was segmented into image objects, with the objects used for
further OBIA data aggregation. The objects were also reduced in across-track width to 120 m to
create hybrid objects.

2.3.3 Object Based, Hybrid and Grid-Cell Image Analysis

Two winter RS-2 Fine Quad-polarization (FQ) format SAR images of the FYID and
MY ID zones were acquired between 23 and 25 April 2015 were used for segmentation into
image objects (Figure 2.4, left). The multiresolution segmentation approach implemented in the
OBIA-driven software eCognition (Trimble) was used for segmentation. This approach has been
proven to be effective for image segmentation related to cut block and tree crown delineation,
classification of agricultural landscapes, ship detection and sea ice studies [28-32]. Using a
bottom up region merging approach, objects are generated based on user defined spatial and
spectral heterogeneity criteria, as well as a scale criterion used to control object size. Spatial
heterogeneity is related to shape of the object, whereas spectral heterogeneity is variance of data

within the object [33]. Emphasis was placed on deriving a segmentation that yielded image
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objects displaying within-object homogeneity and between-object heterogeneity and representing
unique ice floes. To account for some uncertainty in boundary delineation, multiple object sets
were created by varying the scale parameter in the segmentation algorithm. For the MYID zone,
object features at the fine, medium and coarse scales were delineated. For the FY'ID zone, object
features at fine and medium scales were created. Due to a lack of heterogeneity in the FYID
zone, objects were not created at a coarse spatial scale. This was necessary for calculating global
FY1 and MY statistics regardless of whether objects originated in FYID or MYID zones.

Three different approaches for aggregating and deriving statistics of ice thickness, roughness,
and f, data were used (Figure 2.5). The first approach, object, used original image objects that
intersected the airborne track. The second approach, hybrid, used original image segmented
objects intersecting the flight line but also accounted for the across-track footprint of the airborne
laser scanner (~105 m). The hybrid objects were generated by reducing the extent of the original
objects to an across-track width of 120 m. The two approaches yielded a total of 61, 50 and 41
objects representative of MY floes from fine, medium, and coarse scale segmentation,
respectively. Conversely, fine and medium scale segmentation of FY| yielded 53 and 33 objects,
respectively. Finally, the third approach involved the overlay of grid-cells centered on the flight
line. Two sets of grid-cell features were created for both FYID and MYID zones, one with
across-track widths of 120 m and along-track lengths of 120 m, and one with across-track widths
of 120 m and along-track lengths of 240 m. This yielded a total of 210 (120 x 120 m) and 103
(120 % 240 m) grid-cells features for the FY1 zone, and 109 (120 x 120 m) and 56 (120 x 240 m)
grid-cell features for the MY zone. In order to avoid loss of data, grid-cells that were dominated

by FYI and located in the MY ID zone were analyzed as FY1, and vice versa.
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Figure 2.5 Example comparison of object (left), hybrid (middle) and grid-cell (right) data
aggregation approaches. The left panel shows an example of a MY object (outlined in red),
which represents a homogeneous ice zone overlaid on the f, product. The f, product shows melt
pond pixels in blue, and ice pixels in white. The gray line represents the track of thickness and
roughness data, which intersects the object. Similarly, the middle panel shows a hybrid object
(outlined in red) and the right panel shows 120 x 120 m grid-cells centered on the
thickness/roughness track. The hybrid objects were created to account for the footprints of the
thickness and roughness sensors.

The average areas (and ranges) of FY I object segments at fine and medium spatial scales
were 0.50 km? (0.03-1.42 km?) and 1.35 km? (0.25-5.08 km?), respectively, whereas the average
areas of MY | object segments at fine, medium and coarse scales were 0.29 km? (0.03-0.92 km?),
0.44 km? (0.04-1.19 km?) and 0.63 km? (0.04—1.97 km?), respectively. Hybrid objects were
generated by decreasing across-track extent of objects to 120 m. Thus, average areas of hybrid
objects were smaller than the object segments, with mean FY | segment areas of 0.05 km?
(0.002-0.16 km?) and 0.08 km? (0.01-0.31 km?) for fine and medium spatial scales, respectively.
Average areas of MY | hybrid objects were 0.03 km? (0.003-0.10 km?) at the fine scale, 0.04 km?
(0.01-0.14 km?) at the medium and 0.04 km? (0.01-0.14 km?) at the coarse spatial scales. The
areas of individual grid-cells remained consistent at 0.014 km? and 0.017 km? for 120 m and 240

m kernels, respectively.



21

The three data aggregation approaches at varying spatial scales enabled the examination
of relationships between winter sea ice thickness, roughness and f,, as well as the role of scale
and aggregation approaches on those relationships. First, a 2000 point moving average was
applied on the roughness data in an attempt to minimize the effects of snow roughness on the
surface roughness measurements. 4000 points outside of both the FYID and MYID zones were
used for the calculation of the moving average. Probability distributions of winter sea ice
thickness, surface roughness, smoothed roughness, and spring f, were plotted for FYl and MY/,
with f, values obtained using hybrid aggregation at the medium scale. For quantifying
relationships, aggregated roughness and thickness metrics (minimum, maximum, mean, median
and standard deviation (SD)) were each compared to f, within each aggregation feature.
Spearman correlation coefficients were collected to assess the strength of relationships between
thickness and roughness, thickness and f,, and roughness and f, for FYl and MYl. Spearman
correlation was chosen because it is a non-parametric measure of association between two
variables. An ordinary least squares (OLS) regression analysis was performed with roughness
and thickness as independent variables, and f, as the dependent variable. For the OLS, a non-
linear rational function was fitted to the thickness and f, data because it is more representative of
the expected variation in f,. It is expected that fp, will behave asymptotically when approaching
values of 0 and 1, which will not be captured by a linear function. A rational function is
beneficial for modelling physical processes because it allows for better fit of data with a
relatively complex distribution, while retaining computational and structural simplicity
associated with linear regression. A linear function was fitted to the roughness and f, data

because of its representative fit and computational simplicity.

2.4 Results

2.4.1 Victoria Strait Thickness, Roughness and f, Distributions in 2015

FY1 was characterized by lower winter thickness and surface roughness, and higher
spring fp compared to MY (Figure 2.6). FY| winter sea ice thickness ranged between 1.6 and 5.5
m, with mean and median thicknesses of 2.1 and 1.9 m, respectively. Conversely, MY thickness
ranged between 1.8 and 6.7 m, with mean and median values of 2.9 and 2.7 m, respectively. The
surface roughness on FYI ranged between 0.02 and 0.81 m, with mean and median roughness

values of 0.11 and 0.09 m, respectively. Conversely, MY surface roughness measurements
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ranged between 0.02 and 0.65 m, with mean and median values of 0.19 and 0.17 m, respectively.
Smoothed surface roughness (2000 point moving average) shows increased separability between
FY1and MYI. FYI smoothed surface roughness values ranged between 0.08 m and 0.12 m with
mean and median values of 0.09 m, whereas MY'| smoothed surface roughness values between
0.12 m and 0.24 m were observed with mean and median values of 0.19 m. Finally, spring fp
values were between 0.19 and 0.71 for FY|, and 0.12 and 0.77 for MYl with mean values of 0.43
and 0.29 for FYl and MY, respectively.
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Figure 2.6 Winter sea ice surface roughness (top left), smoothed surface roughness (top right),
winter sea ice thickness (bottom left) and spring f, (bottom right) distributions. FY1 is shown in
blue and MY in red. Mean () and standard deviations (o) are given by ice type. fp distributions
were calculated using hybrid-object aggregation at the medium scale.

2.4.2 Relationship between Thickness and f,

FY1 thickness exhibited statistically significant negative correlations (p < 0.05) with f, for
all analyzed scales and aggregation approaches (object, hybrid, grid-cell) (Table 2.2; Figure 2.7).
Whereas all metrics of MY thickness showed statistically significant negative correlations at
fine scales (object and hybrid) and 120 m grid-cells. Overall, the hybrid-based aggregation
approach yielded the strongest statistically significant negative correlations between winter sea
ice thickness and f, for both FY'1 and MY, particularly for mean thickness and f,. Furthermore,



23

the distribution of mean thickness and corresponding fp, values showed less variability using the
hybrid-based approach, compared to the object and grid-cell-based approaches at the
medium/240 m spatial scales (Figure 2.7). This affirms that mean sea ice thickness is strongly
related to fp, particularly within the range of the EM-bird footprint, which is approximately 120
m, depending on the height of the instrument above the sea ice surface [25]. The dependence of
fp on mean thickness can be explained by the presence or absence of deformation features. Thin
FY1 that has not undergone dynamic forcing is very level/smooth and will experience
widespread flooding and higher fp. Conversely, FY1 that has undergone ridging will constrain
melt water into deeper surface depressions.
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Figure 2.7 Scatter plots of f, as a function of mean thickness at the medium scale using object
(left), hybrid object (middle) and 240 m grid-cell (right) aggregation approaches. Spearman
correlation coefficients (rs) and corresponding p-values are shown for pooled FY1 and MYl data.
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Table 2.2 Spearman correlation coefficients (rs) between metrics of winter sea ice thickness and spring f, for FYl and MY at fine,
medium (med) and coarse spatial scales (object and hybrid) as well as 120 and 240 m grid-cells. Bolded values are statistically

significant (p < 0.05).

FYI MYI FYI MYI FYI MYI

Fine Med Fine Med Coarse Fine Med Fine Med Coarse 120 m 240 m 120 m 240 m
Min -0.66 —0.61 -0.37 —0.33 -0.31 -0.64 -0.67 -0.32 -0.27 -0.31 _ —0.61 —0.65 -0.30 -0.11
Max 48 -0.51 —0.67 -0.45 —0.33 -0.29 2 -040 -073 043 -042 -0.40 T —0.72 —0.75 —0.46 —0.38
Mean ._“Q—’. -0.72 -0.75 -0.59 -—-0.54 -—0.56 g -0.68 -0.85 -0.55 -0.56 -0.59 ) -0.71 -0.75 -0.47 -0.41
Med (@) -0.75 -0.71 -0.60 -—-0.56 —0.58 I -0.74 —-081 059 -0.60 -0.64 15} -0.69 -0.75 -0.45 —-0.44

SD -0.38 —0.65 -036 -0.25 —0.25 -031 -0.72 -032 -0.32 —-0.34 —0.60 —0.69 —0.47 —0.38
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The rational function OLS model used to determine the ability of winter FY1 and MY
thickness to explain the variability in spring fp is shown in Figure 2.8. Thickness and f, data
aggregated at the medium scale using the hybrid aggregation approach were used as inputs for
the OLS model because they showed the strongest associations for FY 1 and MYl in the
correlation analysis and exhibited lower variance than the object and grid-cell approaches. The
model indicates that 47% of the variation in f, can be explained using mean thickness according

to Equation (2).

_ 0.5478 @)
fo = mean thickness — 0.8561
1 - r : ;
A ®* Mean Thickness (r2 = 0.47, RMSE = 0.12)

Rational Function

— — —95% Confidence Interval

ot *

2 2.5 3 3.5 4
Mean Thickness (m)
Figure 2.8 A rational function OLS model of f, as a function of mean thickness. The data were

aggregated using the hybrid-based approach at the medium scale. A rational function has been
fitted to the data (solid blue line), with a 95% confidence interval (dashed blue line).

