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“The term Ω is the real mystery

[and if] the ridge building process can be more adequately described, it will be

possible to radically improve such models to provide a better description of

air-ice-ocean interaction and its role in global climate. [- -].”

Sea Ice Thickness Changes and Their Relation to Climate, Wadhams (1994)





Abstract

The Arctic Ocean is undergoing a major transition from a year-round sea ice cover to ice-

free summers with global consequences. Sea ice thickness is at the center of the ongoing

changes because the thickness regulates key processes of the Arctic climate system and in

the last six decades, the mean thickness has more than halved. With the most scientific

attention on the increased melting and delayed freezing of Arctic sea ice, dynamic thickness

change caused by sea ice deformation has remained less studied. Dynamic thickness change

alters the sea ice thickness through colliding floes that raft or form pressure ridges or floes

breaking apart resulting in leads. Because sea ice grows faster in open water and under thin

ice, new ice formation is enhanced in those leads compared to the surrounding ice during

the growth season. Because thinner ice is easier to break and move, the ongoing thinning of

Arctic sea ice may result in more ridges and leads, which, in turn, could increase ice thickness

in winter. However, our limited quantitative understanding of dynamic thickness change has

hampered any robust prediction if and to which extent such increased dynamic thickening

in winter could mitigate summer thinning in the warming Arctic.

To address this gap, we need more robust estimates of the current magnitude as

well as a better understanding and representation of the different processes in state-of-the-

art sea ice models. Thus, the overarching goal of this thesis is to resolve and quantify dynamic

thickness change and to link it to the corresponding sea ice deformation. I focus on the freez-

ing period addressing the following research questions: (1) How large is the dynamic contri-

bution to the mean sea ice thickness in different dynamic regimes? (2) How is deformation

shaping the ice thickness distribution? (3) How can high-resolution microwave synthetic

aperture radar (SAR) satellite data be used to estimate dynamic thickness change? I answer

them in two regional case studies: a unique month-long deformation event during the clos-

ing of a polynya north of Greenland and in the Transpolar Drift along the drift track of the

Multidisciplinary drifting Observatory for the Study of Arctic Climate (MOSAiC) expedition.

The combination of available high-resolution electromagnetic (EM) induction sounding ice

thickness data and high-resolution deformation data offer unique research opportunities to

study the highly localized and intermittent dynamic thickness changes.

My results show that dynamic thickness change plays an important role in both

convergent and divergent drift regimes. Studying the polynya closing event reveals that con-

vergence can locally double the thickness of young, thin (<1 m) ice and restore the mean

thickness of 2 m of the surrounding multi-year ice within one month. In more divergent
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regimes like the Transpolar Drift, new ice formation in leads contributes 30 % to the sea ice

mass balance. There are indicators that this fraction may increase in a more seasonal Arctic

sea ice cover. Besides the mean changes, I show how deformation shapes the ice thickness

distribution (ITD) with a particular focus on the transfer of observational results into mod-

eling concepts. I identify the ice that participates in ridging, show that the current ridging

parameterization in state-of-the-art models is not able to reproduce the observed changes

in the shape of the ITD, and suggest an updated parameterization that relates the shape of

the ITD proportionally to the observed deformation. Lastly, I demonstrate that SAR-derived

deformation can successfully be used to describe sea ice dynamics and to estimate the dy-

namic contribution to the ice thickness on regional scales.

In conclusion, this dissertation substantially advances our understanding of dy-

namic thickness change with robust and quantitative estimates. The high-resolution EM ice

thickness data with simultaneously collected high-resolution deformation data provide an

excellent opportunity to deepen our process understanding and to evaluate and improve

the modeling of the dynamic processes shaping the ITD. With the increasing availability of

SAR data in the Arctic and the presented deformation datasets and methods, new opportu-

nities are opening up to derive dynamic thickness change on Arctic-wide scales and to study

the temporal trends in dynamic thickness change over the last decade.
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Zusammenfassung

Der Arktische Ozean befindet sich in einem tiefgreifenden Wandel von einer ganzjähri-

gen Meereisbedeckung zu eisfreien Sommern mit globalen Folgen. Die Meereisdicke steht

im Mittelpunkt der laufenden Veränderungen, da sie wichtige Prozesse des arktischen Kli-

masystems steuert und sich die durchschnittliche Dicke in den letzten sechs Jahrzehnten

mehr als halbiert hat. Während das verstärkte Schmelzen und das spätere Gefrieren des

arktischen Meereises die meiste wissenschaftliche Aufmerksamkeit auf sich gezogen hat, ist

die dynamische Dickenänderung, die durch die Verformung des Meereises verursacht wird,

weniger gut untersucht. Kollidierende Schollen, die sich übereinander schieben oder Pres-

seisrücken bilden, lassen die Meereisdicke dynamisch anwachsen, während Schollen, die

auseinanderbrechen, offene Wasserstellen schaffen und die Eisdicke damit verringern. Da

Meereis schneller im offenen Wasser oder unter dünnem Eis wächst, kann sich in diesen Rin-

nen während des Winters verstärkt neues Eis bilden. Da dünneres Eis leichter zu brechen

und zu bewegen ist, könnte die fortschreitende Abnahme der arktischen Meereisdicke zu

mehr Rücken- und Rinnenbildung führen. Das würde wiederum die Eisdicke im Winter

vergrößern. Unser begrenztes quantitatives Verständnis der dynamischen Dickenverän-

derungen hat jedoch verlässliche Vorhersagen, ob und in welchem Ausmaß die dynamis-

che Dickenzunahme im Winter die sommerliche Abnahme in der sich erwärmenden Arktis

abmildern könnte, bisher erschwert.

Um diese Wissenslücke zu schließen, benötigen wir verlässlichere Schätzungen des

aktuellen Beitrags der dynamischen Dickenzunahme, sowie ein verbessertes Verständnis

zur Darstellung der verschiedenen Prozesse in modernen Meereismodellen. Das überge-

ordnete Ziel dieser Arbeit ist es daher, die dynamische Dickenänderung zu quantifizieren

und sie mit der entsprechenden Meereisdeformation zu verknüpfen. Dabei fokusiere ich

mich auf die Gefrierperiode und gehe den folgenden Forschungsfragen nach: (1) Wie groß

ist der dynamische Beitrag zur mittleren Meereisdicke in verschiedenen dynamischen Um-

feldern? (2) Wie wirkt sich die Deformation auf die Verteilung der Eisdicke aus? (3) Wie kön-

nen wir hochauflösende Mikrowellen Synthetic Aperture Radar (SAR) Satellitendaten ver-

wenden, um dynamische Dickenänderungen abzuschätzen? Ich beantworte diese Fragen

im Rahmen von zwei regionalen Fallstudien: ein einzigartiges einmonatiges Deformation-

sereignis während der Schließung einer Polynja nördlich von Grönland und in der Transpo-

lardrift entlang der Driftstrecke der Multidisciplinary drifting Observatory for the Study of

Arctic Climate (MOSAiC) Expedition. Die Kombination aus räumlich hochauflösenden Eis-
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dickendaten, die mit einem elektromagnetischen (EM) Induktionsverfahren gewonnen wer-

den, und räumlich und zeitlich hochauflösenden Deformationsdaten, eröffnet einzigartige

Forschungsmöglichkeiten zur Untersuchung der in Raum und Zeit lokalisierten dynamis-

chen Dickenänderungen.

Meine Ergebnisse zeigen, dass dynamische Dickenänderungen sowohl in Um-

feldern, die sich durch konvergente als auch divergente Eisbewegung auszeichnen, eine

wichtige Rolle spielen. Die Untersuchung der Polynya-Schließung zeigt, dass Konvergenz

die Dicke von jungem, dünnem (<1 m) Eis lokal verdoppeln und damit die mittlere Dicke des

umgebenden mehrjährigen Eises von 2 m innerhalb eines Monats wiederherstellen kann.

Bei Umfeldern mit stärker divergierender Eisbewegung, wie in der Transpolar Drift, trägt

die Bildung neuen Eises 30 % zur Meereismassenbilanz bei, und es gibt Anzeichen dafür,

dass dieser Anteil bei einer stärker saisonalen arktischen Meereisbedeckung zunehmen

könnte. Neben den mittleren Veränderungen zeige ich außerdem, wie die Deformation

die Eisdickenverteilung verändert, wobei ich bei der Auswertung Wert auf die Übertrag-

barkeit von Beobachtungsergebnissen in Modellierungskonzepte lege. Ich identifiziere das

Eis, das an der Umverteilung beteiligt ist. Darüber hinaus zeige ich, dass die derzeitige

Parametrisierung von Presseisrückenbildung in aktuellen Modellen nicht in der Lage ist, die

beobachteten Veränderungen der Form der Eisdickenverteilung zu reproduzieren. Deshalb

schlage ich eine neue Parametrisierung vor, die die Form der Eisdickenverteilung propor-

tional zur beobachteten Verformung in Beziehung setzt. Schließlich zeige ich, dass die von

SAR Daten abgeleitete Deformation erfolgreich zur Beschreibung der Meereisdynamik und

zur Abschätzung des dynamischen Beitrags zur Eisdicke auf regionaler Ebene verwendet

werden kann.

Zusammenfassend lässt sich sagen, dass diese Dissertation unser Verständnis der

dynamischen Veränderungen der Eisdicke mit verlässlichen und quantitativen Schätzun-

gen erheblich erweitert. Die hochauflösenden EM-Eisdickendaten mit gleichzeitig er-

hobenen hochauflösenden Deformationsdaten bieten eine hervorragende Gelegenheit,

unser Prozessverständnis zu vertiefen und die Modellierung der dynamischen Prozesse zu

evaluieren und zu verbessern. Mit der zunehmenden Verfügbarkeit von SAR-Daten in der

Arktis und den vorgestellten Deformationsdatensätzen und -methoden eröffnen sich neue

Möglichkeiten zur Ableitung dynamischer Dickenänderungen arktisweit und zur Unter-

suchung der zeitlichen Trends der dynamischen Dickenänderungen des letzten Jahrzehnts.
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Chapter 1

Introduction

“The term Ω is the real mystery [and if] the ridge building process can be more adequately

described, it will be possible to radically improve such [climate] models to provide a better

description of air-ice-ocean interaction and its role in global climate. [- -].” Wadhams (1994)

Every good story starts with a mystery and I believe that this is also a great prerequisite for

a doctoral project. A mystery sparks interest, opens room for unexplored paths, and under-

standing it could clearly advance science. Because mysteries have been almost completely

banned from the scientific vocabulary since the Age of Enlightenment, quotes like the one

from Wadhams (1994) are all the more noteworthy. After three years of working on this

“mystery of the ridge building processes”, I share Wadhams’ fascination with the (at the first

glance) chaotic processes that can quickly transform a flat sea ice surface into an icescape of

cracks and ridges. The redistribution function Ω is the mathematical description of the ridge

building processes that are also described by the term sea ice thickness redistribution. Until

today, they are not completely understood.

Interestingly, sea ice physics shares the ridge building processes with a neighboring field

of the geosciences, that is plate tectonics and structural (rock) mechanics (which I think,

fits very well for a doctoral thesis written at an institute named after the father of the plate

tectonic theory). The understanding of the deformation of the Earth’s crust in reaction to

deformation, e.g., during orogenesis, was key in understanding sea ice breaking and much

of the presented deformation theory finds its analogy in rock mechanics.

Although the understanding of these processes grew substantially in the three decades since

the quote by Wadhams (1994), sea ice physics has not yet succeeded in completely solving

the “mystery of the ridge building processes” despite its growing relevance. The climate-

change-induced warming of the Arctic and associated sea ice thinning strongly affects ridge

building and sea ice dynamics because the thinner sea ice is easier to break and move. How-

ever, the consequences of those changes that may include more ridging, but also a more

fragmented sea ice cover are not well described yet. Fortunately, our resources to analyze

sea ice dynamics and ridge building processes have increased substantially over the last

1



2 CHAPTER 1. INTRODUCTION

decades. First and foremost, large expeditions with extensive observational programs span-

ning more than one season like the Multidisciplinary drifting Observatory for the Study of

Arctic Climate (MOSAiC) expedition, offer unique research opportunities. Second, there is

an increasing amount of observations available from remote sensing instruments mounted

on satellites and airplanes, as well as from autonomous measurement devices like buoys and

moored upward-looking sonars. Third, technical advances also improved the expensive and

laborious tank experiments where ridging is simulated under controlled laboratory condi-

tions. Last, the latest generation of high-performance computing allows researchers to run

numerically demanding sea ice models that resolve the complex ridging processes.

This dissertation aims to exploit these now available resources to contribute to the under-

standing of the sea ice thickness redistribution and to formulate new questions related to it.

Before focusing on the concrete research questions of this thesis, I will describe the crucial

role of sea ice in the global climate system and its ongoing changes.

1.1 Sea ice in the global climate change

Sea ice is frozen seawater. When talking to someone who has never got in touch with sea ice,

an analogy may help to illustrate sea ice and its role in the global climate system. I like to use

the analogy of an emergency blanket or rescue foil (Figure 1.1c). Like rescue foil, sea ice is

very thin compared to the height and depth of the atmosphere and the ocean, but it makes

a huge difference because it controls many processes in the polar climate and ecosystem.

First and foremost, like rescue foil, sea ice is a great thermal insulator. In winter, it prevents

the exchange of heat by reducing turbulent heat flux from the warm ocean to the colder at-

mosphere (e.g., Maykut, 1986; McPhee, 2017). In summer, in turn, it also attenuates and

delays the warming of the seawater by absorbing heat that goes into melting and by reflect-

ing sunlight (e.g., Perovich et al., 2007). In the visual part of the electromagnetic (EM) spec-

trum, sea ice fills in a very similar role. Its ability to reflect sunlight, termed albedo, is even

increased by snow accumulating on top, leading overall to the highest albedo values of the

abundant earth materials.

Second, such as an airtight rescue foil, sea ice substantially hinders the exchange of gases

or substituents between atmosphere and ocean with large consequences for most biogeo-

chemical processes. In addition, it affects a variety of other climate components like the

Arctic atmosphere because the formation of Arctic clouds requires condensation nuclei typ-

ically originating from the ocean (e.g., Leck et al., 2002; Kort et al., 2012).

Third, sea ice can break and form a heterogeneous surface when external forcing like wind

and ocean currents act on it, just like a rescue foil that is crumpled (Figure 1.1c, e.g., Wad-

hams, 2000; Weiss, 2013). The heterogeneous ice surface consists of pressure ridges and

open-water cracks that interact themselves with the climate system (Figure 1.1a,b, e.g., Haas,
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Figure 1.1. Main sea ice properties and analogy to rescue foil. a. Aerial photo of sea ice with a highly reflective
snow cover. A pronounced ridge and lead and a few smaller ones cross the otherwise flat sea ice surface. b.
Photo of a cross section of a ridge sail. c. Photo of “crumbled” rescue foil.

2017). Like a rescue foil used for building a provisional sail, the exposed sea ice ridges in-

crease the transfer of momentum from the atmosphere to the ocean, resulting in higher sea

ice drift speeds and more turbulence in the ocean and atmosphere (e.g., McPhee, 2017).

At the same time, the open-water cracks are key locations to enable the exchange of heat,

gas, momentum, and substituents that is otherwise hampered (e.g., Maykut, 1978; Perovich,

2011). The following chapters of this dissertation will concentrate on this outstanding aspect

of the above-mentioned sea ice properties.

Last, sea ice fulfills many additional roles in the (polar) climate system that are, however, less

relevant for this dissertation. To name a central one, brine release during sea ice formation

contributes to the formation of dense water masses and, thus, plays a role in the global ther-

mohaline circulation. In turn, sea ice melt along the export routes stabilize the upper water

column (e.g., Cottier et al., 2017).

Taken together, the polar regions are the global energy sinks in the climate system due to

their location at high latitudes and their high reflectivity of the incoming solar radiation.

The former reason is rooted in the Earth’s spherical shape and its orbit around the sun and,

thus, is independent of changes in the climate. However, the latter is caused by the domi-

nating presence of the cryosphere, mainly snow and ice, with their high albedo and, thus,

strongly coupled to the global climate. In the polar cryosphere, sea ice plays a crucial role

in maintaining the high albedo because it occupies about 19-27 % of the area covered by all

cryosphere components (IPCC, 2007). At the same time, sea ice holds less than 1 % of the to-

tal ice volume (IPCC, 2007). The small volume compared to its large area makes it sensitive

and fast-reacting to changes in the global climate.
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1.2 Major changes in the Arctic sea ice cover

Previously called an “early-warning signal of climate change”1, nowadays the “most dramatic

manifestation”2 and the “epicenter of climate change”3, the strong retreat in Arctic sea ice ex-

tent has served to visualize the often invisible changes of global warming (Stroeve and Notz,

2018). While the change of many components of the climate systems is rather impercepti-

ble for humans, as the rise of the colorless, odorless CO2 concentrations or the slow retreat

of glaciers, the major transition of Arctic sea ice is more evident. This immediate reaction

of Arctic sea ice to climate change is mainly rooted in its strong link to the global climate

system and its fast reaction to changes due to its thin vertical extent.

Nowadays, the Arctic is undergoing a major transition from a perennially sea-ice-covered

ocean to a seasonally-covered one that is ice-free in summer (e.g., Kwok, 2018; Newton et al.,

2021). This transition can be quantified by the decline in sea ice age (Kwok, 2018), thickness

(Kwok, 2018; Stroeve and Notz, 2018), extent (Comiso et al., 2017; Stroeve and Notz, 2018),

and volume (Kwok, 2018). The drivers of this transition originate to a large degree from an-

thropogenic sources, from the internal climate variability, and to a very minor degree from

natural sources (e.g., Stroeve and Notz, 2018; IPCC, 2019). Current research aims to attribute

the observed changes to a combination of these drivers.

The fast transition of the Arctic sea ice from a perennial to a seasonal ice cover has

widespread consequences for the global climate, the Arctic and sub-Arctic ecosystem, and

the economic development of the Arctic. This creates an urgent need to understand and

predict the consequences of global warming on the polar regions for a sustainable life of hu-

mans in all latitudes (e.g., Moon et al., 2019). This dissertation aims to contribute to this goal

by deepening our understanding of one particular characteristic of sea ice: its thickness and

the dynamic processes that change it.

For a more complete picture of the reaction of sea ice to global climate change, it is also

worth taking a comparative look at the sea ice cover in the Southern Ocean. The mean state

of Antarctic sea ice reacts differently to climate change than the Arctic sea ice. The observa-

tional record of the mean Antarctic sea ice extent since 1979 exhibits a slight, positive trend

(Parkinson, 2019). A strong regional variability hides regional ice loss (and gain) at similar

rates as observed in the Arctic (Parkinson and Cavalieri, 2012) and a stronger seasonality in

the ice extent further complicates robust analysis. While pronounced differences between

the hemispheres in geography, the ocean heat flux, and the role of snow can explain the ma-

jority of the general differences between Arctic and Antarctic sea ice (e.g., Stammerjohn and

Maksym, 2017), the current trends in the Southern Ocean sea ice remain poorly understood

and are not well reflected in standard model simulations (e.g., Parkinson, 2019; Rackow et al.,

1e.g., Jane Francis, Director of the British Antarctic Survey, https://insideclimatenews.org/news/13112021/
cop26-science-researchers/

2e.g., Massonnet et al. (2018) and Stroeve and Notz (2018)
3e.g., Markus Rex, expedition leader of MOSAiC, https://www.washingtonpost.com/climate-environment/

2020/01/08/voyage-epicenter-global-warming-struggles-with-bears-storms-thin-ice/

https://insideclimatenews.org/news/13112021/cop26-science-researchers/
https://insideclimatenews.org/news/13112021/cop26-science-researchers/
https://www.washingtonpost.com/climate-environment/2020/01/08/voyage-epicenter-global-warming-struggles-with-bears-storms-thin-ice/
https://www.washingtonpost.com/climate-environment/2020/01/08/voyage-epicenter-global-warming-struggles-with-bears-storms-thin-ice/
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Figure 1.2. Arctic winter mean sea ice thickness, mean sea ice drift, and selected regional ice thickness dis-
tributions. Mean sea ice thickness from January 2019 to November 2021 retrieved from CryoSat-2 overlaid
with mean sea ice drift from January 2019 to December 2021 (product “OSI-405-c”). Panels a-c show typical ice
thickness distributions from airborne electromagnetic surveys in different Arctic regions from April 2009 (Haas
et al., 2010). The survey locations are marked with capital letters in panel d. Data availability4

2022). While the majority of this dissertation focuses on Arctic sea ice, I will revisit the South-

ern ocean when exploring the potential of cross-hemisphere comparisons in the Outlook

(Section 7.4, page 151).

1.2.1 Thinning of the Arctic sea ice

As outlined before, a key property of the rather thin “rescue foil” sea ice in the climate system

is its thickness, because many processes, such as the exchange of heat, gas, and momentum

or brine release, directly depend on it.

In the last decade (2011–2018), the mean thickness of Arctic sea ice ranged between about

1.5 m (fall) and 2.2 m (spring, Kwok, 2018) with pronounced regional differences (Figure

1.2d). There is a strong zonal ice thickness gradient across the Arctic with the thinnest and

youngest ice found along the Siberian Shelf and the thickest and oldest ice located along the

coasts of northern Canada and Greenland (Figure 1.2d). This thickness gradient is a direct

4Cryosat-2 satellite ice thickness data are available for the months November to April from the Alfred We-
gener Institute (AWI) as “monthly gridded sea-ice thickness and auxiliary parameters from satellite radar al-
timeter data”: ftp://ftp.awi.de/sea_ice/product/cryosat2/v2p4/nh/ (last access 2022-01-27, Hendricks et al.,
2021a). Sea ice drift is available from the EUMETSAT Ocean and Sea Ice Satellite Application Facility (OSI
SAF) as product “OSI-405-c”: https://resources.marine.copernicus.eu/product-detail/SEAICE_GLO_SEAICE_
L4_NRT_OBSERVATIONS_011_001/DATA-ACCESS (last access: 22-03-07). Details on the motion tracking
methodology are published in Lavergne et al. (2010).

ftp://ftp.awi.de/sea_ice/product/cryosat2/v2p4/nh/
https://resources.marine.copernicus.eu/product-detail/SEAICE_GLO_SEAICE_L4_NRT_OBSERVATIONS_011_001/DATA-ACCESS
https://resources.marine.copernicus.eu/product-detail/SEAICE_GLO_SEAICE_L4_NRT_OBSERVATIONS_011_001/DATA-ACCESS
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consequence of the main Arctic sea ice drift systems, the Transpolar Drift and the Beaufort

Gyre, which are closely related to the direction and intensity of the prevailing winds and

ocean currents. The Transpolar Drift links the main ice production regions on the Siberian

Shelves to the main export gateway through Fram Strait and transports ice within 1–3 years

across the North Pole (Figure 1.2d). The ice within the Beaufort Gyre, located north of

Canada and Alaska, can be transported for several years in an anticyclonic motion (Figure

1.2d). If the ice survives long enough in the gyre, it is eventually exported into the Transpolar

Drift. Together, both drift systems remove ice from the east and push it against the coasts of

northern Canada and Greenland in the west, and, thus, create the zonal thickness gradient

described above (e.g., Haas, 2017).

Besides those large-scale regional differences in the ice thickness, there are also local ones

(“the crumbled rescue foil”) that are created by sea ice dynamics. A glance at the Earth’s

lithosphere further helps to illustrate the dynamic processes. The otherwise rather flat up-

permost layer of the Earth can be pushed up to form mountain ridges and oceanic trenches.

Like the variable topography of the Earth, sea ice dynamics create a heterogeneous icescape

with ice thicknesses between zero and 40–50 m thick ridges (Wadhams, 2000). This large

span in ice thicknesses is best summarized in the form of an ice thickness distribution (ITD)

that describes the likelihood of a certain thickness to occur. Because most air–sea interac-

tions and biogeochemical processes are sensitive to only a fraction of the thickness range,

e.g., the very thin ice or the thick ridges, the knowledge of the relative coverage of different

ice thicknesses is crucial for their interpretation. However, observations of ITDs over long

spatial and temporal scales, accurately resolving the skewed and sometimes bimodal shape

of the ITD with the long tail (Figure 1.2a-c), are difficult to obtain. Regional, airborne EM

thickness surveys are one suitable tool (Section 2.2.1, page 25).

Observations from satellites (e.g., Kwok, 2018), upward-looking sonars on submarines (e.g.,

Rothrock et al., 1999, 2008) or anchored moorings (e.g., Hansen et al., 2013), as well as air-

borne and in-situ campaigns (e.g., Haas et al., 2008; Belter et al., 2021) have reported on a

decline of annual mean sea ice thickness at a rate of about 10 % per decade between 1958–

2018 (for overviews: Meier et al., 2014; Lindsay and Schweiger, 2015; Kwok, 2018; Stroeve

and Notz, 2018). Most of this change happened before 2011, thereafter the mean thickness

trends were negligible (Kwok, 2018). However, there are regional and seasonal differences

in the thickness decline. For example, the strongest ice thickness change occurred at the

North Pole where the ice has also continued to thin over the last decade (Kwok, 2018). The

differences were attributed to the varying interaction of the processes that change the ice

thickness (Meier et al., 2014).

Most of the Arctic sea ice thinning and volume loss is associated with the decrease in sea ice

age (Tschudi et al., 2016; Kwok, 2018). The substantial loss of ice that survived one melt sea-

son, called multi-year ice (MYI), is caused by enhanced local melting and reduced freezing,

and to a smaller degree by shorter travel times in the main drift systems due to increased

drift speeds (Stroeve and Notz, 2018, and references therein). Rising air temperatures can
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explain most of the enhanced sea ice melting (e.g., Niederdrenk and Notz, 2018), but there is

also growing evidence for enhanced ocean heat flux to the ice that mitigates winter freezing

and accelerates summer melt (e.g., Polyakov et al., 2017; Ricker et al., 2021).

A thinner ice cover has multiple implications for the Arctic climate and ecosystem that in-

clude, but are not limited to, a general reduction in sea ice extent, enhanced seasonality in

ice thickness (Massonnet et al., 2018), greater interannual variability in ice extent (e.g., Notz,

2009; Mioduszewski et al., 2019), increased under-ice light availability (e.g., Castellani et al.,

2021), reduced freshwater export to sub-Arctic seas (e.g., Wang et al., 2021), reduced rest-

ing, reproduction, and hunting opportunities for marine mammals (e.g., Post et al., 2013),

changed economic exploration (e.g., Gautier et al., 2009; Khon et al., 2009), an interrupted

sediment transport (e.g., Krumpen et al., 2019), and reduced ice strength and its associated

increase in deformation (e.g., Rampal et al., 2009). This last-mentioned consequence of thin-

ner ice, the reduced ice strength, and its associated increase in sea ice deformation, moti-

vates the research presented in this dissertation. The following section outlines the expected

consequences of sea ice thinning on the various interactions between sea ice deformation

and dynamic thickness change.

1.2.2 Consequences of sea ice thinning for dynamic thickness change

Sea ice thickness change is a result of various processes that can be grouped into thermo-

dynamics, i.e., ice growth and melt, and dynamics. The dynamic contribution to the ice

thickness comprises all ice thickness changes induced by sea ice deformation. Sea ice defor-

mation is a result of the sea ice motion that is driven by winds, ocean currents, and tides and

is constrained by coasts and the internal stress of the ice pack. Spatial differences in the ve-

locity, i.e., ice floes moving faster or slower than the neighboring ice, create areas of deforma-

tion. I distinguish between two main processes. On the one hand, floes breaking apart from

each other due to velocity differences create areas of open water, e.g., cracks and leads, and

reduce the ice thickness to zero. In those exposed open-water areas, new ice forms quickly

under freezing conditions. I summarize this part of the dynamic thickness contribution as

divergence-induced new ice formation. On the other hand, colliding floes undergo rafting

or form pressure ridges that are many times thicker than the initial thickness. I refer to those

processes as convergence-induced thickening. Section 2.1 (page 13) gives a mathematical

description of these processes.

Due to a strong mutual dependence of sea ice deformation and sea ice thickness, we ex-

pect that thinner ice results in changes in sea ice dynamics, because thinner ice is weaker,

and, thus, it is easier to move and break. First observational evidence for changes in the

sea ice dynamics was seen in the increased sea ice drift speeds (e.g., Spreen et al., 2011) and

deformation rates (Rampal et al., 2009). Increased deformation rates may also alter the dy-

namic thickness contribution due to more convergence-induced thickening and divergence-

induced new ice formation in winter, and enhanced melt in the fragmented ice cover in sum-
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mer. Consequently, there are feedback loops of the dynamic thickness change that mitigate

the thermodynamic thinning by thickening in winter, and feedback loops that reinforce the

melting in summer (see Section 2.1.3, page 22). First signs of changes in those feedback

loops were found in the different temporal trends for mean and modal ice thicknesses ob-

served in Fram Strait (Hansen et al., 2015). So far, our limited quantitative knowledge of those

feedback loops hampers any robust prediction of the changes. For more reliable, long-term

predictions of climate change in the Arctic, we need to address this gap to model a realistic

evolution of the Arctic ice thickness.

1.3 Motivation and structure of this dissertation

In the context of thinning sea ice and increased deformation rates, the contribution of dy-

namic processes to sea ice thickness might gain more importance. However, our limited

understanding of the different feedback loops prevents us from predicting whether and to

which extent increased dynamic winter thickening could mitigate summer thinning. Before

predicting any temporal trends in the dynamic contribution, we need a better understanding

and robust estimates of the current magnitude of the different processes, in particular: how

large is the current dynamic contribution to winter sea ice thickening compared to summer

sea ice thinning because of thermodynamics and dynamics?

So far, only a few observational case studies have quantified the dynamic contribution to

winter sea ice thickening (Koerner, 1973; Kwok and Cunningham, 2002, 2016; Itkin et al.,

2018; Koo et al., 2021). Even fewer studies have linked the thickness change to the observed

deformation rates (Kwok and Cunningham, 2002, 2016; Itkin et al., 2018). The lack of se-

quential, high-resolution ice thickness and deformation observations often restricted fur-

ther analyses. This has also hindered progress in verifying and constraining the redistribu-

tion theory of state-of-the-art sea ice models (e.g., Lipscomb et al., 2007).

In this dissertation, I address this lack of understanding of the dynamic contribution to win-

ter sea ice thickening. The overall goal of this dissertation is to resolve and quantify the

dynamic change in the thickness distribution and to relate it to the deformation. To do

that, I focus on three research questions (RQ1–RQ3) whose motivation, scope, and structure

are outlined below:

Research Questions

RQ1 How large is the dynamic contribution to the mean sea ice thickness in different

dynamic regimes?

RQ2 How does deformation shape the ice thickness distribution?

RQ3 How can high-resolution microwave synthetic aperture radar (SAR) satellite data

be used to estimate dynamic thickness change?
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RQ1 How large is the dynamic contribution to the mean sea ice thickness in different dy-

namic regimes?

To quantify the dynamic contribution to winter thickening and to improve our under-

standing of the relevance of the different feedback loops in different dynamic regimes,

I aim at quantifying mean convergence-induced thickening and divergence-induced

new ice formation separately. Those two processes summarize the potential of dynam-

ics to mitigate any sea ice thickness loss during summer. Quantifying those positive

dynamic thickness changes in different dynamic regimes will advance our knowledge

in multiple ways. First, such estimates are vital to assess the relevance of dynamic

thickness increases compared to the strong thermodynamic thinning due to climate

change. Second, analyzing different regimes will identify conditions that favor dy-

namic thickening and thinning. Third, the estimates can be used to validate dynamic

thickness change in models which will eventually improve predictions of the future sea

ice thickness change.

To address RQ1 from multiple perspectives and with different methods, this disser-

tation analyzes two observational datasets from different geographical regions, dy-

namic regimes, time spans, and seasons. The differences allow to separate between

convergence-induced thickening and divergence-induced new ice formation and to

identify conditions that favor the dynamic thickening.

In Chapter 3 (page 31), I estimate the magnitude of dynamic thickening in a highly con-

vergent regime off the northeast coast of Greenland. The strong, well-constrained, and

month-long deformation event of a dynamically closing polynya provides an excellent

opportunity to establish a direct link between mean thickness change and deforma-

tion rate.

Building on those results, I extend my analysis from the month-long snapshot to a

year-long time series of ice thickness change along the Transpolar Drift in Chapter 4

(page 63). In a dynamic regime in which convergence and divergence balance each

other, I focus on the contribution from divergence-induced new ice formation to the

ITD. Covering ITDs from different seasons and varying dynamic regimes enables me

to identify conditions that favor divergence-induced new ice formation.

To better characterize those dynamic conditions, I complement the ice thickness time

series with an analysis of the dynamic regimes in Chapter 5 (page 99). Using daily SAR

data, I derive sea ice deformation fields that contrast the different dynamic regimes

responsible for the dynamic ice thickness changes presented in Chapter 4 (page 63).

Chapter 6 (page 113) closes the loop from the deformation back to the divergence-

induced new ice formation. In this chapter, I evaluate whether lead fractions derived
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from the deformation are suitable to estimate divergence-induced new ice formation

and validate the results with the ice thickness observations in Chapter 4 (page 63).

RQ2 How does deformation shape the ice thickness distribution?

While RQ1 is concerned with the mean thickness changes, RQ2 focuses on the full

ITD. Since deformation and dynamic thickness change affect thin and thick ice dif-

ferently, the ITD has a central role in understanding dynamic thickness change. Fur-

thermore, an accurate representation of the ITD is crucial for climate modeling (Hol-

land et al., 2006). However, the link between the shape of the ITD and the processes

changing it is only poorly understood yet and, thus, not well represented in the exist-

ing redistribution theory of state-of-the-art sea ice models (e.g., Lipscomb et al., 2007).

Thus, analyzing how deformation shapes the ITD provides valuable insights. First, it

helps to distinguish the different processes, e.g., convergence-induced thickening and

divergence-induced new ice formation. Second, it can advance the representation of

the ITD in sea ice models.

I address RQ2 by comparing high-resolution ITDs of ice with different deformation

histories that are well known. I aim at understanding better which ice thickness partic-

ipates in ridging and rafting and how the shape of the ITD is related to the experienced

convergence and shear. To achieve that, I analyze the observational data with a partic-

ular focus on redistribution theory (Section 2.1.2.1, page 20) to facilitate the transfer of

observational results into modelling concepts.

Chapter 3 (page 31) is concerned with the question of how the shape of the ITD is

related to the deformation history. For the analysis, I compare the ITDs of originally

homogeneous ice that experienced different deformation rates and aim at establishing

a proportionality between the shape of the ITD, given by characteristic parameters like

the e-folding, and the deformation magnitude derived from daily SAR images. Such a

relationship can improve the representation of the ITDs in sea ice models.

Chapter 4 (page 63) aims to identify which ice participates in ridging and analyzes the

seasonal evolution of a regional ITD in the Transpolar Drift. This chapter further evalu-

ates whether the ridging parameterization of the current sea ice models can reproduce

the shape of the ITDs.

RQ3 How can high-resolution microwave SAR satellite data be used to estimate dynamic

thickness change?

While RQ1 and RQ2 deal with the magnitude and process understanding of the dy-

namic contribution, RQ3 focuses on the tools needed to gain those insights. One key

pre-requisite for a better understanding is to establish a direct cause-and-effect rela-

tionship between sea ice deformation and dynamic thickness change. Only if we can
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attribute a change in thickness to the associated deformation, we can also parameter-

ize this relationship in a sea ice model adequately. This requires deformation fields that

can reproduce the relevant sea ice dynamics sufficiently well. Microwave SAR satellite

data has become increasingly available and offers a large potential to explore in full

detail deformation and dynamic thickness change at high resolution. Studies based

on the RADARSAT Geophysical Processor System (RGPS) dataset yielded promising

results, but suffered from a poor spatial and temporal resolution and missing evalua-

tion with supplementary ice thickness data (Kwok, 2002; Kwok and Cunningham, 2002;

Kwok, 2006).

This dissertation aims to explore the potential of SAR data collected by the satellite

mission Sentinel-1 from the European Space Agency (ESA) for observing deformation

and dynamic thickness change. As for RQ1, I evaluate the ability of SAR-derived defor-

mation to reflect convergence-induced thickening and divergence-induced new ice

formation in two different chapters. In the highly convergent regime described in

Chapter 3 (page 31), I test how SAR-derived deformation could be used in combina-

tion with thermodynamic growth estimates to resolve convergence-induced thicken-

ing. In this context, I evaluate to which extent those datasets can even resolve regional

differences in the ITD. In Chapters 5 (page 99) and 6 (page 113), I explore whether de-

formation derived from SAR data can be used to describe the dynamic regime and to

derive lead fraction. Lead fractions serve as a base for deriving divergence-induced

new ice formation (Chapter 6, page 113).

Beyond this dissertation, the SAR-derived deformation fields lay the groundwork for

studying the dynamic contribution on Arctic-wide scales and on different timescales.

How this could be done is outlined in the Outlook (Section 7.4, page 151).

Before focusing on the research questions in Chapters 3–6, Chapter 2 (page 13) is dedicated

to the basic theory and measurement principles that are applied in this dissertation. In the

concluding chapter (Chapter 7, page 143), I discuss and summarize the key findings and

outline project ideas that could further extend our understanding of the dynamic thickness

change and its predicted evolution during global warming.

The appendices open again the view to a broader understanding of sea ice. Appendix A (page

157) summarizes related sea ice studies to which I contributed. Because those studies cover

aspects closely linked to sea ice thickness and dynamics, like melt pond evolution above and

below the ice, as well as snow thickness and ice density, they all contribute to a better un-

derstanding of the large impact of sea ice dynamics on the Arctic sea ice cover. Appendix B

(page 163) takes a step further back and gives an overview on selected material to communi-

cate the results of this dissertation to a broader community. Given the major consequences

of the ongoing transition of the Arctic for human society, it is essential to make our findings

accessible to everyone.
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Remark. Chapters 3–6 present published or drafted papers in the style of different journals

that were compiled with contributions from the mentioned co-authors. The text is included

in an unaltered form which leads to minor variations in style, “first-person plural” use, lan-

guage, tenses, symbols, and abbreviations throughout this dissertation. As each paper must

also be understood independently of the thesis, there is some redundant content for which

I kindly ask the reader to be indulgent.



Chapter 2

Theory and Methods

Before presenting the results, the following chapter introduces the basic concepts needed

to understand the complex interactions between sea ice thickness change, sea ice strength,

and sea ice deformation (Section 2.1, page 13). A particular focus is on the theoretical basis of

the positive and negative feedback loops of the dynamic thickness contribution associated

with sea ice thinning (Section 2.1.3, page 22). In addition, this chapter sums up the mea-

surement principles of the two main datasets used in this dissertation: ice thickness derived

from electromagnetic induction sounding (Section 2.2.1, page 25) and sea ice deformation

derived from SAR satellite data (Section 2.2.2, page 27).

2.1 Basic concepts of sea ice deformation and dynamic sea

ice thickness change

This section presents the theory of sea ice deformation and sea ice thickness change needed

to interpret the results presented in Chapters 3-6. Detailed descriptions of the theory can

be found in, e.g., Thorndike et al. (1975), Lipscomb et al. (2007), and Weiss (2013). First, I

introduce the characteristics of sea ice deformation related to the scope of this dissertation

(Section 2.1.1, page 13). Next, I describe the thermodynamic and dynamic processes chang-

ing the ice thickness distribution (Section 2.1.2, page 17). Finally, I close the theory section

with the mathematical description of sea ice redistribution as currently implemented in sea

ice models (Section 2.1.2.1, page 20).

2.1.1 Sea ice deformation

Like tectonic plates, the large majority of sea ice is in motion, driven by winds, ocean cur-

rents, and tides and constrained by coasts and the internal stress of the ice pack. The dy-

13



14 CHAPTER 2. THEORY AND METHODS

namics of the ice pack are summarized by the momentum equation (e.g. Weiss, 2013):

ρi h[
∂U

∂t
+U ·∇U + f k ×U ] =∇·σ+τa +τw −mĝ∆H (2.1)

with ρi : ice density; h: ice thickness; U = (u, v): horizontal ice velocity; f : Coriolis parame-

ter; k : vertical unit vector; σ: internal ice stress tensor integrated over the thickness; τa ,τw :

air and water stresses (frictional forces on the ice surface); ∆H : sea surface height gradient;

and ĝ : gravitational acceleration.

The equation describes that the local acceleration (1st term left-hand-side, LHS), the ad-

vective acceleration (2nd term LHS), and the change in direction due to the Coriolis force

(3rd term LHS) are the results of forcing from the divergence of the internal stress tensor (1st

term right-hand-side, RHS), the air stress (2nd term RHS), the water stress (3rd term RHS),

and the sea surface tilt (4th term RHS). A term related to the air pressure gradient can be

added but is in most applications considered negligible (Weiss, 2013). Most studies find that

the large scale atmospheric forcing given here as the air stress (τa) dominates the sea ice mo-

tion (e.g. Hutchings et al., 2011; Weiss, 2013; Kwok, 2015), but there are also regions, where

ocean stress, e.g., tidal currents, play a major role (e.g., Heil et al., 2008).

Sea ice stress includes all different kinds of solid mechanical interactions between the ice

floes, including crushing, rafting, and ridge formation due to convergent motion, breaking

due to divergence, and shearing along faults. A rheology describes those interactions and re-

lates the stress magnitude to the strain. The most widely used sea ice rheology, the viscous-

plastic rheology, assumes that ice deforms below the peak stress, also called yield stress, in

a highly viscous way. For stresses reaching the yield stress, sea ice fails catastrophically, i.e.

it breaks, and, thus, deforms plastically. In contrast to the slow, negligible viscous deforma-

tion, the effects of the permanent, plastic deformation are quick and large. Pressure ridges,

rafts, leads, and cracks in the sea ice are the visible signs of those permanent catastrophic

failures. In the viscous-plastic rheology with an elliptical yield curve, the stress tensor (σ,

see Equation 2.1) is related to the strain rate tensor (ε̇) by the following constitutive law:

σ= 2ηε̇+
(
(ζ−η)ε̇I − P

2

)
I (2.2)

with ζ = P
2∆ε

: bulk viscosity; η = ζ
e2 : shear viscosity; P: compressive strength; ε̇I: strain rate

invariant (see Equation 2.4); I : Identity Matrix. Bulk and shear viscosities are proportional

to the compressive strength and to parameters calculated from the elliptical yield curve (∆ε,

e). A full description of them is given in, e.g., Ungermann and Losch (2018).

Analogous to the lithosphere that consists of rigid continental and oceanic plates, sea ice

consists of a great number of ice floes which were assumed to be rigid with interactions at

the floe edges. The viscous-plastic sea ice rheology was originally developed for this large-

scale perspective of multiple interacting ice floes, but with increasing resolution of numer-
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ical simulations down to the floe level, the validity of this rheology became subject of an

active debate (e.g., Lipscomb et al., 2007; Rampal et al., 2016; Ringeisen et al., 2021).

The strain rate tensor (ε̇, Equation 2.2) quantifies how much an object deforms relative to

a reference length-scale in a given time. In the case of sea ice, deformation describes the

relative change in sea ice area that the ice experienced. Since this relative change is given

per time step, deformation can also be interpreted as gradients in the ice motion, i.e., as

spatial derivatives of the velocity fields. Thus, the strain rate tensor (ε̇) is calculated from the

velocity field (U ) by:

ε̇= 1

2

(∇U +∇U T )
(2.3)

Often, the strain rate invariants (ε̇I, ε̇II) are used to quantify deformation:

ε̇I =ε̇11 + ε̇22 = ∂u

∂x
+ ∂v

∂y

ε̇II =
√

(ε̇11 − ε̇22)2 +4ε̇2
12 =

√(
∂u

∂x
− ∂v

∂y

)2

+
(
∂u

∂y
+ ∂v

∂x

)2

|ε̇| =
√

ε̇2
I + ε̇2

II

θ =atan

(
ε̇II

ε̇I

)
(2.4)

with ε̇i j : components of ε̇. Hereby, ε̇I quantifies all strains in the normal direction, i.e. diver-

gence and convergence, and ε̇II summarizes strains perpendicular to the normal direction,

i.e. shearing. |ε̇| is the strain rate magnitude and θ quantifies the relative contributions from

divergence (θ = 0), shear (θ = 0.5π) and convergence (θ =π).

The compressive ice strength P in the rheology (Equation 2.2) is related to the ice properties.

Prominent parameterizations of ice strength were suggested by Hibler (1979) and Rothrock

(1975). Rothrock (1975) has chosen an approach based on energy conservation and pro-

posed that P should be proportional to the gravitational work of ridge building. This con-

cept was also picked up by Hopkins (1998) who assumes that an ice floe breaks when the

force needed to push ice farther up or down outweighs the force needed to fracture the ice.

Analogous to plate tectonics, the gravitational force, here determined by the ice thickness

and its density difference to seawater, and friction between and within the ice blocks, play a

major role in the ridge formation process. Thus, the compressive strength P is given by:

P =C f Cp

∫∞

0
h2wr dh (2.5)

where the physical constant Cp = ρi (ρw −ρi )ĝ /(2ρw ) is calculated from the gravitational ac-

celeration (ĝ ) and the densities of water (ρw ) and ice (ρi ). Cp is related to the gravitational

work that has to be done during ridging. C f is the ratio of total energy sinks to the gravi-
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tational sinks. Rothrock (1975) assumed that this ratio was small (C f =2), but newer studies

showed that friction might play a larger role (C f = 10 to 17, Hopkins, 1994). The ridging mode

wr in Equation 2.5 describes the thickness changes due to ridging and is discussed in detail

in Section 2.1.2.1 (page 20).

Hibler (1979) chose a simpler approach to describe the compressive strength based on the

assumption that thinner ice deforms more easily than thicker ice, given by:

P = P∗ · A ·h ·e−C∗(1−A) (2.6)

where C∗ is a strength parameter, A is the ice concentration and P∗ is the ice strength that is

often used as tuning parameter (Bouchat and Tremblay, 2017).

Ungermann et al. (2017) tested both parameterizations of P (Equations 2.5, 2.6) in combi-

nations with ITDs and showed that even though Hibler (1979) has a weaker physical base,

it produces results closer to the observational state than Rothrock (1975). Lipscomb et al.

(2007) came to a similar result while testing the numerical stability of sea ice models. How-

ever, Lipscomb et al. (2007) stressed that Hibler (1979) underestimates the strength of thick

ice leading to unrealistically thick ice (>18 m). On the other hand, the parameterization of

Rothrock (1975) seems to be incomplete, because it treats friction insufficiently, especially

sliding friction that depends linearly on thickness (Lipscomb et al., 2007). There is a need

for improvement, both in the parameterization of P , as well as in constraining the empirical

constants (C f ,C∗,P∗).

As outlined before, sea ice reacts to mechanical forcing in a highly non-linear way that is,

so far, only insufficiently understood. Its highly-viscous behavior allows internal stresses

to travel long distances before leading to plastic failures. Combining those two properties

results in the high spatial heterogeneity in deformation that can be also observed for the

Earth’s crust (Weiss, 2013). Like earthquakes, deformation of sea ice occurs abruptly in time

and highly localized in space along linear, narrow stripes, often called linear kinematic fea-

tures (LKFs). Strain is highly concentrated in those regions and occurs with magnitudes a

few orders larger than deformation outside of LKFs (Hutchings et al., 2011). The concentra-

tion of strain results in shearing, the formation of pressure ridges, and lead opening (e.g.,

Hutchings and Hibler, 2008). The confining stress, but also the ice pack strength dictate the

spacing and extent of those visible signs of deformation. The highly intermittent and local-

ized nature of sea ice deformation leads to the fact that the observed magnitude of sea ice

deformation changes with the scale of observation, i.e. they exhibit scaling behavior. While

many studies have confirmed the scaling behavior (e.g., Itkin et al., 2018; Hutchings et al.,

2011; Oikkonen et al., 2017; Marsan et al., 2004), little is known about the reasons for the

varying scaling factors. It was noted that scaling factors vary seasonally (Marsan et al., 2004),

between both hemispheres (Oikkonen et al., 2017), with ice compactness (Itkin et al., 2017),

and are most likely related to the mechanical properties of the ice pack, and, thus, also to the



2.1. BASIC CONCEPTS OF SEA ICE DEFORMATION AND THICKNESS CHANGE 17

ice thickness. This is another example of the strong interdependence of sea ice deformation

and ice thickness.

2.1.2 Thermodynamic and dynamic processes changing the ITD

The localized nature of sea ice deformation also leaves a strong signal on the ice thick-

nesses. As outlined above, deformation results in changes of the ice thickness because vol-

ume conservation requires that all area change, i.e., a perturbation in the horizontal dimen-

sion (Equations 2.4), is accompanied by a change in sea ice thickness, i.e., a perturbation in

the vertical dimension. Those changes are most accurately quantified in the context of the

ITD. Mathematically, the ITD (g (h)) is a probability density function and can be described

between two thicknesses h1 and h2 by (Thorndike et al., 1975):∫h2

h1

g (h)dh = A(h1,h2)

R
(2.7)

where dA is the areal fraction of a region R covered with ice of thickness between h and

h +dh. The typical shape of Arctic sea ice distributions can be directly linked to the ther-

modynamic and dynamic processes changing the ITD. Those changes can be described by

(Thorndike et al., 1975; Lipscomb et al., 2007):

∂g (h)

∂t
= ∂( f g (h))

∂h
−div(U g )+ψ (2.8)

with f = dh/dt : thermodynamic growth/melt rate, div(U g ): ice advection, and ψ: sea ice

redistribution function. The meaning of the terms are described below and their effects are

illustrated in Figure 2.1.

