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Chapterl:l nt roducti on

1.1 Problem statement

Vastlandscapesf sea ice form in the polar oceans, with the Arctic and Southern Oceans experiencing
strong seasonalkeaice cycles characterized by equatorward expansianinter and poleward retreat in
summer. Sea ice plays a critical role in regulating Earth's climate by modulatingiheaica) and
momentum exchanges between the ocean surface and the atm@siafdree, 2016)As the impacts of
humaninduced climate change become increasingly appérgnas et al., 2021 }he ability to accurately

model sea ice in global climate systems is essential for improving predictions of future climate scenarios.
Understanding seige variability at regional and daily scalés a key requirement fdmprovedmodel
parameterization, necessitating detailed knowledge of the atmospheric and oceanic processes that drive ice

formation, melt, and advection.

Seaice models typically incorporate thermodynamic (ice formation and melt) and dynamic promesses (
advection and deformation). While models provide valuable simulations -idesbahaviouy they must

be supplemented by observations for validation, calibration, and initial conditions. However, acquiring i
situ data over the vast Antarctic sie@ landscapé consistently exceeding a llion km2winter extent
(Parkinson, 2019) is logistically impractical. This challenge is amplified when research objectives require
high temporal resolution data, such as hourly or daily measurements. In this context, satellite remote
sensing has become indispensable, offering 1acgée observains of seace concentrationmotion,
thickness, albed@and more However,these observations aderived from electromagneti@diation
emitted or reflected from Earthoés surface, meani
measured. Consequently, sea observationscan bederived using severaldiffering algorithms each
designedo process satellite radiances into useful variablies as concentration and motidiis leads

to algorithmspecific strengths and limitations. For research focusing on daligseariability, careful

consideration of the design and suitabilityttedseprocessing algorithmarethereforeessential.
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One of the most significant drivers of shtetm sedce variability in the Antarcti@re polar andextra
tropical cyclones. These synoptgcale weather systems, with radii ranging from 500 to 2,000 km and
lifetimes of 1 to 3 days, bring intense cyclonic winds and warm, moist air over tieesdaadscapéVichi

etal.,, 2019; Z. Wang et al., 201€yclones can substantially influence sea drift and concentratigmor
example;Turner et al. (2017andZ. Wang et al. (2019)ighlighted theicontribution to the unprecedented
decrease in ice cover between 2MABL6by causing ice tonovenorthward and melt at the warmer lower
latitudes.This phenomenon is likely to grow in influencesxgratropical cyclones shift poleward and polar
storms intensify(Chang, 2017; TamariBrodsky & Kaspi, 2017)Furthermore, &cent studiefndicate a
significantdeclinein the Antarctic seaice extemtrendsince 2014 Fogt et al., 2022; Hobbs et al., 2024;
Purich & Doddridge, 2023% declinethatmodelsfailed to predict highlightinga knowledge gajn our
understanding of seae variability. It is therefore necessary to consider the effect that local weather
systems have on ice dynamics and to evaluate whether these phenomena influence the overall Antarctic
sea ice drift over timebut their transient nature and abundance complicate systematic observational
studies. While opportunistia situmeasurements under a polar cyclone revealed pronouncant skeifit
variability near the ice edge, singlation datasstare insufficient forbroader spatial and temporal
analysis. Satellite observatis offer the only feasible meanssyistematially observingcyclonedriven

seaice variability across thentireSouthern Oceahile dynamic and thermodynamic processes together
alter theseaice landscapedistinguishing their relative contribution from satellite datstiis a challenge

(e.g. Aue et al., 2023; Aue & Rinke, 2023; Clancy et al., 2022; Stevens & Heil,.2011)

This thesis addresses ta®rementionedhallenges by examining the influence of syneptiale weather
systems on Antarctic sea iddore specifically,seaice motiondriven by polar weatheis analysedwith
aheightenedocus orthe link between sei@e and surface wintbtationdynamicsat shoriterm timescales
Additionally, thesuitability of currentsatellite data acquisition techniques for detecsinigdaily to daily
concentration and driftariability is assessednda new frameworlof seaice retrievalprocessingtepss

explored with theaim tomaximisescientificvalue fromhistorical satellite records.
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1.2 Background in Antarctic Sea Ice

Seaice is frozeseavater that grows and melts at the ocean surface. Unlike icebergs, glaciers, or ice shelve

T which form from fresh wateronlaiics ea i ce forms directly on the oceé¢
drops to the freezing point of seawater at approximateByC, dependent osalinity contentlts coverage

is a transient feature thexpands and contraatach year, with its presence primarily dictated by seasonal

and regional ocean temperatures and atmospheric conditions. Sea iceowhgarfd melts within a single
seasonal cycl e ffirstycaer med, 6wlhiulng 6 i © e seisbnaigterrsedr vi v e
6mul t i YWeVOr 2014)i These ice type distinctions arsefulfor describing longeterm changes to
theseasonalce coverage, as these vast landscapes advance equatorward in freezing periods of the winter
months andhen retreat poleward in the proceeding melting periods of the summer months. While the
presence of sea ice is locationally limited to the Ardiiatarcticandsomemarginalseasit contributes

greatly to the global climate system through interactions with solar radiation, atmospheric processes and
ocean circulabn (Budikova, 2009; Massom & Stammerjohn, 2QIMe ice insulates the ocean from the
atmosphere by regulating the heat ahdmicalexchange between adjacent water and air masses, which
subsequently influences local weather and ultimaéigctsclimate feedback process@sancoppenolle

et al., 2013; Vihma, 2014Because of its high albedo, sea ice reflects a significant portion of incoming

solar radiation back into space, contributing to the cooling of the polar regions which helps to moderate
global temperatures. As the ice melts and exposes the darker ockeae,sless sunlight is reflected,

leading to increased absorption of heat by the ocean. This phenoisknown as théce-albedo feedback
(Perovichetal.,2011) Sea i ce al so pl ayteernmwhalinediralationatetmhuged gl o b a
to describe a largscale ocean curreehgenderetty density differences between different water masses

thatin turnredistribute heat and nutrients around the w(Clidrk et al., 2002; Toggweiler & Key, 2003)

The formation of sea ice expels salt, thus increasing the density of the surrounding surfacEheseer

dense waterthensink and flow equatorward, drivinfpesedeep ocean curren(¥ang & Neelin, 1993,

1997) Furthermore, the carbon cycle is also influenced by sea ice. During the formation of sea ice, gases
such as carbon dioxide are exchanged between the ocean and atmosphere, while biological prisductivity

also related to the distribution of seaticeugh thébuffering of nutrientgurther supportingghytoplankton
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communitiegArrigo et al., 1995; Vancoppenolle et al., 2013aice processefurther modulatehesink
for greenhouse gases through the absorption of carbon dicomdéne atmospher@ongwe et al., 2024)

The Antarctic and Arctic seiae landscapes exhibit significant differences driven by a complex interplay

of oceanic, atmospheric, and geographical factors over exgeas®nal cycle@Maksym, 2019)In the

Arctic, sea ice forms within a seranclosed ocean surrounded by North America, Eurasia, and Greenland.
This geographical configuration, illustratedrigure 1.1a, limits the outward movement of sea ice during

the freezing period as it expands from the central Arctic Ocean towards surrounding coastlines. As a result,
Arctic sea ice comprises both figtar ice and multiyear ice, with multiyear ice typically cornard at

higher latitudes. Multiyear ice having survived one or more summer melt seasons (JiBeptembein

the Northern Hemispherd) tends to be thicker (approximately42meters) and exhibits a smoother,
weathered surface due to prolonged exposure to environmental pro¢esseso, 2012) This ice also

forms densely packed, cohesive fields knownassolidatedce fields. In contrast, Antarctica consists of

a landmass encircled by the open Southern Ocean, where the absence of surrounding land barriers allows
sea ice to drift more freelfrigurel1.1b). This mobility, combined with the influence of intense storms and
large ocean swells, results in a highly variableiseacover characterized by loosely packed ice floes
spread over a larger area, referred ta@sonsolidatedce fields (Alberello et al., 2020; Vichi, 2022)

Unlike in the Arctic, most of the Antarctic sea ice does not survive the melting season (December to
February in the Southern Hemisphere). Consequently, the sea ice is predominantly composed of thinner,
youngandfirst-year ice that forms and melts within a single seasonal @yidisheimer et al., 2023Jhe

annual cycle of Antarctic sea ice demonstrates dramatic expansion and retreat, growing to ~18 million
square kilometres (kfpnduring the austral winter and contracting to ~3 milliorf kmsummer(Parkinson,

2019) By comparison, Arctic sea ice fluctuates between ~4 and ~15 millign(Ramkinson, 2022)
Superimposed on these pronounced seasonal cycles are significant regional and interannual variations,
driven by both natural processes and anthropogenic influences. Notably, the Arctic has experienced a
consistent decline in seéee extent over the pa&ur decades, strongly linked to regional warming. In
contrast, the Antarctic saee extent has shown a more complex and variable patternaltgtimating

periods of both expansion and contractio asudderdecreasén recent yeargMaksym, 2019; Parkinson
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& DiGirolamo, 2021; Serreze & Meier, 2019 summary of the key differencégtween these two regions is

presented iTablel.1.

Arctic Ocean Baffin Bay Sea of Okhotsk Weddell Sea Indian Ocean Amundsen and
Kara and Barents Seas Hudson Bay Ross Sea Western Pacific Ocean  Bellingshausen Seas
Greenland Sea Bering Sea

— Mean minimum ice extent ~ — Mean winter sea-level pressure contours > Mean winter patterns of sea ice drift

Figure 1.1: Geographic setting of (a) Arctic and (b) Antarctic sea ice. The average maximum sea ice
extents for 19792016 (March in the Arctic, September in the Antarctic) are indicated by the
coloured ocean areas. The blue lines indicate the mean minimum ice extr{September in the
Arctic, February in the Antarctic). The black arrows indicate the mean winter patterns of sea ice
drift, and the red lines show the mean winter sedevel pressure contours (Pa intervals) (Januaryi
March in the Arctic, JulyiSeptember n the Antarctic). Different colours indicate different
traditional regions or sectors chosen to examine trends and variabilitfCavalieri & Parkinson, 2008;
Parkinson & Cavalieri, 2008). Sea ice drift patterns are driven largely by climatological highs and
low pressures, which drive prevailing winds. Much of the variability in the ice cover is then driven
by atmospheric variability. Source: Maksym (2019)
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Table 1.1: Key differences between Arctic and Antarctic sedce characteristics, based ormsatellite
and in situ observational records and modelling studies.

Observed
Trends

(since 1979

Recent
Anomalies

Geographc
Layout

Seasonal
Variability

Atmospheric
Influences

Ocean
Influences

Ice Type
Composition

Model
Representation

Arctic

Significant decline in both extent and
thickness over the past four decades.
(Kwok, 2018; Parkinson, 2022)

Record lowextents in recent years.
Projections of icdree summers in
coming decadegParkinson, 2022; Sher
et al., 2023)

Landlocked ocean surrounded by
continents, leading to confined sea ice.

Maximum extent in March (~15 million
km2); minimum in September (~4
million km?). (Parkinson, 2022)

High and low pressure dipole drives
circulation patterns that favour thick ice
persistence(Watanabe et al., 2006)

Fresh, buoyant surface waters drive
insulates surface from warmer deep
water, promoting ice growttiSteele &
Boyd, 1998)

Typically, thick and consolidated with
substantial multiyear ice coverage.
(Kwok et al., 2009)

Overall declingepresented well but
regional variability missedMassonnet
et al., 2012)
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Antarctic

Extreme interannual and regional extent
variability. Thickness trends uncleéKurtz &
Markus, 2012; Mangatane & Vichi, 2025;
Parkinson, 2019)

Record low extents in recent years suggestin
potential shifts in sea ice behaviour away fron
extreme interannual variabilityFogt et al.,
2022; Purich & Doddridge, 2023)

Continent surrounded by open ocean, allowin
sea ice to expand freely.

Maximum extent in September (~18 million
kmz2); minimum in February (~3 million km2).
(Parkinson, 2019)

Westerly winds impart a northerly Ekman drift
to the ice causing northward seasonal
expansion(Raphael et al., 2016)

Weakly stratified upper ocean drives higher
ocean heat flux which limits ice thickening.
(Martinson & lannuzzi, 2013)

Typically, thin and mobile/unconsolidated.
Seasonal ice types dominate. Significant
pancake ice coverage, prone to rafting.
(Alberello et al., 2019; Roach et al., 2018)

Fail to show extreme interannual and regiona
variability, even in higkresolution model
attempts(Notz et al., 2016; Roach et al., 202C



1.3 Drivers of Sealce Variability

To further develop our understanding of the Antarctic sea ice landscape, it is necessary to understand the
various scales of variability that influence its behaviour proghertiesHere,seaice propertiegefer toa

wide range olariables that describe characteristics of the ice including, but not limited to, its thickness,
age, motion, temperature, salinity, elthe termdemporalandspatial variabilityareused to describe the
variationsin the ice landscape over time alodation respectivelyMore specifically, Atarctic sea ice
variability occurs acrosa wide spectrum aemporal scalesncludingshortterm weather even{hours

days), seasonal and interanndlalctuations (monthsyears) and long-term climaic trends(decades
centauries)Spatially, scales of variability can range from microscopic changes in the ice crystallization
processes tglobal climateimpacting sedce extent trends. The range of scales of selected atmospheric
phenomena is depicted Figure 1.2, each of which play a role in modifying the dea conditions
Distinguishing these scales helpsdisentangle andlentify complex interactions between the sea ice,
atmosphere, and oceand how sedce properties change because of theseraations Ultimately, the
combination of thesenvironmentaprocesseat different scale manifests into theerallsea ice variability

that is observed Shortterm variability in Antarctic sea ice is heavily influenced by weather events
(Alberello et al., 2020; P. Uctila et al., 2011; Vichi et al., 20&8)ich in this context, descrilsynoptical
scaleatmospheric phenomenhat span hundreds to thousands of kilometresaudr at timescales
ranging from hours to several daySgurel.2). The transient nature of these weather systems introduces
significant wind andemperatureariability on daily timescales, which is especially importatiis overall
distribution at daily timescale$olarand extratropical cyclones, for instance, can be several hundred
kilometres in diameter and persist for one to five days, generating strong winds that move the underlying
sea ice and transport warm, moist air algoftp itso
Southern Ocean, although their most intense impacts are often concentrated in the vicinityabtiees

central corgVichi et al., 2019) Phenomena such as katabatic windgerm used to describe downslope
winds that blow off the Antarctic ice sheetan influence sea ice formation and movement along the
coastal regiongedistributing the se&ce coverin these locationfP. Holland & Kwok, 2012)While short

in duration, weather events can have widespread aneddstigg effects on sea ice distribution. In some
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casesfrom the Arctic regionthe effects of these events can propagate over time, as changes in sea ice
cover influence ocean circulation and weather patterns, creating feedback loops that extend the influence
of a shortterm eventAue et al., 2023)Theresponse of seige to dynamic and thermodynamic processes
associated with cyclones is further discussed in Section 1.3.1.1.

Antarctic sea ice displays a dramatic seasonal cycle, expanding in winter and retreating in summer. This is
one of the most extreme seasonal changes observed in any natural environment, with sea ice extent varying
by ~15 million knt over the course of a ye@Parkinson, 2019)During the austral winter (June to
September), sea ice grows rapidly due to colder temperatures, advancing northward to a latitude of 55°S
to 60°S. As summer approaches (December to February), increased solar radiation and warmer
temperatures leadtohs®ar p retreat to the conti nenMichi,2022)oast | i
This seasonal variability is primarily driven by changes in solar energy input and air temperature, though
ocean currents, wind patterns and topographical features also a roldda desribution. Furthermore,

an asymmetry in the regional distributiof sea ice is notable, with the Weddell and Ross Seas retaining

ice in summer due to their higher latitudes and favourable ocean circulation patters, while ice in the
Amundsen and Bellingshausen Seas melts almost completely due to warmer waiter @quuat (Kumar

et al., 2021; Kwok et al., 2017)nterannual variability in Antarctic sea ice refers to changes in sea ice
distribution from year to year. This variability is influenced by lasgale atmospheric and oceanic
processes, which result in significant differences in sea ice behaviour ddfessnt regions of the
Southern Ocean. Unlike seasonal variability, which follows a predictable annual cycle of ice expansion
and contraction, interannual variability is less regular and is often driven by complex cimdabeean
interactions. Largecale climate modeand structure$ such as the Southern Annular Mode (SAKI)
Nifio-Southern Oscillation (ENSor localized lowpressure anomaligsdemonstrate correlations with

seaice distribution, but do not fully explain observed interannual fluctuat{@uggins & McDonald,

2015; Doddridge & Marshall, 2017; Pezza et al., 20ER)thermore,hese fluctuations are not uniform

across the Southern Ocean, with some regions experiencing increases in ice cover while others see declines,
depending on the localized impacts of changing wind pattecesin currenndsea surface temperatures

(SST) Oceanic variability such as changes in teength of the Antarctic Circumpolar Current (ACC),

sea surface temperature (SS3alinity-driven stratification Ekman pumping, ett canalso affect the
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melting and freezing tas of sea ice, influencing its distributiofheseprocesses that will be discussed

explicitly in Sectionl.32.

On longer timescales, decadal and raddicadal variability in Antarctic sea ice is often linked to broader
climatic trends, such as global warming @sdassociatedhanges in oceanic and atmospheric circulation
patterngP. Holland & Kwok, 2012; Meehl et al., 201%)espite the global trend ah overallwarming,
Antarctic sea ice has shown a more complex and less consistent response contipargdaodecline in
Arctic sea ice. Between 1979 and the B@l0s, Antarctic sea ice extent showed a slight increase,
confounding expectations from climate models. However, in recent years, a sharp decrease in sea ice extent
has been observed, raising questions about therlying drivers of these decadal trenalisd sdongterm
observationgnd accurately represented-$saprocesses in climate modale essential tdisentangle its
naturalvariability from anthropogenidorcing (Fogt et al., 2022; Hobbs at., 2024; Purich & Doddridge,
2023) Research into Antarctic sea ice variability also extends to centennial and millennial sgaitesly
through the study of paleoclimate records such as ice cores and sedimentary teyguosithelps place

current trends within a broader context of different climate scenarios.
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Figure 1.2: The spatial (yaxis) and temporal (xaxis) scales associated with various atmospheric
phenomenon that effect sedce variability. The range of atmospheric phenomena typically resolve
by Global Climate Models (GCM) is indicated with the shaded rectangle. $oce: Adapted by
Tavakolifar et al. (2017)from Nese & Grenci (2020)

26



1.3.1 Atmospheric Contributions to Sea Ice/ariability

The interaction between atmospheric forces and sea ice is complex, with the atmplspfiregea major

role both shortterm changes through phenomena like patattextratropical cyclones, as well as long

term variability through largecale climate patterns like the SAM and EN@@atear et al., 2015)0n
shorter timescales (daygeeks), atmospheric phenomena like cyclones, frontal systems, and katabatic
winds can cause rapid changes in sea ice concentration, thickness, and distributaffecehef these
shortterm variations are superimposed the seasonal and interannuadriability. On interannual to
decadal timescales, variability in sea icériked to broader atmospheric circulation patterns, such as the
SAM and the El NifigSouthern Oscillation (ENSO). These laigmale climate modes influea the
strength and position of the westerly winds and atmospheric pressure systems, which in turn affect sea ice
formation and advectiomore directly(P. Holland & Kwok, 2012; Kwok et al., 2017; Kwok & Comiso,
2002) Over decades, shifts in these patterns can lead to noticeable trendices¢ant and variability

and so tdully understand ice variability, it is necessary to examine how atmaospheric drivers @perate

interact with sea icacross these different timescales.
1.3.1.1 Cyclones and ShoriTerm Variability

Polar and extratropical cyclones are intense lepressure systems that develop around Antarctica,
predominantly during the austral wini@rieger et al., 2018) These dynamic weather systems typically
persist for several days but can last over a week, significantly influencingetrortariability in Antarctic

sea ice. As cyclones traverse the Southern Ocean, their strong, cyclonically rotating winds induce
widespread impacts on the underlying-geafield, often spanning hundreds of kilometfgehi et al.,