2.4.3 Relationship between Roughness and f,

Surface roughness exhibited moderate negative correlations with f, for FY'1 using all three
aggregation approaches and at all analyzed spatial scales. Object and hybrid aggregation
approaches produced stronger associations compared to the grid-cell method (Table 2.3; Figure
2.9). For FY1, the standard deviation of roughness showed the strongest negative association
with fp, particularly at the medium scale. This shows that variability in surface roughness is
related to melt pond distribution at the analyzed scale, i.e., greater surface roughness variability
leads to lower f,. A high variability in surface roughness on FY1 can be due to the presence of
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compression ridges and snow sastrugi in areas of otherwise smooth ice. Conversely, low
variability in surface roughness on FY1 is attributed to smooth, thermodynamically grown ice,
which lacks deformation features and easily floods when melt ponds form. Interestingly, metrics
of surface roughness did not show any statistically significant correlations with f, for MY,
except for a weak positive relationship between minimum roughness and f; at the fine spatial
scale using object-based aggregation. It is important to note that MY'| exhibits greater spatial
variability in surface roughness than FY1 (Figure 2.3). Quantifying surface roughness on MY|,
compared to relatively smooth FY1, and relating it to f, poses a unique challenge due to the lack
of level ice in MY I-dominated areas. Level ice is necessary for the calculation of the local level-
ice surface used in the calculation of surface roughness. The absence of level ice will lead to an
overestimation of the local level-ice surface, which will lead to an overall overestimation of
surface roughness from the 2D laser scanner [26]. Furthermore, areas of uniformly weathered
MY 1 will have a low winter surface roughness, corresponding to a low spring f,, whereas an area
composed of both rough MYl and smooth ice, such as a re-frozen melt pond from a previous
melt season, will be characterized by a high standard deviation of relative surface height (i.e.,
high winter roughness), which will correspond to a high spring f, due to flooding on areas of
smooth ice. Finally, the snow pack will likely be deeper on MY than FY| because MY begins

accumulating snow earlier than FY | and surface depression in MY act as catchments for wind-

blown snow.
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Figure 2.9 Scatter plots of fp as a function of standard deviation of roughness at the medium scale
using object (left), hybrid object (middle) and 240 m grid-cell (right) aggregation approaches.
Spearman correlation coefficients (rs) and corresponding p-values are shown for pooled FY1 and
MY data.
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Table 2.3 Spearman correlation coefficients (rs) between metrics of winter sea ice roughness and spring f, for FY1 and MY at fine,
medium (med) and coarse spatial scales (object and hybrid) as well as 120 and 240 m grid-cells. Bolded values are statistically

significant (p < 0.05).

FYI MYI FYI MYI FYI MYI
Fine Med Fine Med Coarse Fine  Med Fine Med Coarse 120m 240m 120m 240m
Min -034 -032 030 021 0.16 -0.35 —0.31 025 027 0.19 -0.25 —0.26 —0.05 -0.01
Max & -0.29 -0.57 001 0.05 0.07 = -0.20 —-0.53 0.02 0.04 0.01 @ -040 —055 -0.10 —0.12
Mean ._GQ_’, -0.32 —-0.53 0.02 0.03 —0.02 g —0.25 -0.52 0.04 0.09 0.00 -é —0.35 —0.42 —0.09 —0.11
Med o 022 -0.41 -0.03 0.00 -0.07 I 014 -036 0.03 006 -0.03 o 030 -037 007 -0.11
SD -0.35 —0.59 -0.07 -0.03 -0.02 -0.29 —-0.63 000 -0.01 -0.06 -039 —054 -0.10 —0.17
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The linear OLS model used to assess the explanatory power of surface roughness for variations
in spring fp is shown in Figure 2.10. It was found that the SD of winter surface roughness
explained 11% of the variability in spring f,. However, surface roughness was a statistically
significant variable, which suggests that it contains explanatory power for variability in fp.

®* SD Roughness (r2 =0.11, RMSE = 0.15)
* —— Linear Function
* — — —95% Confidence Interval

08t

002 004 006 0.08 0.1 012 014
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Figure 2.10 Linear OLS model of f, as a function of standard deviation of roughness. The data
was aggregated using the hybrid-based approach at the medium scale. A linear function has been
fitted to the data (solid blue line), with a 95% confidence interval (dashed blue line).

2.4.4 Relationship between Smoothed Surface Roughness and f,

Snow on sea ice will likely affect surface roughness estimates by masking the signal
associated with sea ice surface roughness with snow redistribution features such as dunes and
snow roughness features such as sastrugi, which are wavelike features that occur on the surface
of hard snow that have been redistributed by wind action. A 2000 point (~2400 m) moving
average was used to effectively average out footprint-scale variability likely associated with
snow roughness and snow redistribution features. A significantly stronger correlation was found
between metrics of FY I roughness and f,, with highest associations observed at the medium
spatial scale (Figure 2.11; Table 2.4). Moderate statistically significant correlations can be
observed between metrics of MY roughness and fp, particularly using the object aggregation
approach at the fine spatial scale. It is important to note that smoothing the surface roughness
data allows for an increased separability between FYI and MY (Figure 2.6, top right) compared
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to unsmoothed data (Figure 2.6, top left). This result suggests that small-scale uncertainties

associated with surface roughness measurements are removed when investigating these

relationships at regional scales appropriate for studies utilizing satellite observations. However,
this approach warrants caution as it introduces increased spatial dependency or spatial
autocorrelation between individual measurements.
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Figure 2.11 Scatter plots of f, as a function of smoothed minimum surface roughness at the

medium scale using object (left), hybrid object (middle) and 240 m grid-cell (right) aggregation
approaches. Spearman correlation coefficients (rs) and corresponding
p-values are shown for pooled FY1 and MY data.
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Table 2.4 Spearman correlation coefficients (rs) between metrics of smoothed winter sea ice roughness and fp for FYl and MY at fine,
medium (med) and coarse spatial scales. The data were aggregated using the hybrid object aggregation approach. Bolded values are
statistically significant (p < 0.05).

FYI MYI FYI MYI FYI MYI
Fine Med Fine Med Coarse Fine Med Fine Med Coarse 120m 240m 120m  240m
Min -0.81 -0.80 -0.31 -0.35 -0.34 -0.77 -0.84 -0.34 -0.29 -0.25 -0.72 -0.77 —-020 —0.23
Max o 079 -081 -027 -026 -0.21 = 072 -0.80 -024 -0.19 -0.09 s 072 -077 019 022
Mean 51')_—\ -0.80 -0.81 -0.29 -0.29 -0.27 é -0.75 -0.83 -0.28 -0.23 -0.17 ; -0.72 -0.77 —-0.19 —0.22
Med 8 -0.80 —0.81 -0.29 -0.29 —0.26 I -0.75 —0.82 -0.26 -0.22 -0.16 5 =0.72 =0.77 -0.19 -0.22
SD -0.14 034 0.06 024 0.28 -0.04 -023 0.17 019 0.26 -045 -055 0.08 0.01
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2.4.5 Relationship between Thickness and Roughness

Areas of thick ice are coincident with areas of high surface roughness, particularly for
FYID as illustrated in Figure 2.3. Quantitatively, maximum roughness and maximum thickness
show a significant positive association for both FYI and MY| using the object aggregation
approach (Table 2.5; Figure 2.12). FY| shows a stronger relationship (rs = 0.65) than MY (rs =
0.54) at medium spatial scale. The grid-cell-based aggregation approach yields statistically
significant correlations between all metrics of roughness and thickness for FY, and no
significant associations for MYI. The variance in FY1 and MYl observations is lower using
object-based aggregation, compared to 240 m grid-cells (Figure 2.12). Finally, it can be seen that
variance begins to increase for ice with thickness of greater than approximately 3.75 m. It is
expected that thicker ice has undergone more dynamic thickening when compared to thin ice,
which would increase both the thickness and the surface roughness. The EM instrument
measures the bottom roughness of the ice, which would also be roughened during ridging and
rafting. This would lead to an increase in the strength of association between ice thickness and
surface roughness.
Table 2.5 Spearman correlation coefficients (rs) between metrics of winter sea ice roughness and

thickness for FY1 and MY 1 at fine, medium (med) and coarse spatial scales (object) as well as
120 and 240 m grid-cells. Bolded values are statistically significant (p < 0.05).

FYI MYI FYI MY
Fine Med Fine Med Coarse 120m 240m 120m 240m
Min 0.39 0.36 0.07 0.21 0.27 _ 030 0.34 0.01 0.23
Max g 0.56 0.65 0.41 0.54 0.57 § 0.44 0.53 0.11 0.13
Mean % 0.36 0.49 0.20 0.20 0.23 <5 041 0.44 0.07 0.07
Med O 0.18 0.26 0.12 0.06 0.03 5 0.34 0.38 0.04 0.13
SD 0.52 0.68 0.40 0.47 0.47 0.35 0.45 0.05 0.07
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Figure 2.12 Scatter plots of maximum roughness as a function of maximum thickness at the
medium scale using object (left) and 240 m grid-cell (right) aggregation approaches. Spearman
correlation coefficients (rs) and corresponding p-values are shown for pooled FYI and MYl data.

2.5 Discussion

Previous studies have shown that FY is characterized by a higher spring f, than MY
[7,11,13,34,35]. Our findings support these observations, with FY| exhibiting on average higher
spring fp of 0.43 compared to 0.29 for MYI. However, we show that certain regions of MY
become flooded, with spring fp reaching up to 0.77. Winter sea ice thickness and surface
roughness values and probability distributions are consistent with previous studies, showing FY|
being thinner and smoother compared to MY l. Numerical models indicate that pre-melt surface
roughness is strongly related to fp, with f, increasing more rapidly on a smoother ice than rougher
ice [36]. Our results show that surface roughness is related to f, for FY1, but we do not find a
similar association for MY1. Previous work has suggested that thin and smooth ice would be
favorable for high f, during the melt season, and rough/thick ice would limit melt pond expansion
and result in low fy; however these relationships have not been quantified to date [11,37] . For
logistical reasons the majority of previous melt pond evolution studies have been conducted on
landfast FY'I and drifting MY . Our f, observations show agreement with other landfast FY|
studies and drifting FYI and MY 1 studies. Since our analyses are concerned with one snapshot of
melt fraction, and not melt pond evolution through time, it is not necessary to account for ice
mobility. However, when considering melt pond evolution, it is important to note that
thermodynamic and dynamic processes of landfast ice differ from those of drifting ice. Landfast
sea ice forms in areas of shallow bathymetry and is influenced by tides and nearshore currents
[38]. Furthermore, it exhibits a fixed orientation with the respect to the sun and is influenced by
dust and warm air from the nearby land [39].
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Considering the role of different aggregation approaches for quantifying relationships,
the benefit of OBIA is that it is rooted in real world features such as ice floes, thus providing
physically meaningful extents for data aggregation and contextual information for the analyst.
The hybrid approach aims to compromise between the extents of real world features and the
footprint of the sensor, in cases where objects are being used to aggregate multi-sensor data. In
this study, the extents of the objects were often much larger than the footprint of the thickness
and roughness sensors, which means that the corresponding thickness and roughness
measurements may not have been representative of certain regions of the object (Figure 2.5). The
hybrid object approach yielded stronger associations between thickness and f, for FY and
similar to slightly stronger relationships for MY (Table 2.2). The stronger relationships between
FY1 thickness and f, can be explained by spatial homogeneity of FY | ice floes in terms of
thickness, roughness and the SAR backscatter used to delineate objects. Compared to MY, FYI
has a lower surface roughness, which allows it to have a low backscatter across large areas. By
reducing the width of the object-based features into hybrid objects, analyses become more
representative of the areas associated with the thickness and roughness measurements while
retaining the across-track boundaries of individual ice floes.

