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ABSTRACT

Drainage of the Antarctica Peninsula is mainly through its floating ice shelves, which

play a vital role in limiting the flow of grounded ice into the ocean via buttressing. The

magnitude of the AP contribution to sea-level rise is dependent on the health of its ice

shelves. Fractures are a key part of the calving process; however, observing or predicting

fractures has proven difficult.

The annual extent of four AP ice shelves is delineated from 1990-2019. Quantile re-

gression analysis draws inferences between retreat and contributing processes. The analysis

suggests a statistically significant association between increasing mean annual 2 m air tem-

perature and ice shelves that have retreated the most. Additionally, a reduction in summer

and autumn sea ice concentration correlates with retreat.

Fracture probability is estimated for the Larsen C, Wilkins and George VI Ice Shelves

using flow parameters as the predictors in a Bayesian Gaussian process mixed effect model.

A hybrid Monte Carlo inference scheme enables Markov Chain Monte Carlo application

while remaining computationally inexpensive. The fracture probability estimations matched

observed fractures in some key regions. The fracture probability of 100-year transient flow

simulations under possible climate scenarios is estimated. Under the higher emissions sce-

nario, fracture probability is significantly higher on floating ice.
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Chapter One

Introduction

1.1 Background and Rationale

Since the industrial revolution, the mean global atmospheric temperature has risen by around

1◦ C, leading to 2 m of sea-level rise (SLR) (IPCC, 2021), most of that taking place in

the last 30 years. Coastal ecosystems and communities are already feeling the effects of

SLR. Globally, 40% of people on Earth live within 100 km2 of the coast (United Nations,

2007). In the USA, 132 million people live in densely populated coastal cities that are at

risk from further SLR and extreme weather (Wu et al., 2002). As water levels increase,

cities lose natural protection from storms and are at greater risk of floods that can destroy

the infrastructure needed to maintain the local economy (Jacob, 2015). Hurricane Katrina

devastated New Orleans and the surrounding area in 2005. More than 900 people lost their

lives and causing over $125 billion of damage. Still, 15 years on, the city has not fully

recovered (Burton and Hicks, 2005; Brunkard et al., 2008). In the UK, extreme weather,

plus the rising coastline, has seen flood defences breached, causing widespread flooding that

has destroyed many peoples homes (Crooks, 2004).

All over the world, major cities are currently battling with keeping flooding at bay,
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with the number of people exposed projected to increase by threefold by 2070 (Nicholls et al.,

2007). In south Asia, megacities Mumbai and Dhaka are the most populous cities in their

respective counties, home to 50 million people. Given a conservative estimate of 1± 4 m of

global SLR by the end of the century, projections show a potential land loss due to coastal

inundation of 4% in Mumbai (Pramanik, 2017; Pavri, 2009). Dhaka, located in Bangladesh

off the Bay of Bengals, experiences extreme weather and is particularly susceptible to storm

surges, leading to widespread flooding. The infrastructure is unable to deal with current

flooding levels. Unless significant steps are taken, the region is at considerable risk from

SLR related disaster (Ali, 1996; Castro Ortiz, 1994). SLR of less than 1 m over the next

century could see an increase in inundation area of 81% in Bangkok, the worlds most-visited

city and economic hub of Thailand (Dutta, 2011). Shanghai is China’s most populated city,

with a population of over 20 million people. It has more flood mitigation in place than other

less developed megacities such as Dhaka; regardless, it is arguably the most concerning city

globally. A combination of subsidence and SLR could see half of the city flooded by 2100

and 46% of sea wall breached (Wang et al., 2012; Balica et al., 2012). In North America,

Florida has allocated $4 billion over the next 40 years to keep Miami above water. Between

2006− 2013 local sea level rise has been around 9± 4 mm per year (Wdowinski et al., 2016).

Increased flooding and extreme weather would have substantial social and economic harm

as the state’s financial centre. The property market has seen the most at-risk property lose

almost $500 million in total value (McAlpine and Porter, 2018). These are a handful of the

major cities at risk of SLR and natural hazards that accompany it. While there risk is of

great concern, a proper flood mitigation strategy could help to contain at least some of the

risk. However, those living in rural coastal regions tend to be more disadvantaged and do

not poses the same social or economic power to mitigate the risk (Bhattachan et al., 2018).

The IPCC report found that not only has the sea-level has risen for the last century,

but that the yearly rate has more than doubled over the last 30 years compared to the

2



1.1. BACKGROUND AND RATIONALE

previous 90 years (IPCC, 2021). The mechanisms for SLR are multifaceted, with thermal

expansion due to ocean warming being the primary cause of SLR for 75 - 100 years after

the industrial revolution. However, the most significant contributor to present SLR is the

melting of glacial ice. Ice caps such as the Vatnajökull ice cap in Iceland, and Alpine glaciers

found worldwide, have been the dominating source of SLR, with over 60% of total ice loss

coming from these regions rather than the ice sheets (Meier et al., 2007). However, the risk

that the Greenland Ice Sheet and Antarctic Ice Sheet (AIS) face due to future projected

warming suggest that if anthropological climate forcing is left unchecked, the contributions

of the ice sheets could rapidly increase. Ice loss from the ice sheets has increased by around

29% over the last decade compared to the previous decade (IPCC, 2021).