2019) The primary mechanism through which cyclones affect sea ice is wind, sttesk describes the
frictional drag forces generated byosg cyclonic windshatengender motion into the underlying ice field
especiallycloserto the centre of the cyclone where wind speeds are highesintensity of this ice drift
depends on the strength and duration of the cyclone, as well as the ice conditions prior to i{®\aerival

et al., 2023)This cancause a redistribution of the siea field, whereby individual floes can be pushed

tightly together (termedonvergenceor spread further apart (termdivergencg The convergence and
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divergence ofloesplays a key role in determining the overall thickness of the field (and subsequently, the
seaice volume)through both dynamic and thermodynamic mechan®wby et al., 1996)In cases of
convergence, individual floes become more tightly paceticasing theice floes tointerlockand fuse

into consolidated paeice (Auclair et al., 2022)Iin highly dynamic regions such as the marginal ice zone
(MIZ) i large ocean swellsombined with other unknown factaran cause raftingles overriding each
othel) or ridging (repeated bumping of adjacent floes caitgepiling along floe perimetgas illustrated

in Figure 1.3. Both rafting and ridging ammechanisms of dynamic thickenigudh et al., 2023; Doble

et al., 2003; Lange et al., 1989lthough the latter is more common in the Arctic where coastline
constraints contribute additional pressure ford@amsgaard et al., 2021; Maksym, 2Q19) cases of
divergencecyclones candisperse ice andreate open water areasthin the ice packle.g. leads or
polynyas). This exposes the surface ocean to the cold, overlying air which dquéekdg over, thus
leading to the formation dhin, new ice(Heorton et al., 2017; Willmes et al., 202@pnsequently, this
promoteshorizontal expansion but impedes vertical thickenifigermodynamic processes induced by
cyclones further compound their impact. Cyclones often transport warm, moist air from lower latitudes
the polar regionselevatingsurfacetemperaturesvhich promoesice melt before and during the storm
events decreasing local ice covd?Proceedinghis, the poststorm cold, dry air leads to rapid refreezing
and increased ice covghue & Rinke, 2023; P. Uotila et al., 2011, Vichi et al., 2019)e repetitiveand
transientnature of cyclonethereforesubject the underlying ice field @iternatingphases omelting and
freezingconditions each of which modify theaterial structure of the ice aitd largerscale composition
(Paul et al., 2023)These modificatiosiin turn effect thebehaviourof the iceto subsequentyclonesi
which is discussed further in Section.2.RAue et al., 2023)in some casesyclones can alsapproach
from higherlatitudes andiraw cold, dry air from the Antarctic interior, promoting ice formatidne et

al., 2023; Clancy et al., 2022; Koyama et al., 20URimately, while dynamicforcings primarily drive

the sedce distributionover daily timescales, the combined mechanical and thermodymaotesses

associated witleyclones determimits behaviour andlistribution
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Figure 1.3: The dynamics of aseaice field govern the interactions between adjacent f&s.
Converging floes creates compression forces, causing rafting (floes overriding each other) or ridging
(repeated bumping of adjacent floes causes ice piling along floe perimetefjoes in contact moving
parallel to one another create shear forces, also causing ridgingource: Shokr & Sinha (2015)

The frequent passage of cyclones introduces additional complexity. Thirb&iag more susceptible to
deformation(Leppéranta, 2005; Rampal et al., 2009; Spreen et al., 20k1inore easily broken and
redistributed by subsequent cyclones. This susceptibility establishes a potential feedback mechanism:
cycloneinducedthinning or thickeninggffects the vulnerability of the ice to future cyclonactivity, a
phenomenon demonstrated Bye et al. (2023)The cumulative influence of successive cyclones is
therefore significant as means foshortterm weathedriven changes contribute to longeterm sedce
variability. This feedback has important implications for-eeamodels, whictwould thusrequiremore
detailedmemory of past ice conditions to accurately simulate future states. Cyclones primarily originate
from cyclogenesis regions in the Atlantic and Pacific sectors of the Southern Ocean, migrating eastward
(Grieger et al., 2018; Wei & Qin, 2018)he sedce cover is thus exposed to frequent and repeated cyclonic
events, each inducing cycles of melting, freezing, and advectioa.typical cyclone conditions are
depicted inFigure 1.4, whereby it is shown that the leading and trailing fronts carry warm northerly and
cold southerly winds, respectively, exposing the underlyingcgetovastly different conditions over just

3-5 daysWhile individual cyclone impacts on sea ice have been documgXiteetello et al., 2020; Aue

et al., 2023; P. Uctila et al., 2011; Vichi et al., 2Q018¢ cumulative effects of repeated exposure remain

poorly understood. Limited availability @f situ data at appropriate spatial and temporal scales poses a
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significant challenge, and current largeale climate models lack sufficient resolution to fulgolve
smallerscaleinteractions Consequentlywe currently rely heavily on satellite retrieval methods to detect

MIZ-crossing’ \\/~/ b

cyclonine ‘

and quantifythis seaice variability.
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Figure 1.4: Schematic of a polar cyclone (a) on the open ocean (from Moderate Resolution Imaging
Spectroradiometer, MODIS-Terra true colour mosaic, 02 July2017) and (b) when crossing the MIZ
(from Visible Infrared Imaging Radiometer Suite, VIIRS nighttime imagery of Cyclone 1, 03 July
2017). The light blue contour is the daily 15% sea ice concentration as assimilated in ERA5. The
location of the arrows, fronts, and warm core (the red elliptic region) with respect to the depicted
storms is illustrative of their main features. The operocean case (a) presents asea interactions
showing the expected relationship between the air temperature (Tair) and the ocetamperature
(Toce); this is not shown for the sea ice case (b) due to the less known interactions between air and
sea ice under extreme events. MIZ = marginal ice zon8ource: Vichi et al. (2019)

1.3.1.2 The Southern Annular Mode and Interannual Variability

The Southern Annular Mode (SAM) is the dominant mode of climate variability in the Southern
Hemisphere, characterized by shifts in the position and intensity of the westerly winds that encircle
Antarctica(Fogt & Marshall, 202Q)These winds form a belt of strong atmospheric circulation, commonly

referred to as the polar vortex, which undergoes periodic contraction and relaxation around the Southern
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Ocean.These fluctuations driveontrasting atmospheric conditioasd are termegositiveandnegative

SAM phasesin the positive phase of SAM, the westerly winds intensify thedpolar vortexcontracs
towards AntarcticaConversely, during the negative phase of SAM, the westerly winds weaken and shift
northward.Although SAM represents a naturally occurring pattern of climate variability, it also responds
to anthropogenic influences. Notably, increasing concentrations of greenhouse gases and etimre depl
over the South Pole have been linked to a more positive SAM phase in recent (ragesal., 2023;
Thompson et al., 2011Yhe SAM is the leading mode of variability over the SoutH@oean,and it
operates across a wide range of temporal scales, from daily to decadal, making it a critical driver of
variability in the Southern OcedBaldwin & Dunkerton, 2001; Kidson, 1999Fhanges in the strength

and position of the SAMnhduced winds are closely associated with observed variations-ineseatent

and concentratiofP. Holland & Kwok, 2012; Kwok & Comiso, 2002Eenerally, during the positive
phase of SAM, stronger westerly winds enhance northward Ekman drift, promoting the expansien of sea
ice cover(Doddridge & Marshall, 2017; Hall & Visbeck, 20023owever, the spatial response of sea ice

is highly complex andegionally variablgMatear et al., 2015While stronger winds can drive sea ice
northward, differential responses to warm and cold air transport as well as locdywardicscomplicate

the relationship between SAM and sea distribution. For instance, regional studies have demonstrated
that while certain areas experience increased ice extent, others may see reductions, depending on

atmospheric circulation patterns and oéedmedbackgHobbs et al., 2016; Lefebvre et al., 2004)

The influence of SAM on seiage variability is further modulated by interactions with other lesgale
climate modesike the El NifiecSouthern Oscillation (ENSO) and the Amundsen Sea Low (ASL). ENSO,

a dominant driver of interannuaglobal climate variability, affects Antarctic atmospheric circulation
patterns and thereby s&& extentwhich can amplify or mitigate h e  Seffddtéol sea ice variability.

For example, the combined influence of a SAM+ and La Nifia conditions can enhance cyclone activity in
certain regions, directly impacting se& dynamics througlshortterm changes in wind stress and
thermodynamic processeasdescribedn Section 1.3.1.1Pezza et al., 2012; Stammerjohn et al., 2008)
This specific case is illustrated Figure 1.5, whereby SAM+ and La Nifia phases align and facilitate the
zonal asymmetry in the séee distribution.Furthermore, studies highlight a teleconnection between

ENSO events and Antarctic skxvel pressure anomali¢isat caninfluence regionaseaice distribution
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(Turner, 2004; Yeung et al., 201heAmundsen Sea Low, for exampiga quasstationary low pressure
system that affects climate in West Antarcteoad is amplified duringperiods of SAM+ and La Nifja

consequently intensifying polar jets and cyclonic activity around Antar¢(@tem et al., 2016, 2017,
Coggins & McDonald, 2015)while the seasonality of the SANENSO teleconnection introduces

additional complexity to their combined influence on Antarcticiseavariability.
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Figure 1.5: Schematic depiction of the higHatitude ice-atmosphere response to (a) SAM+ and (b)
La Nifia. The base image in panel a is from T. Mitchell (http://www.jisao.washington.edu/sam) and
shows the regression of SLP anomalies onto a SAdérived index. The arrons schematically depict
wind anomalies during a SAM+ scenario. The image in panel b is adapted frolvuan (2004) with

the base map showing a La Nifia composite of sea surface temperature anomalies. Source:

Stammerjohn et al. (2008)
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1.3.2 Ocean Contributions to Sea Ice Variability

The ocean beneath the ice exerts a significant influence éoeseariability through surface currents, sea
surface temperature (SST), waves, and ventigaing. Like atmospheric processes, oceanic forces drive
seaice variability through both dynamic and thermodynamic mechan{MuPhee, 2016)Despite its

critical role, our understanding of oceanic contributions to Antarctidceeaariability remains limited due

to the challenges of obtaining direct observations beneath the icqard$ence of sea ice hinders the
deployment of conventional oceanographic instruments and complicates the use of remote sensing
techniques. Recent technological advances, including autonomous underwater vehiclegethdrézke
profilers, have partially migated these challenges by facilitating data collection beneath the ice. However,
these technologies are still in their infancy, providing aplgrse antbcalized observationg.urthermore,

remote sensing observations are limited to the surface andtqenetrate sea ice, meaning ocean data is
mostly inferred from seice conditionsOcean reanalysis datasets offer an alternative by combining sparse
observations with model dynamics, but their reliability beneath sea ice remains constrained by limited input
data, coarse resolution, and uncertainties in model parameteriz&@tonts et al., 2019; P. Uctila et al.,
2019) These limitations are particularly pronounced in regions with thick ice cover or strong stratification,
where assimilation constraints are weakest. Consequently, couplediczenadelling remains a key
approach for estimating ocean properties and tigatig their role in se&e variability. (Pellichero et

al., 2017; Wilson et al., 2019)

A pronounced vertical temperature gradient characterizes much of the Southern Ocean, with the Mixed
Layer Depth (MLD) emerging as a critical oceanographic feature influencing Antarctmesaiability.

The MLD refers to the uppermost layer of the ocelrre temperature, salinity, and density are relatively
homogeneous due to turbulent mixing driven by wind stress, wave activity, and buoyancy forcing (such as
surface cooling or freshwater input). Variations in freshwater ingat example, from se&e melt or
increased precipitation can freshen the surface ocean and enhance stratifi¢béd@imer, 2004) This
stratification inhibits vertical mixing, resulting in a shallower MLD and limiting the upward transport of
oceanic heat, thereby promoting $e@ growth. In contrast, processes such as brine rejection during ice

formation can deepen the MLD, enhang vertical mixing and increasing the heat flux to the surface.
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These dynamics can accelerate the melting of ice and delay-trpe¥€ind forcing also plays a role,
whereby strong winds can deepen the MLD through wdigen turbulence and Ekman pumping,
potentially drawing warm Circumpolar Deep Water (CDW) towardstiréace(Callahan, 1972; Greene et

al., 2017; Morrison et al., 2020)hese processes operate over weekly to seasonal timescales and are central
to both the seasonal cycle and interannual variability of Antarctic sea ice. Regional differencesdn sea
extent across the Southern Ocean are partially attributable to $pBabgeneity in MLD and upper

ocean heat content. For instance, the recent sharp decline in Antardtie sgtent since 2014 has been
strongly linked to regional ocean warmifigeehl et al., 2019; Purich & Doddridge, 2028mong the

most affected regions are the Amundsen and Bellingshausen Seas, which have experienced substantial sea
ice loss in conjunction with warming surface ocean condit{ndHolland et al., 2010; Naughten et al.,

2022) While other regions such as the eastern Weddell Sea and eastern Ross Sea have also shown declining

trends, the magnitude of these changes has been comparatively @viedleret al., 2019)

Largescale oceanic circulatory systems also play a role in controllinigeehstribution in the Southern
Ocean. The eastwaftbwing Antarctic Circumpolar Current (ACC) acts as both a thermal and dynamic
barrier, limiting the northward expansion of sea(ieigure1.6). The ACC interacts with the Subantarctic
Front (SAF) and the Polar Front (PF), regions characterized by sharp temperature and salinity gradients,
which inhibit the poleward movement of warm subtropical waénsi et al., 1995)This interaction
effectively insulates Antarctica, confining sea ice primarily to latitudes south of approximatehA6§°S.

shift in the position or strength of the ACC, often driven by changes in wind patterns, can have a direct
impact onthesea ice distribution. For instance, when the ACC intensifies or shifts poleward, the resulting
increase in warm water upwelling can further reduce sea ice cover, particularly along the (Rrgfgias

al., 2007) Conversely, a weakening of the ACC allows colder waters to extend farther north, fostering sea
ice expansion. Ocean gyres further influence Antarctieiceea@ynamics extent on seasonal to decadal
timescalegNeme et al., 2021Cyclonic gyres, such as those in the Weddell and RosqMgase1.6),

trap cold water and sea ice, promoting the formation and maintenance of thick, consolid@techaeet

al., 2021) In contrast, regions outside the influence of these gyres, including the Amundsen and

Bellingshausen Seas, are more susceptible to northward ice @«wok et al., 2017)
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Towards the ocean margitie largeSouthern Oceawavessignificantly influence se&e variability on

shorter timescales, particularly within the marginal ice zone (Middalso beyond and into the ice interior
(Massom et al., 2018)This dynamic region is highly sensitive to wave action, with wawvergyand
influence diminishing as waves propagate deeper into theipa¢kliberello et al., 2020; Kohout et al.,

2014, 2020)Waves primarily driven by wind stregscan form locally from nearby storms or travel long
distances as loMrequency swells. When large waves reach the MIZ, they can fracture sea ice, enhancing
melting and creating conditions that accelerate further ice(fdbgrello et al., 2021; Passerotti et al.,
2022) Wavesea ice interactions operate on timescales of seconds, making them a key driver of the highly
variable nature of sea ice along the émge.Tides also play a role in modulating Sea dynamics,
particularly in coastal polynyas and adjacent to ice shelves. Tidal currents enhance turbulent mixing within
the ocean beneath ice shelves, leading to increased basal rigttirggnann et al., 2020; Padman et al.,
2018)
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Figure 1.6: The main oceanographic features of the Southern Ocean: (i) the Antarctic Circumpolar
Current (ACC) south of the Subantarctic Front (SAF) and southern limit of Upper Circumpolar
Deep Water or southern boundary (SB); (ii) the Ross, Weddell, and Kerguelerld@eau gyres; and
(iii) the main exit locations of deep western boundary currents (DWBC) from the Southern Ocean
(blue arrows). Bathymetric elevations are annotated as R = ridge; K. Pl. = Kerguelen Plateau; F. PI.
= Falkland/Malvinas Plateau; and G. = gyre Source:Vernet et al. (2019) Reprinted from Carter et
al. (2008)with permission from Elsevier.

1.4 Sealce Distribution from Space

Seaice concentration (SIC) is a fundamental parameter used to describe the proportion of the ocean surface
covered by sea ice. It is expressed as a percentage, where 100% indicates adolgriea region and

0% denotes open water. SIC is a quantiBableasure of ice coverage and so is useful for understanding

the variability of Antarctic sea ice. It informs the spatial distribution of sea ice at any given time and is
useful in monitoring seasonal and interannual variability, assessingdongrendsand evaluating the
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role of sea ice in the global climate system. Additionally, SIC is widely used in operational applications,
such as polar forecasting and navigation. SIC is primarily measured using passive microwave (PM) satellite
remote sensing methods, which enableyd#argescale observations of polar regiqesg. Comiso et al.,

1984; Shokr et al., 2008; Spreen et al., 2008; Swift & Cavalieri, 1985er methods, such as synthetic
aperture radar (SAR) or optical and infrared sensors, are also employed to refine SIC gSenatiemn

et al., 2023)In situmeasurements are necessary for validating these sadeltiteed estimates, improving
detection algorithms, and addressing uncertainties. Additional details of deriving SIC from PM data are

discussed in Sections 1.4.1 and 2.1.2.

Because remote sensing methods have enableddeatge data coverage of the polar landscapes at daily
timescales, SIC has traditionally been used to derive a host-afesdistribution metrics. Seiae extent

(SIE) is a widely used metric derived fronfCSrepresenting the total area of ocean with SIC exceeding a
specific threshold, typically 15%WMO, 2014) This 15% threshold defines the boundary where sea ice

can be reliably detected by passive microwave satsdiiteor§Comiso & Zwally, 1984andhas rationally

been used to define the ice ediggnd subsequently the perimeter of theiseaextent. This threshold was
originally proposed by validation studies showing it best matches satellite passive microwave observations
(Cavalieri, 1991) It also avoids distortions from pegtocessing filters used to remove weattedated

noise which may inadvertently exclude l@encentration icge.g. Partington, 2000)However, the
accuracy of the 15% threshold can vary depending on ice conditions near the edge, which often consists of
fragmented, thin floes and open water. Different passive microwave sensors and retrieval algorithms may
over or underestimate conceations in such cases, ultimately yielding different SIE estim@&emiso

& Steffen, 2001; Meier & Stewart, 2019)hese factors must be considered when comparingsextent

across different satellite productdotably, it is therefore a metric based on the constraints of detection
rather than having specific physical meaning or presence, and does not capture information regarding the
thickness, floe properties or the consolidation state of the ice cover. SIE trgats @lls with >15% SIC

equally, regardless of their actual concentration. In contrasicseaea (SIA) accounts for the actual ice
coverage \thin each grid cell by summing fractional concentratipi®10, 2014) While SIA provides

a more precise measure of -wavered surface, it is more sensitive to retrieval inaccuracies in satellite

algorithms. Consequently, SIE is favoured for lasgale trend analysis due to its stability and simplicity,
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particularly in climate and ecosystem modelling as an attempt to describe a complex distribution of sea ice
as a simplified parameteh large portion of the total séae cover in the Southern Ocearcompared to

ice coverage in the Arctic is the Marginal Ice Zone (MIZ). This is a highly dynamic region with
considerable spatial and temporal variability gust hourlyor daily timescaleWMO, 2014) This region
represents the transitional interface between consolidated sea ice and the open ocean, and its distribution
holds considerable climatic and ecological importance. However, defining the MIZ is complex, as different
approaches emphasize distipbysical properties. A widely used method defines the MIZ as the region
where sedce concentration (SIC) lies between 15% and 80%, capturing the gradual transition from dense
pack ice to open water. This threshblased definition is prevalent due t@ practical advantages,
particularly its compatibility with globatcale observations derived from passive microwave satellite
sensors. Alternative SH3ased definitions have also been proposed, whereby the statistical spread of SIC
values over space anithe are considered, rather than the threshold values based on retrieval limitations
(Vichi, 2022) These retrieval limitations are discussed further in Section 1.4. Alternatively, some
definitions are based on wavee interactions, identifying the MIZ as the region where ocean waves
propagate into and attenuate within the ice, exerting significloeirce on seéce dynamics through
processes such as breakup and colligicliced stresgWilliams et al., 2013)From a remote sensing
perspective, wave activity in sea ice has been estimated using Synthetic Aperture Radar (SAR) imagery
(Ardhuin et al., 2017; Stopa et al., 20E)d satellite altimetryBrouwer et al., 2022; C. Horvat et al.,
2020) enabling estimates of MIZ distribution based on W& coupling. Another approach delineates

the MIZ by floe type and size distribution, identifying it as the zone where mechanical interactions among
ice floes are shaped by waialuced fragmentatio.his perspective is particularly useful for describing
regions dominated by pancake icemall (2.3 4.0 m), elliptical ice floes that form in mechanically active
environmentgAlberello et al., 2019; Wadhams et al., 201Bancake formation begins when grease and
frazil ice consolidates into nearly circular ice floes under the influence of wave action. These floes cement
and raft over one another, leading to the development of thicker, more resilient ice st(Rgulres al.,

2021) Pancake ice is often considered a precursor to consolidated ice formation in the MIZ as it allows
increased heat loss from the ocean to the atmosphere due to the heterogenou®sbitaeeal., 2003;

Doble & Wadhams, 2006; Roach et al., 2018)is accelerates ice growth and thus ultimately influences
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the evolution of the sei@e landscape. Recognizing the limitations of any single criterion, a multifaceted
approach that incorporates sea concentration, wave activity, and floe size distribution may be necessary
to provide a more comprehensive chagaezation of the MIZ, capturing its role in climate interactions,
seaice mechanics, and associated ecological procéSsesont, 2022)

Atmospheric weather events, such as patatextratropical cyclones, influence SIC on daily timescales

by generating strong winds that compress or disperse sea ice, leading to localized increases or decreases in
SIC (Vichi et al., 2019) This potentially causes shderm fluctuations in SIE without significant changes

in overall ice volume. Oceanic processes primarily affect SIC on longer timescales (seasonal to interannual)
through mechanisms such as surface currents arslifaae temperature (SST) variabil{ieehl et al.,

2019) A more indepth look of these interactions was detailed in Sections 1.3.1 and 1.3d®ehbalt,
Antarctic sea ice is characterized by the highly variable SIE depicteéime 1.7. Between 1978 and

2016, it exhibited a slight overall increase, with significant regional and seasonal variability. However,
since 2016, a sharp decline has been observed, culminating in-l@ed8dE in 2023 and 202@ilbert

& Holmes, 2024) This abrupt change has raised questions about the roles of atmospheric and oceanic
drivers, and whether anthropogenic forces superimposed on natural climate variability may have yielded a
new sedce state characterized by a gradual decline rather gtigmee variabilityFogt et al., 2022; Hobbs

et al., 2024; Purich & Doddridge, 2023 contrast, Arctic sea ice has experienced a consistent and
dramatic decline over the satellite era, with summer minimum SIE decreasing by approximately 10% per
decad€Comiso et al., 2008; Parkinson & Comiso, 2013; Stroeve & Notz, 2Bi&)c ice is also thinning,
transitioning to a younger, more seasonal ice cKacimi & Kwok, 2022; Kwok, 2018)Understanding
Antarctic sea ice, with its highly seasonal and dynamic characteristics, may provide insights into the future

evolution of Arctic sea ice.