We have been able to show that winter sea ice thickness and surface roughness are
related to spring f, on landfast sea ice in the CAA; however, it is possible that sensor limitations
impacted the results. Laser altimeters do not penetrate through the snow cover to the snow/ice
interface, therefore the sea ice thickness measurements obtained using the EM-bird are in
actuality snow plus ice measurements. It is suggested that the accuracy of EM measurements
over level ice is approximately +0.15 m, whereas thickness of thick MY ridges can be
underestimated by as much as 24%. Areas of thick ice, such as ridges in an otherwise smooth
FY1 zone can be underestimated if they are proximal to areas of thin ice and occur with the
footprint of the EM sensor. Unfortunately, it was not possible to obtain co-located in situ snow
depth observations in our study area and due to the uncertainties associated with snow depth
estimates in complex ice environments Operation IceBridge (OiB) and CryoVex data were not
included in the analyses [40]. We were able to obtain in situ snow depth measurements, which
were collected using a MagnaProbe near Eureka in the CAA between 8 and 15 April 2016

(Figure 2.2). 1792 and 1810 snow measurements were collected on FY1 and MY, respectively,
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with transects covering areas of approximately 0.4 km? each (~10 m spacing). Figure 2.13 shows
that the mean snow depth on FY1 is 16.6 cm compared to 42.5 cm on MY . The variability in
snow depth is also greater for MY, with depths of up to 200 cm. In 2016, total October to May
snowfall at an Environment Canada station in Cambridge Bay was approximately 45 cm
compared to 65 cm at an Environment Canada station in Eureka. October to May in situ mean
snow depths on landfast FY| measured 8.4 + 4.2 cm (Cambridge Bay) and 17.6 + 5.8 cm
(Eureka) between 1960 and 2014 [41]. The nearest snow depth and weather station data available
indicate that Victoria Strait will have less sea ice snow accumulation than Eureka. Further work
or co-located snow depth and EM sea ice thickness measurements would be required to more

fully assess the effect of snow depth on relationships with fp.
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Figure 2.13 2016 snow depth distributions on FY'1 (blue) and MYl (red) near Eureka in the CAA.
Mean (p) and standard deviations (o) are given by ice type. 1792 measurements snow depth
measurements were collected on FY1 and 1810 measurements on MYl

The 2D laser scanner instrument operates in the near infrared part of the electromagnetic
spectrum, which means that it does not penetrate through the snow cover and thus measures
variations in snow topography. This could potentially lead to underestimation of surface
roughness because the snow cover may have a dampening effect on the sea ice surface,
particularly due to accumulation of snow in rough areas by wind redistribution. Snow sastrugi
may also introduce erroneous surface roughness values that are not associated with the sea ice
topography. Quantifying surface roughness in the natural environment remains a challenge, with
the most widely used approach being the standard deviation of relative surface elevation;
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however other statistical parameters such as skewness and kurtosis have been proposed [42].
Furthermore, roughness measurements are highly scale-dependent and large-scale variations in
topography may introduce uniform and along flight line errors. Finally, it is often assumed that
distribution of sea ice features such as ridges and leads is random. However, this assumption is
often not valid because dominant orientations of features result from prevailing ocean and
atmospheric currents. Thus, it is possible to under or over represent the distribution of extreme

features, depending on the choice of flight direction [25].

Thermodynamic and dynamic processes are responsible for changes in sea ice thickness
with FY1 increasing above modal thickness as a result of ridging. Thus, surface roughness and
ice thickness are expected to be closely related, particularly for thicker, more deformed FYI.
This is supported by comparing the spatial distribution of high thickness and roughness values
for FY1 in the study area (Figure 2.3). Areas of high surface roughness (0.33-0.44 m) overlap
with areas of thicker ice (2.7-3.1 m), as well as with areas of higher backscatter. A similar
relationship can be seen for MYI. Quantitatively, we have shown that maximum thickness and
maximum roughness have a stronger association for FY1 (rs = 0.65) than MY (rs = 0.54). With
MY I being ice that survived one or more melt season, its surface roughness will be affected by
melt, particularly by the presence of refrozen melt ponds from previous melt seasons. An area
that includes a melt pond from a previous melt season and heavily deformed patch of ice may be
associated with high surface roughness measurement. However, this high roughness value may
correspond to a high f, due to the presence of a relatively smooth patch of ice, which was

previously occupied by a melt pond.

2.6 Conclusions

The primary goal of this study was to quantitatively link winter sea ice thickness and
surface roughness to spring f, in order to better understand how the ice evolves from winter to
spring thermodynamic states and inform parameterizations of f, in climate models. This was
achieved by evaluating the utility of object-based image analysis, hybrid-object analysis, which
takes into account the footprints of the thickness and roughness sensors, as well as the traditional
grid-cell data aggregation approaches. It was found that winter sea ice thickness has a strong
association with f, for FYI (rs = —0.85) and MY (rs = —0.64) using hybrid aggregation approach,
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as well as the object approach for FY1 (rs = —0.75) and MY (rs = —0.60). Weaker relationships
were observed for MY 1 using the grid-cell approach (rs = —0.47); however a similar relationship
was detected for FY1 (rs = —0.75). This shows that winter sea ice thickness is related to spring f,
with thicker ice characterized by lower spring f, and thin ice exhibiting a higher f, during the
melt season. These results provide a quantitative link between the two geophysical parameters
and have important implications for understanding spring fp evolution on Arctic sea ice. The
stronger relationships observed using hybrid aggregation indicate that accounting for ice
morphology and sensor footprints allows for more representative comparison between
multisource datasets. A non-linear rational function OLS model shows that 47% of variability in
combined FY1 and MY 1 spring f, can be explained by mean winter sea ice thickness using the
hybrid-based aggregation approach indicating a potential for spring f, prediction using winter sea
ice thickness. FY1 spring f; is related to winter surface roughness, with a stronger relationship
observed using the hybrid-based aggregation approach at the medium scale (rs = —0.63).
However, MY 1 f, is not significantly correlated with surface roughness. Surface roughness can be
defined for scales ranging from meters to kilometers, with footprint-scale uncertainties such as
snow roughness and errors associated with sensor position during airborne measurement
acquisition (yaw and pitch angles, and slant range distortion) exhibiting a stronger effect on the
measurements than at larger spatial scales [26,40]. In order to minimize the influence of
measurement uncertainty on surface roughness measurements we performed a moving average
on the surface roughness data (~2400 m) and found stronger correlations between surface
roughness and fp for both FY1 (rs = —0.84) and MY (rs = —0.34). We propose that further work is
conducted on assessing the effects of snow depth and snow redistribution features on sea ice

surface roughness estimates.

Winter sea ice thickness and surface roughness are moderately correlated for FY1 (rs =
0.65) and MY 1 (rs = 0.54) using the object aggregation approach. These relationships are lower
in strength for FY (rs = 0.53) and are not present for MYl using the grid-cell data aggregation
approach. This further supports the use of object-based aggregation for spatial statistical
analyses.This study draws quantitative linkages between winter sea ice (snow plus ice) thickness
and spring f, at the macro scale, which can contribute to a body of work improving

parametrizations of spring fp, in climate models. Further work includes contributing evaluations
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of the potential of winter sea ice thickness, in addition to sea ice roughness, as well as radar
backscatter signatures to predict spring f, using satellite sensors such as CryoSat-2, Sentinel-1
and others. It is important to be able to expand the analyses to larger spatial and temporal scales,
which are necessary for initializing and validating regional climate models.
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Chapter 3 Optimal compact polarimetric parameters and texture
features for discriminating major sea ice types during winter and
advanced melt

C-band synthetic aperture radar (SAR) has been widely used for sea ice monitoring and
operational activities. Dual-polarimetric SAR is the main data source for government, industry
and scientific applications. The RADARSAT Constellation Mission (RCM), with its anticipated
launch in 2018 will provide hybrid compact polarimetric (CP) data offering near-polarimetric
capabilities at large image acquisition widths suitable for achieving operational and scientific
objectives in the Arctic. Although, C-band SAR has been effective for sea ice monitoring, it has
been difficult to implement during the spring and summer when the sea ice cover is dominated
by melt ponds. The ability of simulated CP RCM parameters to distinguish between ice types
during winter and advanced melt was assessed through Kolmogorov-Smirnov statistical
separability analyses and Support Vector Machine supervised classifications. It was found that
the steep incidence angle simulated RCM CP parameters provide improved ice type separability
during the advanced melt period compared to shallow incidence angles. With respect to
classification, an overall accuracy of 77.06% was found for a scene comprising first-year ice
(FYI) and multiyear ice (MY]) types, and a higher overall accuracy of 85.91% was achieved by
including grey level co-occurrence matrix (GLCM) parameters in the classification. A
backscatter inversion between FYI and MY allows for discrimination during advanced melt, and
is attributed to (1) reduced penetration of C-band SAR during ponding which masks volume
scattering from MY, (2) high Bragg scattering from wind roughened melt ponds on FYI which
are large, interconnected, and more dominant compared to MY, (3) lower losses of backscatter
intensity to specular reflection at steep incidence angles, thus allowing for retention of high

intensity backscatter from wind roughened melt ponds on FYI.

Keywords: compact polarimetry; synthetic aperture radar; Arctic; sea ice; advanced melt
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3.1 Introduction

Satellite synthetic aperture radar (SAR) is an active microwave remote sensing technique
which allows for acquisition of high resolution images in all-weather conditions, independently
of sunlight and cloud cover, with most systems attempting to maximize either spatial resolution,
polarimetric information or swath width. Currently, the majority of sea ice observation and
operational activities rely on single- (HH or VV) or dual-polarized (HH, HV or VV, VH) SAR
imagery. Quad-polarized SAR provides all four combinations of backscatter and relative phase
information (HH, HV, VH, VV) which is more representative of the underlying geophysics of
sea ice [1]. Unfortunately, polarimetric capabilities and high spatial resolution of quad-polarized
SAR sensors, such as RADARSAT-2, are possible only at the expense of aerial coverage, with
image swath widths of less than 50 km. Compact polarimetric (CP) SAR offers a compromise
between the fully polarimetric capabilities of quad-polarized systems and large image swath
widths of standard single- and dual-polarized SARs. The main types of CP configurations are:
n/4 mode, end-to-end circular and hybrid. CP systems in /4 mode transmit a linearly polarized
wave at /4 radians with respect to H and V orientations, while coherently receiving the resulting
H and V backscatter components [2]. This configuration is said to be comparable to quad-
polarized SAR if reflection symmetry is assumed [2]. As a result, polarimetric decomposition
analyses are most effective in scenes dominated by scatterers with horizontal or vertical
orientations [3]. For Earth Observation (EO) applications, often, the objective is to ascertain the
scattering mechanisms of the landscape in question and subsequently conduct image
classification. Therefore, a priori assumption of target scatterer orientation is not appropriate [4].
End-to-end circular CP both transmits and receives coherent dual-polarized circular waves (right
hand circular, and left hand circular). This type of architecture retains the relative phase of
transmitted and received waves which makes it possible to derive Stokes parameters required for
polarimetric decompositions. End-to-end circular CP systems produce good results but are

difficult to implement and not usually considered for EO applications [4].

As a compromise between the /4 mode and end-to-end circular CP systems, hybrid CP
was developed [4,5]. The hybrid approach is to transmit a circularly polarized wave and receive
orthogonal coherent linear polarizations (circular transmit, H and V receive). Hybrid CP is an
attractive alternative to quad-polarized systems because it provides a 2 x 2 covariance matrix of

the backscattering field which can be transformed into Stokes vectors [6]. Furthermore, the
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relative phase information of the received polarizations allows for the generation of polarimetric
decompositions similar to those derived from quad-polarized data. It is important to note that the
information content provided by quad-polarized SAR (4 x 4 covariance matrix) cannot be
replaced by any CP system; however, within operational constraints, hybrid CP offers a viable

alternative by providing comparable polarimetric information at large swath widths.

To support maritime surveillance, disaster management and ecosystem monitoring, the
Canadian Space Agency (CSA) in partnership with MacDonald Dettwiler and Associates (MDA)
will be launching the RADARSAT Constellation Mission (RCM). It will be equipped with C-
band hybrid CP SAR aboard three satellites and is anticipated that launch will take place in 2018.
For maritime applications it is expected that the Medium Resolution 50 m (MR50) mode will be
the primary acquisition mode [7]. It will ensure data continuity with RADARSAT-2 ScanSAR
currently used by the Canadian Ice Service (CIS), by providing a product with a 50 m resolution
(20 m pixel size), a noise floor of -22 dB, with four looks and a 350 km image swath [8]. RCM
will be capable of approximately 10 different image modes, from Low Resolution 100 m mode
with an image swath width of 500 km, to Spotlight mode with a resolution of 3 m and a narrow
swath width of 5 km. Quad-polarization data will also be available with a 9 m resolution and -24
dB noise floor [7].