Given the effect warming is projected to have on ice loss from the ice sheets, it has

become crucial to understand its impact on global SLR. Antarctica stores 98% of the Earth’s

freshwater and is 98% ice-covered, equivalent to 58 m SLE (Fretwell et al., 2013). While

the whole ice sheet is not at risk of collapse in the next century, if the climate continues to

warm at its current rate as projected by the RCP8.5, it could lead to 0.63-1.32 m of global

sea-level rise SLR (Horton et al., 2020). The Arctic is the fastest-warming region on Earth,

with temperature increasing by 2.3◦ C (IPCC, 2021). In recent years, between 1995 - 2015,

Greenland had an average annual mass loss of 0.47 ± 0.23 mm sea-level equivalent (SLE),

peaking in 2012 with 1.2 mm SLE (Broeke et al., 2016). Depending on the method used and

climate scenario studied, projections for sea-level contribution from Greenland by 2100 are

between 3− 33 cm (Aschwanden et al., 2019; Goelzer et al., 2020).

A priority for the scientific community and policymakers is to develop strategies to

reduce global SLR and mitigate its impacts. Crucial to this objective is predicting changes

in the ice-sheet melt, stability, and sea-level contribution. This process helps to build on

our understanding of the physical processes and forecast potential possibilities. Over the

past two decades, the development of sophisticated mathematical models that use the phys-
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ical equations of ice flow to model ice-sheet dynamics has proven to be highly effective,

particularly on a large scale.

The AIS has three ice sheets, the East Antarctic Ice Sheet (EAIS), the West Antarctic

Ice Sheet (WAIS), and the Antarctic Peninsula (AP). The majority of Antarctic ice loss is

from the WAIS and the AP due to the acceleration and thinning of its major glaciers, lead by

the retreat of their supporting ice shelves (Shepherd et al., 2018). The AP makes up only 4%

of the area of Antarctica, however, is the most dynamic and climate-sensitive (Rignot et al.,

2004). It is the most northern region of Antarctica, extending up to 63◦. Extensive research

has taken place to understand its response to historical and future climate change (Morris

and Vaughan, 2013; Etourneau et al., 2019; Barrand et al., 2013; Davies et al., 2014; King,

1994; Schannwell et al., 2016; Kittel et al., 2021). It is one of the most rapidly warming

areas on Earth (Vaughan et al., 2003). The majority of AP glaciers drain into floating ice

shelves (Doake, 2001). Due to its thin mountainous topology, it has a high concentration of

ice shelves under different pressures depending on the coast they are situated (Rignot et al.,

2013).

The ice shelves result from glacier ice flowing into the ocean water cold enough that

it does not melt, forming large floating ice masses. Once established, ice shelves can sur-

vive millions of years. Ice shelves play a crucial role in stabilising the AP via the process

of buttressing (Gudmundsson, 2013). Buttressing is a mechanical effect of direct contact

between the floating ice shelf and the grounded glacier ice at the grounding line (Dupont

and Alley, 2005). Hence, removing an ice shelf would increase grounded ice flow, leading to

sea-level rise (Scambos et al., 2004). Future SLR contributions of Antarctica rely heavily

upon the stability of its ice shelves. Over the last 20 years, the AP has seen the collapse

of 4 ice shelves, with the largest being the Larsen B ice shelf in 2002, followed by thinning

and acceleration of many of its tributary glaciers (Berthier et al., 2012; Rignot et al., 2004).

More recently, in 2017, a significant calving event occurred at the front of the Larsen C ice
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shelf, raising questions about its stability (Han et al., 2019).

The study of AP ice shelves has been a priority for the scientific community over the

past two decades. Through advancements in remote sensing and computational modelling,

there have been giant leaps in our ability to observe the behaviour of glaciers and ice sheets.

Several physical ice-sheet models are available that model flow regimes of both the GIS

and the AIS for both grounded and floating ice (Lipscomb et al., 2019; Martin et al., 2011;

Larour et al., 2012). However, there is a gap in the ability to predict ice shelf retreat and

advance accurately. Calving is a highly dynamic process that has many potential triggers.

Unobserved fractures pose a particular difficultly. To be able to predict retreat better, a

framework for fracture modelling needs to be developed.

This thesis seeks to draw inferences based on a statistical sample between climate

and glaciological stresses, and interannual ice shelf variability, by introducing new remote

sensing data of ice shelf area and applying statistical regression analysis. Further, a statistical

fracture model that can combine modern physical flow model outputs with modern statistical

analysis on the AP ice shelves is presented. Finally, the statistical model is applied to

transient physical simulations over the next century to determine potential fracture changes

under varying climate scenarios.