The thermodynamic growth and melt rate ( f = dh/d t ) is a function of the conductive heat

transfer between the ocean and the atmosphere. Thus, f depends on the temperature gra-

dient, but also the thermal conductivity of the ice that is influenced by its microstructure

defined by its brine and air volume. The thicker the ice, the less efficient the heat transfer

works, and snow on top of sea ice additionally reduces it. Consequently, thermodynamic

growth is initially very fast but slows down quickly until reaching an equilibrium thickness

beyond which it does not continue to grow (Maykut, 1986). In summer, solar and atmo-

spheric heat melts ice at the surface and internally, while bottom and lateral melt occur at

any time when the ocean heat flux to the ice exceeds the conductive heat fluxes through the

ice to the atmosphere. Since atmospheric and oceanic forcing varies only on synoptic scales

(> 1000 km), thermodynamic growth and melt result in a spatially homogeneous ice thick-

ness. As outlined before, the majority of the widespread sea ice thinning is associated with

rising air and ocean temperatures that have increased summer melt.

Ice advection (div(U g )) expresses the change of ice thickness due to advection of ice with

a certain velocity U and thickness distribution g . In models, the velocity field is calculated
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Figure 2.1. Processes changing the ice thickness distribution. Thermodynamics increase the thickness (h) of
thin ice by growth (winter) and reduce the ice thickness of all ice by melting (predominantly summer). Diver-
gent ice advection increases the open-water area and ice of all thicknesses leaves the region. Redistribution
consists of the formation of leads which increases the open-water fraction and the formation of ridges which is
a sink for thin ice and a source for thick ice. Figure adapted from Thorndike et al. (1992).

by the momentum equation (see Equation 2.1). Returning to the example of the large-scale

zonal thickness gradient in the Arctic, ice advection explains the differences. For the Siberian

Shelves, this term expresses a reduction in thickness (div(U g ) > 0) because the ice is exported

away from the region, while for the north coast of Canada and Greenland, ice advection in-

creases the ice thickness (div(U g ) < 0) because the ice is imported into that region. In a

Lagrangian framework i.e., moving with the ice, as chosen for the studies in this disserta-

tion, ice advection leads to a change in the study area instead of ice flux through the bor-

ders of a fixed grid. In this context, the advection term simplifies to div(U g ) = g div(U ) (e.g.,

Thorndike, 1992a). The Lagrangian reference system has the advantage that the same ice is

studied, without gaining or losing “external” ice, and that convergence and divergence of a

region are directly linked to thickness changes.

The redistribution function (ψ) describes how sea ice thickness changes within an area due

to sea ice deformation. In the quote heading the introduction, Wadhams (1994) referred to

this function as the term Ω (Chapter 1, page 1). This function summarizes all mechanical

processes such as ridging, rafting, and open-water formation, that change the relative

occurrence of different thicknesses, but do not influence the mean thickness. Returning

to the example of the “crumbled rescue foil”, the redistribution function describes the

formation of the wrinkles, i.e., pressure ridges and cracks. Section 2.1.2.1 (page 20) details

the mathematical description of those processes.
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Each of these processes shapes the ITD in a different way (Figure 2.1b-d). Therefore, the

appearance of the ITD reveals useful information about the different processes. Since ther-

modynamic growth leads to a homogeneous ice thickness, the most frequent ice thickness,

i.e., the mode, is often associated with the thermodynamically grown, undeformed, level

ice (Thorndike, 1992a; Wadhams, 1994; Haas et al., 2008). Typical Arctic sea ice thickness

distributions are characterized by one or two modal peaks and a long tail (Figure 2.1a and

Figure 1.2a-c, Haas et al., 2010; Hansen et al., 2013). The two modes represent the thermody-

namic thickness of the younger ice that formed within the last growth season (first-year-ice,

FYI) and the older ice that has survived at least one summer (MYI). The MYI mode is often

broader than the FYI mode because every thermodynamic cycle increases slightly the spread

of the ice thicknesses distribution (Hansen et al., 2013).

Sea ice redistribution introduces the skewed shape of the ITD by creating a long tail that

consists of the crests and flanks of pressure ridges. The maximum of those pressure ridges

depends non-linearly on the mean thickness. While only redistribution increases the thick-

nesses in the tail, as ice growth is limited to the equilibrium thickness, melt processes re-

duce them, especially due to ocean heat flux. The long tail is often described numerically by

an exponential function fitted to all thickness categories thicker than the modal thickness

(Wadhams, 1994) or a power-law (Flato and Hibler, 1995). Divergence increases the fraction

of open water in the ITD. Combined with subsequent thermodynamic growth, this process

creates ice that is thinner than the undeformed FYI mode. In contrast, when convergence

transforms thin ice to thick ridges, ice is removed from the thinner ice categories of the ITD

and added to the thicker categories.

In this dissertation, I estimate positive dynamic thickness change from ITDs. Since sea ice

divergence and convergence of a region are the prerequisite for and consequence of ice

thickness redistribution (see Equation 2.9), their combined effects are considered here as dy-

namic thickness change. Since convergence and divergence are inseparably linked to each

other, it is often difficult to separate their opposing effects on the ITD because divergence in

one part of the study area created convergence somewhere else. Fortunately, convergence

and divergence shape the ITD differently (see above), and therefore, I aim at separating the

two mechanisms of dynamic thickness change, i.e., convergence-induced thickening and

divergence-induced new ice formation, whenever possible. Those terms are understood in

this dissertation and elsewhere in the published literature as follows:

Convergence-induced thickening describes the local thickness change due to ridging that is

induced by the convergence of a region (Chapters 3, 4, Kwok and Cunningham, 2016).

Divergence-induced new ice formation quantifies the new ice volume that growths in open-

water areas formed by divergence (Chapters 4, 6, Kwok, 2006; Itkin et al., 2018). Divergence-

induced new ice formation is limited to the growth season and could be seen as the ice vol-

ume of all leads. Since divergence removes thicker ice, divergence-induced new ice forma-

tion often leads to a reduction in ice thickness.
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Connecting thermodynamic and dynamic processes to their effect on the ITD will improve

the parameterization of ITDs in climate models which can substantially improve their per-

formance (Holland et al., 2006; Lipscomb et al., 2007; Notz, 2009). The next section describes

the current attempts to model the sea ice thickness redistribution due to deformation.

2.1.2.1 Modelling dynamic processes changing the ITD

This section unites the concepts of sea ice deformation from Section 2.1.1 (page 13) and sea

ice redistribution from Section 2.1.2.1 (page 20) and shows exemplary for the CICE/ICEPACK

model (Hunke et al., 2021), how state-of-the-art sea ice models describe the dynamic

changes of the ITD.

Sea ice redistribution is embedded in the ITD change equation (Equation 2.8) via the redis-

tribution function ψ. Following (Lipscomb et al., 2007), the redistribution function is pro-

portional to the deformation, expressed by the strain rate magnitude |ε̇| (see Equation 2.4):

ψ= [α(θ)δ(h)+β(θ)wr (h, g )]|ε̇| (2.9)

where δ(h) is the rate of opening (delta function at zero thickness) and wr (h, g ) the ridging

mode that describes closing and ridging. The parameters α and β are defined by the rheology

of the ice and are derived from the yield curve (see Section 2.1.1, page 13, Lipscomb et al.,

2007). They distribute |ε̇| into contributions from closing and opening.

The second part of the redistribution function is the ridging mode wr that is also present in

the ice strength parameterization of (Rothrock, 1975, see equation 2.5). The ridging mode

wr is a function of the ice participating and lost in ridging a(h) and of the ice formed during

ridging n(h). A normalization factor N serves for area conservation:

wr = n(h)−a(h)

N
(2.10)

Figure 2.2 schematically illustrates the different functions. The participating function a(h) =
b(h)g (h) describes which ice is removed from each thickness category h during ridging and

is thus a function of the original ITD (g (h)). The weighting function b(h) ensures that thinner

ice is more likely to participate in ridging than thicker ice. Two published suggestions for b(h)

based on Thorndike et al. (1975, hereafter TH75) and Lipscomb et al. (2007, hereafter LI07)

are commonly used.

TH75 suggested a linear weighting function b(h) that ensures that leads are completely

closed before thin ice is ridged.

b(h) =
 2

G∗ [1− G(h)
G∗ ], 0 ≤G(h) ≤G∗

0, G(h) >G∗
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redistributed
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Figure 2.2. Schematic illustration of the ridging mode wr (violet) as the sum of the functions describing
the ice being consumed during ridging (a(h), yellow) and the ice formed during ridging (n(h), green). The
gray shaded area displays how ice of a certain thickness category is redistributed in several, thicker categories
during ridging. Figure reproduced from Thorndike et al. (1975)

TH75 proposed that only 15 % of the ice participates in ridging, which is why b(h) is defined

up to a cutoff thickness that is reached if the cumulative thickness distribution G(h) exceeds

a certain threshold G∗ = 0.15. LI07 introduced a smooth approximation of the TH75 function

to suppress numerical noise which allows all ice to participate while still clearly favoring the

thin ice.

b(h) = e−G(h)/a∗

a∗ · [1−e−1/a∗]
(2.11)

with the empirical parameter a∗ = 0.05.

The ridged ice function n(h) describes the ice that is gained in each thickness category h

during ridging and it is defined by:

n(h) =
∫hmax

0
a(hin)γ(hin,h)dhin (2.12)

where hin denotes the ice thickness of the ice before participating in ridging while h is the

ice thickness of the ice after having participated. There are again two choices for the ridging

redistribution function γ. TH75 proposed a uniform ridging redistribution function γ.

γ(hin,h) =
 1

2(H∗−hin) , 2hin ≤ h ≤ 2
√

H∗hin

0, h < 2hin or h > 2
√

H∗hin

with the empirical thickness H∗ = 100. This means ridging of ice with a certain thickness hin

creates ridges with uniform thickness between hmin = 2hin (rafting) and hmax = 20
√

hin.
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LI07 developed an exponential ridging redistribution function γ:

γ(hin,h) =
γ0e

−(h−hmin)
µ
p

hin , h ≥ hmin

0 h < hmin

They limited the maximum raft thickness and defined the minimum thickness as

hmin = min(2hin,hin + hraft) where hraft = 1 m is the thickest allowed raft. γ0 is a nor-

malization factor. The e-folding scale of this function (µ
√

hin) depends on the thickness of

the ice participating in ridging and µ, which can be used to tune the ridging redistribution

function. In Chapter 3 (page 31), I suggest how to modify this parameterization to improve

the agreement with observations.

With this set of equations, the cycle of sea ice deformation and sea ice thickness closes. The

ITD is the key parameterization to set the internal ice strength (P , Equations 2.5, 2.6) that

influences how stresses by external forcing will cause strains, i.e., deformation in sea ice

(Equation 2.2). At the same time, sea ice deformation changes the internal, macroscopic

strength of an ice pack because it creates areas of inhomogeneous ice thickness by redis-

tribution (Equation 2.9 and subsequent ones) with weaker and stronger zones like cracks,

leads, and ridges, and changes this way the ITD.

From this interdependence of sea ice deformation and sea ice thickness, it is expected that

a thinning ice cover leads to changes in sea ice deformation and, thus, in the dynamic thick-

ness contribution. Several processes organized in different feedback loops could cause such

a development. They are the subject of the next section.

2.1.3 Dynamic thickness change in a thinning sea-ice cover

Figure 2.3 gives a simplified overview of the not yet completely understood nor quantified

feedback loops between thinner sea ice and the dynamic thickness contribution. The feed-

back loops are rooted in the theoretical framework of the viscous-plastic rheology (Equation

2.2) and the momentum equation (Equation 2.1). For details on the positive feedback loop,

see also Weiss (2013).

Sea ice thickness and dynamics are coupled by two general mechanisms. First, thinner ice is

easier to break. The mechanical strength of sea ice P depends in the viscous-plastic rheology

on the ice thickness (Equations 2.6, 2.5). Thus, thinner ice experiences more deformation

with the same forcing and breaks up more easily. Second, a reduced sea ice mass is easier

to move. From the momentum equation (Equation 2.1) it follows that a decrease in thick-

ness, and, thus, in ice mass (ρi h), results in an acceleration of the drift speed. Higher drift

speeds are also caused by less internal stress (∇·σ). In a more fragmented, looser ice pack,

the internal friction is reduced and, thus, provides less counterweight to the (wind) forcing

(e.g., Weiss, 2013). Observations of surface drifters and passive microwave data confirm the
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Figure 2.3. Positive and negative feedback of dynamic thickness change concerning thinning sea ice. Sea ice
thinning in the warming Arctic (enlarged symbol with yellow outline) leads to a positive (reinforcing, red) and
a negative (stabilizing, green) feedback loop.
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expected increase in ice drift speed. Depending on the season and study period, Arctic sea

ice drift speeds increased by 3–17 % per decade in the last 30 years, with an acceleration af-

ter 2001 (e.g, Rampal et al., 2009; Spreen et al., 2011; Kwok et al., 2013; Krumpen et al., 2019;

Zhang et al., 2021). For 1979–2007 the drift acceleration was accompanied by a deformation

increase of 51 % per decade (Rampal et al., 2009). The drift acceleration was mostly inde-

pendent of changes in the atmospheric forcing (Rampal et al., 2009; Spreen et al., 2011; Kwok

et al., 2013) and, thus, related to a weaker ice cover. However, this seems not applicable for

the whole Arctic as a few studies covering different periods and regions attributed major ac-

celerations, e.g., in the Transpolar Drift, to increased wind speeds (Zhang et al., 2000; Smed-

srud et al., 2017). The potential consequences of the more mobile, fragmented ice cover can

be split into a positive and a negative feedback loop (Figure 2.3).

Positive feedback loop (red loop in Figure 2.3)

In the positive feedback loop, dynamic effects lead to thinner sea ice. It has two branches

split into increased ice export and more summer melt due to a more fractured sea ice cover

(Weiss, 2013).

Independent of the season, higher drift speeds lead to more ice area export out of the Arc-

tic. For Fram Strait, sea ice export was variable without long-term trend between 1935-1979

(Smedsrud et al., 2017). Since then, the annual ice export has increased by about 6 % per

decade (Smedsrud et al., 2017). Smedsrud et al. (2017) attributed the increased export due

to drift acceleration to faster southward wind, and not to a decrease in ice thickness. In addi-

tion to faster export, higher drift speeds can lead to younger, and, thus, thinner sea ice in the

central Arctic and Fram Strait that is prone to earlier melt. This was recently demonstrated

by Belter et al. (2021) who related decreasing ice thickness in Fram Strait to decreasing ice

age and travel time. Along the same line, mechanically weaker, more mobile ice also is less

likely to form long-lived ice arches such as in Nares Strait. Moore et al. (2021) could confirm

that the duration of the arches has decreased over the past 20 years.

In summer, a more fractured sea ice cover leads to stronger melt. Open-water areas absorb

significantly more sunlight which accelerates bottom and lateral melt at exposed floe edges,

and eventually, delays winter freeze-up (e.g., Zhang et al., 2000; Perovich et al., 2008). Recent

observations suggest that composition and fracturing of the winter sea ice significantly

influence the summer floe size distribution due to this mechanical contribution to the

ice-albedo feedback (Hwang et al., 2017).

Negative feedback loop (green loop in Figure 2.3)

The negative feedback loop sums up how convergence and divergence can lead to an in-

crease in ice thickness.

First, more convergence leads to more ridging and, thus, maintains locally thicker ice that is

more likely to survive summer melt. For convergent regimes like the north coast of Green-

land and the Canadian Arctic Archipelago, convergence accounts for about 50 % of the total
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change in ice thickness producing the thickest ice found in the Arctic ocean (Kwok, 2015;

Kwok and Cunningham, 2016; von Albedyll et al., 2021a).

Second, in winter, new ice formation is enhanced in open-water areas created by local diver-

gence or enhanced export from a region (Zhang et al., 2000). Observations from the Trans-

polar Drift suggest that divergence-induced new ice formation can provide between 7–34 %

to the mean sea ice mass balance (Chapter 4, page 63, Itkin et al., 2018; Koo et al., 2021;

Kwok, 2006). The weaker, new ice is often ridged at a later stage. This creates an efficient

mechanism of new ice formation and reshuffling to thicker ice compared to the slow, regular

thermodynamic growth.

More ridging also increases the surface roughness with consequences for other climate-

relevant parameters, such as snow accumulation, above-surface, and under-surface melt

pond coverage (e.g., Eicken et al., 2004, see also Appendix A, page 157 ), and the momen-

tum exchange between atmosphere and ocean (e.g., Martin et al., 2014). Their net effects on

the Arctic climate, also concerning the decrease of rougher MYI, remain yet to be quantified.

In summary, sea ice thinning will change the dynamic contribution to the sea ice thickness,

but the complex feedback loops and our limited quantitative knowledge of the processes

within them hamper any robust predictions of the changes. This dissertation addresses this

knowledge gap, exploiting mainly two datasets of ice thickness and deformation, which are

described next.

2.2 Measurement principles for sea ice thickness and sea ice

deformation

As emerges from the previous sections, the core datasets of this dissertation are observa-

tions of sea ice thickness and sea ice deformation. The advantages and limitations of the

measurement techniques used to generate the thickness and deformation datasets affect

the strengths and weaknesses of the presented results. For a better assessment of those, the

retrieval of the thickness and deformation data is shortly summarized below.

2.2.1 Ice thickness derived from electromagnetic induction soundings

EM induction soundings take advantage of the large conductivity difference between air,

snow, and sea ice (0 to 50 mS/m) on the one hand, and ocean water at the other hand (2400

to 2700 mS/m, Haas et al., 1997). A low-frequency (4060 Hz), primary EM field created by

the transmitting coil interacts with the highly conductive seawater and generates eddy cur-

rents. The eddy currents are the source of a secondary magnetic field which is measured

by the receiver coil of the instrument. The ratio of the secondary to the primary field at the

receiving coil location is then evaluated by magnitude and phase, expressed in the complex

plane by the Inphase and Quadrature components. This ratio is proportional to the distance
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Figure 2.4. Ice thickness measurements with an airborne EM induction sounding instrument. a. Schematic
sketch of the EM instrument with the transmitting and receiving coil over the non-conductive air, snow, and sea
ice and the highly conductive seawater. A laser measures the distance between the instrument and the snow
surface. The receiving coil measures the phase and magnitude of the superimposed primary and secondary
EM fields. Please note that the shape and location of the EM fields are only chosen for illustration and do not
necessarily depict the true fields. b. Photo showing the EM instrument suspended below a helicopter flying
over sea ice.

between the instrument and the seawater, i.e. the underside of the ice. Complementary

measurements from a laser altimeter (Jenoptik LDM301.120) on the instrument reveal the

height above the snow surface. Suspended below a helicopter or aircraft, the instrument’s

altitude is normally at 10–15 m. The difference between both distance information yields

the total, i.e. combined snow and sea ice, thickness (Haas et al., 2009).

For the conversion from the ratio between secondary and primary EM field to ice thick-

nesses, the measurement setup is simplified to a 1-dimensional approach assuming a ho-

mogeneous half-space (in the vertical) with air, snow, and sea ice in the upper part and neg-

ligible conductivity and highly conductive seawater in the lower part. For this particular

case, the distance between the instrument and the seawater can be directly inferred from

the ratio of secondary to primary EM field for the range of expected distances. The data pro-

cessing consists of two steps that correct for the (1) instrument drift and (2) uncertainties in

the calibration or the assumed seawater conductivity. The instrument drift is derived from

repeated measurements at large altitudes (> 30 m) above which the influence of seawater is

negligible and can be subtracted from the measured signal. Uncertainties in the calibration

or the seawater conductivity are reduced by correcting the measurement signal in phase and

amplitude until all open-water measurements fall onto the 1D model function along which

the EM-derived distance to seawater equals the laser-derived altitude. Thanks to the bet-

ter signal-to-noise ratio of the inphase component, the final ice thickness is calculated from
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this component but the quadrature ice thickness is heavily used for plausibility checks. For

a detailed description of the processing, see Hendricks (2009) and Haas et al. (2009).

The general measurement and processing setup bears large benefits and some uncertain-

ties outlined below. A great advantage of the airborne EM thickness measurements is the

combination of a high spatial resolution with large-scale total thickness observations. The

radius of the instrument’s footprint is about 40–50 m (3.7×flight altitude), while the total

length of a survey is in the range of 200 km. Sampled at 10 Hz and an approximate helicopter

speed of 40-60 m/s results in a high point spacing of 4–6 m. This high point spacing allows

to resolve localized deformation zones as pressure ridges and leads, but the larger footprint

smooths the thickness profiles. Consequently, the footprint smoothing underestimates the

maximum ridge thickness but overestimates the ridge flanks. Likewise, open water in leads

is only detected when the leads are wider than the footprint (Rabenstein et al., 2010). When

calculating the mean thickness over larger distances, the smoothing effects compensate for

each other, such that the mean thickness is found to be in close agreement with drill-hole

measurements (Haas et al., 1997; Pfaffling et al., 2007; Hendricks, 2009).

Another benefit of EM measurement compared to other thickness retrievals from altime-

ters or upward-looking-sonars is that they are independent of ice density as they provide a

direct measurement of the total thickness. However, they rely on estimates of the often un-

known water and ice salinities. Data processing (see above) accounts for and can reduce

those uncertainties. None of the above-mentioned techniques can distinguish between ice

and snow. So far, routinely differentiating between snow and ice requires collocating mea-

surements from multiple instruments (e.g., Kwok et al., 2020; Garnier et al., 2021; Jutila et al.,

2022), but the planned CRISTAL satellite mission with a dual-frequency (Ku-Ka) synthetic-

aperture radar altimeter may fill this gap with simultaneous snow and ice thickness retrievals

(Kern et al., 2020).

The EM measurements are most accurate with respect to their modal thickness. Compared

to drill-hole measurements, the EM thickness has an accuracy of 0.1 m over undeformed,

level ice (Pfaffling et al., 2007; Haas et al., 2009). For ridged ice, EM measurements tend to

underestimate the maximal thickness by up to 50 % due to footprint smoothing and a higher

conductivity in the more porous keels (Haas et al., 2009). Adding complementary informa-

tion on the surface elevation derived from the laser altimeter can increase the reliability of

conclusions drawn for ridged ice (Chapter 4, page 63).

2.2.2 Sea ice deformation derived from SAR satellite data

SAR data are an ideal choice for studying regional to Arctic wide sea ice drift and deforma-

tion because they can monitor sea ice conditions at a high spatial resolution independent of

cloud coverage and daylight, and their availability is increasing.

From SAR images, differences in the backscatter coefficient of different sea ice types and

structures can be determined. Figure 2.5a,b display two typical SAR images of sea ice. The
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backscatter coefficient quantifies how much of the transmitted pulse of the EM radiation

is backscattered to the instrument per given area. The backscatter coefficient of sea ice

varies strongly with the measurement setup like the incidence angle, the wavelength, and

the polarisation, but also with the sea ice properties (e.g., Moreira et al., 2013). With a con-

stant measurement setup, the backscatter coefficient resolves unique patterns in the sea ice

based on its dielectric and geometric properties that are namely its salinity, temperature,

liquid water content, and surface roughness (for an overview, see Spreen and Kern, 2016).

Differences in salinity, e.g., between FYI and MYI, influence the penetration depth of the

radar waves and the subsequent amount of volume scattering. Higher surface roughness,

e.g., along floe edges, ridges, and in hummocks, increases backscatter while a smooth sur-

face like calm open-water in a lead results in low backscatter (Onstott, 1992). One big ad-

vantage of ice motion estimates is that they do not require a thorough understanding of

how the properties of the sea ice translate to the backscatter signatures of sea ice. Rather,

it is critical that these properties persist over time and form patterns with sufficient large

contrasts. Recent findings indicate that lower frequencies and cross-polarization are best

suited to detect characteristic patterns for velocity estimates in many cases (Dierking, 2020).

The most common SAR frequencies for sea ice drift monitoring, L-band (15-30 cm), C-band

(3.75-7.5 cm), and X-band (2.5-3.75 cm), differ in penetration depth, and, thus, in the relative

contribution from surface and volume scattering. The polarization of recent SAR systems is

usually linear, i.e. the transmitted and received signals are either horizontally (H) or verti-

cally (V) polarized. For SAR, the combination of transmitted and received polarization is

given as HH or VV (like-polarization) and HV or VH (cross-polarization). For the interac-

tion of sea ice with the mentioned radar frequencies, the magnitude of like-polarization is

larger than of cross-polarization (e.g., Moreira et al., 2013). Depolarization effects are of-

ten stronger for volume scattering than for surface scattering, which means that the magni-

tude of the cross-polarized component is larger in the former case. However, a higher noise

level at cross-polarization may reduce the robustness of the estimates. This dissertation is

based on Sentinel-1 data measured at C-band and in the like-polarization HH (transmitting-

receiving). More details on the used data is given in the respective studies (Chapters 3, 5).

SAR data availability is rising worldwide. Operated at microwave EM waves, data is available

independent of clouds and sunlight. They offer a wide range of resolution and swath widths

that open opportunities to study sea ice deformation from local scales at a resolution of a

few 100s of meters to Arctic-wide scales at a resolution of 10s of kilometers. The ongoing

Sentinel-1 mission consisted of two satellites on the same orbit and a combined, nominal

revisit time of six days (Torres et al., 2012). In this dissertation, I used Sentinel-1 images

with a ground resolution of 50 m. Due to the near-polar orbit, the coverage of the Sentinel-1

mission was almost daily in the polar regions. Since December 2021 the second satellite has

shown a malfunction which prevents data from being sent to Earth.

For this dissertation, I applied a sea ice drift algorithm introduced by Thomas et al. (2008,

2011) and substantially modified by Hollands and Dierking (2011) which calculates sea ice
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SAR on Nov 1, 2019 SAR on Nov 2, 2019 Velocitya b c Divergenced

0.30.20.1-0.4-0.5

divergence (d-1)

0 0.313

zonal velocity (km d-1)

12 0.71.31.72.31.7lead no lead

Figure 2.5. Deriving sea ice deformation from sequential SAR data. Panel a and b display two sequential SAR
images from November 1 and 2, 2019. Patterns consisting of several SAR pixels are matched between the two
images (example marked by green squares on both images) by an algorithm. Pattern matching results in the
velocity field (panel c). The arrows indicate the direction and magnitude of the drift that is mainly meridional
with a changing zonal component. For better illustration, the zonal velocity is displayed with colors. Panel
d shows the filtered and drift-corrected divergence field resulting from the velocity field that reveals positive
values at the location of the velocity gradient.

drift based on multi-scale, multi-resolution pattern matching. The algorithm identifies pat-

terns of radar backscatter coefficients in sequential SAR images and estimates the spatial

displacement of those patterns between the images. The selection of matching pairs is done

in a two-step process. Based on phase correlation in the Fourier domain, peaks with a corre-

lation higher than 75 % of the maximum peak are pre-selected. Second, a normalized cross-

correlation in the spatial domain is carried out on those pre-selected candidates. The ap-

plication of two independent measures increases the reliability of the result and decreases

the computational costs because the pre-selection is done in Fourier domain (Hollands and

Dierking, 2011). Additionally, the correlation module is run in a cascading resolution pyra-

mid. For this purpose, the original SAR images are low-pass filtered to different levels. The

search is initialized at the coarsest spatial resolution with a search window that covers a large

part of the overlap area between the two images. In the next resolution level, the results from

the first calculation are used as the initial shift, and the search window decreases to a quarter

of the initial window. This continues successively until the desired pixel size is reached. In

general, the algorithm allows high robustness at reasonable computational costs (Hollands

and Dierking, 2011). The resulting drift fields are defined on a regularly spaced grid. Us-

ing a 3x3 Sobel filter, I calculate the spatial derivatives of the drift field needed for the strain

rates (see Equation 2.4). Figure 2.5 and Chapter 3 (page 31) illustrate the full procedure from

sequential SAR images to divergence in detail.

The main advantage of sea ice drift and deformation fields retrieved from Sentinel-1 SAR

is the high-resolution, large-scale deformation information. The regularly gridded fields

are available at a spatial resolution in the order of 1 km and cover several hundred kilome-

ters. This compromise between spatial resolution and spatial coverage makes the dataset

very suitable for regional studies. Sensors operated at a higher spatial resolution such as
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TerraSAR-X, often cover only a small fraction of the area. In contrast to deformation derived

from buoys, Sentinel-1 drift and deformation suffer from a lower temporal resolution which

cannot resolve sub-daily motion, like tides. The Sentinel-1 mission overpasses the same lo-

cation regularly only every 24 hours, while buoys are operated often on an hourly frequency.

Uncertainty of the SAR-derived deformation arises from two main sources, i.e., the geoloca-

tion accuracy and associated spatial resolution of the SAR images, and the reliability and ro-

bustness of the drift retrieval algorithm. (e.g., Dierking et al., 2020). The latter varies strongly

with the quality of the data, more precisely, with the large and stable contrast between pat-

terns. If the contrasts are reduced like during the melt season, this substantially degrades the

quality of the tracking output. The same applies to a lack of stable patterns due to a major

deformation event. Therefore, the uncertainty of the tracking is increased close to and in

deformation zones (Griebel and Dierking, 2017, 2018). Despite those challenges the tracking

error of the applied algorithm is in the order of ±0.8–1.6 pixels during freezing conditions

(Hollands and Dierking, 2011).
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Motivation Ridging is crucial for creating a thick ice cover resistant to melting and
forms a heterogeneous ice surface. However, the relationship between
ridging, described in the sea ice thickness redistribution, and the driving
forces, i.e., sea ice deformation, lacks observational constraints. High-
resolution ice thickness and sea ice deformation data from a strong and
well-constrained deformation event north of Greenland provided a unique
opportunity to address this gap in this paper.

Research
questions

This paper contributes to RQ1–RQ3 by providing a mean estimate for the
convergence-induced thickening, detailed insights into how deformation
shapes the ice thickness distribution, and a model for estimating dynamic
thickening from SAR-derived deformation.

Conclusions We found that convergence-induced thickening can increase the sea ice
thickness of thin ice by 50 % in a convergent drift regime in one month.
Further, we showed that key parameters of the ITD are proportional to the
observed deformation. In addition, we demonstrated that SAR-derived de-
formation data can successfully be used to estimate convergence-induced
dynamic sea ice thickness change.

Own share I carried out the analysis, processed the deformation data, and designed
and wrote the first draft of the paper.
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Abstract

An unusual, large, latent-heat polynya opened and then closed by freezing and conver-

gence north of Greenland’s coast in late winter 2018. The closing presented a natural

but well-constrained full-scale ice deformation experiment. We observed the closing

of and deformation within the polynya with satellite synthetic-aperture radar (SAR) im-

agery and measured the accumulated effects of dynamic and thermodynamic ice growth

with an airborne electromagnetic (AEM) ice thickness survey 1 month after the clos-

ing began. During that time, strong ice convergence decreased the area of the refrozen

polynya by a factor of 2.5. The AEM survey showed mean and modal thicknesses of the

1-month-old ice of 1.96 ±1.5 m and 1.1 m, respectively. We show that this is in close

agreement with modeled thermodynamic growth and with the dynamic thickening ex-

pected from the polynya area decrease during that time. We found significant differences

in the shapes of ice thickness distributions (ITDs) in different regions of the refrozen

polynya. These closely corresponded to different deformation histories of the surveyed

ice that we reconstructed from Lagrangian ice drift trajectories in reverse chronological

order. We constructed the ice drift trajectories from regularly gridded, high-resolution

drift fields calculated from SAR imagery and extracted deformation derived from the drift

fields along the trajectories. Results show a linear proportionality between convergence

and thickness change that agrees well with the ice thickness redistribution theory. We

found a proportionality between the e-folding of the ITDs’ tails and the total deforma-

tion experienced by the ice. Lastly, we developed a simple, volume-conserving model

to derive dynamic ice thickness change from the combination of Lagrangian trajecto-

ries and high-resolution SAR drift and deformation fields. The model has a spatial res-

olution of 1.4 km and reconstructs thickness profiles in reasonable agreement with the

AEM observations. The modeled ITD resembles the main characteristics of the observed

ITD, including mode, e-folding, and full width at half maximum. Thus, we demonstrate

that high-resolution SAR deformation observations are capable of producing realistic ice

thickness distributions.

3.1 Introduction

Sea ice thickness is a key climate variable because it governs the mass, heat, and momentum ex-

change between the ocean and the atmosphere (e.g., Maykut, 1986; Vihma, 2014). A superposition

of thermodynamic processes, i.e., growth or melt and ice dynamics, i.e., advection and deformation

of ice, controls sea ice thickness. Both thermodynamics and mechanics alter depending on sea ice

thickness.

The interplay of dynamics and thermodynamics results in large thickness variations, and ice thick-

ness distributions (ITDs) are used to characterize them. Thermodynamic processes modify ice thick-

ness slowly depending on the surface energy balance, and growth is limited to the equilibrium thick-

ness (Maykut, 1986). Since the atmospheric and oceanic forcing varies little on sub-regional scales,

the most frequent, i.e., the modal thickness of an ITD often represents the undeformed, thermody-

namically grown level ice (Wadhams, 1994; Thorndike, 1992a; Haas et al., 2008).



3.1. INTRODUCTION 33

In contrast, deformation caused by differential ice motion leads to abrupt changes in ice thickness.

Driven by winds, ocean currents, and tides, and constrained by coasts and the internal stress of the

ice pack, divergent motion creates areas of open water, e.g., leads and polynyas, and reduces thick-

ness to zero. Convergent motion results in the closing of leads and then rafting and ridging of young

and old ice. Ridging of thick ice forms pressure ridges that are many times thicker than the initial

thickness (Strub-Klein and Sudom, 2012; Duncan et al., 2020). Ridging and rafting shape the ITD pre-

dominantly by redistributing thin ice to thicker ice categories (e.g., Thorndike et al., 1975; Wadhams,

1994; Rabenstein et al., 2010).

The ITD is a key parameter in the parameterization of many climate and weather-relevant processes.

For example, effective heat transfer between the ocean and atmosphere is limited to thin ice. Hence,

knowledge of the ITD is crucial for realistic short- and long-term model predictions of sea ice thick-

ness and volume (Kwok and Cunningham, 2016; Lipscomb et al., 2007).

Submarine and satellite-based observations have shown a substantial decline in sea ice thickness in

the Arctic Ocean within the last 6 decades (Lindsay and Schweiger, 2015; Kwok, 2018). At the same

time, sea ice drift speeds have increased significantly, indicating enhanced ice deformation (Spreen

et al., 2011; Rampal et al., 2009). In the context of those changing Arctic conditions with reduced net

thermodynamic growth and ice thickness, the contribution of dynamic processes to sea ice thickness

might gain more importance (Itkin et al., 2018).

However, the interdependency between sea ice thickness and enhanced sea ice dynamics is not yet

well understood. Most apparently, the reduction in the material strength of the ice associated with its

thinning is suspected to increase deformation (Rampal et al., 2009). As a more fractured ice cover is

easier to move, this may explain the substantial increase in sea ice drift speed (Rampal et al., 2009).

In the Transpolar Drift, enhanced ice drift speeds even accelerate the loss of thicker, multi-year ice

(MYI) through the Fram Strait (Nghiem et al., 2007). On the other hand, the reduced ice strength and

higher drift speed leads to an increase in deformation that is of great importance in producing a thick

ice cover through ridging (Itkin et al., 2018; Kwok, 2015; Rampal et al., 2009).

It remains challenging to quantify the net effects of changes in sea ice dynamics on sea ice thickness

and volume change. The existing redistribution theory that links deformation and thickness change is

not yet well constrained by observations (Lipscomb et al., 2007; Thorndike et al., 1975; Hibler, 1979).

Two recent studies, a short-term, local-scale study based on airborne laser scanning (Itkin et al., 2018)

and a long-term, basin-wide study based on CryoSat-2 ice thickness retrievals (Kwok and Cunning-

ham, 2016) provided observational evidence for a linear proportionality between deformation and

dynamic thickness change. Using RGPS drift and deformation, Kwok and Cunningham (2002) have

shown that SAR-derived dynamic thickness change of the seasonal ice cover results in reasonable

estimates of the ice thickness.

Here, we present a regional case study of sea ice deformation and its impacts on dynamic ice thick-

ness change and redistribution using satellite synthetic-aperture radar (SAR) data and airborne elec-

tromagnetic (AEM) ice thickness observations. We have studied refreezing and convergence of ice

that had formed in an unusual latent-heat polynya that occurred along the north coast of Greenland

in the late winter of 2018 (Ludwig et al., 2019; Moore et al., 2018, Fig. 3.1). In February 2018, strong and

persistent northward winds over the Greenland Sea reversed the normally coastward direction of the
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Figure 3.1. Ice thickness survey of the first-year ice (FYI) in the refrozen polynya off the coast of North Green-
land in March 2018. (a) Sentinel-1 SAR Extra Wide Swath HH-polarization image acquired on March 31, 2018,
shown on a decibal scale. The dark-gray areas are heavily FYI between brighter multi-year ice (MYI) (upper
image part and embedded in the FYI) and the coast of Greenland (lower part). Red and black lines outline the
extents of the refrozen polynya on March 1 and 31, 2018. A sequence of white arrows illustrates four ice drift
trajectories derived from daily velocity fields (Sect. 3.2.5), representing the typical southeasterly ice movement
during the convergent closing of the polynya. The orange line marks the large-scale shear zone, and the red
star marks the location of a 20 m thick ridge. Colored circles represent the 15 km running mean of the FYI snow
and thicknesses. We chose the non-linear color scale to stress the differences in mean thickness between 1.4 m
and 2.4 m (see Table 3.1). Dashed yellow lines show four distinct zones with different mean thicknesses and
deformation histories: thin ice in the weakly deformed Fast Ice; thick ice in the severely deformed Shear Zone;
moderately deformed, thin ice in the Inner Polynya; and strongly deformed, thick ice in the Northern Rim. (b)
Overview map with monthly averaged, low-resolution sea ice drift in March 2018 (not showing the local drift
variability in the polynya, drift from NSIDC Polar Pathfinder: for details, see “Data Availability” at the end of
the text). The red box marks the region shown in (a).
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large-scale ice drift close to northeast Greenland and thus pushed the common, thick coastal multi-

year ice northward, opening up a coastal polynya (Moore et al., 2018; Ludwig et al., 2019). The polynya

reached its maximum size of approximately 65,000 km2 on February 25, 2018 (Moore et al., 2018). The

observed sea ice concentration was unusually low for this area and time (Ludwig et al., 2019). While

the open-water area quickly refroze due to air temperatures well below the freezing point, the conver-

gent motion of the surrounding multi-year ice driven by coastward-directed, i.e., southward, winds,

decreased the area of the refreezing polynya and deformed the newly formed ice heavily, thereby

strongly impacting its thickness. One month after the maximum extent of the polynya, we carried

out an AEM ice thickness survey over the refrozen polynya. The thickness observations captured the

integrated effects of the thermodynamic and dynamic thickness changes of the event.

In this paper we provided a detailed analysis of deformation derived from SAR imagery and related

it to the resulting ice thickness distributions obtained from the AEM surveys. We focused on three

aspects: first, we related the large-scale area decrease of the refrozen polynya to the observed av-

erage thickness and showed that dynamic processes contributed about 50 % of the observed mean

thickness. Second, we related the regional variability in mean thickness and the shape of the ITD to

differences in regional deformation observed by SAR ice drift tracking. We established relationships

between key properties of the ITD like mean thickness and e-folding and deformation. Third, we

demonstrated that high-resolution deformation derived from SAR images can be used to calculate

dynamic thickness change. Under some general assumptions summarized in a simple, ice-volume-

conserving model, we could reproduce a realistic ITD.

3.2 Data and methods

We based our work on AEM ice thickness measurements (Sect. 3.2.1) and SAR-derived deformation

observations and proceeded as follows:

1. We quantified the thermodynamic growth from a model simulation (Sect. 3.2.2) and the large-

scale dynamic thickness increase in the refrozen polynya from the decrease in the area covered

by the refrozen polynya (Sect. 3.2.3).

2. We derived divergence and shear from SAR-derived sea ice motion fields (Sect. 3.2.4) to analyze

local, spatial variability in deformation and thickness within the polynya. We reconstructed

Lagrangian trajectories of the surveyed ice parcels in a reverse timeline to disentangle the ice

parcel’s individual deformation history (Sect. 3.2.5).

3. We used a simple, volume-conserving ice thickness model to calculate ice thickness along the

Lagrangian trajectories. We forced the model with the SAR-derived high-resolution deforma-

tion fields (Sect. 3.2.6). To evaluate the model results, we compared the modeled thicknesses

with the AEM thickness observations.

3.2.1 Ice thickness measurements

On March 30 and 31, 2018, the Alfred Wegener Institute’s research aircraft Polar 5 conducted two AEM

ice thickness survey flights over the refrozen polynya and the surrounding MYI. A total of 230 km of



36 CHAPTER 3. LINKING SEA ICE DEFORMATION TO ICE THICKNESS REDISTRIBUTION

thickness profiles of predominantly first-year ice (FYI) was obtained along three profiles, a northern,

central, and eastern profile. The AEM surveys recorded total (snow and ice) thickness with a point

spacing of approximately 6 m (Fig. 3.1a).

AEM thickness retrievals find the distance to the strongly conducting seawater under the ice. A laser

altimeter provides the distance to the upper snow surface, and subtraction of these two distances

gives the combined snow and ice thickness (Haas et al., 2006; Pfaffling et al., 2007; Haas et al., 2009).

The footprint of the measurements was approximately 40-50 m, and the uncertainty is generally es-

timated to be ±0.1 m over level ice (Haas et al., 2009). The footprint smoothing underestimates the

maximum ridge thickness but overestimates the ridge flanks. When averaging over longer distances

of ridged ice, the two effects compensate for each other such that the mean thickness is found to be

in close agreement with drill-hole measurements (Pfaffling et al., 2007; Hendricks, 2009; Haas et al.,

1997). Details on the data processing are provided in Haas et al. (2009).

To evaluate snow contribution to the observed total thickness, we analyzed snow thickness from Op-

eration IceBridge (OIB) Sea Ice Freeboard, Snow Depth, and Thickness Quick Look data (for details,

see “Data availability” at the end of the text). They surveyed the refrozen polynya on March 22, 2018.

We note that OIB’s observed modal snow thickness of 4 cm (mean 9 cm) agrees well with the expected

accumulation between February and March from the Warren climatology (Warren et al., 1999). How-

ever, we also take into account that OIB Sea Ice Freeboard, Snow Depth, and Thickness Quick Look

data most likely underestimate snow thickness on the order of 5-6 cm (King et al., 2015).

Meteorological observations at Villum Research Station (Station Nord, 81◦36’ N, 16◦40’ W) indicate

no further significant snowfall between March 22 and March 30/31, 2018, when the AEM surveys took

place. Since the measurement uncertainty in the EM instrument lies above the estimated snow thick-

ness, we refrain from correcting the total thickness for snow. Hence, we consider the thickness mea-

sured by the EM instrument as ice thickness. The uncertainty in the AEM principle (0.1 m) and the

snow thickness (0.04 m) add up to ±0.14 m uncertainty in the AEM ice thickness measurements. We

note that local snow thickness variability, especially close to ridges, adds additional, spatially highly

variable uncertainty to the thickness measurements.

Since our study focuses on the evolution of the ice that was formed and deformed during the closing

of the polynya, we separated MYI from the newly formed FYI in the refrozen polynya. We used SAR

images to identify the northern, outer boundary of the polynya visually. The boundary is clearly visi-

ble because of the strong radar backscatter contrast between the FYI (low backscatter) and MYI (high

backscatter, Fig. 3.1; see video supplement 1). Several MYI floes were located within the polynya.

We traced them back in time on the SAR images to be sure that they were MYI, i.e., that they were

present before the polynya formation. We combined this information with the thickness profiles and

the backscatter of the SAR images on March 31/30, 2018. We excluded the MYI floes from the AEM

profiles flown over the refrozen polynya area but used the MYI floes to validate the tracking algorithm.

All following considerations relate only to FYI unless specified differently. After removing data gaps

and MYI ice from the thickness profiles, the total profile length over the FYI was 180 km.

We used mean and modal thickness to characterize the ice thickness distributions, where the latter

was calculated based on a bin width of 20 cm. We considered ice thinner than 10 cm open water. We

characterized the tail of the ITD by the e-folding λ of an exponential fit to all the ice categories of

the ITD thicker than the modal thickness hmode. The exponential fit has the form f (h) = a ·e−
(h−hmode)

λ

where h is the thickness of the different bins and a is a fitted parameter. The full width at half maxi-
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mum (FWHM) characterizes the width of the ITD where it is at 50 % of the maximum. We take large

values of e-folding and the FWHM as an indicator of enhanced ice deformation.

We identified sections of level, undeformed ice along the profiles surveyed by Polar 5 by applying

a modified version of the level ice filter suggested by Rabenstein et al. (2010). The filter identifies

level ice based on two criteria. First, the vertical thickness gradient along the thickness profile is

smaller than 0.006, and second, this condition is met continuously for at least 40 m of profile length,

a parameter that was chosen to approximate the footprint of the AEM measurements. The approach

is more restrictive than other identification schemes (e.g., Wadhams and Horne, 1980) but well suited

to minimizing the amount of deformed ice wrongly passing the filter (Rabenstein et al., 2010).

3.2.2 Thermodynamic ice thickness growth

We aim at separating the dynamic and thermodynamic contributions to the overall thickness. For the

thermodynamic growth, we carried out a dedicated thermodynamic model experiment of the refreez-

ing polynya. Instead of applying a freezing-degree-day model like, e.g., that of Ludwig et al. (2019), we

used a regional setup of the coupled ocean and sea ice configuration of the Massachusetts Institute

of Technology general circulation model (MITgcm; e.g., Losch et al., 2010). The model domain com-

prised the polynya region and surrounding MYI. The model was run with two-category, zero-layer

thermodynamics (Menemenlis et al., 2005; Semtner, 1976) and forced with hourly re-analysis data

(ERA5) with a spatial resolution of 31 km. We started the model with an initial ice thickness of 0 m

in the polynya on February 25, 2018, when the polynya had reached its maximum extent, and ran it

until March 31, 2018. We ran the model without sea ice dynamics in the polynya region, enabling us

to separate the contribution of the thermodynamic growth (hth) from the daily total spatial means of

ice thickness within the polynya.

3.2.3 Large-scale dynamic thickness change due to area decrease of the

FYI in the closing polynya

The magnitude of deformation is related to the area decrease of the closing polynya. Therefore, we

identified the area of the FYI on near-daily Sentinel-1 SAR images from February 25 to March 31, 2018

(Figs. 3.1, 3.4a; see video supplement 1). We visually identified the extent of the gradually closing

polynya by tracking the edge between the FYI area characterized by low radar backscattering and the

adjacent MYI with higher backscattering. For the area calculation, we excluded the area of the MYI

floes located within the FYI (see Sect. 3.2.1).

As a first approximation we assumed ice volume conservation; i.e., the average dynamic ice thickness

increase is proportional to the average area (A(tk )) decrease at time tk . Hence, we estimated the mean

(dynamic and thermodynamic) thickness h(tk ) by

h(tk ) =
∑n

k=1 A(tk−1) ·∆hth(tk−1, tk )

A(tk )
, (3.1)

where n=34 is the total number of days considered in this study, k=0 refers to February 25, 2018,

and k=34 refers to March 31, 2018. We modeled the thermodynamic growth between tk and tk+1
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(∆hth(tk−1, tk )) with the MITgcm pure thermodynamic run (Sect. 3.2.2, Fig. 3.4). Note that the ther-

modynamic growth (from the MITgcm) is uncoupled from the dynamic changes because dynamics

were switched off in the model run. Hence, we did not account for reduced ice growth as the mean

thickness increased.

3.2.4 Sea ice drift and deformation from sequential SAR images

We computed ice drift fields with an ice tracking algorithm introduced by Thomas et al. (2008, 2011)

and modified by Hollands and Dierking (2011). The algorithm identifies patterns of radar backscat-

ter coefficients in sequential SAR images and estimates the spatial displacement of those patterns

between the images. The algorithm is based on multi-scale, multi-resolution pattern matching, of-

fering high robustness at reasonable computational costs (Hollands and Dierking, 2011). Drift fields

were obtained from Sentinel-1 HH-polarized radar intensity images that were acquired in Extra Wide

Swath mode with a pixel size of 50 m. Pre-processing was carried out with the ESA SNAP software

package and included thermal noise removal, image calibration, refined Lee speckle filtering (7x7

pixels), and a coastline terrain correction. The time steps between two scenes used to derive ice drift

varied between 0.9 and 2 days. The final drift data set is defined on a regularly spaced grid with a

spatial resolution of 700 m. We filtered the data with a 3×3-point running-median filter covering an

area of 2.1x2.1 km, which efficiently isolates outliers covering 1 pixel while preserving sharp gradients

in the velocity field.