In order to analyze the relationships between physical, thermodynamic and microwave
scattering properties of the ocean-sea ice-atmosphere (OSA) system, the following unique
thermodynamic regimes have been proposed: freeze-up, winter, early melt, melt onset and
advanced melt [9]. Freeze-up occurs in the fall, when solar radiation decreases and sea ice begins
to form on the ocean surface. Whereas, the winter period is characterized by the total absence of
sunlight with a strong temperature gradient between the atmosphere and the ocean below. During
this time, the sea ice surface is dominated by dry snow. Due to the lack of liquid water in the
snow pack, C-band SAR is often able to penetrate through the snow and provide information on
sea ice structural characteristics. However, on first-year sea ice (FY1), the snow cover may be
sufficiently saline and inhibit the ability of C-band microwaves to penetrate to the sea ice [10].
Generally, FY1 is dominated by surface scattering and exhibits lower intensity backscatter than
multiyear sea ice (MY1), which shows a strong volume scattering signature from the low salinity

and air bubble rich upper layer. Upon the return of solar insolation and above freezing
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temperatures to the Polar Regions, snow begins to increase in volumetric liquid content, thus
decreasing penetration depth of C-band SAR [11]. During early melt a portion of the upper snow
volume reaches or exceeds 0°C for a part of the day. Melt onset occurs when the snow pack
reaches 2% liquid water content throughout the whole day, which masks the backscatter
signature of the sea ice. Advanced melt occurs once melt ponds appear on the ice surface and is a
highly dynamic and temporally variable period of sea ice evolution. Melt ponds rapidly decrease
the albedo of the sea ice cover, percolate through the ice leading to desalination, enhance light
and contaminant transfer to the upper ocean layers, and play an important role in energy
exchanges across the OSA [12-14].

Relationships between sea ice physical properties and SAR backscatter have been
investigated since the late 1980s and a good understanding of these relationships exist for the
cold season [9]. Although significant progress has been made with regards to understanding sea
ice backscatter evolution during the melt season, challenges associated with the presence of wet
snow in the early stages of melt, and melt ponds during the advance melt period remain [15-17].
Wind interactions with melt pond surfaces, diurnal variations associated with expansions and
drainage of melt ponds, as well as formations of ice lenses on pond surfaces inhibit our
understanding of microwave scattering during advanced melt. The ability to distinguish between
FYI and MY during advanced melt is of interest to the scientific community because FY is
typically characterized by a higher melt pond fraction (aerial extent of melt ponds) than MY],
leading to a lower surface albedo [13,12,18-20]. Furthermore, it has been shown that melt pond
fraction is a good predictor of minimum sea ice extent, and thus the inclusion of melt pond
fraction in sea ice forecast models may substantially increase their skill [21,22]. From the
operations perspective, MY can be very hazardous to ships because it is typically significantly
thicker and harder than FY'1 [23]. Since shipping activities in the Arctic occur mostly during the
summer months, and MYl causes the most severe risk of damage to ships, it is important to be

able to detect the locations of MY floes and reduce marine navigation incidents [24].

To date, sea ice studies using simulated RCM parameters have focused on assessing ice
type separability for a large number of scenes and for mainly pre-melt conditions. These studies
show that it is possible to distinguish between ice and open water [25], as well as smooth FY,
rough FY1 and open water [6]. Furthermore, discrimination between FYIand MY], as well as
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open water and either FY1 or MY has been demonstrated during advanced melt [26], though
further investigation particularly with respect to dominant scattering mechanisms is warranted. In
anticipation of the upcoming launch of the RCM, this paper aims to: (1) determine the optimal
RCM parameters for major ice type separability during advanced melt, and (2) assess the utility
of texture features derived from RCM parameters for enhanced separability. Results from (1) and
(2) will be assessed in the context of scattering mechanisms and the influence of environmental

and systems parameters.

3.2 Study Area and Data

The study area is located in the Victoria Strait and M’Clintock Channel waterways of the
southern Canadian Arctic Archipelago (CAA) near Cambridge Bay, Nunavut (Figure 3.1). These
areas typically comprise a combination of FYI and MYl which can remain landfast for up to 8
months of the year [27]. Landfast ice regions allow for a unique environment for establishing
relationships between winter and advanced melt sea ice conditions without accounting for

drifting sea ice.
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Figure 3.1 Map showing study area location in Victoria Strait and M’Clintock Channel near
Cambridge Bay, NU, in the CAA. 2 advanced melt (Advanced Melt S1 and Advanced Melt S2)
and 2 winter (Winter S1 and Winter S2) RADARSAT-2 scenes were acquired, as well as
auxillary data including high resolution GeoEye-1 optical imagery of melt pond covered sea ice
from 2015 and aerial photography of melt pond covered sea ice in 2016.

Detailed information on the four RADARSAT-2 scenes used in this study are shown in
Table 3.1. Two winter images were collected in April 2015 at varied incidence angles. The first
scene, Winter S1 was collected at mid-range (34.5-36.1°); the second, Winter S2, was collected
at shallow range (40.2-41.6°). Two advanced melt scenes were acquired over melt pond covered
sea ice in June 2015 (Advanced Melt S1) and June 2016 (Advanced Melt S2). These data were
collected at steep (22.3-24.2°) and shallow (39.6-42.2°) incidence angles, respectively. Both
Winter S1 and Winter S2 were collected in Fine Quad (FQ) mode and covered areas of 787.2
km? and 780.1 km?. Advanced Melt S1 was collected in FQ mode and covered an area of 312.2
km?, whereas Advanced Melt S2 was collected in Standard Quad (SQ) mode with a greater aerial
coverage of 902.4 km?. In order to establish links between advanced melt backscatter behavior
and sea ice surface conditions, in a region not practically accessible during advanced melt, a high
resolution GeoEye-1 image overlapping a portion of Advanced Melt S1 was obtained on June
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25, 2015. An airborne aerial photography survey was flown over the region on June 21%, 2016,

with the data overlapping a portion of Advanced Melt S2.

Table 3.1 Quad-polarimetric RADARSAT-2 scenes used in this study.

Time Incidence
Scene Date (UTC) Pass Beam  Angle(®)  Area(km)
Winter S1 20-04-2015 13:33 Descending FQ15  34.5-36.1 787.2
Winter S2 23-04-2015 13:08 Descending FQ21  40.2-416 780.1
Advanced Melt S1 26-06-2015 23:35 Ascending FQ4  22.3-24.2 312.2
Advanced Melt 52 23-06-2016  0:17  Ascending SQ21  39.6-42.2 902.4

3.3 Methods

3.3.1 RCM Parameter Simulation

The RCM Compact Polarimetry Simulator Version 3.1 was used to simulate linear and
CP parameters using quad-polarimetric RADARSAT-2 imagery as inputs [6]. A list of all the
compact polarimetric parameters and associated equations are given in Appendix 4.1. The data
were simulated in the MR50 mode because it is expected that this mode will be used for ice
monitoring by the CIS [7,8]. MR50 will have a spatial resolution of 50 m resolution (range and
azimuth), 4 looks, a noise equivalent sigma zero (NESZ) of -22 dB with a swath width of 350
km. The RCM simulator undergoes the following process to transform quad-polarimetric
RADARSAT-2 data into linear and CP parameters. First, the RADARSAT-2 single look
complex product is calibrated using Sigma Naught (c°) calibration and the calibrated product is
stored as a 3 x 3 covariance matrix. Then, the 3 x 3 covariance matrix is downsampled to create a
2 X 2 covariance matrix with a spatial resolution of 50 m. From the 2 x 2 covariance matrix,
linear configurations (6%, %y, 6%v) and Stokes vectors (So, S1, Sz, Ss) are generated and
random noise is added to simulate the higher noise floor of the MR50 mode. A Sigma Lee
speckle filter (7 x 7 window; 5 x 5 target window) is applied to Stokes components to estimate
decomposition parameters; is also applied to the linear parameters for consistency. Finally, the
parameters are georectified to the local WGS 1984/UTM projection with a 20 m pixel spacing

[26]. Linear parameters will not available in MR50 mode.
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3.3.2 Ice Type Separability and Classification
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Figure 3.2 Flow chart showing statistical ice type separability and classification analyses of
RADARSAT Constellation Mission (RCM) parameters.

Georectified RCM parameters were used in the subsequent analyses as outlined in Figure
3.2. First, regions of interest (ROI) corresponding to areas of homogeneous FY 1, deformed FYI
(DFY1) and MY were isolated within each RCM parameter stack, using visual interpretation of
collocated high resolution winter RADARSAT-2 imagery and ice chart data provided by the
CIS. These subsets were used to conduct a two-sample Kolmogorov-Smirnov (KS) test in order
to assess the statistical separability between ice type combinations (FYI/MY1, FYI/DFYI,
MY I/DFY1). The KS test is a nonparametric hypothesis test which measures the maximum
absolute distance between cumulative distribution functions of two populations. This type of test
is valuable because it does not assume normality, nor is it affected by data transformations (such
as conversions from power to dB), and it provides a measure of separability between 0 and 1.
Three parameters that showed the highest separability between ice type combinations were
chosen as inputs for a supervised Support Vector Machine (SVM) classification and subsequent

texture analyses.

Grey level co-occurrence matrix (GLCM) derived texture features were chosen because

they have been shown to be effective for enhancing ice type separability (Clausi, 2002; Liu et al.,
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2015). GLCM texture features are calculated by varying a number of parameters including

window size, quantizer type (probabilistic or even distance), quantization levels (G),

displacement (3) and orientation (0, 45, 90 and 135°). A window size of 9 x 9 was selected, as

well as a 6 of 2, with a probabilistic quantizer and a G of 64. The probabilistic quantizer was

chosen because it is less sensitive to outliers. The following ten GLCM texture features were

calculated for each of the top three RCM CP parameters by ice type combination: Contrast,

Dissimilarity, Homogeneity, Angular Second Moment, Energy, Maximum Probability, Entropy,
GLCM Mean, GLCM Variance and GLCM Correlation (Table 3.2). The ability of GLCM

texture features to improve ice type separability and subsequent classification was assessed using
the KS test. For example, for Winter S2 which comprised of FYI and MY], the top three RCM

CP parameters with the highest KS distances were chosen. Then, each of the three parameters

were used to calculate the ten GLCM texture features, for a total of thirty images. The KS test

was used to calculate ice type separability for each of the thirty possible GLCM images and

averaged for each of the ten GLCM texture features. The top two GLCM texture features with

consistently improved ice type separability were used in the subsequent SVM classification.

Table 3.2 Descriptions of GLCM texture features.

Parameter

Contrast

Dissimilarity
Homogeneity

Angular Second Moment
Energy

Maximum Probability
Entropy
GLCM Mean

GLCM Variance

GLCM Correlation

Abbreviation

CON

DIS

HOM

ASM

ENE

MAX

ENT

GLM

GLV

GLC

Description

Contrast group, measure of variations in local intensity. Also known
as Inertia.

Contrast group, a measure of smoothness.

Contrast group, also known as Uniformity.

Orderliness group, measure of homogeneity. Square-root of ASM.
Also known as Uniformity, detects disorder.

Orderliness group, a homogeneity statistic.

Orderliness group, measure of complexity. Homogeneous scenes
exhibit a low ENT, and inhomogeneous scenes a high ENT.

Statistics group, the probability that two pixels are neighbours.

Statistics Group. A high variance is associated with values that highly
differ from the mean.