Seaice type is a subdivision of SIC that provides more detailed information about the ice cover. Different
sea ice types are classified based on age, thickness, physical properties and stage of development (WMO).
Albeit subjective, this classification prigles critical insights into seiae dynamics, as different types have
distinct impacts on climate and ecosystems. For instance -yaaltiice is thicker, more deformed, and

typically supports higher snow cover, whereas yestr ice is thinner, roughe@nd more vulnerable to
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melting. In the Arctic, multy e a r ice has declined significantly,

(IPCC, 2023)reflecting a shift toward a less stable, fysardominated regime. The Antarctic, in contrast,

is predominantly composed of seasonalyesar and young ice, with limited evidence of significant trends
in ice type(Melsheimer et al., 2023Notably, the icdype separation is possible because radiometric data
are sensitive to the differing properties for the ice types, yigldipathway to distinguishing itgpe via
remote sensing techniques. These techniques are further detail in Section 2.1.2, @leghtmanalysis of

a modified sedce type retrieval algorithm using passive microwave data is presented in Chapter 5.
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Figure 1.7: Antarctic five -day sea ice extent anomalies for each year from the National Snow and Ice
Data Center. Sea ice extent anomalies are calculated relative to the 1842922 climatology.
Anomalies are coloured by period: November 1978 to August 2007 (grey)fB@mber 2007 to August
2016 (blue), and September 2016 to June 2023 (orange). January to June 2023 is shown in bold
orange, with the largest negative areal extent anomaly of the satellite era observed during June 2023.
Source:Purich & Doddridge (2023).
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1.5Sealce Motion in Response to External Forcing
15.1Sea Ice Advection

Seaice advectioror drift refers to the horizontal movement of sea ice driven by environmental forces. This
process significantly influences the variability of sea ice across the Southern Ocean, making it necessary
to understand the dynamics governing ice drift. The prinfeetorsinfluencingseaice motion include

wind stress, ocean currents, rheological properties, sea surface gradients, inertial oscillations, and the
Coriolis effect(Martinson & Wamser, 1990; McPhee, 1988; Womack et al., 20@#png these, wind

stress is the dominadtiver, accounting for approximately 40% of the variance in ice (fiftHolland &

Kwok, 2012; Kwok et al., 2017; J. Uotila et al., 2000; Vihma et al., 19&jtion transfers momentum

from wind and water to the ice, whikénetic energy is dissipated througiiternal ice stressors such as
compression and tensile stress. The balance between the external and internal stressors detecmines the
deformationi the term describing changes in the shape and arrangement of the icentuelewill be
discussed further in the followin§ection 15.2. TheCoriolis effecti r esul t i ng fr oim Eart
deflects ice motion to the left in the Southern Hemisphgrarbangle typically ranging from 0° to 45°,
relative to the driving forcéEkman, 1905; Leppéranta, 2005; Thorndike & Colony, 1988hsequently,
anticlockwise rotation (in the Southern Hemisphere) will establish a zone of convergence as ice is deflected
inwards, squeezing together into a thicker and more consoliddteds Conversely, clockwise rotation

will deflect ice outwards, spreadinge apart and promoting an unconsolidatedmposition of
heterogenous ice typé&wok, 2015; Kwok & Cunningham, 2012Vind-stress associated with synoptic
weather systems (e.g. cyclones, high pressure cells) engender rotational motion in the undeiilgeng sea
field at daily timescale&e Jager & Vichi, 2022; Vichi et al., 2019y the Southern Ocean, the cyclonic
rotation associated with the Weddell and Ross §g@&spromote sedce divergencen these regions and
facilitate its northward export into warmer regioii®rinkwater & Liu, 1999; Vernet et al., 2019)
explaining why summer seee distributiori and consequently the multiyear ice distributias primarily

limited to thecoastal zones in thé/eddell and Ross Se#@lelsheimer et al., 2023; Vichi, 2022Jhe

Coriolis effect also influenceseaice advection in the form ofiertial oscillationswhichdescribeheloop-
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like drift trajectoriesof moving iceoccurring at semadliurnaltimescalesThese oscillationareseasonally
dependentvith a greatemfluencein melting conditiols (Womack et al., 2024anddecay over a few days
due to frictional damping and internal stresdasble & Wadhams, 2006; Gimbert et al., 2012; Heil et al.,
2009; Kottmeier & Sellmann, 1996)

Seaice drift variability is governed by combination ofdynamic (advection and deformation) and
thermodynamic processes (ice formation and meéhg relative importance of these processes changes
seasonally: dynamic processes dominate during the freezing months, while thermodynamic processes are
more influential during meltingSchroeter et al., 2017, 2018)ore specifically, the advective component

of seaice distribution variability can bdescribed by the momentueguation:

0(:::—8 19t t 6a0e &0 o

whered is the mass of the ice atdland(} are atmospheric and ocean forcing, respectively. Sea ice
strength and rheol ogy ar e ¢ on Fhefthaltwe @rmsquantitythe i nt e
Coriolis Effect and the gravitationalaccelerationassociated witlsea thesurface heightrespectively
(Golden et al., 2020Rlthough these contributions are relatively mimeer shorter timescalaslative to
externalforcing. The momentum equation (Equation lidglicates that both external forcing artbe

energy dissipatioassociated with internal stresséfect themotion of the sedce.As discussed in Section

1.3.1, wind forcing $ the primarily mechanisms oédistribution and acommon ruleof-thumb is that
Antarctic sea ice generally dsft 1-4% of the speed of the overlying wisttess t h gerntlin Equation

1.17 although faster speeds have been reported in free drift condiilinesello et al., 2020; Womack et

al., 2022) This is about 50% faster than Arctgeaice, a discrepancy mostlgue tothe thinner and less
compact naturef Antarctic sea icé&Kottmeier et al., 1992; Kwok et al., 2017; Lepparanta, 2@35hicker

ice drifts more slowly and responds less to wind fordiRgkamachi et al., 2011Pther rheological
properties such as floe siaadconcentrationr e pr esent ed by t hiealsginfluesce m i n
seaice resistance to mechanical forcir{gleil et al., 2011)Thus, while wind stress is the primatgiver

of seaice dynamics, the feedback interactions between its deformation and mobility means that the
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thermodynamic processes governing its rheology aigsbe considerand will be further discussed in
Section 15.2.

Antarctic sedce drift patterns are closely linked to broader climate dynamics, as trends in ice drift, export,
and circulation patterns are associated with atmospheric circulation changes, dense water formation, and
seaice coverage variabilittkKwok et al., 2017)Largescale drift anomalies are driven by seasonality and
modes of climate variability, including the Southern Oscillation and the Southern Annular ddode
introduced inSedion 1.3.1 primarily through modulation of westerly wind intensity during different
phases of their superpositiGiwok et al., 2016; Stammerjohn et al., 2008; Yuan & Li, 2008&nds in

the position of the ice edgetypically defined as the 15% séz concentration contolircorrelate with
meridional wind variability on monthly timescales and synoptic weather events on daily tim@sealks

et al., 2017; Vichi et al., 20197 his meridional transport of ice is responsible for the zonal asymmetry of
seaice coverage around Antarctica. Three persistent cyclonic drift patterns are governed by the location
and strength of atmospheric lqaessure cells ithe Amundsen, Riisetarsen, and Davis Seas (illustrate
with the r edFigireld). Seasonél sdevel priessures at the three centres are interlinked,
suggesting circumpolar teleconnections in the atmosphere and consequently somewhat synchronised

variability in their associated windriven drift patterngKwok et al., 2017)

Measuring sedce drift involves satellite remote sensing, numerical modellingjraniiu data collection

which is central to théocus of this thesisSatellites offer broad and regular spatial coverage but limited
resolution for sulgrid scaleprocesses. Furthermore, systematic estimates of-$gaje drift dynamics

usually rely on automated digital image processing techniques rather than direct tracking, consequently
introducing retrieval error and method bia@iesvergne et al., 2010piscussion on satellite drift retrieval

is detailed further ithe following Section 2.1.1. Driftindpuoys equipped with GPS or Argos transmitters
provide highresolutionin situ position data for calibration and validation of satellite observations and
models, though deployment costs and logistical challenges restrict expanding their use substantially
(Rabault et al., 2020; Womack et al., 2024ymericalmodels simulate ice dynamics and offer predictive
capabilities but are limited by uncertainties in parameterizations and an incomplete understanding of

rheological processes, and often fail to simulate the heterogeneity and intermittency in sea icéicieforma
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(Girard et al., 2009)Combining thesapproaches yields the most comprehensive assessment iite sea
drift, emphasizing the need for continued advancements in observational methods and modelling

techniques to enhance our understanding of Antarcticeedynamics.

a)
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Figure 1.8: Ice motion of the 34year record (1982 2015). (a) Names and locations of the marginal
seas. (b) Mean monthly (March through November) ice drift. Contours are isobars (interval: 4 hPa)
from ERA-Interim sea-level pressure fields. Drift estimates are showon a 200km grid to reduce
density of vectors within each plot; every other vector is displayed. Red crosses show the centres of
the three atmospheric lows in the monthly mean fields. Sourdéwok et al. (2017)
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15.2Sea Ice Rheology

Seaice rheology is the study of the mechanical properties of sea ice, describing how it moves, deforms,
and responds to external forcédnderstanding rheology isecessaryfor examining sedce motion
variability and the mechanisms linking it to oceanic and atmospheric influéhdesnal forces, primarily

from wind stress and ocean currents, impart friction onto thdceefield, modifying its horizontal
momentum and internal stresgesltham, 2008)Iinternalstresses arise frothe material properties of the
seaice, includingits temperaturesalinity, porosity,molecular anarystalline structureand more. These
propertiesdetermineits overall resistance ta@ompressive (squeezing), tensile (stretching), and shear
(sliding) forces as well as interactions betweleeterogenous ice typssich adarge floespancakes and
interstitial grease icéHutchings et al., 2011; Paul et al., 2023; Shokr & Sinha, 20dt€ynal stresses are
fundamental toseaice dynamics as they counterbalance external forcing and govern deformation
(Equation 1.1)Seaice deformation is nadtatic buinstead evolves over time under varyggernaforces

and determines hothesea icaespongto subsequent environmental conditidBenvergent deformation,

driven by compressive forces from winds, surface currents, or ocean swells, inaeassisions at
multiple spatial scalegesulting in thicker features like pressure ridges and raftetl &sediscussed in
Sectionl.3.1.1 withFigure 1.3 (Heorton et al., 2018; Shokr & Sinha, 2015his thickened icdbecoms

more resistant to further deformatio@Gonversely, divergence can drive the formation of leadigch
describe th@peningswithin the sedce field which promoteoceanatmospheréeatand mass exchange.
Shear deformation occurs whiare slides past each othewhich cancreate cracksin consolidated floes
thatpromote itsbreakup. Deformation is quantitatively described by strain rates, which measure the rate
of change in the shape of a material, including divergence (expansion or contraction), shear strain (lateral
motion or twisting), and rotatio(Feltham, 2008)Internal stresses and resulting deformations dissipate
kinetic energy, establishing an energy balance with external f¢Basillon & Rampal, 2015) This
dissipation is a key component in sea dynamics and influences the accuracy of numerical models that
simulate momentum transfer. Improved representation of these mechanisms is a key milestone towards the

development of improved sea ice forecasfidunke et al., 2011)
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In the Antarctic, intenseveather systems like polandextratropicalcyclones significantly altethe sea

ice surface heterogeneigndultimately itsrheology over short timescales by subjecting the ice to strong
winds, waves, and warm, moist air mas@éshout et al., 2014; Vichi et al., 201%s indicated by the
momentum equation (Equation 1.1) in Section 1.38, theologicalpropertiesof the sedce field are
important for understandirits motion, as smalscale changesinibes mat er i ahthayefameo er t i e
scale impacts on overall iclynamics Much of the observed variability in Antarctic sea ice is rooted in

the rheological differences between various types ofictically, seace deformation can be measured

using icetethered buoy$Hutchings et al., 2011; Itkin et al., 2017; Rampal et al., 2008; Womack et al.,
2022) and highresolution satellite imagergkwok et al., 1990) However, limitations inin situ data
coverage and satellite spatial resolution make it challenging to determine mechanical pogartage

regions. Traditional assumptions about-e@amechanics often rely on sie&@ concentration variability,

where higher concentration is associated with thicker, more resistant ice due to enhanced ridging and
rafting (Auclair et al., 2022; Lange & Eicken, 1991; Worby et al., 20H®wever, dynamic drift has been
observed deep within the paide, contradicting earlier assumptions that interior regions represent
consolidated and relatively immobile i¢alberello et al., 2020)Thicker ice supports higher internal
stresses, providing greater mechanical resistance, while thinner ice is weaker and more prone to
deformation(Leppéaranta, 2005; Wilchinsky & Feltham, 200@)d so packce mostly constitutes a
complex mosaic of heterogenous ice types rather than thick, uniform iceAimvemperature also affects

ice strength: warmer temperatures soften the ice, increasing its susceptibility to internal stresses, whereas
colder temperatures make it more rigid and resiligieorton et al.,, 2017)The packice zone,
characterized by thick, continuous ice floes extendingtimihsindreds of kilometres, is typically located
between thdandfast iceand the MIZ. Large, consolidated floes exhibit greater inertia and reduced
variability. In contrast, MIZ experiences direct oceanic and atmospheric forcing, making it more dynamic
and variablgVichi, 2022) The MIZ comprises smaller, thinner, and unconsolidated floes, often including
pancake ice formed from frequent collisions and breakafizerello et al., 2020; Doble et al., 2003)
Mechanical differences between these zones affect their response to external forces, and observing these

distinctions is required for interpreting sea behaviour and improving predictive models.
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1.6 Satellite Observation and Modellingof Sea Ice

Quantifying sedce properties is essential for understanding the processes governing its variability and
predicting future trends in response to changing environmental conditions. Althaigidata collection
provides reliable measurements across a wide range -tfespeoperties, its role is limited by logistical
challenges fieldwork and so are inherently sparse and localized which restricts their spatial and temporal
coverage. Thiimitation is emphasized as spatial and temporal scales grow anll, skspectivelyGiles

et al., 2011) To overcome these limitations, sateHlitased observations and modelling have become key
tools for supplementingn situ samples and addressing data gaps. Satellites equipped with specialized
instrumentd such as passive microwave sensors, radar, and optical iniggergde continuous, large

scale observations of sé@ properties and allow for the monitoring of $ea variability at daily
timescales. However, remote sensing alone cannot fully capture this variability, as only surface properties
with a recognizable radiometric appearance catfebectedSeaice models complement observations by
simulating physical processes, including ice formation, melting, and interactions with atmospheric and
oceanic forces. Models facilitate the study of-meavariability across a range of timescadldsom daily
weatherinduced fluctuations to multidecadal projections under different climate scenandsile
enabling the testing of hypotheses about underlying mechanisms. Nonetheles$ingnetferts are
chdlengedby uncertainties in parameterizations, input data, and the representation of complex processes
like ice rheology, floe advection, environmental interactions, wmesolvedsub-grid-scale variability

(Hunke et al.2011)

The synergy between remote sensing and modelling is crucial for advancing our understandingeof sea
dynamics. Satellitelerived data improve model accuracy, while models offer a framework for interpreting
observations and forecasting future changesuBtofibservational datasets aequiredfor testing model
simulations, yet challenges persist in measuringicegariability at relevant temporal and spatial scales.
Shortterm weather events, such as cyclones, induce rapid changes in sea ice, fegésgitaésolution
satellite data tosupplement icenodels that aim to resolemospheric and oceanielated processes
Conversely, assessing letgrm trends in se&e extent and thickness requires sustained, rdattadal

observations to validate model predictions.

47



1.6.1 Remote Sensing using Passive Microwave

Remote sensing is a powerful method of data acquisition for monitoring Antarctic sea ice variability,
involving the use of sensors mounted onto satellites which orbit the Earth and continuously scan its surface.
As vast and frequent sampling of the Antarstaice landscape is not logistically plausible, measurements
from space has become one of the most effective applications of Earth observation data. Various retrieval
methods utilizing satellitélerived data have allowed us to gather over 50 yeangstdraatic and robust
estimates of certain séee properties, including thréessential Climate VariablelECV). An Essential

Climate Variable describes a key parameter for understanding of the global climatessy$testhanges

defined by the Global Climate Observing System (GCOS). These variables cover atmospheric, oceanic,
and terrestrial domains and are identified as necessary for observing based on their significance in climate
processes and feasibility of their measurenf€atesa et al., 2019Concentration, thickness and motion

are the three Essential Climate Variables associated witites@aeasurements from spatavergne et

al., 2022)

One of the most widely used remote sensing techniques for measuring sea ice is the use of passive
microwave sensors. Hengassivanforms that these sensors detect naturally emitted microwave radiation
from the Earth's surface, andcrowaveinforms the frequency range of the radiation being measured. The
radiation emitted by sea ice and water differs because of the contrast in their dielectric properties, which
refers to the ability of a material to store and transmit electromagnetic ewbigly,ultimatly influences

how much microwave radiation is emitted or reflected by the suffderr, 2019) In the context of sea

ice research, passive microwave sensors typically operate in the 19 to 37 GHz range, although some
retrieval algorithms designed for specific use cases will utilize frequencies beyond this range. The data
collected by passive microwave sensors are prodessederive a variable known dsrightness
temperature Brightness temperatur@&yj is a measure of the microwave radiation emitted by the surface
areawhich is related to the physical temperature and the radiative prog@aiesso et al., 2011and can

be defined as:
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Here, Tohysica i S t he physical temper at ur e Toaffundidnef teur f ac
electromagnetic properties of the surface, the radiation frequency and the polarizatdherefore not

a direct measurement of physical temperature of the surface but rather a measure of the emitted energy,
which is proportional to its temperatufeor seaice applications brightness temperature data is sensitive

to the temperature difference between sea ice and open water because the ice emitergyotban the

water, thus enabling the discrimination of these surface types in satellite injhigtey, 2019) This
information is then processed usiagiousretrieval algorithms, which interpret the brightness temperature

data to produce maps of sea (Gavalieri et al., 1984; Comiso, 1983; Lavergne & Down, 2023; Shokr et

al., 2008) These maps can then be used to study sea ice variability over time and space.