We calculated sea ice deformation from the spatial derivatives of the gridded u (velocity in the

x direction) and v (velocity in the y direction) components of the spatially filtered velocity field

(∂u
∂x , ∂u

∂y , ∂v
∂x , ∂v

∂y ) by convolution with a 3x3 Sobel filter (kx ). For example, ∂u
∂x is obtained from

∂u

∂x
= 1

8∆y
kx ∗u = 1

8∆y

 −1 0 1

−2 0 2

−1 0 1

∗u (3.2)

where ∆y is the grid spacing in y direction, i.e., 700 m. For a regularly spaced grid this calculation to

derive deformation is identical to the commonly used equations for a combination of 2 x 2 adjacent

velocity grid cells, which are based on Green’s theorem (see supplement: Section 3.6 and e.g., Kwok

et al., 2003, 2008; Dierking et al., 2020). The velocity gradients were evaluated every 700 m, corre-

sponding to a step width of one grid cell. Divergence rate (ε̇div), shear (ε̇shear ) and total deformation

(|ε̇|) were derived from the spatial velocity gradients using:

ε̇div =
∂u

∂x
+ ∂v

∂y
(a) ε̇shear =

√(
∂u

∂x
− ∂v

∂y

)2

+
(
∂u

∂y
+ ∂v

∂x

)2

(b) |ε̇| =
√

ε̇2
div + ε̇2

shear (c) (3.3)

3.2.5 Lagrangian ice drift trajectories

We aimed at attributing differences in the regional thickness variability measured by the AEM surveys

to differences in the deformation history of the respective ice parcels. To obtain information on the

drift of those, we reconstructed Lagrangian ice drift trajectories of the surveyed ice parcels using a

reverse timeline, as follows:
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(1) As starting point of the tracking, we down-sampled the spatial resolution of the thickness profiles

surveyed on March 30/31, 2018, to 250 m. Occasional gaps in the thickness observations increased

the distance between the starting points to up to 350 m. Next, we corrected the GPS data of the AEM

measurements for the ice displacement that took place between the time of the AEM survey and the

acquisition of the satellite images (maximum 6 hrs). In total, we initiated the tracking at 715 down-

sampled points along the AEM profiles surveyed on March 30/31 (Fig. 3.1a).

(2) We reconstruct the trajectory of each ice parcel by interpolating the regularly spaced velocity field

to the end position at a given time step and adding the respective displacement to determine the end

position for the next time step. As examples, four of the reconstructed trajectories are displayed as

thin white lines in Fig. 3.1a.

(3) For each time step, which was typically 1 day, we extracted divergence, shear, and total defor-

mation from the deformation fields calculated based on the drift fields (Sect. 3.2.4) around the end

position of the respective trajectory. We used the trajectories to identify the ice’s position within the

deformation field but not to calculate deformation based on them.

(4) We performed the backward Lagrangian tracking from March 30/31 until March 1, 2018. We chose

March 1, 2018, as the last day of the backtracking because, before this date, the new ice in the polynya

was not consolidated and did not reveal recognizable backscatter patterns for retrieving ice drift.

3.2.5.1 Uncertainty in deformation estimates along the ice drift trajectories

Uncertainties in the initial ice velocity fields propagate into the deformation estimates along the tra-

jectories in three different ways.

(1) The tracking error results from incorrect pattern matching, e.g., due to a lack of recognizable and

stable spatial radar signature variations. Hollands and Dierking (2011) found tracking errors of be-

tween ±0.8 and ±1.6 pixels (their Tables 3 and 4, standard deviations). For a pixel size of 50 m this

corresponded to ±40-80 m. However, the tracking errors along a trajectory in a spatially inhomoge-

neous velocity field do not simply add up but can be reinforced. We estimated this accumulated

trajectory position error from manual tracking of MYI floes located in the polynya (see Fig. 3.1a).

After the second time step, the accumulated trajectory position error was on average 51 m, with a

maximum of 210 m (see supplement, Section 3.6). At the end of the tracking (March 1, 2018), the

accumulated trajectory position error was on average 1050 m, with a maximum of 2150 m. We inter-

pret the accumulated trajectory position error as an increasing area (circle) around the Lagrangian

ice drift trajectory, in which the true position of the ice parcel is located (see supplement, Section 3.6,

for details). We extracted divergence, shear, and total deformation from all deformation cells whose

center points fell into this uncertainty circle (Fig. 3.2 a).

(2) Random errors in the velocity field introduce statistical errors in the deformation parameters.

To reduce them, we applied the concept of back-matching, which, e.g., Hollands et al. (2015) used

to judge the reliability of the retrieved drift vectors. In back-matching, the drift is retrieved from a

second time by reversing the order of image 1 and image 2. The effect is that the positions of the

windows used for pattern matching are different between combinations 1–2 and 2–1. In zones of

small differences between both drift fields, we calculated and extracted deformation from the forward

and backward deformation fields. Zones with large differences are regarded as unreliable and not

considered.
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Figure 3.2. Sketch of the simple ice thickness model showing the vertical cross section of thickness change
between time steps t and t +∆t . (a) Trajectories on deformation grid. The deformation grid defines the grid
cells as sketched in (b) and (c). Divergence is extracted from all grid cells whose center points (gray dots) are
located in the uncertainty range given by the increasing accumulated trajectory position error (dashed circle).
(b) In the case of convergence, ice with a mean grid cell thickness ht is advected into the grid cell, resulting in
a volume-conserving thickness increase (+∆hd yn). (c) In the case of divergence, ice with a mean thickness ht

leaves the grid cell, reducing ice thickness dynamically by −∆hd yn . Thermodynamic growth +∆hth continues
unabatedly of deformation in (b,c).

(3) The third source of errors for deformation calculations, the boundary definition error, is related

to the discretization of an inhomogeneous velocity field into grid cells and is difficult to quantify

(Griebel and Dierking, 2018; Lindsay and Stern, 2003). Griebel and Dierking (2018) showed that the

boundary definition error could be reduced by a factor of about 2 if the deformation is calculated

from the velocity gradients at the margin of a 2 x 2 cluster of grid cells instead of using only one grid

cell. This approach is also used here (see Sect. 3.2.4).

Considering the errors mentioned above, we used the following approach for calculating possible

thickness variations along a trajectory. We extracted divergence from the forward and backward de-

formation fields (see (2) above) of all grid cells in the circles of uncertainty (see (1) above) along the

trajectories (Fig. 3.2 a). We created for each of the 715 trajectories, 10 000 random combinations of

the potentially experienced divergence magnitudes within the uncertainty circles.

3.2.6 Ice thickness change along trajectories modeled with a simple,

volume-conserving model

Based on the basic principles of thermodynamic and dynamic ice thickness changes described by

Thorndike et al. (1975) and Hibler (1979), we modeled dynamic thickness change from deformation

(Fig. 3.2). With the model, we aimed to demonstrate in the most simple framework that deformation

derived from high-resolution SAR images is capable of reproducing realistic dynamic ice thickness

changes. The simple model is a one-layer, volume-conserving model. We applied it along each tra-

jectory to simulate the mean thickness of a grid cell (1.4x1.4 km) from thermodynamic growth, ad-

vection, and ice deformation (Fig. 3.2a). The model does not include any ridging scheme.
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Our model is based on the redistribution theory introduced by Thorndike et al. (1975) and simplified

for the mean thickness by, e.g., Hibler (1979):

∂h

∂t
=∆hth −div(vh) (3.4)

Here, the thermodynamic growth and melt rate (±∆hth) and advection of ice, given by the divergence

term (−div(vh)) of the velocity field v and the ice thickness h alter the mean thickness as shown in

Fig. 3.2b and c. This equation does not consider ice density changes, for example, due to the porosity

of pressure ridges (Flato and Hibler, 1995). Since we modeled ice thickness along Lagrangian ice drift

trajectories, the advection term can be written as −div(vh) =−h div(v ) (e.g., Thorndike, 1992a). Note

that according to Eq. 3.4, mean thickness change is proportional to the divergence of the velocity

field.

We made the following assumptions about the ice properties: first, we determined the thickness h

of the ice advected into the grid cell. Due to the high spatial resolution, neighboring grid cells have

a common thermodynamic and dynamic growth history, which is why their mean thicknesses are

similar. Hence, we approximated the thickness of the advected ice h by the mean thickness of the

grid cell ht at time t (see Fig. 3.2).

Second, we approximated the thermodynamic ice growth ∆hth within the grid cell in Eq. 3.4 by the

growth of the undisturbed, thermodynamically growing ice obtained from the thermodynamic MIT-

gcm run (Sect. 3.2.2; Fig. 3.2 b,c). We based this assumption on the observation that deformation

changes the thickness only very locally, affecting only a small portion of the grid cell while thermo-

dynamic growth continues unabatedly under the remaining level ice. We are aware that this under-

estimates (overestimates) ice growth in grid cells that experienced strong divergence (convergence).

Divergence generates open water where thermodynamic growth is strongly enhanced. Convergence

may create such thick ice that the thermodynamic growth is reduced or even reverted to melt (see

Sect. 3.4.3 in the Discussion).

Based on equation 3.4 we obtain the mean thickness at each time by

ht+∆t = ht +∆hth −div(v ) ∆t ht , (3.5)

where t runs from March 1 to March 31, 2018, and the time steps ∆t are typically 1 day.

To account for the uncertainties in the drift and deformation, we calculated for each of the 715 tra-

jectories mean thickness and standard deviation as uncertainty from the 10 000 thickness estimates

obtained from the 10 000 random combinations of divergence (see Sect. 3.2.5.1). In 5 % of the calcu-

lations, divergence caused the ice thickness in a grid cell to drop below 0. To prevent grid cells that

contain only open water (zero thickness) from accumulating "negative thickness" when divergence

continues, we reset the accumulated thickness to zero.

3.3 Results

In this section, we first quantify the large-scale dynamic thickness change that is linked to the de-

crease in the refrozen polynya area (Sect. 3.3.1). Second, we analyze the spatial thickness variability

in the refrozen polynya and demonstrate that it can be attributed to local differences in the deforma-
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Figure 3.3. Ice thickness distributions (ITDs) displaying snow and ice thickness and observed by AEM on March
30/31. ITD over the entire area of the refrozen polynya (black) and ITD of the level ice only (blue). Mean, mode,
exponential fit, and FWHM are indicated for the former case. Ice thicker than 8 m was observed for less than
1 % of the refrozen polynya area.

tion (Sect. 3.3.2). Grouping the ice thickness observations by their deformation history, we establish

links between the shape of the ITD and the magnitude of deformation (Sect. 3.3.2.1). Finally, we apply

the simple volume-conserving model to derive dynamic thickness change from deformation along ice

drift trajectories and evaluate our results by comparison with the observed thicknesses (Sect. 3.3.3).

3.3.1 Thermodynamic and large-scale dynamic thickness change

The AEM thickness surveys showed that after only 1 month of ice growth, the newly formed FYI had

a mean thickness of 1.96 ±1.5 m and a mode of 1.1 m (center of bin width 1.0 - 1.2 m), including 1.5 %

of open water (Fig. 3.3). The asymmetric shape of the ITD (Fig. 3.3, Table 3.1), with most of the

ice (78 %) thicker than the mode, clearly documents the impact of deformation. Convergence redis-

tributed thinner ice into thicker ridges of up to 20 m thickness. As a result, there is a large difference

of approximately 0.9 m between the mean and modal thickness, where the latter is considered a good

approximation for thermodynamically grown, undeformed ice (see Sect. 3.1). We approximated the

long tail of the ITD with an exponential function that had an e-folding of 1.04 (see Table 3.1). The

low percentage of 14 % level ice on the three (northern, central, and eastern) profiles provides further

evidence of a large amount of deformed ice.

3.3.1.1 Large-scale thermodynamic thickness change

The MITgcm thermodynamic model gives a thermodynamic ice thickness of 0.87 ±0.03 m on March

31. The result is in good agreement with the mode of the ITD only considering level ice, which is 0.9 m

(Fig. 3.3). The narrow and almost normally distributed ITD of the level ice (Fig. 3.3) supports our as-

sumption that the thermodynamic growth was relatively uniform in the refrozen polynya. We suggest

that the small spread around the mode is due to undeformed ice that started to grow after/before

February 25, potentially some early rafting events, and the spatial variability in the thermodynamic

growth due to inhomogeneous snow cover. We note that the thermodynamic ice thickness of 0.9 m

obtained from the model deviates from the mode of the overall ITD by only one bin, confirming the
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Figure 3.4. Dynamic and thermodynamic contributions to mean thickness from model and observations.
(a) Time series of FYI area change (green, right y axis) derived from satellite images. The three deformation
phases (early, main, late) are marked in gray. The thickness derived from the area change is shown in black
(left axis). Accumulated mean thermodynamic (red, modeled, MITgcm) and dynamic (gray, simple volume-
conserving model along trajectories) contribution to the thickness modeled from all trajectories (see (b)) is
displayed in blue. (b) Daily contributions from dynamics (simple volume-conserving model along trajectories)
and thermodynamics (modeled, MITgcm) to the overall thickness. Error bars indicate the standard deviation
of the dynamic contribution. The new ice that grew in the polynya was 0.38 m thick by March 1, 2018.
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Table 3.1. Properties of ITDs of different zones of the refrozen polynya and the result of the simple, volume-
conserving thickness model (see Sect. 3.3.3). Mean thickness is shown with standard deviation.

Zone Mean Mode e-folding FWHM Level ice Modeled
(m) (m) (m) (m) fraction (%) mean (m)

All data 1.96 ±1.5 1.1 1.04 0.8 14 1.7
Fast Ice 1.4 ±0.90 0.9 0.58 0.4 27 1.1
Shear Zone 2.4 ±0.85 1.1 1.49 1.5 7 2.3
Inner Polynya 1.6 ±0.95 1.1 0.73 0.8 15 1.0
Northern Rim 1.8 ±0.95 1.1 1.05 0.7 12 2.0
Modeled ITD 1.7 ±0.65 0.9 1.01 0.8 – –

results of previous studies (e.g., Haas et al., 2008) that the thickness of the thermodynamically grown

ice can be approximated reasonably well by the modal thickness of an ITD.

Fig. 3.4a shows the time series of thermodynamic thickness growth from February 25 to March 30/31.

On March 1, when we started to reconstruct the ice drift trajectories and deformation history, the ice

already had a thickness of 0.38 m and grew during our study period thermodynamically by another

0.49 m.

3.3.1.2 Three phases of enhanced area decrease and their impact on mean ice thickness

The shape of the ice thickness distribution showed signs of strong deformation (Sect. 3.3.1). In the

following section, we relate the overall area decrease of the refrozen polynya to the observed thickness

change using Eq. 3.1.

After the polynya had reached its maximum extent on February 25, 2018 (Moore et al., 2018; Ludwig

et al., 2019), the usual, large-scale coastward ice drift re-established and persisted through the whole

month of March (Fig. 3.1b). During this time, the area of the FYI decreased by 60 % (video supplement

1, Fig. 3.4a). The compression took place in three major phases, termed early, main and late phase

(gray areas in Fig. 3.4, video supplement 2). The active phases were interrupted by quiet phases

with weak deformation. The area decrease and deformation observed within the polynya are closely

connected to the large-scale ice drift, especially to the magnitude of its coastward component (see

insets in Fig. 3.7). Despite the apparent uniformity of the large-scale forcing, deformation within the

polynya showed significant regional variability (see Sect. 3.3.2, Fig. 3.7, video supplement 2).

We computed a time series of mean ice thickness using Eq. 3.1 (Sect. 3.2.3). We obtained dynamic

thickness change from the observed time series of polynya area decrease and modeled thermody-

namic growth with the MITgcm (Fig. 3.4, Sect. 3.3.1.1). Accordingly, between February 25 and March

31, this simple approach yielded a mean thickness of h=1.96 m on March 31, which is consistent with

the observed mean thickness along the AEM tracks (Fig. 3.1, Table 3.1). The corresponding time se-

ries of mean ice thickness change derived from the area decrease is also displayed in Fig. 3.4a. From

the agreement between the simple approach based on Eq. 3.1 (Sect. 3.2.3, last dot of black line in

Fig. 3.4a) and the observed mean thickness (orange square in Fig. 3.4a), which is excellent here,

we conclude that the thermodynamic and dynamic contributions to the mean thickness were 0.9 m

and 0.96 m, respectively. Further, we note that this excellent agreement is only based on very simple

assumptions about thermodynamic and dynamic ice growth.
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Figure 3.5. ITDs of the four FYI zones of all three AEM lines on March 30/31, 2018. The ITDs differ in (a) FWHM
that characterizes the dominance of the mode and (b) mean and e-folding of the exponential tail. The ITD of
the complete measurements (all FYI) is displayed in gray.

3.3.2 Regional differences in ice thickness and deformation within the re-

frozen polynya

The previous section was concerned with the large-scale, mean dynamic thickness change in the

refrozen polynya. In the following, we examine local ice thickness and deformation variations, as

well as the potential links between them.

Along all three ice thickness profiles (northern, central, and eastern) from the coast across the re-

frozen polynya, we found common patterns of thickness variability (Figs. 3.1, Fig. 3.6; supplement:

Section 3.6). Based on the mean of and variation in ice thickness along the profiles and the degree of

deformation, we separated four different banded zones parallel to the coastline with clearly different

thickness properties and deformation histories: Fast Ice, Shear Zone, Inner Polynya, and Northern

Rim. More specifically, the criteria for separation were as follows: (1) the running mean of the ice

thickness (see Fig. 3.1), the areal fraction of level ice, and the frequency and thickness of ridged ice

(Fig. 3.6, Table 3.1, supplement: Section 3.6) and (2) the deformation history of the ice (described

below), i.e., path length and origin of the trajectories (Fig. 3.7a), timing, magnitude, and type of de-

formation that the ice experienced (see Fig. 3.7b-d, video supplement 2).

Fig. 3.1 indicates the location of the four zones, and Fig. 3.6 gives an example of the ice thickness in

the zones along the northern AEM-profile. ITDs of the same zone but on different profiles resembled

each other well. In contrast, the mean thickness and shape of the ITDs of each zone differed strongly

from each other. We combined the ice thickness observations of each zone from all profiles and

present their ITDs in Fig. 3.5. The modal thicknesses of the four zones reveal only small differences,

which is expected from the uniform thermodynamic growth discussed above (Table 3.1). However,

the ITDs differ strongly in mean thickness, e-folding, FWHM, and maximum ice thickness (Table 3.1,

Fig. 3.5). Since those properties are sensitive to dynamic ice redistribution, we consider them indica-

tive of the different deformation histories of the zones. The ITD of the Fast Ice zone shows the weakest

signs of ice thickness redistribution, with the smallest mean thickness and the highest areal fraction

of level ice, while the ice in the neighboring Shear Zone shows the strongest signs of deformation with
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Figure 3.6. Ice thickness profile of the northern profile. The black and gray colors distinguish between level
and deformed ice. Four subsets, representative of the four thickness zones, are displayed in (b-e). The locations
of the subsets (c-e) are indicated in (a). The Fast Ice zone is present in the first kilometers off the coast of all
profiles but extends only on the eastern profile for more than 8 km (see Fig. 3.1). Note the different degrees of
deformation in the four zones, depicted by the areal fraction of level ice and the total thickness of the ridges.
For the eastern and central profiles, see supplement: Section 3.6.

the largest mean, e-folding, and FWHM (Table 3.1). In contrast to all other sections, the Shear Zone

lacks a clearly defined peak that could be related to the level ice thickness, which can be associated

with the large fraction of deformed ice. In the Shear Zone, the AEM measurements showed ridges with

a thickness of up to 20 m (Fig. 3.1). The ice in the Inner Polynya and the Northern Rim had properties

between those two extremes, where the ITD of the Inner Polynya indicates less ice redistribution than

the one of the Northern Rim. We obtained more evidence for the inferred differences in deformation

by reconstructing the individual deformation histories along the Lagrangian ice drift trajectories.

The dominant direction of the 715 reconstructed trajectories (see Sect. 3.2.5) was south-southeast

and the total distance traveled by the ice along the trajectories within 1 month varied strongly be-

tween 0.3 and 221 km (Fig. 3.1, Fig. 3.7a). The drift velocity was unsteady, varying between 0 and

45 km d−1. Extracting the deformation along the Lagrangian trajectories provided valuable insights

into the different deformation histories and origins of the ice, naturally affecting the ice thickness

distributions of the four zones (Fig. 3.7, video supplement 2). For example, the ice parcels of the

Shear Zone experienced divergence in the early deformation phase (Fig. 3.7b, March 3-6). During

the main deformation phase, convergence along the coast dominated their deformation history (Fig.

3.7c, March 16-20). In the late deformation phase, ice in the Shear Zone became immobile and expe-

rienced strong shear and convergence. The ice located seaward of a more than 400 km long, dextral

shear zone close to the coast (Inner Polynya, Northern Rim) continued to move southward without

significant deformation (Fig. 3.7d, March 27-31).

In short, we were able to identify four zones across the FYI with clearly differently shaped ITDs and

different deformation histories. Since thermodynamic growth was rather uniform, we conclude that

the observed spatial thickness variability is fully linked to the deformation history of the ice. In the

following section, we will further explore this link on a more quantitative basis.
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Figure 3.7. Trajectories, drift, and deformation during the three main deformation phases (a) Example of
trajectories initialized on the northern profile. Their colors indicate the zone in which they end. (b,c,d) Snap-
shots of divergence (red), convergence (blue), and drift (arrows) within the FYI area during the three main
deformation phases. The density and length of arrows indicate the magnitude of drift. Colored dots mark the
location of the trajectories at the respective time. The insets show the average, large-scale drift of a 48 h period
covering the indicated time (arrows, low-resolution drift, OSI SAF, OSI-405-c; see “Data availability” at the end
of the text) linked to the local deformation within the FYI.
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Figure 3.8. Relationship between mean deformation and ITD key parameters in the four polynya zones. If
applicable, standard deviations are displayed as error bars. Thickness and mean deformation are given for
March 1-31. We subtracted the thermodynamic thickness of 0.38 m that was reached on March 1, from the
mean thickness on March 30/31. Note that convergence is negative divergence.

3.3.2.1 Relationships between magnitude of deformation and the shape of the ITD

In the previous section, we qualitatively described the relationship between the spatially varying de-

formation and ice thickness properties. Here, we provide quantitative relationships between diver-

gence and total deformation on one hand, and different ITD properties on the other hand using linear

regression (Fig. 3.8). Since we focus on a period starting on March 1, we subtracted the thermody-

namic thickness of 0.38 m, which was reached on that day, from the mean thickness on March 30/31.

We averaged the deformation along all trajectories separately for each zone to obtain the correspond-

ing mean deformation.

Figure 3.8 shows that increasing convergence (negative divergence) and total deformation are propor-

tional to increasing mean thickness, e-folding, and FWHM. Note that all linear regressions between

thickness change and deformation as given in Fig. 3.8 represent the ice thickness change obtained

within 30 days. Like Itkin et al. (2018) and Kwok and Cunningham (2016) we find evidence of a linear

relationship between convergence and thickness change (Fig. 3.8a). Small deviations from this rela-

tionship for the Inner Polynya and Fast Ice zones are well within the range of uncertainty indicated

by the standard deviation of the convergence. As the Fast Ice zone is much smaller than the Inner

Polynya zone, fewer data points were available to compute the means and standard deviations.

3.3.3 Modeling local thickness variations from high-resolution deforma-

tion fields

In the two previous sections, we described the impact of the polynya-wide deformation and its lo-

cal variations on the thickness distribution. We demonstrated that the area decrease of the closing

polynya could directly be used to accurately predict the corresponding ice thickness increase (Sect.

3.3.1.2). In this section, we present the results of the simple volume-conserving model (Sect. 3.2.6)
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Figure 3.9. Observed and modeled ITD with mean (dot), exponential fit to the tail of the distribution, and
FWHM (horizontal bar).

that allows us to compute local ice thickness change from high-resolution deformation information.

We will evaluate the performance of this simple model by comparing it to (1) the observed average

thickness change, (2) the observed ITD, and (3) the observed spatial thickness variability in the four

different zones.

3.3.3.1 Average thickness change

We modeled thickness change along each of the 715 trajectories based on the modeled thermody-

namic growth from the MITgcm run and the observed deformation between March 1 and 31, as de-

scribed in Sect. 3.2.6. Figure 3.4b summarizes the relative contributions of dynamic and thermody-

namic growth to the mean thickness. The large standard deviations indicate strong spatial variability

among the different trajectories.

In Fig. 3.4 we marked the deformation phases derived from the time series of area decrease (Sect.

3.3.1.2). Since the ice was thin in the early deformation phase, the model simulations showed only

a weak thickness increase, while the strongest increase in thickness occurred in mid-March. The

late deformation phase consisted of both convergent and divergent motion in different regions of

the trajectories. On average, divergence dominated, and mean ice thickness decreased during that

phase. At the end of the observation period, the simulations (thermodynamic and dynamic, i.e., red

and gray curve in Fig. 3.4a) resulted in a mean total thickness of 1.7 m (blue curve), 11 % smaller

than the observed thickness of 1.96 m (orange square). Comparing the simulated thickness with the

one derived from the polynya area decrease (black curve, Fig. 3.4a; Sect. 3.3.1.2), we note that there

is good agreement until March 21. Only after that date does the area-derived ice thickness increase

slightly more rapidly than the simulated thickness, resulting in a thickness difference of 0.26 m. The

divergent conditions and ice thickness decrease at the end of the study period between March 30 and

31 is present in both time series (Fig. 3.4a), and also results in the small amounts of open water in the

ITD (Fig. 3.3).

(2) Comparison of modeled and observed ITDs

The ITD of the modeled thicknesses along the 715 trajectories on March 30/31 is shown in Fig. 3.9,

together with the observed ITD. The modeled ITD shows a good resemblance to the observed ITD.
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Figure 3.10. Modeled and observed thickness profiles across the FYI from south (left) to north (right) of (a) the
northern profile, (b) the central profile, (c) the eastern profile. The four zones are marked with colors. Modeled
mean thicknesses are given with the uncertainty derived from the tracking (Sect. 3.2.5.1). Note different x axis
scales based on different lengths of profiles (see Fig. 3.1).
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Both show a strong, similar mode and a long tail of thick ice that dominates the mean. The mean,

mode, e-folding, and FWHM are also similar between both ITDs (Table 3.1). However, the modeled

ITD lacks the frequent occurrence of ice thicker than 3 m. Additionally, the modeled ITD possesses a

secondary mode at 2.2-2.4 m which is absent in the observations.

(3) Spatial agreement between modeled and observed thickness profiles

Lastly, we compared the modeled and observed thicknesses along the three AEM profiles (Fig. 3.10).

The modeled thickness profiles represent the thickness at the last time step of each trajectory on

March 30/31. For the results shown in Fig. 3.10, the observed and modeled thicknesses were av-

eraged with a running mean to a resolution of 2.5 km along the profiles. The figure shows that the

modeled thicknesses generally reproduce the characteristic variability of the four zones (Table 3.1).

However, they underestimate the observed thickness at most points of the profiles. Considering the

uncertainties in the positions of the trajectories and possible errors in the estimation of the deforma-

tion parameters, as discussed in Sect. 3.2, the deviations were expected. Nevertheless, with a better

knowledge of the required input parameters, e.g., a smaller accumulated trajectory position error, our

method will produce results that reveal a closer match with the observations.

3.4 Discussion

3.4.1 Dynamic contribution to mean thickness

One of our key results is that after only 1 month of thermodynamic and dynamic thickness growth,

the ice thickness in the refrozen polynya had increased from 0.4 m to 2 m. Sea ice deformation had

contributed on average 50 % and locally up to 90 % to the mean ice thickness. This large contribution

of sea ice dynamics is consistent with Kwok and Cunningham (2016), who attributed approximately

42–56 % of the seasonal changes in mean regional ice thickness to dynamics in the Canadian Arctic

Archipelago. In the light of a future Arctic ice cover which is expected to be thinner and more dynamic

than it is now, our results may improve predictions on the impact of sea ice dynamics on future ice

thickness changes, especially if stronger and more frequent deformation could partially compensate

for the expected increase in sea ice loss. For example, Itkin et al. (2018) concluded that divergence in

winter followed by new ice formation is currently responsible for an ice volume increase of 7 % in the

sea ice north of Svalbard.

Our results obtained on local scales of a refrozen polynya and over 1 month bridge the spatial and

temporal gap between two recent, similar studies of ice deformation and thickness change: the short-

term, local-scale study by Itkin et al. (2018) and the long-term, basin-wide study by Kwok and Cun-

ningham (2016). Itkin et al. (2018) observed deformation and ridge formation of a single deformation

event with two airborne laser scanning flights a week apart, while Kwok and Cunningham (2016) used

CryoSat-2 ice thickness and low-resolution deformation data of several months. Note that the study

of Itkin et al. (2018) took place in the pack ice north of Svalbard, while Kwok and Cunningham (2016)

studied ice north of the Arctic coasts of the Canadian Arctic Archipelago and Greenland. Both these

studies and our own provide evidence for the large contribution of deformation to thickness change at

different locations and on different temporal and spatial scales, while also contributing to improved

representation of sea ice deformation and thickening in sea ice models.
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3.4.2 The magnitude of deformation shapes the ITD

Our observations provide insights into two key aspects in modeling sea ice dynamics, namely, the

mean dynamic thickness change and the effect of deformation on the shape of the ITD, whose ac-

curate representation in models is the subject of current research (e.g., Lipscomb et al., 2007; Unger-

mann and Losch, 2018).

First, our results showed that mean dynamic thickness change can be approximated as a linear func-

tion of convergence (Fig. 3.8a). This is in good agreement with other observational studies (Itkin

et al., 2018; Kwok and Cunningham, 2016) and the redistribution theory (Thorndike et al., 1975; Hi-

bler, 1979) that forms the basis for sea ice dynamics in most models. We normalized the slope and

intercept of the least-squares fit (see Fig. 3.8a) to 1 day. For a more intuitive interpretation, we give

div(v ) in units of per day (d−1). From this we can compare the least-squares fit with Eq. 3.4 (Sect.

3.2.6):

∆h/t =∆hth,t −h div(v ) after Thorndike, 1975, Hibler, 1979 (3.6)

∆h/day = 0.0199 m d−1 −0.746 m ·div(v ) this study (3.7)

The thermodynamic growth term (∆hth,t ) of 0.0199 m d−1 results in 0.59 m of ice growth if integrated

over 30 days (see intercept, Fig. 3.8a). The 0.59 m corresponds reasonably well to the observed ther-

modynamic growth of 0.49 m between March 1 and 30/31.

The redistribution theory (Thorndike, 1992a; Hibler, 1979) suggests that the slope of the dynamic

growth term (div(v ) h) is given by the thickness of the ice participating in ice compression (h). Since

we observed the integrated effect of a series of deformation events during 1 month, h represents the

weighted average of ice of varying thickness that contributed to ridging during that time. Since most

of the dynamic thickness change is associated with the main deformation phase, we approximate h

with the thickness of the ice that participated during the main deformation phase between March

16-20. Indeed, the slope of 0.746 m agrees well with the mean thickness of 0.75 m at the beginning of

this phase on March 16 (see Fig. 3.4). Differences between our observations and the coefficients as

suggested by the redistribution theory in Eq. 3.7 are within the uncertainties in the linear regression.

Second, our results suggest that the e-folding of the ITD is proportional to the deformation rate (Fig.

3.8c). The e-folding is defined in the redistribution function that describes how the ice participating

in deformation is distributed over the different thickness categories (Thorndike et al., 1975). Previous

observational studies have shown that an exponential function with a constant, negative exponent of

between λ=3 and λ=6 approximates well the tail of ITDs derived from ice draft thicker than 5 m (e.g.,

Vinje et al., 1998; Amundrud et al., 2004). Sea ice models based on Lipscomb et al. (2007) use an ex-

ponential ridge redistribution function with a variable e-folding that depends on ice thickness rather

than on the deformation rate, with λ = µ ·
√

hi , where hi refers to the thickness of the ice that was

ridged and µ is a tunable parameter that is used to improve the fit between model and observations.

We test whether different ice thicknesses as suggested by Lipscomb et al. (2007), rather than different

deformation rates as found here, can explain the range of e-foldings between 0.6 m and 1.5 m as was

observed by us. Following Lipscomb et al. (2007) we assume that the relationship between e-folding
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and thickness in the ridge redistribution function defined for a single ridging event is passed on dur-

ing a series of deformation events, leading to the final ITD. Granted that the contribution shaping

the tail of the ITD comes mostly from the undeformed, thermodynamically grown ice, i.e., from ice

with a thickness between 0.49 and 0.86 m, the e-folding could only vary by a factor of
p

0.86p
0.49

= 1.3, as-

suming that the tunable parameter µ is constant. However, our observed range of e-folding values

correspond to a factor of 2.5, i.e., the relation to thickness alone cannot explain the variability.

Based on the good linear fit (Fig. 3.8c), we attribute the large range in the e-folding to the magnitude

of the deformation rate in agreement with Rabenstein et al. (2010) who related the differences in ITD

shape in the Arctic Transpolar Drift to varying amount of convergence. Hence, we suggest choosing

the parameter µ as a function of the deformation rate. Since Ungermann and Losch (2018) showed

in a sensitivity study with the MITgcm that µ is an important parameter in shaping the modeled ITD,

we expect this to improve the fit between modeled and observed ITDs.

We identified two processes that change the e-folding and potentially link it to the deformation rate.

(1) Ridge formation models from Hopkins (1998) and Hopkins et al. (1991, 1999) showed that ridges

first reach a maximum dynamic thickness and then continue to grow laterally. This lateral growth

widens the ridge and therefore increases the relative occurrence of deformed ice with the maximum

dynamic thickness, reducing the e-folding. When a ridge begins to form, the balance of the force

needed to push ice farther up or down and the force needed to fracture the ice is decisive for its redis-

tribution. In this process, ice thickness and friction plays a major role. When the maximum dynamic

thickness is reached, the ridge grows laterally in proportion to the ongoing deformation. In this stage,

larger deformation rates result in wider ridges with the maximum thickness and smaller e-folding.

Applying the maximum keel draft criterion of Amundrud et al. (2004), we identified several ridges

in the measured thickness profiles in the Shear Zone that had reached the maximum ice thickness.

However, the relationship between e-folding and the deformation rate might only be applicable in re-

gions that experience strong deformation, e.g., coastal regions. Hopkins (1998) and Amundrud et al.

(2004) pointed out that ridges in the central Arctic rarely reach the maximum thickness as the critical

stresses often do not last long enough to complete the ridge-building process.

(2) Rafting leads to a different e-folding than ridging. Riding distributes more ice into a few thicker

ice thickness categories, while rafting leads to deformed ice with a relatively uniform thickness of

only double the original one. If the occurrence of rafting and ridging depends on the magnitude of

deformation, this could establish a link between e-folding and the deformation rate. Hopkins et al.

(1999) identified that the relative likelihood of rafting increases with increasing homogeneity of the

ice floes. Hence, regions like the Fast Ice zone that only experienced little deformation and with the

ice still of relatively uniform thickness might have a higher portion of rafted ice and thus a different

e-folding than regions that experienced more ridging. Consequently, the e-folding could also depend

on the initial composition of thin and thick ice and on the deformation history.

Lastly, we acknowledge other aspects: the creation of rubble fields, hummocks, or the ratio of shear

to convergence, could influence the e-folding. The shear-to-convergence ratio varied among the four

zones in the polynya, but we could not draw any conclusion due to too few data points. Since we

do not have more frequent thickness observations during the closing of the polynya, we can only

evaluate the impact of deformation integrated over 30 days. Therefore, we also overlook information

about potentially contrasting effects like, e.g., ridge consolidation and collapse.
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3.4.3 Modeled vs observed thickness: limitations of the model

Based on a simple volume-conserving model, we derived thickness change along ice drift trajectories

and calculated ITDs from the final thickness at the end of each trajectory.

Kwok and Cunningham (2002) showed that SAR-derived deformation could be used for reasonable

bulk estimates of dynamic thickness change of the seasonal ice cover using RGPS drift and deforma-

tion. Our comparison between the modeled and observed ice thickness with much higher spatial and

temporal resolutions corroborates this. We note that SAR-derived deformation can even predict local

spatial variability.

The modeled ITD resembles the observed one in the typical, skewed shape with a dominant central

mode and a long tail of thicker ice (Sect. 3.3.3, Fig. 3.9). We obtained the modeled ITD from a spatial

resolution of 1.4 km. ITDs based on radar altimetry data, e.g., CryoSat-2 ITDs of, e.g., Kwok (2015)

were derived from measurements averaged over similar spatial scales, i.e., an altimeter footprint of

approximately 0.31 km by 1.67 km in the along- and across-track direction, respectively. Therefore,

the resolution and character of the ITDs obtained with our volume-conserving model and ITDs de-

rived from strongly averaged radar altimetry data are comparable.

Our modeled ITD agrees well with the observations in the thinner thickness categories. However, it

shows a second mode at 2.2-2.4 m (Fig. 3.9) that was not observed, and it underestimates the amount

of ice thicker than 3.5 m. Because of the size of one grid cell in our model, the maximum thickness

of single ridges cannot be simulated. The reason for the second mode is that ice with a thickness

of 0.75-1.2 m was advected into many grid cells during the main deformation phase, doubling their

thickness to 1.5-2.4 m (Fig. 3.4). Smaller grid cells will lead to more realistic ice thickness distributions

by considering the effect of ridging in more detail.

Apart from those differences in the shape of the ITD, we have found that the modeled mean ice thick-

nesses were generally smaller than the observed ones (Tab. 3.1). As the agreement between modeled

and observed thermodynamically grown ice was quite good, we attribute the general underestima-

tion of mean thicknesses to problems in the modeling of the dynamic contribution. There are two

main shortcomings of the model:

First, our model does not account for the high macro-porosity of unconsolidated FYI ridge keels,

which leads to an underestimation of the thickness. Numerous studies have shown that mean ridge

porosities amount to 11–22 % (Kharitonov and Borodkin, 2020; Kharitonov, 2019a,b; Strub-Klein and

Sudom, 2012), with the largest range between 11 % and 45 % for old FYI ridges and newly formed FYI

ridges, respectively (Ervik et al., 2018; Høyland, 2007). If we assume that the fraction of 86 % of de-

formed ice in all observations had a porosity of 11-22 %, the mean modeled thickness will increase

by 0.1–0.3 m, to 1.8–2 m. In the context of porosity, we also discuss the uncertainties in the EM ice

thickness measurements. While the accuracy of EM measurements is ±0.1 m over level ice, EM mea-

surements typically underestimate the maximum thickness of pressure ridges (Haas et al., 2009) due

to (1) porosity and (2) footprint averaging. However, despite this shortcoming, most AEM thicknesses

obtained here were still larger than the modeled thicknesses. This provides evidence that the mean

AEM ice thickness estimates over length scales of 1-2 km are not the main source for the observed

underestimation.
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Second, in the simple, volume-conserving model, the thermodynamic growth was modeled based

on the growth of an undeformed layer of ice, regardless of the actual mean thickness of each grid

cell. Hence, the model overestimates thermodynamic growth in all cells that experienced strong con-

vergence and were, therefore, thicker than the thermodynamic thickness. At the same time, our ap-

proach underestimates ice growth in all cells that experienced divergence because thermodynamic

growth is stronger in leads than in adjacent consolidated ice. We carried out a sensitivity study to

estimate the impact of unaccounted new ice formation in leads. If there was divergence, we replaced

the ice leaving the grid cell with new ice of a thickness that could form within 1 day. Integrated over

30 days and all profiles, this resulted in an additional 0.3 m of ice, i.e., a mean thickness of 2 m. Since

the dominating deformation type in this study was convergence and shear, this effect is less impor-

tant than in a different deformation regime. We suggest coupling the deformation history retrieved

from SAR analysis with a fully developed sea ice model that considers those interdependencies in fu-

ture work. For example, the single-column model Icepack includes full solutions for thermodynamic

growth and melting, as well as mechanical redistribution due to ridging (see Hunke et al., 2021). SAR-

derived deformation rates can be used to force the mechanical redistribution of ice in the Icepack

model.

Both those shortcomings can explain the observed differences in the mean thicknesses. However,

there are additional reasons for deviations of observed and modeled thickness briefly discussed be-

low.

(1) The daily imaging of the polynya by SAR images cannot account for deformation caused by tides.

Tides and inertial motion can cause recurrent opening and closing with associated sub-daily new ice

formation and subsequent deformation. These processes can contribute 10–20 % of the Arctic-wide

seasonal ice growth (Kwok et al., 2003; Heil and Hibler, 2002; Hutchings and Hibler, 2008). Due to

the polynya’s location across the continental slope, tidal currents in this region exceed the ones in the

central Arctic that are on the order of 0.5–1 cm s−1 (Baumann et al., 2020). In the polynya region over

the continental slope (83.2◦N, 22.9◦W) the Oregon State University tide model (Egbert and Erofeeva,

2002) states tidal currents of up to 5-6 cm s−1 and oceanographic measurements under the fast ice

close to Station Nord indicated semi-diurnal tidal currents on the order of 2 cm s−1 (Kirillov et al.,

2017). Assuming a contribution of tides to sea ice formation of at least a similar order to that in the

central Arctic, tides could have contributed, in our case, an additional new ice growth of 0.14-0.28 m.

(2) Single early deformation processes before March 1 might already have created an inhomogeneous

ice thickness field in contrast to our assumed, initial, uniform thickness. Since we did not observe a

decrease in the total polynya area between February 25 and March 1, ice thickness variations in this

period could only be explained by localized effects.

(3) Even the consideration of the uncertainties in the deformation parameters and in the positions

of trajectories cannot explain all deviations between modeled and observed thickness (Fig. 3.10).

Due to deformation’s highly localized nature in time and space, the true deformation rates might be

larger than the calculated averaged ones. For example, during the main deformation phase Fig. 3.4a

shows that the area-derived thickness (black line) indicates more thickness increase than the thick-

ness derived from the deformation along the trajectories (blue line). A potential underestimation of

the deformation rate during this strongest deformation event could explain the thinner modeled ice

thickness.
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(4) We did not consider additional opening and closing of ice due to shear on subgrid scales that can

be observed in similar situations (e.g., Stern et al., 1995; Kwok and Cunningham, 2016). However,

the effects of divergence and convergence on mean thickness compensate for each other on a sub-

grid scale in the simple, volume-conserving model, apart from the impact of divergence on new ice

formation (see above, main sources of uncertainty).

3.5 Conclusions

An unusual latent heat polynya with a size of > 65000 km2 occurred in late winter 2018 at the

coast of North Greenland and provided us with a unique opportunity to observe a natural but well-

constrained, large-scale ice deformation experiment. While the open water refroze quickly due to low

air temperatures, convergent ice motion deformed the newly formed ice. One month after the max-

imum extent of the polynya was observed, the area had halved, accompanied by a strong impact on

the ice thickness distribution. In our case study, we analyzed thickness profiles from airborne electro-

magnetic (AEM) measurements and their relationship to deformation obtained from high-resolution

synthetic-aperture radar (SAR) satellite images. We reconstructed Lagrangian trajectories of the sur-

veyed ice parcels backward in time to retrieve the deformation history. The objective was to link the

magnitude of deformation to the ice thickness distributions and to show that deformation derived

from SAR images can be used to derive dynamic thickness change of the region.

This study provides evidence of the high relevance of deformation dynamics in creating and main-

taining a thick ice cover. In the refrozen polynya, sea ice deformation contributed on average 50 %

and locally up to 90 % to the mean thickness. Within 1 month, the dynamic processes re-established

an ice cover with a mean thickness of 1.96 m, almost as thick as the surrounding multi-year ice, which

had a mean thickness of 2.1 m (results not shown here).

In the view of a changing Arctic with increasing fractions of thin ice, increased ice drift speed, and a

higher frequency of deformation events, accurate representation of sea ice deformation in models is

crucial for predictions of future sea ice thickness and extent. Our observations reveal new insights

into the link between deformation and the redistribution of ice, which determines the shape of the

ice thickness distribution (ITD). We provide quantitative evidence that the deformation magnitude

impacts the e-folding of the ITD. These findings can be used for further improving the representa-

tion of ITDs in sea ice models, e.g., by constraining the parameterization of the ridge redistribution

function. Further, we found that mean dynamic thickness change is a linear function of convergence

in close agreement with the redistribution theory (Thorndike et al., 1975; Hibler, 1979) and previous

observational studies (Itkin et al., 2018; Kwok and Cunningham, 2016).

We developed a simple volume-conserving model to derive dynamic thickness change from defor-

mation fields with a spatial resolution of 1.4 km obtained from SAR satellite imagery. The modeled

mean thicknesses were smaller than AEM thickness observations, but they agree within the limits

of the main uncertainties due to ridge porosity and omitted new ice formation in leads formed by

divergence.

The volume-conserving model allowed us to reconstruct an ITD that resembled the ITD obtained

from the AEM thickness observations. They both have the typical skewed shape with a dominant
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central mode and a long tail of thicker ice. However, we note that without a redistribution scheme,

the thickest ice of the ITD cannot be realistically modeled.

For future work, we suggest coupling the deformation history retrieved from SAR analysis with a fully

developed sea ice model that takes drift and deformation as forcing and calculates dynamics and

thermodynamics for several thickness categories, e.g., Icepack (Hunke et al., 2021). Considering the

increasing availability of SAR data in the polar regions, this opens up the possibility of deriving dy-

namic thickness change and ITDs for many regions of the Arctic and Antarctic sea ice cover.

Data availability

Sentinel-1 scenes are available from the Copernicus Open Access Hub

(https://scihub.copernicus.eu/dhus/home) and can be processed with the open-source

software SNAP (https://step.esa.int/main/toolboxes/snap/). AEM thickness data are

available via https://doi.pangaea.de/10.1594/PANGAEA.927445 (Rohde et al., 2021a) and

https://doi.pangaea.de/10.1594/PANGAEA.927448 (Rohde et al., 2021b). High-resolution drift

and deformation are available via https://doi.pangaea.de/10.1594/PANGAEA.927451 (von

Albedyll et al., 2021b). The low-resolution sea ice drift product (OSI-405-c) of the EUMET-

SAT Ocean and Sea Ice Satellite Application Facility (OSI SAF) used in Figure 3.7 is available

via http://osisaf.met.no/p/ice/lr_ice_drift.html. Details on the motion tracking methodol-

ogy are published in Lavergne et al. (2010). Low-resolution, monthly sea ice drift product

used in Fig. 3.1 are monthly mean sea-ice motion vectors derived from Tschudi et al. (2019,

https://doi.org/10.5067/INAWUWO7QH7B). They were provided in netCDF format (file version

fv0.01) by the Integrated Climate Data Center (https://icdc.cen.uni-hamburg.de/, last access: 11 May

2020, University of Hamburg, Hamburg, Germany). Snow estimates were obtained from Operation

Icebridge (2016, updated 2019, https://doi.org/10.5067/GRIXZ91DE0L9).

Video supplement

Video supplement 1 (available at https://doi.org/10.5446/50650) is a time series of SAR images of the

refrozen polynya from March 1 to 31, 2018. The outlines of the polynya (red) are manually drawn

based on the backscatter contrast. Video supplement 2 (available at https://doi.org/10.5446/49540)

shows a time series of divergence and shear in the refrozen polynya from March 1 to 31, 2018. Dots

display the location of selected trajectories on the respective dates specified in the title. Lines show

the traveled distance within the last time step. Arrows indicate sea ice drift. The colors show the

magnitude of divergence (left) and shear (right). The video supplement is made available via TIB

AV-Portal.
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3.6 Supplement

This supplement covers a description of the following aspects:

1. Calculation of deformation from sea ice drift (Sect. 3.6.1).

2. Estimate of the accumulated trajectory position error from a manual reference data set (Sect.

3.6.2).

3. Ice thickness profiles with level ice characterization for the Eastern and Central profile lines

(Sect. 3.6.3).