Statistics group, a measure of linear dependence between
neighbouring pixels.
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SVM is an effective supervised classification method for noisy data as it is able to model
complex non-linear boundaries between classes. The SVM algorithm is highly dependent on the
kernel function chosen, with a variety of kernel function types available including: linear,
polynomial, radial basis function and sigmoid. It has been shown that that the sigmoid and
polynomial kernels do not provide significantly improved classification results and are more
computationally intensive [30]. The penalty parameter, along with the type of kernel function
chosen define the plane used to separate between classes. A high penalty parameter will require
that as much of the training data as possible is divided by the plane. Based on Brisco et al. (2013)
different penalty parameters were tested and it was observed that the variations in the penalty
parameter had little to no influence on the classification accuracy, thus a moderate value of 100
was chosen [31]. Finally, a probability threshold of 0 was chosen because it leads to all pixels
within a scene being assigned a class. An analysis on the effect of probability thresholds on
classification accuracies merits further investigation, as SAR imagery often contains unusually
high and low backscatter values. Furthermore, in operational applications it is necessary to
establish the presence (target detection) of certain ice features such as MY floes and highly
deformed FY1, consequently it may not be necessary to classify every pixel in the scene.

Training datasets for the SVM classifications were compiled through visual interpretation
of collocated winter RADARSAT-2 imagery and CIS ice chart data. Polygons were manually
drawn around randomly generated points and used as ROIs to create a database consisting of
locations of homogeneous ice type samples. Each scene was classified twice: (1) using 3 RCM
parameters that showed the highest separability using the KS test and, (2) using 3 RCM
parameters and their 2 corresponding GLCM texture parameters which showed the highest
separability between ice types (nine in total). Confusion matrices were calculated to assess the
classification accuracies by ice type, along with overall accuracies and Kappa coefficients. Like
the training data, accuracy assessment ROIs representative of FY1, MY and DFY| were
acquired using the collocated winter RADARSAT-2 imagery and CIS ice charts. It is worth
noting that the winter RADARSAT-2 imagery was of higher spatial resolution than the simulated
MR50 mode RCM parameters, hence care was taken to extract areas of interest away from edges
of ice floes and ridges. The number of polygons and pixels used to train the classifier are shown
in Table 3.3.
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Table 3.3 Training and validation data used for supervised SVM classifications of winter and
advanced melt RCM scenes. The total number of pixels, and the number of polygons in brackets,
is shown. There was no DFY'| in Winter S2 and Advanced Melt S1.

Training Samples Validation Samples
Image FYI DFYI MY FYI DFYI MY
Winter S1 2075 (30) 2409 (43) 2051 (51)  1555(15) 2578 (27) 3174 (33)
Winter S2 2428 (37) - 2512 (50) 1479 (22) - 1553 (28)
Advanced Melt S1 2075 (20) - 2277 (36) 2204 (21) - 2856 (30)

Advanced Melt S2 2467 (25)  2571(29)  2877(13) 6649 (20)  3873(35) 4686 (13)

To aid discussion on scattering mechanisms quad-polarimetric winter RADARSAT-2
imagery was used to generate Freeman-Durden polarimetric decompositions which model the
covariance matrix as a combination of three scattering mechanisms: surface, volume and double-
bounce. The Freeman-Durden decomposition parameters can be used to create a RGB composite
with the red corresponding to double-bounce scattering, green associated with volume scattering
and blue showing backscatter associated with surface scattering [32]. Freeman-Durden
decompositions were obtained by applying a polarimetric Lee Sigma speckle filter with a sigma
of 0.9, a 9 x 9 sliding window and a target window of 3 x 3, then calculating the Freeman-

Durden polarimetric decomposition (5 x 5 window size).

3.4 Results and Discussion

3.4.1 Ice Type Separability
3.4.1.1 Winter

Table 3.4 shows KS distances which define separability between major types for Winter
S1 (FQ15) and Winter S2 (FQ21) RCM parameters. KS distances represent separability between
FYland MY (FYI/MYI), FY1l and DFYI (FYI/DFYI) and, DFY1 and MY (DFYI/MYI) for
Winter S1, whereas for Winter S2 KS distances were calculated for the FYI/MY 1 ice type
combination only. Winter S1 generally exhibited higher discrimination ability for FYI/MY| than
Winter S2. The top three Winter S1 parameters for FYI/MY]I discrimination were c%rgr, Hi and So
with a KS separability of 0.99. For Winter S2, Hi, So and % showed highest separability for
FYI/MY1 with 0.96, 0.96 and 0.94, respectively. The top three Winter S2 parameters for
FYI/DFYI and MYI/DFYI discrimination were 6%rr, CPSealcepepol and myv. Improved

52



53

discrimination ability was observed for FY1/DFYI than for MYI/DFY 1 for all three parameters,
with a KS separability of 0.97 and 0.78 for FYI/DFYI and MYI/DFYT using c%r. Similarly,
CPSealcepepol and myv showed a KS separability of 0.96 for FYI/DFYI, which decreased to 0.76
for myv and 0.75 for CPSealcepepol for MY I/DFY . The histograms of the three parameters with
the highest discriminability of FYl and MY are presented in Figure 3.3. As expected, FY1 is
characterized by lower backscatter than DFYl and MY.

Generally, 6°&r, 6%L, 6%n, 6°rv and their linear counterparts 6%4n, 6°Hv and 6%vv showed
high separability for FYI/MYI and FYI/DFYI (Table 3.4). Though, a decrease in separability
was observed for DFYI/MY1 in Winter S1. Similarly, So, myv and H; performed well for
discriminating between FY1 and MY as well as FY1 and DFY |, with a decrease in separability
for DFY1/MY . All three parameters of the CPSealce composite showed high ice type
discrimination ability. Conversely, 6%rv/rn, delta, 1-m, Conformity, pRVRH and . consistently
exhibited low separability between ice types (KS <0.4). Hp, S1 and a-s also showed low
discrimination ability (KS <0.5). Finally, co- and cross-polarization ratios of linear backscatter
parameters (6%vvsmH, 6%hvinn, 6%hvivy) Yielded poor separability between ice types for Winter S1
(KS < 0.4) and marginally higher separability for Winter S2 (Table 3.4). In general, these results
are consistent with those found by Geldsetzer et al. (2015) [26]. Linear backscatter parameters

will not available in MR50 and were not used in subsequent texture and classification analyses.
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Table 3.4 Winter S1 and Winter S2 KS distances (0 to 1) for major ice type combinations.
Bolded values correspond with statistically significant separability (p<0.01). Cell shading
visually emphasizes discrimination ability of each RCM parameter, with high separability
corresponding to light shading and low separability to dark shading. The top three most
separable CP parameters which were used in the subsequent GLCM calculation are denoted with
an asterisk (*).

Winter S1 Winter S2
Parameter FYI/MYI FYI/DFYI DFYI/MYI FYI/MYI
iy 0.99 0.90 0.64 0.92
ol 0.98 0.91 0.67 0.93
ofR 0.99* 0.97* 0.78* 0.93
o 0.98 0.91 0.62 0.93
O-}(?)V/RH
1)
1I-m
Conformity
pRVRH
He
mye
myv 0.98* 0.96* 0.76* 0.91
myo 0.88 0.84
mad 0.65 Y.
mdv 0.98 0.96 0.76 0.91
mos 0.85
as oo
Hi 0.99* 0.94 0.73 0.96*
Hy 0
So 0.99* 0.94 0.73 0.96*
sl —
Sz
Ss 0.81
ody 0.99 0.89 0.65 0.93
aly 0.97 0.88 0.65 0.78
oy 0.98 0.93 0.68 0.94
O-IgV/HH
0'13V/VV 0.60
CPSealcepeita 0.91
CPSealcepepol 0.98 0.96* 0.75* 0.93*
CPSealcerco 0.93 0.78 0.86
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Figure 3.3 Histograms of CP parameters that exhibited the highest KS separability for Winter
S1 (top) and Winter S2 (bottom). FY1 distributions are shown in green, DFY| in blue and MY
in brown.

Table 3.5 shows average KS separability and the standard deviation of each GLCM
feature calculated for the top three most separable CP parameters. Overall, FYI/MYI
discriminability was higher for Winter S1 than Winter S2. Similarly to the KS analyses of RCM
parameters, FYI/DFY1 separability was generally higher than MY I/DFY1. MAX and GLC
exhibited low discriminability. Generally, CON, DIS, HOM, ASM, ENE, ENT and GLC KS
separability was not higher than separability using RCM parameters for FYI/MY | of Winter S2,
and showed higher variability between the three source parameters (higher standard deviation)
than Winter S1. However, for GLM and GLV GLCM features, the average separability between
MY and DFY1 improved from 0.76 to 0.89. Overall, GLM and GLV showed consistently higher

separability across both scenes for all ice type combinations.
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Table 3.5 Winter S1 and Winter S2 average (and standard deviation) KS distances representing
separability between sea ice types using RCM and GLCM texture features. RCM refers to the
average separability of the top three CP parameters. Each GLCM value is the average
separability of the feature, calculated for the top three parameters. All values are statistically
significant (p<0.01).

FYI/MYI FYI/DFYI MY I/DFYI

Winter S1 Winter S2 Winter S1 Winter S1
RCM 0.99 (0.00) 0.95 (0.01) 0.96 (0.01) 0.76 (0.01)
CON 1.00 (0.00) 0.48 (0.42) 0.95 (0.05) 0.47 (0.26)
DIS 1.00 (0.00) 0.46 (0.45) 0.93 (0.09) 0.47 (0.27)
HOM 1.00 (0.01) 0.41 (0.50) 0.91 (0.10) 0.50 (0.35)
ASM 0.99 (0.01) 0.43 (0.48) 0.91 (0.07) 0.52 (0.31)
ENE 0.99 (0.01) 0.43 (0.48) 0.91 (0.07) 0.52 (0.31)
MAX 0.95 (0.08) 0.38 (0.50) 0.78 (0.14) 0.49 (0.27)
ENT 1.00 (0.00) 0.45 (0.46) 0.96 (0.03) 0.52 (0.35)
GLM 1.00 (0.00) 1.00 (0.00) 1.00 (0.00) 0.88 (0.01)
GLV 1.00 (0.00) 1.00 (0.01) 1.00 (0.00) 0.89 (0.01)
GLC 0.52 (0.37) 0.69 (0.33) 0.48 (0.43) 0.35(0.18)

3.4.1.2 Advanced Melt

Table 3.6 shows KS statistics representing ice type separability for Advanced Melt S1
(FQ4) and Advanced Melt S2 (SQ21). Advanced Melt S1 KS statistics represent separability
between FY1 and MY |, whereas separability was calculated for FYI/MYI, FYI/DFYI and
DFYI/MY 1 for Advanced Melt S2. Advanced Melt S1 yielded higher KS separability values than
Advanced Melt S2, with optimal parameters for FYI/MY] discrimination being 6%&r, Sz and
myv, with KS statistics of 0.59 for c’%&r and 0.50 for S, and myv (Figure 3.3). Conversely, the
highest KS separability for Advanced Melt S2 was 0.35. As expected, separability between ice
types decreases significantly from winter to advanced melt. However, Advanced Melt S1 shows
promise for the use of steep incidence angle imagery to discriminate between FY1 and MY

during the melt season.
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Table 3.6 Advanced Melt S1 and Advanced Melt S2 KS distances (0 to 1) for major ice types.
Bolded values are statistically significant (p<0.01). Cell shading visually emphasizes
separability, with high separability values corresponding to light shading and low separability to
dark shading. The top three most separable CP parameters which were used in the subsequent
GLCM calculation are denoted with an asterisk (*).

Advanced Melt S1 Advanced Melt S2
Parameter FYI/MYI FYI/MYI FYI/DFYI DFYI/MYI
ORH
ol 0.42
ORR
U}?V/RH
6 0.47
1-m
Conformity
pRVRH
e
mye
myv 0.50*
myo s
mdd 0.40
mov 0.50
Os
Hi 0.40
Hy o
So ’
s, o
Sz
. .
Ofn
ady 0.47
TPy
O-I(/)V/HH
O-IE)IV/HH
O-IE)IV/VV
CPSealcepeita
CPSealcepepol 0.49

CPSealcerco
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Figure 3.4 Histograms of CP and linear parameters that exhibited the highest KS separability
for Advanced Melt S1 (top) and Advanced Melt S2 (bottom). FYI distributions are shown in
green, DFY1 in blue and MYl in brown.