1.2 Research Gaps

In this thesis, three research gaps are identified and addressed to better understand the

risk of AP ice shelf destabilisation. By introducing statistical methods and updated data

sets that will allow for advancement in understanding potential ice shelf collapse and the

contributing mechanisms.
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1.2.1 Research gap 1 - Twenty-first century AP ice shelf extent and

contributors to retreat

A key challenge to understanding AP ice shelf retreat and advance is the highly dynamic

non-linear relationships between the physical, mechanical and environmental processes. Sig-

nificant surface and ocean warming occurred in the region throughout the 20th century

(Meredith and King, 2005; Vaughan et al., 2003); while surface warming has been absent

throughout the 21st century, ocean warming has continued adjacent to the West Antarctic

Peninsula (Schmidtko et al., 2014; Turner et al., 2016). Long term warming has negatively

impacted the physical state of most AP ice shelves. Numerous mechanisms have been iden-

tified to have triggered significant collapse events, linking them to changes in environmental

conditions (Massom et al., 2018; Scambos et al., 2009; MacAyeal et al., 2003; Braun and

Humbert, 2009; Scambos et al., 2000). However, the interannual impact of warming and the

glaciological conditions that arise have not been largely explored. This is due primarily to

a lack of annual area data for the majority of AP ice shelves. Decadal ice shelf area data

is available, showing that the overall ice shelf area surrounding the AP has decreased over

the last 50 years (Cook and Vaughan, 2010). More recent studies presented more frequent

ice front data for the Larsen C, Stange, Bach and George VI ice shelves (Rankl et al., 2017;

Holt et al., 2014; Holt et al., 2013a; Holt, 2013). The importance of understanding the im-

pact of short term variation in environmental conditions was identified during the collapse

of the Larsen B Ice Shelf (Broeke, 2005), where significant surface temperature anomalies

led to excessive melt, leading to its collapse. There is a need for improved annual ice shelf

extent data for the major AP ice shelves to enable the investigation of the implications of

interannual changes in glaciological and environmental processes on AP ice shelf area.
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1.2.2 Research gap 2 - A statistical framework to estimate ice shelf

probability of multiple AP ice shelves that is computationally

inexpensive and scalable

Calving and basal melt are the primary sources of ice loss for AP ice shelves, with calving

varying from 10% to 90% dependent on the ice shelf (Depoorter et al., 2013). Stable ice

shelves have a natural process of retreat and advance that does not impact their stability.

When an ice shelf becomes unstable, the nature of its calving can range from small, steady

retreats to catastrophic collapses, such as with the Larsen B Ice Shelf (Shepherd et al.,

2003). Several sophisticated physical ice flow models offer various calving laws or criteria.

While the process that leads to calving varies, all major calving events occur along surface

and basal fractures. A major challenge in studying fractures is observing them in satellite

imagery; snow cover often obscures their visibility. There are two modelling approaches to

estimate ice shelf fractures. The first utilises physical flow dynamics by introducing a damage

calculation that can represent fracture that impacts strain rate. Damage cannot be used as

a proxy for fracture modelling as it is not intended to calculate any fracture that has not

impacted the strain rate (Borstad et al., 2013). The second introduces statistical regression

methods that can calculate a fracture probability by using many flow parameters (including

damage). Emetc et al. (2018) introduced this idea successfully by introducing Bayesian

logistic regression analysis. When modelling multiple ice shelves, a critical consideration is

how to deal with the issue of non-independence of fractures on each ice shelf. Their method

modelled each ice shelf region individually to find the best fitting predictors, focusing on

small sections of the ice shelf, then organised them into four groups using a classification

criteria based on resemblance to the best fitting model. This is an intuitive but fairly ad

hoc solution to the problem and does not allow multiple ice shelves to be studied in the

same model. An analysis using a sophisticated, mathematically rigorous technique that can
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estimate the fracture probability of multiple ice shelves while accounting for the correlating

fractures while remaining computationally inexpensive has not occurred. There is a need

to introduce a modelling framework that can utilise physical flow model output to model the

fracture probability of multiple AP ice shelves simultaneously.

1.2.3 Research gap 3 - Evolution of ice shelf fracture over the next

100 years

The international community’s decisions regarding greenhouse gas emissions over the next

100 years will be critical in limiting SLR (IPCC, 2021). The destabilisation of major glaciated

regions is ongoing; if emissions are not lowered significantly, ice shelf collapse could lead to

a significant discharge from the AP (DeConto and Pollard, 2016). Surface Mass Balance

(SMB) and Basal Melt Rate (BMR) projections suggest that mass loss from melt is going to

increase under all RCP greenhouse pathways, even the best case scenario (Kittel et al., 2021;

Naughtena et al., 2018). However, transient simulations have not taken place to understand

how AP ice shelf dynamics could change in response to changes in SMB and BMR. Further

to this, there have not been any studies to understand the potential evolution of ice shelf

fractures under different future climate scenarios. There is a need to apply a framework for

ice shelf fracture study that can model fractures using transient simulations for a variety

of potential climate scenarios, which would inform our understanding of the behaviour of

fractures as the flow regime develops.

1.3 Research Objectives

To address the three research gaps, the following objectives have been set:
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1. Investigate the correlation between AP ice shelf area change and potential contributing

environmental and glaciological predictors by applying a Quantile Regression analysis.

2. Quantify future fracture probability on major AP ice shelves by introducing a Gaussian

process (GP) mixed-effects model framework.

3. Apply the model framework from Objective 2 to a forced transient simulation to project

fracture changes under the RCP2.6, 4.5 and 8.5 emissions scenarios over the 21st

century.