One of the key advantages of passive microwave sensors is their ability to operate in all weather conditions,
including during cloud coveiComiso, 1983)This is especially important in the Antarctic, where regular
cloudy conditions mean that traditional optical sensors cannot measure the surface. Additionally, passive
microwave sensors do not rely on sunlight, thus they can collect data during thelangights and

ensure continuous monitoring of sea ice throughout the (eaier, 2019; Swift & Cavalieri, 1985)
Another major benefit of passive microwave sensors is their faogerint, which refers to the area on the
Earth's surface that a sensor can observe from any given locstitetbly, brightnesstemperature
measurements from space are therefore not a-paggdmeasurement, but rather the avereagiance
emittedovert he f oot p raieanA géreralized schematie of the satellite scanning processes is
shown inFigure1.9. A broad strip of surface measurements is generated along the orbital track, termed a
swath which is composed of sequential footprints recorded as the satellite moves along its orbital track.
Depending on the specific sensor, this footprint can range from 3 to 50 kilometres, allowing for broad
coverage of the Arctic and Southern Oceans. Thiglapatial coverage makes passive microwave data a
good candidate for monitoring daily sea ice variability at regional to global scales, although it comes at the
cost of spatial resolution. While passive microwave sensors can excel at providirenaevewf sea ice
behaviour across the entire Antarctic regitie coarse resolution can makeripossibleto resolve small

scale features such as narrow leads, cracks in thi¢oee sizeor the detailed structure of the marginal ice
zone.As highlightedin Section 15.2, thesefiner details are necessary to understand localized sea ice

dynamics better. Modern passive microwave sensors have a spatial resolution &i8(J2XA, 2012)
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which typically limits their use to largescale regional seiae analysis andlemonstrates a limitation of

current passive microwave data acquisition methods. Additionally, passive microwave sensors are less
effective at detecting ice thickness, which is a key parameter for understanding sea ice variability
(Kaleschke et al., 2012yVhile passive microwave data can provide some indirect information about sea

ice thickness through the detection of surface roughness or snow cover, other technologies such as radar

and laser altimetry are better suited for direct thickness measurg@enatty et al., 2008)

Satellite
A

Ground track

Figure 1.9: Generalized schematic of satellite data acquisition using conical scans. The scan angle
dictates the width of the swath (blue area) which is based on a row of adjacent footprint scans (brown
shaded area) along the gr oun dgihcidencelangle Aypicplly® # i nd
55° for passive microwave scanners. Sourc€rewell et al. (2021)
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1.6.2 Sealce Modelling

Seaice modelling involves the application of mathematical and computational techniques to simulate the
physical properties, dynamics, and thermodynamics of se@liese models are essential tools for testing
current scientific understanding of sea behaviour and interactions, as well as for simulating historical
and future scenario§.hese models are designedsimulatethe physical processes that affect sea ice
formation, movementand melting, which in turn play a role in regional and global cliraai ocean
dynamics.As discussed in Section 1.3, sea ice can be studied at varying spatial and temporal scales,
depending on the research objective. Global Clirvaddels (GCMs) typically employ parameterizations
to approximate sma#icale processes while resolving lasgale atmospheric and oceanic circulation
patterns and heat fluxeBarameterizatiomefers to describing complex physical systems using simplified
functions based on independent variaplesich allows for the efficient use of computational resources.
This method is particularly important in largeale modelling where the direct resolution of all physical
mechanisms if known, is computationally phibitive. Furthermore, parameterizations enable the
integration of different model® necessity for streamlidecollaboration between independent research
groups.GCMs generally operate at relatively low spatial resolution, focusing ordéongvariability and
trends. Early sece model$ constrained by limited computing powieoften represented sea ice as either
stationary or freely drifting fields of uniformhickness that did not participate in thermodynamic or
chemical exchange@ibler & Bryan, 1987) However, thermal conduction at the ocedninterface
influences vertical temperature gradients in both, in addition taceegrowth and melt. Consequently,
modern models incorporate dynamic and thermodynamieceearoperties such as concentratiand
thicknesd for more comprehensive simulatiofidolmes et al., 2022; Notz, 2020)is coupling improves
the representation of critical procestast depend on ice coverage and volulike,ice-albedo feedback,

heat and gas exchanges, ice transport, and ocean stratification.

Operational and regional forecasting models prioritize dleonh predictions, spanning days to weeks, and
often employ higher spatial resolution to resolve fiseale processes. These include polynyas, snow cover
variations, floe interactionsyave attenuatignetc Such models have practical applications beyond

research, for example, in producing -$sa distribution charts to support maritime navigation. The
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increased detail simulated by these models is computationally demanding and therefore typically focus on
shorter timescales. They also serve to refine parameterizations used in -Bozdele6CMs This is
visualized byFigure1.10, illustrating that adjacent cells in the model exchange information between them
(through horizontal and vertical exchanges) but smaller scale processes within each cell are nat resolved
Balancing computational efficiency with the need to represent smaller scale processes remains a significant
challenge in model design, often meaning thatguidh processes are relevant but not explicitly resolved.
While parameterizations help manage epomational demands, they inevitably simplify physical
representations, potentially reducing model accu(Boyz, 2014) Data assimilatiofi the integration of
observational data into modélsmproves predictive capabilities, but observational data itself remains a
critical bottleneck(Kimmritz et al., 2018; Stark et al., 2008 situ data collection is logistically
challenging and costly in polar regions, while satetiégived observations often rely on indirect
inferences from radiometric measurements of sea ice. This limitation underscores the ongoing need for
robust data to valate and calibratenodels.However, there remains substantial uncertainty in climate
model simulations of Antarctic sea ice, particularly in reproducing observedtdangtrends and
interannual and regional variabilifiotz, 2014; Roach et al., 202@)iscrepancies between model outputs

and satellite observations are often attributed to limitations in parameterizations, biases in atmospheric or
oceanic forcing, and the underrepresentation of critical processes suchi@s d@aamics, melt pond
evoluion, and iceoceanatmaosphere couplin@Bracegirdle et al., 2015; M. Holland et al., 2017; Li et al.,
2023; Massonnet et al., 2011; Notz, 2015}his thesis, the observational analysis presented offers insights
that can help constrain and improve these models, particularly by identifying patterns of variability and

mechanisms that are currently misrepresented or unresolved.

Despite these challenges, dea models offer two major advantages over direct sampling or remote
sensing alone. First, they provide diagnostic tools that isolate and examine the mechanisms diogng sea
variability. Second, they enable predictive mdidgl of complex, interactive systems. As the impacts of
high-latitude climate change become increasingly eviflgt Hahn et al., 2021; M. Holland & Bitz, 2003;
Smith et al., 2019}he importance of seiae modelling in climate research continues to grow. Advancing
the representation of sé@e processes and their interactions within climate models remains crucial.

Although this thesis does not explicitly focus on the modelling afise, the motivation of this research
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that will be presented in the next sectisrrelated and twofold: (a) to characterize aspects ofceea
variability that are inadequately represented or unresolved in curreitesgedels and (b) to extract
valuable insights from satellite observations that can aid and supplement tiee seadelling

communityoés efforts.

Vertical exchange
between levels

Horizontal exchange
between columns

Figure 1.10: A generalized schematic depicting the spatial resolution of a Global Climate Model
(GCM). Adjacent cells exchange information through vertical and horizontal exchanges, but sub
grid scale processes are represented as paramered function rather than being resolved explicitly
by the model. SourceKotamarthi et al. (2021).

1.7 ResearchAims and ThesisOutline

1.7.1 Research aims

To achieve the overarching goal of examining the influence of synoptic systems on Antaritie sea
dynamics andhermodynamicsand improving satellite monitoring techniques, this thesis focuses on the

following objectives:
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I.  Evaluate the capability of selected sateltiexrived seace motion products to capture rotational
dynamics in Antarctic sea ice driven $ynopticscale weathesystems.
II.  Quantify and compare the relative intensity of-smarotation induced by cyclones versus high
pressure systems, assessing detection uncertainties associated with satellite retrievals.
1. Conduct alongterm analysis of se#&e rotation dynamics, identifying trends, interannual
variability, and regional differences.
IV. Correlate longerm sedce rotation dynamics with overlying wind stresses to evaluate the
efficiency of rotational wind forcing on sea ice.
V. Assess the advantages and limitations of using sheadkd satellite retrieval techniques for
estimatingrotational drift ancconcentratiorchangest subdaily timescales.
VI. Decompose subaily variability in satellitederived sedce concentration into dynamic and

thermodynamic components using swh#sed ice motion data.

1.7.2 Thesis outline

Thisthesis igoresented asx chapterswhich constituteghefollowing:

Chapter 1: Provides a broad overview of Antarctic sea ice, its variability, and the environmental factors
that influence it, including atmospheric and oceanic processes. This chapter also introduces key
information aboutremote sensing techniques used to monitoriceavariability and the associated

challenges.

Chapter 2: Describes the primary datasets used in this research, including sdezivted seace
concentration and motion products, and atmospheric reanalysi€gptanding on Chapter 1, presents
adetailedtechnical explanation of retrieval techniques to highlight their benefits and limitations, providing
necessary context for interpreting results in subsedtiempters3 and 4and understanding the value of

themodified retrieval approagbresented in Chapter 5

Chapter 3: Compares selected satellderived seace motion products to evaluate their ability to detect
rotational features driven by cyclones and Rigbssure systems. The chapter quantifies the intensity of

seaice rotation induced by these weather systentiseasamineghe uncertaintiesassociateavith the ice
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motionretrieval Results are based on aHd@&ur motion product due to the unavailabilitytbé 24-hour
productused in Chapter 4t the time of analysis. This chapter incorporates the published Bledgger,

W. & Vichi, M. (2022). Rotational drift in Antarctic sea ice: Pronounced cyclonic features and differences
between data product€ryosphere 16(3). https://doi.org/10.5194A4t6-925-2022 The results and
discussion are taken verbatim, while introduction and methodology sections are adapted to avoid
redundancy wh Chapters 1 and 2.

Chapter 4: Analyses30 years (1992020) of sedce rotation dynamics, assessing laagn trends and
interannual variability. Regional differences are explored, and ice dynamics are compared with overlying
atmospheric wind stress to assess the effectivenagstoficerotational forcingThis chapter incorporates
astudy accepted for publication the Journal of Geophysical Researdhceans De Jager, W. & Vichi,

M. (2025). Increased Rotational Coupling Between Antarctic Searldghe Atmosphere Over the Last

30 Years(DOI not yet available at the time tiesissubmission).The results and discussion atiaken
verbatim, while introduction and methodology sections are adapted to avoid redundancy with Chapters 1
and 2.

Chapter 5. Explores the potential of swabased retrieval methods for hiflequency sedce
concentration estimates. An existing algorithm is modified to operate on satellite footprint data, enabling
subdaily observations. The combination of swatsed ice mabdin and concentration products allows
decomposition of dynamic and thermodynamic processes. A case study demonstrates the improved

temporal resolution's benefits. Limitations and future development opportunities are discussed.

Chapter 6: Synthesizes the findings from Chapters 3, 4, and 5 within the broader context presented in
Chapter 1. The chapter revisits the research objeativised in Section X.1, evaluatinghow each has

been addressed by the analyses. It also discusses limitations associated with the data sources and
methodologies used and provides recommendations for future research directions to advance understanding

and monitoring okhortterm Antarctic sedce dynamics.
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Chapter2:Mat eri als and Met hods

Chapter 2 serves as a foundational component of this thesis, providing the technical and methodological
context for the analyses presented in Chapters 3, 4, and 5. This chapter bridges the understanding of weather
impacts on sea ice with the technical noelh used to acquir@servationatlata on theseteractions It

introduces the primary datasets central to this resd@asgecifically, satellitederived and atmospheric
reanalysis data and examinewhat information can be reasonably infervgthin the constraints of these

data acquisition techniques. detailed examination of satelligerived seace drift and concentration

retrieval algorithms is conducted to assess their suitability for capturingtehurvariability at sutmlaily

to daily timescales. This evaluationriecessaryor determining the feasibility of describing largeale

seai ce rotation dynamics from satellite observati
role in driving rotation within the seiae field, a comprednsive understanding of the satellite datasets is
requiredfor interpreting the robustness of observed variability and tréfashermore, this technical
exploration establishes the current capabilities and limitations of sabekid se&e monitoring and

lays the groundwork for the modified retrieval algorithm developed in Chapter 5. By elaborating on these
details, Chaptel contextualizes the advancemepigsented in this thesis. It connects the technical
intricacies of satellite datasets with the overarching scientific objectiagvaincingour understanding of

shortterm sedce dynamics.

2.1 Sealce Brightness Temperature from Spaceborne Radiometers

Reliable brightness temperature measurements ofceedate back to NASA Nimbus 5 spacecraft
launched in 1972, which was equipped with the Electrically Scanning Microwave Radiometer (ESMR).
The ESMR measured the natural radiation emitted by Earth's suafat atmosphere at the 37 GHz
frequency channdéParkinson et al., 1999; Wilheit, 1972ere, drequency channalescribes the narrow

band of frequencies within the electromagnetic spectrum that are being measured, while other frequencies
lying outside of that band are filtered out. As technology developed, proceeding missions launched

spacecraft that carried mordvanced sensors. This included the implementati@olafrization filtersi a
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component of the sensor that selectively measures the orientation of electromagnetid wades
developingnstruments that could measure multiple frequency channels simultaneously. In polar research
applications, satellites typically follow a polar orbit, a term used to describe dakitglde orbital track

which allows for the collection of measurementselost o t he Eart hds poles. Thi
necessary for gathering a high density of data from-kititude regions like the Arcticna Antarctic, with

satellites generally flying at altitude$around 700 to 850 kilometres above the Earth's surface, completing
approximately 14 orbits per dayhis frequent coverage of vast areas of theisedandscape makes the

polar orbit a good choice for satellite missions with cryospbeaemntated research objectiv@he spatial
resolution at which these radiometers can resolve surface measurements is proportional to the size of the
instrumentds ant enna r ef |lheradiatomfreguandy chhannel baing selecyed p r o |
for. Older radiometers (e.g. SSM/I and SSMIS) were equipped with reflectons .&liameter, while

more modern sensors utilize 2@ m diameter reflectors (e.g. AMSR and AMSR2), with the upper
limit of the reflectordéds size restricted by the
space. Modern radiometers can resolve to kifitat lower frequencies (6.93 GHz) and kM at higher
frequencies (89.0 GHZHori et al., 2010; Imaoka et al., 2010; Kawanishi et al., 20033 discrepancies

in the spatial resolutions at different frequencies is an important consideration when derivicgy sea
properties, as many derived parameters use a combination of measurements from multiple frequency
channels. This means ttdgriving the desired séee parameter often requires a spatial interpolation step

in the data processing chain, and thus the spatial resolution of the derived parameter is often limited to the
resolution of its coarsest constituent. Radiometers scarcamiaal scanning scheme, meaning that the
radiometer's antenna rotates around the vertical axis of the satellite, tracing out a circular or conical pattern
on the surface termed a footprintas illustrated byFigure 1.9 in Sectionl1.4.1 The incidence angle
labeleda s  #igureh.9, of approximately 50° is used, which describes the angle between the sensor's
line of sight and the portion of the surface being observed. This specific angle maximises the contrast in
brightness temperature between sea ice and open water due to teeingliémissivity properties. At

around 5665°, the emissivity of sea ice remains relatively high, while that of open water is significantly

lower, resulting in a pronounced distinction in the observed microwave giggral et al., 2020)
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2.1.1 Sedce Drift from Space

Satellitederived seace drift can be estimated by detecting and tracking ice cover features across
consecutive microwave radiometer imafeg. Kwok et al., 1998; Lavergne et al., 20I)is is done by
systematically selecting a spatial feature in an initial gridded brightness temperature image and then by
identifying that same feature in a subsequent image. In this conteixg &nturedescribes a specific
assortment of values in a gridded field of brightness temperature measuriealérasigh the application

of this approach is not limited brightness temperature and can be applied to a range of gridded scalar
guantities, having beeiré$t used to compute sea surface velocities infrared observationfEmery et

al., 1986) Locating the start and ematationsof the ice feature from one image to the next thus yields its
relative displacementor seaice drift, the identification and detection steps of the processing enain
automated using thMaximum Cross CorrelatiofMCC) technique. The MCC technique describes a
digital image processinglgorithmwhereby amatrix of scalar quantities is defined in the initial image
(reference blockandthen compared against all possilohatricesin the subsequent image (candidate
blocks). The candidate block which yields the largest cross correlation to the reference block is assumed
to represent the same feature, yielding the change in location of the &hatkthus its displacement
between images can be inferred. This process is systematically repeated over the entire image to generate
a map of displacement vectors overehéireseaice extent. The size of the reference block is an important
parameter, as it must be large enough such thahibe found in the subsequent image, but small enough

as to resolve the desired details of ite dynamicsThe spatial resolution of thdrift data is therefore
inherently constrainelly the resolution of thpassive microwavienageandis typically 5-10timescoarser
depending on thsizeof reference block choseiihis technique has shown to be a robust way to monitor
large-scale sedce motion patterns using low resolution passive microwave(dagaP. Holland & Kwok,

2012; Kwok et al., 201Matear et al., 2015)meaning that it has a major benefit of being able to be
retroactively applied onto historical passive microwave datdsatsaluablebenefit forclimatological

studies. However, some significant limitations exist. As the MCC technique is essentially atfaaiing

method across a discretized time dimension, it is required that the radiometric appearance of the ice feature

persists between sudrpuent images. In other words, talgorithm attempts to find a matching pair of
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matrices between two images (reference and candidate blocks), but if the ice has experiencedhrathange
effects its radiometric appearanagthin the observation window (e.g. melting, freezidgformation
precipitation etg, then the resultant feature would not be recognizable in the subsequent brightness
temperature image, yielding an erroneous displacement vector. As a result, the MCC typically performs
poorly in the MIZ due to the rapid dynamic and thermodynamic chaaggeiated with sea ice inig

region. Additionally, furtheruncertaintyis introduced when generating ttaily brightness temperature

maps on which thalgorithmis applied. Here, independent swath measurements are binned, averaged and
sewn together to generate dok coveragemap. This causes the spatiiirring ofanice field in motion,

while also creating tempor al dKwdkietaply, 1998) of t he me .

The MCC technique is susceptible qoantization noisgLavergne et al., 2010QQuantization noise
describes the difference between the actual signal and the quantized signal, caused by the discretized
approximation of a ice field that exists imontinuousspace So, as ice moves along its continuous plane

on the oceanbdés surface, t h e thé geidued udiseetizedhpjanefinathe | at
subsequent image. The discretized quantification of the ice feature will thus appear different between the
two imagesincreasing th@ncertaintyassociated witlpairingthe rderenceand candidate bloskFigure

2.1 is an idealized diagram illustrating the quantization noise in the context -aéeseancentration
measurements from spacttere, he ice feature (red rectangle) is moving-tefright along a continuous

plane, where columnsand & represent the location of the ice feature in the initial and subsequent images,
respectively. Row shows therealworld feature in the continuous planghile Rows demonstrates the
appearance of the feature in the discretized, digital dodetérmined by its radiometric appearartdere

it is shown that the appearance of the feature is dependent by its location relative to the grid intersections
on the discretized domaithus making identifying the same feature in imagghallenging. This error is
paricularly prominent when the ice displacement is small relative to the spatial resolution of the image, as

the feature is more likely to fall at the intersections of the discretized plane and appear distorted.
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Figure 2.1: An idealized diagram illustrating the quantization noiseassociated withdetecting an ice
floe using a gridded brightness temperaturaneasurementover the whole domain Rowa represents
the real-world ice floein continuous spaceindicated by the red rectangle Between time ¢ and t;, the
floe has moved towards the rightand thechange in location is indicated with the dasheddcation
at to) and solid(location at to) rectangles.Rows represents thediscretizedradiometric appearance of
the floeat to and t.

With the aim to reduce the quantization noise limitation of the MCC mettmdtrgne et al. (2010)
introduced a modified version termed tBentinuous Maximum Cross Correlatioechnique (CMCC).
This involved the computation of virtual, discretised domains that utilize a grid shifted infinitesimally small
along each axis of the original grid. The MCC method utilizes a singular domain comprising of a limited

number of candidatedcks. This domain can be described by:
0 nNno P
Where domainD is the xy-coordinate system overlying the continuous plane, ignmepresent the

discretized grid point intersections at which we have a brightness temperature measurement. Meanwhile,
the CMCC algorithm generatesnumber of domains:
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Wh e rxa n §described the infinitesimally small shiftsxgfcoordinate system from the original domain
D. The brightness temperature measurements corresponding to the original Boanaithen spatially
interpolated onto every virtual domaby, using a bilinear interpolation scheme weighted against the
distance from the original grid points. This has the effect of mimicking a continuous spatial plane while
still using discretised brightness temperature measurements, ultimately reducing tlratipranbise. In
practice, computational r e s o U Kareyinciements asctused, arel me a |
the weighted interpolation scheme chosen introduces its own uncertainty. However, validation reports
indicate that the additional steps applied in the CMCC processing algorithm has reduced the uncertainty of
brightness temperatuderived ice drift estimates when compared againsteiteered buoys, especially

for slower moving ice fieldgLavergne et al., 2010)

Throughout this thesis, the satellite derived ice motion estimates used in the analysis were derived using
the CMCC technique applied onto brightness temperature measurements, publicly distributed by the
European Organisation for Exploitation of Meteoratad Satellites (EUMETSAT) Ocean and Sea Ice
Satellite Application Facility (OSI SAF) within their low resolution sea ice drift product range. Here, a
product refers to a type of dataset generated from satellite observations and processedutsr end
applcations. These datasets are transformed through processing algorithms, calibration steps and quality
controls, making them useful to a broad range of operational and scientific applications. In this thesis, three
unique sedce drift products are utilizeit the proceeding chapters: G8)5, OSI455 and S2S, which are

used for analysis presented in Chapters 3, 4 and 5 respectivelf0®gtovides global ice displacement
estimates at 62.5 km spatial and 48 hr temporal resolutineaning that all sateié swath observation

within a 48 hour window were sewn together, binned and averaged to create a single brightness temperature
map on which the CMCC algorithm is applied. Sb is a more recently released product which provides

ice displacement estimatas62.5 km spatial and 24 hr temporal resolution, however it was not available
when the analysis in Chapter 3 was performed. In austral winter monthsi(Aagtember), both OSI

405 and OSHK55 deploy the CMCC drift retrieval algorithimwhich performswell in freezing conditions

(RMSE of ~3km and a bias of only a few hundred meteveiile OSF455 switches to a frearift model
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in summer months (Novembeebruary) due to the aforementioned limitations of the CMCC algorithm

in highly dynamic conditions. This fregrift model derives ice drift from the momentum equation
(Equation 1)where only wind and ocean forces are considered, and internal ice stresses are ignored. Spring
(October) and autumn (March) datasets combine a weighted average of CMCC andde¢enethods.