3.6.1 Derivation of sea ice deformation from sea ice drift

This section provides further details about the calculation of deformation, described in the main ar-

ticle in Section 2.4. Deformation is quantified by strain rates that describe how an object distorts

relative to a reference length-scale. The invariants of the 2D strain rate tensor are a normal compo-

nent comprising tensile and compressive strain and termed divergence rate (ε̇di v ) and a shear rate

(ε̇shear ). Divergence and shear rate can be combined to yield the total deformation rate (|ε̇|). They are

calculated from the spatial derivatives of the u, v components of the velocity grid (∂u
∂x , ∂u

∂y , ∂v
∂x , ∂v

∂y ):

ε̇di v = ∂u

∂x
+ ∂v

∂y
(a) ε̇shear =

√(
∂u

∂x
− ∂v

∂y

)2

+
(
∂u

∂y
+ ∂v

∂x

)2

(b) |ε̇| =
√

ε̇2
di v + ε̇2

shear (c)

(3.8)

To calculate the spatial derivatives of the ice drift velocity fields, we used a linear approximation based

on Green’s Theorem that relates the double integral over a plane to the line integral along a simple

curve surrounding the plane. We discretized the curve applying the trapezoid method that linearly

interpolates velocity between the vertices (i ) of the grid cells (e.g. Kwok et al., 2008; Dierking et al.,

2020).
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The spatial derivatives are thus given by:

∂u

∂x
= 1

A

∮
C

u d y = 1

2A

N∑
i=1

(ui+1 +ui )(yi+1 − yi ) (3.9)

∂u

∂y
=− 1

A

∮
C

u d x =− 1

2A

N∑
i=1

(ui+1 +ui )(xi+1 −xi ) (3.10)

∂v

∂x
= 1

A

∮
C

v d y = 1

2A

N∑
i=1

(vi+1 + vi )(yi+1 − yi ) (3.11)

∂v

∂y
=− 1

A

∮
C

v d x =− 1

2A

N∑
i=1

(vi+1 + vi )(xi+1 −xi ) (3.12)

where A is the area surrounded by the line integral. We calculated the spatial derivatives from the spa-

tially filtered velocity fields with a spatial resolution of 700x700 m. We considered for every derivative

a set of four grid cells. Hence, we used eight vertices (N = 8) to describe the line integral around the

plane. For a gridded field, we can simplify this approach. For example, the 8pt ring-integral for a

subset of the u-component in x-direction is:

∂u

∂x
= 1

2A
[(u2 +u1)(y2 − y1)+ (u3 +u2)(y3 − y2)+ (u4 +u3)(y4 − y3)+

(u5 +u4)(y5 − y4)+ (u6 +u5)(y6 − y5)+ (u7 +u6)(y7 − y6)+ (u8 +u7)(y8 − y7)+ (u8 +u1)(y8 − y1)]
(3.13)

Thanks to the regular grid, we can simplify:

0 = (y4 − y3) = (y5 − y4) = (y8 − y7) = (y1 − y8)

∆y =−(y2 − y1) =−(y3 − y2) = (y6 − y5) = (y7 − y6)

∆x =∆y

A = (2∆y)× (2∆x) = 4∆y∆y

(3.14)

with ∆y =700 m.

Then, the derivate is:

∂u

∂x
= 1

8∆y∆y
∆y[2u6 +u5 +u7)− (2u2 +u1 +u3)]

= (2u6 +u5 +u7)− (2u2 +u1 +u3)

8∆y

(3.15)

This is equivalent to calculating the convolution of the u-component with a 3x3 Sobel kernel and

normalizing it by a factor of 8 ∆y . For example, ∂u
∂x is calculated:

∂u

∂x
= 1

8∆y
kx ∗u = 1

8∆y

 −1 0 1

−2 0 2

−1 0 1

∗u (3.16)

We located the result to the center of the four grid cells. Moving with a step width of one grid cell, the

grid spacing of the deformation fields remained 700 m.
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3.6.2 Estimate of the accumulated trajectory position error from a man-

ual reference data set

This section provides further details about the uncertainty estimates of the Lagrangian tracking de-

scribed in Section 3.2.5.1. We quantified the accumulated trajectory position error from manual

tracking of multi-year ice floes located in the refrozen polynya (see Fig. 3.1a). Fig. 3.11 shows how the

accumulated trajectory position error increased from maximum 210 m (after the second time step)

to 2150 m (last time step). On average, the error increased from 51 m to 1050 m (red dots, Fig. 3.11).

We estimated the uncertainty for each time step as a linear function that passed through the smallest

grid size, i.e., 700 m and 2150 m at time step 0 and 29, respectively (dashed line in Fig. 3.11).

Mean
MYI �oes

estimated uncertainty

Figure 3.11. Difference between manual reference track and calculated trajectory for each time step. The
mean of the differences after the second and the last time step are shown in red. The dashed black line gives
the estimated uncertainty for each time step.
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3.6.3 Ice thickness profiles with level ice characterization for Eastern and

Central profile line

This section provides further details about the ice thickness profiles and the level ice classification.

For details on the method, the geographic location, and the classification of the Northern profile line,

please see Section 3.2.1, Figure 3.1, and Figure 3.6 in the main article, respectively. We classified level

ice and deformed ice following the level ice classification of Rabenstein et al. (2010). For details on

the calculation, please see Section 3.2.1 of the main article. The Northern profile is displayed in Fig.

3.6.

10 km 20 km 30 km 40 km 50 km
y-coordinate

10 km 20 km 30 km 40 km 50 km

y-coordinate

a. Central pro�le

a. Eastern pro�le

Figure 3.12. Ice thickness profile of the a. Central and b. Eastern profile. The black and gray colors distinguish
between level and deformed ice, respectively. Note the different degrees of deformation, depicted by the areal
fraction of level ice and the total thickness of the ridges.
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Chapter 4

Dynamic contribution to seasonal Arctic

sea ice thickness distributions

Summary of the publication

von Albedyll, L., Hendricks, S., Grodofzig, R., Krumpen, T., Arndt, S., Belter, H.J., Cheng, B., Birnbaum,

G., Hoppmann, M., Hutchings, J., Itkin, P., Lei, R., Nicolaus, M., Ricker, R., Rohde, J., Suhrhoff, M.,

Timofeeva, A., Watkins, D., Webster M., Haas, C.: Thermodynamic and dynamic contributions to

seasonal Arctic sea ice thickness distributions from airborne observations, Elementa: Science of the

Anthropocene, 10 (1). https://doi.org/10.1525/elementa.2021.00074, 2022.

Motivation The contribution of dynamics to the Arctic winter sea ice mass balance is
not well quantified nor understood, but may become more relevant in the
only seasonally ice-covered Arctic. Year-long, Lagrangian, high-resolution
ice thickness observations along the Transpolar Drift provided an excellent
opportunity to describe the dynamic contribution in different seasons.

Research
questions

This manuscript contributes to RQ1 and RQ2 by studying the seasonal evo-
lution of a regional ITD in the Transpolar Drift. Isolating the dynamic con-
tribution gives a mean estimate of the divergence-induced new ice for-
mation. Further, we analyze the effect of dynamics on the ITD and test
whether two ridging parameterizations can reproduce them.

Conclusions We found that divergence-induced new ice formation contributed about
30 % to the sea ice mass balance. In spring, new ice participated predom-
inantly in ridging, while over the winter, ridging redistributed the thin FYI
that formed in fall. Both ridging parameterizations in a state-of-the-art
model were not able to reproduce those changes in the ITD.

Own share I participated in the data acquisition and processed the ice thickness data.
I designed the study concept, carried out the analysis, and wrote the first
draft of the manuscript.
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Abstract

Sea ice thickness is a key parameter in the polar climate and ecosystem. Thermody-

namic and dynamic processes alter the sea ice thickness. The Multidisciplinary drifting

Observatory for the Study of Arctic Climate (MOSAiC) expedition provided a unique op-

portunity to study seasonal sea ice thickness changes of the same sea ice. We analyzed

11 large-scale (∼ 50 km) airborne electromagnetic sea thickness and surface roughness

surveys from October 2019 to September 2020. Data from ice mass balance and position

buoys provided additional information. We found that thermodynamic growth and de-

cay dominated the seasonal cycle with a total mean sea ice thickness increase of 1.4 m

(October 2019 to June 2020) and decay of 1.2 m (June 2020 to September 2020). Ice dy-

namics and deformation-related processes, such as thin ice formation in leads and sub-

sequent ridging, broadened the ice thickness distribution and contributed 30 % to the

increase in mean thickness. These processes caused a 1-month delay between maxi-

mum thermodynamic sea ice thickness and maximum mean ice thickness. The airborne

EM measurements bridged the scales from local floe-scale measurements to Arctic-wide

satellite observations and model grid cells. The spatial differences in mean sea ice thick-

ness between the Central Observatory (<10 km) of MOSAiC and the Distributed Network

(<50 km) were negligible in fall and only 0.2 m in late winter, but the relative abundance

of thin and thick ice varied. One unexpected outcome was the large dynamic thicken-

ing in a regime where divergence prevailed on average in the western Nansen Basin in

spring. We suggest that the large dynamic thickening was due to the mobile, unconsoli-

dated sea ice pack and periodic, sub-daily motion. We demonstrate that this Lagrangian

sea ice thickness data set is well suited for validating the existing redistribution theory in

sea ice models. Our comprehensive description of seasonal changes of the sea ice thick-

ness distribution is valuable for interpreting MOSAiC time series across disciplines and

can be used as a reference to advance sea ice thickness modeling.

4.1 Introduction

Arctic sea ice is thinning at a rate of about 10 % per decade, and its seasonal variability is increasing

(e.g., Kwok, 2018; Massonnet et al., 2018; Stroeve and Notz, 2018). The difference in air temperature

and solar radiation between polar night and day induces a strong, thermodynamic seasonal cycle in

the mean ice thickness, which is amplified or damped by internal feedbacks (Wadhams, 2000; Mas-

sonnet et al., 2018). In addition, sea ice dynamics alter the ice thickness through sea ice deformation.

Colliding floes form pressure ridges or rafts, and floes breaking apart from each other create leads,

where new ice can form. The complex interaction between thermodynamics and dynamics shapes

the ice thickness distribution throughout the life cycle of the Arctic sea ice cover. Dynamics create

an icescape with heterogeneous ice thicknesses ranging from a few centimeters to several meters

(Wadhams, 2000). As most air-sea interactions and biogeochemical processes are sensitive to only a

fraction of the thickness range, e.g., the very thin ice or the thick ridges, knowledge of the relative cov-

erage of different ice thicknesses is crucial for the parameterization of important climate processes

(Holland et al., 2006; Lipscomb et al., 2007; Notz, 2009). For example, the ocean-atmosphere heat

and moisture fluxes are limited by thin ice (e.g. Maykut, 1978). Thick ridges change the air and ocean
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drag, provide shelter for biota, and increase the likelihood of the sea ice surviving the summer melt

(e.g., Castellani et al., 2014; Fernández-Méndez et al., 2018). The large range of ice thicknesses can

be summarized in an ice thickness distribution (ITD), i.e., a histogram of all occurring ice thicknesses

(Thorndike et al., 1975). Because thermodynamics and dynamics shape the ITD differently, this study

used ITDs to distinguish them (e.g., Thorndike et al., 1975; Haas et al., 2008).

Driven by thermodynamics, the large losses of thick, multi-year ice (MYI) increase the seasonality, i.e.,

the annual differences, in the Arctic sea ice mass balance (Kwok, 2018). Rising air and ocean temper-

atures have enhanced summer MYI melt while thermodynamic growth in winter has remained slow,

leading to a decrease of 50 % in the MYI fraction (Kwok, 2018; Stroeve and Notz, 2018, and references

therein). The MYI is replaced by seasonal ice, which grows faster in winter because the ocean heat is

conducted more efficiently from the ice-water interface to the atmosphere through the reduced snow

and ice thickness (ice thickness–growth feedback, e.g., Perovich et al., 2003; Notz and Bitz, 2017). Nev-

ertheless, the thin ice will not get thick enough to survive the summer, and in some regions increased

ocean heat flux may even overwhelm the ice thickness–growth feedback (Ricker et al., 2021). With

ongoing MYI loss, the Arctic sea ice thickness will be controlled to an increasing extent by seasonal

ice processes, which will have widespread consequences for the Arctic ecosystem (Post et al., 2013;

Kwok, 2018; Massonnet et al., 2018; Stroeve and Notz, 2018; Krumpen et al., 2019).

The role of dynamics in this increasingly seasonal Arctic sea ice state is not well understood. Recent

studies have quantified the dynamic contribution to the sea ice mass balance in several case studies,

but there is no evidence yet for more or less dynamic thickening in a warming Arctic (Kwok, 2006;

Kwok and Cunningham, 2016; Itkin et al., 2018; Kwok, 2018; von Albedyll et al., 2021a). The decrease

in ice thickness and loss of MYI is suspected of changing the ice dynamics by causing more mobile

ice and deformation (Rampal et al., 2009; Spreen et al., 2011; Lei et al., 2020; Krumpen et al., 2021b).

Because thinner ice is easier to break, the observed increase in sea ice deformation, i.e., ridging, raft-

ing, and opening of leads, may be linked to the thinning (Rampal et al., 2009). In contrast, convergent

sea ice deformation, i.e., the formation of pressure ridges and rafts, increases the ice thickness locally

and may help to maintain a thick ice cover (Kwok, 2015; Itkin et al., 2018). Collectively, the net effect

of increasing dynamics on the ice thickness distribution remains unclear. Hansen et al. (2015) ana-

lyzed a thickness time series between 1990 and 2011 and found different trends for mean and modal

thicknesses, which may hint at profound changes in the sea ice mass balance, raising the question:

how will thermodynamic and dynamic contributions change in the warming Arctic? To address such

questions, we require models with realistic ice ridging parameterizations. Those parameterizations

lack sufficient observational evidence to constrain them well enough (Thorndike et al., 1975; Hibler,

1979; Lipscomb et al., 2007). Previous attempts to compare ridging theory and observations were

limited by the difficulties of sampling the same ice at different points in time (e.g., Amundrud et al.,

2004; Ungermann and Losch, 2018; von Albedyll et al., 2021a).

Precise knowledge of the drivers of seasonal changes in sea ice thickness and extent is crucial for

interpreting the current summer and winter sea ice decline (Cavalieri and Parkinson, 2012; Hansen

et al., 2015; Stroeve and Notz, 2018) and for improving predictions of sea ice loss in the 21st century

using climate models (Massonnet et al., 2018). Since the contribution of dynamics and thermody-

namics varies over the year, an evaluation of the annual cycle can help to improve understanding

of their respective changes (Hansen et al., 2015). In addition, climate models that can simulate re-
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alistic seasonal growth and melt seem to predict long-term trends better (Massonnet et al., 2018).

Previously, most of what we knew about the seasonal cycle was based on observations from drifting

ice mass balance buoys, drifting ice camps, moorings, and submarine surveys, which demonstrated

large regional and temporal variability in thermodynamic growth and decay (Rothrock et al., 2008;

Hansen et al., 2015; Lindsay and Schweiger, 2015; Perovich and Richter-Menge, 2015; Mahoney et al.,

2019; Belter et al., 2020). Recently, satellite thicknesses retrievals added large-scale insights but gen-

erally lack observations in the melt season (e.g., Ricker et al., 2017; Kwok, 2018; Petty et al., 2020). Few

airborne Lagrangian campaigns were carried out over the same ice, and only over periods of a few

months at best (Itkin et al., 2018; Lange et al., 2019). Lagrangian studies conducted during longer

drift stations were normally collected on foot and therefore the data lack information about very thin

and thick ice (Untersteiner, 1961; Haas et al., 2011). Because those extreme thicknesses are the most

affected by ice dynamics, we need more Lagrangian, airborne, large-scale observations that cover the

full range of sea ice thickness to study the effects of ice dynamics on the ice thickness distribution.

The international Multidisciplinary drifting Observatory for the Study of Arctic Climate (MOSAiC)

research project aimed to provide such long-term, Lagrangian observations (Shupe et al., 2020; Nico-

laus et al., 2022). Passively drifting with the Transpolar Drift, MOSAiC enabled studying the ice thick-

ness distribution evolution from fall to late summer on several spatial scales (Figure 4.1). At the same

time, the seasonal evolution also represents a journey along the Transpolar Drift from the interior of

the ice pack in winter towards the ice edge in summer. Krumpen et al. (2021b) and Koo et al. (2021)

have presented MOSAiC sea ice thickness observed by satellite sensors. CryoSat-2 radar altimeter

thickness increased from 0.77 m in October to 2.40 m in April (Krumpen et al., 2021b), and ICESat-2

indicated thicker ice, increasing from 1.48 m in December to 2.56 m in April (Koo et al., 2021). Both

studies found evidence for the impact of several dynamic events on the ice thickness in the vicin-

ity of the MOSAiC study region. However, the satellite observations are limited to the winter period,

by coarse spatial resolution (CryoSat-2) or rather small spatial coverage (ICESat-2), and uncertain-

ties due to unknown snow depth and snow and ice densities. Therefore, we used a high-resolution

airborne electromagnetic-induction (EM) ice thickness data set to study the changes of the ITD and

the contributions of dynamic processes in detail. The airborne EM measurements were carried out

on scales of up to 80 km. Thus, they can bridge the scales from local floe-scale measurements to

Arctic-wide satellite observations. This bridging is an essential prerequisite for up-scaling the local

measurements to satellite footprints and model grid cells. With the regional-scale, airborne data set

presented here, we also identified differences in the seasonal cycle between the Central Observatory,

the ice camp with the main installations within 10-km distance, and the Distributed Network, the

hierarchy of autonomously drifting systems within 50-km distance.

Analyzing the temporal evolution of the ice thickness distribution in the Transpolar Drift, we aimed

at answering the following questions:

(1) How did the ice thickness distribution change from fall to late summer? (Section 4.3.1)

(2) Was the ice thickness distribution in the Central Observatory representative of the wider sur-

roundings? (Section 4.3.2)

(3) How much did thermodynamics and dynamics contribute seasonally to the mean thickness

and relative abundance of thin and thick ice in the ice thickness distribution? (Section 4.3.3)
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(4) Can we use this data set to evaluate the representation of ice thickness redistribution in mod-

eling? (Section 4.3.4)

4.2 Data and methods

Ice thickness from airborne EM sounding and surface roughness from airborne laser altimetry are the

core data sets of this study. If not stated otherwise, all thickness information were retrieved by those

systems. They were analyzed with previously established methods, described below, to evaluate the

seasonal ice thickness evolution. Supplementary data from ice mass balance and GPS buoys provided

insights into the magnitude of the thermodynamic and dynamic contribution to the ice thickness,

respectively.

4.2.1 Total thickness and surface elevation from airborne surveys

We analyzed 11 surveys along the MOSAiC drift that represent varying ice conditions from the in-

terior of the ice pack to the ice edge. Between October 2019 and July 2020, 10 helicopter-borne sur-

veys were conducted from the Polarstern (Alfred-Wegener-Institut Helmholtz-Zentrum für Polar- und

Meeresforschung, 2017) and in September 2020, the IceBird airplane campaign with Polar6 (Alfred-

Wegener-Institut Helmholtz-Zentrum für Polar- und Meeresforschung, 2016) surveyed the remaining

parts of the Distributed Network (Herber et al., 2021). Due to logistical reasons, the airborne EM sys-

tem was only operated during the polar day and when Polarstern was close by, which resulted in large

data gaps from October 2019 to March 2020 and May 2020 to June 2020. Ground-based thickness

surveys are available during winter, but their limited spatial extent of a few kilometers is insufficient

to observe the impact of sea ice deformation on the regional ITD when no airborne data are avail-

able. The airborne surveys were conducted over three different spatial scales covering (1) the main

measurement hub of MOSAiC, called the Central Observatory, and ice within 10-km distance, (2) the

extensive network of autonomous systems, called the Distributed Network, within 50-km distance,

and (3) beyond 50-km distance, called the Extended Distributed Network (Figure 4.1; Krumpen and

Sokolov, 2020). The majority of this study focuses on the Distributed Network, but in Section 4.3.2,

we compare all three spatial scales. Table 4.1 contains an overview of the surveys.

One central aspect of MOSAiC was that the surveys were conducted in a Lagrangian sense, i.e., carried

out over approximately the same collection of sea ice floes while drifting with the Transpolar Drift. To

keep track of the relative motion of the ice and to measure approximately the same ice in every sur-

vey, we used drifting buoys (see data accessibility for IDs) as corner points of the Distributed Network

surveys (Figure 4.1a, supplement: Figure 4.11). Changes in the survey area, which covered on aver-

age 2557 km2, were linked directly to ice dynamics. When the study area shrank, the ice in the study

area experienced overall more convergence, and when the study area expanded, divergence domi-

nated within it. Thus, using buoys for marking the study area could eliminate the influence of sea

ice advection on the local ITD to a great extent. Figure 4.1a displays the drift track of the four buoys

marking the survey area and Figure 4.1b shows the survey extents. Figure 4.11 (supplement) displays

the survey area at 12 different snapshots. The complete time series can be seen as video available

from von Albedyll (2021a). There were two exceptions to this survey pattern: (1) In October 2019, the
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Table 4.1. Flight dates and basic ice thickness and surface parameters of the surveys.

Season Survey Spatial Total Ice thickness distribution Ridge Volume of
datea scaleb length Mean Mode IDR spacing ice >3 m

(km)c (m)d ± 0.1 (m)d (m)d (km)e (%)d

2019-10-14 CO 50 1.1 0.5 1.9 0.39 25
fall 2019-10-14 DN 142 1.1 0.5 1.7 0.62 13

2020-04-04 EDN 610 2.2 1.7 2.3 0.19 29
2020-04-10 CO 225 2.3 1.9 1.9 0.20 27

late winter 2020-04-17 DN 218 2.2 1.9 1.9 0.19 26
2020-04-26 DN 282 2.3 1.9 2.1 0.19 30
2020-04-30 CO 284 2.5 2.1 2.2 0.18 34

early summer 2020-06-21 DN 173 2.5 2.1 2.3 0.16 36
2020-06-30 EDN 200 2.4 2.1 2.3 0.19 34
2020-07-01 DN 252 2.5 2.1 2.3 0.19 36

late summer 2020-09-02 DN f 290 1.3 0.1 2.5 0.29 28
aSurveys in bold are discussed in detail in Sections 4.3.1–4.3.3.
bCentral Observatory (CO) <10 km, Distributed Network (DN) <50 km, Extended Distributed Network (EDN)
>50 km.
c Total length contains only the parts of the survey with valid data points.
d Calculated based on the EM thicknesses; interdecile range (IDR).
e Derived from the laser altimeter data.
f Measured during the IceBird campaign.

buoy setup was not yet completed, and thus the pattern of the October 14, 2019, flight deviated but

covered approximately the same survey area (supplement: Figure 4.11). (2) In September 2020, three

of the four buoys had stopped working or drifted out of the ice pack (Figure 4.1a). We tracked the ice

surveyed on September 2, 2020, with five additional buoys located within the survey area on June 21,

2020 (supplement: Figure 4.11). We concluded from the tracks that the ice surveyed in September

represented most likely a subset of the June survey area.

While the survey lines were anchored at the buoy positions, the data along each line were not an exact

repeat of the same sea ice surfaces of a previous survey due to small-scale ice dynamics. Because the

surveys covered only a finite number of ridges, leads, and different ice types, we needed to ensure that

the surveys were sufficiently long to represent the surrounding ice as well as possible. To test for ade-

quate representation, we used the established criterion of the standard error that serves as a measure

for the expected variability in a statistically homogeneous field (Wadhams, 1997; Rabenstein et al.,

2010; Lange et al., 2019). We calculated the subsection length at which the standard error dropped

below the 0.1-m measurement uncertainty of the EM instrument (Section 4.2.1.1) and compared it to

the total survey length (Rabenstein et al., 2010). Following that approach, all of the surveys were long

enough to be representative. On average, after 38.5±22.9km (22.0±15.5%) of the survey length, the

threshold was reached. We concluded that each survey represents a representative snapshot of the

ice conditions in the study area.
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Figure 4.1. EM surveys along the drift track of Polarstern and the GPS buoys. (a) Geographical locations of the
surveys in the Transpolar Drift. The monthly sea ice extent from the time of the EM surveys is displayed in
the background as white and gray areas. (b) Relative locations of the EM surveys centered on Polarstern from
four selected flights in fall (October 2019), late winter (April 2020), early summer (June 2020), and late summer
(September 2020), respectively. We corrected the position of the flights for any rotation along the drift track.
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4.2.1.1 EM measurement principle and uncertainties

The benefit of airborne EM thickness measurements is the combination of large-scale total (snow

and sea ice) thickness observation with a high spatial resolution. Suspended below the helicopter

or aircraft at 10–20 m above the sea ice surface, the instrument’s footprint and point spacing was

about 40–50 m (radius), and 5 m, respectively. The towed EM instrument retrieved the distance to the

ocean-ice interface based on the large conductivity difference between seawater and sea ice. A laser

altimeter (Jenoptik LDM301.120) on the instrument provided the distance to the air-snow interface,

or, in the case of no snow, air-ice interface. Subtracting these two distances gave the combined snow

and ice thickness (Haas et al., 1997, 2009). An anomaly in the sensor causing interference in the EM

receiver coil after April 2020 required additional manual post-processing and filtering. Details on the

data processing and quality control of the results are provided in Haas et al. (2009) and von Albedyll

et al. (2021d). Here we only used data that fulfilled the highest quality criterion marked by a quality

flag of 1 (excellent) or 1.5 (very good; details in von Albedyll et al., 2021d).

Over undeformed, level ice, the EM thickness has an accuracy of 0.1 m which was quantified by com-

paring the EM thicknesses to manual drill-hole measurements (Pfaffling et al., 2007; Haas et al., 2009).

However, due to the large footprint of 50 m (radius) and the detection of seawater in ridge pores, the

EM measurement system tends to underestimate the maximal thickness of ridges by up to 50 % (Pfaf-

fling et al., 2007). Therefore, we additionally analyzed the surface elevation derived from the laser

altimeter located on the EM instrument as described below. They provided complementary informa-

tion on ridges not affected by the EM-related underestimation of the ridge thickness.

The Jenoptik LDM301.120 laser altimeter (905-nm wavelength) measured the altitude variation at

100 Hz with a spatial resolution of 0.3–0.4 m and an uncertainty of ± 2 cm. Altitude variations were

caused by the surface roughness and helicopter movements. Influences of the helicopter were re-

moved using a filter method presented by Hibler (1972). It consists of three steps and models the

helicopter motion by first applying a high-pass filter, then finding the lowest points in the ice thick-

ness survey and connecting them with straight lines, and finally smoothing the curve with a low-pass

filter. The curve can then be subtracted from the original laser measurement to give the surface ele-

vation above level ice. The result was the surface elevation above the level ice. In the filtered data set,

ridges were detected when the surface elevation was higher than 0.8 m. This height was chosen to

detect as many ridges as possible while avoiding confusion with other topographic features such as

snow dunes or sastrugi. Independent ridges were identified if they met the Rayleigh criterion (Wad-

hams and Davy, 1986). Results from the linear profiling with the laser altimeter likely differ from those

detected with 2D scanning lasers as the latter are more likely to pick up a peak in a region where sur-

face features are otherwise sparse (Petty et al., 2016, and references within). However, Beckers et al.

(2015) showed that for survey lengths of several kilometers, the roughness parameters derived from

1D and 2D sampling converged.

The location, spacing, width, and height of the ridges identified by the laser altimeter were summa-

rized as mean surface elevation and mean ridge spacing. They were used to describe the evolution of

the ice thickness as complementary parameters to the EM-based parameters as described in the next

section.
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4.2.1.2 Characterization of the ice thickness and surface properties

In this study, we used a set of well-established ice thickness and surface roughness measures to char-

acterize the effects of thermodynamics and dynamics on the ice thickness. Below, we describe how

those measures can be interpreted in the context of convergence and divergence.

The presence of pressure ridges is clear evidence of convergence. To detect them in the EM thickness

data, we quantified the mean thickness and volume and the area fraction that was covered by ridges

thicker than 3 m (see Rack et al., 2021, for details). Ridges also increase the surface roughness, a prop-

erty that we quantified by the mean surface elevation and mean ridge spacing (e.g., von Saldern et al.,

2006; Beckers et al., 2015; Petty et al., 2016). From the laser altimeter data, we calculated mean surface

elevation that describes the deviation from the relative level ice height, and mean ridge spacing that

is the average distance between the ridges (Section 4.2.1.1).

Convergence and divergence alike broaden the width of the ITD that the interdecile range quantifies

as the difference between the 90 % and 10 % percentile. In freezing conditions, the open water fraction

is a sign of divergence and was defined as the area fraction covered by ice thinner than 0.1 m. Open

water was included in calculating the mean thickness to account for the effects of divergence on the

mean thickness.

Level ice thickness describes the thermodynamic ice growth, and changes in the area fraction of level

ice are indicators of dynamics. Increased level ice fractions point to divergence and new ice forma-

tion, whereas ridging often consumes level ice. We classified level ice based on a low, vertical thick-

ness gradient along with the thickness measurements of less than 0.04 that extends continuously for

at least 40 m in flight direction (Rabenstein et al., 2010). We excluded the data from September 2020

from our analysis because a large number of small floes made the characterization inaccurate.

The full range of different ice thicknesses is well illustrated in an ITD. We display the distribution of

the thicknesses as probability density function (PDF), where the y-axis indicates the probability of

occurrence per thickness increment.

4.2.1.3 Snow thickness

The EM device measured combined snow and ice thickness, and thus knowledge of snow coverage

is important to understand its contribution to the EM total thickness. Our conclusions on the snow

thickness are based on three data sets. First, Krumpen et al. (2020) published snow observations from

October 5, 7, 9, and 11, 2019, from several floes in the Distributed Network with a mean snow thick-

ness of 0.10 m and maximum spatial variability of 0.05 m (standard deviation). Second, thermistor-

string based sea ice mass balance arrays (SIMBAs) from mid-October until the beginning of July es-

timated daily snow cover changes on level ice (Section 4.2.2; Koo et al., 2021). Third, weekly snow

thickness measurements on foot in the Central Observatory along a loop, 1 km or longer called tran-

sects, covered level and ridged ice from October 31, 2019, to July 26, 2020. They were conducted with

a Magnaprobe, an automated snow depth probe equipped with a GPS logger (Sturm and Holmgren,

2018).

Between October 2019 and July 3, 2020, the three snow thickness data sets revealed a mean snow

thickness decrease of 0.2–0.3 m. The spatial variability (standard deviation) increased until late

spring, peaking at ± 0.18 m on May 7, 2020. The transect and SIMBA snow measurements showed
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strong agreement from autumn to spring. In summer, the SIMBA snow thickness values reached zero

in late June, when the transect data still indicated 0.1 m of snow (Figure 4.7a; Webster et al., 2022).

There were several likely reasons for this discrepancy of which two are rooted in the measurement

principles of both techniques. On the one hand, solar radiation could heat up the SIMBA chains

which led to faster, predominant melt around the chain. On the other hand, the magnaprobe mea-

surement was incapable of distinguishing melting snow from the surface scattering layer in melting

conditions because both surfaces are easily penetrable by a metal probe. Here, we refer to the sur-

face scattering layer as granular melting ice with a “crumbly” texture which resembles large-grained

melting snow (Light et al., 2008). Therefore, the summertime values in the transect data included the

surface scattering layer thickness in addition to the melting snow thickness. In September, the Fram

Strait 2020 cruise on board of the Norwegian R/V Kronprins Haakon was in the survey area. Their in

situ measurements and IceWatch/ASSIST observations revealed a virtually snow-free sea ice surface

for September 2 (personal communication, DV Divine, Norwegian Polar Institute; IceWatch/ASSIST,

2021).

The measurement uncertainties in summer and the large spatial variability in snow thickness made

an accurate estimate challenging. Snow accumulation and ablation are complex functions of ice type,

deformation history, age, surface roughness, and thickness, and require detailed knowledge about

those parameters, which is beyond the scope of this study. Because the temporal change in mean

snow thickness was small compared to the large changes of the ice thickness of 1.4 m, we refrained

from bulk-correcting the total thickness measured by the EM system for the snow layer. Hereafter, we

refer to total thickness as ‘ice thickness’ unless specified differently. We accounted for snow accumu-

lation and ablation only in the thermodynamic contribution, and discuss the related uncertainties in

Section 4.3.6.

4.2.2 Thermodynamic growth from SIMBAs and a degree-day model

The EM thickness observations documented the integrated thermodynamic and dynamic thickness

growth. To estimate the thermodynamic contribution individually, we used daily SIMBAs observa-

tions (Jackson et al., 2013; Koo et al., 2021). SIMBAs measure the vertical temperature profiles through

air-snow-sea ice-ocean. The differentiation of the thermal conductivities of those materials causes

different vertical temperature gradients from which the air/snow, snow/ice and ice/ocean interfaces

can be identified by either manual (e.g., Lei et al., 2018) or automatic SIMBA algorithms (Cheng et al.,

2020) to obtain snow depth and ice thickness. We used manually processed daily snow depth and

ice thickness from ten SIMBA buoys observed between October and July (Koo et al., 2021). The SIM-

BAs were located in the Central Observatory and the Distributed Network. The SIMBAs had a vertical

resolution of 2 cm and were deployed on initial snow and ice thicknesses ranging from 0.05 to 0.30 m

and 0.4 to 1.70 m, respectively. The buoys were deployed over level ice based on the visual surface

reconnaissance.

The good coverage of initial thicknesses allowed us to make a 2D linear interpolation of the ice thick-

ness for each time step. We interpolated and extrapolated the thickness changes at each step linearly

with 0.01-m spacing and smoothed the growth/melt rates with a running mean of 0.1 m. We inte-

grated the total thickness change for initial thicknesses between 0.3 and 3 m and obtained the total

thickness time series. For ice thinner than the SIMBA observations, we modeled the ice growth with
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a thermodynamic model (see below). We assumed that the ice thicker than 3 m did not continue to

grow thermodynamically. However, we accounted for snow thickness changes as indicated by the

SIMBAs between October and April. Further, we assumed that the ice thicker than 3 m experienced

the same ice melt rates as the ice with a thickness of 2.99–3.0 m. The interpolated time series is pre-

sented in Section 4.3.3.

We used those interpolated thickness time series to estimate the undisturbed thermodynamic ice

thickness growth from October 2019 to April 2020. The interpolated thicknesses have the advantage

that we can account for thickness-dependent differences in ice growth rate. We proceeded as follows.

For example, on October 14, 2019, we measured a point with a thickness of 0.6 m. The interpolated

SIMBA time series indicated that ice with an initial thickness of 0.6 m grew 1.3 m between October 14,

2019, and April 17, 2020. Therefore, on April 17, 2020, the ice thickness of the point adjusted for the

undisturbed thermodynamic growth was 1.9 m. We applied this approach to all measurement points

from the survey of October 14, 2019. Eventually, we calculated the mean thickness and an ITD from

all thermodynamically adjusted thicknesses. The results are presented in Section 4.3.3.

We used a thermodynamic model based on Thorndike (1992b) and Pfirman et al. (2004) to estimate

sea ice thickness growth in four cases: (1) growth of the thin ice not covered by the SIMBAs from

October 14, 2019, to April 14, 2020, with initial thicknesses between 0.0 and 0.3 m (see above); (2)

growth of the newly formed ice from September 1, 2019, the earliest estimated time of freeze-up un-

til the first EM survey on October 14, 2019; (3) growth of the newly formed ice from September 13,

2019, the latest estimated time of freeze-up until the first EM survey on October 14, 2019; and (4)

growth of the second-year ice (SYI) from its estimated thickness on September 25, 2019, given in

Krumpen et al. (2020), up to the time of the first EM survey on October 14, 2019. We applied the same

model setup as in Belter et al. (2021) and Krumpen et al. (2019, 2021b), i.e., with a constant ocean

heat flux of 2 W m−2. Ice growth started with an initial ice thickness of 0.1 m. We forced the model

with NCEP/NCAR reanalysis 2-m air temperatures (Kalnay et al., 1996) and snow observations from

Krumpen et al. (2020). The 2-m air temperature was extracted along the MOSAiC drift trajectory. For

the time before Polarstern arrived in the study area, we used the Lagrangian tracking system ICETrack

(Krumpen, 2018; Krumpen et al., 2020) to reconstruct the drift trajectory. We validated the model with

individual measurements from the SIMBAs from October 2019 until April 2020 and found good agree-

ment throughout the growth phase. We further used the 2-m air temperature in this study as a proxy

to describe the thermodynamic growth conditions.

4.2.3 Sea ice dynamics from buoys

Marking ice floes with GPS buoys is a well-established method to analyze sea ice dynamics (e.g., Heil

et al., 2008; Hutchings et al., 2011; Itkin et al., 2017; Lei et al., 2020). We have limited our analysis to

sea ice area changes. Divergence causes an increase in area, while convergence causes a decrease

in area. We calculated the area from the four GPS buoys marking the corner points of the EM study

area using the python package GeographicLib (Figure 4.1a, supplement: Figure 4.11, Karney, 2021).

As the buoy setup was not yet completed in October 2019 (Section 4.2.1), we backward-extended the

area time series to October 2019 with a second buoy at 14-km distance to the original one. Due to the

change in area size, the first part (October 14, 2019 to April 17, 2020) and the second part (April 17

to July 31, 2020) of the area time series were not directly comparable to each other. When the buoys
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approached the ice edge after July 31, 2020, they drifted quickly apart from each other, resulting in

a strongly distorted shape for which area estimates were too uncertain to be useful. Therefore, we

restricted the area time series to October 14 to July 31. This approach also ensured that we were

excluding data from freely floating GPS buoys. We calculated two metrics based on the time series:

net area change and accumulated area change. Net area change was the difference between the start

and end of the time series. This metric identifies whether divergence or convergence dominated.

We estimated the accumulated area increase and reduction by adding up the daily (hourly) opening

and closing motion, treating the two separately. Because deformation events occurred on very short

time scales (several hours), the accumulated area change can describe more accurately how much

divergence and convergence the ice experienced.

4.3 Results and discussion

The main aim of this study was to describe the temporal evolution of the ITD from fall to late summer

in the Distributed Network with comparisons to the Central Observatory. The contributions of ice

dynamics to the ITD and mean thickness are the focus of our analyses.

4.3.1 Large-scale ice thickness distributions in the Transpolar Drift from

fall to late summer

We characterized the sea ice conditions in fall, late winter, early summer, and later summer based

on four large-scale, Distributed Network surveys from October 14, April 17, June 21, and September

2 (bold in Table 4.1, Figure 4.2). For simplicity, we refer to winter, spring and summer as the time

between the surveys, i.e., winter: October 14 to April 17, spring: April 17 to June 21, and summer: June

21 to September 2. For completeness, we display the full time series of EM surveys in Figure 4.3, and

Table 4.1. An important aspect while analyzing the data is that they also present a spatial evolution

along the Transpolar Drift from the Siberian Arctic into Fram Strait (Figure 4.1a).

In the Siberian Arctic in fall (October 14), 31 % of the ice was level with a few ridges and frozen leads

(Figure 4.3b). The EM survey revealed a rather uniform ice thickness distribution with most ice be-

tween 0.4 m and 0.8 m thick (Figure 4.2a). From its formation history, we knew that the ice consisted

of two ice types: (1) new ice formed during fall freeze-up, and (2) SYI that had survived the summer

and was advected from upstream of the Transpolar Drift (Krumpen et al., 2020).

We explored how the two ice types differed in their thermodynamic ice thickness by initializing the

simple thermodynamic model with the observations of Krumpen et al. (2020, Section 4.2.2) . The

model showed that by the time of the survey, the SYI and new ice forming after September 1 or 13,

2019, had reached very similar thermodynamic total thicknesses of 0.5–0.6 m. This thickness fits very

well to the observed modal thickness of 0.5 ± 0.1 m on October 14, 2019 (Table 4.1). The similar

thicknesses imply that we cannot separate new ice and SYI on the MOSAiC floe based on their ther-

modynamic thickness alone. However, other structural properties may help to distinguish between

the ice types. For example, Krumpen et al. (2020) described the ice as severely weathered, with only

the upper 0.3 m being solid and abundant frozen-over melt ponds. In addition, the new ice and SYI

likely differed in their mean thickness. The thick (>3 m) ridges in the tail of the ITD are most likely



4.3. RESULTS AND DISCUSSION 75

Early summer

Late winter
Fall

Late summer

Level ice
Deformed ice

Season

Ice classi�cation

a b c

d e

PD
F 

(m
-1)

Fall
October 14, 2019

Late winter
April 17, 2020

Early summer
June 21, 2020

Late summer
September 2, 2020

PD
F 

(m
-1)

PD
F 

(m
-1)

PD
F 

(m
-1)

PD
F 

(m
-1)

Thickness (m) Thickness (m)

Thickness (m) Thickness (m) Thickness (m)

Figure 4.2. Ice thickness distributions (ITDs) from fall to late summer. ITDs from (a) fall, (b) late winter, (c)
early summer, and (d) late summer, with (e) ITDs from a–d for a better comparison. For a–c, the ITDs show the
relative contribution of level (blue) and deformed (orange) ice to the all ice ITD (outline). We did not calculate
level ice percentage for late summer (Section 4.2.1.2).
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SYI and increase the mean substantially. Those ridges account for a quarter of the ice volume and

doubled the overall observed mean compared to the observed mode (Table 4.1).

Crossing the Central Arctic, by late winter (April 17), the ice had turned into a heterogeneous ice cover

with pronounced ridges and active cracks. Over the winter, the mean total thickness doubled and

became more heterogeneous, as seen by the increase of the interdecile range (Figures 4.2b, 4.3b). The

EM survey showed that ridges became much more abundant, but not necessarily higher (see mean

ridge spacing, area fraction, and thickness of ice thicker than 3 m in Figure 4.3d). The change in level

ice thickness is interesting to note: 16 % of the level ice from fall was consumed during ridging and

6 % new, thin level ice had formed in leads (Figure 4.3b). Most of this new level ice was 0.9 m ± 0.1 m

thick and created a secondary mode in the ITD (Figure 4.2b).

In early summer (June 21), the MOSAiC expedition had reached the western Nansen Basin, located

to the north of Fram Strait. The floes were surrounded by open water patches and shrunk in size

to 2–3 km in diameter. As the melt season progressed, melt ponds formed. The EM survey revealed

heterogeneous and heavily deformed ice, and reached a maximum thickness in early summer (see

mean thickness, interdecile range, level ice occurrence in Figure 4.3a,b,d). The increased area and

thickness of ridges account for more than a third of the total ice volume (Table 4.1). The volume of

ice thicker than 3 m must be considered as a lower estimate of the ridge volume, because the level ice

classification revealed that ridges thinner than 3 m were also abundant. The substantial fraction of

deformed ice between 2 and 3 m thick can be seen in Figure 4.2c.

In Fram Strait in late summer (September 2), small patches of ice were surrounded by open water

and some thin, new ice. The preceding five days with air temperatures below zero most likely facili-

tated new ice formation. The remaining snow was completely melted (personal communication, DV

Divine, Norwegian Polar Institute). The airborne EM survey was consistent with those visual observa-

tions and revealed a mixture of open water (mode at 0.1 ± 0.1 m) and rotten, often strongly deformed

ice (second mode at 0.9 ± 0.1 m; Figure 4.2d). The interaction of melting and divergent motion cre-

ated more open water and caused a large drop in the mean ice thickness (Figure 4.3a). Interestingly,

during the melting period, the fraction of very thick ridges (>5 m) stayed almost constant while the

thinner ice melted more quickly which explains the increase in mean thickness of ice thicker than 3 m

seen in Figure 4.3d compared to the overall decrease in mean ice thickness (Figure 4.3a). However,

the causes of the increase in ridge spacing (Figure 4.3d) still need to be explored in detail which might

require additional auxiliary data because the late summer survey is only a subset of the study region

in June.

We discuss the seasonal cycle of ice thickness in the context of the satellite-derived thickness time

series covering a 50-km radius around Polarstern. The EM surveys indicated less thickening over

the winter than the CryoSat-2 time series (Hendricks and Ricker, 2020; Krumpen et al., 2021b). This

difference is likely linked to the uncertainty in the snow load parametrization of the CryoSat-2 re-

trieval. The CryoSat-2 and EM retrievals agree within their uncertainties in fall, but over the winter,

the CryoSat-2 total thicknesses increased more strongly than the EM surveys (Figure 4.3a), which

resulted in temporary differences of up to 0.6 m on April 4, 2020. In mid-April, the CryoSat-2 total

thickness retrievals were strongly variable (1.5–3.2 m between April 9 and 19, 2020), but the average

thickness of 2.5 m over these ten days agreed with the EM total ice thickness on April 17, 2020. The

effects of ice dynamics were seen in the increase of interdecile and interquartile range in both the
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Figure 4.4. Spatial differences in ice thickness in fall and late winter. Differences between the Distributed
Network ice thickness and the Central Observatory ice thickness are displayed in (a,d) and (b,e) for fall and late
winter, respectively. Differences between the Distributed Network and the Extended Distributed Network are
shown in (c,f) for late winter. Ice thickness distributions of the different scales were measured on (a,d) October
14, 2019, (b,e) April 26 and 30, 2020, and (c,d) April 4, 2020.

EM and CryoSat-2 ITDs (Krumpen et al., 2021b). The ICESat-2 time series from December 2, 2019,

to April 11, 2020, and the EM-Bird time series revealed similar growth rates of 0.779 cm/day and 0.73

cm/day, respectively (Koo et al., 2021). However, ICESat-2 systematically indicates 0.2–0.3 m thicker

ice than the EM surveys (Koo et al., 2021).

The seasonal thickness cycle observed here is consistent in the timing and magnitude with those from

several other Arctic studies. The peak-to-trough amplitude of 1.4 ± 0.2 m is slightly higher, yet it is

within the uncertainty compared to other estimates, which range between 0.6 m and 1.20 m (Hansen

et al., 2015; Perovich and Richter-Menge, 2015; Kwok, 2018). Compared to the year-long field exper-

iment Surface Heat Budget of the Arctic Ocean (SHEBA) that took place in 1997–1998 on MYI in the

Beaufort Sea, our winter growth rates are twice as large, consistent with the initially thinner ice in

the MOSAiC region, but summer thinning rates are similar (Perovich et al., 2003). Like Hansen et al.

(2015) but in contrast to Rösel et al. (2018), we found the maximum mean thickness in June, although

the thermodynamic growth ended in April. For a detailed discussion on the dynamic contribution

that caused this discrepancy, we direct readers to Section 4.3.3. The strong seasonal cycle of thin and

thick ice fractions emphasizes how crucial the knowledge of seasonal ITDs is for various seasonal

processes, e.g., heat and gas exchange in winter and melt pond formation in summer.

4.3.2 Spatial differences in ice thickness

In the previous section, we described the temporal evolution of the ice thickness in the Distributed

Network. Many of the spatially limited observations made during MOSAiC need to be tested for their

spatial representativeness on larger, pan-Arctic scales. Because ice thickness is crucial for many of

the observations, we investigate if the thickness observations carried out in the vicinity of the Central
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Observatory (<10 km) were representative of the Distributed Network (<50 km) and the Extended

Distributed Network (>50 km) by comparing observations from all three spatial scales (Figure 4.4).

First, we compare the Central Observatory and the Distributed Network in fall and in late winter

(Figure 4.4a,b). In fall, the mean and modal thicknesses were alike, but a detailed look at the ITDs

revealed some interesting differences. The Central Observatory consisted of above-average thin ice

(0.2–0.8 m) and above-average thick, ridged ice >4 m. The differences were rather small for the thin

ice (26 % difference in aerial coverage, 56.0 % vs 44.3 %) while the thick ice was three times more com-

mon in the Central Observatory than in the Distributed Network (3.7 % vs 1.2 %). The intermediate

ice thicknesses between 0.8 m and 4 m were similar or underrepresented in the Central Observatory

compared to sea ice at larger distances (Figure 4.4 a,d). The larger fraction of thicker ice (>4 m) is

due to the presence of an area of heavily deformed SYI zone in the center of the Central Observatory,

called ‘the fortress’. The differences in ice properties can be seen well in SAR images (Figure 4.5) and

the ice thickness parameters (Figure 4.3). The fortress favored the logistical choice for the location of

the Central Observatory as it promised stable ice for the whole drift experiment.

In late winter, the ice regime in the Central Observatory was characterized by an above-average mean

ice thickness of 2.5 m (April 30, 2020) compared to the Distributed Network (2.3 m, April 26, 2020).

Strong gains at the lower end of the ITD caused the observed difference combined with the thick

deformed sea ice of the fortress.

Second, we compare the Distributed Network with the Extended Distributed Network. To elaborate,

we split the large-scale flight on April 4, 2020, into a part covering the Distributed Network and the

Extended Distributed Network. We found the Extended Distributed Network to be only 0.03 m thicker,

which is below the uncertainty of our measurements. The comparison revealed, however, that the

Extended Distributed Network had recently experienced a large divergence event that created thin

ice (0.2–0.6 m), which was not found in the Distributed Network survey (Figure 4.4c,e).

This example of the divergence event in the Extended Distributed Network illustrates well that our

comparison is limited by the small number of observations and the continuous spatial and temporal

variability induced by the dynamics. Keeping this in mind, we conclude that the differences in mean

thickness between the three scales were small but the relative abundance of thin and thick ice varied.

We hypothesize that two processes may explain the faster growth of sea ice in the Central Observatory

over the winter. (1) Faster thermodynamic ice growth of the originally thinner and likely less snow-

covered ice of the Central Observatory resulted in faster ice growth. The simultaneous increase in

modal and mean thickness supports this thermodynamic hypothesis. (2) The initially thinner ice

experienced more ridging and dynamic thickening than the surroundings. For an enhanced dynamic

thickening, we expected the large differences in ridge abundance (e.g., mean ridge spacing, ice thicker

than 3 m) to decrease between the Central Observatory and the Distributed Network, which is only

partly the case (Figure 4.3d). This points towards faster thermodynamic growth as the reason for the

difference in thickness increase between the Central Observatory and Distributed Network. Based

on the limited data, we did not find further evidence for a thin sea ice anomaly in the Distributed

Network compared to the wider surroundings as suggested by Krumpen et al. (2020, 2021b).
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Table 4.2. Thermodynamic and dynamic thickness change during the seasonal cycle.