1.4 Thesis Structure

In chapter 2, Antarctic Peninsula ice shelves, mechanisms for stability, and retreat history

are discussed over the century in detail. In Chapter 3, the study site is introduced. Chapters

4, 5 and 6 are the main research sections of this thesis, each tackling one of the leading

research gaps outlined in this chapter. In chapter 4, new annual ice shelf extent data are

presented for the Larsen B, Larsen C, Wilkins and George VI ice shelves and a Quantile

Regression analysis is implemented to investigate the correlation between changes in annual

ice shelf area and potential retreat triggers. In Chapter 5, a novel approach is introduced

to predict ice shelf fracture probability for the Larsen C, Wilkins and George VI ice shelves

within the same simulation. In Chapter 6, the fracture probability model is used to make

predictions for future ice shelf fracture probability for the same ice shelves. In Chapter 7,

the thesis is concluded by discussing the main findings and suggesting future work.
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Chapter Two

Literature review

2.1 Introduction

Ice sheets are large ice complex that overrides the underlying topography. There are two ice

sheets left, Antarctica and Greenland; they contain 70% of the freshwater on Earth. The

Antarctic Ice Sheet contains 58 m SLE of ice (Fretwell et al., 2013), while Greenland holds 7

m SLE of ice (Morlighem et al., 2017). The rest of the Earth’s glaciers and ice caps account

for around one per cent of the total ice on Earth and could contribute 0.5 m to sea level rise

(Farinotti et al., 2019). Glacial melt from Alpine glaciers and ice caps have been the most

significant contributor to SLR over the last century; however, as the climate continues to

warm, the potential SLR from the ice sheets increase (Meier et al., 2007). Ice streams and

glaciers within the ice sheets are the main transportation methods of ice. As they thin and

retreat, the freshwater they hold is discharged into the ocean. Calving and basal melt are the

primary contributors to mass loss from Antarctica, and melt run off, make up just over 50%

of the mass loss from Greenland (Depoorter et al., 2013; Shepherd et al., 2020); however,

unlike much of Greenland, the conditions around Antarctica allow for the formation of ice

shelves, floating extensions connected to grounded glaciers. As we will discuss later, they
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play an essential role in stabilising the region.

2.1.1 Ice sheet formation and mass balance

The accumulation of snowfall over millennia forms ice sheets. Snow accumulates on the

surface, compacting to become firn. Defined by the Glossary, firn is snow that has survived

at least one summer (IACS, 2011). Layers of firn accumulate; once the layers are thick

enough, the pressure acting on the lower layers causes the air passages between the grains

within the firn to close and become solid ice. This transition takes place at a density of

around 830 kg m−3. Once there is enough mass, the ice will move under its weight and

become a glacier. This process on a continental scale is defined as an ice sheet (Paterson,

1994). Ice-sheet flow is determined by a combination of the gradient and ice volume. They

form dome-like centres with no gradient that is the slowest moving and thickest areas (Rémy

and Parouty, 2009).

Mass balance plays a vital role in the study of glaciers and ice sheets. It is the

difference between the accumulation (mass gained) and ablation (mass loss) over time. Ac-

cumulation includes precipitation, including snow, hail and rainwater that can refreeze, hoar

frost, and avalanching, on the surface. Basal accumulation occurs through the refreezing of

liquid water at the base of the glacier. Debris accumulation can take place when the surface

of basal debris becomes entrapped within the ice. Surface debris accumulation occurs more

frequently in valley glaciers and is largely absent from the ice-sheets. However, basal debris

accumulation takes place as debris at the bed becomes entrained (Shaw, 1977). Ablation

includes surface melt, calving, basal melt of ice shelves, snow-drift. An ice sheet is in balance

if the total loss in ice equals the mass gained through accumulation. The primary source

of accumulation and ablation depends significantly on the type of glacier. For both the

Antarctic and Greenland Ice Sheets, precipitation is the primary source of accumulation.
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On Antarctica, calving and basal melt of its ice shelves are the primary ablation sources,

with surface melt runoff playing a much smaller role. On the other hand, Greenland has

warmer surface temperatures resulting in melt runoff, also playing a key role in its ablation

(Shepherd et al., 2020). Over the past three decades, advances in remote sensing through

improved satellite altimetry and gravimetry have vastly improved the ability of the scien-

tific community to measure ice sheet mass balance. In 1992 the European remote sensing

satellite (ERS-1) was deployed (Wingham et al., 2006; Wingham et al., 2009). Measure-

ments revealed rapid thinning at the western margins of Antarctica (Shepherd et al., 2002)

and increased thickness toward the centre due to changes in accumulation (Helsen et al.,

2008). A limitation of altimetry is the uncertainties that arise when converting the mea-

surements to mass due to density estimations. In 2002, the Gravity Recovery and Climate

Experiment (GRACE) satellites launched (Tapley et al., 2004). The twin satellite measures

the gravitational anomalies by measuring the distance between each other. While GRACE

has its limitation as the measurements require complex analysis, it can make accurate mass

balance measurements. Mass balance measurement calculated by GRACE in the Gulf of

Alaska supported its validity. The GRACE estimates were comparable to altimetry esti-

mates; however, the uncertainties improved greatly. (Luthcke et al., 2008; Arendt et al.,

2008). GRACE measurements from Greenland and Antarctica highlight a worrying ac-

celeration of mass loss between 2002-2009, translating to a combined SLR acceleration of

0.17± 0.05 mm/yr (Velicogna and Wahr, 2005; Velicogna, 2009).