Finally, the S2S product provides localized ice drift at 75shatial resolution and stdaily frequency by

applying the CMCC algorithm onto the area of overlap between two satellite swaths. Further analysis of

S2S and its potential applications are presented in Section 5.2.2.
2.1.2 Sedce Concentrationfrom Space

Seaice concentration (SIC) estimates are derived empirically from satellite brightness temp@&iture (
observations. Asliscussed in Section 1.4.1, brightnéssiperature is a metric quantifying the radiation
emitted by a surface, but notably, represents the energy radiated over an area of surface instead of at a
point. This is an important distinction because the obsefyedlue thus describes the mean intensity of
radiation emitted over a heterogenous area of ice. In practice, this means that &,gimggsurement
represents the combined radiation emitted from
scanning footprintTherefore,Ty, is a function of the intensity of radiation emitted by the ice, water and

their respective area coverage, and writteiMiejer (2019)as:
Y 0 Y 0 “Yh ¢®

Where T, is the brightness temperature measurement of an area of surface at a given frequency and
polarization Cwater andCice describe the area fraction covered by water and sea ice (i.e. concentration), and
T, waterand T, ice IS the intensity of radiation emitted by each surface type. Isol@lingy rearrangement
yields:

Y

0 8
e Y C

Thus Cice can be determined with knowR, waterand Ty, ice terms. In idealistic condition3p, waterand Ty, ice
can be obtained by manual inspection of 100% or 0%ceeeoncentration locatioristermedtie points

Tie points are used in most siea concentration retrieval algorithms and are necessary input parameters
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to calibrate the full range of possible brightness temperature values. However, variation in the radiometric
appearance of different ice and water properties and atmospheric conditions means this approach can be
limited as the scattering of observation®uwad the tie points means that the subsequently derived
concentration values can sometimes fall outside of th@096 range, which has no physical meaning. The
use of different frequency channels and polarization filters can be incorporated to theralgodirive
a more robusCic. estimate. An example of this includes the Bootstrap retrieval algofifiomiso, 1986)
whereby a linear interpolation between cluster points in the 37 @z%elationship is utilized to derived
Cice (depicted irFigure2.2). Another commonly incorporated method is the use of gradient and polarization
ratios, whereby spectral gradient information from the 19V, 37V and 37H channels is computed, such as
in the NASA Team and ECICE retrieval algorithif@&avalieri et al., 1984; Shokr et al., 2008hese
frequency channels are widely used because they are effective at distinguishing ice from water and radiate
through cloud covefComiso, 1986)The gradient ration (GR) and polarization ratio (PR) are defined as:

y "y ) y ~

oY oV ~ ¢® 0'Y oV ~ C®

The gradient (Equation®).and polarizationEquation 26) ratios populate the scatterplot showirigure

2.3, which illustrates the cluster analysis performed to extract a fractaahlue. Here it is shown that
incorporating multiple frequency and polarization chanrfétpufe2.2) i as well as their derived variables

such as the GR and PRiure2.3) i can potentiallysolve for multiple surface typeshis forms the basis

of satellitederived icetype estimates, whereby sea ice is further categorized into multiple types based on
their radiometric properties. Chapter 5 will explore this in more detail, using brightness temperature data
retrieved from a rodern radiometer (AMSR) to estimate sei@e concentration and type at a spatial
resolution of 6.25 km in the Southern Ocean. The chapter includes a comprehensive discussion of the
polarization filters, frequency channels, processing algorithms, andswriated advantages and

limitations of these choices
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Figure 2.2: Example distribution of 19V versus 37V GHzbrightness temperaturevalues from the
F18 SSMVS sensor on 19 March 2018. This distribution forms the basis of the Bootstrap algorithm.
Figure source: Meier (2019) Data source: Maslanik & Stroeve (1999)
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Figure 2.3: Example polarization ratio versus gradient ratio values from the F18 SSME sensoron
19 March 2018 The distribution forms the basis for the NASA Team algorithm. Figuresource:
Meier (2019) Data source: Maslanik & Stroeve (1999)
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2.2 Seaice Vorticity

As initially discussedn Section 1.3.1.1, weathewents such as cyclones and high pressure systems are
major drivers of Antarctic seige drift variability. These synoptic features are characterized by their strong
cyclonic and anticyclonic winds, respectively, and typically follow an eastward traj¢Gaeger et al.,
2018) When these rotating weather systems traverse over thees@actional forces engender rotational
motion into the ice fieldFigure2.4 depicts an example of this response, whereby the clockafatng

polar cyclone imparts clockwise rotation in the ice throughout its cover, including in the interidcg@ack
zone. Using a gridded field of iglisplacement observations to estimate tle@mvelocity, the rotational

motion exemplified irFigure2.4 can be quantified by itgorticity (or curl).

MULTI-Ol / 2010-08-13 to 2010-08-14 MULTI-OI / 2010-08-13 to 2010-08-14

=]

© (2023) EUMETSAT © (2023) EUMETSAT

-50 =25 0 25 50 -50 —~25 0 25 50
Ice drift component dX Ice drift component dY

Figure 2.4: The rotational motion observed in Antarctic sea ice in response to a polar cyclone situated
over the ice. Sedce drift estimates were computed using the CMCC algorithm (Section 2.1.1) applied
to satellite brightness temperature observations averaged avéhe 24-hour period between noon
13th-14th August 2010. Black vector arrows indicate cyclonic motion, and the colour maps show the
displacement (units: km) in the x and y directions, respectively. Sourcéavergne & Down (2023)
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Vorticity is commonly used in fluid dynamics to describe the tendency of a fluid to rotate around a point
and is a key quantity in understanding the dynamics of cyclones, atmospheric circulation, currents and

ocean gyres. Mathematically, the vorticity)(is defined as the curl of the velocity vector fiedd):(

] now ¥
wherg describes the intensity of rotatian (= 0 indicates no rotation; units of secotjdsand its sign

denotes the direction of rotation. IrxgzCartesian coordinate system with a velocity fi@ld 60D
Equation 27 expands into:
1 0700 671 0] 07 6
ToToTa a7 o ol @ &

Forsea ce, however, floes are constrained to horizo
no vertical motior yielding a vector field ofo 60D SW This reduces vorticity into a scalar value acting
perpendicular to they-plane:
1 01 a

- &

Wl W G
In practice, gridded displacement vectors from the-@X, OS#455 and S2S ice displacement satellite
products were used in Chapters 3 and 4 to compute the vorticity of theeskeld. The 6 andv
components of the ice velocity were calculated from these displacement vectors for every Grichodl|

the relative vorticity{) was calculated using a centeigespace scheme as:

1 €&-n : — € Vi Vi P T

whered andv are the zonal and meridional sea velocity componentsrespectively (units: meters
seconds), andad is the spatial resolution of the drift product used. The relative vorticity for every grid
cell G ; was computed using theandv components from adjacent cells (i1, j, Ci-1j, Ci, j+1 andGCi j.1),

meaning the vorticity for any given cell could only be computed ihé@ghbouringgrid cells had a
displacement vector. Consequently, no vorticity estimate could be computed along the ocean or continent

margins. Lowquality displacement vector estimates were excluded from the analgiefined as non
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nominal quality flagged estimates in the product metadatad thus no vorticity value was computed for
those cells or for themeighbouringcells. Furthermore, the propagation of uncertainties from the satellite
ice-displacement estimates must be considered. Following the methods describedian Zdcbf
Dierking et al. (202Q)we assume that the position error and uncertainty in the timing of the measurements
are negligible, and therefore the uncertainty in vorticity of a square cell can be estimated by:

CH
” 0 S’,uY C@ p
where, is the tracking error of the drift vector aid is the time interval between two sequential
brightness temperature imag&se uncertainty associated with the -smavorticity estimates is further
explored in Chapter 3, whereby the feasibility of quantifyingiseaotation with satellite drift products is

analysed.

2.3 Atmospheric Reanalysis Data

Atmosphericreanalysis is a method et to create a comprehensive, consistent, andtengrecord of
theatmospheric conditiohy combining historical observational data with a numerical weather prediction
model.Reanalysiglata provides aestimate of the state of the atmosphere at any given time, filling in gaps
where observations are sparse or unavailad produces a gridded dataset of atmospheric variables
across multiple vertical levedd regular time interval3.hroughout thighesis,atmospheric variablesere
sourced from the European Centre for MedBlm nge Weat her For eBraandlysi®o ( ECN
product (Hersbach et al., 2023)hich provide the surfacewinds, vorticity, and mean sea level pressure
(MSLP) conditionson a0.25° spatial resolutiogrid at hourly intervals Opportunisticin situ validations
indicate that ERA appropriately characterizes wind conditions at scales associated with polar cyclones
in the Antarctic MIZ (Vichi et al., 2019) while reanalysis products compared against independently
sourced se&ce parameters suggests that ERAorrelates well with longerm winter seace trends
(Hobbs et al., 2020)
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Chapter 3: Rot atriidntalin Antarct |
Pronounced Cycl ®Onf CeFeatease
Bet wdanRt oduct s

This chapters adapted fronde Jager & Vichi (2022)The Results (Section®.and Discussion (Section
3.4) aretaken verbatim from the publication, while the Introduction (Sectidh &xd Materials and
Methods (Sectior8.2) have been modifieds tostreamline its integration into the thesis amgid

repetition and redutancy withChapters 1 and 2.

3.1 Introduction

As broadlydiscussed irChapter 1sea ice plays a major role in ocean and atmosphere interaciuhs,
therefore itxoverage is a key component of the Southern Oardultimatelythe global climate system
(Mayewski et al., 2009)Antarctic sea iceextent(SIE) is characterized by high temporal and spatial
variability (Sectionl1.4), with a keydriver of this variabilityattributedto regional wind stres&ottmeier

et al.,, 1992; Matear et al., 2015; Vihma et al., 19868)noted in Sectioi.3.1.2, he El Nifio Southern
Oscillation (ENSO) and the Southern Annular Mode (SAM) have also been shown to influeit® sea
variability (Goosse et al., 2009; Pezza et al., 2012; Thompson & Solomon, 2002; Yuan Hi¥&yer,

the degree of relative influence of these larger scale atmospheric modes is (fdiateeter et al., 201,7)
and it is becoming increasingly argued thatisealistributiontrendsi especially in the Atlantic Sector

are primarily driven by local weather events rather than larger scale atmospheric fgaune®t al.,
2017; Matear et al., 2015%ection1.3.11outlinesthe overall effect of local weather on sea ice, while
Section 1.5.1specifically details the mechanisms in whigte motion is engendered atmospheric
forcing. It has been suggested that the unprecedented decréas&lEbetween 20142016 was partially
the result of intense atmosphedygclonesinjecting large scale momentum into the underlying sea ice,
causing the ice to drift northward and melt at the warmer lower lati{0ideser et al., 2017; Z. Wang et
al., 2019) This phenomenon is likely to grow in influence as extratropical cyclones shift poleward and

polar storms intensif§Chang, 2017; TamariBrodsky & Kaspi, 2017)t is therefore necessary to consider
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the effect that local weather systems have on ice dynamics and to evaluate whether these phenomena

influence the overall Antarctic séee dynamicsover time.

Seaice productsderived from satellite passive microwave observattars be usetb helpquantify the
rotationalmotion associatedvith cyclones and high pressure (HP) systértisrough the data acquisition
techniques describe iBection2.1.1 At present changes in rotational featurgsthe Antarctic seace

cover have not yet been quantifiedherefore, his chapterproposes a method for the detection and
guantification of rotational drift in Antarctic sea ice at temporal and spatial scales similar to that of local
weather eventsThis wasdone by computing the sei@e vorticity using satellite ice drift estimatés
through the procestescribed in Section 2i2which quantifiedseaice rotationwithin circular domains.

This analysis focused on the Atlantic Sectortlasregion is more directly affected by weather variability
(Matear et al., 2015Yhis chaptemproposes a measure of rotational drifsea ice which could be used as

a potential index with which interannual dynamical trends caxbamined. This approacbrinsthe basis

with which the longterm rotational trendgresented irChapter 4are evaluatedHere, $ ice motion
products arselectedeach of which are subject to different methodological constraints associated with the
featuretracking algorithmi details of which areliscussed in Section 2.1.XIVhile a validation of the
vorticity estimates is not included due to the sparsitindditu data, a comparison between the relative

performance othe selected drifproducts is shown.

3.2 Materials and Methods

Six different products from the EUMETSAT OSI SAF low resolutiortiseadrift product rangen@med
OSH405) were used in thishapter At the timethis analysiswvas performed, the4-hour OSF455product

was not yet available, and #ue OSF405 product range was used because its spatial coverage spans over
the entire Antarctic sea ice landscape with a comparably intermediate temporal resolution of 48 hours,
although the 62.5 km spatial resolution is coarse. selected O$405 products compared welee nulti-

sensor merged, Advanced Microwave Scanning Radiometer 2 (AMISRdvanced Scatterometer
(ASCAT), Special Sensor Microwave Imager (SSM/I) and two Special Sensor and Microwave

Imager/Sounder (SSMIS) products. The @85 processing starts from daily psaof brightness
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temperatureor backscatter observatiorsggregated from swatbbservation Details regarding the
derivation of brightness temperature frp@ssive microwave satellitiatais discussed ibections 1.4

and 21. Satelliteobservations wergourced from the following sensoteke AMSR2 on Japan Aerospace
Exploration Agency (JAXA) platform GCOMV1; the SSM/I on the Defence Metalogical Satellite
Program (DMSP) platform F15, the SSMIS on DMSP platforms F17 and F18 and the backscatter data from
the ASCAT sensor on EUMETSAT platin MetOpA. A Laplacian filterwasapplied to these daily maps

to enhance specific ice features in the im&grause brightness temperature retrieval algorifferferm
relatively poorly in aras with low sedce presence (<15% SIC), are-edge mashkvas also applied.
Displacement vectors are then computed from two daily images approximatebyé@part usinghe

CMCC featuretracking methoddescribed in Sectiog.1.1 The temporalange of these sing&ensor
products in the Southern Hemisphere are as follows: The ARIBRduct is available from September
2015 to present; the ASCAT from March 2013 to present; the SSM/I from March 2013 to September 2015;
the SSMISF17 from Septemlie2015 to Aoril 2018; and the SSMIS18 from August 2018 to present.

For this analysis, motion vectors derived from the SSM/l and SSMIS instruments are grouped to provide a
continuous dataset of measurements since 2013. This group will be analysed as a singleaprioduct
referred to as the SSMI/S product. The mséihsor merged product implements a-Bt&p process, firstly

by using a weighted average of all valid singégsor data at a particular grid pdinthere the weighting

of each singlesensor product is imrsely proportional to the error of that prodilcand secondly by
interpolating surrounding vectors for grid points where no data is available from anyssngte product.

Due to the limitations of measuring siea drift in melting conditions and during periods of insufficient

ice cover(Sumata et al., 20159nly the months of Jur@ctober were considered, and our analysis focused

on the Atlantic Sector of the Southern Ocean, spanning the area between 65° W and 50° E.

Seaice vorticity features wersystematicallydentified using a detection algorithapplied to the singte
sensor products (AMSR, ASCATand SSMI/S family) and the merged prod(cide made available in
de Jager (2022)The first step of this processsthe computation of the vorticity fieldand its associated
uncertaintyi following themethodoutlined in Section 2.2/ectordisplacement uncertainties are included
in all OSF405 products from 1st June 2016w-quality flagged drift estimates (i.@ssignedlag values
0-19) were rejected, while only those flagged with a good quality index (i.e., flag valtg®) 2@ere
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considered. Nominal quality estimates (i.e., flag value of 30) have the lowest retrieval uncertainty and were
measured independently of their neighbours, while flag valu@928cluded drift estimates that required

a correction or interpolation schemerfr neighbouring locations and therefore have a larger uncertainty.
Rejection quality flags correspond to locations where no valid drift estimate could be made, and therefore
no vorticity values are computed at those grid points or their adjacent neighluai2030 range of flag

values was chosen for this analydige to the availability of the correspondimgcertainty and so while

some nomominal drift vectors may be of degraded quality, this poteetiak could bequantified

In the second step of the processdéctioralgorithm generates virtual circular subdomadihsf radius

r centred at every grid point in our vorticity field. Each of these subdomains represent a vorticity feature,
which can partially overlap one another in space. We define the feature intensity as the mean of all vorticity
estimates contained within its cimoference, and the feature variability as the standard deviation of all
vorticity estimates contained within its circumference. Therefore, a imegatean intensity feature
represents a circular area of sea ice dominated by cyclonic rotation, while a positive mean intensity feature
represents an area dominated by anticyclonic rotation. A minimum pixel validity thresAois aypplied

to every subdomail,, ensuring that each classified feature has an adequate number of valid vorticity
values within its circumference. Subdomains that fail to meet the minimum pixel validity threshold are
ignored, thus reduci ng t Hyingsnblgegions of mendevortcity stche pt i b |
ice edge or coastline as features. This process is repeated independently per product with (E§ing

450 and 400 km) and@ (90, 85 and 80 %) parameter values, meaning that all identified features contain
180-220 valid vorticity valuesvithin their circumference, depending on the choice dhe choice of 500,

450 and 400 km radius features was oriented towards capturing the effect @icllyeynoptic features

on the underlying sea ice, which areled order of 1000 km, and therefore the 62.5 km grid resolution of
OSH405 is fine enough to capture mddo (¥ 20D®km) to synoptic (>1000 km) scale rotational features

All permutationsof varying parameter values radiuand threshold produced similar results, indicating

that the presented results are robust to the choice of free parameters. Resulisa Seswivon 33 usedr

=450 km and = 90 %.
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3.3 Results
3.3.1 Case Study Analysis

Two case studies were considered in this analysis to highlight the usefulness of quantifying synoptic scale
rotationalfeatures in the sea ice, and to assess the vorticity feature detection algmiithis associated
uncertaintydescribed irbection . These examples have been selected based on known synoptic events
observed during the winter expeditions of the SA Agulhas 2 in the region. Case $8abtidn 33.1.1)
considers an explosive polar storm which formed over the open ocean and propaghtedstmver the

MIZ and ice interior. Case Study(3ection 33.1.2) considers a stationary higitessure cell persisting

over the ice interior in the eastern Weddell Sea. These maps illustrate some of the features of the vorticity
fields obtained from the available products and the overall functioning of the detectigthaigén in

depth analysis of the resulting vorticity values and the relative uncertainties is gbections3.3.2 and

3.3.3in which we will refer to these case studies for comparison.
3.3.1.1 Case Study 1: Explosivlolar Storm Traversing Over the Sealce

There existed an explosive atmospheric cyclone moving from the MIZ to over the ice interior between 2

5 July 2017. This cyclone was chosen for a case study as its effects on the underlying sea ice has been well
documented with both satellite amdsitu data(Vichi et al., 2019) Figure 3.1 shows the vorticity field
between midday 3 July and midday 5 July according to each of the four products, with the masking due to
rejected drift estimates indicated by the dotted hatching. Overlain mean sea level pressure (MSLP) contours
indicate that cyadnic structure in the atmosphere persisted over the ice interior during this 48 hr period,
with the mean position of its core located at approximately 65°S and 21°E. According to the merged
product, the cyclonic vorticity feature in the seafield is casistent with the structure of the atmospheric
cyclone over the same period. This is evidenced by the large region of negative vorticity iFicbdisth

(blue) underneath the overlying atmospheric cycléimgufe3.1d). The magenta ring showniigure3.1
represents the location of the most intense cyclonic ice drift feature detected using the merged product,
with its 450 km radius centred at 65.7° S and 20.6° E (mean vortitiy3 x1G + 0.90 x1® s?1).
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Conversely, none of the singdensor ice drift products detect this intense feature underneath the
atmospheric cyclond={gure3.1a, b and c), although they all capture some negative vorticity in the region.