Season Thermodynamics Dynamicsa Accum. convergence Accum. divergence
(m) (m) daily, hourly (%)b daily, hourly (%)b

winter 1.0 0.1 59, 126 60, 129
spring –0.1 to 0.0 0.3 11, 60 29, 78
summer –1.2 not estimated not available not available

aDivergence-induced new ice formation.
bCalculated from the time series of area change at daily and hourly resolution.

4.3.3 Dynamic and thermodynamic thickness changes

The previous sections described the strong seasonal cycle of the mean ice thickness parameters in

the Transpolar Drift and addressed spatial variability. Below, we analyze the processes responsible

for those changes and separate contributions of dynamic and thermodynamic growth. These aspects

are summarized in Table 4.2 and Figure 4.6. We used air temperature to compute the thermodynamic

growth conditions and present this time series in Figure 4.7b. To infer the prevailing dynamic condi-

tions, we analyzed the time series of area change as presented in Figure 4.8. A series of snapshots of

the area change is displayed in the supplement (Figure 4.11) and the video available from von Albedyll

(2021a).

4.3.3.1 Fall to late winter in the Siberian and Central Arctic: ice growth and redistribu-

tion

Thermodynamics

In winter, the average air temperature was –25°C and hence strong thermodynamic growth occurred.

Figure 4.7b shows the time series of thermodynamic growth as observed by the SIMBAs (black lines).

To estimate the thermodynamic growth of each initial ice thickness on October 14, 2019, we interpo-

lated and extrapolated the SIMBA observations (see Section 4.2.2, green to blue lines in Figure 4.7b).

For ice thinner than 0.3 m not covered by the SIMBAs, we used a thermodynamic model (gray lines in

Figure 4.7b). Results show that, on average, thermodynamic growth contributed 1.0 m to the observed

thickness change. To calculate this number, we estimated the thermodynamic thickness growth for

each initial thickness observation between fall and late winter based on the interpolated SIMBAs and

calculated a late winter ITD when only thermodynamic growth of the different thickness classes is

considered (Section 4.2.2). The procedure is also shown in Figure 4.9a which displays the three ITDs:

(1) the fall ITD (dark blue), (2) the late winter ITD resulting from the fall ITD when thermodynamic

growth of the different thickness classes is considered (light blue), and (3) the observed ITD in late

winter (red). Thus, 1.0 m is the mean growth weighted by the observed relative abundance of thin

and thick ice. As the thinner ice started to grow earlier and faster than the thicker ice, thermodynam-

ics reduced the differences between thinner and thicker ice (Figure 4.7b), resulting in a narrower ITD.

This effect can be seen with the dark blue (observed, fall) and narrower light blue (thermodynamically

adjusted, late winter) ITDs in Figure 4.9a.

Dynamics

With a mean thickness increase of 1.1 m and undisturbed thermodynamic growth of 1.0 m, we at-

tributed the remaining 0.1 m to deformation-related ice thickening over the winter. Additionally, dy-
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Figure 4.9. Separating the thermodynamic and dynamic changes of the ITDs. (a) Changes between fall (Oc-
tober 14, 2019) and late winter (April 17, 2020); (b) late winter and early summer (June 21, 2020); and (c) early
summer and late summer (September 2, 2020). Each panel shows the observed ITD at the initial time, the
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observed ITD at the later time. The differences between the calculated ITDs resulting from thermodynamic
growth and the observed ITDs at the later time are shown in panels d–f and represents the changes in the ITD
that cannot be explained by thermodynamics and are therefore attributed to dynamics. The cross-hatched part
of the ITD in late winter in panel a marks all ice thicker than 1.6 m. Between late winter and early summer, the
net thermodynamic contribution was zero. Therefore, the initial observed and calculated ITD are identical in
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namics caused a more heterogeneous ice cover with a broader ITD with reduced skewness and kurto-

sis (Figures 4.6, 4.9a). As divergence and convergence have opposing effects on the mean thickness,

we considered their contributions to the net mean growth separately. Overall, the time series of area

change shows that area opening and closing balanced each other over the five months with a zero net

area change (Figure 4.8).

To separate between the effects of divergence and convergence, we distinguished ice that formed

before and after fall based on its thickness. By late winter, undisturbed thermodynamic growth had

thickened all ice from fall to at least 1.6 m. In turn, all thinner ice was formed by divergence after fall

(the part of the red ITD not cross-hatched in Figure 4.9a). This thin ice covered 12 % of the area and

had a mean thickness of 1.1 m. Thus, divergence-induced new ice formation added at least 0.1 m, i.e.,

0.12 × 1.1 m, to the mean ice thickness. A significant portion of the new, thin ice had a rather uniform

thickness of 0.9± 0.1 m forming a secondary mode (Figure 4.2b). Based on the thermodynamic model

(Section 4.2.2), we estimated that this ice formed between March 14 and April 1, 2020, in one large or

several small divergence events in quick succession.

In a Lagrangian reference system, the mean ice thickness increases when the survey area shrinks.

While the net area change was close to zero, we found an accumulated area decrease of 59 % that

describes the isolated effect of convergence (Figure 4.8, Table 4.2). To calculate the thickening of the

ice that already existed in fall, we compared the thermodynamic equivalent (light blue ITD in Fig-

ure 4.9a) with the part of the observed ITD in late winter that formed before fall, i.e., had a minimum

thickness of 1.6 m (cross-hatched part of the red ITD in Figure 4.9a). Redistribution of the 2.1-m thick
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thermodynamic equivalent resulted in 2.4-m thick observed ice in late winter, i.e., an increase of 14 %

relative to 2.1 m (Figure 4.9a). Therefore, we concluded that 59 % of accumulated convergence led to

14 % ice thickening. This apparent disagreement indicated that the majority of the accumulated area

decrease must have gone into closing of open water leads instead of ridging. This agrees well with the

zero net area change over this period.

The accuracy of the two estimates for the effects of divergence and convergence is dependent on the

ice that formed in winter but was ridged into ice classes thicker than 1.6 m. To assess this limitation,

we evaluated whether the thickness increase of 14 % can be explained by the area decrease alone or

whether additional ice was necessary. We found that a mean thickness increase from 2.1 m (thermo-

dynamic thickness in late winter) to 2.4 m (thickness in late winter >1.6 m) requires an area reduction

by 12 % to 88 % of its original area, which is identical to the area occupied by the thickness classes

>1.6 m (cross-hatched part of red ITD in Figure 4.9a) in the observed late winter ITD. This comparison

leads to two important conclusions: (1) our estimates of the effects of divergence and convergence

are robust, and (2) over the winter, ridging predominantly redistributed the ice pre-existing in fall.

4.3.3.2 Late winter to early summer in the western Nansen Basin: Deformation of thin

lead ice

Thermodynamics

In contrast to the winter, the SIMBAs and snow transect measurements indicated that the thermo-

dynamic net contribution in spring was between –0.1 and 0 m. The SIMBAs showed thermodynamic

growth of 0.1 m from mid-April until mid-May with constantly cold air temperatures. In mid-May,

when air temperatures eventually rose to and stayed near 0°C, thermodynamics quickly turned into

melting, and thickness decreased by 0.2 m. The thickness increase in the first half of this period was

primarily ice growth at the bottom while melting affected mainly the snow. As described in Sec-

tion 4.2.1.3, the SIMBAs likely overestimated the snow melting and the transects suggested that snow

decreased only by 0.1 m between May 7 and June 17, 2020 (Figure 4.7a). The very similar EM modal

thicknesses agree with the insignificant thermodynamic change. Although the modal thickness of all

ice increased by 0.2 m, the modal thickness of the level ice did not (Figure 4.3a). Figure 4.2c shows that

the all-ice and level-ice modes differ because deformed ice contributed to about 50 % of the mode.

Dynamics

In the absence of any significant thermodynamic change, we attributed the increase in mean thick-

ness of 0.3 m to deformation-related ice production. At first sight, the large dynamic contribution is

surprising because divergence dominated the sea ice deformation in spring. In total, the survey area

increased by 23 % (Figure 4.8). At the same time, the study region also experienced shear that dis-

torted the original shape of the buoy array (Figure 4.1b). The effect of shear can also be seen in the

distance time series shown in Figure 4.8 where one buoy shortened its distance to Polarstern while

the others moved away.

Quantifying the individual effects of divergence and convergence is very challenging for spring. We

note that despite the predominant divergence, the open-water fraction was still below 1 %. The slight

increase in abundance of ice thinner than 0.6 m (Figure 4.2c) indicates some new ice formation after

divergence (Figure 4.8).
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In contrast, there are several indications of dynamic thickening of the sea ice cover (Figure 4.3a,d). For

example, the mean ridge spacing decreased, and the areal fraction of ice thicker than 3 m increased

significantly (Figure 4.3d). Those changes were created by 11 % of accumulated convergence (daily)

and most likely shear that acted on the ice (Figure 4.8).

How was so much dynamic thickening possible despite the predominantly divergent conditions?

Based on the ITDs, we suggest a redistribution mechanism with a combination of divergence and

convergence, also referred to as the ‘ridging pump’. Thin ice was formed between April and mid-May

in leads and was ridged and rafted shortly after its formation into 2-3 m thick ridges. To evaluate

this hypothesis, we compared the loss of ice volume thinner than 2 m and the increase in ice volume

thicker than 2 m. Indeed, the observed loss of ice thinner than 2 m can explain only 60 % of the gain in

ice thicker than 2 m which means that new ice formation must have taken place to explain the differ-

ence. This new ice, together with the pre-existing thin ice, was then effectively ridged (Section 4.3.4).

These results indicate that in spring, formation and deformation of thin lead ice was the dominant

process shaping the ITD.

4.3.3.3 Early to late summer in Fram Strait: Melting and divergent motion

Thermodynamics

From June 21 to September 2, thermodynamic melting was responsible for the majority of the ob-

served thinning. During this time, average air temperatures were positive (0.85 °C) and varied be-

tween –4 and 2°C. Only five days before the survey on September 2, air temperatures had dropped

below 0°C. In these Arctic summer conditions with warm air temperatures, solar radiation, ocean

heat flux, and strong melt, little to no new ice formation was expected. In the absence of valid SIMBA

observations, we followed the approach of Lange et al. (2019) and estimated the total (ice and snow)

melt by subtracting the late summer modal ice thickness from the early summer modal thickness.

For the late summer modal thickness, we picked the non-open water mode, i.e., ice mode, at 0.9 ±
0.1 m (Figure 4.2d). Thus, a rough estimate of the thermodynamic melt is 1.2 m or 0.02 m/day. Mean

ice thickness decreased by the same amount. Surprisingly, the thickness of the thickest 10 % dropped

more slowly from 4.8 m to 4.2 m with 0.01 m/day and the ice thickness of the ice thicker than 3 m even

rose (Figure 4.3d), possibly indicating preferential melting of thin ice. As the late summer survey cov-

ered only a part of the early summer survey (Section 4.2.1), our estimates may still underestimate the

overall thinning. For example, ice that had drifted eastwards towards the ice edge and could not be

surveyed (Figure 4.1a) had most likely experienced greater ocean heat flux and will thus have melted

faster.

Dynamics

Divergence and ocean waves dominated the last phase of the drift. The loose ice pack with ice con-

centrations below 60 % in July (Krumpen et al., 2021b) caused the survey area to spread out. Since

convergence only closes open water in such low ice concentrations, we did not expect any significant

dynamic thickening during this period.

The contributions of thermodynamics and divergent motion to the observed ITDs are shown in Fig-

ure 4.9c. The figure shows the early summer ITD and an ITD for late summer which was obtained by

subtracting uniform melting of 1.2 m (see thermodynamics paragraph) from the early summer ITD.
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The calculated late summer ITD agrees reasonably well with the observed late summer ITD for all ice

thicker than the ice mode of 0.9 ± 0.1 m, but underestimates the presence of ice thinner than the ice

mode.

We suggest that mutually reinforcing processes have most likely caused ice thinner than the ice mode

to melt faster. One possible process could be dynamics that have fractured the thinner ice along with

weaknesses, thus exposing more area to lateral melt, and releasing heat stored in the upper ocean

(Arntsen et al., 2015). Melt pond formation has likely contributed as well. Besides the summer con-

nection between dynamics and melting, several studies have also shown that winter dynamics pre-

condition the summer melt by creating zones of enhanced melt at thin lead ice and ridge subduction

zones (Perovich et al., 2001; Arntsen et al., 2015; Hwang et al., 2017). Given the location at the end of

the Transpolar Drift, the summer decay continued for the MOSAiC ice floe until the complete melt.

We conclude that sea ice dynamics impact the ice thickness from fall to early summer and potentially

also throughout the summer decay. They require a comprehensive treatment in sea ice models to

gain realistic predictions of the future ice thickness development. The following section is concerned

with how this data set could be used to improve the representation of dynamic thickening in sea ice

models.

4.3.4 Ice thickness redistribution: Comparison of theory and observa-

tions

State-of-the-art sea ice models use mainly two parameterizations to describe the effects of sea ice

deformation on the ice thickness based on Thorndike et al. (1975, hereafter TH75) whose theory was

refined by Lipscomb et al. (2007, hereafter LI07). There have been several suggestions based on the-

ory and observations for the parameterizations (Thorndike et al., 1975; Babko et al., 2002; Amundrud

et al., 2004; Lipscomb et al., 2007); however, thorough validation with a sequence of ITDs of the same

ice is still missing. We demonstrate how to use this data set to evaluate the redistribution parameter-

izations in a sea ice model. First, we summarize the redistribution theory and then highlight some

aspects of the comparison of theory and observations.

Ridging is parameterized in sea ice models by a set of equations that contain tuning parameters and

loosely constrained constants (e.g., Thorndike et al., 1975; Lipscomb et al., 2007). A summary of the

core equations and parameters is given in the appendix. The central element of the redistribution is

the redistribution function ψ that describes how ice of a certain thickness category is redistributed

into others during ridging and shearing (Thorndike et al., 1975). The redistribution function is the

sum of the ice that is lost in ridging and the ice that is redistributed, i.e., forms ridges. The redistribu-

tion function increases proportionally to the deformation magnitude.

We calculated the ice redistribution following TH75 and LI07 for late winter to early summer and

compared the result to the early summer observations (equations in the appendix). We initialized

the redistribution with the early summer ITD. Figure 4.10 compares the observed ITD to the model

output for TH75 and LI07 integrated between April 17, 2020, and June 21, 2020. We forced the redis-

tribution with the closing and opening rates from the time series of area change (Figure 4.8) at daily

and hourly resolution. Opening and closing amounted to a net deformation rate of 23 % where the

positive number indicated area increase. Because we considered the whole ITD, our model setup is
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analogous to one model grid cell with an extent of about 50 × 50 km. We discretized the ITD into

regular bins of size 0.2 m from 0 to 8 m where the last bin contained all ice thicknesses between 8

and 999 m. As our analysis showed that thermodynamic growth and melt of the existing ice were

negligible for this period, we did not consider them in our model (Section 4.3.3).

Figure 4.10a displays the comparison between observations and the model output at the two differ-

ent temporal resolutions. We note that the model underestimates the redistribution and suggests a

much higher open-water fraction. Theory and observations agree particularly well on the fact that

only ice up to a thickness of 2 m is subject to ridging (Figure 4.10d). We found only small differences

between hourly and daily resolution. For the hourly resolution, ice was less often redistributed into

thicker categories. We hypothesize that either unaccounted divergence-induced new ice formation

or underestimating the deformation magnitude could explain the discrepancy between model and

observations.

First, we roughly estimated the effect of new ice formation on the redistribution combining the ridg-

ing with the thermodynamic growth model (Section 4.2.2). Substantial thermodynamic growth was

found between April 14 and May 15 and in the thinnest ice categories (0–0.4 m). For daily time steps,

we calculated new ice formation for the thickness categories 0–0.4 m and added the ice in the ITD.

Figure 4.10b shows that new ice formation in this simple implementation cannot explain the discrep-

ancy alone.

Second, we explored the impact of the deformation magnitude by increasing/decreasing the buoy

area change time series in 10 % increments from net closing rates of –60 % to 78 %. We chose this

range because it covers the most extreme cases of accumulated divergence (hourly) and accumulated

convergence (hourly; Table 4.2). We found the best fit for a net closing rate of –30 % (Figure 4.10c).

The fact that a larger closing rate than observed from the buoy area change is needed to obtain real-

istic model results may hint at spatial limitations as deformation rates are larger for smaller spatial

scales. The buoy area change time series cannot resolve convergence and divergence that balances

each other within the study area and thus remains unaccounted for. SAR satellite-based derived de-

formation may provide higher spatial resolution (1.4 km), but at the downside of lower, daily tem-

poral resolution and a gap between mid-January and mid-March 2020 due to poor satellite coverage

(Krumpen et al., 2021b). A merged, buoy-satellite product may help overcome this shortage to gain

realistic forcing data.

For a net closing rate of –30 %, we also compared the TH75 and LI07 parameterizations (Fig-

ure 4.10c,d). We note that LI07 created more ridges between 3-5 m than TH75, which fits well with

the observations. We noted that the tail of the observed ITDs, characterized by the e-folding of an

exponential fit to all ice thicker than the mode, changed only slightly. As TH75 predicted a smaller e-

folding change, the TH75 suggestion for the e-folding agrees better with the observations than LI07.

Our comparison is limited by the one-dimensional character of the EM surveys and the footprint

smoothing that underestimates the ridge peak height. Also, in our calculations, thermodynamic

growth and decay were treated very simply. A resolution of 50 × 50 km may be too coarse, and as

a next step, subsets of the EM surveys could be created. A Lagrangian model (e.g., ICEPACK, Hunke

et al., 2021), initialized with the conditions and forced with the in-situ observations, will overcome
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Figure 4.10. Observed and modeled ice thickness distributions (ITDs) from June 21, 2020. (a) Comparison
of two modeled ITDs after Lipscomb et al. (2007, LI07) with daily and hourly temporal resolution with the
observed ITD on June 21, 2020. (b) Comparison of two modeled ITDs following LI07 with and without new ice
formation with the observed ITD on June 21, 2020. (c) Comparison of two modeled ITDs following Thorndike
et al. (1975, TH75) and LI07 with a net deformation rate of –30 % with the observed ITD on June 21, 2020. Note
the negative number indicates area decrease. (d) Like (c) but showing the difference between April 17, 2020,
and June 21, 2020, for the observations and the redistribution functions calculated for this period. The dotted
lines show the redistribution functions of the individual time steps and the solid line shows the integrated
redistribution function over the full study period for TH75 and LI07.



4.3. RESULTS AND DISCUSSION 89

those limitations and help explore the nature of the redistribution functions in much more detail.

Potential questions to explore include the following. Can a more complex treatment of new ice for-

mation explain the pronounced differences between 2 and 3 m? Can deformation on a higher spatial

resolution produce realistic results? Could scaling the e-folding in the LI07 parameterization with the

deformation magnitude as suggested by von Albedyll et al. (2021a) improve the agreement with the

observations?

4.3.5 Dynamic thickening

Figure 4.6 and Table 4.2 summarize the thermodynamic and dynamic contributions over the study

period. One unexpected finding was the large, positive dynamic net contribution during the

divergence-dominated drift regime in spring. In the following, we explore the prevailing conditions

and consequences of this phenomenon.

First, we ruled out that more deformation was responsible for the dynamic thickening. Even though

the mean area changes were larger in spring than in winter, the accumulated area change was not

because we examined a much shorter time. In addition, we noted that the mean thickness was largest

(Table 4.1).

Second, dynamic thickening seems to work more efficiently when paired with sufficient divergence

that creates thin, new ice that is easy to deform. Krumpen et al. (2021b) confirmed the higher abun-

dance of leads with satellite imagery for this phase of the drift. We suggest that dynamic thickening

works more efficiently in a mobile, divergent drift regime as long as new ice formation occurs.

Third, the spring drift differed from the winter in the enhanced sub-daily motion. Because reoccur-

ring opening and closing of leads can increase the sea ice mass balance, it may also contribute to the

enhanced dynamic thickening (e.g., Heil and Hibler, 2002; Kwok et al., 2003; Hutchings and Hibler,

2008). To quantify the presence of sub-daily motion, we calculated the accumulated area expansions

on an hourly and daily basis and compared them (Table 4.2). For winter, the hourly accumulated area

expansion and reduction is 2.2 times larger than when calculated daily. The larger ratio for spring,

i.e., 2.7 (area expansion) and 5.2 (area convergence), points to more sub-daily opening and closing.

Stronger tides and inertial motions in spring may have a role in the enhanced dynamic thickening.

Although we have discussed the dynamic contribution more in a temporal sense, the Lagrangian drift

also allows a spatial interpretation. The MOSAiC floe was approaching Fram Strait between late win-

ter and early summer. The distance to the ice edge defined as 15 % ice concentration reduced from on

average 801 km (winter) to 374 km (spring; Krumpen et al., 2021b) and the MYI fraction in the wider

surroundings fell from on average 55 % to 0 % beginning of March (data not shown; University of

Bremen, 2021; Ye et al., 2016a,b). The region in which the MOSAiC floe was located during this time

showed higher lead fractions in almost all seasons (Krumpen et al., 2021b, their Figure 15a). Taken

together, we suggest that a mobile, divergence-dominated drift regime with tidal motions favors dy-

namic thickening.

What are the consequences of dynamic thickening under those conditions? First, the maximum mean

thickness was reached later in the season after the melt onset. This finding is in agreement with

Hansen et al. (2015) who reported the same for their time series of mean and modal sea ice thickness
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in Fram Strait. Second, these results open up interesting perspectives on how dynamic thickening

could develop if the warming Arctic implied a more divergent, mobile ice regime. Modeling studies

are required to explore such scenarios.

We compared our results to Koo et al. (2021) who analyzed the ICESat-2 mean thickness and the

same SIMBAs as here along the MOSAiC track from December 2019 to mid-April 2020. Both studies

agreed that the dynamics increased the mean thickness. Koo et al. (2021) found a larger dynamic

contribution of 34 % (individual SIMBAs) and 43 % (spatial average) while this study indicated 10 %

for roughly the same time (October 2019 to April 2020). We attribute the discrepancy mainly to the

different thermodynamic growth rates. The rates of Koo et al. (2021) are lower because they did not

explicitly consider the ITD while calculating the average of the thermodynamic contribution, which

favors thicker ice with lower growth rates. In addition, their study period starts in December, resulting

in a different average growth rate.

Our estimates for the dynamic thickening in the Transpolar Drift support previous studies highlight-

ing the importance of dynamic thickening elsewhere in the Arctic. Deformation-related ice produc-

tion of 0.4 m or 30 % of the total thickness change of 1.4 m corroborates the satellite-based estimates

(0.3–0.5 m) from Kwok (2006) that were derived from RGPS data covering the Pacific part of the Arctic.

They are higher than the extrapolated estimates from storm events north of Svalbard (7 % increase in

ice volume; Itkin et al., 2018), where a deformation event after a single minor storm was sampled over

a confined area. Although those studies examined different locations and seasons, they add to the

growing body of research that indicates that the divergence-induced new ice production contributes

on the order of 30 % to the sea ice mass balance. What is unique about this research is that it quantifies

dynamic thickening along the life-cycle of ice in the Transpolar Drift. Thus, we argue that our results

are representative of a large portion of the drifting Arctic pack ice. Satellite-based studies like, e.g.,

Koo et al. (2021) using ICESat-2 will help to extend our knowledge on dynamic thickening to other

dynamic regimes, as, e.g., the Beaufort Gyre and over multiple years.

4.3.6 Limitations

Below we discuss the main sources of uncertainty to address the limitations of our results.

4.3.6.1 Seasonal cycle and redistribution of snow

The redistribution and spatial variability of snow is the largest source of uncertainty for the dynamic

contribution. Unaccounted snow may have led to an overestimation in winter and an underestima-

tion in spring.

In winter, the largest source of uncertainty is the differing and irregular snow accumulation in space

and time over level ice and ridges. Strong winds during storm events can cause abrupt wind erosion

followed by rapid snow deposition close to ridges, inducing a strong temporal and spatial variabil-

ity. Wagner et al. (2021) reported that in the Central Observatory more than 50 % of the precipitation

was eroded and mostly deposited close to ridges or in the depressions of frozen leads. The transects

showed snow accumulation of about 0.2 m while the SIMBAs deployed on level ice indicated only

0.1 m. Thus, we assumed that the difference between SIMBAs and transects reflects the different con-

ditions over level ice (SIMBAs) and all ice (transects). Hence, for the majority of the ice which is level
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ice with the modal thickness, snow thickness changes over the growth season were as small as 0.1 m.

Close to ridges, the accumulation was higher, which is also reflected in the large standard variability

of 0.16 m in the transect measurements in this period (April 16, 2020). What are the implications for

the estimated dynamic contribution of 0.1 m? Since the SIMBAs most likely underestimated snow ac-

cumulation close to ridges, our estimated total ice growth including snow accumulation in the thicker

ice categories may be too small. For example, the more frequent occurrence of ice with a total thick-

ness larger than 3 m in spring might not only be related to ridging, but also to snow accumulation in

or adjacent to ridges. Therefore, in turn, we may have overestimated the dynamic contribution. The

difference between the SIMBA and transect snow accumulation of 0.1 m gives a first rough estimate

of the magnitude of this overestimation. Against this estimate we observed that the fraction of newly

formed ice (thinner than 1.6 m) adds up nicely to a contribution of 0.1 m to the total mean, which

supports our former estimate of a dynamic contribution of 0.1 m (Section 4.3.3).

In spring, from late winter to early summer, the transects indicate that about 0.1 m of snow was

melted. Potentially, this loss was even up to 0.1 m larger, as indicated by the SIMBAs. The spatial

variability on the transects was still large (0.18 m, May 7, 2020). Because we assumed a snow accu-

mulation and melt of ± 0.1, any larger snow melt that actually took place reduced our estimate of the

dynamic contribution. Thus, for spring, the snow thickness uncertainty may imply an underestima-

tion of the dynamic contribution by up to 0.1 m.

Taken together, the spatial variability of snow has introduced an uncertainty of ± 0.1 m to the ice

thickness. Seasonal effects probably offset each other at least in part between winter and spring. The

consistent message from parameters dependent and independent of snow, e.g., interdecile range and

the ridge spacing, clearly strengthens the validity of our key messages. Snow ablation and accumu-

lation due to wind with respect to surface roughness require a sophisticated model approach (e.g.,

Liston et al., 2007, 2020) that is beyond the scope of this study but should be an aim of future analy-

ses.

4.3.6.2 EM measurement uncertainties

Besides the uncertainties related to the EM footprint (Section 4.2.1), care should also be taken when

interpreting the thickness of the porous SYI in October 2019 (Krumpen et al., 2020) and likely the ice

in September 2020 during the break-up. The seawater-filled pores in the ice and the brackish water

in the broken-through melt ponds pick up the electromagnetic currents and likely underestimate the

true ice thickness, including the rotten part. Thus, the FYI and SYI possibly may have differed in ice

thickness in October 2019, but the EM survey could not resolve the difference. Platelet ice that was

observed mid-winter beneath the MOSAiC floe and its potential contribution to ridge consolidation

(Katlein et al., 2020) could have biased the EM-thickness as well; however, no direct observations exist

for the April flights. We also note that on the MOSAiC floe at the end of June, refreezing freshwater in

porous ridges and a freshwater lens below parts of the MOSAiC floe were observed with yet unclear

consequences for the EM retrieved ice thickness. The absence of conductive seawater would likely

lead to thicker ice retrievals and introduce a bias for non-consolidated ridges.
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4.3.6.3 Correct representation of dynamic and thermodynamic processes

Dynamic and thermodynamic growth depends on the ice thickness and thus influences each other.

A simple separation, as presented here, identifies the dominant processes but is not completely ac-

curate. However, from the good agreement between the thermodynamically estimated modal ice

thicknesses and the observed level ice thickness (Figure 4.9), we are confident that errors are smaller

than the bin width of 0.2 m. A higher temporal resolution of ice thickness observations could over-

come this limitation partly, and we expect a further in-depth analysis of thermodynamic and dynamic

contributions with, e.g., ICESAT-2.

For simplicity, we have chosen air temperature and area change as proxies to describe thermody-

namic and dynamic processes, deliberately neglecting the influence of humidity, wind, incoming ra-

diation, and ocean heat flux, and shear. As a next step, we suggest using a full numerical sea ice model

to explore the full range of interactions of dynamics and thermodynamics.

4.4 Conclusions

In the warming Arctic, sea ice is thinning and will likely experience a stronger seasonality. Under-

standing the consequences of the extensive changes requires knowledge of the relative, seasonal

contributions of thermodynamics and dynamics to the sea ice thickness distribution. The MOSAiC

research project provided a unique opportunity to collect Lagrangian large-scale, airborne sea ice

thickness and surface roughness data. Drifting with the ice, we surveyed approximately the same ice

between October 2019 and September 2020 in the Transpolar Drift to analyze the temporal evolution

of the sea ice thickness distribution.

The main goal of this study was to describe and quantify the seasonal contributions from thermo-

dynamics and dynamics to the mean sea ice thickness. We have identified a seasonal cycle in mean

thickness from 1.1 m (October 2019) to 2.5 m (June 2020) to 1.4 m (September 2020) followed by the

complete melt at the end of the Transpolar Drift. The peak-to-trough amplitude and its timing are in

good agreement with previous Arctic studies (e.g., Hansen et al., 2015; Perovich and Richter-Menge,

2015). From fall to late winter, we observed the strongest thermodynamic growth. Ridging redis-

tributed the ice already existing in fall, and deformation-related ice production increased the mean

thickness by 0.1 m compared to an undisturbed thermodynamic growth. In spring, when the MO-

SAiC Central Observatory was in the western Nansen Basin, approaching Fram Strait from the north,

dynamic and thermodynamic growth was significantly different from the winter period. There was a

negligible thermodynamic contribution but 0.3 m of dynamic thickening. The effective ridging of thin

lead ice led to this large contribution. We identified the mobile, divergence-dominated drift regime

that experienced substantial sub-daily, periodic motion as the most likely mechanism of the larger

dynamic contribution. Melting and divergent motion in the marginal ice zone contributed interac-

tively to the decay in thickness and the final break-up of the sea ice cover in summer. Taken together,

thermodynamics dominated the Lagrangian sea ice thickness change. Ice dynamics increased the

mean thickness from fall to early summer by 0.4 m, i.e., 30 % of the total change and enhanced the

heterogeneity of the ice thicknesses by creating thin lead ice and thick ridges. The temporal evolution

of the ITDs presented here may be of great use for interpreting other MOSAiC time series such as heat,
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moisture and momentum flux, ocean- and air drag, and biological activity. Extending the analysis to

the laser scanner time series on surface elevation, freeboard, and roughness is a crucial next step to

complement our results with additional information, especially during the long gap between October

2019 and April 2020.

Many of the spatially limited observations made during MOSAiC need to be scaled up to provide

a more complete picture of the Arctic. Therefore, the second aim of this study was to investigate

whether the sea ice thickness observations carried out in the vicinity of the Central Observatory

(<10 km) were representative of the regional (<50 km, Distributed Network) and large-scale (>50 km,

Extended Distributed Network) surroundings. We showed that the differences in mean thickness be-

tween the three scales were generally small, but we noted some significant variations in the abun-

dance of thin and thick ice. The Central Observatory consisted of above-average thin ice and above-

average thick ridged ice, while the intermediate thicknesses were underrepresented. We speculated

that the above-average thin ice grew thermodynamically faster over the winter resulting in a thickness

difference of 0.2 m between Central Observatory and Distributed Network in late winter. As possible

from the limited data, we did not find a significant difference in mean thickness between the Dis-

tributed Network and the Extended Distributed Network. The implications of those observations for

up-scaling heat and moisture flux estimates, the internal ice strength, and small-scale sea ice dynam-

ics are subject to further research.

One promising approach for investigating those implications are sea ice models. Because those pro-

cesses depend heavily on the thin and thick ice fraction, accurate modeling of the ITD is crucial. The

temporal evolution of the ITDs presented here may be of great use for sea ice modeling to develop

and validate ice thickness redistribution parameterizations. We demonstrated the potential of this

data set for future modeling efforts by comparing two commonly used parameterizations of ridging

to the observations and identified the e-folding as one potential parameter to improve.

This comprehensive description of the seasonal sea ice thickness properties will serve as a base for

several key MOSAiC time series from different disciplines and, thus, advance our knowledge of the

Arctic climate and ecosystem. The study also extends our understanding of the magnitude and favor-

able conditions of the dynamic contribution to the sea ice mass balance. As the presented data set is

suitable for modeling those processes, we expect it to provide insights on the ambiguous question of

how dynamic thickening may change in the warming Arctic.

Data accessibility

The processed airborne ice thickness data collected during MOSAiC are available un-

der: https://doi.org/10.1594/PANGAEA.934578 (von Albedyll et al., 2021c). The raw air-

borne ice thickness and laser scanner data collected during MOSAiC are available under:

https://doi.pangaea.de/10.1594/PANGAEA.934814 (Hendricks et al., 2021c). The raw air-

borne ice thickness and laser scanner data collected during IceBird 2020 are available under:

https://doi.pangaea.de/10.1594/PANGAEA.924916 (Belter et al., 2020). The snow thickness data

collected during MOSAiC are available under: https://doi.pangaea.de/10.1594/PANGAEA.937781

(Itkin et al., 2021). Sea ice extent and autonomous sea ice measurements (drift) from 01-10-2019

to 2-09-2020 were obtained from https://www.meereisportal.de, grant: REKLIM-2013-04 (Grosfeld
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et al., 2016). We used drift from the following buoys that marked the corner points of the study

region: 2020P217_300234068281900, 2019P188_300234068121990, 2019P124_300234066089220,

2019P92_300234067700760, 2019P90_300234067608220. A time series of buoys is available as

video from: https://doi.org/10.5446/55704 (von Albedyll, 2021a). SIMBA ice and snow thickness is

available under: https://doi.pangaea.de/10.1594/PANGAEA.938244 (Lei et al., 2021). The IDs of the

used SIMBAs are: PRIC0901_2019T62, PRIC0902_2019T63, PRIC0903_2019T64, PRIC0904_2019T65,

PRIC0905_2019T66, PRIC0906_2019T67, FMI0506_2019T56, FMI0509_2019T58, FMI0601_2019T68,

FMI0603_2019T70. TerraSAR-X images shown in Figure 4.5 were provided by the German Aerospace

Center (DLR) and acquired using the TerraSAR-X AO OCE3562_4 (PI: Suman Singha). Multi-year ice

fraction was downloaded from the University of Bremen (last access: 13 August 2021, University of

Bremen, 2021; Ye et al., 2016a,b).
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Appendix: Redistribution Theory

We present the set of equations that we used to calculate the redistribution functions, following TH75

and LI07. More details, e.g., normalizing factors, are found in the respective publications.

Changes due to ice redistribution are given by the redistribution function ψ, which describes how ice

of a certain category is redistributed into another one during ridging and shearing.

The redistribution function (ψ) is proportional to the deformation, expressed by the strain rate mag-

nitude |ε̇|:
ψ= [α(θ)δ(h)+β(θ)wr (h, g )]|ε̇| (4.1)

where δ(h) is the rate of opening (delta function at zero thickness) and wr (h, g ) the ridging mode that

describes closing and ridging. The parameters α and β are defined by the rheology of the ice and are

derived from the respective yield curve (Lipscomb et al., 2007). They distribute ε̇ into contributions

from closing and opening.

We used a simplified setup in our experiment where we considered only pure closing and opening.

For those extreme cases, the time series of area change (∆(t )) is a good proxy for the strain rate mag-

nitude.

Thus, for area expansion (pure opening), α(θ) = 1 and β(θ) = 0, the equation simplifies to:

ψ= δ(h) ·∆(t ) (4.2)

and for area decrease (pure closing), α(θ) = 1, and β(θ) = 0 :

ψ= wr (h, g ) ·∆(t ) (4.3)

The ridging mode wr is a function of the ice participating in ridging a(h) and of the ridged ice n(h).

A normalization factor N serves for area conservation:

wr = n(h)−a(h)

N
(4.4)

The participating function a(h) = b(h)g (h) is a function of the original ITD (g (h)). The weighting

function b(h) ensures that thinner ice is more likely to participate in ridging than thicker ice. TH75

suggested a linear b(h) that ensures that leads are closed before thin ice is ridged.

b(h) =
 2

G∗ [1− G(h)
G∗ ], 0 ≤G(h) ≤G∗

0, G(h) >G∗
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TH75 proposed that only 15 % of the ice participates in ridging, which is why b(h) is defined up to a

cutoff thickness that is reached if the cumulative thickness distribution exceeds G∗ = 0.15. LI07 chose

an exponential function for b(h) and theoretically all ice can participate.

b(h) = exp[−G(h)/a∗]

a · [1−exp(−1/a∗)]
(4.5)

with the empirical parameter a∗ = 0.05.

The ridged ice function is defined by:

n(h) =
∫hmax

0
a(hi n)γ(hi n ,h)dhi n (4.6)

where hi n denotes the ice thickness of the ice participating in ridging, while h is the ice thickness of

the ice that participated.

TH75 proposed a uniform redistribution function γ.

γ(hi n ,h) =
 1

2(H∗−hi n ) , 2hi n) ≤ h ≤ 2
√

H∗hi n

0, h < 2hi n or h > 2
√

H∗hi n

with the empirical thickness H∗ = 100. This means ridging creates thicknesses between hmi n = 2hi n

(rafting) and hmax = 20
√

hi n

LI07 developed an exponential redistribution function γ:

γ(hi n ,h) =
γ0e

−(h−hmi n)

µ
p

hi n , h ≥ hmi n

0 h < hmi n

They limited the maximum raft thickness and defined the minimum thickness as hmi n =
mi n(2hi n ,hi n +hr a f t ) where hr a f t = 1 m is the thickest allowed raft. Here, γ0 is a normalization fac-

tor. The e-folding scale depends on the thickness of the ice participating in ridging and µ, which can

be used to tune the redistribution function. Recently, von Albedyll et al. (2021a) suggested that the

e-folding scale also depends on the deformation magnitude. We chose µ = 2 following Ungermann

and Losch (2018).

4.5 Supplement

4.5.1 Buoy area change

Figure 4.11 displays the survey area defined by four buoys (see Data accessibility for the IDs) for Octo-

ber 2019 to July 2020. Because one of the four buoys was not working for the complete time series, we

replaced it with another one, which slightly changed the shape of the survey area. Panel "March 22,

2020" and "April 4, 2020" indicate the location of both buoys that were interchanged on April 17, 2020.

After July 31, 2020, the distortion of the buoy polygon increased. Therefore, we tracked the location of

the sea ice with five additional buoys (orange dots from June 21, 2020 to September 2, 2020) located
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Polarstern Replacement buoy High quality EM + laser survey Laser surveyBuoy

Figure 4.11. Changes in study area size and shape marked by buoys. Each snapshot of the study area displays
the location of Polarstern, the four buoys that marked the study area, and, if applicable, the EM survey. On April
17, one of the buoys was interchanged with another one to build a time series that spans the full study period
from October 2019 to July 2020. The location of the replacement buoy and the old buoy that was replaced is
marked in orange in the panels from 2020-03-22 and 2020-04-17 (orange dot, replacement buoy). After July
31, we tracked the ice with five additional buoys located within or close to the study area on June 21, 2020,
and September 2, 2020 (orange dots). The extent of the laser and EM surveys differed due to the strict quality
control of the EM data that only included the high-quality data points of the EM survey. The laser data were
not affected by the quality degradation (see Section 4.2.1)
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within or close to the survey area on June 21 and September 2. The buoy locations indicate that the

ice surveyed on September 2 was most likely a subset of the ice surveyed on June 21. The complete

time series of the area change can be downloaded from von Albedyll (2021a).
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For this chapter, I have added an introduction to the published text (Section 5.1) and extended the

analysis with a comparison of SAR and buoy deformation (Section 5.3.2). The comparison is not yet

published but I presented it at the Arctic Frontiers conference in 2021. R. Grodofzig, J.K. Hutchings,

D. Watkins, J. Haapala, and C. Haas contributed to the unpublished work.

Motivation Sea ice deformation is a crucial process in the polar climate system and,
thus, it is an important cross-cutting theme for all disciplines of the inter-
disciplinary research expedition MOSAiC. Because sea ice deformation is
highly localized and intermittent, drift and deformation with a high spa-
tial and temporal resolution and a large spatial coverage are required for
a comprehensive description of the sea ice dynamics. We used daily SAR-
derived deformation from the Sentinel-1 satellite mission to characterize
the seasonal variability of the sea ice deformation.

Research
questions

The study investigates RQ3 and adds valuable information to the dynamic
thickness change described in Chapter 4.

Conclusions We showed that SAR-derived deformation can successfully describe sea ice
dynamics and deformation on regional scales. We reconstructed a typical
seasonal cycle with low deformation rates in winter and higher during fall,
spring, and summer. We found that sea ice deformation within the 5-km
radius was representative of the wider (50-km radius) surroundings. At-
tempts to combine the SAR-derived deformation with deformation derived
from other sensors were successful but require further substantial analysis.

Own share I calculated the SAR-derived deformation fields, designed the study and
did the analysis. I wrote the first draft of the manuscript.
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Abstract

Sea ice deformation is a crucial process in the polar climate. It forms areas of open wa-

ter that enable enhanced heat and gas exchange and creates ridges that act as a habitat

for biota and are obstacles for winds and ocean currents. Consequently, sea ice defor-

mation is a key quantity for many polar disciplines of the MOSAiC research expedition

(2019/2020). We derived drift and deformation from sequential SAR satellite imagery

along the drift track of the MOSAiC floe with a temporal and spatial resolution of roughly

one day and 1.4 km. Our results show that the MOSAiC deformation time series exhibits

low deformation in winter far (> 1000 km) away from the ice edge, and high deformation

rates in summer, close (< 300 km) to the ice edge. We compared the deformation on the

5 km scale close to the MOSAiC floe with the deformation in the wider (50 km) region

and found that it was representative. We further present preliminary results from a com-

parison of SAR-derived deformation with deformation derived from ship-radar images

and GPS drifting buoy arrays. Future work will concentrate on merging the deforma-

tion products from SAR, ship-radar, and buoys because this has the potential to capture

scales of motion between a few tens of meters to 200 kilometers at hourly resolution.

5.1 Introduction

Sea ice deformation plays a decisive role in the polar climate. Colliding ice floes form ridges that

enhance air and water drag, act as a habitat for biota, shape the snow and melt pond distribution,

and increase the ice thickness. Leads enable the exchange of heat, gas, and chemical compounds

between the ocean and atmosphere, and are places of enhanced new ice formation. Those - by no

means exhaustive - examples illustrate why sea ice deformation events, i.e., ridge and lead forma-

tion, are cross-cutting themes for all disciplines participating in the recent, interdisciplinary research

expedition MOSAiC (Nicolaus et al., 2022; Rabe et al., 2022; Shupe et al., 2022).

The MOSAiC expedition set out to better understand and quantify relevant processes within the cou-

pled atmosphere–ice–ocean system in the Arctic. Drifting with the ice in the Transpolar Drift from

the north of the Laptev Sea in October 2019 to Fram Strait in July 2020, MOSAiC collected unique

Lagrangian datasets (Figure 5.1). An extensive measurement program was conducted within 5-km

distance of the R/V Polarstern, called the Central Observatory (CO). Those observations were spa-

tially embedded in a distributed network (DN) of autonomous buoys on ice floes of similar age in a

distance of up to 50 km (Krumpen and Sokolov, 2020; Nicolaus et al., 2022). The hourly recorded GPS

positions of the buoys allow us to observe the relative motion of the ice within the DN and, thus, the

sea ice deformation.

Sea ice deformation is localized in space and time, and at the same time, lead and ridging events

can have large-scale consequences. Thus, for a comprehensive description of the dynamic regime,

we require deformation information with a large spatial coverage and a high spatial and temporal

resolution. Daily SAR-derived deformation from the Sentinel-1 satellite mission (in the following:

SAR deformation) provide an excellent large-scale overview of the dynamic regime during MOSAiC

at a high spatial resolution of 1.4 km which allows resolving individual ridging and lead formation

events. However, the SAR data also suffer from a lack of satellite coverage approximately north of 87◦N
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Figure 5.1. MOSAiC drift track with analyzed Sentinel-1 SAR scenes. We evaluated SAR scenes along the
drift between October 5, 2019, and July 15, 2020. North of approximately 87◦N, there was only occasionally
satellite coverage. Four buoy drift tracks of the DN that form a buoy array centered on and in 50-km distance
to Polarstern are plotted with dashed lines.

and cannot capture sub-daily or small-scale deformation below the pixel resolution (10s of meters).

Those gaps could be filled with other datasets as GPS buoys, the ship-radar system, terrestrial laser

strain measurements, or seismic recordings.

A detailed description of the dynamic regime addresses several needs of the MOSAiC research com-

munity. First, sea ice deformation is crucial in shaping the ice thickness distribution and contributes

to the ice thickness change. Combining ice thickness measurements as presented in Chapter 4, (page

63) with detailed knowledge of the dynamic regime can help to understand and improve the mod-

eling of those processes. This also includes providing accurate deformation forcing data for sea ice

models. Second, studying the seasonality of deformation may reveal new insights into the still rather

poorly understood field of ice rheology when combined with observations of wind forcing and sea ice

properties as thickness. Third, interpreting observations of, e.g., heat exchange or concentration of

gas and particles in the air, benefits strongly from a time series of “dynamic events”, because even dis-

tant leads and ridges can leave a strong signal in the measurements. In this context, it is of particular

interest to consider whether the deformation close to the CO was representative of the surroundings.

Only then, it is possible to upscale the local measurements taken predominantly in the CO and at very

few points in the DN of, e.g., heat and gas exchange or brine release.

Taken together, the above-mentioned reasons motivate the objective of this study which is the pre-

sentation and description of a deformation time series along the drift track of MOSAiC. A particular

focus is how representative the deformation in the CO is for the deformation in the DN. In addition,
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Figure 5.2. To compare deformation in the vicinity of the ship (5 km) with deformation on larger scales (50
km), averages were computed for 61 5-km circles arranged within a radius of 50 km around the ship. Example
of divergence, convergence (a) and shear (b) derived from two consecutive Sentinel-1 SAR images acquired on
14 April (07:26:14 UTC) and 15 (08:07:03 UTC) 2020. Sea ice motion is displayed as black arrows. The image
pair shows the strongest deformation event observed. Within 24 h, a 2.5 km wide north–south-oriented lead
opened up 25 km away from the CO.

the study compares deformation derived from different sensors to explore the potential to merge

them for overcoming the spatial and temporal limitations of the SAR deformation data.

5.2 Methods

This section consists of work published in Krumpen et al. (2021b).

In this study, we quantify sea ice deformation based on sequential Synthetic Aperture Radar (SAR)

scenes obtained by ESA’s Sentinel-1A/B satellites along the drift track of the CO (Figure 5.1). De-

formation is the consequence of divergence (opening), convergence (closing), and shear (sliding

alongside) between ice floes. Regularly gridded sea ice drift and deformation fields with a spatial

resolution of 1.4 km are retrieved following the method described in von Albedyll et al. (2021a,

Chapter 3). More details about the drift algorithm are provided in Thomas et al. (2008, 2011) and

Hollands and Dierking (2011). As input for the applied algorithm, we use HH-polarized scenes with

a spatial resolution of 50 m. Images over the CO were taken during the entire MOSAiC drift, except

for the period between 14 January and 15 March 2020, when the ship was north of the satellite

coverage. The temporal resolution is typically one image per day (with few exceptions). Spatial

derivatives are calculated from the gridded velocity field and used to derive divergence, convergence

and shear (see Chapter 3 for details, von Albedyll et al., 2021a). Total deformation is given by√
di ver g ence2 + shear 2. To quantify deformation in the vicinity of the CO, we average all grid cells

located within a 5 km radius around the ship. Exceptionally strong deformation events are defined

as events with a magnitude exceeding 2 standard deviations of the 5 km average time series. To

compare deformation in the vicinity of the ship with deformation over a larger area (50 km), averages

are computed for 61 5 km circles arranged within a radius of 50 km around the ship (illustration in

Figure 5.2). In this way, we avoid biases due to scaling effects.
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5.3 Results

5.3.1 Time series of sea ice deformation

This section consists of work published in Krumpen et al. (2021b) and Nicolaus et al. (2022).

The overall aim is to present and characterize the sea ice deformation along the drift track of MOSAiC

and to identify preliminary seasonal differences in the deformation properties. A particular focus is

on the question, of how spatially representative the deformation in the CO is for the deformation in

the DN.

Figure 5.3 shows the time series of divergence, convergence, and shear rates along the MOSAiC drift

track at 5 and 50 km radii as obtained from Sentinel-1 SAR data. Overall, we find that deformation

close to the ship (5 km radius) is representative for the deformation experienced by the ice cover at

larger distances (up to 50 km). Despite the different geographical regions, we find that the mean shear

and combined divergence and convergence of 8 % d−1 and 2 % d−1 along the MOSAiC drift track are

in good agreement with deformation rates obtained from a ship-radar north of Svalbard during the

Norwegian young sea ICE (N-ICE2015) drift campaign (Oikkonen et al., 2017).