Table 3.7 shows the average and standard deviation of KS distances for each GLCM

feature calculated for the top three CP parameters with the highest KS statistics for each ice type

combination. Advanced Melt S1 c%g, S2 and myv all had an average KS separability of 0.53;
this is surpassed by GLM or GLV with a separability of 0.77. Similarly, average KS separability
for FYI/MY1 in Advanced Melt S2 was 0.35; this is also surpassed by GLM and GLV, with a
separability of 0.55 and 0.56, respectively. For both scenes, only GLM and GLV achieved higher

separability between FY1 and MY . For Advanced Melt S2, all GLCM parameters achieved
higher ice type separability than RCM for FYI/DFY 1, with the highest separability of 0.43
observed using ASM and ENE. Finally, MYI/DFY average discriminability for RCM
parameters was 0.33 which was surpassed by GLM and GLV reaching 0.69 and 0.70,

respectively. Since GLM and GLV improved separability between ice types during winter and

advanced melt, they were included in subsequent SVM image classification.
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Table 3.7 Advanced Melt S1 and Advanced Melt S2 average (and standard deviation) KS
distances representing separability between sea ice types using CP and GLCM texture features.
RCM refers to the average separability of the top three CP parameters. Each GLCM value is the
average separability of the feature, calculated for the top three parameters. All values are
statistically significant (p<0.01).

FYI/MYI FYI/DFYI MYI/DFYI
Advanced Advanced Advanced Advanced
Melt S1 Melt S2 Melt S2 Melt S2

RCM 0.53 (0.04) 0.35 (0.00) 0.22 (0.03) 0.33 (0.00)
CON 0.44 (0.12) 0.22 (0.15) 0.28 (0.09) 0.34 (0.19)
DIS 0.45 (0.14) 0.25 (0.09) 0.31 (0.15) 0.34 (0.16)
HOM 0.37 (0.25) 0.33(0.12) 0.40 (0.17) 0.34 (0.10)
ASM 0.36 (0.22) 0.37 (0.11) 0.43 (0.13) 0.31 (0.05)
ENE 0.36 (0.22) 0.37 (0.11) 0.43 (0.13) 0.31 (0.05)
MAX 0.35 (0.06) 0.38 (0.09) 0.42 (0.07) 0.19 (0.02)
ENT 0.33(0.27) 0.33(0.12) 0.41 (0.16) 0.34 (0.06)
GLM 0.77 (0.05) 0.55 (0.01) 0.35 (0.04) 0.68 (0.02)
GLV 0.77 (0.05) 0.56 (0.01) 0.36 (0.04) 0.69 (0.02)
GLC 0.29 (0.02) 0.34 (0.15) 0.26 (0.16) 0.24 (0.05)

3.4.2 Ice Type Classification
3.4.2.1 Winter

Winter S1 exhibited an overall classification accuracy of 81.21%, and a Kappa
coefficient of 0.71. By ice type, FYI showed the highest overall accuracy of 95.11%, followed by
DFY1 with 82.08% and MY I with 73.69%. With inclusion of GLM and GLV texture parameters,
overall classification accuracy increased to 90.53%, with a Kappa coefficient of 0.85. Winter S2
had an overall classification accuracy of 96.93% (Kappa = 0.94), which increased to 99.37
(Kappa = 0.99) with inclusion of GLM and GLV. The majority of the increase in accuracy
occurred for MY, with the accuracy increasing from 96.07% to 100.00%. FYI overall accuracy
increased from 97.84% to 98.72% (Table 3.8).
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Table 3.8 Winter classification accuracies by ice type, average overall accuracies and Kappa
coefficients. Each scene was classified using CP parameters alone and using CP parameters with
corresponding GLCM Mean and GLCM Variance texture features as input variables.

Accuracy by Ice Type (%)
Overall Accuracy Kappa

Scene  Input Parameters FYI DFYI MY (%) Coefficient
Winter S1  CP Only (a2, Hi, So) 95.11 82.08 73.69 81.21 0.71
CP & GLCM 99.68 86.77 89.1 90.53 0.85
Winter S2 CP Only (CPSealcepepal, Hi, So) 97.84 - 96.07 96.93 0.94
CP & GLCM 98.72 - 100 99.37 0.99

Figure 3.5 shows the dominant stage of development (ice type) of the study area (Figure
3.5a), Freeman-Durden decomposition of the RADARSAT-2 imagery used to simulate the RCM
parameters (Figure 3.5b), o%n backscatter of the simulated RCM data (Figure 3.5¢), and the
results of the supervised SVM classification of Winter S1 with CP parameters alone as input
variables (Figure 3.5d), as well as both CP parameters and GLM and GLV texture parameters
(Figure 3.5e). According to the CIS ice chart data, the area covered by Winter S1 is dominated
by MY 1 and thick FYI. In Figure 3.5b the Freeman-Durden decomposition characterizes areas of
smooth FYI as dark blue which correspond to surface scattering as the dominant scattering
mechanism. DFY1 is characterized by a combination of surface and volume scattering with the
former likely dominant; the rougher surfaces resulting in a lighter blue colour. MY is
characterized by a more equal combination of surface and volume scattering, resulting in a cyan

colour.
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Figure 3.5 Winter S1 (FQ15) classification results. (a) CIS ice chart depicting dominant sea ice
stage of development (no distinction is made between FY| and DFY 1 in charts). The black
polygon shows the location of Winter S1 RADARSAT-2 image acquisition (b) Freeman-Durden
decomposition RGB composite of the RADARSAT-2 image used to simulate the CP parameters.
Red corresponds to dominant double bounce scattering, green to volume scattering and, blue to
surface scattering. (¢) RCM RH backscatter. (d) SVM classification output using 3 most
separable CP parameters as input variables. (e) Classified image using CP parameters as well as
GLM and GLV texture parameters as input variables.

The input parameters for the classification in Figure 3.5d were c%rg, Hi and So. They are
shown along with the Freeman-Durden decomposition in Figure 3.6. All three parameters
showed high separability between the three ice types, with marginal overlap in signatures
between MYT and DFYI. Considering 6% (Figure 3.6b), FY1 ranges from -28 dB to
approximately -20 dB, DFY ranges between -22 dB and -12 dB, and MY ranges from
approximately -18 dB to -5 dB (Figure 3.3). For sea ice applications 6’rr is said to be high
during high volume scattering situations, leading to depolarization of the incident wave, with this
type of behaviour occurring on MY more than FY1. Shannon Entropy is composed of the

intensity (Hi) and polarimetric (or phase) components and is a measure of target disorder and
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depends on the total power and the target surface roughness. Hi (Figure 3.6¢) exhibits a smaller
contrast between MYI and DFY] than c%g, but retains high visual separability between both FY1
and both DFYI and MY . Hi is highly dependent on surface roughness, thus the reduced
separability for DFY1 and MY 1 evident in Figure 3.6¢ and by the high overlap of histograms in
Figure 3.3 can be explained by the fact that both MYl and DFY are characterized by high

surface roughness.

So (Figure 3.6d) represents total power and is thus sensitive to all scattering mechanisms.
DFYI and MY are expected to have higher total intensity of backscatter as a result of increased
volume and surface scattering, compared to FYI. Due to exposure to melting conditions, MY |
undergoes desalination processes which lowers its bulk salinity and leaves air bubbles in place of
brine. Thus MYl is characterized by increased penetration for C-band frequency and enhanced
volume scattering from the desalinated upper layer. In contrast, FY| has a much higher bulk
salinity which reduces the penetration depth and, leads to relatively little volume scattering. MY |
has the highest So (0 to -5 dB), followed by DFY (-5 to -17 dB) and FY (-12 to -22 dB) (Figure
3.3). Similarly, Figure 3.6d shows bright areas associated with MYl, followed by lower intensity

areas of DFY, and dark areas dominated by FYI.
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Figure 3.6 Winter S1 (FQ15) Freeman-Durden decomposition of the RADARSAT-2 scene used
to simulate the RCM parameters is shown in (a). Classification input variables are 6%, shown in
(b), Hi, shown in (c) and So, shown in (d).

From the by ice type classification accuracy results, it can be seen that the decrease in
classification accuracy is dominated by confusion between DFY| and MY, with FY displaying
very high classification accuracy using either CP parameters (~96%), or CP and GLCM texture
features (100%). GLV and GLM are both “statistics group” parameters and rely on statistical
relationships between neighbouring pixels, thus increasing homogeneity in homogeneous areas,
and increasing heterogeneity in heterogeneous areas such as edges of ice floes. It is likely that
the calculation of GLV and GLM within a relatively large window size of 9 by 9 also leads to an
overall generalization of the scene as well as further reduction of speckle which contribute to
improved classification accuracies and visual representation of the ice. With the inclusion of
texture (Figure 3.5e), areas of FY1, DFYI and MY appear much more uniform. Overall, the

confusion between classes is reduced with the addition of GLCM texture parameters.
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Figure 3.7 Winter S2 (FQ21) classification results. (a) CIS ice chart depicting dominant sea ice
stage of development. The black polygon is showing the location of Winter S1 RADARSAT-2
acquisition (b) Freeman-Durden decomposition RGB composite of quad-pol RADARSAT-2
image used to simulate the RCM parameters. Red corresponds to dominant double bounce
scattering, green to volume scattering and, blue to surface scattering. (¢) RCM RH backscatter.
(d) SVM classification output using 3 most separable RCM parameters as input variables. (e)
Classified image using RCM parameters with highest ice type separability and GLCM Mean and
GLCM Variance texture parameters as input variables.

At the time of the Winter S2 (FQ21) RADARSAT-2 acquisition, the area of interest
primarily consisted of MY and thick FYI (Figure 3.7a). This can be seen in higher detail on the
RGB composite of the Freeman-Durden decomposition of the RADARSAT-2 image used to
simulate the RCM parameters (Figure 3.7b). The scene only contains surface scattering FYl,
which appears dark blue in Figure 3.7b, and MY |, which appears as cyan due to a combination of
volume and surface scattering. Edges of MY| floes appear to be light green and magenta in
colour which is linked with high volume and double bounce scattering, respectively. The edges
of ice floes will have a higher component of double bounce scattering because these areas are

dominated by compression and thus high geometric roughness.
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The input parameters for the classification were Hi, So and CPSealcepepol and visual
separability between FY1 and MY 1 is high for all three channels (Figure 3.8). Hi is highly
dependent on surface roughness and total power and therefore exhibits high separability between
smooth FYI and MY 1. Similarly, So which is representative of total power also allows for good
differentiation between FYI and MY but not as strong as Hi (Figure 3.8b and c). Finally,
CPSealcepepol Shows good visual separability between FY1 and MY as it is sensitive to both

surface and volume scattering.

Freeman-Durden

CPSealcepepol

(dB)

Figure 3.8 Winter S2 Freeman-Durden decomposition of the RADARSAT-2 scene used to
simulate the RCM parameters is shown in (a). Classification input variables are H; shown in (b),
Soshown in (c) and, CPSealcepepo Shown in (d).

Similar to Winter S1, Winter S2 classification accuracies improved with the addition of
texture features (Table 3.8). The addition of GLM and GLV increased FY classification
accuracy from 96.93% to 99.37%. MYl accuracy increased from 96.07% to 100%. The reduction
of speckle-like misclassified pixels on FY 1 and MY is even more pronounced in Winter S2 than
Winter S1 (Figure 3.7e). The majority of the MY floes are not contaminated by small amounts
of “FYT pixels” without loss of detail in small areas of FYI. However, some ridges of FYI in the

southeast corner of the scene are being misclassified as MY|.
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3.4.2.2 Advanced Melt

Advanced Melt S1 (FQ4) had an overall classification accuracy of 77.06% with a Kappa
coefficient of 0.52 using only CP parameters as input variables. With the inclusion of GLM and
GLV, overall classification accuracy of 85.91% was observed, an increase of 8.85%. The Kappa
coefficient increased by 26.76%, to 0.71. The overall accuracies and Kappa coefficients of
Advanced Melt S2 (SQ21) were lower. However, overall classification accuracy using CP and
GLCM parameters was higher at 61.17% (Kappa = 0.41), compared to CP parameters alone of
48.54% (Kappa = 0.21). By ice type, Advanced Melt S1 had higher overall classification
accuracies for MY than FYI. MYl overall classification accuracies were 86.31% and 94.22%
using CP parameters only, and CP plus GLCM, respectively. The inclusion of GLM and GLV
significantly improved overall classification accuracy of FY1 from 65.06% to 75.14%. Using CP
parameters as input variables, Advanced Melt S2 had classification accuracies of 30.29%,
48.29% and 63.98% for FYI, DFYI and MY/, respectively. With the inclusion of GLM and
GLV, classification accuracies increased to 67.75%, 63.33% for FY| and DFY, respectively.
However, a decrease was observed for MY to 52.65% (Table 3.9).