2.1.2 The Antarctic Ice Sheet

The West Antarctic ice sheet (WAIS) and the Antarctic Peninsula (AP) are situated on

the west of the Transantarctic Mountains in the western hemisphere, while the larger East

Antarctic ice sheet (EAIS) is in the eastern hemisphere, east of the Transantarctic Mountains.
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With multiple 4000 m peaks, the Transantarctic Mountains are one of the largest ranges on

Earth, with an apprioximate length of 3500 km and peak elevation of 4528 m. They traverse

the whole width of Antarctica, starting in the Weddell Sea and finishing in the Ross Sea.

The EAIS holds the majority of the ice volume for the continent. From BEDMAP2, a

data product describing surface elevation, ice-thickness and the sea floor and subglacial bed

elevation of Antarctica, the total volume of ice is 26 x 10 km3, which is 58.3 m SLE from

the whole of Antarctica. With the EAIS contributing 53.3 m, WAIS 4.3 m and the AP

contributing 0.2 m (Fretwell et al., 2013).

The WAIS and EAIS experience hugely different geographical and environmental

conditions. Bed topography is the most significant difference affecting future stability. The

EAIS has a bed that is largely above sea level, and some sections that are below sea level

would rebound above sea level if it were absent, limiting the effect of ocean induced melting

that the region could experience (Joughin and Alley, 2011). For much of the history of

the glaciological study, the EAIS was thought to be stable. Additionally, there is evidence

that the EAIS climate was homogenous over the last three glacial cycles (Watanabe et al.,

2003). While some studies argued that the EAIS experienced large scale deglaciation during

the warming of the Pliocene period (3 million years ago), Sugden (1996) challenged the

idea concluding that it has been stable for at least 14 million years. However, more recent

studies have expressed concern that the EAIS may not be as stable as previously thought,

particularly in the event of deglaciation of the WAIS (Pingree et al., 2011).

The WAIS is a marine-based ice sheet as most of its bed lies below sea level. In

some cases, as deep as 2500 m (Morlighem et al., 2020). Between 1979-2017 the WAIS

had a cumulative mass loss of 2700 GT. Around 65% of the drainage occurred through the

Thwaites ice stream and the Pine Island Glacier (Rignot et al., 2019). Both glaciers are

grounded far below sea level and have thinned due to warming from circumpolar deep water.

The marine ice sheet instability hypothesis is that a marine ice sheet with its grounding lines
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located on a retrograde bed is unconditionally unstable (Gudmundsson et al., 2012). As it

retreats, the grounding line becomes deeper and the ice thicker, leading to further instability.

The first publication to raise concern for the stability of the WAIS was Mercer (1978). To

see this, first, consider an ice column passing the grounding line. The column must weigh

the same as the water it displaces. Mathematically ρgH = ρwgD where D is bedrock depth

and H is the thickness of the ice, ρ and ρw are the ice and water densities (Goldberg, 2017).

For an ice sheet such as the WAIS to be stable, it needs flux of ice leaving the ice sheet and

accumulation to be balanced. However, it can also be shown that flux across the grounding

line increases with depth (Goldberg, 2017). A retreat in the grounding line would decrease

surface area, decreasing accumulation simultaneously; as the grounding line retreats, the

flux increases as the bed gets deeper, further exacerbating the imbalance (Goldberg, 2017).

Thus this type of ice sheet is unstable (Goldberg, 2017); however, a confined ice shelf is able

to stabilise the grounding line (Pegler, 2018).

The Antarctic Peninsula is one of the most climate-sensitive sections of the Antarctic

ice sheet (King, 1994). As it features many ice shelves at risk of collapse, it is the focus of this

thesis. It is situated in the northwest of the AIS and is the north-most part of the ice sheet

made up of a narrow mountain range extending up to 63◦S. Its area is over 500, 000 km2 and

accounts for 4% of the total area of Antarctica. While its proportion of the area is small, the

AP experiences 25% of the total snowfall (Drewry, 1991). Its climate sensitivity can be seen

through the retreat and disintegration of many of its ice shelves. The AP features a large

proportion of coastline for its size separated east to west by its mountain range. On the

east coast is the Weddell Sea, and on the east is the Bellingshausen sea (Figure 2.1). The

two coasts experience vastly different climates and environmental pressures, with a 3− 5◦ C

difference between the east and west coast of the AP (Vaughan et al., 2003).
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2.2 Ice Shelves

Figure 2.1: Schmatic of an ice shelf system inculding sources of accumulation/ablation,

ocean systems and measuring instruments. Figure was taken from Padman et al. (2018) and

created by Jennifer Matthews, IGPP, Scripps Institution of Oceanography.

An ice shelf is a sheet of ice that is floating on the sea, and that is still attached to grounded

in-land ice, or land (Paterson, 1994) (Figure 2.1). An ice shelf can be differentiated from

sea ice as it is much thicker, meteoric in origin, and has a stronger connection to the inland

ice at the grounding line (IACS, 2011). Surface melting is a negligible component of AIS

mass balance (Bentley, 1993). Ice mostly leaves the continent via the calving of tidewater

glaciers and ice shelves. Greenland has a few small ice shelves; however, most are found in

Antarctica. Ice shelves are formed by the seaward extension of meteoric ice from ice streams

and tributary glaciers (Robin, 1979).