The variability in divergence, convergence, and shear show a seasonal behavior that is linked to the

consolidation of the ice pack and is in agreement with findings of previous studies (e.g., Itkin et al.,

2017; Hutchings et al., 2011). Monthly averages of the time series indicate that deformation was

moderate and balanced in convergence and divergence in the consolidation phase between Octo-

ber and November 2019 (Figure 5.3). Hereafter, divergence, convergence, and shear temporarily de-

creased from December 2019 to January 2020. From March to May 2020, divergence, convergence,

and shear went back to a moderate level until a sudden increase in June and July was observed when

the MOSAiC CO approached the marginal ice zone. Note that monthly averaged divergence correlates

reasonably well with intensified lead activity observed by optical satellites (Section 3.6 in Krumpen

et al., 2021b). In spring (March and April), the ice experienced more divergent than convergent mo-

tion, which again agrees well with intensified lead activity observed in spring (Figures 15 and 16 in

Krumpen et al., 2021b).

Figure 5.4 contrasts total deformation in a 200 × 200 km distance centered around the MOSAiC CO

for winter (December 2019) and summer (June 2020) conditions. Intersecting lines of strong defor-

mation (LKFs) are present both in winter and summer icepack. Differences in winter and summer

deformation, for example, in the degree of localization of the deformation visualized in the width of

the LKFs (Figure 5.4), are caused by changes in the ice pack strength. The seasonally varying deforma-

tion provides additional insights to the different sea ice conditions previously presented in Nicolaus

et al. (2022, Figure 11 therein) and adds the larger scale to other airborne observational data collected

during MOSAiC.

On daily timescales, divergence, convergence, and shear were characterized by long quiet

phases occasionally interrupted by strong deformation events (Figure 5.3, video supplement:

https://doi.org/10.5446/51302). The average temporal spacing between such deformation events was

2.5 weeks. However, the events were not uniformly distributed in time, as 60 % of the events took place

between October and November (gray bars in Figure 5.3). The strongest deformation event within the
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Figure 5.3. Time series of (a) divergence, convergence and (b) shear extracted from Sentinel-1 SAR scenes
along the MOSAiC drift at different radii (5 km in black vs. 50 km in blue; compare Figure 5.2) between 5 Octo-
ber 2019 and 14 July 2020. Strong deformation events with a magnitude of more than 2 standard deviations are
marked by vertical gray bars. Successive events might overlap and look like one event. The 30 d running mean
± standard deviation illustrates the seasonal variability. Please note the change in the y axes’ spacing to better
display the larger deformation rates in spring and summer.

50 km radius of the CO was observed on 14–17 April 2020. By that time, a lead of almost 2.5 km width

opened up at 25 km distance of the CO (Figure 5.2).

One particular advantage of the high spatial resolution of the SAR deformation compared to, e.g.,

buoys, is the possibility to differentiate between divergence and convergence on a kilometer scale.

We summed up divergence and convergence separately within the 50 km distance of Polarstern for

each time step and present the spatially accumulated divergence and convergence in Figure 5.5. The

figure illustrates that on average, divergence and convergence were almost balanced. On weekly in-

tervals, divergence-dominated and convergence-dominated phases alternated. Further, we can sep-

arate between deformation events that consisted mainly of divergence or convergence, e.g., begin-

ning of January 2020 (letter B in Figure 5.5), and events with both strong divergence and convergence

signals in the 50 km radius, e.g., end of May, 2020, that do not show up in the combined time series

(letter A, Figure 5.5). Thus, looking at convergence and divergence separately can show sometimes a

completely different picture than looking at the sum of both. Separating between convergence and
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Figure 5.4. Total deformation derived from 2 consecutive Sentinel-1 SAR images. Data cover 200 × 200 km
distance of the MOSAiC Central Observatory in (a) winter acquired on December 30–31, 2019, and (b) summer
acquired on June 20–21, 2020. White arrows display sea ice motion.
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Figure 5.5. Time series of spatially accumulated divergence and convergence displayed separately and as the
sum for the 50-km radius around Polarstern. For each time, all pixels within the study area that experienced
convergence and divergence were summed up to receive the displayed spatially accumulated deformation.
Examples for events with simultaneous strong convergence and divergence are marked with the letter A; events
with only strong convergence or divergence are marked with the letter B.
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Figure 5.6. Deformation zones extracted from ship-radar images between November 15-18, 2019, overlaid
on the field of SAR total deformation. Manually-identified deformation zones from November 15 (panel a,
white) and November 16 (panel b, pink), 2019, are overlaid on two ship-radar scenes. Panel c shows the large-
scale total deformation for the period November 15-18, 2019, derived from SAR overlaid with a ship-radar scene
from November 16, 2019. The white square is enlarged in panel d to display the general alignment between the
small scale deformation zones and the large scale LKFs seen in panel c.

divergence is particularly useful for applications that depend on changes in ice thickness as diver-

gence and convergence have opposing effects on the ice thickness.

5.3.2 Combining deformation time series from different sensors

While the high spatial resolution of the SAR data adds important insights to the deformation history of

the ice, this dataset suffers from the daily, temporal resolution and a gap in the time series during the

winter. To overcome those limitations, we aim at combining deformation time series from different

sensors to obtain a data product with high spatial and temporal resolution. Such a product could

for example merge the information where an LKF was located from the SAR deformation with the

exact moment of formation at hourly resolution from the buoys or even higher temporal resolution

from the ship-radar. Further, it could relate the small-scale dynamics seen on the ship-radar with the

large-scale LKFs of the wider surroundings and increase our understanding of the spatial scaling laws.

Below, we shortly present the preliminary results of the conducted feasibility studies for combining

the datasets.

Combining large-scale SAR and small-scale ship-radar deformation (Krumpen et al., 2021a) allows us

to refine the deformation estimates at a much higher spatial resolution. The ship-radar covers the ice

within 5.4 km of Polarstern at a spatial resolution of about 10 m (Krumpen et al., 2021a). Figure 5.6

displays exemplarily how ship-radar and SAR deformation may be combined in the future. For the

ship-radar, we manually extracted the main deformation zones for the particular period (white and

pink lines in Figure 5.6). They aligned with the deformation zones indicated by the SAR deformation

with some minor deviations that could point to temporal variability that remained unresolved by the

SAR deformation. The figure illustrates well how the small-scale ship-radar deformation is part of

a large-scale LKF system. A detailed comparison between the products is subject to future research

when there are quantitative deformation estimates and systematic detection of deformation zones

available from the ship-radar.
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a a

Figure 5.7. Comparison between buoy and SAR (a) divergence and (b) shear between March 28 and 29, 2020.
The SAR deformation and drift are displayed as colored fields and white arrows, respectively. The location of
the three buoys (P13, M3, P41) on March 28 and their drift track until March 29 are marked with red stars and
dashed lines, respectively. The shape of the buoy array at the two times is shown by triangles. The color of the
triangle on March 29 was chosen corresponding to the magnitude of the buoy deformation. Figure adapted,
original provided by courtesy of R. Grodofzig.

Combining daily SAR and hourly buoy-derived deformation allows us to upscale the deformation

estimates in time. Before merging the two datasets, a detailed comparison of the two deformation

time series is crucial. We made a preliminary comparison using 72 buoy arrays consisting of 3 buoys

each that enclosed an area between 10 and 600 km.

For the comparison between SAR and buoy deformation, we averaged both products to the same

temporal and spatial resolution by conducting the following steps. First, we averaged the buoy de-

formation in the time interval between the sequential satellite images. In case no buoy location was

recorded within 1 hour before or after the acquisition time of the SAR image, we rejected the point.

This way, we could assure that the time covered by buoy and SAR deformation did not deviate too

much. Second, we masked the SAR data so that they only contained information within the area of

the buoy array at the time of the acquisition of the first satellite image. We averaged the deformation

in the masked area. We selected only those times for comparison during which >90 % of the buoy

array was covered by the SAR deformation field. Figure 5.7 illustrates the procedure. In addition, we

were interested whether the lower temporal resolution of the SAR images had any impact on the de-

formation estimates for phases in which tidal or inertial motion dominated the ice drift. We used the

shape of the drift track as proxy because in the case of dominating tides or inertial motion, the shape

of the buoy track is curvy. We calculated this proxy for the “curviness” of ice drift from the ratio of

the distance covered as observed from the SAR drift (straight) and the distance covered by the buoys

(curvy).

Figure 5.9 displays an example of SAR and buoy deformation time series for one buoy array with a

Pearson correlation coefficient close to 0.5. In general, the preliminary results show rather low corre-

lation coefficients for divergence (0.1–0.5), while the ones for shear and total deformation vary more

strongly but reach overall a larger agreement (0.2–0.8). As illustrated in Figure 5.9, a time series with

correlation coefficients close to 0.5 can reproduce the shifts between active and quiet phases in the

time series but disagrees for individual deformation events. Merging the two products requires a de-

tailed analysis of the reasons for those disagreements. As a start, we analyzed the influence of the buoy
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Figure 5.8. Differences between SAR and buoy derived deformation with respect to (a) the magnitude, (b) the
size of the buoy array, and (c) the season. In panel a, the difference in shear between both products is shown as
error on the y-axis. The average difference and its standard deviation for each SAR magnitude are shown in red.
The colors of the individual points state the size of the buoy array. Panel b displays the correlation coefficients
for all 72 time series against the buoy array size. Panel c shows the difference between the products for each
point in time, averaged over the 72 time series. Figure adapted, original provided by courtesy of R. Grodofzig.

array size, the deformation magnitude, the season including the air temperature, the drift speed, the

time step length, and the influence of tides.

We identified a large magnitude of deformation as the single most influencing factor that reduces the

agreement between the SAR and buoy deformation (Figure 5.8). Indirectly, this also leads to seasonal

differences with better correlations and smaller differences in winter (October to January, Figure 5.8)

with lower deformation rates than in spring (mid-March to mid-May) and summer (Mid-May to July)

with higher deformation rates. Along the same line, the correlation increases with increasing buoy

array size, i.e., decreasing deformation rates (Figure 5.8). Interestingly, enhanced drift speeds seem to

decrease the differences between buoy and SAR deformation, while we could not find any correlation

with the time step length. Further, we investigated whether tidal or inertial motion on sub-daily time

scales that are not resolved by the SAR deformation had any impact. Here, we found a tendency of

reduced differences for smaller ratios (“straighter” tracks) for shear, but no clear trend for divergence.

5.4 Discussion

The SAR deformation time series serves as a useful reference for other MOSAiC studies, e.g., the anal-

ysis of the dynamic ice thickness contribution presented in von Albedyll et al. (2022, Chapter 4). For

this example, the SAR deformation time series is a valuable addition to the time series of area change

derived from buoys (Chapter 4, page 63) as it can resolve convergence and divergence within the

study area separately at a spatial resolution of 1.4 km (Figure 5.5). With the help of the separated con-

vergence and divergence, we can specify the interpretation of the results from Chapter 4 (page 63).

For example, for the time between April 17, 2020, and June 21, 2020, Chapter 4 suggests that the ma-

jority of the newly formed lead ice was ridged into thicker ice. The time series of convergence and

divergence allows us now to specify the timing of those events. Figure 5.5 suggests that the observed

new ice formation occurred mostly mid-April to the end of April 2020, while ridging was more active



110 CHAPTER 5. SEA ICE DEFORMATION DURING MOSAIC

a. R=0.45

b. R=0.52

c. R=0.53

Figure 5.9. Comparison of SAR and buoy deformation. Time series of (a) divergence, (b) shear and (c) total
deformation for the buoy array L1-P03-P02 derived from SAR data and buoys. Within the panels, the Pearson
correlation coefficient (R) of the respective time series is stated. All correlations were significant at the 0.01
confidence level.
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during May and June 2020. The potential of the divergence time series to derive lead fractions and

new-ice formation is further explored in Chapter 6 (page 113).

This study highlights the strong spatial variability of the deformation within the 50-km scale. Al-

though the deformation on the 5-km scale was representative of the surroundings when considering

the whole study period, care still needs to be exercised when interpreting temporal snapshots. For

example, because a lead opening in early fall likely incites significantly less ice growth than a lead

opening in late winter, precise knowledge of the occurrence of those individual events is required be-

fore up-scaling observations from the 5 to the 50-km scale. Future work should explicitly track the

evolving ice morphology to facilitate up-scaling of physical, biological, and chemical processes.

The preliminary results of comparing SAR deformation with ship-radar and buoy-derived deforma-

tion indicated potential, but also emphasized unresolved differences. Several studies have compared

sea ice drift from buoys and SAR (e.g., Lindsay and Stern, 2003; Korosov and Rampal, 2017; Park

et al., 2021), but comparisons of sea ice deformation are mostly restricted to statistical properties like

the scaling behavior of deformation (Linow et al., 2015). Our preliminary results on the influence of

area size on the error between products seem to agree with the limited amount of other comparison

studies, like the case study from Linow et al. (2015) who compared SAR deformation to deformation

derived from visually identified reference points. The high density of small-scale buoy arrays com-

bined with the good SAR satellite coverage along the MOSAiC drift track provides the opportunity to

compare deformation from different sources on larger temporal and spatial scales. We further sug-

gest repeating the comparison between SAR and buoy deformation by constructing artificial buoy

tracks from the SAR data and calculating deformation from them. This might reveal further insights

into the error sources, like noise in the SAR deformation that still seems to be present on the grid-cell

scale. The ultimate goal of future work is to use the difference between the sensors to mark outliers

in all time series and to combine them into a “cleaned” product. This product would allow us to

characterize sea ice deformation between a few tens of meters to 200 kilometers at hourly resolution.

5.5 Conclusions

This section consists of work published in Krumpen et al. (2021b).

Sea ice deformation was a key time series of the interdisciplinary MOSAiC expedition (2019/2020).

We present a deformation time series derived from Sentinel-1 data that gives first insights into di-

vergence, convergence, and shear events along the MOSAiC drift path. Overall, we find that sea ice

deformation on the 5 km radius, including the MOSAiC CO was representative for the wider (50 km

radius) surroundings. Deformation rates were lower during winter and higher during summer, which

is in agreement with observations from previous studies. The dominance of divergence during spring

agrees well with the observed higher lead fractions. Future studies should address the question of

how representative the deformation during MOSAiC was compared to previous years. How this could

be done, is outlined in the Outlook (Section 7.4, page 151).

Combining the SAR deformation with deformation derived from other sensors bears the potential to

create a high-quality product with a high spatial and temporal resolution which can be used toward

an improved, seamless understanding of ice dynamics on different scales. However, substantial fur-
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ther analysis is needed to evaluate the differences between SAR and buoy deformation before merging

them into one time series.

Data availability and video supplement

The deformation data displayed in Figure 5.4 are available from: https://doi:10.5281/zenodo.5195366

(von Albedyll, 2021b). The ship-radar data can be downloaded from

https://doi.pangaea.de/10.1594/PANGAEA.929434 (Krumpen et al., 2021a). The time series of

deformation derived from buoy arrays were kindly provided by Jennifer Hutchings. They were

calculated based on Hutchings et al. (2011) with the corrected equation presented in Hutchings et al.

(2018). The video supplement (https://doi.org/10.5446/51302) displays a time series of divergence,

convergence, and shear fields along the drift track of the MOSAiC floe from 5 October 2019 to 14 July

2020. Ice drift is displayed as arrows, while deformation is shown as colors. The title states the time

for which the deformation was calculated. The white circles around the Polarstern position have 5

and 50 km radii.
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Lead fractions from SAR-derived sea ice

divergence during MOSAiC

Summary of the manuscript draft

von Albedyll, L., Hendricks, S., Grodofzig, R., Hutter, N., Murashkin, D., Kaleschke, L., Willmes, S.,

Thielke, L., Tian-Kunze, X., Spreen G., Haas C.: Lead fractions from SAR-derived sea ice divergence

during MOSAiC, in preparation, 2022.

Motivation In the polar winter, leads are the hotspots of exchange between the ocean
and atmosphere and accurate knowledge of the lead fractions is crucial
for realistic sea ice modeling. Due to the highly localized and intermittent
nature of leads, their detection from satellites is challenging. We evaluate
two novel lead fraction products that are based on divergence derived from
SAR data along the drift track of MOSAiC.

Research
questions

This manuscript contributes to RQ1 and RQ3. It demonstrates how to
derive lead fractions from SAR data that serve as a basis for deriving
divergence-induced new ice formation and comes up with an additional
estimate of new-ice induced new ice formation in the Transpolar Drift.

Conclusions We found that the novel lead fractions based on divergence can reproduce
the expected temporal variability and their high spatial resolution, sensi-
tivity, and ability to resolve the location of leads makes them a valuable
addition to existing lead fraction products.

Own share I processed the sea ice deformation fields, designed the study, carried out
the comparison of the different lead fraction products, and wrote the first
draft of the manuscript. N. Hutter provided the linear kinematic features
from the divergence fields and I calculated lead fractions from them. All
other lead fraction datasets were provided by my co-authors.
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Abstract

In the polar winter, fractures and leads in sea ice are the hotspots of exchange between

the ocean and atmosphere which are otherwise well-separated components. They play

a crucial role in altering atmospheric, ecological, and oceanic processes, and open up

the possibility to study the mechanical properties of sea ice. With the increasing avail-

ability of high-resolution SAR satellite data for the Arctic, we aim at analyzing the poten-

tial of SAR-derived divergence to estimate lead fractions. We calculate drift and diver-

gence with a spatial resolution of 1.4 km from daily Sentinel-1 scenes in the Transpolar

Drift along the drift track of the Multidisciplinary drifting Observatory for the Study of

Arctic Climate (MOSAiC) between October 2019 to May 2020. Based on the divergence

fields, we calculate two lead-fraction time series. The divergence-derived lead fractions

consider all divergence grid cells, and the linear kinematic features (LKF)-derived lead

fractions consider only those divergence cells that are identified as part of an LKF be-

forehand. The lead-fraction time series shows a phase of increased lead activity in spring

in agreement with increased cyclone activity and the position of MOSAiC closer to the

ice edge north of Fram Strait. We compare the novel lead-fraction products based on

divergence to six other lead-fraction products derived from classified Sentinel-1 (SAR),

MODIS (thermal infrared), AMSR2 (passive microwaves), CryoSat-2 (altimeter in Ku-

band), and high-resolution helicopter-borne thermal infrared data. Our results show

that the divergence-derived and LKF-derived lead fractions perform well in identifying

leads with high reliability, high spatial resolution and coverage, and moderate tempo-

ral coverage. Thus, products based on divergence are a valuable addition to the exist-

ing lead-fraction products. However currently, divergence-derived and LKF-derived lead

fractions only resolve leads during their formation, which often underestimates the lead

fraction on the following days. Further, we note that mean lead fractions of all analyzed

lead-fraction products vary by 1–2 magnitudes and attribute the differences to the dif-

ferent physical lead properties seen by the sensors, but also to methodological reasons

like the spatial resolution. We conclude that it is crucial that the lead-fraction product

is chosen in accordance with the application. As an example for a typical application of

lead fractions, we estimate the instantaneous new ice production in the leads based on

the different products and compare the results to airborne ice thickness observations.

6.1 Introduction

Divergent motion in the ice drift creates fractures and leads in the sea ice cover. Leads play a crucial

role in the polar climate system altering atmospheric, ecological, and oceanic processes. In winter,

the exchange of gases and heat between the ocean and atmosphere is strongly enhanced at the open-

ings in the ice in the otherwise well-separated components of the polar climate system (Maykut, 1978,

1982; Perovich, 2011). Turbulent heat is transferred from the ocean to the atmosphere, followed by

fast new ice formation, and brine rejection to the ocean. The enhanced exchange has important im-

plications. First, new ice formation in leads contributes about 30 % to the Arctic sea ice mass balance,

and the thin ice influences the sea ice dynamics (Chapter 4, Kwok, 2006; von Albedyll et al., 2022). Sec-

ond, they enable ocean-atmosphere gas exchange, for instance iodin and methane relevant in Arctic
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cloud formation (e.g., Leck et al., 2002; Kort et al., 2012; Dall´Osto et al., 2017). Third, they may act

as sources of atmospheric sea salt from frost flowers growing on ice-covered leads (Kaleschke et al.,

2004). Forth, in summer, their low albedo increases solar transmission to the ocean. Fifth, they act as

important hunting grounds for marine mammals and shipping routes (e.g., Massom, 1988; Stirling,

1997). Lastly, leads are important for remote sensing of sea ice thickness by satellite altimetry as the

method relies on lead detections to measure the instantaneous sea surface height for ice freeboard

retrieval (e.g., Laxon et al., 2003).

The distribution of leads follows the overall dynamic regimes of the Arctic Ocean. While the lead

frequency, i.e., how often a lead is found at a certain position within a certain time, is a few percent

for the central Arctic Ocean, it can rise to over 40 % in the Barents and Kara Seas and the marginal

ice zone (Willmes and Heinemann, 2016; Reiser et al., 2020). Although leads cover only a small areal

fraction, their impact on the winter heat budget is significant (Maykut, 1978; Marcq and Weiss, 2012).

An increase of 1 % in lead fraction could increase the near-surface temperatures in the Arctic by 3.5 K

under clear sky conditions during Polar Night (Lüpkes et al., 2008).

Due to their high relevance for the polar climate, accurate knowledge of lead fractions is crucial for

understanding and modeling processes on the air–ocean interface, but also the global weather and

climate (Serreze et al., 2009). This is particularly interesting considering that Arctic sea ice drift and

deformation rates are increasing (e.g. Rampal et al., 2009; Spreen et al., 2011), with yet unclear impact

on the changes in lead fractions.

Satellites have monitored the spatial distribution and temporal evolution of Arctic lead fraction since

the 1990s (Key et al., 1993; Lindsay and Rothrock, 1995; Miles and Barry, 1998). Lead detection based

on thermal infrared (TIR, Willmes and Heinemann, 2016) and visible images (e.g., Muchow et al.,

2021) is complemented by classification of Synthetic Aperture Radar (SAR) backscatter, altimeters,

and passive microwave (PMW) data (e.g., Röhrs et al., 2012; Murashkin et al., 2018). The transient

nature of leads and their narrow appearance set limits to the detection of leads from satellites. Most

retrieval methods suffer either from a low spatial resolution (e.g., PMW), low spatial coverage (e.g.,

altimeters), low temporal coverage due to clouds (e.g., TIR and visible), or ambiguous classification

due to strong changes in the backscatter signal (e.g., SAR). In addition, the definition of leads is am-

biguous as leads can be covered by open water or thin ice without a clear boundary when the ice gets

too thick to be classified as a lead. This results in inconsistent estimates of lead fractions between the

retrieval methods. So far, there are only a few comparison studies between lead-fraction products,

which concluded that the compared products show often similar spatiotemporal patterns but vary

substantially in magnitude (Kwok and Cunningham, 2002; Lee et al., 2018).

In lead-fraction retrievals, little focus has been placed on deriving lead fractions from their driving

mechanism, i.e., the underlying sea ice dynamics (Kwok and Cunningham, 2002). Sea ice divergence

is directly linked to lead fraction and can be calculated from high-resolution sea ice drift. Kwok and

Cunningham (2002) demonstrated the technique using a Radarsat SAR sea ice drift dataset (called

RGPS) in the Pacific Sector of the Arctic with a 3-daily temporal resolution. So far, the low temporal

resolution of SAR images hindered a more area-wide application, but this has changed in recent years

with the start of the Sentinel-1 and many other SAR missions. This growing availability of SAR images

in the polar region motivates us to explore the potential of divergence derived from SAR data for

estimating lead fractions.
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The interdisciplinary Multidisciplinary drifting Observatory for the Study of Arctic Climate (MOSAiC)

expedition took place between October 2019 and September 2020 in the Transpolar Drift on board

of the R/V Polarstern (Nicolaus et al., 2022; Rabe et al., 2022; Shupe et al., 2022). We have selected

the MOSAiC expedition as our study case for several reasons. First, the drift covered a wide range

of different dynamic regimes (Krumpen et al., 2021b). Second, there are important complementary

atmospheric and ocean datasets and regional, high-resolution, airborne observations of leads avail-

able. Third, leads were a cross-cutting theme for all MOSAiC disciplines, i.e., ice, ocean, atmosphere,

ecology, and bio-geo-chemistry, and a sound estimate of regional lead fractions is crucial for their

research (Nicolaus et al., 2022; Rabe et al., 2022; Shupe et al., 2022).

The objective of this study is to evaluate two novel lead-fraction products that are based on diver-

gence. We accomplish this objective by (1) presenting a time series of those two products based on

Sentinel-1 SAR scenes along the MOSAiC drift track from October 2019–May 2020 (2) comparing the

novel lead fractions with six, already existing lead-fraction products, and (3) demonstrating a poten-

tial application of the novel lead fractions by calculating the instantaneous new ice production in

leads during MOSAiC. The structure of the remaining text is as follows: In Section 6.2, we describe

the physical properties of leads used to detect them and introduce the novel lead-fraction products

along with the existing ones participating in the comparison. Section 6.3.1 presents the time series of

the novel lead fractions and Section 6.3.2 analyzes the temporal and spatial differences between the

novel and existing lead-fraction products. The concluding sections 6.4–6.5 discuss and summarize

the results and outline potential further improvements.

6.2 Lead fractions from different retrieval methods

What is a lead? Each lead-fraction retrieval method gives a different answer to this question. De-

pending on the application and the research question behind it, the underlying lead definition of a

lead-fraction product may have great advantages or restrictions. Therefore, we start this methods and

data section with a description of the physical properties of a lead (Section 6.2.1) and explain next,

how the different retrieval methods make use of them (Sections 6.2.2.1-6.2.3.5).

6.2.1 Physical properties of a lead detected by remote sensing

The World Meteorological Organisation (WMO) defines a lead as a “fracture or passage-way through

sea ice which is navigable by surface vessels” whereby fractures are defined as “break[s] or rupture[s]

through very close ice, compact ice, consolidated ice [...] resulting from deformation processes. Frac-

tures may contain brash ice and/or be covered with nilas and/or young ice” (World Meteorological

Organization, 2014). Following this definition, a lead can be covered by up to 30 cm (young ice) thick

ice (World Meteorological Organization, 2014). In this study, and almost everywhere else in litera-

ture, fractures and leads are often summarized under the term leads and their minimum width and

maximum ice thickness depend on the sensitivity of the retrieval method. However, this sensitivity,

especially with respect to the maximum lead ice thickness is often not precisely known. Figure 6.1

provides and overview of the physical properties of leads that are outlined as follows:
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Figure 6.1. Schematics of different lead properties detected by remote sensing instruments. The lead shows
up as a dark, long feature on the Sentinel-1 (SAR) image from November 2, 2019. The other properties, like the
higher surface temperature, are only illustrated exemplarily but cannot be seen on the SAR image.

(1) Local change in ice velocity

Leads result from deformation processes and can be detected by a strong local gradient in the

ice velocity. External drivers, mainly winds and ocean currents, induce stress on sea ice. Sea

ice breaks when those stresses reach the ice strength, resulting in deformation (for an overview

see Weiss, 2013). Breaking, followed by divergence forms leads and the divergence magnitude

is directly proportional to the lead width. The localized nature of deformation in the ice in time

and space shapes the lifetime, distribution, and shape of leads.

(2) Elongated features

Leads have typically an elongated shape with a long extent in one (length), and a very small

extent in the other direction (width). In the absence of coastlines, they can appear in systems

of parallel faults in the order of one thousand kilometers (Goldstein et al., 2000).

(3) Abrupt change in surface properties

Leads have very different surface properties than the surrounding ice with respect to rough-

ness, salinity, and the surface height probability distribution function. The scattering and ab-

sorption of radar (microwave) waves depends strongly on those parameters and therefore leads

typically provide a strong contrast to the surrounding sea ice surface. For example, on SAR im-

ages, the reduced roughness in leads with calm open water or a smooth, new ice cover shows

up as a dark radar backscatter signature. Waves on open water or frost flowers on thin lead

ice can quickly turn a lead into a very rough, and, thus, stronger scattering surface. The abrupt

change in the surface properties also modifies the pulse-peakiness of the altimeter radar wave-

form in a characteristic way that is used to detect leads by, e.g., CryoSat-2 (e.g., Wernecke and

Kaleschke, 2015; Paul et al., 2018). In the visible part of the EM spectrum, leads appear darker

due to more specular reflection on the smoother surface and light transmission through the

thin ice and into the open water. However, visible images are not included in this study be-

cause we focus on the wintertime.

(4) Higher surface temperature

In winter, the ocean temperature in leads is at the freezing point close to -1.8 ◦C, while the
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surrounding ice and snow surface approach the much colder air temperatures, resulting in

temperatures differences of -10 to -40◦C. This temperature contrast is well seen in the TIR part

of the EM spectrum. When new ice starts to form in the open water, the surface temperature

anomaly in leads gradually decreases.

(5) Special surface (microwave) emissivity

Thin ice has a special surface emissivity in the microwave spectrum. Comparing the emissivity

at different frequencies allows detecting open water and thin ice. While the contrast in polar-

ization is highest for open water, leads that are covered with thin ice exhibit a particular high

emissivity at 89 GHz with vertical polarization (Eppler et al., 1992; Röhrs et al., 2012).

(6) Local thickness and surface elevation minimum

Leads are characterized by open water or thin ice and, thus, exhibit a local minimum in the

ice thickness and surface elevation. When the lead is not closed by convergent dynamics, this

difference to the surrounding ice can persist. The WHO suggests that a refrozen lead cannot ex-

ceed an ice thickness of 30 cm, however, many other studies chose a different threshold ranging

between open water and 1 m (Wadhams, 2000). While there are sensors that make use predom-

inantly of the thickness difference (e.g. ICESat-2), this study only uses the thickness difference

in the supplementary ice thickness observation dataset (Section 6.2.4).

The following sections introduce the specific characteristics and retrieval methods of two new and six

existing lead-fraction products that exploit one or several of the above-mentioned properties of leads

to detect them.

6.2.2 Two lead-fraction products based on divergence

The two new lead-fraction products presented in the following are based on divergence that was

derived from high-resolution SAR data. The divergence indicates the exact location of the lead, is

independent of clouds, and, as noted by Kwok and Cunningham (2002), is independent of sensor

calibrations and physical understanding of the radar backscatter signal of the ice.

While Kwok (2006) has previously used this general concept, we present two products that have a

much higher temporal and spatial resolution, are regularly gridded, and are evaluated extensively

with other lead-fraction products and a supplementary, airborne dataset. The first lead-fraction

product is based solely on the divergence, while the second lead-fraction product derives first lin-

ear kinematic features (LKFs) from the divergence before calculating lead fractions.

6.2.2.1 Divergence-derived lead fractions

The first novel lead-fraction product is directly derived from the divergence fields that were calcu-

lated following von Albedyll et al. (2021a, Chapter 3). The divergence-derived lead fractions (LFdiv)

detect the strong local change in ice velocity. Thanks to the direct relationship, divergence is directly

proportional to lead fraction.

Calculating lead fractions from divergence consists of two steps. First, we derive sea ice drift and de-

formation fields. We use sequential SAR scenes in HH polarisation Extra Wide Swath mode obtained
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by the Sentinel-1 mission (ESA) with a spatial resolution of 50 m (Torres et al., 2012). The scenes were

acquired along the drift track of the MOSAiC expedition and cover roughly the area in 100 km dis-

tance of Polarstern. We aimed for a nominal time step of one day between the scenes but accepted

everything between 0.9-3 days. The lower limit of 0.9 days was chosen to guarantee a displacement

larger than the uncertainty of the tracking. Images are available for the entire study period, except for

the time between 14 January and 15 March 2020, when the ship was north of the latitudinal coverage

of the satellite. We use a tracking algorithm based on Thomas et al. (2008, 2011) and substantially

extended by Hollands and Dierking (2011) to derive drift. We filter the resulting drift data with a di-

rectional filter that detects the direction with the smallest variation at each pixel and smooths along,

but not across this orientation, with a 1-d kernel. The gradients are calculated in form of the standard

deviation for a neighborhood of 7 pixels. This way, noise is reduced while preserving the strong gradi-

ents in the velocity field that are indicative of deformation. Next, we calculate the spatial derivatives

from the regularly spaced drift field following von Albedyll et al. (2021a). Divergence and convergence

are then derived from the spatial derivatives of the velocity field (U = (u, v)):

div(U ) = ∂u

∂x
+ ∂v

∂y
(6.1)

Divergence (div>0) and convergence (div<0) are defined as positive and negative div, respectively.

The MOSAiC divergence fields with a final resolution of 1.4 km were previously used in Krumpen

et al. (2021b) with the difference that we use a directional filter in this study instead of the 3x3 median

filter to reduce noise (see also von Albedyll et al., 2021a).

Second, for the calculation of the lead fractions, we multiply all divergence grid cells [di v in s−1] by

the time step length [in s], resulting in a unit-free lead fraction. Since the divergence quantifies the

relative area expansion per time step, this results in the relative area expansion for each grid cell, and,

thus, an estimate of the area that is covered by open water. We interpret the result as the average

lead fractions per grid cell. To extract the mean lead fraction of a certain region, e.g., 50 km around

Polarstern, we calculate the average of all grid cells that are located completely or partly in the region

of interest.

6.2.2.2 LKF-derived lead fractions

The novel LKF-derived lead fractions (LFLKF) are based on the divergence dataset (see the previous

section) to which we apply the LKF detection algorithm developed by Hutter et al. (2019). To reduce

noise, the LKF detection algorithm makes use of the localized nature of deformation and selects only

those divergence features that have a strong velocity contrast and an elongated shape (Hutter et al.,

2019). The output are unique LKFs that can be tracked in time. This way, the temporal evolution of

a lead, i.e., whether it continued to open, stayed open, or closed can be reconstructed (Hutter et al.,

2019).

The LKF detection algorithm (1) generates a binary mask of pixels identified as LKFs by filtering pix-

els with deformation rates that strongly exceed the local average deformation rates, (2) morphological

thins the LKFs in the binary map to a width of one pixel and divides it into the small linear segments,

and (3) reconnects segments into LKFs based on their similarity in position, orientation, and defor-

mation rates. In a second step, the algorithm uses the drift information between the deformation
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fields to track LKFs over time. The morphological thinning routine was modified to align the LKF

skeletons in the binary maps to the position of the highest deformation rates across the LKF. For each

LKF, the algorithm outputs the position, the original divergence value at that location, and an ID of

the LKF that preceded the current one if available (Hutter et al., 2019).

For the LFLKF, we identify all positive divergence values in the detected LKFs, i.e. leads, and multiply

them with the time step length. Analog to the LFdiv, this results in a relative measure of lead fraction

for this grid cell. To calculate the area mean lead-fraction, we take the average of all grid cells within

the area of interest.

6.2.3 Existing lead-fraction products

6.2.3.1 Classified-SAR lead fractions

To generate classified-SAR lead fractions (LFclassified_SAR), we apply the supervised learning classifica-

tion algorithm that was presented in Murashkin et al. (2018) and Murashkin and Spreen (2019) to SAR

images along the MOSAiC drift track.

Classification of SAR images relies on the abrupt change in the surface roughness and salinity in leads

that are observed as a change in the radar backscatter signal (Murashkin et al., 2018). Leads with low

wave action or thin ice are specular scatter targets in contrast to sea ice surfaces with more diffuse

scatter. Leads with high wave action or frost flowers have, especially when using radar with a wave-

length in the range of a few to tens of centimeter, higher backscatter. Thus, in such cases, leads are

characterized by strong backscatter. Depending on the backscatter statistics, this algorithm detects

open water and leads covered with thin ice that is still sufficiently smooth. In addition to this primary

selection criterion, this approach also makes use of the elongated shape of leads to suppress noise

(Murashkin and Spreen, 2019).

As input, the supervised learning classification algorithm uses both the HH and the HV SAR bands of

a Sentinel-1 Extra Wide Swath scene. The HH band is used for detection of low backscatter leads, the

band ratio HV / HH is used for leads with strong HH backscatter. The use of the cross-polarization

band allows the separation of rough surface leads and ridges, both of which are characterized with

strong backscatter in co-polarization backscatter. The algorithm is based on SAR image texture anal-

ysis. Texture features derived from the gray level co-occurrence matrix are used as input for random

forest classification. The algorithm produces binary maps with a lead classification with a spatial

resolution of 80 m. An object-shape filter is applied to all identified objects on the binary maps. It

preserves elongated leads and filters out non-lead-looking objects that appear due to a low signal-to-

noise ratio in the HV band.

We apply the classification algorithm to the same Sentinel-1 scenes that we use for the divergence

calculations (Section 6.2.2.1), even if there are more scenes available at sub-daily resolution. This

offers us the best conditions for a comparison between the three SAR-based datasets. We estimate

the mean area lead fraction by calculating the relative fraction of all pixels classified as leads within

the region of interest.
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6.2.3.2 CryoSat-2 lead fractions

For the CryoSat-2 lead fractions (LFCS2), we use the “Level-3 gridded sea-ice thickness and auxiliary

parameters” product (version 2.4) from the AWI (Hendricks et al., 2021a) based on calibrated CryoSat-

2 sensor data (European Space Agency, 2019).

Satellite radar altimeters, like CryoSat-2, take advantage of the contrasting radar backscatter charac-

teristics of leads whose flat surfaces result in a narrow radar waveform with a large amplitude com-

pared to the wider and less strong waveforms of rougher sea ice surfaces. This dependency of radar

waveform properties to surface type is widely used to discriminate between the sea surface and sea

ice elevations and to estimate both sea surface height and sea ice freeboard (Quartly et al., 2019). In

the context of sea ice altimetry, a lead can be covered by open water, but certainly also young ice such

as nilas and grey ice. The strict nadir pointing of altimeters results in significantly less ambiguity of

the radar backscatter signature over leads compared to other radar methods with oblique incidence

angles. Instead, the specular reflection of a lead surface in nadir/zenith direction for open water or

young sheet ice may dominate the radar echo if it only covers 1 % of the illuminated area (Drinkwa-

ter, 1991). Radar echoes over sea ice surfaces are weaker and the return echoes are distributed over

a larger time window due to diffuse scattering, a wider surface height distribution per footprint, and

a partly backscattering snow layer. The specular versus diffuse backscatter mechanisms of leads and

sea ice respectively also result in an over-representation of the lead area fraction within a radar al-

timeter footprint for mixed surface types. Any binary lead/ice classification will therefore result in a

higher lead detection rate than the true lead area fraction.

Several waveform parameters have been proposed for surface type classification, but the fundamen-

tal concept remains unchanged to the earliest studies of sea surface height (Peacock, 2004) and thick-

ness (Laxon et al., 2003) in the Arctic Ocean. In the “Level-3 gridded sea-ice thickness and auxiliary

parameters” product, the surface type classification scheme based on Paul et al. (2018) attributes each

radar waveform into three categories: lead, sea ice, and ambiguous. The surface type, among other

geophysical parameters, is then gridded from the original along-track resolution of approximately

300 meters for weekly and monthly periods onto an EASE2 grid with a spatial resolution of 25 km. To

improve the comparability with the other methods in this study, we create a custom gridded product

with a temporal resolution of one day and a spatial resolution of 12.5 km respectively. We use the

python package pysiral (Hendricks et al., 2021b), for the surface type classification and geophysical

retrieval using the CryoSat-2 sensor as well as for the custom gridding.

The gridded files contain the number of waveforms classified as either lead or sea ice (variable

“stat_n_valid_waveform”) and the fraction of lead detections (variable “stat_lead_fraction”), the

LFCS2. Multiplying the two parameters yields the absolute number of lead detections (C2 absolute)

per grid cell area and period. We use C2 absolute as a secondary metric because the LFCS2 can be

strongly biased if only a few waveforms were detected per grid cell.

6.2.3.3 MODIS lead fractions

For our comparison, we use lead fractions derived from Moderate-Resolution Imaging Spectrora-

diometer (MODIS) ice surface temperatures, Collection 6 (Hall and Riggs, 2019). The algorithm to

derive the MODIS lead fractions (LFMODIS) is described by Willmes and Heinemann (2015) and Reiser



122 CHAPTER 6. LEAD FRACTIONS DURING MOSAIC

et al. (2020). A time series of lead fractions for MOSAiC based on this dataset was previously presented

in Krumpen et al. (2021b).

Based on the method described in Reiser et al. (2020) a lead is here detected by its significant positive

surface-temperature anomaly as compared to the colder surrounding sea ice. The positive surface-

temperature anomaly can be created by open water and a thin sea ice cover. False detections can

arise due to unidentified clouds, fog, and sea smoke. They are minimized using shape, persistence,

and texture metrics of potential leads in addition to surface temperature. A fuzzy filter is then applied

using these stacked metrics to assign individual retrieval uncertainties to each identified lead pixel.

This results in daily binary lead maps with cloud gaps at a spatial resolution of 1 km.

Each grid cell in the resulting daily lead maps can be classified as cloud, sea ice, lead, and artifact,

with the latter comprising detected leads with an uncertainty exceeding 30 %. Due to the gridding,

i.e. the mapping of a lead into a regular grid with a grid size of 1 km, and the binary classification

scheme that only allows a grid cell to be fully covered by a lead or not at all, the actual lead fractions

may be overestimated.

We calculate lead fractions in the region of interest as the ratio of all pixels classified as leads and all

pixels classified as valid data, i.e., leads plus sea ice. We exclude the lead fraction from our analysis

when the percentage of valid data in the region of interest falls below 50 %.

6.2.3.4 Helicopter-borne TIR lead fractions

We present lead fractions from nine regional helicopter survey flights that were conducted with a ther-

mal infrared camera (Thielke et al., 2022). Deriving the helicopter-borne TIR lead fractions (LFHeli_TIR)

rely on the same principle of higher surface temperatures as the LFMODIS described in the previous

section. However, the LFHeli_TIR have a much higher resolution of up to one meter and suffer less from

the interference with atmospheric conditions due to a low flight altitude of around 300 m (Thielke

et al., 2022). Flights were performed only during clear and calm weather conditions.

The nine regional helicopter survey flights were conducted between October 2019 and May 2020

along the drift track of MOSAiC (Thielke et al., 2022). We used the broadband measurements of a

mounted thermal infrared camera from 7.5 to 14 µm which is in a similar frequency range as MODIS.

To classify leads from the measured surface temperature, we apply an iterative threshold selection

method (Ridler and Calvard, 1978) on the gridded surface temperature maps. The resulting prod-

ucts are binary maps for lead occurrence covering the flight tracks in up to 30 km distance to Po-

larstern. Due to changing conditions throughout the season, we use a dynamic threshold, i.e., a dif-

ferent threshold for each flight. To calculate the final lead fraction in the region of interest, we divide

the number of pixels classified as lead by the number of all-valid pixels.

6.2.3.5 Passive microwave lead fractions

In this study, we use PMW lead fractions (LFPMW) derived from data collected by the Advanced Mi-

crowave Scanning Radiometer 2 (AMSR-2) to which we apply an updated version of the algorithm

previously introduced by Röhrs et al. (2012) for the preceding instrument AMSR-E.

Lead fractions derived from satellite PMW imagery make use of the strong surface-emissivity contrast

to distinguish between leads and thick ice. To distinguish the elongated shape of leads from large ar-
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eas of polynyas which are also covered by thin ice, a high-pass filter is applied to detect the lead edges.

In contrast to the TIR imagery, lead detection from PMW works largely unaffected by clouds. From

all products, the LFPMW resolve the presence of thinner ice the longest. Refrozen leads with several

decimeters of new ice are still detected. The greatest advantage of the satellite passive microwave

data is their high temporal and spatial coverage and the length of the data record that spans from the

1980s to nowadays.

AMSR-2 is the follow-on instrument of AMSR-E with similar frequencies but with higher spatial res-

olutions. Lead fractions were previously derived from AMSR-E data by Röhrs et al. (2012) using a

vertically polarized brightness temperature ratio between the 89 GHz and 19 GHz channels that is

distinctive for thin ice. The AMSR-E lead detection algorithm provides the estimation of thin ice frac-

tion within an AMSR-E grid resolution, thus a mixture of leads with different sizes. The lead-fraction

dataset was expanded to AMSE-2 period applying the same algorithm. However, the parameters in

the algorithm had to be adjusted to the new instrument. To homogenize lead fractions from the two

instruments, a cross-comparison with MODIS-derived lead fractions was carried out in a pre-study

(Kassens et al., 2020). The new tie points of the brightness temperature ratios which correspond to

0 % and 100 % thin ice concentrations/lead fractions were estimated in a 500 km×500 km large area

in the Beaufort Sea where frequent lead openings were observed. Additionally to the tie points, a

high-pass filter with a search window of 11×11 pixels was applied to exclude polynyas (see also Röhrs

et al., 2012). AMSR-2 swath data were re-gridded into NSIDC polar-stereographic projection with

3.125 km×3.125 km grids. We calculate daily lead fractions from the AMSR-2 product in each grid cell

over the entire Arctic. For the mean area fraction, we take the average of all grid cell lead fractions in

the region of interest.

6.2.3.6 Visually-identified lead events from SAR images

In addition to the above described lead-fraction products, we construct a time series of visually-

identified leads from SAR images (LFvisual) as an aiding tool in the evaluation of the LFdiv and LFLKF.

This tool is necessary because there are large differences in magnitude and timing between the dif-

ferent lead-fraction products and, thus, any kind of “common ground” was difficult to establish for a

comparison with LFdiv and LFLKF. The LFvisual allows us to evaluate whether there was a (visible) lead

event independent of the actual area fraction of the leads.

We visually identified leads on the 50 m-resolution daily SAR images based on the strong backscatter

difference in the typical elongated shape. Additionally, we considered the temporal evolution of those

features on previous and following days, as leads always occurred and often vanished suddenly.

6.2.4 Supplementary datasets

We use supplementary datasets for background information on the ice and atmosphere con-

ditions along the MOSAiC drift track. We analyse standard meteorological observations of air

temperature, wind speed, and wind direction from the weather station on board of Polarstern

(https://www.awi.de/nc/en/science/long-term-observations/atmosphere/polarstern.html, last ac-

cess: November 5, 2021). The ship’s observations agree well with respect to their variability with

larger-scale re-analysis products (Krumpen et al., 2021b), but since they were taken at non-standard
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heights, i.e., air temperature at – 29 m and wind at – 39 m, there might be small deviations in the ab-

solute values. We further use the distance-to-ice-edge time series previously presented in Krumpen

et al. (2021b) that is based on an 89 Ghz sea ice concentration dataset. For the time series, we select

the shortest distance between Polarstern and zero ice concentration after removing smaller openings

with a 25 km smoothing filter (Krumpen et al., 2021b).

In addition, we evaluate the novel lead-fraction products (LFdiv and LFLKF) with the airborne EM-

induction ice thickness observations analyzed in von Albedyll et al. (2022, Chapter 4, page 63). The

regional airborne ice-thickness observations cover roughly the same spatial scale as the 50 km study

area used here. However, because the ice-thickness observations are only available along the almost

one-dimensional flight tracks, this dataset covers only a small fraction of the 50 km circle which may

introduce a spatial bias. The EM airborne ice thickness observations are available from six flights

between October 2019 and April 2020 and are thus very limited in their temporal coverage compared

to the lead-fraction products. The open-water fraction of the EM measurements contains ice with a

thickness between 0–10 cm and, thus, it is a good estimation for newly formed leads. Further, von

Albedyll et al. (2022, Chapter 4, page 63) quantified the contribution of new ice that has formed in

leads to the overall mean thickness from the ice thickness distributions. In Section 6.3.3, we use those

estimates to evaluate the instantaneous new ice production calculated from LFdiv.

6.2.5 Spatial and temporal evaluation of lead fractions

To evaluate LFdiv and LFLKF, we compare them to observations of the atmospheric conditions and ice

thickness and other lead-fraction products. We restrict our analysis to the time October 5, 2019, to

May 15, 2020. During the melt season, most of the retrieval methods suffer from large uncertainties

and are thus not available. For the temporal comparison, we compare the mean lead fraction in a

circle with 50 km radius around the position of Polarstern at the acquisition time of the SAR images.

We choose this scale because it captures the LKF structures, comprises the extended network of mea-

surements conducted during MOSAiC, and is a compromise between the different resolutions and

coverage of the various lead-fraction products. We use the following metrics for the evaluation of the

time series.

First, we compare the average lead-fraction magnitude and its variability by calculating the mean

lead fraction and standard deviation. For a plausibility check, we compare those mean values to the

observed open-water fraction derived from the airborne ice thickness measurements (Section 6.2.4,

Chapter 4, von Albedyll et al., 2022).

Second, we evaluate the agreement between the other lead-fraction time series and the reference

time series, LFvisual. We define a lead event in the lead-fraction time series when the lead fraction

exceeded the mean fraction of this time series by half of the standard deviation. This threshold is

chosen to best match with the occurrence of peaks in the time series (Figure 6.2). We compare the

occurrence of lead events for each day. This may appear strict but is necessary, considering that leads

are often opened and closed within several hours to a few days. We distinguish between four cases:

(1) Correctly identified lead events (“event”, true positive) when LFvisual and the other lead-fraction

time series indicate a lead event. (2) Correctly identified the absence of leads in both time series (“no

event”, true negative). (3) “False positives” when the lead-fraction time series suggests lead activity,
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but no opening is visible on the SAR image. (4) “False negatives” when the SAR image shows open

water, but the lead-fraction time series does not indicate an event.