Table 3.9 Classification accuracies by ice type, average overall accuracies and Kappa

coefficients. Each scene was classified using CP parameters alone and using CP parameters with
corresponding GLCM Mean and GLCM Variance texture features as input variables.

Accuracy by Ice Type (%)

Overall Kappa
Scene Input Parameters FYI DFYI MY Accuracy (%)  Coefficient
Advanced MeltS1  CP Only (o3&, S2, myv) 65.06 - 86.31 77.06 0.52
CP & GLCM 75.14 - 94.22 85.91 0.71
Advanced MeltS2 ~ CP Only (Hi, So, 05y) 30.29 48.29 63.98 48.54 0.21
CP & GLCM 67.75 63.33 52.65 61.17 0.41
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Figure 3.9 Advanced Melt S1 (FQ4) classification results. (a) CIS ice chart depicting dominant
sea ice stage of development. The black polygon shows the location of Advanced Melt S1
acquisition (b) Freeman-Durden decomposition RGB composite of quad-pol RADARSAT-2
image used to simulate the RCM parameters. Red corresponds to dominant double bounce
scattering, green to volume scattering and, blue to surface scattering. (¢) RCM RH backscatter.
(d) SVM classification output using 3 most separable RCM parameters as input variables. (e)
Classified image using RCM parameters with highest ice type separability and GLCM Mean and
GLCM Variance texture parameters as input variables.

Figure 3.9 shows the CIS ice chart data, collocated winter RADARSAT-2 imagery,
Advanced Melt S1 ¢°rn backscatter, and two classification outputs corresponding to CP
parameters and CP and GLCM texture parameters. The dominant stages of sea ice development
in the area are MY and thick FY.
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Figure 3.10 6 by 6 km panels of 6’ depicting signature reversal in original Advanced Melt S1
RADARSAT-2 imagery. A mixture of FY 1 and MY in the winter is shown in (a) and
subsequent advanced melt conditions in (b).

During the melt season, the ice cover transitions from a combination of dry snow and
bare ice to highly spatially and temporally variable matrix of melting snow, ice and melt ponds.
During the advanced melt period the ice is mainly covered with bare or draining ice and melt
ponds, with FY I typically exhibiting higher melt pond coverage than MY . The penetration depth
of C-band SAR is highly dependent on volumetric moisture content and is expected to be
approximately 10 cm for wet snow, and less than 7 mm for liquid water [11,33]. A reversal in
intensity of backscatter signatures in HH have been recorded for FYl and MY in C-band and L-
band frequencies during the melt season [33,34]. The phenomenon is attributed to the brine
wetted snow grains of FY leading to an increase in volume scattering, and the liquid content of
the MY snow pack masking the strong volume scattering signature of the MYl. The signature
reversal in FYl and MY, between winter and advanced melt, is observed in the HH channel of
the original RADARSAT-2 imagery (Figure 3.10) and simulated CP parameters (Figure 3.11).
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(b) RS-2Winter 6’ [(c) RS-2 Summer 0%y

Figure 3.11 Advanced Melt S1 (FQ4) co-located panels coincident with the high resolution
GeoEye-1 optical image. (a) GeoEye-1 optical imagery acquired on June 25, 2015, (b)
Collocated winter RADARSAT-2 image, 6%, (¢) 6%1n of the Advanced Melt S1 RADARSAT-
2 image used to simulate the RCM parameters, (d) 6%&g, (€) Sz and, (f) myv. The red arrows point
to high intensity areas associated with FY.

Based on the available observations, we suggest the following explanation for the
observed signature reversal in Advanced Melt S1. Figure 3.11a shows the GeoEye-1 high

resolution optical image which was acquired on June 25, 2015, one day prior to the acquisition of
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the RADARSAT-2 image (Figure 3.11c) used to simulate the RCM parameters (Figures 3.11d —
f). In the GeoEye-1 image it can be seen that the ice cover is dominated by melt ponds, with FY1
experiencing higher melt pond coverage than MY . At this stage of melt it is likely that the bright
areas seen in the GeoEye-1 image correspond to bare ice, rather than melting snow. Using in situ
scatterometer and wind speed measurements, Scharien et al. (2014) established relationships
between wind speed and C-band backscatter at varying incidence angles (25°, 35°, 45° and 55°)
on FYI melt ponds [35]. They found that backscatter intensity at a 25° incidence angle increases
from approximately -30 dB, up to over -5 dB at wind speeds of approximately 2 m/s and higher.
A similar, but weaker dependencies were observed at incidence angles of 35°, 45° and 55°[35].
Considering that FY is characterized by a higher melt pond coverage than MY, wind
roughened melt ponds will enhance the backscatter from those areas, and allow for separability
of FYl and MY at a steep incidence angle. Furthermore, melt ponds on smooth FY tend to be
larger in area and form interconnected networks, compared to MY | which tends to have smaller,
more isolated melt ponds due to greater ice topography [35,36]. This connectivity will lead to an
increase in the fetch and wave growth of the melt ponds on FYI. Due to the lack of
interconnected channels between melt ponds necessary for wave growth, and the effective
masking of volume scattering from air bubble rich upper layer by melt ponds on MYI, MY
backscatter appears low. Finally, as observed in the winter period, the backscatter of SAR
imagery acquired at a steep incidence angle exhibits a lower diffuse or specular component, thus
is better able to capture the increase in backscatter intensity associated with wind roughened melt
ponds on FYI.

o%r, Sz and myv exhibit higher intensity over FYI than MY (Figure 3.11, Figure 3.4). It
is expected that 6%r and myv will be higher in areas dominated by volume scattering, where the
multiple bounces lead to depolarization of the incident wave. However, wind roughened melt
ponds are expected to conform to Bragg scattering at wind speeds under 8.0 m/s [35], thus it is
possible that the CP parameters which are sensitive to volume scattering are also sensitive to

Bragg scattering.

Advanced Melt S2 (SQ21) is located in an area comprising MYl and thick DFYI (Figure
3.12). The northwest portion of the scene is covered by a large MY floe which is approximately
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~10 km in width, and 20 km in length. The northeast portion of the scene is dominated by
smaller MYl floes and areas of DFY|I. Finally the southern part of Advanced Melt S2 is
predominately smooth FY with long ridges.

(€)

(c) (d)

_:—ﬁi(m (dB) 0_4=8—16km o_428—16km
Figure 3.12 Advanced Melt S2 (SQ21) classification results. (a) CIS ice chart depicting
dominant sea ice stage of development. The black polygons shows the location of Advanced
Melt S2 acquisition (b) Freeman-Durden decomposition RGB composite of quad-pol
RADARSAT-2 image used to simulate the RCM parameters. Red corresponds to dominant
double bounce scattering, green to volume scattering and, blue to surface scattering. (c) RCM
RH backscatter. (d) SVM classification output using 3 most separable RCM parameters as input
variables. (e) Classified image using RCM parameters with highest ice type separability and
GLCM Mean and GLCM Variance texture parameters as input variables.

At the time of image acquisition, Advanced Melt S2 exhibited a backscatter signature
merging between ice types (Figure 3.4). A nearly complete overlap in backscatter intensities are
observed for Hi, So and o%n. Figure 3.13 shows a loss of visual separation between FY| and
MYI, with FYT ridges and MY retaining high 6’%&+, and smooth FY increasing in backscatter
intensity. It can be seen that a lot of confusion exists between MY and both FY1 and DFY|,

however, the large MY | floe was classified correctly (Figure 3.12d).
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Figure 3.13 6 by 6 km o% (dB) panels depicting signature merging in original Advanced Melt
S2 RADARSAT-2 imagery. A mixture of FY1 and MY 1 in the winter is shown in (a) and
subsequent advanced melt conditions in (b).

Figure 3.14 shows that in all three RCM parameters the cracks in the large MY floe are
associated with high values, whereas the ice cover has low values. Figure 3.15 shows that the
surface of the large MY | floe is dominated by bare ice areas and relatively small, discreet melt
ponds (Figure 3.15a and b) compared to areas of FY| which have larger, more interconnected
melt ponds among a matrix of DFY (Figure 3.15b and c). The cracks in the MY floe were
classified as DFY| (Figure 3.12) and it can be seen in the aerial imagery that they are filled with
water (Figure 3.15b). Similar to Advanced Melt S1, the bright areas in the aerial imagery are not
likely to be associated with melting snow at this stage in the melt season because wide spread
ponding is evident on both FY (Figure 3.15a and b) and MY (Figure 3.15c and d).
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Figure 3.14 ¢’ backscatter of a collocated RADARSAT-2 winter scene is shown in (a)
Advanced Melt S2 RCM classification input variables were H; (shown in b), So (shown in c¢) and
CPSealcepepol (shown in d). The dots in (a) correspond to Figure 3.15, with the northernmost
point corresponding to the photo in Figure 3.15a, progressing to the southernmost point, with the
corresponding photo in Figure 3.15d.

Figure 3.15 Imagery from aerial photography survey acquired over the area covered by
Advanced Melt S2. The survey was conducted on June 21st, 2016, two days prior to the
acquisition of Advanced Melt S2. The locations of the photos coincide with the point locations in
Figure 3.15a, with the photo in panel (a) corresponding to the northernmost point in Figure
3.15a, and progressing to (d) corresponding to the southernmost point.
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In general, the addition of GLM and GLV as input variables for supervised SVM
classification improved classification accuracies for both winter and advanced melt scenes over a
wide range of incidence angles (Figure 3.16). Most importantly, Advanced Melt S1 which was
acquired at a steep incidence angle ranging between 22.3 and 24.2° showed a high classification

accuracy of 86% using a combination of RCM and GLCM parameters.
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Figure 3.16 Comparison of overall classification accuracies by incidence angle and season. FQ15
and FQ21 correspond to Winter S1 and Winter S2, respectively. Similarly, FQ4 and SQ21
correspond to Advanced Melt S1 and Advanced Melt S2, respectively.

3.5 Conclusions

This study assessed the utility of simulated CP parameters associated with the upcoming
RCM mission for ice type discrimination during the winter and advanced melt periods. Similar to
previous studies conducted during the winter period, we found that 6%, Hi, So and CPSealcepepol
exhibit high separability between FY1, MY and DFY [25,26]. The results of supervised SVM
classifications indicate that classification accuracies increase with the inclusion of statistics
group GLCM texture parameters (GLM and GLV) by enhancing between class separability and
reducing the presence of clusters of FY|I pixels in a MY zone and vice versa. Winter S1, which
consisted of FYI, MYl and DFY had an overall classification accuracy of 81.21% (Kappa =
0.71) using RCM parameters. The overall classification accuracy increased to 90.53% (Kappa =
0.85) with addition of GLM and GLV GLCM texture features. The majority of the confusion
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between classes was due to similarities in backscatter signatures between DFY| and MY 1. Winter
S2, composed of FY'l and MY |, exhibited a higher overall classification accuracy of 96.93%
(Kappa = 0.94) compared to Winter S1. The classification accuracy further improved to 99.37%
(Kappa = 0.99) once GLCM texture features GLM and GLV were included as input variables.