In addition to the area of ice beneath the atmospheric cyclone, the wider vorticity field is also associated
with the cyclonic and anticyclonic curvature of the isobars. All fowoducts detect positive vorticity
beneath the elongated highessure ridge over the Weddell Sea, separating two smaller regions of negative
vorticity at the ice edge (approximately 62°S and 30°W) and continental coastline (approximately 77°S
and 15°W)each of which lie below a pressure trough. All products have some rejected drift estimates at
the MIZ, while the singlesensor products have far more in the ice interior, which results in a patchier
vorticity field, especially when it is negative. All foproducts instead detect a similar vorticity field in the
Weddell Sea region, suggesting that good quality drift estimates are more in agreement under anticyclonic

drift conditions.
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Figure 3.1: The seaice vorticity field for Case Study 1 between 3 July 2017, 12:00:005 July 2017,
12:00:00 (UTC) computed using the (a) AMSR2, (b) ASCAT, (c) SSMI/S and (d) merged ice drift
products from EUMETSAT OSI SAF. Overlying contours show the 48 hr mearsea level pressure
(MSLP) computed from hourly ECMWF -ERAS reanalysis data over the same period. Ice drift
estimates that were not considered in the vorticity computation due to their rejection flag status are
shown with dotted hatching, andthe rectangular box marks the area boundaries over which the
algorithm applied (asdescribed in Sedbn 3.2). The magenta ring shows the location of the most
intense cyclonic feature detected by thenerged product over this 48 hr period, while the dashed
rings indicate that the corresponding features did not meet the pixel validity threshold requirement
using the AMSR-2, ASCAT and SSMI/S products.
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3.3.1.2 Case Study 2: HigHPressureCell Persisting Over the Eastern Weddell Sea

Figure3.2 shows the seie vorticity field from approximately midday 21 July to midday 23 July 2019.
During this period, ER/A reanalysis data indicates that a strongpigissure cell was persistent over the
eastern Weddell Sea, with the average position afdte between located at 67.2°S and 18.9°W. The
green ring represents the location of the most intense anticyclonic ice drift feature detected using the
merged product, with its 450 km radius centred at 66.5°S and 19.8°W (mean vorticity: 0368 k30

x10° s?, Figure3.2). The passivenicrowave based singkensor products detect similar vorticity fields

over the same area, with the AMSRand SSMI/S products measuring 0.63 %11.36 x1& s* (Figure

3.2a) and 0.64 x1®+ 0.72 x1® st (Figure 3.2c) respectively. The active microwave based ASCAT
product fails to detect this feature due to the insufficient number of valid vorticity pbBigte€ 3.2b).

Again, the vorticity fields detected by all four products show a strong correlation with the curvature of the
overlying isobars across the entire rectangular region, much like that shown in Case &igdyeB.().

This is particularly visible ifrigure3.2 along the negativé&o-positive vorticity gradient from the western
to-eastern Weddell Sea, where the parallel isobars lie perpendicular to the vorticity gradient, suggesting
the atmospheripressure gradients control the underlying vorticity field. A region of negative vorticity is
also detected near the eastern boundary of the rectangular region which mimics the curvature of the
overlying lowpressure cell deflecting eastwards. Similarly to Case Study 1, all threesémgler products

have a higher frequency of rejected drift estimates compared to the merged FapueB(2).
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Figure 3.2: The seaice vorticity field for Case Study 2 between 21 July 2019, 12:00:0@3 July 2019,
12:00:00 (UTC) computed using the (a) AMSR2, (b) ASCAT, (c) SSMI/S and (d) merged ice drift
products from EUMETSAT OSI SAF. Overlying contours show the 48 hr men sea level pressure
(MSLP) computed from hourly ECMWF -ERAS5 reanalysis data over the same period. Ice drift
estimates that were not considered in the vorticity computation due to their rejection flag status are
shown with dotted hatching, and he rectangulr box marks the area boundaries over which the
algorithm applied (as described in Section 3). The green ring shows the location of the most intense
anticyclonic feature detected by the mergegroduct over this 48 hr period, while the dashed ring
indicates that the corresponding feature did not meet the pixel validity threshold requirement using
the ASCAT product.
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3.3.2 Analysis ofUncertainties and Comparison of DetectedFeatures in theDrift
Products

Figure 3.3 shows the distribution of feature intensity relative to its uncertainty for both cyclonic and
anticyclonic features. This analysis was done using years-Z2UAT due to the availability of drift
uncertainty estimates in the G&05 product. The intensityf rotational features (~10s?) is
approximately 3 orders of magnitude larger than its associated uncertainbs{~+h0stly due to the large

0 andY'Y terms in the denominat@f Equation 2.1 in Section 2.2The SSMI/S product shows the
largest mean uncertainty for both cyclonic and anticyclonic features, while uncertainties are smallest using
the AMSR2 product Table 3.1). Despite differences between the three shsgiasor products, each of

them shows near identical estimates of the mean uncertainty of cyclonic features relative to that of
anticyclonic features. Conversely, the merged product shows a larger mean niycéotacyclonic
features (0.48 x10s?) than anticyclonic features (0.41 x48%), suggesting that cyclonic drift estimates

are noisier than that of anticyclonic ones. Sirggasor derived products show a small range of
uncertainties for both cyclonic and anticyclonic features, as indicated by the flatness of scattégungin

3.3af. This is also shown statistically rable3.1, where the standard deviation of the uncertainty spread

is approximately 0.04 x10s* for all three singlesensor products. This is because the tracking grror

term inEquation 2.1 (Section 2.2)s mostlyspatially uniform, although there is some variation introduced

into the uncertainty field by the nerominal quality flagged drift estimates and relatively small deviations

in the time interval@ 7. Conversely, the merged produktqure3.3g and h) shows a far greater standard
deviation of uncertainties; 0.15 xiG?! and 0.10 x160 s! for cyclonic and anticyclonic features,
respectively. This result is intuitive as the merged product is created using a combination of the single
sensor products and its uncertainty is computed using a Gaussian error propagation function based on the
uncetainties of its constituents, and thus the resultant uncertainty of the merged product is expectedly more
variable than that of the singéensor products. The features detected in Case Stutegile3.1) and 2
(Figure3.2) are shown with magenta and green diamond markers respectivetyine3.3. The cyclonic
vorticity feature detected by the merged product in CasEidure 3.1d) had both an intensity and

variability measured beyond the"9gercentiles relative to the other cyclonic features detected from 2017
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2020 (dashed lines iRigure 3.3h). The anticyclonic feature detected in Cas€&igure3.2a, ¢ and d) is
measured beyond the '9%ercentile of intensity but near average uncertaintyelative to the other
anticyclonic features detected between 20020, according to the AMSR (Figure 3.3a), SSMI/S
(Figure3.3e) and merged~{gure3.3g) products.
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Figure 3.3: A two-dimensional histogram of the intensity and uncertainty of vorticity of all features
detected between 2012020. Anticyclonic and cyclonic features are shown in the left and right
columns respectively, while each product is shown in a different rokPanels (a) and (b) show features
detected using the AMSR2 product; panels (c) and (d) using the ASCAT product; panels (e) and (f)
using the SSMI/S product; and panels (g) and (h) using the merged product. The lineEbestfit are
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shown with a black solid line, along with its slope, intercept, standard error, and the number of
features detected. The vertical and horizontal dashed lines represent the 95th percentiles of the
intensity and uncertainty respectively. Thecolormap indicates the number of features detected in
each bin. The anticyclonic feature described in Case Study(3ection 33.1.2)is shown with a green
diamond marker, and the cyclonic feature described in Case Study(Section 33.1.1)is shown with

a magenta diamond marker. Note the relative scaling order of magnitude between variables, and the
reverted x-axis for cyclonic features to aid comparison. The gradients of the linesf-bestfit reported

in Section 33.2have been computed using the absolute values of thaxis to simplify the comparison
between the cyclonic and anticyclonic distributions.

Table 3.1: The mean and standard deviation of the uncertainty and variability of vorticity of all
features detected between 2012020 (Format: Mean = STD). Note the relative scale of units of the
uncertainty estimates relative to that of the variability.

Uncertainty AMSR-2 ASCAT SSMI/S Merged
Anticyclonic T W T8 T T 1 T8t o X p IO T W T8I P
Cyclonic T W T8t O T v T8I T ¢ T8 T My v
Variability

Anticyclonic T o T p T P 18t W Y PIT T w TP X
Cyclonic M| ¢ T ™ X T O ™ @ Mo TWULU TGO

The relationship between tfeature intensity and its associated variability within the search radgigé¢

3.4) indicated that they are of the same order of magnitude. Here it can be seen that the scale of standard
deviation is far more comparable to the feature intensity. It is shown that the mean variability is larger for
cyclonic features than anticyclonic faets in all four products, of which the largest spread is noted using

the merged productT@ble3.1). Additionally, all four products agree that the variability of cyclonic features
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is proportional to its intensity as visualized by the gradient of the black lhoébestfit in Figure3.4b,

d, f, and hi indicating that the highest intensity cyclonic features are also the most variable. The merged
product has the largest slope of 0.44 for cyclonic featdigsiie 3.4h), and the singlsensor AMSR2
(Figure3.4b), ASCAT (Figure3.4d) and SSMI/SKigure3.4f) products have smaller slopes of 0.31, 0.33

and 0.34 respectively. No obvious relationship between intensity and associated variability is seen for
anticyclonic features, with the singéensor AMSR2 (Figure 3.4a), ASCAT figure 3.4¢c) and SSMI/S

(Figure 3.4e) products all showing a slope of approximately 0.01. The merged product has an inversely
proportional slope of-0.10 (igure 3.4g), indicating that intense anticyclonic features are more
homogenous. The features detected in Case Studiegute3.1) and 2(Figure3.2) are shown irFigure

3.4 with magenta and green diamond markers respectively. The cyclonic vorticity feature detected by the
merged product in Case 1 lies close to the regression line, with its intensity and variability both measured
beyond the 95percentiles relative to the other cyclonic features detected in the same period (dashed lines
in Figure3.4h). This is aligned with the atmospheric event that was reported to be an explosive cyclone
(Vichi et al., 2019)Much like the uncertainty distribution showrHigure3.3, the AMSR2 (Figure3.4a),

SSMI/S Figure 3.4e) and mergedHgure 3.4g) products detected the anticyclonic feature described in
Case 2 with an intensity measured beyond the 95th percentile btavegage variability relative to the

other anticyclonic features.
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Figure 3.4: A two-dimensional histogram of the intensity and standard deviation of vorticity of all
features detected between 2012020. Anticyclonic and cyclonic features are shown in the left and
right columns respectively, while each product is shown in a differ¢ row. Panels (a) and (b) show
features detected using the AMSR2 product; panels (c) and (d) using the ASCAT product; panels
(e) and (f) using the SSMI/S product family; and panels (g) and (h) using the merged product. The
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lines-of-bestfit are shown with a black solid line, along with its slope, intercept, standard error, and
the number of features detected. The vertical and horizontal dashed lines represent the®95
percentiles of the intensity and standardieviation respectively. The colormap indicates the number
of features detected in each binThe anticyclonic feature described in Case Study 2 (Sectior3al.2)

is shown with a green diamond marker, and the cyclonic feature described in Case Study 1 (Section
3.3.1.1) isshown with a magenta diamond marker.Note the relative scaling order of magnitude
between variables, and the reverted-axis for cyclonic features to aid comparison. The gradients of
the linesof-bestfit reported in Section 33.2 havebeen computed using the absolute values of the x
axis to simplify the comparison between the cycloniand anticyclonic distributions.

The disagreement between cyclonic and anticyclonic features is further highligltedrie3.5, which

shows the intensity distribution of anticyclonkigure3.5a) and cyclonicKigure3.5b) features. Justified

by our vorticity uncertainty analysis between 2020, we have assumed that the negligible importance

of this uncertainty can be retroactively applied to earlier years, aRyse 3.5 is representative of all
features detected from 202620 betweens1June to 3% October. We have chosen this temporal range to
maximise the use of available data for which all four products overlap in time. It must be noted that no
SSMI/S ice drift estimates in June and July of 2018 are available, due to the gap in the traniition per
from the SSMISF17 and-F18 platforms. Results show that the intensities of cyclonic featbrgsré

3.5b) are higher than that of anticyclonic featurBsre 3.5a), as indicated by the heavier tail of the
gaussian curve estimate of the cyclonic distribution. A total of3®Blanticyclonic features were detected
over this period, with the most being returned by the merged product9l134followed by the passive
microwave based AMSR (84 171) and SSMI/S (64 263) products and the aatieeowave based
ASCAT (18383) product. The number of cyclonic features returned was similar in the-sarger
AMSR-2 (105 889), SSMI/S (66 111) and ASCAT (21 991) productdewte merged product detected
approximately twice as many cyclonic features (298) as anticyclonic features. A total of 4886
cyclonic features were returned by all four products, 57 % more relative to the total number of anticyclonic

features detaed.

Inter-product comparisons indicate that there is little difference in the intensity of anticyclonic features
(Figure3.5a)1 as shown by the similarity of overlapping curve estimategh only the ASCAT product
(blue line) deviating slightly from the other distributions with a higher frequency eintamsity features

detected (between 0 an@.2x10° s?). Conversely, the cyclonic distribution curves show a larger
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discrepancy between producEBdure3.5b), particularly the merged product (yellow line), which shows a
disproportionately small frequency of lemtensity features (between 0 ar@2x10® s?) and high
frequency of intermediatimtensity features (betweef.25x1@ and-0.6x10% s?). If the quality flag
restriction is relaxed to include all the available data in the-4DSIproduct datasets, the difference
between the cyclonic distributions is enhanced, with the merged product showing-extercted tail of

high intensity cyclonegnot shown). This indicates that the extent of disagreement between products is
dependent on the choice of quality flags used. Due to the large numberinfdosity features detected,

the differences between products in detecting Hviggnsity features is less clear. Therefore, the most
intense cyclonic and anticyclonic features for each product were compared. Here, we define the major
events as those femes above the 95percentile (vertical dashed lines filgure 3.5a and b). Similar
thresholds are shown for major anticyclones in the SSMI/S (0.37s)0 AMSR-2 (0.36x1@ s?) and
merged (0.35x10s?) products, with the ASCAT (0.32x£&?) product again deviating slightly from the
others Figure 3.5a). For cyclonic features, the merged produbt6@x1@* s') had the most intense
threshold, followed by the AMSR (-0.63x10° s'), ASCAT (-0.62x10° s1) and SSMI/S0.54x16* s?)
products Figure 3.5b). The 9% percentile intensity threshold was thereforei 2.8 times larger for

cyclonic features than for anticyclonic features.
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Figure 3.5: The normalized frequency distribution of (a) anticyclonic vorticity features and (b)
cyclonic vorticity features from 20162020 (note the reverted x axis for comparison). Lighter shaded
lines show a stepped histogram of 200 bins, while the darker shadedrve represents a kernel
density estimate using Gaussian kernels. Vertical dashed lines indicate the intensity threshold of the
95" percentile.
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Table 3.2 Summary of key difference between detected Cyclonic and Anticyclonieaturesbased on
the algorithmic criteria outlined in Section 3.2.

Cyclonic Features

Anticyclonic Features

Direction of Rotation in the SouthernHemisphere

Overlying Weather conditions

Features Detected

Intensity of 95" percentile (x10° s)

Satellite Product Detection uncertainty (x16 s?)
Satellite Product Detection Variability (x10°s?)
Spatial Field Composition

Satellite Product Detection Discrepancy

Interannual Variability (2013 -2020)

3.3.3 Year-to-Year Variability

Clockwise

Stormy; heavy cloud cover; snow.
489 475

0.57 0.7 (clockwise)

0.47 0.7

0.427 0.55; Proportional to intensity
Heterogeneous

High

Intensified abruptly from 2012017

Anticlockwise

Clear and fair

311 308

0.37 0.4 (anticlockwise)

0.47 0.7

0.33i 0.39; Independent of intensity
Homogeneous

Low

No obvious change

The previous analysis of uncertainties indicated thadifference between the products in the number and

intensity of the detected features is robust. A further analysis of the interannual variability of major events

was conducted, to assess the presence otgg@ar differences during the period of dataikability. The

temporal range of analysis was extended to the period20A@3, as 2013 is the earliest year of available

data in the Southern Hemisphere. Howeugron defining the 95percentile intensity thresholds like that

shown inFigure3.5 - it was noticed that no cyclonic feature exceeded this threshold in 2013 or 2014 for

any product. This was also the case at tiep@0centile. It is therefore noteworthy that a strict, consistent

intensity threshold applied to all years does not allow us to discern the relative dynamical changes earlier

than 2015. For this reason, we have defined tHg@Ecentile threshold for each year independently. This

means that the results presentedrigure 3.6 show the interannual intensity distribution of the major

cyclonic and

anticyclonic
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intensity threshold of the 95ercentile for each year is also provided to show how different the years are
and to justify the choice of this diagnosticgable 3.3). Note that the AMSR drift product is only
available from September 2015, and no SSMI/S ice drift estimates were available in June and July of 2018.
There is no obvious interannual trend seen in anticyclonic intensity betwe€ei?2@03igure3.6a, c, e

and g), visually indicated by the baxdwhisker rectangles remaining relatively constant in all four
products and with few outlier features detected. This is further supported by the relatively small variability
in the mean intensity and standateviation between year§dble 3.3). Conversely, a clear cyclonic
interannual trend is evident, characterized by relativelyitaensity features in 2013 and 2014, followed

by an abrupt increase in intensity from 202617 Figure3.6b, d, f and h). From 2012017, the mean of

the 95th percentile of cyclones increased by a factor of 2.8, 2.6 and 1.7 for the ASCAT, SSMI/S and merged
products respectivelyTable 3.3). Much like the cyclonic variabilityo-intensity relationship described
earlier Figure3.4b, d, f and h), it is again evident that the standard deviation increases with the intensity
from 2014 2017 for each available productable 3.3). All four products indicate a relatively high
frequency of cyclonic outlier featurésrepresenting features which were more intense than the annual
upper bound (303 + 1.5 x"PO|)¥ with SSMI/S product showing a larger frequency of outliers in 2015
(Figure3.6).
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Table 3.3: The mean, standard deviation, andintensity threshold of the 9%' percentile of all
rotational features detected between 2012020 (Format: Mean = STD (Threshold)); Units in

v ). For comparison, the 98 percentile of all anticyclonic (cyclonic) features from 2016
2020 is 0.364.63) for the AMSR-2; 0.32 ¢0.62) for the ASCAT; 0.37 {0.54) for the SSMI/S; and
0.35 €0.69) for the merged product as illustrated by the vertical lines ifrigure 3.5.