Third, we compare lead fractions spatially in two case studies. Again, the visual interpretation of the

SAR images serves as an evaluation basis for the lead fractions. We manually quantify the lead fraction

and analyze qualitatively whether or how well the different products could reproduce the location of

leads.

6.2.6 Instantaneous new ice production

We calculate the rate of instantaneous new ice formation in leads for each day from the vertical heat

fluxes at the air-sea interface following Pease (1987). However, the instantaneous new ice formation

represents only a lower estimate of the total ice production in leads because our calculations do not

consider any ice growth that continued longer than one day when the lead stayed open.

The approach was originally developed for new ice formation in polynyas with wind-driven removal

of grease ice, but since we only consider at periods of one day, the assumption of ice growth in open

water is a justified first-order approximation. We give a short summary of the approach and direct

the reader for details and the choice of parameters to the original publication. The freezing rate ( d H
d t )

is given by:

−ρi L
d H

d t
= (1−α)Qr +Ql d +Qlu +Qs +Qe (6.2)

with: density of new ice (ρi = 0.95 ·103 kg m−3), the latent heat of fusion (L = 3.34 ·105 J kg−1), short-

wave radiation ((1−α)Qr ), downward (Ql d ) and upward (Qlu) longwave radiation, sensible heat flux

(Qs), and latent heat flux (Qs).

We neglect the solar shortwave radiation due to its zero to very small contribution for most of the

study period in the Arctic winter. The upward longwave radiation is mainly a function of the water

temperature and can be approximated with Planck’s law:

Ql u =σew T 4
w (6.3)

with the Stefan-Boltzmann constant (σ= 5.67·10−8 W m−2 K−4), an effective emissivity of water (ew =
0.98), and the water temperature (Tw = −1.8 ◦C = 271.35 K). Since the freezing temperature of sea

water varies only marginally, upward longwave radiation is assumed to be constant. This assumption

is only valid for a short period of time because forming new ice drastically reduces the longwave

radiation.

In contrast, the downward longwave radiation varies with air temperature and can be approximated

analogous to the upward longwave radiation:

Ql d =σeaT 4
a (6.4)

with an effective emissivity of air (ea = 0.95), and the variable air temperature (Ta). We use daily av-

erages of the air temperature measured by the onboard meteorological station of Polarstern (Section

6.2.4). While the temperature measurement is taken at a non-standard height (-29 m), the approx-
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imation is still good enough considering the much larger uncertainties of the lead fractions. This

approximation also neglects longwave radiation from clouds and might therefore overestimate the

sea ice growth rates.

The sensible heat flux is parameterized by:

Qs = ρaChCp vw (Ta −Tw ) (6.5)

with: air density (ρa = 1.30 kg m−2), the unit-free sensible heat coefficient (Ch = 2.0 ·10−3), specific

heat of air (Cp = 1004 J K−1 kg−1), and the variable wind speed (vw ).

For air temperatures well below freezing, the sensible heat flux is more than twice as large as the latent

heat flux and the contribution from the latent heat flux is significantly smaller than the uncertainty

of the heat flux coefficients (Pease, 1987). Therefore, we neglect the latent heat flux in the first-order

application. Taken together, equation 6.2 simplifies to:

d H

d t
= −σeaT 4

a +σew T 4
w +ρaChCp vw (Ta −Tw )

ρi L
(6.6)

We calculate the relative contribution of instantaneous new ice production in leads (h∗ in m) for the

time between the observations (t in s, normally one day) from the freezing rates ( d H
d t in m s−1) and

the lead fractions (Aleads):

h∗ = d H

d t
· Aleads · t (6.7)

The property h∗ is the instantaneous new ice volume produced in leads during one day spread out

over the study area and has units of meters. Thus, it can be also interpreted as an instantaneous

mean contribution from divergence-induced new ice formation to the ice thickness. Summed up

over a longer time, the accumulated instantaneous new ice production (h∗
sum,t) gives a lower estimate

of the total contribution of the lead ice production to the ice thickness. Lead ice growth that takes

place longer than one day is not considered in this property.

6.3 Results

Our aim is to analyze the ability of SAR-derived divergence to quantify lead fractions. For a better

overview, we first describe the two lead-fraction time series based on divergence, LFdiv and LFLKF, in

the context of the atmospheric conditions and geographical region (Section 6.3.1). Second, we com-

pare the time series temporally and spatially to existing lead-fraction products. Lastly, we calculate

the instantaneous ice production from the lead fractions (Section 6.3.3).

6.3.1 Time series of lead fractions based on divergence

The mean LFdiv is 0.80 % with a maximum of 3.18 % (on November 21, 2019). The average LFLKF is

two magnitudes smaller with a mean of 0.05 % and a maximum of 0.51 % (on March 28, 2020). From

October 2019 until mid-January 2020, there was moderate lead activity with several single lead events
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with a duration of 1-2 days (green shading in Figure 6.2) and two longer active phases of several lead

events within 14-days between mid-November to end of November and beginning of December to

mid-December (blue shading in Figure 6.2).

Figure 6.2 displays the time series of LFdiv and LFLKF along with the ambient atmospheric condi-

tions and the distance to the ice edge. We have chosen the comparison with atmospheric parameters

because wind stress is one of the main drivers of sea ice dynamics and, thus, a good proxy for lead

formation (e.g., Weiss, 2013). Hence, the atmospheric conditions can serve as a first plausibility check

of the temporal variability of the LFdiv and LFLKF time series. In addition, the geographic location and

distance to the ice edge influence strongly the lead fraction (Willmes and Heinemann, 2016). Since

the Russian marginal seas froze up between October and December 2019, the distance to the ice edge

gradually increased while Polarstern moved only slowly towards the northwest into the Central Arctic.

The highest lead activity, characterized by multiple events with high lead fractions, was reached in

March 2020 when MOSAiC was starting to approach the ice edge gradually from an initial distance

of 800 km. This active phase was followed by a more quiet period before the frequency of events in-

creased again in mid-April 2020. During that time, MOSAiC had already halved its distance to the ice

edge to approximately 400 km. The active phases correspond well to phases of increased wind speeds

often from the north, while for the short, one-day long lead events there is no obvious correspon-

dence between increased wind speeds or direction changes and lead occurrence. Based on the high

wind speeds in February, we assume that there were additional active lead phases in February and the

beginning of March 2020. However, they are not resolved by LFdiv and LFLKF because of the data gap

between mid-January and mid-March 2020. In addition to the atmospheric conditions, the location

of MOSAiC within the Transpolar Drift had an impact on the observed temporal variability. The in-

crease in lead activity in March corresponds well to Polarstern approaching a region that is generally

characterized by higher lead fractions (see Figure 15 in Krumpen et al., 2021b).

In short, the LFdiv and LFLKF time series could reproduce the overall expected variability due to atmo-

spheric forcing and the geographical location.

6.3.2 Differences and similarities between the lead-fraction time series

The following section compares LFdiv and LFLKF time series on the one hand, and the other lead-

fraction products on the other hand, with respect to their mean values (Section 6.3.2.1), their tempo-

ral variability (Section 6.3.2.2), and their ability to resolve leads spatially (Section 6.3.2.3). The analysis

aims to identify the conditions under which LFdiv and LFLKF detect leads and under which not to bet-

ter understand the strengths and weaknesses of the different retrieval methods.

6.3.2.1 Mean values and their variability

Table 6.1 gives an overview of the mean lead fractions of the different time series and their variability

expressed by the standard deviation and the coefficient of variability. The latter is defined as the

ratio of the standard deviation and the mean. The mean lead fractions vary by several magnitudes

between 0.05 % (LFLKF) and 5.77 % (LFMODIS) between the products while their temporal variability

is very similar with coefficients of variability between 1-2. All lead-fraction products detect a similar

percentage (11-24 %) of lead events over the study period (calculated as the ratio of lead events and
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Figure 6.2. LFdiv and LFLKF time series with complementary data. Panel (a) displays the LFdiv (black line, left
y-axis) and LFLKF (gray line, right y-axis) time series with active phases (blue shading) and single lead events
(green shading). Panels (b)-(c) show the complementary atmospheric conditions as measured at the mete-
orological station on board of Polarstern, namely wind magnitude (b), wind direction (arrows in b), and air
temperature (c). Panel (d) displays the distance of Polarstern to the ice edge (Krumpen et al., 2021b).

Table 6.1. Overview of lead-fraction time series in 50-km circle around Polarstern. The mean lead fraction
and its standard deviation are given for each lead-fraction product. The coefficient of variations is defined as
the ratio of standard deviation and mean. C2 absolute is given in absolute numbers, not in percentages. The
length of the time series varied due to the lack of (satellite) coverage or data gaps, e.g., due to clouds.

Dataset Mean lead Standard Coefficient Length of Lead
fraction (%) deviation of variation time series (days) events

LFdiv 0.80 0.57 1.25 162 18
LFLKF 0.05 0.09 1.80 162 26
LFclassified_SAR 0.16 0.25 1.56 162 26
LFMODIS 5.77 6.55 1.13 132 25
LFHeli_TIR 1.16 1.14 0.98 9 –
LFPMW 3.35 2.32 0.69 239 58
LFCS2 10.33 10.30 1.12 200 29
C2 absolute 2.38 2.25 0.94 200 41
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length of the time series, see Table 6.1), which implies that the large differences in the mean are related

to the different magnitudes of the individual events and not to the number of events.

For a plausibility check of the magnitude, we compare the mean lead fractions to the mean open-

water fractions derived from the airborne ice thickness observations (Section 6.2.4, Chapter 4, von

Albedyll et al., 2022). Because the open-water fraction of the EM ice-thickness measurements is lim-

ited to 0–10 cm thick ice, it approximates the fraction of leads that opened up on that particular day

or slightly before in the freezing season. Taking the average of all nine surveys between October 2019

and April 2020 gives an open-water fraction between 0.02 % and 0.81 % with a mean of 0.35 %. This

number most likely underestimates the true open-water fraction due to the footprint averaging of

the EM airborne ice thickness measurements. Nevertheless, it provides a rough estimate in the same

order as the mean LFdiv, LFclassified_SAR, and LFHeli_TIR.

The observed differences in magnitude provide clear evidence for the major differences in the “lead

definition” (Section 6.2.1) of each retrieval method, but also in their spatial and temporal coverage

and resolution. Since the variability and the number of lead events is similar, we suggest that all re-

trieval methods react similarly sensitive to changes in the real lead fractions, but with different magni-

tudes. LFMODIS and LFPMW overestimate the open-water fractions compared to the EM observations.

This agrees well with the assumption that their lead fractions also include thin ice. However, the

LFHeli_TIR are based on the same measurement principle as LFMODIS but have substantially smaller

values. Therefore, other factors such as spatial resolution, spatial coverage, and atmospheric condi-

tions must also play a role. The lead-fraction products based on the higher resolution SAR images

(LFdiv, LFLKF, LFclassified_SAR) detect primarily only open-water leads which is confirmed by their rea-

sonable good agreement with the observed EM open-water fractions. An exception are the LFLKF that

underestimate the mean fraction due to two reasons. First, the LKF detection algorithm reduces all

deformation zones to 1-dimensional features and hereby removes divergence information. Second,

the algorithm strictly filters and only keeps pixels with strong deformation aligned in a linear shape.

The LFCS2 and the LFHeli_TIR time series are difficult to compare to the other time series because of

their individual characteristics and we thus exclude them from some of the analysis. Both datasets

cover only a small fraction of the study area. This can introduce a strong spatial bias. In addition, the

high sensitivity of the CryoSat-2 retrieval method towards leads (Section 6.2.3.2) introduces a strong

bias which is confirmed in the very high lead fractions. Thus, in this study, LFCS2 and C2 absolute are

understood rather as lead-event indicators than as actual lead-area fractions. The regional LFHeli_TIR

time series has the highest spatial resolution of all datasets but is very limited in space and time.

Therefore, we consider the LFHeli_TIR as accurate estimates of the mean lead fraction but refrain from

any temporal analysis.

6.3.2.2 Temporal variability

After the mean fractions, we evaluate (1) the common temporal variability of the lead-fraction time

series, (2) their ability to identify the visually-identified lead events (LFvisual), and (3) their temporal

resolution and coverage. Figure 6.3 presents the different lead-fraction time series. The figure also

includes the visually-identified lead events (gray vertical lines) that served as a reference for the eval-

uation (see Section 6.2.5 for a definition).
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Figure 6.3. Time series of lead fractions from different sensors. The gray vertical lines illustrate dates where
leads were visually identified on the SAR images. The red dots mark all “lead events” that are defined as lead
fractions larger than the mean + 0.5 × standard deviation.

(1) Common variability of the lead-fraction time series

Because LFdiv and LFLKF are based on the same divergence fields, the observed, very similar temporal

variability is expected. In contrast to the LFdivergence time series, lead events in the LFLKF time series,

defined as values larger than the mean + 0.5 × standard deviation (red dots in Figure 6.3) are more

prominent, clear signals in the otherwise mostly zero lead-fraction time series. The observed differ-

ences agree well with the retrieval techniques. The LFLKF retrieval technique works like a strict filter

on the LFdiv by suppressing noise and emphasizing strong events but also removing most likely real

divergence events that are either not strong enough or do not result in elongated shapes.

The temporal variability of the LFclassified_SAR time series is similar to the one of the LFdiv and the LFLKF

with individual events in fall and winter, and the most active phase in March. However, there are also

pronounced differences, for example, the high lead fractions at the beginning of April 2020 that are

not present in any other time series.

Frequent data gaps in the LFMODIS time series complicate a comprehensive comparison to the LFdiv

and LFLKF time series. LFMODIS are also increased during March and, as anticipated from the wind

speeds (Figure 6.2), the time series also indicates high lead fractions in February and beginning of

March 2020.

The LFHeli_TIR time series consists only of nine temporal snapshots which prevent an interpretation

of the variability. However, the trend, suggested by the few data points, towards higher fractions in

spring aligns well with the other lead-fraction time series.
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Figure 6.4. Correctly and not correctly identified lead events in the different lead-fraction time series. Based
on LFvisual, we classify whether a time series correctly identifies a lead (“event”) or the closed ice pack (“no
event”). For the wrongly classified events, we separate between “false positives” and “false negatives”. We
exclude LFHeli_TIR because the number of measurements is not large enough for a meaningful analysis.

The variability of the LFPMW time series is very distinct from the other time series with rarely lead frac-

tions close to zero, less pronounced events but longer phases of several days with high lead fractions.

Similar to the LFMODIS time series, the highest LFPMW are found in March 2020, with surprisingly little

activity in the stormy February 2020. Taken together, those aspects provide further evidence that the

LFPMW retrieval includes to a large extent also thin ice that is not detected by the other sensors.

The LFCS2 time series reveals a different pattern than the previous ones with the highest activity in fall

and only a few events in spring. Potential causes of this deviation could arise from the abundant thin

ice in fall that could have been classified as leads by the retrieval algorithm.

Taken together, for shorter periods than the seasonal variability, there is no agreement between the

different lead-fraction time series. This complicates establishing some kind of “common ground”

for the evaluation of the LFdiv and LFLKF time series and we thus compared them to LFvisual instead

(Section 6.2.5).

(2) Comparison to the visual reference lead events

Figure 6.4 and Table 6.2 summarize how all time series perform in identifying the visually-identified

lead events. Overall, all time series strongly underestimate the occurrence of leads compared to the

visual reference quantified by the high false negative rates (Table 6.2). The LFLKF time series yields

the best results in identifying lead events with 36 % while the LFdiv time series performs worse with

only 25 % correctly identified leads. Figure 6.4 shows that the correct detection of lead events does

not have any seasonal variability. In contrast to the low skill in identifying lead events, the LFdiv and

LFLKF time series detect very reliable (96 % and 94 %) the absence of leads. Here, LFdiv, LFLKF, and

LFMODIS (96 %) perform better than the other products.

(3) Temporal and spatial coverage

The last aspect of the comparison is the temporal resolution and coverage. Table 6.1 shows that

LFPMW are the most complete time series, while LFMODIS have the least valid days. The LFdiv and

LFLKF time series perform in the midfield, however, they suffer from a very irregular distribution of

the gaps caused by the lack of satellite coverage north of approximately 87◦N. Especially in those
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Table 6.2. Fraction of correctly identified lead events. The LFvisual indicates leads on 39 % of the SAR scenes.
The values are given as fraction of the true classification, i.e., “no event” + “false positive” = 1, and “false nega-
tive” + “event” = 1.

no event false positive false negative event not classified
LFdiv 0.96 0.04 0.75 0.25 0.35
LFLKF 0.94 0.06 0.64 0.36 0.36
LFclassified_SAR 0.90 0.10 0.69 0.31 0.35
LFMODIS 0.96 0.04 0.82 0.18 0.49
LFPMW 0.66 0.34 0.77 0.23 0.31
LFCS2 0.92 0.08 0.69 0.31 0.38
C2 absolute 0.91 0.09 0.78 0.22 0.38

regions, lead fractions from other sensors than Sentinel-1 and most other SAR satellites are crucial.

While those results are specific for the MOSAiC drift track, they still demonstrate well the limiting fac-

tors of the different time series that are either sensor-specific (no coverage beyond a certain latitude)

or due to the retrieval technique (clouds).

6.3.2.3 Spatial comparison

The previous sections were concerned with comparing mean values and temporal variability. Next,

we analyze how well the LFdiv and LFLKF reproduce the location and size of leads compared to a visual

reference. To do so, we focus on two case studies with different dynamic regimes.

Single deformation event - November 1st-2nd, 2019

Between November 1st and 2nd, 2019, two leads opened in the previously closed ice pack (Figure 6.5a-

b). An approximately 70 km long and 350 m wide lead opened 25 km south of Polarstern. A smaller

lead with 33 km length and maximum 250 m width opened 11 km to the west of the ship. Both leads

were closed again on November 3, 2019. Extrapolating from the ice-thickness observations from Oc-

tober 14 onto November 1, 2019, the modal ice thickness was likely around 0.5 m±0.1 m (Chapter 4,

von Albedyll et al., 2022).

We manually estimate a lead fraction of 0.25 % from the SAR image (Figure 6.5b). The LFdiv capture

the larger lead very well. As the only lead-fraction product, the LFdiv partly indicate the formation

of the smaller lead. We test whether the observed width of the lead and the integrated divergence

values along the opening direction of the lead match. We find that the LFdiv result in a lead width of

300–350 m which agrees well with the observed 350 m. However, the LFdiv also indicate divergences at

several other spots where we can not find any visual signs of open water. This results in an overestima-

tion of the lead fraction by one magnitude (2.6 %) compared to the visual estimate. Those spurious

detections are removed in the LFLKF but at the price of also removing any sign of the smaller lead.

Since the larger lead is concentrated into a quasi-one-dimensional structure that is only one pixel

wide, the estimate of the lead width reduces to about 200–240 m. Altogether, this results in a strong

underestimation of the lead fraction of 0.063 %.

The LFdiv and LFLKF perform similarly well as the LFclassified_SAR in detecting the location of leads.

The LFclassified_SAR benefit from a high spatial resolution that is one order larger than the one of LFdiv

and LFLKF and captures the large lead precisely. However, the used lead classification algorithm
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Figure 6.5. Comparison of lead-fraction products on November 2, 2019. Panels a and b display SAR images
of the ice pack on November 1 and 2, 2019. The manual classification of the leads is shown in panel b in red.
Panel (c) displays the drift corrected divergence field. Panel d shows the drift corrected LKF dataset. All other
lead-fraction products are shown in the second row. The numbers at the bottom left of each panel indicate the
lead fraction.

(Murashkin et al., 2018; Murashkin and Spreen, 2019) only detects leads with a minimum width of

about 280 meters (approximately 7 pixels of the original Sentinel-1 SAR scenes) and, thus, the smaller

lead and parts of the larger lead are not classified as open water. Like the LFdiv, the LFclassified_SAR

also detect some other spurious features without corresponding visual notice of a lead. With a lead-

fraction estimate of 0.15 % the LFclassified_SAR come closest to the visual estimate.

While LFMODIS suffer from heavy cloud coverage (lead fraction: 0.06 %), the LFPMW (3 %) show some

features that are most likely associated with thin ice rather than leads. CryoSat-2 passed over the

small lead and parts of the larger lead and captured higher lead fractions. The higher LFCS2 of 10 %

confirm the overall divergent drift regime that has opened probably a few more smaller leads that are

not visible on the SAR image.

Dynamic phase with several leads opening - March 26th-27th, 2020

We chose this example intentionally to illustrate existing downsides of the LFdiv and LFLKF time series.

March 26-28, 2020, was a very dynamic period with lead openings and closings. Several leads up to

1 km wide opened within 50-km distance to Polarstern. Due to the low temperatures around -30 ◦C

(Figure 6.2), the open water quickly refroze. The modal and mean ice thickness were around 1.7 m

and 2.3 m, respectively.

We visually estimated a lead fraction of 3 % concentrating on the large lead systems (Figure 6.6b).

Leaving out a few smaller leads, this value probably still underestimates the true lead fraction. The

LFdiv reproduce the opening of the leads in the upper left part of the region of interest but show weak
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Figure 6.6. Comparison of lead-fraction products on March 27, 2020. Panels a and b display SAR images of
the ice pack on March 26 and 27, 2020. The manual classification is shown in panel b in red. Panel c displays
the drift corrected LFdiv. Panel d shows the drift corrected LFLKF. All other lead-fraction products are shown in
the second row. The numbers at the bottom left of each panel indicate the lead fraction.

convergence along most of the other lead locations (Figure 6.6c). This observation, which seems

contradictory at first glance, can be explained in parts by looking at the LFdiv and SAR images the day

before (Figure 6.6a). The LFdiv showed leads opening between March 25th and 26th, 2020 (not shown)

with a lead fraction of 3.3 %. Parts of those leads are seen on the SAR image (white signatures in the

right part of the circle, Figure 6.6a). Between March 26th-27th, the majority of those leads closed

slightly or stayed at a constant width, and showed up very well on the SAR image on March 27th.

Since the LFdiv can only detect the opening process, they underestimate the lead fraction on March

27th with 1.8 %. The same applies to the LFLKF that indicate only one active deformation zone in the

upper left part of the study region and a lead fraction of 0.053 %. Analogue to the LFdiv, the LFLKF

show a high fraction of 0.15 % the day before on March 26, 2020. The LFLKF further filtered out the

weak convergence signals visible in the LFdiv.

In contrast to the LFdiv and LFLKF, the other lead-fraction products detect leads independent of their

formation time as long as they are covered by open water or thin ice. However, they suffer from other

uncertainties as seen in the lower row of Figure 6.6. Only the LFPMW are with 4.4 % similarly close

to the visual estimate as the LFdiv, but the analysis of the spatial distribution showed that the LFPMW

product only resolves a few of the leads while still overestimating the fraction (6.6h). Nevertheless, in

contrast to the November case, the LFPMW significantly improved in predicting the location of leads

for the March case, as the few resolved structures are aligned with leads seen on the SAR image (Figure

6.6). The LFclassified_SAR only identify the larger leads and, thus, underestimate the lead fraction with
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Figure 6.7. Instantaneous ice production (h∗) from (a) LFdiv and (b) LFLKF. Each panel shows the daily con-
tribution (h∗) to the mean thickness from the instantaneous ice production in leads (black, left y-axis) and the
cumulative contribution to the mean thickness (h∗

sum,t) from new ice formation in leads (gray, right y-axis).

1.1 %. When not clouded, LFMODIS detects individual leads, but not reliable. Interestingly, the LFMODIS

of 7.4 % are still double the visual estimate. We speculate that there are two main reasons for this

large estimate. First, where leads are correctly identified, the fraction is overestimated due to the

combination of gridding and the binary classification scheme (see Section 6.2.3.3). Second, MODIS

is detecting leads in some areas where leads were not observed visually, especially between detected

leads. This could hint at the presence of thinner, fragmented ice that is not seen on the SAR image

or the presence of warmer air around a lead that “smears out” the lead signal. The LFCS2 indicate a

lead fraction of 8.4 % which is high compared to the other sensors, but not a clear peak in the LFCS2

(see also the November case study). Even though the swaths indicate some coverage of the leads, the

valid waveforms for the lead pixels are rather low. We speculate that the smaller leads might have

been missed since the data are not drift corrected or filtered out because small leads often create

waveforms of mixed surface types that are removed intentionally in the processing.

6.3.3 Instantaneous ice production in leads

Lead fractions form the quantitative basis for examining many sea-ice-related processes, such as new

ice formation and associated brine release, gas and heat exchange, and release of organic particles

and inorganic compounds. In the following, we demonstrate how the lead-fraction time series could

be used for one of those applications, i.e., the calculation of new ice formation, and compare the

estimates to the amount of new ice that was observed from the airborne EM ice thickness surveys

(Chapter 4, von Albedyll et al., 2022). This comparison also provides another independent plausibility

check of the lead-fraction magnitude.

Figure 6.7 provides an overview of the daily and accumulated instantaneous ice production in leads.

On the one hand, this is a lower estimate of the total ice that formed in leads because it considers

lead ice growth only for the day when the leads are observed (Section 6.2.6). Because the LFdiv and
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Table 6.3. Instantaneous ice production (h∗
sum,month in cm) summed up per month for LFdiv and LFLKF.

time h∗
sum,month LFdiv (cm) h∗

sum,month LFLKF (cm)

October 2019 1.71 0.03
November 2019 2.33 0.08
December 2019 2.56 0.21
January 2020 (incomplete) 0.87 0.06
March 2020 (incomplete) 3.24 0.52
April 2020 2.21 0.10
May 2020 (incomplete) 0.45 0.03

LFLKF time series only detect leads when they form or widen, this, in turn, means that ice growth in

leads that stayed open for several days, could not be considered. On the other hand, our calculations

could also overestimate the ice formation rates in case the detected lead was already covered by thin

ice which reduces significantly the ice growth rate.

Table 6.3 gives an overview of the monthly contributions to the new ice formation calculated for LFdiv

and LFLKF. Thanks to the particular cold air temperatures mid-March (see Figure 6.2) and the high

lead activity, the largest ice production took place in March with 24 % within only 15 days. To obtain

an estimate that represents the full growth season (including the gap between mid-January and mid-

March), we take the average daily instantaneous new ice production rate and up-scale the ice growth

to the full length of the study period. This results in an estimate of 20 cm and 1 cm for the LFdiv and

LFLKF time series, respectively.

As expected from the different mean lead fractions and the different lengths of the study period, the

estimates of new ice formation based on the different sensors varies strongly between 1-108 cm (Table

6.4). To assess the plausibility of those results, we compare them to the dynamic and thermodynamic

contributions to the mean thickness as presented in Chapter 4 (page 63, von Albedyll et al., 2022). The

airborne ice thickness observations suggest that divergence-induced new ice formation contributed

40 cm to the mean thickness between October 14, 2019, and June 21, 2020. Only the LFdiv time series

is with 20 cm of instantaneous new ice formation in the correct order of magnitude while all other

datasets either strongly underestimate (LFLKF, LFclassified_SAR) or overestimate (LFMODIS, LFPMW) the

production. This comparison can serve only as a first plausibility check because our approach only

considers new ice formation of one day in leads, while the analysis of the ice thickness observations

also included lead ice that was growing for several days. We also compared new ice formation for win-

ter (October 14, 2019, to April 17, 2020) and spring (April 17 to June 21, 2020) separately and found a

clear disagreement between the ice thickness observations and the lead-fraction calculations. While

the LFdiv suggest that the majority (92 %) of divergence-induced new ice formation took place in win-

ter, the EM ice thickness observations only attribute 25 % of the total contribution to this time. This

discrepancy may hint at a large spatial variability due to slightly different study areas and flight tracks,

an insufficient approximation of the total lead ice formation by the instantaneous new ice formation,

or a still large uncertainty in the lead-fraction estimates. We conclude that the overall magnitude of

the LFdiv agrees reasonably well, but not their relative contribution from winter and spring.
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Table 6.4. Instantaneous ice production in leads for each lead-fraction product. We quantify the accumu-
lated contribution of the instantaneous new ice formation in leads for the whole study period (h∗

sum,total, Sec-
tion 6.3.3). The length of the time series varied due to the lack of satellite coverage or data gaps, e.g., due
to clouds (see Table 6.1). a Number in brackets is extrapolated for the whole study period including the gap
between mid-January and mid-March.

lead-fraction product h∗
sum,total (cm)

LFdiv 13 (20)a

LFLKF 1 (1)a

LFclassified_SAR 4
LFMODIS 97
LFPMW 108
LFCS2 198

6.4 Discussion

The objective of this study was to analyze lead fractions based on divergence. We have calculated

two lead-fraction products from the divergence: divergence-derived lead fractions (LFdiv) and

LKF-derived lead fractions (LFLKF). We found that LFdiv and LFLKF can reproduce the temporal

variability expected from the external wind forcing and geographical location. The average mag-

nitude of the LFdiv seemed realistic compared to supplementary, high-resolution airborne EM

observations while the comparison also revealed that the mean LFLKF underestimated the true

ones likely by more than one order of magnitude. Compared to the other lead-fraction datasets, we

could identify four main advantages and disadvantages of the LFdiv and LFLKF that are outlined below.

Advantages of lead fractions based on divergence

On the one hand, LFdiv and LFLKF performed well in the identification of lead events. Especially LFLKF

had the highest rate of correctly identified lead events (Section 6.3.2.2). However, this rate was still

low (36 %) leaving large room for improvement.

The good identification skill was most likely linked to the second advantage which is the ability to

detect small leads while maintaining a large spatial coverage. Even though LFclassified_SAR indicated

the location of leads with a 10 times higher spatial resolution, LFdiv were most reliable in resolving

small leads (< 250 m) on the case study from November 2nd, 2019 (Section 6.3.2.3). While LFCS2 most

likely included even smaller leads, LFdiv have the advantage that they have a higher spatial resolution

and larger spatial coverage than the gridded LFCS2.

Third, all three time series based on SAR data (LFdiv, LFLKF, LFclassified_SAR) have a high spatial resolu-

tion at moderate temporal coverage. While LFPMW and LFCS2 have a better temporal coverage (Table

6.1), they cannot compete with the spatial resolution or coverage of the SAR images. Surprisingly, in

our study LFMODIS fell behind the SAR time series with respect to the temporal coverage due to the

high cloud coverage. In contrast, LFMODIS have the great advantage that they cover the whole Arctic

without gaps. Thus, LFMODIS are well suited for long-term (months to years), pan-Arctic studies.

Last, LFdiv are easy to interpret for applications that ask for the areal coverage of open water. The

good agreement was shown in the comparison with the EM observations of open-water fraction

and new ice formation from the airborne ice thickness observations. In contrast, the larger LFMODIS
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and LFPMW classify thin ice up to a certain, unknown, ice thickness as leads. EM ice-thickness

measurements could be used to analyze the sensitivity of the LFMODIS and LFPMW towards ice

thickness which could significantly decrease the uncertainty in a range of different applications.

Disadvantages of lead fractions based on divergence

On the other hand, the LFdiv and LFLKF suffer from disadvantages which, however, can be partly im-

proved in future work.

The first, and most likely most severe disadvantage is that LFdiv and LFLKF in their current form detect

leads only at their formation and cannot resolve them at a later stage, no matter whether there is still

open water or thin ice. However, the information whether a lead closed, opened further, or stayed

open, is available and could be used to describe the dynamic evolution of a lead over several days.

This advancement of the algorithm would even provide more information on the temporal evolution

of the lead ice than the other lead-fraction products. Because the LKF detection algorithm contains a

reliable tracking of the LKFs, we suggest using the information to reconstruct the temporal evolution

of leads. This could significantly improve the performance of the LFdiv and LFLKF.

Second, the ability of LFdiv to detect small leads comes at the price of a higher noise level. Therefore,

most of the time series use a shape criterion to remove noise. How this could be successfully done

on LFdiv, is essentially shown in the LFLKF that do not contain any noise, but also miss smaller leads.

We suggest revisiting the filters of the LKF detection algorithm and to test whether modifying the

thresholds could increase the detection of small leads while still maintaining acceptable noise levels.

Third, the LFLKF outperform the LFdiv in several aspects, but they suffer from the unrealistic under-

estimation of the lead-fraction magnitude due to the too strict removal of smaller leads (see above)

and the reduction of the leads to quasi-one-dimensional features. To compensate for the latter, we

suggest adapting the LKF algorithm in addition to the above-mentioned modifications and to include

LKFs with a width of several pixels. We expect the largest improvement from this modification.

Last, LFdiv and LFLKF are available every 1-3 days and do not cover the region north of 87◦N. In addi-

tion, their time series includes only the recent two decades. Combining SAR datasets from different

sensors will reduce those gaps, but, so far, LFPMW and LFMODIS provide more suitable alternatives for

climatological studies reaching back several decades or studies on arctic-wide scales and (sub-)daily

time scales.

Our choice of comparison metrics might have overlooked advantages and disadvantages of the lead-

fraction products. First, our results are only valid for the analyzed spatial scale of 50 km. We plan to

repeat the analysis for scales of 20 km to 200 km to extend our results to other scales. Second, the

comparison with the visual references (LFvisual) and the definition of a lead event lack some objec-

tiveness. We were forced to use the rather subjective metric of visual reference due to the absence

of common variability in the existing lead-fraction time series. In addition, the threshold for a “lead

event” was chosen to capture most peaks in the lead-fraction time series. In future work, we will re-

peat the classification with more visual observers and different thresholds to increase the robustness

of the metric. Nevertheless, the consistency between the comparisons and the external datasets pro-

vides us with sufficient confidence in the key results. Third, our calculations of the instantaneous new

ice production are only a first-order estimate as they consider a lead ice growth period of one day. In
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addition, they do not take into account the ice growth that would have taken place under the icepack

without a lead. Both aspects will be addressed in future work.

Taken together, based on our means of comparison, we conclude that LFdiv and LFLKF combine ad-

vantages of several other lead-fraction products and, thus, are a valuable addition to the existing lead-

fraction products. This corroborates earlier results from Kwok and Cunningham (2002) and Kwok

(2006) who used RADARSAT Geophysical Processor System (RGPS) derived deformation to estimate

openings in the ice pack and divergence-induced new ice formation. Our study could substantially

advance the results from Kwok and Cunningham (2002) by using several existing lead-fraction prod-

ucts for comparison and by demonstrating that LFdiv and LFLKF can also reliably indicate the location

of leads. In addition, the TIR observations, as well as the open-water fraction and the divergence-

induced new ice formation from the ice thickness observations provide an independent evaluation

for our approach that was not available to Kwok and Cunningham (2002) and Kwok (2006).

The lead fractions based on divergence provided evidence for a lower mean lead fraction in Arctic

sea ice in the order of 0.1–1 % compared to the previously reported fractions in the order of a few

percent (Wadhams, 2000; Reiser et al., 2020). Our results agree well with previous results from Kwok

and Cunningham (2002) who found a mean open-water fraction of 0.3 % based on divergence for the

perennial ice cover in the Pacific sector of the Arctic.

Our results have important implications for key Arctic climate processes. For example, as pointed out

in the introduction, already a small increase in lead fraction by 1 % could raise the near-surface tem-

perature substantially (Lüpkes et al., 2008). The observed differences in the lead-fraction products of

more than 5 % on average are much larger and must be interpreted with care and knowledge of the

underlying retrieval methods. Only when considering the specific physical and technical properties

of the lead-fraction time series, a safe application is possible. This also applies to LFdiv and LFLKF

that were introduced in this study. Derived from SAR data and focusing on the formation of leads, the

LFdiv and LFLKF are well suited to estimate the open-water fraction with high reliability, high spatial

resolution and coverage, and moderate temporal coverage. Their ability to identify open water makes

the products particularly valuable for applications that deal with all processes happening in leads at

the ocean-air interface. In addition, as demonstrated above, LFdiv can produce reasonable estimates

of the instantaneous ice production. Despite the additional work still needed to provide full estimates

of the divergence-induced new ice formation from LFdiv, we are confident that LFdiv and LFLKF can

serve as important tools to estimate the dynamic contribution to the sea ice mass balance. This ap-

plication may become especially relevant considering that Arctic sea ice drift and likely deformation

rates are increasing (e.g. Rampal et al., 2009; Spreen et al., 2011). However, so far there was no clear

evidence yet that the lead fractions and, thus, the divergence-induced new ice production increased

simultaneously (e.g., Wang et al., 2016; Willmes and Heinemann, 2016; Krumpen et al., 2021b). Using

lead fractions based on divergence could establish the yet missing direct link between drift speeds,

deformation rates, and new ice production.
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6.5 Conclusions

Only a small fraction of the Arctic perennial ice pack is covered by leads, thin ice or open water

that was created by divergent ice motion. However, those leads are hotspots for many atmospheric,

ecological, and oceanic processes in the polar climate system. Precise retrieval techniques are re-

quired to observe the small fraction of leads in the sea ice. The aim of this study was to evaluate

SAR-retrieved divergence for estimating lead fractions. Divergence is the driving mechanism of lead

formation and we calculated it from sequential SAR images obtained from the Sentinel-1 mission.

We derived two lead-fraction products from the divergence, one based on divergence only (LFdiv),

and one based on LKFs (LFLKF) that were identified in the divergence fields using an algorithm by

Hutter et al. (2019). Evaluating LFdiv and LFLKF against six other existing lead-fraction products and

complementary datasets as atmospheric forcing and new ice formation, we came to the following

conclusions:

(1) LFdiv and LFLKF can reproduce the temporal variability expected from the external wind forcing

and geographical location with increased lead activity in spring.

(2) LFdiv and LFLKF are valuable additions to the existing products as they identify lead events as

good as the other records, with high spatial resolution and coverage, and moderate temporal

coverage. Based on the divergence of the ice, they detect the formation of leads rather than

their existence. This makes them ideal for regional studies in which especially the detection of

open water plays a role while they cannot resolve the presence of leads that formed before.

(3) LFdiv have plausible mean magnitudes and temporal variability. The ability to resolve also

small leads with widths as small as 250 m comes at the expense of a higher noise level.

(4) LFLKF identify most reliably lead events but underestimate the true lead-fraction magnitude.

Modifying the algorithm with respect to three aspects will substantially improve the LFLKF.

First, we aim at replacing the one-dimensional LKFs with features that are several pixels wide.

Second, we plan to adjust the noise threshold to allow for more deformation zones. Third, we

use the tracking information to describe the evolution of the leads over several days. This way,

the LFLKF will become a valuable tool for estimating the dynamic contribution to the sea ice

mass balance.

(5) There are large differences in the lead fractions derived from different products. Any applica-

tion of them must be undertaken with care and knowledge of the underlying retrieval methods.

In addition, other algorithms could be improved based on the comparison with our results.

Data availability

TIR, the costumer-gridded CryoSat-2, the classified SAR, divergence, and LKF datasets are currently

prepared for submission to PANGAEA. Links will be provided as soon as possible. The standard grid-

ded and trajectory based AWI CryoSat-2 Sea Ice product files (v2.4) are available via ftp://ftp.awi.de/

sea_ice/product/cryosat2/v2p4/nh/.

ftp://ftp.awi.de/sea_ice/product/cryosat2/v2p4/nh/
ftp://ftp.awi.de/sea_ice/product/cryosat2/v2p4/nh/
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Chapter 7

Conclusions and Outlook

The ongoing thinning of Arctic sea ice triggers not yet understood interactions and feedback loops

of dynamic thickness change. The unclear effects of increasing dynamics on the ITD motivated the

studies presented in this dissertation (Chapters 3–6). The overall aim was to resolve and quantify dy-

namic changes in the thickness distributions and to relate them to the observed deformation. This

dissertation expanded the current knowledge on the dynamic contribution with respect to three re-

search questions whose key outcomes are discussed and summarized in the following sections.

7.1 How large is the dynamic contribution to the mean sea

ice thickness in different dynamic regimes?

This dissertation addressed the first research question from multiple perspectives considering dif-

ferent regions, dynamic regimes, time spans, and seasons. This variety allowed to separate between

the two main dynamic processes that contribute positively, i.e., convergence-induced thickening and

divergence-induced new ice formation. With respect to the positive dynamic contribution to the

mean sea ice thickness in winter, this dissertation came to two key conclusions:

How large is the dynamic contribution to the mean sea ice thickness in different dynamic

regimes?

C1.1 Convergence-induced thickening can increase the sea ice thickness of thin FYI by 50 %

in a convergent drift regime in one month.

C1.2 Divergence-induced new ice formation contributes about 30 % to the Arctic-wide sea

ice mass balance. This process may increase due to a more seasonal ice cover.

Figure 7.1 summarizes the advances in form of a map that displays the different study regions and dy-

namic contributions in the context of previous studies. The following paragraphs discuss the findings

and their implications in the warming Arctic.

C1.1 Convergence-induced thickening

Convergence-induced thickening redistributes the ice and, thus, does not change the overall sea ice

143
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A-E: see caption
F: von Albedyll et al., 2022
G: von Albedyll et al., 2021

Figure 7.1. Sketched extent and location of previous (gray) and here presented (yellow & green) Arctic dy-
namic thickness change studies marked with letters. Studies that quantified convergence-induced thickening
are C: Kwok and Cunningham (2016), G: von Albedyll et al. (2021a, Chapter 3, yellow). Studies that quanti-
fied divergence-induced new ice formation are A: Koerner (1973), B: Kwok (2006), D: Itkin et al. (2018), E: Koo
et al. (2021), and F: von Albedyll et al. (2022, Chapter 4, green). The background image is a snapshot of a
high-resolution (1 km) MITgcm simulation of sea ice concentration and thickness and illustrates the dynamic
topography of the Arctic sea ice. Background image of the MITgcm simulation by courtesy of N. Hutter.

volume in the Arctic but increases locally the ice thickness. In Chapter 3 (page 31), I estimated the

magnitude of convergence-induced dynamic thickening in a highly convergent regime off the north-

east coast of Greenland. I showed that convergence doubled the thermodynamic ice thickness of thin

FYI within one month. It is interesting to note that, despite pronounced differences in the ice pack

properties, this magnitude agrees well with findings of Kwok and Cunningham (2016) for the Cana-

dian Arctic Archipelago. Studying a mixture of FYI and MYI with mean thicknesses between 3–4 m

over five winters, Kwok and Cunningham (2016) attributed 42–56 % of the seasonal changes in ice

thickness to convergence and shear. While the estimates of Kwok and Cunningham (2016) for the

convergence were based on large-scale area changes, the analysis in Chapter 3 (page 31) significantly

increased the robustness of the estimate by linking high-resolution daily deformation data directly to

the observed thickness change.

The large contribution of convergence-induced thickening highlighted and quantified the relevance

of dynamic thickening in geographic regions with convergent regimes for creating and maintaining

a thick ice cover (Chapter 4, page 63, Kwok and Cunningham, 2016; Itkin et al., 2018; von Albedyll

et al., 2022). The local increase in thickness has consequences for the regional sea ice extent and

summer melt, but also for the local ecosystem as it provides a stable habitat and platform for resting

and hunting for marine mammals (Post et al., 2013; Schweiger et al., 2021).

However, will the process of convergence-induced thickening also help to maintain “refuges” of sea

ice for the Arctic ecosystem that survive in an otherwise ice-free summer Arctic? Such a scenario

was long assumed for the Last Ice Area off the coast of northern Greenland and the Canadian Arctic
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Archipelago (e.g., Laliberté et al., 2016). Given the general circulation patterns do not change, the

higher drift speeds and the thinner ice in highly convergent regimes like off the coast of Green-

land may experience indeed more dynamic thickening. This could partly compensate for the

thermodynamic thinning. However, studying the role of dynamics in the record minimum sea ice

concentration in the Wandel Sea in August 2020, Schweiger et al. (2021) raised serious doubts about

whether dynamics can guarantee future resilience of the Last Ice Area to warming temperatures

due to high ice export and insufficient thickening during winter. A model simulation studying the

future of the Last Ice Area under low and high CO2 emission scenarios for 2010–2100 came to similar

conclusions based on the large-scale dynamics (Newton et al., 2021). However, because their coarse

model grid did not resolve the effects of local dynamics, as convergence-induced thickening, they

might have underestimated the local ice thickness and its resilience to summer melt. Thus, we need

fast but accurate parameterizations of those processes in climate models to improve our predictions.

C1.2 Divergence-induced new ice formation

The second process that contributes positively to the sea ice mass balance in winter is divergence-

induced new ice formation. This process reduces the mean thickness by adding open water and thin

ice but increases the overall sea ice volume by enhancing new ice formation. Chapter 4 (page 63)

quantified the divergence-induced new ice formation with 30 %. This magnitude confirms previous

estimates of 25–40 % solely based on satellite-derived deformation for the Pacific sector of the Arctic

(Figure 7.1, Kwok, 2006). Using high-resolution, regional ice thickness distributions of 11 months,

Chapter 4 (page 63) substantially increased the robustness of the previous estimate. The divergence-

derived lead fractions presented in Chapter 6 (page 113) offered the opportunity to study the dy-

namic events that led to the divergence-induced new ice formation with daily resolution. Covering

the Transpolar Drift, Chapters 4 and 6 add previously missing information about the second major

Arctic drift regime. In combination, the results from Kwok (2006) and Chapter 4 convey a represen-

tative estimate of divergence-induced new ice formation in the Arctic. This estimate is intentionally

limited to new ice formation in leads and excludes the highly productive polynyas on the Siberian

shelf. Kwok (2006) and Chapter 4 found substantial spatial and temporal variability of the new ice

formation. This variability can sufficiently explain the discrepancies to other studies covering differ-

ent time spans and seasons (see Figure 7.1, Koerner (1973): 20 %, Itkin et al. (2018): 7 %, Koo et al.

(2021): 34 % for a shorter time period).

In agreement with Kwok (2006), Chapters 4 and 6 found that a more mobile ice pack, likely influenced

by tides, favors divergence-induced new ice formation. Those conditions are typical for the seasonal

ice cover and, thus, more and more abundant in large parts of the Arctic as the MYI fraction continues

to decrease (Kwok, 2018). Most Coupled Model Intercomparison Project Phase 6 (CMIP6) simulations

suggest that the loss of MYI continues under the most likely Intergovernmental Panel on Climate

Change (IPCC) emission scenarios resulting in a sea-ice-free Arctic Ocean in summer before the year

2050 (SIMIP Community, 2020). Thus, combined with the increasing drift speeds and anticipated

increasing deformation rates, it seems likely that divergence-induced new ice formation increases

in the winter months. A recent modeling study speculates that this effect is already visible in the

slowdown and stabilization in ice volume loss observed by CryoSat-2 between 2011–2020 despite the

rising Arctic air temperatures (Zhang et al., 2021). Future observational studies should validate their
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modeling results.

Open points beyond the scope of the research question

My choice of methods and datasets leaves open questions beyond the scope of the dissertation when

I interpret the key results in the broader context of the ongoing transition of the Arctic. I highlight

three key questions that need to be addressed in future work for a more general understanding.

The first open point is the lack of quantitative knowledge about the contributions of winter dynamics

to summer thinning. This dissertation focused on the dynamic contribution during the winter and,

thus, naturally, on the positive dynamic contribution to sea ice thickness distribution. As outlined

in Section 2.1.3 (page 22), there is also a positive feedback loop that is particularly active in summer,

leading to more melt. To answer the motivating question raised at the beginning of this dissertation

whether and to which extent, increased dynamic winter thickening could mitigate summer thinning

(Section 1.3, page 8), dynamic thinning in summer needs to be quantified, too. The influence of

dynamics on thermodynamic melt was qualitatively noted in Chapter 4 (page 63), but a lack of suit-

able data hindered a quantitative estimate. There are indications from modeling studies that negative

summer effects of enhanced deformation may outweigh the positive winter effects (Zhang et al., 2000;

Weiss, 2013; Schweiger et al., 2021). For example, an Arctic wide modeling study by Zhang et al. (2000)

with atmospheric forcing from 1979–1996 suggested that dynamic-induced enhanced lateral melt in

summer dominated over the additional winter ice growth. While there is also growing observational

evidence that (winter) dynamics precondition the (summer) melt, e.g., by creating zones of enhanced

melt at thin lead ice and ridge subduction zones (e.g., Perovich et al., 2001; Arntsen et al., 2015; Hwang

et al., 2017; Lei et al., 2020), there is still a lack of observational studies that quantify those effects and

relate them to the deformation history. Such studies are crucial for assessing the complete budget of

the dynamic contribution to the sea ice thickness.

The second open point is that the limited spatial and temporal extent of the analyzed observations

restricts general conclusions for the whole Arctic. The high-resolution ice thickness and deformation

data used here are well suited to resolve dynamic events on a scale of approximately 200×200 km.

While those scales are excellent for improving our in-depth process understanding of ridging, it re-

stricts our conclusions spatially and temporally. Too few studies are available to eliminate completely

the variability introduced by time, region, season, and dominating ice type. For example, the results

from Chapter 4 (page 63) and Kwok (2006) compared in the previous paragraph suffer from a 20-year

time difference. Given the major changes in the Arctic sea ice concentration, age, and thickness over

this time, the conclusions may be biased. Consequently, the next logical step is to quantify the dy-

namical contribution on larger temporal and spatial scales. How this question could be answered is

outlined in the Outlook (Section 7.4.2, page 152).