The area where an ice shelf connects to the ice sheet or land is called the grounding

line or grounding zone. Ice shelves gain mass from the flow of inland glacier ice, snowfall
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and basal accumulation (IACS, 2011). The flow of inland ice towards the ocean is not

uniform. Ice streams are major outlets of the ice sheets that have increased flow, and they

are the primary source of ice transport from inland ice to the ice shelf. Snowfall and basal

accumulation are generally minor contributors to mass gain and vary significantly between

ice shelves. Ablation takes the form of surface melt, basal melt and calving (Singh and

Haritashya, 2011). Ice shelves are often confined in a bay or by ice rises, grounded ice that is

surrounded by floating ice (Pegler, 2016). The hypothesised role of ice shelves is to buttress

the inland ice by producing a drag against its margins or pinning points (Goldberg, 2017),

decreasing the velocity at which the inland ice can flow into the ocean reduces the sea-level

rise (Dupont and Alley, 2005). The velocity of an ice shelf can be hundreds of meters per

year at the grounding line and a few kilometres per year at the ice front. At the shear

margins, the velocity slows, sometimes being close to zero (Pegler, 2016). Unlike glaciers,

where velocity increases at the surface due to bed friction (Weis et al., 1999), ice shelves

have the same horizontal velocity at depths, and the fastest ice is usually found toward the

shelf front where backward stresses are minimal (Doake, 2001).

For an ice shelf to have a major buttressing effect on the flow of inland ice, it must

be confined in some way, either at its margins or by ice rumples/rises (Doake, 2001). The

Ross and Ronne-Filchner ice shelves are both extremely wide, so the effect of the shear stress

provided by the margins would be unlikely to provide much restraint. However, both have

areas that they make contact with the bed, causing either ice-rises or ice-rumples to form,

providing a buttressing effect (Goldberg, 2017). These are referred to as pinning points.

As well as restraining an ice shelf, ice becomes thicker around pinning points, adding to

stability. However, during retreat via the growth of crevasses and rifts, ice-rises can act as a

wedge helping to destabilise an ice shelf (Doake, 2001). Historically non-confined ice shelves

are thought to provide no buttressing effect. Gudmundsson (2013) constructs a model that

allows variation in the stresses in both horizontal directions, showing that non-confined ice
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shelves can have a small buttressing effect if a section of the grounding line flows over a more

stable section than the rest. In this situation, the ice shelf can spread the effect of the more

stable grounding line to weaker sections. Sea ice reinforces ice shelf buttressing during the

winter months before the ice shelf accelerates during the spring (Greene et al., 2018).

Ice shelf calving does not directly affect sea-level rise as they are in hydrostatic bal-

ance; however, they play a crucial role in the mass balance of the AIS and the potential to

contribute to SLR (Goldberg, 2017). Ice shelves fringe the entire of the AIS, including EAIS.

Since the EAIS is the most stable region and has little risk of collapse, ice shelf research has

focused on the large ice shelves found on the WAIS and those that drain the AP. The Ross

and Ronne-Filchner ice shelves on the WAIS are the two largest ice shelves on Earth with

an area of 472, 000 km2 and 422, 000 km2, respectively. These have been the centre of many

studies; however, the research suggests they are stable (Larour et al., 2004; Paolo et al.,

2015). The AP ice shelves have been the focus of most ice shelf research over the past few

decades. The AP has experienced the most change over the past few decades, and the health

of the fringing ice shelves is vital for the region’s future stability.

2.2.1 Effect on inland ice

Unlike ice sheets, which react to climate change over more extended periods, ice shelves

react rapidly (Morris and Vaughan, 2013). Once an ice shelf collapses, the effect on inland

ice can be instant (Dupont and Alley, 2005). A key motivation for the study and modelling

of ice shelf collapse is to determine how their absence will affect the outlet glaciers and ice

streams that they buttress. There have been conflicting studies on how tributary glaciers

behave after the collapse of an ice shelf. When comparing satellite imagery of the Wordie

ice shelf collapse, which experienced retreat events from 1960 to the 1990s, Vaughan et al.

(1993) observed that the tributary glaciers did not experience any change in grounding line
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position and velocity. Wordie had three main inlet areas that are a combination of the

tributary glaciers. Medial plumes were created at the confluence of two glaciers, similar

to medial moraines (Macayeal and Sergienko, 2013). A change in velocity following the

removal of buttressing would impact the position of these plumes. As the plumes did not

move post-collapse, Vaughan et al. (1993) concluded that removing ice shelves may not affect

the tributary glaciers, hence, not contribute to SLR. However, other data contradicts this

claim, showing that the Fleming Glacier that previously fed the Wordie ice shelf experienced

increases in velocity and thinning. Fleming glacier had sped up by 40 − 50% from 1974

- 2004 (Rignot et al., 2004), and comparing data from 2004 to 2008 showed a thinning of

4.1 ± 0.2 ma−1 (Wendt et al., 2010). This disparity between velocity changes following

significant ice shelf collapse suggests an extreme gradient insensitivity to ice shelf removal

for the tributary glaciers or the time frames taken to respond.