It was found that %R, Sz, and myv CP parameters from Advanced Melt S1, acquired at a
steep incidence angle, showed good ice type separability between FYI and MY during advanced
melt. An overall accuracy of 77.06% (Kappa = 0.52) was observed. A higher overall accuracy of
85.91% (Kappa = 0.71) was achieved by including GLM and GLV GLCM texture features.
Shallow incidence angle Advanced Melt S2 showed reduced separability between major ice
types and lower classification accuracies of 48.54% (Kappa = 0.21) using RCM parameters
alone; classification accuracy improved marginally to 61.17% (Kappa = 0.41) with the inclusion

of GLCM parameters.

The backscatter intensity inversion between FY1and MY allows for discrimination of
FY1and MY during advanced melt. The sensitivity of steep incidence angle C-band SAR to
wind roughened melt ponds even at low wind speeds leads to greater Bragg scattering on FY|.
Whereas, the presence of melt ponds on MY reduces C-band SAR penetration depth to less than
7 mm, thus masking volume scattering from melt pond covered areas of MYI. This intensity

inversion allows for discrimination between FY| and MYl during the advanced melt period.

RCM is due for launch in late 2018 and will be a primary data source for the CIS. For
operational ice charting applications we recommend the use of 6%r, Hi, So and CPSealcepepol CP
parameters during winter, and c%g, Sz, and myv during advanced melt. Furthermore, we
recommend the integration of statistical group GLCM texture parameters (GLM and GLV) for
improved ice type separability, particularly during advanced melt. GLCM texture features can be
easily integrated into workflows because they are scene specific, provide additional information

on spatial relationships between pixels, and are not computationally intensive.
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Appendix 4.1 Simulated RCM compact polarimetric parameters, associated equations and units
(Adapted from Geldsetzer et al, 2015)

CP Parameter Description Equation Units
Sigma naught backscatter at varied Right circular transmit, horizontal, vertical, right or left
0 0 0 0 ) y y
ORH' ORV) ORR ORL polarizations receive. Power
0
oRy /RH Circular co-polarization ratio ORv/RE = % Power
RH
- S .
) Relative phase angle &= tan™? (5—3) Radians
2
1-m Degree of depolarization JSi+S5+3 Unit-less
9 P wherem = I T—
0
Conformity Conformity coefficient See Truong-Loi et al, 2009 for derivation. Unit-less
pRVRH Corre!atlon coefficient of RV and RH See Dabboor et al, 2014 for detailed description. Unit-less
(amplitude)
. I . So—S
ORR/RL Circular polarization ratio ORp/RL = ﬁ Power
Even bounce scattering component of m- e = m(1 + sin2x)
mye chi decomposition (Raney, Cahill, 2 Power
Patterson, & Bussey, 2012) Where, sin2y = :S\:/S.
— Volume scattering component of m-chi myv = /Sy (1 — m) Power
decomposition
Mo Odd bounce scattering component of m- myo = mSy (1 — sin2x) Power
« chi decomposition \} 2
8d = s 1 —sind
Double bounce scattering component of Moa= Mo
mad delta d iti S Power
m-delta decomposition Where, § = tan~! (S_a)
mév Volume scattering component of m-delta mév = /Sy (1 —m) Power
decomposition
Surface scattering component of m-delta 1+ sind
mas decomposition mds = mSp— Power
L [(VSE+SE .
as Alpha s parameter [38] ag = 0.5 tan s Radians
To3
Tr(T.
H; = 2log (ne ;( 2)>
Hi Intensity component of Shannon Entropy . s Unit-less
Where, T, is the 2x2 compact polarimetric coherency
matrix and, Tr is the matrix trace.
Polarimetric component of Shannon B 4T, :
Hp Entropy H; = log (Tr(TZ)Z Unit-less
So.S1 52 S Stokes vectors (can also be expressed as Power
S1, Sz, S3, S4)
CPSealcepepol E:é)er?é);rt]s:: ;)J;PZS(;}E():E Composite CPSealcepepor = 0%.,(1 — m) Power
CPSealcepeita See above. CPSealcepera= 03;,sin (5%) Power
CPSealcereo See above. CPSealCereo = %GORLGORV e Power
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Chapter 4 Summary and Conclusions

There exist gaps in understanding and parameterizing Arctic sea ice and related processes
during the melt season, due to the complex and highly variable melt conditions combined with a
lack of reliable observations during this time. The Arctic sea ice cover is undergoing rapid
decline, with most of loss in extent observed in September, corresponding to the minimum sea
ice extent [1,2]. Representation of geophysical parameters such as melt pond fraction in climate
models remains poor, and in order to inform mitigation and adaption strategies associated with
climate change, it is necessary to accurately forecast sea ice conditions on short and long-term
scales [3,4].

The research presented in this thesis is motivated by improving melt pond fraction
parametrization in sea ice forecast models and isolating major ice types using SAR during the
melt season. The Arctic is a vast region which has been undergoing rapid climate change driven
changes that will likely have an effect on the climate of mid-latitudes [5]. Furthermore, the
decline in sea ice will likely lead to an increase in human activity, putting pressure on
government agencies to provide accurate and timely information on the location of ice hazards
such as MY . This final chapter summarizes key findings, outlines potential for future research

and acknowledges co-author contributions to the manuscripts.

4.1 Summary of Key Findings

Chapter 2 focused on testing the following hypothesis: melt pond fraction can be
predicted from winter sea ice thickness and surface roughness. The hypothesis was tested by
quantitatively linking winter sea ice thickness and surface roughness to spring melt pond fraction
on landfast Arctic sea ice. High resolution point measurements acquired using an EM induction
instrument (thickness) and a 2D laser scanner (surface roughness) during winter, were compared
to high resolution GeoEye-1 optical imagery of melt pond covered sea ice during advanced melt.
The results support our hypothesis and demonstrate that winter sea ice thickness has a strong
negative association with FY'1 f, (rs = -0.85) and MY 1 f, (rs = -0.56). Surface roughness is
correlated with f, for FYI (rs = -0.52) but not MY I. These quantitative relationships lend support
to previously qualitative work on linking sea ice surface roughness and f,. Importantly, the
hybrid aggregation approach shows consistently improved correlations which suggests that
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aggregation features that take into account both the morphology of the ice and the footprints of
the sensors used to collect the measurements are ideal. The application of a moving average to
the surface roughness data improved associations with f, for both FY1 and MY . This can be
explained by the reduction of uncertainties at the measurement scale, likely associated with snow
roughness and redistribution features, however in situ measurements are necessary for

confirmation.

In Chapter 3 the following hypothesis was tested: compact polarimetric SAR enables
discrimination of major sea ice types during advanced melting conditions. Using simulated RCM
parameters and GLCM texture features from two winter and two advanced melt scenes were
used to assess ice type separability during winter and advanced melt. A two-sample
Kolmogorov-Smirnov statistical test was used to quantify separability, and RCM parameters
with the highest separability were used to generate GLCM texture features for subsequent SVM
image classification. Through classification of two winter scenes it is demonstrated that RCM
parameters provide good discriminability between major ice types during winter conditions, with
overall classification accuracies of 81.21% and 96.93%. The classification of the advanced melt
scene acquired at a steep incidence angle showed good overall classification accuracy of 77.06%,
compared to the advanced melt scene collected at a shallow incidence angle (48.54%). The
addition of GLCM texture features to the classifications lead to improvement in overall
classification accuracies for both winter and advanced melt scenes by increasing between class
separability and reducing clusters of misclassified FY1 and MY | pixels. Most importantly, with
the addition of GLCM texture features, classification accuracy of the steep incidence angle
advanced melt scene improvement by 8.85%, with the Kappa coefficient increasing from 0.52 to
0.71. The ability to discriminate between FY1 and MY can be explained by the sensitivity of
steep incidence angle C-band SAR to wind roughened melt ponds on FY| which manifests as
high Bragg scattering. During the advanced melt period, FY| is dominated by large expanses of
interconnected melt ponds, whereas, melt ponds on MY 1 are less interconnected and are
constrained within the deeper channels of the ice. The results of the SVM supervised
classifications and available observations support our hypothesis. The results of this work

contribute new knowledge on the ability of RCM parameters to distinguish between major ice
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types during the advanced melt period, and corroborated the results from previous studies

demonstrating the utility of RCM parameters for winter ice type separability.

4.2 Opportunities for Future Work

The characterization sea ice surface roughness at both the micro- and macro-scales and
their respective influences on SAR backscatter, remains an active area of research. Generally, it
is thought that micro-scale surface roughness, on the scale of the wavelength of the SAR system,
is the principal scale governing backscatter. However, sea ice surfaces often exceed the micro-
scale criteria, thus macro-scale roughness has a strong effect on backscatter as well. Macro-scale
surface roughness is an important geophysical parameter that affects melt pond distribution.
Using terrestrial LIDAR it has been shown that topographic relief of snow dunes prior to the
onset of melt determine the locations of initial melt pond formation. Whereas, macro-scale
surface roughness controls the aerial extent of melt ponds [6]. The results of Chapter 2 showed
that surface roughness as measured by a 2D laser scanner does not exhibit an association with
MY fp. However, the application of a large moving average (~2400 m) on the roughness data
significantly improved correlations with both FY1 and MY f,. Although, smoothing of data
warrants caution due to the risk of introduction of spatial autocorrelation, this result is of interest
for remote sensing and large scale climate modelling applications. From a signal processing
perspective, it is possible that the smoothing of the surface roughness data reduced footprint
scale uncertainties associated with snow roughness, with the signal of topographic sea ice
roughness remaining [7]. Collocated measurements of snow and sea ice roughness would be
useful for determining the effect of the snow roughness component on the total surface
roughness. Furthermore, more work is required for defining roughness at varied horizontal and
vertical length scales, perhaps through the use of Lidar. In situ LIDAR measurements could be
used to better understand the errors associated with estimates of surface roughness from airborne
and satellite laser altimeter or laser scanner instruments. Improved understanding and
quantification of roughness, particularly at the macro-scale, would also benefit the SAR

community.
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The EM sensor which was used to measure sea ice thickness, does not penetrate through
the snow cover, thus it measures snow plus ice thickness [8]. In the literature, it is assumed that
snow depth in the Victoria Strait region is under 30 cm, however this assumption is derived from
a single location near Cambridge Bay, where snow depth measurements are collected on FY1 [9].
From an in situ snow depth dataset near Eureka, Nunavut, it can be seen that MYl snow depth
can exceed one metre. A collocated dataset of EM sea ice thickness, in situ snow depth and 2D
laser scanner would allow for the isolation of sea ice thickness and comparison with spring fp. In
general, little information exists on snow depth distribution in the CAA, and work is required to
for understanding snow depth variability for major ice types. Chapter 2 was concerned with a
snapshot of melt pond distribution on a particular day in a relatively small geographic area.
Expanding the analyses to larger spatial and temporal scales relevant for climate models is
necessary. Open source high resolution optical data from Sentinel-2, for estimations of fp, as well
as sea ice thickness estimates from spaceborne CryoSat-2, and airborne IceBridge missions can

be used to advance the work.

The research presented in Chapter 3 contributes to the body of work on ice type
separability using C-band CP SAR during the advanced melt period. However, further
investigation is required for understanding C-band SAR sensitivity to variable surface conditions
within the advanced melt period. Access to validation data acquired at the time of SAR image
acquisition, such as high resolution optical imagery, wind speed, wind direction and temperature,
is often limited but necessary for improving our understanding of SAR scattering mechanisms.
To increase the scope of this project, a time series of Sentinel-1 imagery can be used to observe
the backscatter intensity inversion between FY1 and MY, in a variety of Arctic locations. When
not obscured by cloud cover, freely available Sentinel-2 and operation IceBridge optical data can
be used to aid interpretation of scattering mechanisms. A conformation of the observed utility of
steep incidence angle simulated RCM parameters for ice type discrimination using a larger
dataset is also required. A comprehensive assessment of optimal GLCM texture parameters for
major ice type separability during various thermodynamic stages of sea ice evolution at varied
incidence angles is necessary. Finally, the effects of GLCM parameters such as window size,

quantizer type and quantization levels on ice type separability should also be investigated.
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