The third open point is the temporal resolution and limited availability of ice thickness and defor-

mation data that leaves gaps in the time series. Therefore, it is worth investigating how to combine

deformation and thickness data with complementary resources to fill those gaps. For the SAR time se-

ries, those gaps are related to the daily resolution that cannot resolve tides, the lack of satellite image

coverage north of approximately 87◦N, and the reduced backscatter coefficient contrast in summer

that prevents robust drift calculations. Combinations of the Sentinel-1 data with other datasets, like

buoys and other SAR data, e.g., the RADARSAT Constellation Mission (C-band), KOMPSat 5 (X-band),
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COSMO-Skymed (X-band), or TerraSAR-X (X-band), provide promising approaches to fill the gaps.

Chapter 5 (page 99) outlines a comparison between SAR and buoy data that can be used to combine

them.

The temporal resolution of the airborne ice thickness data is much lower, in the order of months.

To describe the temporal evolution of the ice thickness distributions anyway, I have made justified

assumptions on the initial ITD, the thermodynamic growth, and rather uniform thermodynamic

and dynamic regimes between the surveys. Freeboard observations by an airborne laser scanner

during MOSAiC in particular, and by altimeters on satellites such as ICESat-2 in general, could

fill temporal gaps and complement the presented results. In addition, running fully coupled sea

ice models initialized and forced with observations could further bridge the gaps between the ice

thickness observations. Another advantage of models is that they have coupled thermodynamics

and dynamics at each model time step and that they can consider the increasing role of ocean heat

flux in the sea ice mass balance (Belter et al., 2021; Ricker et al., 2021). How such a modeling effort

could look like, is outlined in the Outlook (Section 7.4.1, page 151).

Conclusions on RQ1

In summary, this dissertation substantially advanced our quantitative estimates of the dynamic con-

tribution to the mean sea ice thickness. Using high-resolution ice thickness and deformation data,

the findings complete previous estimates with more robust, representative estimates of convergence-

induced thickening and divergence-induced new ice formation in the Arctic Ocean. They show that

convergence-induced thickening can be as important as thermodynamic growth in convergent ice

regimes. Divergence-induced new ice formation contributes currently about 30 % to the sea ice thick-

ness and there are indicators that this fraction may increase in a more seasonal Arctic sea ice cover.

These findings highlight the role of dynamics in the sea ice mass balance and provide a sound basis

for model evaluations. While the previous section was concerned with the mean thickness change,

the following section focuses on the thickness change in the full ITD.

7.2 How does deformation shape the ice thickness distribu-

tion?

One particularly novel aspect of the here presented studies is that they connect mostly simultane-

ously taken high-resolution ice thickness and deformation observations. The high resolution of both

datasets enabled me to analyze the changes of the full ITD in RQ2. I focused on three aspects of this

broad question that were: (1) which ice participated in ridging, (2) whether state-of-the-art models

can reproduce the shape of the ITD, and (3) whether there is a quantitative relationship between the

shape of the ITD and deformation. The key conclusions can be summarized as follows:
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How does deformation shape the ice thickness distribution?

C2.1 Over the winter, ridging predominantly redistributes FYI that formed in fall. In spring,

formation and deformation of thin lead ice shapes the ITD.

C2.2 The ridging parameterization in state-of-the-art models is not able to reproduce the

observed shape of the ITD.

C2.3 Key parameters of the ITD are proportional to the observed deformation.

C2.1 Which ice participates in ridging?

Isolating the dynamic changes in the ITD and identifying the ice participating in ridging is challeng-

ing, because we need to separate dynamic and thermodynamic effects and temporal from spatial

variability. The ITDs presented in Chapter 4 (page 63) provided a unique chance for comprehensive

analysis as they fulfill the above-mentioned points and cover a long time (11 months), have a high

spatial resolution and low uncertainty (5 m and 0.1 m, respectively), and document the same ice due

to their Lagrangian character. Previous studies comparing ITDs suffered from lacking at least one of

these aspects (e.g., Haas and Eicken, 2001; Kwok and Cunningham, 2016; Itkin et al., 2018). Thus,

the presented ITDs are a clear advance of our current knowledge on how deformation is shaping

the ITD. The analysis revealed that during different phases of the Transpolar Drift, different ice types

participated in the ridging. The differences can be attributed to the ice thickness, but also the dy-

namic regime. Over the winter, in a balanced dynamic regime, ridging predominantly redistributed

the thin FYI that had formed in fall. While the fraction of thick level ice decreased, divergence cre-

ated leads where new ice formed. In spring, in a divergence-dominated regime, divergence-induced

new ice formation continued and the freshly formed lead ice participated directly in ridging. Since

this mechanism was much more efficient in increasing the ice thickness, this led to the unexpected

outcome that the dynamic contribution increased the ice thickness more in a more divergent regime.

Another point interesting to note is that there is an exceptionally good agreement in the literature

until which threshold thickness more ice is lost due to ridging than gained. When comparing ITDs

before and after dynamic deformation, we normally observe a reduced occurrence of thinner ice

because it participated in ridging, and an increased occurrence of thicker ice because it was formed

during ridging. This “turning point” or zero-crossing between the net loss and net gain was found at

an ice thickness of 2–2.2 m (Chapter 4, page 63, Haas and Eicken, 2001; Itkin et al., 2018). Even the

model runs with the redistribution parameterizations could reproduce this (Chapter 4, page 63).

C2.2 Can state-of-the-art models reproduce the observed changes in the shape of the ITD?

Even though the shape of the ITD is crucial for capturing important climate feedback processes,

climate models still lack realistic ice ridging parameterizations (see Section 2.1.2.1, page 20, Holland

et al., 2006). This dissertation tested two common ridging parameterizations and confirmed that

neither of them can reproduce the observed dynamic thickness changes (Chapter 4, page 63). To

overcome this shortcoming, this dissertation presented two observational datasets that could be

used to evaluate and constrain the ridging theory (Chapters 3 and 4). These datasets provide a
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significant chance for the modeling community because, in contrast to previous attempts, (1) the

thickness observations have a high spatial resolution and resolve a large range of ice thickness,

(2) the thickness observations cover the same ice, and (3) their deformation history is known

(Chapter 5, page 99). One concrete suggestion how to constrain the shape of the ITD to the ob-

served deformation in a better way was derived from the observational analysis and is presented next.

C2.3 How is the shape of the ITD related to the deformation history?

While previous studies noted qualitatively that deformation shapes the ITD (e.g., Thorndike et al.,

1975; Rabenstein et al., 2010; Hansen et al., 2013), Chapter 3 (page 31) could establish a proportion-

ality between the shape of the ITD characterized by its width and e-folding, and the experienced

deformation. Those results provide new insights into the interpretation of ITDs and lay the ground-

work for a stronger coupling of deformation rates and the representation of the ITD in sea ice

models. Chapter 3 (page 31) resumed in a concrete suggestion for an updated parameterization

of the ridging function (Section 3.3.2.1, page 48). Since a modeling study showed that the ridging

parameterization is of great importance because it improves significantly the agreement between

observed and modeled ITDs (Ungermann and Losch, 2018) and can have effects on the dynamics as

strong as the much more fundamental choice of sea ice rheology (Bouchat et al., 2021), the proposed

changes in the parameterization may have a substantial effect on sea ice modeling.

Open points beyond the scope of the research question

The high-resolution EM ice thickness data has great potential to evaluate the redistribution theory,

but they also leave some open questions. First, they are temporally and spatially limited and do not

cover all dynamic regimes. In particular, it remains unclear to which extent the new parameterization

of the ridging function (C2.3, Chapter 3, page 54) is applicable for less convergent regimes. Second,

the EM-derived ice thicknesses underestimate the maximum ice thickness in ridges due to the

footprint averaging and higher porosity in ridges (see Section 2.2.1, page 25). Thus, when using those

datasets for model evaluation (C2.2), caution must be exercised when drawing conclusions for the

very thick ice.

Conclusions on RQ2

The combination of high-resolution EM-ice thickness data with high-resolution deformation data

provide an excellent opportunity to deepen our process understanding and to evaluate the modeling

of the dynamic processes shaping the ITD. Their analysis could identify the ice thicknesses participat-

ing in ridging under different conditions, and established a direct link between the shape of the ITD

and the experienced deformation. Thus, the datasets introduced within this dissertation have great

potential to improve the yet insufficient ridging parameterization in state-of-the-art sea ice models.

7.3 How can SAR satellite data be used to estimate dynamic

thickness change?

High-resolution, accurate deformation fields are needed for a better coupling of deformation and dy-

namic ice thickness change in observations and models and for long-term, Arctic-wide observations.
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This dissertation explored the potential of widely available SAR data from the Sentinel-1 mission to

address this need and came to the following key conclusion:

Can high-resolution microwave satellite data be used to estimate dynamic thickness change?

C3 SAR-derived deformation can successfully be used to describe sea ice dynamics and to es-

timate convergence-induced dynamic sea ice thickness change and divergence-induced new

ice formation on regional scales.

Chapters 3, 5, and 6 show successful applications of SAR data for characterising sea ice dynamics

and quantifying dynamic sea ice thickness change. Compared to previous attempts using the RGPS

dataset (Kwok, 2002; Kwok and Cunningham, 2002; Kwok, 2006), the approach chosen in this disser-

tation has two novel aspects. First, complementary ice thickness observations provide the unique

chance to evaluate the methods. Second, the temporal and spatial resolution of the deformation

data is much higher and, thus, the estimates are more accurate. Chapter 3 (page 31) showed that a

combination of SAR deformation and assumptions on the thermodynamic growth can be used to

estimate convergence-induced thickening. Further, it emerged that the high temporal and spatial

resolutions of one day and 1.4 km allow reconstructing local variations in ice thickness and, thus,

realistic ITDs. Chapter 6 (page 113) outlined how divergence-induced new ice formation could be

calculated from lead fractions based on SAR-derived deformation.

Open points beyond the scope of the research question

This dissertation also provided examples of shortcomings of the SAR data that hamper their applica-

tion for sea ice deformation and dynamic thickness change studies. As outlined before, the Sentinel-1

SAR data have a limited temporal resolution and spatial coverage. Uncertainties arise from a lack

of stable and contrasting backscatter coefficient patterns which makes deformation estimates in

summer and in LKFs less reliable (Details in Section 2.2.2, page 27). For future applications, accurate

uncertainty estimates are crucial. While regional studies allow comparisons to manually identified

tracks (Section 3.2.5.1, page 39), a more thorough assessment could be provided with buoys (Section

5.3.2, page 107). For Arctic-wide studies of deformation derived from SAR as outlined in the Outlook

(Section 7.4.2, page 152), we benefit from such more general analyses on the factors influencing the

uncertainty as presented in Section 5.3.2 (page 107).

Conclusions on RQ3

This dissertation identified a large potential of high-resolution SAR data for analyzing sea ice defor-

mation and associated dynamic thickness change. As the availability of SAR data is increasing in the

Arctic, the presented datasets and methods provide promising opportunities to derive dynamic thick-

ness change in other regions, too. Potential applications of the SAR-derived deformation are outlined

in Section 7.4.2.
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7.4 Outlook

The findings of this dissertation provide a comprehensive, quantitative assessment of the current dy-

namic contribution to the ITD during winter. Further, they support the hypothesis that the current

contribution from dynamics will remain or even increase in the immediate future due to enhanced

new ice formation in leads. But what about the long-term perspective on the dynamic contribution?

Very few model studies are concerned with the role of sea ice dynamics until the end of the century.

Holland et al. (2010) and more recently Mioduszewski et al. (2019) analyzed the contributions from

thermodynamics and dynamics to the sea ice mass balance for the 21st century and concluded that

the relevance of dynamics is decreasing towards the end of the century, a process mainly associated

with decreased ice volume export due to thinner ice. However, there are still major shortcomings in

those large-scale climate simulations because they do not resolve explicitly the local dynamic pro-

cesses. Observations, as presented in this dissertation, are central in assessing the current advances

in modeling for their realistic representation of the processes that govern sea ice dynamics.

Concrete ideas and project plans of how the presented datasets could be used for such model evalua-

tions and how the presented approaches could prove useful in expanding our general understanding

are outlined in the following sections. Section 7.4.1 (page 151) describes a project that follows on

seamlessly from the results presented in Chapters 4-6. Section 7.4.2 (page 152) outlines three projects

that are concerned with dynamic thickness change on larger spatial and temporal scales and Section

7.4.3 (page 154) concludes with two project ideas focusing on sea ice deformation.

7.4.1 Modeling dynamic thickness change along the MOSAiC drift track

The MOSAiC ice thickness (Chapter 4, page 63) and deformation (Chapters 5, 6) datasets and anal-

ysis have inspired further modeling efforts. Those efforts can be seen as continuation of the ridging

theory evaluation presented in Chapter 4 (page 63) and allow to address further open questions. For

example, in this dissertation, thermodynamics and dynamics were treated mostly independent of

each other when estimating dynamic thickness change (Chapters 3, 4). While this is sufficient for an

initial estimate, a model with full coupling of thermodynamics and dynamics can reveal additional

insights and reduce the uncertainties. In addition, forcing the model with SAR-derived divergence,

we can improve and evaluate the minimal new ice production estimates calculated in Chapter 6 (page

113). The project can be summarized as follows:

Modeling the seasonal evolution of ice thickness distribution along the MOSAiC track (Birrien et

al., in prep.)

Single-column models (SCM) with full coupling of thermodynamics and dynamics are well suited for

process studies that can reveal new insights to the ridging processes. However, those models still

require thorough evaluation. The simultaneous high-resolution observations of ice thickness and

deformation are a unique chance for those evaluation efforts. Therefore, I am currently co-operating

with modelers using an SCM that has been adapted from Icepack (cf. CICE consortium) to simu-

late the ITD evolution along the MOSAiC pathway. The Lagrangian-type model was initialized with

the ice thickness observations (Chapter 4, page 63) and forced by atmospheric, ocean and deforma-

tion fields. This project currently addresses three research questions: (1) Which deformation datasets

(low-resolution passive microwave data, SAR, buoys, ..) are best suited to force the mechanical redis-
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tribution in the model? (2) How can we better describe dynamic and thermodynamic contributions

to the ice thickness distribution with such an SCM? Can we do it for all seasons? (3) Can the model

reproduce the observed changes in the shape of the ITD due to ridging? Are there further funda-

mental developments needed? Does tuning the ridging parameters, as suggested in, e.g., Chapter 3

(page 31), improve the fit to the observations? To this project, I contribute the ice thickness and SAR-

derived deformation data. I am actively involved in the study design and the interpretation of the

model results.

7.4.2 Large-scale sea ice deformation and thickness change and a hemi-

sphere intercomparison

The results of this dissertation are based on the analysis of two different Arctic dynamic regimes but

do not cover other dynamically interesting regions, an Arctic-wide perspective, or a comparison with

the Southern Ocean. As comparison studies and Arctic-wide budgets could substantially increase

our understanding and facilitate model comparisons, I propose to expand RQ1 to other geographical

regions. Outlined below are three research projects that target different scales and regions, but share

the same approach as outlined below:

(1) Sea ice thickness is observed by means of an airborne EM-survey or by ice and snow freeboard

retrievals from a satellite altimeter.

(2) The origin and trajectory of the surveyed ice are tracked backward in time with the help of

SAR-derived or passive-microwave drift data.

(3) A model of varying complexity is initialized at the origin of the trajectory and forced with atmo-

spheric and ocean re-analysis data and deformation fields derived preferably from SAR to quantify

dynamic and thermodynamic thickness change.

(1) Arctic-wide dynamic thickness change from ICESat-2 and deformation retrievals (von

Albedyll et al., concept)

This project aims at quantifying Arctic-wide dynamic thickness change based on two different

ice thickness datasets. The main research questions are (1) How large is the dynamic thickness

change during winter in the Arctic? (2) Are there regional differences and what processes have

introduced them?

To address those questions, I propose the following steps: First, I plan to derive regional ITDs

from high-resolution ice thickness measurements from ICESat-2 at the end of the winter in the

whole Arctic. Second, the Lagrangian tracking tool ICETrack (e.g., Krumpen, 2018; Krumpen

et al., 2019) is used to reconstruct the trajectories of the surveyed ice throughout the winter

until the start of the freezing season. Third, along the trajectory, I derive drift and deformation

from Sentinel-1 SAR imagery (when available) to refine the trajectory and to describe its de-

formation history. Gaps in the Sentinel-1 scenes should be filled with other SAR data, e.g., the

RADARSAT Constellation Mission (Collaboration with Environment Canada), RGPS, KOMPSat,

or CosmoSkyMet. To cover the remaining gaps, I suggest evaluating whether deformation de-

rived from passive microwave could also be used as a proxy for the dynamic regime (see also

research question and results in the previous section). Fourth, along the trajectories I derive
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thermodynamic and dynamic thickness change using either a combination of a simple ther-

modynamic model forced with atmospheric reanalysis data and deriving dynamic thickness

change from the SAR-derived deformation (Chapters 3, 6) or a fully coupled sea ice model like

Icepack (see previous section) that takes reanalysis and deformation data as forcing. Fifth, for

evaluation, I extract all ICESat-2 thickness observations along the trajectory and create a time

series of ITDs. I compare the dynamic thickness estimates from the deformation along the tra-

jectories with the changes in the ITD. This way, I can estimate the uncertainty of the approach

that is introduced by unaccounted variability in, e.g., the ocean heat flux.

The results of this project should reveal the current regionally varying relevance of the dynamic

contribution to the sea ice thickness distribution. Maps and time series will help to localize

regions where dynamic thickening is the most active which will reveal insights into the future

relevance of those processes and which provide a sound basis for comparisons to modeling

studies.

A potential challenge of this project is the availability of SAR deformation that is limited in

time, space, and due to the needed computational resources. In case they are not available, I

suggest choosing a lower resolution Eulerian approach instead, using flux gates or observations

of area changes as demonstrated in Ricker et al. (2021) and Kwok and Cunningham (2016),

respectively.

This project could be extended in time by adding high-resolution ice thickness data from win-

ter airborne EM ice thickness surveys that were collected between 1995 and today by the

AWI (for a partial overview, see, e.g., Castellani et al., 2014). While those data provide high-

resolution, they are concentrated on a few regions and for most of the cases, there are no repeat

measurements of the same ice available. Low-resolution ice thickness data from CryoSat-2,

which have shown to resolve dynamic thickness change in highly convergent regions on large

spatial scales (Kwok and Cunningham, 2016), provide another opportunity.

(2) An analysis of sea ice growth in western Ross Sea, 2018-2021 (Macdonald et al., in prep)

Until this point, this dissertation focused on Arctic sea ice. However, current trends in Southern

Ocean sea ice remain poorly understood and are not well reflected in model simulations (see

Section 1.1, page 2, Parkinson, 2019; Fogt et al., 2022, and references therein). This project fo-

cuses on the western Ross Sea which is of particular significance for sea ice growth in the wider

Southern Ocean thanks to three polynyas: the Ross Ice Shelf Polynya, the McMurdo Sound

Polynya, and the Terra Nova Bay Polynya. The project aims at characterizing the spatial, sea-

sonal, and inter-annual variations in ice thickness in the western Ross Sea from October 2018 to

June 2021. Interpreting the ice thickness distributions with respect to thermodynamic growth

and deformation history shall provide in-depth insights into the processes governing sea ice

growth in this region. This project utilizes ICESat-2 freeboard retrievals to produce monthly ice

thickness distributions of different regions in the Ross Sea. Ice drift trajectories from Sentinel-1

SAR data shall decipher the origin and deformation history of the ICESat-2 ice thickness dis-

tributions. These computations will provide a satellite-based set of ice thickness distributions

with detailed information on the thermodynamic and dynamic contributions. They are well

suited for comparisons with model output from coupled Earth system models, but also other

regions and dynamic regimes. To this project, I contribute the sea ice drift trajectories start-
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ing from the ICESat-2 measurements and the associated deformation fields. The general study

design, the analysis of the ICESat-2 data, and the thermodynamic growth are covered by the

project partners.

(3) The role of dynamic thickness change in convergent drift regimes - a comparison between

hemispheres (von Albedyll et al., concept)

Due to the loss of MYI, Arctic sea ice is increasingly dominated by seasonality, which potentially

could make the processes more similar to Antarctic sea ice (Kwok, 2018). While the different

geographical setup of the Southern Ocean favors divergent conditions, there are regions in the

Southern Ocean that experience substantial convergence and subsequent dynamic thicken-

ing. One example of such a region is the Weddell Sea where one of the thickest sea ice of the

Southern Ocean is found. This project aims to analyze convergence-induced thickening in

the Weddell Sea using high-resolution ice thickness distributions and complementary datasets

as the thermodynamic growth and dynamic conditions along the backward trajectories of the

ice. The analysis will target the following questions: (1) How large is the dynamic contribu-

tion to the sea ice thickness? (2) Are there differences in the dynamic contribution to other

convergent-regimes, like the one presented in Chapter 3 (page 31), that are related to the inter-

nal properties of the ice, e.g., ice thickness, snow–ice, snow coverage or ice age, and to the dy-

namic regime, e.g., the strength of the shear component? As an intermediate step, the findings

may be useful to plan targeted data acquisition during a potential future drifting field cam-

paign in the Southern Ocean. The final results of this project will extend our understanding of

convergent drift regimes and reveal new insights into how those regions may develop when the

Arctic sea ice state converges to the one in the Southern Ocean.

7.4.3 Advancing observations and modeling of deformation

The relatively unknown development of the deformation rates in the Arctic poses large uncertain-

ties on the question of how the dynamic contribution will develop in warming Arctic temperatures.

I propose two projects on how to use the datasets presented in this thesis to contribute to a more

comprehensive understanding of Arctic deformation from models and observations:

(1) Intersection angles between coulombic LKFs in the Arctic sea ice (Ringeisen et al., in prep.)

This project aims to improve the representation of deformation in sea ice models. The most

recent sea ice models can reproduce some realistic sea ice deformation statistics, such as the

spatio-temporal localization (Bouchat et al., 2021). However, sea ice models still struggle to re-

produce others, like a realistic distribution of LKFs, particularly their intersection angles (Hut-

ter et al., 2021). Since the distribution of LKFs is important for dynamic thickness change, it

remains unclear how accurately sea ice models can predict the future of dynamic thickness

change. This project addresses the inaccurate stress-strain relationship in sea ice models, i.e.,

the sea ice rheology. In the first part, we discriminate between obtuse and acute Coulombic

conjugate intersection angles in RGPS (Hutter et al., 2019) and Sentinel-1 (Chapter 5, page 99)

and show that most of the intersection angles are acute. In addition, their distribution agrees

well in both datasets, thus, at different scales. In the second part, we use the distribution of

angles from the first part to infer the physical properties of sea ice and show a potential yield
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curve or plastic potential shape that could maybe improve sea ice models’ representation of

intersection angles. To this project, I contribute SAR-derived deformation fields and I am in-

volved in all discussions related to them and the preparation of the manuscript.

(2) Temporal trends in Arctic sea ice drift and deformation since 2007 (von Albedyll et al., con-

cept)

While several studies found increased drift speeds in the Arctic (see Section 2.1.3, page 22, e.g.,

Rampal et al., 2009; Spreen et al., 2011; Kwok et al., 2013; Krumpen et al., 2019; Zhang et al.,

2021), less is known about an anticipated increase in deformation. Rampal et al. (2009) ana-

lyzed deformation for the period 1979–2007 but more recent, pan-Arctic observations are rare.

Since the increase in deformation due to higher drift speeds and weaker ice strength is taken for

granted in many other research fields and studies, this time series needs to be updated to cover

also the most recent decade. The strong changes in Arctic sea ice age, thickness, and extent in

the last ten years have most likely also changed the rate at which deformation increases. How-

ever, studies focusing on lead fraction could not confirm an increase despite increased drift

speeds (Wang et al., 2016; Willmes and Heinemann, 2016; Krumpen et al., 2021b) and Hutter

and Losch (2020) did also not detect an increase in LKF numbers in the RGPS dataset from

1996 to 2008. A comparison of the increases in deformation rate between different periods and

regions may re-assure our existing understanding of sea ice dynamics and discover unknown

feedback loops. Extending the deformation time series in the Arctic into the recent decade

could be done using buoys and/or satellite-derived deformation.

– Buoys: Following the approach of Rampal et al. (2009), one could use raw buoy data

from, e.g., the meereisportal.de and the International Arctic Buoy Program. Additional

sources are the NSIDC archive and the CRREL-Dartmouth Mass Balance Buoy Program.

The buoys have the advantage that they cover the full time and could be directly com-

pared to the results from Rampal et al. (2009). However, since buoys are not deployed

systematically in all regions of the Arctic, the results may suffer from a spatial bias.

– SAR satellite data: SAR-derived deformation benefits from a high spatial resolution and a

large spatial coverage. However, deriving drift and deformation from SAR data on Arctic-

wide scales can be computationally heavy and often requires compromises in resolution.

In addition, the high coverage of the Arctic by several satellites has increased only re-

cently. Therefore, comparisons based on SAR data would be limited in time. To derive

the drift, I suggest exploring the potential of the sea ice drift and deformation algorithm

presented in this dissertation for Arctic-wide calculations. This could be compared to the

advantages and disadvantages of deriving sea ice deformation from an existing sea ice

drift product provided by external collaborators. There is an increasing number of cen-

ters that process routinely or on-demand Arctic-wide sea ice drift from Sentinel-1, En-

visat ASAR WSM swath data, and the Radarsat Constellation Mission, e.g., NERSC (point

of contact: Anton Korosov), ECCC (point of contact: Stephen Howell) or DTU Space

(download here: https://resources.marine.copernicus.eu/product-detail/SEAICE_GLO_

SEAICE_L4_NRT_OBSERVATIONS_011_006/INFORMATION, point of contact: Leif

Toudal).

https://resources.marine.copernicus.eu/product-detail/SEAICE_GLO_SEAICE_L4_NRT_OBSERVATIONS_011_006/INFORMATION
https://resources.marine.copernicus.eu/product-detail/SEAICE_GLO_SEAICE_L4_NRT_OBSERVATIONS_011_006/INFORMATION
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The expected outcome of this project is a time series of deformation rates in the Arctic that may

reveal trends along with major changes in the Arctic ice cover. Regional trends could provide

additional insights into the coupling of ice thickness, concentration, strength, and deforma-

tion. Such an extensive deformation dataset could be used for multiple other applications,

e.g., the model comparisons as outlined for the intersection angles. Overall, the results will

substantially advance our current knowledge of the Arctic dynamic regimes.



Appendix A

Further publications and datasets

A.1 Further publications

This section presents studies (published or in review) that I co-authored during my doctorate and

which have not been presented before in the dissertation. Those studies are connected to either sea

ice thickness or sea ice drift and deformation. Thus, they provide a broader view of the topics of this

dissertation and related research fields.

The origin of the MOSAiC floe

Krumpen, T., Birrien, F., Kauker, F., Rackow, T., von Albedyll, L., Angelopoulos, M., Belter, H. J.,

Bessonov, V., Damm, E., Dethloff, K., Haapala, J., Haas, C., Harris, C., Hendricks, S., Hoelemann, J.,

Hoppmann, M., Kaleschke, L., Karcher, M., Kolabutin, N., Lei, R., Lenz, J., Morgenstern, A., Nicolaus,

M., Nixdorf, U., Petrovsky, T., Rabe, B., Rabenstein, L., Rex, M., Ricker, R., Rohde, J., Shimanchuk,

E., Singha, S., Smolyanitsky, V., Sokolov, V., Stanton, T., Timofeeva, A., Tsamados, M., and Watkins, D.:

The MOSAiC ice floe: sediment-laden survivor from the Siberian shelf, The Cryosphere, 14, 2173–2187,

https://doi.org/10.5194/tc-14-2173-2020, 2020.

Summary This work investigates the origin of the ice of the MOSAiC expedition and
provides the historical context from its formation north of the New Siberian
Islands at the beginning of December 2018 to the start of the expedition in
October 2019.

Link to
thesis

The results presented in Krumpen et al. (2020) laid an important founda-
tion for Chapter 4 (page 63). The snow and ice thickness data and descrip-
tions from Krumpen et al. (2020) were used for the interpretation of the ice
thickness data and as initial model conditions. My involvement in the pub-
lication by Krumpen et al. (2020) enabled a seamless connection between
the two studies.

Own share I traced the provenance of the MOSAiC floe with SAR images. The sporadic
availability of the SAR images eventually prevented us from using the results
in the final publication.
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End-of-summer sea ice thickness trends north of Fram Strait

Belter, H.J., Krumpen, T., von Albedyll, L., Alekseeva, T. A., Birnbaum, G., Frolov, S. V., Hendricks, S.,

Herber, A., Polyakov, I., Raphael, I., Ricker, R., Serovetnikov, S. S., Webster, M., and Haas, C.: Interan-

nual variability in Transpolar Drift summer sea ice thickness and potential impact of Atlantification,

The Cryosphere, 15, 2575–2591, https://doi.org/10.5194/tc-15-2575-2021, 2021.

Summary This paper extends the summer sea ice thickness observations based on EM
measurements north of Fram Strait. It investigates the causes of the 20 % re-
duction of mean and modal ice thickness over the last 20 years. As potential
causes, we found changes in drift speeds and consequential variations in
sea ice age and number of freezing-degree days as well as increased ocean
heat fluxes upstream in the Transpolar Drift.

Link to
thesis

The results from Belter et al. (2021) allow an important, temporal classifi-
cation of the MOSAiC ice thickness time series from 2019/2020 which was
presented in Chapter 4 (page 63). And vice versa, the (at the time of publi-
cation preliminary) MOSAiC airborne ice thickness data provide an impor-
tant reference for the spatial representativeness of the ground survey results
shown in Belter et al. (2021).

Own share I participated in the data collection and processing of the ground-based ice
thickness measurements during MOSAiC leg 4. I also contributed to this
manuscript some basic analysis of the ice thickness data.

https://doi.org/10.5194/tc-15-2575-2021
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Spatiotemporal evolution of melt ponds on the MOSAiC floe

Webster, M.A., Holland, M., Wright, N.C., Hendricks, S., Hutter, N., Itkin, P., Light, B., Linhardt, F., Per-

ovich, D.K., Raphael, I.A., Smith, M.M., von Albedyll, L., Zhang, J.: Spatiotemporal evolution of melt

ponds in the Arctic: MOSAiC observations and model results, Elementa: Science of the Anthropocene,

10 (1), https://doi.org/10.1525/elementa.2021.000072, 2022.

Summary This study describes the seasonal evolution of melt ponds during MOSAiC
from spring melt to autumn freeze-up using the numerous atmosphere-
ice-ocean measurements across spatial and temporal scales. The results
are compared to satellite retrievals and two coupled models. Ice thickness
and surface roughness shaped mainly by sea ice deformation strongly in-
fluenced the pond distribution and depth.

Link to
thesis

Ice thickness and melt ponds influence each other mutually. On the one
hand, melt pond formation, extent, and depth are strongly influenced by
the local ice topography. This topography is primarily formed by sea ice
deformation and is an important input parameter for melt pond parame-
terizations. Webster et al. (2022) used the local, ground-based GEM-2 mea-
surements for their analysis. Regional estimates of level ice, deformed ice,
and ridge volume (Chapter 4, page 63) are useful for upscaling the floe-scale
melt pond coverage to larger scales. On the other hand, melt ponds change
the albedo and introduce strong differential melting. Thus, the melt pond
evolution of Webster et al. (2022) is an important factor to consider when
analyzing the MOSAiC ice thickness observations of the summer melt pe-
riod (Chapter 4, page 63).

Own share I participated in the data collection and processing of the ground-based ice
thickness measurements (GEM-2) during MOSAiC leg 4. I assisted in de-
scribing the data processing in the manuscript and contributed a geograph-
ical overview of the dataset (Figure 1 in Webster et al., 2022).

https://doi.org/10.1525/elementa.2021.000072
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Under-ice meltwater layers beneath the MOSAiC floe

Smith, M.M., von Albedyll, L., Raphael, I.A., Lange, B.A., Matero, I., Salganik, E., Webster, M.A.,

Granskog, M.A., Fong, A., Lei, R., Light, B.: Quantifying false bottoms and under-ice meltwater layers

beneath Arctic summer sea ice with fine-scale observations, Elementa: Science of the Anthropocene,

10 (1), https://doi.org/10.1525/elementa.2021.000116, 2022.

Summary During the melt season, relatively fresh meltwater from melting snow and
ice can accumulate under the ice and form layers or refreeze as “false-
bottoms”. They are suspected to change the ice mass balance by isolating
the sea ice from the saltier water below. During MOSAiC, the occurrence
of freshwater layers and false bottoms was documented and analyzed. Two
key findings were that their distribution across the floe was guided by the
under-ice topography and sea ice drift played a major role in their persis-
tence.

Link to
thesis

A driving factor of the spatial distribution of under-ice freshwater layer and
false-bottom is the under-ice topography. Smith et al. (2022) demonstrated
that under-ice freshwater layers and false-bottoms form preferably in to-
pographic lows with relatively small drafts. Most likely, under-ice keels of
ridges in the proximity trap water between them and favor the formation
of the layers. Thus, dynamic changes of the ice thickness as presented in
Chapter 4 (page 63) are key when analyzing the distribution of freshwater
layers and false-bottoms and the results may be used to upscale the local
floe observations of the phenomenon. In addition, the under-ice fresh-
water occurrence needs to be considered when interpreting ice thickness
changes during the melt season described in Chapter 4 (page 63). First, the
presence of under-ice melt ponds may have slowed down the thermody-
namic thickness decay and introduced a spatially varying pattern of bottom
melt. Second, the presence of freshwater could lead to an overestimation of
the ice thickness derived from EM measurements. The results presented in
Chapter 4 (page 63) are most likely unaffected by this phenomenon as the
freshwater layer was observed for the first time in mid-July.

Own share I was actively involved in the design and collection of the field data includ-
ing collecting and processing of the freshwater and false-bottom observa-
tions, the ground-based ice thickness measurements (GEM-2), and the pre-
liminary airborne laser scanner data during MOSAiC leg 4. I did the analysis
on the spatial distribution of the freshwater layer as well as the drift pattern
of the floe. I contributed to the draft of this manuscript.

https://doi.org/10.1525/elementa.2021.000116
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Sea ice bulk density

Jutila, A., Hendricks, S., Ricker, R., von Albedyll, L., Krumpen, T., and Haas, C.: Retrieval and

parametrisation of sea-ice bulk density from airborne multi-sensor measurements, The Cryosphere,

16, https://doi.org/10.5194/tc-16-259-2022, 2021.

Summary Sea ice density is an important parameter in sea-ice thickness retrieval
from satellite altimeters. This study used airborne collocated, synchronous
measurements of ice thickness, freeboard, and snow thickness to derive
bulk densities for different ice types. The measurements were conducted
over the Beaufort, Lincoln, and Chukchi Seas during the IceBird winter
campaigns in 2017 and 2019. Based on the sea-ice freeboard commonly
measured by satellite altimeters, the study presents a sea-ice bulk density
parametrization that can be applied to derive improved ice thickness from
ice freeboard retrieved from altimeters.

Link to
thesis

For basin-wide observations of ice thickness we rely on satellite altimeters.
The study by Jutila et al. (2022) provides an important step forward in re-
ducing the uncertainty of the retrievals. When studying the connection be-
tween sea ice thickness and deformation on Arctic-wide scales as suggested
in the Outlook (Section 7.4.2, page 152) such improvements will become
crucial.

Own share I provided a classification of deformed and level ice based on a method from
Rabenstein et al. (2010) and contributed to writting the manuscript.

A.2 Datasets

This dissertation has resulted in the publication of datasets and technical reports that are listed below.

• von Albedyll, L., Haas, C., Dierking, W.: High resolution sea ice drift and

deformation off the North Coast of Greenland in March 2018. PANGAEA,

https://doi.org/10.1594/PANGAEA.927451, 2021.

• Hendricks, S. von Albedyll, L., Krumpen, T., Rohde, J., Arndt, S., Belter, H.J., Timofeeva, A.,

Birnbaum, G.: Electromagnetic induction raw data (EM Bird) in the Transpolar Drift during

MOSAiC 2019/2020, Leg 1 - Leg 4. PANGAEA, https://doi.org/10.1594/PANGAEA.934814, 2021.

• von Albedyll, L., Haas, C., Grodofzig, R.: EM-Bird ice thickness measurements in the Transpo-

lar Drift during MOSAiC 2019/2020, part 1. PANGAEA, https://doi:10.1594/PANGAEA.934578,

2021.

• von Albedyll, L, Haas, C., Grodofzig, R.: Processing Notes: MOSAiC Helicopter-

borne Electromagnetic Ice Thickness Measurements. Alfred Wegener Institute,

Helmholtz Centre for Polar and Marine Research. https://hdl.handle.net/10013/epic.

f3c06623-2c2c-4480-84fa-694ebb2a0eb0, 2021.

 https://hdl.handle.net/10013/epic.f3c06623-2c2c-4480-84fa-694ebb2a0eb0
 https://hdl.handle.net/10013/epic.f3c06623-2c2c-4480-84fa-694ebb2a0eb0
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Appendix B

Science communication about the polar

regions

‘People acquire their scientific knowledge by consulting others who share their values and whom they

therefore trust and understand’ (Kahan, 2012).

B.1 Science communication – why it matters

Given the major transition of the Arctic from an all-year-round sea ice cover to ice-free summers, it

can be difficult for sea ice scientists to understand why the general public is hesitant or even skeptical

to take measures to mitigate climate change. Collective strategies on the national and international

level are necessary to address climate change effectively, but for successful implementation of those

strategies, the public needs to support them. Here, engaged science communication of individuals

can contribute positively because “people acquire their scientific knowledge by consulting others who

share their values and whom they therefore trust and understand” (Kahan, 2012).

Although the polar regions have large relevance for billions of people worldwide due to issues such as

sea-level rise, ozone destruction, and changes in the global ocean circulation (Beck et al., 2014), field-

going polar scientists are usually the only ambassadors with ‘first-hand experience’ for a region that

most people know only from documentaries. Therefore, polar science communication mainly aims

at raising awareness of the role of poles in the global climate system and, thus, also in everybody’s life.

Positive secondary effects of polar science communication is an increase in students’ achievements

in math and science by linking joyful experiences with curriculum activities (Provencher et al., 2011;

Beck et al., 2014), in addition to benefits for the practicing scientists themselves such as experiencing

different perspectives on their own research, more clarity of communication in the research world

and increased public interest in the own research topic.

B.2 How to do science communication?

Science communication strongly benefits from following some basic guidelines. There are many ex-

cellent resources available on the subject, which is why, I will only briefly discuss the three concepts
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a b

Figure B.1. Basic toolkits for science communication. a: The “the opposite pyramid” of communica-
tion. Source: https://www.aaas.org/resources/communication-toolkit. b: The NaWik illustrates how differ-
ent aspects of successful science communication are linked. Source: https://www.youtube.com/watch?v=
rwAU11V9Sh4

Figure B.2. Story telling as tool for successful presentations. Source: https://www.animateyour.science/post/
tell-them-a-story-how-to-avoid-the-standard-boring-presentation

https://www.aaas.org/resources/communication-toolkit
https://www.youtube.com/watch?v=rwAU11V9Sh4
https://www.youtube.com/watch?v=rwAU11V9Sh4
https://www.animateyour.science/post/tell-them-a-story-how-to-avoid-the-standard-boring-presentation
https://www.animateyour.science/post/tell-them-a-story-how-to-avoid-the-standard-boring-presentation
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that I personally consider most helpful: “the opposite pyramid” (Figure B.1a, Baron, 2010), “the NaWik

arrow” (Figure B.1b, Nationales Institut für Wissenschaftskommunikation Deutschland, 2019), and

the concept of story telling (Figure B.2).

The “opposite pyramid” suggests that the best approach for communicating a scientific topic is in-

verted to the conventional ‘scientific structure’ (Figure B.1a, Baron, 2010). Starting a talk with the key

result, the so-called ‘bottom line’, hooks up your audience and makes them interested in the conse-

quences of the result and all the supporting details.

The “NaWik arrow” illustrates the basis of all communication and is likewise applicable for a scien-

tific paper or a talk in primary school (Figure B.1b, Nationales Institut für Wissenschaftskommunika-

tion Deutschland, 2019). It conveys that only when medium, style, and topic are chosen adequately,

communication goals for a specific target audience can be reached. When developing your own com-

munication strategy, you are looking for a match between your personal skills in different mediums,

styles, and topics on the one hand - and the preferred mediums, styles, and topics of your target

audience on the other hand.

Last, a very useful concept for giving talks is the concept of story-telling (Figure B.2). A narrative

structure that describes the situation (“this”), followed by a conflict (“but”, best with a clear “enemy”),

and ends with a solution (“therefore”) has higher potential to engage people and to be remembered.

Even though this is not a new concept for an engaging talk, it is far too often ignored in science in fear

to sound less objective.

B.3 Selected science communication material

Below, I have selected a few examples of my outreach activities that were recorded from which I hope

that they may be useful for others to reuse or get ideas from.

Bremer Kinderuni - “Do it yourself” experiments (YouTube videos)

• Aim: Creating interest in polar regions and imparting knowledge about physical pro-

cesses taking place there.

• Target group: Kids at the age of 8 to 12 years, German speakers

• Medium: Series of Youtube videos and an online workshop (not recorded)

• Style: Three simple “do it yourself” experiments with corresponding scientific explana-

tions that we recorded for the Bremer Kinderuni 2021.

• Content: The experiments impart the basics of the thermohaline circulation, the basic

differences between salt water and fresh water ice, and sea level rise.

• In cooperation with: Franziska Tell, Johanna Hingst, Valentin Ludwig from ArcTrain for

the Bremer KinderUni 2021.

• Link: https://www.youtube.com/watch?v=mx0br0exCws

https://www.youtube.com/watch?v=mx0br0exCws
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Mint auf Mission - ‘Your future job as polar scientists’ (YouTube video)

• Aim: Promotion of polar sciences as part of the broad field of natural sciences.

• Target group: Teenagers at the age of 15-19, German speakers

• Medium: Youtube video

• Style: Interview and short video clips

• Topic: Introduction to the work of polar scientists in the field and in the office with some

background information about polar research, field measurements of ice thickness, and

expedition life.

• In cooperation with: MINTMagie (familie redlich AG on behalf of the BMBF)

• Link: https://www.youtube.com/watch?v=0VbpA7kqDrs&t=3s

“Auf dünnem Eis – Der Polarfuchs am Nordpol” (text with illustration)

• Aim: Educate about sea ice thickness change in the Arctic

• Target group: Teenagers, teachers, general public, German speakers

• Medium: Written column in a peer-reviewed journal

• Style: Informative text with graphics

• Topic: Sea ice thickness in the Arctic is declining. What are the causes and conse-

quences and how do we know about it?

• In cooperation with: Journal Polarforschung (Deutsche Gesellschaft für Polar-

forschung)

• Link: https://polf.copernicus.org/articles/89/115/2021/

MOSAiC - Research and expedition life (podcasts)

• Aim: Engage the general public with the polar regions and the research activities their,

motivate the next gen polar researchers.

• Target group: General public

• Medium: Podcasts

• Style: Interview at different places, like the Klimahaus Bremerhaven and the office.

• Topic: The Arctic is changing dramatically due to climate change. What research is done

in the field and how does it feel to be part of it?

• In cooperation with: Escaped Sapiens, Übertreib deine Rolle, Südwestdeutscher Rund-

funk 1

• Link: https://www.youtube.com/watch?v=oQf_uZgnUEU(English)

https://open.spotify.com/episode/1lJva9sV89mSYiLomQUKKP?si=-HiYi_

AHQuO95sLEpQwCSw (German)

https://open.spotify.com/episode/1L3h9p1SF2CrKOgb3A5pFf?si=

mxTYtABfTVKXDeqaC5b07A (German)

https://www.youtube.com/watch?v=0VbpA7kqDrs&t=3s
https://polf.copernicus.org/articles/89/115/2021/
https://www.youtube.com/watch?v=oQf_uZgnUEU
https://open.spotify.com/episode/1lJva9sV89mSYiLomQUKKP?si=-HiYi_AHQuO95sLEpQwCSw
https://open.spotify.com/episode/1lJva9sV89mSYiLomQUKKP?si=-HiYi_AHQuO95sLEpQwCSw
https://open.spotify.com/episode/1L3h9p1SF2CrKOgb3A5pFf?si=mxTYtABfTVKXDeqaC5b07A
https://open.spotify.com/episode/1L3h9p1SF2CrKOgb3A5pFf?si=mxTYtABfTVKXDeqaC5b07A
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Wissenschaft fürs Wohnzimmer - Sea ice thinning (talk on YouTube)

• Aim: Educate the interested public in some specifc aspects of Polar research

• Target group: Interested public, in German

• Medium: Youtube video

• Style: Life talk on youtube with questions from the audience

• Topic: Sea ice is thinning. What are the causes and consequences and which processes

change the thickness?

• In cooperation with: Wissenschaft fürs Wohnzimmer (AWIs4future)

• Link: https://www.youtube.com/watch?v=v1SLWiikZvk (English)

Meereisportal - Dynamic ice thickness change (written interview)

• Aim: Educate the interested public in some specific aspects of Polar research.

• Target group: Interested public

• Medium: Blog article

• Style: Interview with scientific background information

• Topic: Sea ice dynamics and thickness change

• In cooperation with: Meereisportal (Sina Löschke)

• Link: https://www.meereisportal.de/en/mosaic/driftstories/

driftstories-03-shaking-and-quaking/ (English, also available in German)

Sea ice deformation during MOSAiC (talks on YouTube)

• Aim: Explain a specific aspect of Polar research.

• Target group: Students, other scientists from other disciplines.

• Medium: Series of youtube videos

• Style: Recorded talk with detailed scientific information.

• Topic: Sea ice deformation during MOSAiC. Why is it important? How do we observe it?

What was it like?

• In cooperation with: Arctic Frontiers conference, 2021

• Link: https://youtube.com/playlist?list=PLP8IurhFSgKNnUTXZuHz8LNDWxn5V2Ldr

Photos and graphics are an integral part of polar science communication. Among others, I have cre-

ated Figure B.3 to show how sea ice thickness decreased and Figure B.4 to illustrate the relevance of

leads and ridges in the Polar climate system and would be happy to see them reused.

https://www.youtube.com/watch?v=v1SLWiikZvk
https://www.meereisportal.de/en/mosaic/driftstories/driftstories-03-shaking-and-quaking/
https://www.meereisportal.de/en/mosaic/driftstories/driftstories-03-shaking-and-quaking/
https://youtube.com/playlist?list=PLP8IurhFSgKNnUTXZuHz8LNDWxn5V2Ldr
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Figure B.3. Sea ice thickness decrease based on Kwok (2018) with additional illustrations (in German).
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Figure B.4. Principle mechanisms of sea ice deformation and their consequences (in English and German).
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Acronyms

Acronym Description

AEM airborne electromagnetic induction sounding

AMSE-2 Advanced Microwave Scanning Radiometer-2

AMSE-E Advanced Microwave Scanning Radiometer for EOS

ArcTrain International Research Training Group “Processes and impacts of climate

change in the North Atlantic Ocean and the Canadian Arctic”

AWI Alfred Wegener Institute, Helmholtz Centre for Polar and Marine Research

BMBF German Federal Ministry of Education and Research

CMIP6 Coupled Model Intercomparison Project Phase 6

CO Central Observatory

DN Distributed Network

EM Electromagnetic

ESA European Space Agency

FWHM Full width at half maximum

FYI First-year ice

GPS Global Positioning System

HH horizontally-horizontally (transmitting-receiving) polarized EM signal

Icepack Column physics package of the sea ice model CICE

ICESat-2 Ice, Cloud, and land Elevation Satellite 2

IPCC Intergovernmental Panel for Climate Change

IQR Interquartile range

ITD Ice thickness distribution

LFclassified_SAR classified-SAR lead fractions

LFCS2 CryoSat-2 lead fractions

LFdiv divergence-derived lead fractions

LFLKF LKF-derived lead fractions

LFMODIS MODIS lead fractions

LFPMW PMW lead fractions

LFTIR helicopter-borne TIR lead fractions

LFvisual viusally-identified lead fractions
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Acronym Description

LHS Left-hand-side

LI07 based on Lipscomb et al. (2007)

LKF Linear kinematic features

MITgcm Massachusetts Institute of Technology general circulation model

MODIS Moderate-Resolution Imaging Spectroradiometer

MOSAiC Multidisciplinary drifting Observatory for the Study of Arctic Climate

MYI Multi-year ice

NSIDC National Snow and Ice Data Center

OIB Operation IceBridge

OSI SAF EUMETSAT Ocean and Sea Ice Satellite Application Facility

PDF Probability density function

PMW Passive Microwave

POLMAR Helmholtz Graduate School for Polar and Marine Research

RGPS RADARSAT Geophysical Processor System

RHS Right-hand-side

RQ Research Question

SAR Synthetic Aperture Radar

SCM Single column model

SHEBA Surface Heat Budget of the Arctic Ocean

SIMBA Thermistorstring based sea ice mass balance arrays

SIMIP Sea-Ice Model Intercomparison Project

SYI Second-year ice

TH75 based on Thorndike et al. (1975)

TIR Thermal Infrared

VV vertically-vertically (transmitting-receiving) polarized EM signal

WMO World Meteorological Organization
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