Bed topography of the grounding line and confinement of the ice shelf potentially

playing an important role in how the ice shelf buttresses the tributary glaciers. One of the

first studies to quantify buttressing was Fürst et al. (2016), which calculated the amount

of ’passive shelf ice’ that each ice shelf contained. Passive ice refers to ice that does not

provide buttressing. The findings of this study suggest that ice shelves in the Bellingshausen

coast provide a high level of buttressing, so their tributary glaciers are more at risk. In

contrast, the Larsen C ice shelf provides little buttressing to it tributary glaciers. Models

suggest the removal of the Larsen C ice shelf will not result in significant SLR under a variety

of experiments. However, George VI tributaries are much more reliant on the buttressing

provided, with one experiment predicting that 95% of the sea-level contribution from LCIS

and GVIIS coming from GVIIS (Schannwell et al., 2018).

Observations of tributary glaciers of the Larsen A Ice Shelf (LAIS) after its 1995

collapse showed significant dynamic response. Using synthetic aperture radar (SAR) images

from 1995 to 1999 Robertson et al. (2002) showed that the velocity of the larger glaciers
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(Drygalski, DBE, Sjgren and Boydell glaciers) that previously fed the LAIS and Prince

Gustav Ice Shelf (PGIS). The Rohss Glacier that previously fed the PGIS from Ross Island

retreated rapidly after its collapse in 1995, eventually becoming a tidewater glacier in 2002

following the complete removal of the remnants. Rohss Glacier retreated by 15 km2 by 2009

and lost 70% of its total area. Its velocity and thickness were also affected over the same

period, with the velocity increasing nine-fold and a reduction in thickness by approximately

150 m (Glasser et al., 2011).

De Angelis and Skvarca (2003) found that 6 of the glaciers that previously fed PGIS

and LAIS had accelerated. The first evidence for this was ice terraces found on the Sjogren,

Bogdell and Drygalski glaciers. Ice terraces are slices of stranded ice attached to a margin

20-40m above the glacier surface. The local topography rules out avalanche deposits, indi-

cating a lowering of the glacier surface, suggesting thinning. Surface lowering can indicate

surge-type behaviour as well as marginal crevassing, surge waves and looped moraines. Ob-

servations revealed that the Sjogren and Bogdell glaciers had surged between Feb 2000 and

Sept 2001. They advanced 1.25 km and gaining 7.6 km2 in area. Between September 2001

and March 2002, they had retreated, losing 12.1 km2 in area. During the same period, the

Bombardier and Edgeworth glaciers advanced 1.65 km, gaining 6.5 km2 in area, followed

by retreat seeing the Bombardier, Edgeworth and Dinsmoor glaciers losing 6.5 km2 in area.

Analysis of the velocities over the period (1999-2002) showed that the affected glaciers also

experienced velocities increases. Notably, these are fast-flowing tributaries. The slower and

smaller glaciers did not experience speed up or surging, suggesting that glaciers heavily

buttressed by ice shelves can have a drastic response when they retreat.

The most significant collapse in the AP has been that of the Larsen B Ice Shelf. In

1995 the Larsen B Ice Shelf had an area of 11, 512 km2, steadily decreasing to 6, 664 km2 in

February 2002 (Cook and Vaughan, 2010). In 2002 it experienced a collapse event decreasing

to 3, 463 km2 in the first three weeks of March following a warm summer (Rack and Rott,
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2004; De Rydt et al., 2015). After the collapse, the tributary glaciers of the Larsen B Ice

Shelf have accelerated and experienced a lowering in surface elevation. There was an increase

in velocity of up to 80% from four glaciers (Hektoria, Green, Jorum and Crane) that fed

the section of the Larsen B Ice Shelf that collapsed. The same study presented ICESat

elevation profiles, indicating that the same four glaciers experienced a decrease in elevation.

Particularly Hektoria glacier, which saw a surface elevation decrease of 38± 6 m. The Flask

and Leppard glaciers that fed into the remnant of the Larsen B ice shelf saw little change in

elevation or velocity. As the remnant is in a separate embayment, the ice shelf buttressing

is still acting on these ice shelves (Scambos et al., 2004). Rignot et al. (2004) produced a

similar study using data from the ERS-1 and Radarsat-1 satellites presenting similar results

for velocity. Hektoria, Green and Evans glaciers accelerated by a factor of 8 between 2000

and 2003. While Jorum and Crane accelerated twofold in the same period, this translated

into a mass loss of 27 km3 per year.

Before its collapse, the tributary glaciers of the Larsen B Ice Shelf were in a balanced

state. Post collapse, the glaciers experienced a mass deficit. The duration of this imbalance

is an important consideration for how inland ice reacts to the removal of a buttressing ice

shelf. Using Digital elevation models Berthier et al. (2012) evaluated mass loss of the Larsen

B tributaries from 2006-2011. The rate of mass loss was 9 ± 2.1 GTa−1 between 2006 and

2011. Similar to that of 2001 to 2006, suggesting that the tributaries had continued to lose

mass at a rapid rate. Rott et al. (2011) produced a similar study using TerraSAR-X images

to map glacier motion for 2008/9. Frontal velocities are used to estimate calving fluxes, then

pre and post collapse fluxes to estimate imbalance. Also, finding that the glaciers showed

no signs of stabilizing. However, The two studies disagreed on the mass-loss rate with Rott

et al. (2011) finding it to be much lower at 4.34± 1.6 GTa−1. This discrepancy in mass loss

calculation will not significantly impact sea-level estimates as this region is small. However,

a more accurate assessment of the mass balance following ice shelf collapse will play an
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essential role in the future as further retreats are likely.