Anticyclonic 2013 2014 2015 2016 2017 2018 2019 2020

AMSR-2 : : 0.43:0.07 0.29+0.04 0.41+0.05 0.36:0.05 0.48+0.06  0.43+0.03
(0.37) (0.24) (0.36) (0.31) (0.41) (0.38)

ASCAT 0.33:0.05 0.38£0.05 0.40£0.09 0.28+0.03 0.38#0.03 0.31#0.03 0.3920.04  0.41+0.05
(0.29) (0.33) (0.30) (0.25) (0.35) (0.27) (0.34) (0.33)

SSMI/S 0.27+0.04  0.33:+0.06 0.45:0.07 0.31+0.05 0.43+0.04 0.34:+0.04 0.50+0.06  0.42+0.04
(0.22) 0.27) (0.37) 0.26) (0.39) (0.30) (0.42) (0.37)

Merged 0.33:0.05 0.35:0.06 0.43+0.06 0.35:t0.05 0.43:0.06 0.37+0.05 0.4620.06  0.41+0.03
(0.27) (0.29) (-0.36) (0.29) (0.36) (0.31) (0.38) (0.36)
Cyclonic 2013 2014 2015 2016 2017 2018 2019 2020

AMSR-2 - - -0.81#0.15 -0.80+0.18 -0.82+0.11 -0.68+0.11 -0.69+0.12 -0.73%0.11
(-0.65) (-0.63) (-0.70) (-0.58 (-0.56) (-0.61)

ASCAT -0.29+0.04 -0.29+0.03 -0.56+0.07 -0.76£0.11 -0.82+0.12 -0.68+0.09 -0.72+0.10 -0.66+0.07
(-0.25) (-0.26) (-0.45) (-0.65) (-0.66) (-0.57) (-0.61) (-0.57)

SSMI/S -0.39£0.05 -0.45:0.08 -0.42+0.11 -0.58+0.10 -0.77+0.12 -0.60+0.10 -0.66%0.13 -0.68+0.09
(-0.37) (-0.35) (-0.34) (-0.47) (-0.63) (-0.49) (-0.54) (-0.58)

Merged -0.46£0.06 -0.49+0.06 -0.76:0.16 -0.83+0.13 -0.85:0.10 -0.830.14 -0.86+0.15 -0.82+0.11
(-0.39) (-0.41) (-0.60) (-0.69) (-0.72) (-0.68) (-0.68) (-0.69)
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Figure 3.6: The interannual distribution of the 95" percentile of features detected between 2013
2020. Cyclonic and anticyclonic features are represented with blue and red baxd-whisker plots
respectively. Panels (a) and (b) show features detected using the AM3Rroduct; panels (c) and (d)
using the ASCAT product; panels (e) and (f) using the SSMI/S product family; and panels (g) and
(h) using the merged product. The boxand-whisker rectangles indicate the interquartile range
(IQR), with the median line separating the upper (Q3) and lower (Q1) quartilesOutlier features are
shown as dots and represent feates of which their intensity exceeds the upper bound (> |Q3| + 1.5
x [IQR|) or lower bound (< |Q1|- 1.5 x |IQR]). The anticyclonic feature described in Case Study 2
(Section3.3.1.2) is shown with a green diamond marker, and the cyclonic feature described in Case
Study 1 (Sedion 3.3.1.1) is showrwith a magenta diamond marker.
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3.4 Discussion and Conclusions

This analysis presents a new method to automatically detect and quantify rotational drift in Antarctic sea
ice using the EUMETSAT OSI SAF low resolution 48inseaice drift product range. To our knowledge,

this methodological process is the first attempt to quantify synoptic scale vorticity features in sea ice using
remote sensing techniques, with the aim to establish an indicator of rotational drift in ite feed by

which to detect current and future changes in the ice dynamics. Four produatedria this study,
focusing on the Atlantic sector of the Southern Ocean: three single sensor derived products and one merged
product. Rotational features found in the sea ice may originate from both oceanic and atmospheric drivers,
and while some initiabtudies may indicate that safiesoscale oceanic processes under the ice may be
concurrent driver§Stossel et al., 2018; S. Swart et al., 20889re is larger evidence of the role played by
atmospheric cyclorgin driving sedce motion Yichi et al. (2019)and references therein). The case
studies presentedéction 3.1) indicate that the vorticity field of the sea ice is strongly linked to the
cyclonic and anticyclonic curvature of isobars, both in cases of extreme weather events and mild
atmospheric conditionsChere is no apparent evidence of oceanic drivers effecting ice rotation in this
region at these spatial and temporal scales, suggesting that the detected vorticity field is dominated by
weather at daily or even suldlaily 7 timescales. This alignwith existing literature that séee variability

in the Atlantic Sector of the Southern Ocean is primarily driven by local atmospheric con@itimiset

al., 2017; Matear et al., 2015)

Our method is therefore oriented towards capturingi@eeotationafeaturesat the scales of the synoptic
weather, assuming that the underlying-eeafield would be affected at similar spatial scales. For this
reason, our detection algorithm identifies circular ice drift features with a radius of 450 km =150 km
which is the sale of atmospheric weather and aboittimes the spatial resolution of the productnd
guantifies the characteristics of the vorticity field within this circumferemea case studies are presented
to highlight the type of vorticity fields found the Atlantic region and their association with atmospheric
features. Case Study 1 considers an intense cyclone traversing over the(Bgaiied.1), while Case
Study 2 considers a persisting higressure cell over the ice interi@figure 3.2). These examples

underline the different quality of the drift retrieval between products, which ultimately leads to a difference
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in the coverage of the computed vorticity field and in the detection of features. The resulting vorticity is
sensitive to the choice of quality flags used. Unsurprisingly, the merged product has the best coverage in
the case of cyclones and anticyclonesisTis because the merged product processes drift estimates from
multiple sensors and is therefore more likely to have a good gflalityed drift estimate at each grid

point. The better coverage of good quafiggged drift estimates from the AMSRpraduct means that

its resultant vorticity field has better coverage than the SSMI/S product, despite both being passive
microwave based, while the coverage of the agatiieowave based ASCAT product is considerably

worse than the other three products.

This difference in coverage manifests into different vorticity fields, and so we observe a large discrepancy
between products in the intensity of detected cyclonic and anticyclonic features, and major differences in
the intensity distribution of cyclone$his result is robusand significant with respect to the uncertainties

in the estimation of the vorticity features as demonstrated ino8&:8.2. The vorticity is three orders of
magnitude greater than its associated uncertainty. However, @ls@m$iown that variability in vorticity

within the feature radius is of a comparable scale to its inte®Rsifyre3.4). The variability of the cyclonic
features shows a tendency to increase with an increase in cyclonic intensity, while no such relationship is
apparent for anticyclonic features. The small spread of uncertainty shown by single sensor products in
Figure3.3 contrasts with their higher spread of spatial variability showFignre3.4. This, together with

the high signato-noise ratio, suggests that the large variability detected is not a symptom of the drift
uncertainty. Itis also necessary to consider ttietsearch radius of the feature detection algorithm
described in Seitin 32 canbe affected by contiguous cyclonic and anticyclonic features in the sea ice.
Such condition would have a neutralizing effect on the value of its mean vorticity, and so these kinds of
features should be represented in the-ilonsity portions ofFigure 3.3, Figure 3.4 and Figure 3.5.
Assuming a random distribution of these features, we expect them to be highly heterogenous; however,
only the variability of anticyclonic features detected by the merged product show higher heterogeneity in
the lowintensity featuresHigure3.4g). None of the products report lentensity cyclonic features with

high variability Figure3.4b, d, f, and h). We thus conclude that close, difikefeatures in the vorticity

field are relatively uncommon, or that they are spatially more extended, and it is thus unlikely that two

opposing rotation features are equally captured in the same 48@akoh radius.

91



The merged product displays the largest variability for both cyclonic and anticyclonic features because it
combines the drift estimates from the other independent products. Our analysis of a few case studies gives
some hints that the better coverage ofrtiezrged product increases the detection of rotational drift in the

ice compared to the sing&Ensor products. The merged product has the most intefispe8&entile
threshold for cyclonic features and the smallest proportion efritensity cyclonic fetures Figure3.5b).

This is counterintuitive as it is expected that the merged product would show intermediate level results
relative to its constituents, like that shown by the merged product in the anticyclonic distribigime (

3.5a). It also shows the greatest increase in variability relative to cyclonic inteRgiyre 3.4h) i
illustrated by the steepest slope of its lofebestfit I suggesting that the higher variability detected in the
merged product is linked to a larger intensity estimate. The better coverage of the merged product
seemingly makes it a good candidaie $ynoptic scale vorticity analysis; however, we speculate that the
large variability introduced by the merging process may also cause an artificial intensification of cyclonic
rotation. This is because the more extreme gradients between adjacenttinift rea heterogenous drift

field are manifesting into an exaggerated vorticity field. However, in the absence of independent
observations that would corroborate our findings, we are unable to fully identify whether this is an artefact

or a feature.

The main outcome of our analysis is that all products detect a larger proportion of high intensity cyclonic
featuresi as indicated by the heavier tail of the cyclone distributkigure 3.5a) relative to that of the
anticyclones Figure 3.5a) i while the mean intensity of majaryclonic events is 1-2.0 times larger
relative to major anticyclonic events between 2Q0@0. Starting from the consideration that previous
studies indicate that weather primarily drives-geadrift in the region (seSections 1.3.1 antl5.1), this
suggests that atmospheric cyclones may inject more rotational momentum into the underlyinthaea ice
anticyclones. Furthermore, the Weddell Sea is dominated by a climatologiepidegure cell termed

the Weddell Lowi which is the result of the frequent passing of cyclones through this region caused by
intense cyclogenesis in the Atlantic Se¢t@rieger et al., 2018; Simmonds et al., 2003; Wei & Qin, 2016)

or low pressure features crossing the Drake Passage to tl{&eashalez et al., 2018pince it has been
shown that the ice vorticity field is primarily weather driven, this dominance of cyclonic rotation in the

atmosphere likely contributes to the more frequent and intense cyclonic vorticity features detected in the
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sea ice. However, there may be other factors that could lead to a higher proportion of cyclon&in sea
drift. The featureracking method of drift retrieval may be susceptible to inaccuracies under conditions of
rapid dynamic and thermodynamic changeseaice properties, such as in the event of a strong cyclone
traversing the sea ice where the motion field has strong temporal gradients. This may explain the larger
disagreement between products in the distribution of cyclonic feat&igaré€ 3.5b) than that of
anticyclonic featuresHigure3.5a). It is therefore necessary to consider that rapidly moving ice floes under
the effect of polar storms may be blurring the rotational drift we are attempting to estimate over a 48 h
period, causing a larger discrepancy between products and contributihg targe spatial variability
observed in cyclonic features. It is thus difficult to discern whether the dominance of cyclonic rotation in
the icei both in frequency of events and their inten$ifg due to(i) the dominance of cyclonic rotation

in the overlying atmospheréii) atmospheric cyclones being more effective at engendering rotational
motion in the underlying sea ice than anticyclofié9;the feature tracking method of drift retrieval being
overly sensitive to the conditions under an atphasic cyclone(vi) the 48 hr resolution of the satellite

drift products is sufficiently long enough for the cyclone to strengthen, weaken or traverse relatively far

or (v) any combination of the aforementioned considerations.

Despite the differences between products, our results give a consistent indication that anticyclones are less
intense than cyclones, and that there is a change in the intensity of the latter after 2015. This gives us
confidence in the method and allowedaiperform a provisional analysis of the interannual variations in

the most intense cyclonic and anticyclonic features from -2028. We are cognisant that this period is

too short to detect any climatic signal, and therefore this analysis is meantdodtieate the use of this
methodology to detect possible trends in the future. The results show that major anticyclonic events have
remained relatively constant from 202820 according to the merged, ASCAT and SSMI/S products. The
AMSR-2 detected the sanumiformity since its derived drift product became available in September 2015.
Conversely, a substantial change in the interannual distribution of major cyclonic events is evident, where
all available products detected an abrupt increase in their igténosit 20142017. This increase coincides

with the record decline in the Antarctic sea extent observed from late winter 2QFarkinson, 2019;

Turner et al., 2017)urthermore, there is also an increase in the number of outlier features per year from

2015 onwards, suggesting that the most intense cyclonic features may have been intensifying further in the
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last years on record. Among other causes that involve atmospheric and oceanic coniptaretard
Wrigglesworth et al., 2021; Meehl et al., 2019; Stuecker et al., 2017; G. Wang et al,,itBaS)been

argued that an intensification in polar storms in 2016 contributed to the anomalously quickened SIE decline
from 2015, as the overlying winds of these synoptic features induced changes initeedy@amicgZ.

Wang et al., 2019)

Our results show that sea ice in the Atlai@iztor was more susceptible to cyclonic rotational features

after 2015, which can be interpreted as a response to an increased incidence afdmtaatropical

cyclones. If the sea ice was thinner and more prone talfitenotion in general, then we would expect

both an increase in cyclonic and anticyclonic rotation, but instead, only an increase in the intensity of
cyclonic features is detected. This indasathat the increased incidences of polar storms are likely injecting
more momentum into the underlying sea ice, however the extent of which is difficult to quantify given the
disagreement between satellite products. Prior to performing further analgsfsdriability and longer

term trends linked to polar atmosphere variability, further validation of the vorticity metriarwétitu
experiments is required to better discern the differences between products. We therefore argue for the need
of a concerted experiment to increase the number of observationsioé skdt in Antarctic sea ice to

assess the quality of the products argrthse to quantify rotation&aturesWhile some buoy data are
available, there are much less than in the A{R&bault et al., 2023 heir sparse distribution relative to

the vast extent of Antarctic sea ice presents significant challenges for validating sieliésl drift

products, particularly at daily timescaleavergne & Down (2023)ighlight this issue, demonstrating that

root mean square errors (RMSESs) for Antarcticisealrift are largef ranging from 3 to 4 kri compared

to approximately 2-2.6 km for the Arctic. This discrepancy is partly due to the limited availability of

buoy data for validation in the Southern Hemisphere. Additionally, some buoys are deployed on the ocean
surface rather than being attached to sea ice, which can lead to erroneous drift measurements when buoys
drift away from the ice field(Womack, Alberello, De Vos, et al., 20248 better validation and
understanding of these features will enable us to confidently use rotational drift of sea ice as a potential

derived index to detect climatic trends.
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Chapter4:l ncreased Rotational
Antarctic Sea | ce and the
30 Year s

This chapter is adaptddom apaper accepted for publication in theurnalof Geophysical Research:
Oceansde JagerW. & Vichi, M. (2025).Increased Rotational Coupling Between Antarctic Sea Ice and
the Atmosphere Over the Last 30 Yealeurnal of Geophysical Research: Oceahise Results (Section
4.3) and Discussion (Sectiond}.are taken verbatim from the publication, while the Introduction (Section
4.1) and Materials and Methods (Sectio@)save been modified as to streamline its integration into the

thesis and avoid repetition and redundancy with Chapters 1, 2 and 3.

4.1 Introduction

At a global scale, Antarctic séee extent (SIE) had seen a variable but increasing trend betweeii 1979
2014, but this was followed by an abrupt decline in 2016 and 2017 with sustained low SIE in proceeding
years and subsequent minima in 2022 and ZB28t et al., 2022; Parkinson, 2019; Turner et al., 2017)
This decline suggests a possible regime shift in the Antarctic sea ice gisigihet al., 2022; Hobbs et

al., 2024; Purich & Doddridge, 2023)ith numerous recent studies attributing the significaneitent

loss to the combination of warmer ocean surface temperatures, strengthened northerly winds and the
passage of quastationary cyclones traversing the Southern O¢ean Blanchard/Nrigglesworth et al.,

2021; Gilbert & Holmes, 2024; Jena et al., 2024; Meehl et al., 2019; Purich & Doddridge, 2023; Teske et
al., 2024; Zhang et al., 202Mediumterm atmospheric modes such as the El Ngwuthern Oscillation
(ENSO) and the Southern Annular Mode (SAM) have been linked to regieaige concentration (SIC)
variability, but do not yet fully explain decadal tremmalghe recent SIE declifezza et al., 2012; Polvani

et al., 2021; Stammerjohn et al., 2008; J. Wang et al., 2B28entiteraturesuggests thahe influence

of these largescale processes may be overestimgfethyama & Hartmann, 2016; Schroeter et al., 2017)

and rather thadynopticscaleweather events may contribute maw¢he observed seae variability, both
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at subdaily timescales but also as an accumulated effect on lbegertrendgfKwok et al., 2017; Matear
et al., 2015; P. Uotila et al., 2011; Vichi et al., 2019)

Originating primarily from regions of cyclogenesis in the Atlantic and Pacific Sectors of the Southern
Ocean,cyclones typicallymove eastwards, transporting warm, moist air and intense winds along their
trajectory(Grieger et al., 2018; Wei & Qin, 2016)he underlying seee is therefore exposed to this
conveyor belt of intenseyclones, causing melting and refreezing, brepkand momentum changes at
different phases of the cyclone passé8ection 1.3.1)As discussed in Section 1.5.2, these processes
change the material properties of the-mea effecting its rheology and therefore its response to subsequent
cyclonesWhile these effects have been walbiservedn specific casefAlberello et al., 2020; Aue et al.,

2023; P. Uotila et al., 2011; Vichi et al., 201ie cumulative effect of the frequent and repetitive exposure

to these storms do not entirely explain the obse8l€dvariability (Hepworth et al., 2022As discussed

in Chapter 1, bservingand simulatinghese changes is challengihglue to logistical constraints on

situ sampling and the insufficient representation of these processes in inawedgingthat we currently

rely heavily on satellite retrieval methods to detect and quantificeezariability. Traditionally, seice
concentration (SIC) is widespreadneansgquantify its distributionseeSection 1.4)but itsinability to
distinguish unconsolidated ice floes from pao& or disentangle dynamic and thermodynamic
cortributions to changes in Sllimits its usefulnessNotably, this limitation is a key motivate for the
analysis presented in Chapterfue et al. (2023gattempts tadisentangle dynamic and thermodynamic
effectsin a simulated case study whereby Arctic sea ice is exposed to three subsequent polar cyclones,
concluding that the relative contribution of dynamic and thermodynamic processes is dependent on the
length of time between subsequent cyclones. More spdlifitds shown that momentum transfer from
atmospheric forcing is the dominant driver of SIC variability in cases where the sea ice is exposed to two
or more cyclones within a®eek window. Repéding this analysis in the Southern Ocean is challenging,

as it is unclear how well current Antarctic 9ea models resolve the advection of sz from synoptie

scale cyclones at daily resolutions. Howewasrnoted in Section 1.Antarctic sea ice is typically younger,
thinner, and less constrained by coastlines, ultimately resulting in a more sezbde field compared to

the Arctic (Alberello et al., 2020; Kwok et al., 20171) therefore stands to reason that Antarctic sea ice
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may be even more responsive to atmosphmiee momentum transfer, and that dynamic contributions to

SIC variability may be the dominant factor at the-sebsonal scale.

While it is commonly acknowledged that polaeatherdoesdrive motion into the underlying sea ice, not
much focus has been given to the transfer of cyclonic and anticyclonic momenturatfn@spheric
vorticesinto the seace field.Vichi et al. (2019)lescribed the rotation pattern that an extreme polar cyclone
drove into the ice field but did not quantify the resulting rotation. Their sthdwed that throughout the
ice interior, largescale eddies are apparent in regions of 100% SIC, thus suggesting thatepiacio
some extent mobile at the daily scale and therefore susceptible to rotational fbineimgsults of Chapter

3 (Section B) supported this; whereby various remote sensing products revealed viedtioed ice
eddies througbut the iceextent(de Jager & Vichi, 2022However, the short data record prevented any
comment on potential loAgrm trendsOther studies of seiae kinematics in the Southern Ocean also
showed evidence of rapidly moving, unconsolidated ice floes far into theqe@berello et al., 2020)
andcommented on the strong correlation betweeri@eeotation and the atmospheric surface pressure as

previously suggested kly Uotila et al. (2000)

This Chapterinvestigates the dynamics of daily rotational coupling between Antarctic sea ice and the
overlying atmosphere here defined as the responsiveness of sea ice to surface wind foatingeseU
(2001000 km) to synoptic (>1000 km) scales, which can be resolved by sateliied drift products
satellite drift productg¢Section 2.1.1and atmospheric reanalygiSection 2.3) Firstly, two case studies

are presenteth Section 43.1 that substantiate the efficacy of atmospheric reanalysisaelite-derived

seaice displacement vectors in aptly characterizing rotational feafiinese case studies reveal a minimal
temporal lag< 9 hours)from atmospheric impetus to sea ice responsivefestermore Section 43.2
revealsghe 30 yeartrend in the se&ce and atmosphierrotation dynamicand itscorrelation to thé&SAM,
underscoring the complexities of the atmosphtrice momentum transfer process.Section 43.3, we
calculated linear correlation coefficients that highlight the spatial and temporal link between atmospheric
and sedce rotational fields. Notably, our analysis found a progressive strengthening trend in the coupling
between the atmosphere and sedafriom 1991 2020 (Section 43.3) and counterintuitive evidence of a

diminishing rotational intensity in the Weddell S&ction 43.4).
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4.2 Materials and Methods

The analysis employeitiree distinct climate data producBurface wind components and mean sea level
pressure (MSLPyom ERA-5were usedsee Section 2.3) represent atmospheric dynamitse recently
released OSA55 product providd daily-averageice drift vectors(Lavergne & Down, 2023)whereby
these24 hour drift datasets wederivedfrom the temporally averaged brightness temperature swaths (see
Section 1.4.1) using the CMCC drift retrieval algoritlescribed in Section 2.1.An experimental swath
to-swath ice displacement product (S2S) is also used in two case (Sedat®n 43.1), whereby ice
displacement vectors are computed in the area of overlap between individual Gwatrgne et al.,
2021) This swatkbased retrieval method offers precise timestampdriftf observationsat subdaily
timescales, but at the cost of limited spatial coverdgydensive analysis exploring the potential

applications of the S2S product is presented in Chapter 5.

To quantify the rotation of the séee field, OSF455 and S28isplacement vectors were used to compute
theseaice vorticity following the method described in Section 2.2, WBRA-5 surface wind components
yielded hourly atmospheric vorticityThe dailyaverage atmospheric vorticity was then computed
temporally aligned wiidelortieitg Cahteratba midnght; 12h@doeldh0d).v e s e
Atmospheric vorticity waalsospatially interpolated onto a 75 km EAHrid projection, matchindnat

of the sedce drift datasets. Daily atmospheric vorticity fields were masked against corresponding ice
vorticity coverageyieldinga pair ofspatially coherent vorticity fields every 24 ho(rede made available

by de Jager (202%) Thismethodology was applied daily from April to Novembetween 1991 and 2020,

as these months had sufficiently large enoughiceaxtent (SIE). The Southern Ocean region was
partitioned into five sectofSigure4.1: Weddell Sea (WS), King Haakon (KH), East Antarctica (EA), Ross
Sea (RS), and Amundsen Bellingshausen (AB), each revealing a regionally distinct link betwieen sea

concentration (SIC) variability and atmospheric circulation m¢Bephael & Hobbs, 2014)
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Figure 4.1: The five sectors constituting the Southern Ocean séee landscape as defined biraphael

& Hobbs (2014) namely the Weddell Sea, King Haakon, East Antarctica, Ross Sea, and Amundsen
Bellingshausen sectors. For demonstrative purposes, thee-edge on the arbitrarily chosen day of
July 24, 2019, is shown.

4.3 Results
4.3.1 TheResponse ofeal ce toAtmospheric Rotation at the Synoptic Scale

Both the swatlderived and daily seme drift estimates were employed to evaluate and quantify their
spatial correlation with an atmospheric dipole in terms of vortiEilyure4.2 displays two example case
studies: one in the Weddell Sea sector (Example 1; padg/siad another in the Ross Sea sector (Example

2; panels ). The seace vorticity field in the Weddell Sea over a 988ur period was computed from
swathbased dislacement estimates within the region of overlap between ascending and descending PM
AMSR-2 swaths at 16:57:39 on 26 July and 02:50:45 on July 27, 2019, respedtigeise@.2a). This
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overlap covers a substantial portion of theaogered Weddell Sea sector, revealing a distinctive cyclonic
rotation on the western half and anticyclonic rotation on the easterfrigaife4.2b displays the average
ERA-5 Mean Sea Level Pressure (MSLP) and vorticity fields over an overlappihgutGbservation
window (17:00:00 on 26 July to 03:00:00 on July 27). ER#&analysis data indicates the development of

a lowpressure (LP) system ovigre western Weddell Sea, the core of which is located near the Antarctic
Peninsula and had an average pressure of 970.36 hPa over this period. The atmospheric vorticity field
follows the LP system, displaying extreme cyclonic rotation in and around tie (Figure 4.2b).
Simultaneously, a subtropical higinessure (HP) system north of the-g@aedge developed an elongated
ridge protruding southward over the ice forming a synoptic scale dipole with the LP core across the
Weddell Sea. Spatially, atmospheric rotatiothia western and eastern Weddell Sea sector is divided into
cyclonic and anticyclonic features, respectively, with diminishing intensity towards the dipole's midpoint,
where MSLP contours become squeezed and parallel, and rotation is approximateigeeest2b).

The sedce vorticity field aligns clearly with the atmospheric surféeeel vorticity with a magnitude ratio

of approximately 100:1. The daily averaged-g®aand atmospheric vorticity fields are shoviig(re

4.2c, d). Sedce drift estimates were derived from temporally averaged swath measurements from 12:00:00
on July 26 to 12:00:00 on July 2Figure4.2c), with hourly ERAS pressure and vorticity fields averaged

over the same 2Hours period Kigure 4.2d). The general structure of the LP core and HP ridge is still
evident in the daily products, although with some blurring of feature details. Pressure contours and
atmospheric vorticity show a weaker LP core and less defined HP ridge. Similarly, theiccyeidn
anticyclonic features in the sea ice are also less defined in the daily proolarticularly at the dipole
midpointi as evidenced by the more heterogeneous vorticity fiétflife4.2c). However, despite some
blurring of detall, it is evident that the daily drift product captures the rotation features well and suggests
that the dynamic coupling between the ice and atmosphere persists at daily timescales. After spatially
masking the ERA vorticity field against the ice coverage, a linear correlation between the two daily
vorticity fields yielded a 0.60 Pearson coefficient. This demonstrates the quantitative similarity of

atmospheric and ice rotational patterns alongside the qualicatinerence displayed in panels ¢ and d.

Example 2 provides similar insights from a different region. Here, thalailpice vorticity field was

computed over a 15./88ur windowi using swaths at 09:13 on July 23 and 00:52 on July 24, 2019,

100



overlapping in the Ross Sea. During this period, a LP core (approximately 965 hPa) was located over the
Amundsen Bellingshausen sectoras evidenced by ERA pressure contour&igure4.2e, )1 with the
cycloned6s trailing front persisting over the eas
north of the Ross Sea. The interaction between these two syist@snwell as the coastal atmospheric
dynamics in the region resulta in anticlockwise rotation in the central Ross Seaghbouredy two

adjacent cyclonic features. Much like in the Weddell Sea example, both thetmgath and daily drift
estimates show strong spatial conformity between ice and atmospheric rotational dynamics. However, in
this case there is less difference becabisth products produce similar levels of detail and field
heterogeneity. We notice that the sidily temporal window of 15.78 hours is closer to that of the daily
product, and therefore a masimilar level of blurring is expected, with any minor deviations explained by

the temporal window difference and the variation in start and end timestamps. In this case, the linear

correlation between atmospheric and ice vorticity produced a coeffi¢ieridin the Ross Sea sector.

These case studies contribute the following key points that are relevant for the analysis presented in the
next sections: (a) a visual demonstration of spatial scales and rotational characteristics in both the
atmosphere and sea ice. (b) There can be ralnfemporal lag, in the order of 10 hours, between
atmospheric forcing and ice drift response. This temporal alignment justifiedhau4ield similarity
correlation method to quantify the coupling between the ice and atmosphere. Lastly, (c) desipiteribe

some feature detail, the daily average-iseadisplacement product effectively characterizes weather

driven rotational dynamics in the ice.
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Figure 4.2: Example 17 Weddell Sea: (a) the sed#e vorticity field over an 9.88 hr period from 26

July 2019, 16:57 to 27 July 2019, 02:50 (UTC). (b) A 4@ average of hourly ERA-5 surfacelevel
vorticity over a period closest in time to the satellite swaths. (c)e&ice vorticity computed from the
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daily drift product on 27 July (midday to midday, backwards-in-time averaging scheme). (d) A 24

hr average of hourly ERA-5 surfacelevel vorticity. Overlying black contour lines show the mean sea

l evel pressure over t he s awogticity felchfpam@ae 2 RosnSkaw a s
(e) the ice vorticity field over a 15.78 hr period from 23 July 2019, 09:13 to 24 July 2019, 00:52. (f) A

16-hr average of ERAS vorticity. (g) Ice vorticity computed from the daily drift product on 24 July.

(h) The 24-hr average of ERAS vorticity over the same window. The green polygons indicate the
scanning footprint of the two overlapping satellite PM swaths used for computing the stdbaily drift.

4.3.2 Atmosphere-l ce Vorticity Coupling Between 19912020

The casestudies in Sectiod.3.1 demonstratethat seace and atmospheric rotation patterns are closely
aligned in both space and time. Building on these findings, the analysis was expanded to thedfafl OSI
daily seaice drift dataset (1992020) and compared with surface atmospheric reanaljsés Southern
Annular Mode (SAM), a key atmospheric circulation pattern, is characterized by variations in the westerly
winds encircling Antarctic{fFogt & Marshall, 2020) Given its significant influence on atmospheric
turbulence, storm tracks, and daily 4eeel pressuréBaldwin, 2001; Marshall, 2003jt is reasonable to
hypothesize that SAM may also affect-$eavorticity. To explore this potential connection, we assessed

the relationship between atmospheric turbulence, the SAM index, aiksaaticity.
4.3.2.1 Interannual Variability of Winter Atmospheric andSealce Vorticity

Figure 4.3a andFigure 4.3b demonstrate the annual fluctuations in the mean atmospheric aitd sea
vorticity, respectively. These annual means are computed using the monthis@gpiember because the

CMCC drift retrieval method typically performs well in freeze conditions adistinguishable features in

the brightness temperature field persist over 24 hours. No discernible trend emerges in the atmosphere nor
ice in any sector over the 3@ar period, a notable point in the context of the recent asymmetric trend in

the SAM inde. The magnitude of vorticity in the sea ice (X1€') is shown to be approximately two

orders smaller than that of the atmosphere 1Y), a difference consistent with the results described in
Section4.3.1 (Figure 4.2). Our results imply a consistent dominance of cyclonic rotation throudghout
denotedby negative vorticityi in both the atmospheré&igure4.3a) and ice Figure 4.3b), and further

corroborated by the 3@ear means indicated with dashed lines and describ&dhle4.1. Atmospheric
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mean states reveal regionally distinct vorticity regintégure4.3a andTable4.1), as the East Antarctica

sector consistently exhibits the most extreme rotatibd%x10 s*) over the 36year timeseries, while the
Weddell Sector displays the weakest rotation in most ye@B6& 1 s?). In the sea iceRigure4.3b and

Table 4.1), the Weddell Sea again demonstrates the weakest rotafid@®x10’ s?), much like its
atmospheric counterpart. However, the disproportionately intense regime observed in the atmosphere in
the East Antarctic sector is not found in the sea ice. Instead, the AmitBeliagshausen sector is the

most intense -(.99x10" s'). Sector discrepancies are further characterized by theirtygaar
fluctuations. We calculated the coefficient of variation (CoV) of each timeseries to quantify this interannual
variability. The CoV is a standardized measure of dispersiequal to he standard deviation of the
timeseries divided by its meanand therefore allows for the comparison of variability across the two
timeseries of differing scale$able 4.1 indicates that the Weddell Sea exhibited the highest CoV in the
atmosphere (33.6%) and similarly high in the ice (29.1%), suggesting that the sector is characterized by
the largest interannual variability in both fields. Similar atmosphere and ice CaMsvake also
demonstrated in the Ross Sea (both ~15%) and Amundsen Bellingshausen (both ~20%) but to a lesser
magnitude than that of the Weddell Sea. Conversely, the King Haakon and East Antarctica sectors each
show a large discrepancy between atmosplagricsedce variability, with low atmospheric and high ice

CoV values, respectivelyffable4.1).

To address the inherent seasonal variability in the atmosphere ainck seaticity fields, a monthly
climatology was computed for months AgrilSeptember. To avoid introducing any supervised bias into

our analysis, we chose to use the full 22820 recordto compute the climatology, as there are no
suggestions in existing literature to justify the use of a subset of years. Subsequently, monthly anomalies
were derived for both the ice and atmospheric vorticity fields. This analysis was repeated fosaditbve
although only the Weddell Sea results are shown for demonstration purpigsee4.3c, d), once again

with a 1:100 scaling factor between variables. Blue bars denote months with heightened cyclonic rotation,
while red bars signify increased anticyclonic rotation. Notably, while each of the monthly anomaly
timeseries exhibits no overt tréover the 3§/ear period, the relative magnitude and sign of the monthly
anomalies in both vorticity fields demonstrate remarkable similarity. Linear correlation of these anomalies

yielded a coefficient of approximately 0.93 between the two timeserfesjiafy a robust link between
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atmospheric and seee rotation anomalies in the Weddell Sea sector. This implies that any departure from
the monthly climatological mean in the atmosphere is likely to result in a commensurate anomaly in the
underlying sea ice. A similarly strong corrida is also demonstrated in the Ross Sea (0.89) while the
King Haakon (0.69), East Antarctica (0.66) and Amundsen Bellingshausen (0.65) sectors showed more
moderate but still notable similarities. Seetdse comparisons reveal a notably higher correfaitiothe

Weddell and Ross Sea sectors, which can be attributed to their extensive ice extent throughout the year.
This can be explained by the limitations of the ice drift product in highly dynamics regions, which results
in lower quality measurements imdaround the MIZ. The ratio of the number of measurements taken
near the MIZ relative to the total number of measurements is therefore important. The Weddell and Ross
Sea sectors have a higher proportion of drift measurements in the ice interior, \Aalttimg robust mean
vorticity calculation that is less sensitive to the poorer quality estimates near the MIZ. Conversely, the
other sectors have a narrow ice interior and long coastal perimeter, resulting in a lower number of good
measurements in the sectAlthough this ratio varies across sectors, it remained relatively consistent for
each month throughout the study period, with no discernible trend, confirming that the results are not an

artefact of product performance.
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Figure 4.3: The mean vorticity of the (a) atmosphere and (b) sea ice for each year between 1991
2020, calculated from daily vorticity fields in April-September (note the different order of
magnitude). Dashed lines indicate the 3@ear mean for each of the five sectershownin Figure 4.1.
Note that the yellow dashed line (Ross Sea) overlaps the blue dashed line (King Haakon) in panel b.
The monthly anomalies withrespect to their seasonal means in the (c) atmosphere and (d) sea ice for
months April-September in the Weddell Sea.
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Table 4.1: The 19922020 mean vorticity (s') and coefficient of variation (%) in the atmosphere and
sea ice. The coefficient of variation is equal to the standard deviation of the timeseries divided by its
mean. These values are computed using months Apfileptember. Mean vorticity values correspod

to dashed lines shown ifrigure 4.3a and Figure 4.3b, while the coefficient of variation describes the
interannual fluctuations about the dashed line.

Atmosphere Sea lce
Mean vorticity Coefficient of Mean vorticity Coefficient of
(x10°s?Y) variation (%) (x107s?Y) variation (%)
Weddell Sea -0.36 33.6 -0.86 29.1
King Haakon -0.73 21.0 -1.42 35.3
East Antarctica -1.45 11.5 -1.58 29.4
Ross Sea -0.64 15.0 -1.43 14.6
Amundsen -0.83 20.4 -1.99 19.3
Bellingshausen

4.3.2.2 TheRole of the Southern Annular Mode onWinter SealceRotation

Figure4.4a illustrates the interannual variability of the SAM index as the mean of winter months (June,
July and August) standardized over 12822. The monthly indices are defined baselarshall (2003)

The winter index shows a statistically meignificant increasing trend, contrasting with the increasing
trend observed in summer mon{E®gt & Marshall, 2020; N. Swart & Fyfe, 201)he trend is also not
significant with reference to the 192020 subset period over which atmospheric andcgegorticity was
assessed (Secti@n3.2.1). Wethen computed the daily eddy kinetic energy (EKE) using BRArface

wind components, whereby the EKE is defined as the difference of the daily wind components from their
monthly mean Eigure 4.4b). EKE climatological composites were computed, labelled asskKEnd
EKEsawm-, each representing the surfdeeel turbulence during months measuring positive and negative

SAM indices, respectivelyrigure4.4b andFigure4.4c assessethe King Haakon sector, chosen because
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it demonstrated the most extreme discrepancy between SAM+ and @hmllitions in terms of monthly

mean EKEFigure4.4b displays the seasonality of the Bl and EKEsau- composites, which indicates

that both exhibit a rapid increase in autumn and a plateauing through winter, a period coinciding in time
with the sedce freezeup period (Aprili September). The EKE then gradually diminishes through spring
before reaching minimum in summer. It can therefore be reasoned that the rotational energy associated
with surface winds is greatest in winter. The largest difference between the composites is distinguishable
in the summer months (DJF) despite some overlap of the stddeaiations, and it diminishes through
autumn (MAM) and seemingly becomes negligible in winter (JJA). This aligns with the knowledge that
the effect of SAM oscillationis primarily a summer phenomenon. Linear regression statistics between the
monthly icevorticity and corresponding SAM index are displayedrigure 4.4c. Here, R (blue bars)
guantify the variance in ice vorticity that can be explained by variability in the SAM index, and the Pearson
Coefficients (black lines) indicate the sign of the relationship. Correlations were statistically significant in
months Mayi Novembe (p-value < 0.05), although it is necessary to note that ice displacement estimates
in October and November are weighted against adrifiewind-model. Results indicate that the SAM

index explains about 161% of the variance observed in ice vorticitithvan inversely proportional
relationship, indicating that a higher SAM index is linked to intensified cyclonic rotation (and vice versa).
The analysis was repeated in the other four sectors (not shown), whereby the East Antarctica sector was
comparabled the King Haakon, while the other three showed significant but weaker correlations. The
same analysis was applied to the atmospheric vorticity (not shown), whereby similar results were found,

further evidencing the strong correlation between atmosphadis@eice vorticity at monthly scales.
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Figure 4.4: (a) The standardized winter mean SAM index (June, July and August). The grey area
indicates the subset period of 1992020. Regression lines computed over 192022 (solid line) and
19912020 (dashed line) are shown in red with statistics reported in urgtper year. (b) The mean
seasonality of the eddy kinetic energy (units J 1) at the surface between 1992020 in the King
Haakon sector. Monthly climatologies are generated using ERA surface wind components during
positive SAM phases (SAM+; orange) andegative SAM phases (SAM magenta). (c) The variance
(R? blue bars) and correlation (Pearson; black lines) in the monthly seite vorticity explained by
the SAM index in the King Haakon sector. Note that October and November sdee drift estimates
are derived from free drift wind-modelled data (denoted with ¥.
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4.3.3 Temporal Evolution of AtmospherelceVorticity Field Similarity

The similarity of spatial data between the atmospheric anétseaarticity was quantified. The cetlb-

cell linear correlation was calculated between daily vorticity fields, meaning that every vorticity estimate
in the ice was compared against the Ggponding estimate in the overlying atmosphere. As we have
demonstrated that any potential temporal lag that exists between atmospheric forcingicadespanse

is less than $0hrs (Sectiom.3.1), a celito-cell linear correlation method preserves bsgiatial and
temporal information, rendering the resultaoéfficient an esate of the spatial similarity between daily
scalar fields over the course of a motcomprehensive systematic correlation at daily intervals over 30
years of winter data was then conducted to generate the presented results discussed in tHégurapter.
4.5a presents the monthly climatological mean correlation coefficient for the yeais20291 Note that

the months of October and November obtained from the inclusion of thdrifemodel in the ice drift
product are also considered, as monthly anomatiesndependently computed and thus their interannual
variability is represented against their own climatology. Their inclusions in this seasonality afadyses (

4.5a) demonstrate the theoretical coefficients expected in an idealized case whereby ice rotation dynamics
are exclusively wind driven, providing a contrast to the satelbi@ved drift in winter months.
Furthermore, to ensure sufficient ice cover, onlysdaith 25 or more nominal ice vorticity values in the

sector were considered.

Results of the seasonality analysis provide the climatology of the monthly mean correlation coefficients
and associated dispersion. Mean values were then used to calculate the monthly anomalies over the 30
year period within the context of a seasonalalghll five sectors displayed positive correlations between
atmosphere and séze rotation dynamics, with means ranging from 0.32 to 0.92. To discern any
coincidental correlation arising from randomness, this analysis was repeated with a shuffled selies

values (not shown). The low correlatio®.05 to 0.05) between these shuffled series indicated that the
observed correlations reported here are unlikely to be artifacts of randomness. In tHgepigmhber

period, the Weddell, Ross, and AmundBeatlingshausen sectors exhibit minimal seasonal variation. The
Ross Sea sector displayed the strongest and most consistent similarity between rotation dynamics, as

evidenced by the greatest coefficient mean (0.60) and the smallest spread (£0.12). Thik Avddde
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Amundsen Bellingshausen sectors were similarly consistent, with wider data spread in the latter, likely due

to smaller ice extent. Conversely, the King Haakon and East Antarctica sectors show a progressive

similarity increase until plateauing in AugtSegember, with a large data spread in the austral autumn

and reduced spread in late winter and spring as the ice extent grew. Notably, a surge occurred in October
and November across all sectors due to reliance on the-drweh freedrift model for sedce

displacement estimates.

A timeseries of correlation coefficient anomalies were computed as the difference between each month and
its respective seasonal baseline mean, thus removing the seasonal signal. These timeseries are displayed in
Figure4.5, panels li f. October and November are not shown here, as the sarrdriftaaodel is used

to estimate ice displacement in these summer months throughoutybar3teriod, and so only negligible
changes are observed in the anomalies. Results showitiiat months (Aprili September) exhibit a
statistically significant increasing correlation\plue < 0.05) in monthly anomalies between 192020

in all five sectors. This is illustrated Figure4.5b-f as mostly negative anomalies (blue) transitioned into
mostly positive anomalies (red). Anomalies primarily ranged betwiérand 0.1Kigure4.5b-e), except

for the AmundseiBellingshausen sector, which exhibited higher variability, typically betw@d® and

0.15 Figure4.5f). This indicates an approximately 0.2 increase in the atmosjdeeverticity correlation
coefficient in the Weddell Sea, King Haakon, East Antarctica, and Ross Sea sectors over the past three
decades, and a 0.3 increase in the Amuné&stimgshausenector. It is therefore shown that the similarity

of the rotation dynamics quantified in the $ea field have become more similar to that of the surface

atmosphere since 1991.
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Figure 4.5: (a) Seasonality in atmospheréce linear correlation coefficient, with the 19912020 mean
and standard deviation for each sector indicated with the marker and bars respectively (symbols
have been staggered to visualize the bars). Panelsf lllustrate the monthly anomalies in the
coefficient with respect to the presented seasonality for the (b) Weddell Sea, (¢) King Haakon, (d)
East Antarctica, (e) Ross Sea and (f) AmundseBellingshausen sectors.

4.3.4 Weddell Weakening: Diminishing Rotational I ntensity in Weddell SeaSealce

In the Weddell Sea sector, a uniqgue phenomenon emerged upon isolatingitkeevseticity field into its
anticyclonic and cyclonic components. This involved computing the mean vorticity for negatively and

positively rotating cells independently. Monthtiimatologies were generated and subsequent anomaly
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