2.3 Structural Glaciology of Ice Shelves

As a glacier deforms, structural features are left behind, leaving a record of its evolution.

The mapping of these structures can offer an insight into the ice dynamics. This section

describes the key surface features found on ice shelves, with a primary focus on ice shelf

fracture.

Longitudinal structures (commonly referred to as flow stripes, flow bands, and streak-

lines) align parallel to the primary flow direction (Holt et al., 2013b). The length of the

structures can vary from a few hundred meters on valley glaciers to hundreds of kilometres

in Antarctica (Glasser and Gudmundsson, 2012). They are extensive at the grounding line,

particularly at tributary glaciers, although they can also form on ice shelf surfaces. There

has been extensive debate on the formation of longitudinal structures. The three primary

hypotheses of how they form are: 1) They form from lateral compression when a glacier

flows into a narrow tongue from a wide accumulation basin (Hambrey, 1977; Hooke and

Hudleston, 1978). 2) They form through shear margins between the convergence of two

tributary glaciers (Merry and Whillans, 1993). 3) They are surface expressions of subglacial

bed topography (Gudmundsson et al., 1998).

Ice dolines are surface depressions unique to ice shelves from surface or englaciated

meltwater drained through hydrofracture (Holt et al., 2013b). Dolines enable surface meltwa-

ter to drain into the ocean rapidly. The resulting local mass loss can lead to ice shelf flexural

stress (Warner et al., 2021). Dolines form only in regions with a supply of excess meltwater,

near flow unit boundaries, and previously crevassed areas (Bindschadler et al., 2002). During

the austral summer, they tend to refill. The doline boundaries change depending on the flow
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patterns on the surrounding ice.

Fracturing occurs when a temperature-dependent tensile stress threshold is exceeded

(Vaughan, 1993; Rist et al., 2002). The following definitions are taken from Holt et al.

(2013b). Fracture is a general term for any crack in the ice that forms within the ice shelf,

regardless of direction, location, or formation. Crevasses are openings that form on grounded

ice and flow over the grounding line. Rifts are large fractures that visibly penetrate the full

thickness of the ice shelf. The opening of a rift is usually filled with water, sea ice, or

ice melange from calving. As a shorthand, this thesis uses the term fracture to mean any

fracture, crevasse or rift on the ice shelf surface, as the implemented model does not make

predictions or assumptions on depth or origin.

The fractures described above are brittle failures, which feature little to no plastic de-

formation prior to the fracture. Fractures, crevasses, and rifts on a glacier or ice shelf surface

are brittle structures. Benn et al. (2007) illustrated that there are 3 basic modes of fracture.

In Mode 1 (tensile), tensile stress pulls the ice apart, and the fracture is perpendicular to

the direction of maximum tensile stress. In Mode 2 (shearing), the faces of the fracture

remain together, and the fracture propagates in line with a shear plane. In mode 3 (tearing),

fracture occurs at a right angle to the shear plane. Mixed-mode fractures arise when two or

more processes take place at the same time. How deep a crevasse propagates is determined

by the point that the stress that initiated the fracture is equal to the ice overburden pressure.

Glaciers flow through ice creep and basal slippage. Glacial creep is a ductile process

caused by the slippage within or between internal ice crystals due to stress from their weight.

Ductile failure features significant plastic deformation before fracture; they propagate slowly

compared to brittle fractures as much of the potential energy is absorbed through this defor-

mation. Examples of visible ductile structures on glaciers include folds, foliation, and ogives

(Kellerer-Pirklbauer and Kulmer, 2019).
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Other important surface structures include fracture traces that are the remnants of

fractures, crevasses and rifts that have closed up. Ice rises and ice rumples are both areas

where the ice shelf has become grounded, visible as an elevated portion on the ice shelf

surface. Ice rises are pinned to the bedrock below. Ice rumples are also grounded, but there

is still flow over the bedrock. Pressure ridges are regions where deformation has taken place

due to longitudinal or transverse compression.
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2.4 Ice Shelves of the Antarctic Peninsula

Figure 2.2: Location map of the Antarctic Peninsula with ice shelf. Major ice shelves are

highlighted with boxes.

In the section, we will discuss the ice shelves of the Antarctic Peninsula and understand

how they have changed over the last century. The first distinction is the coast that the ice

shelves are situated. On the Weddell Sea coast (east coast) are PGIS, LAIS, LBIS, LCIS and

Larsen D Ice Shelf (LDIS). On the Bellingshausen coast (west coast) are the GVIIS, WIS,

Muller, Jones, Bach, Wordie and SIS (Figure 2.2). Cook and Vaughan (2010) gives the most

comprehensive overview of area change of the AP ice shelves from the mid 19th century to
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the present. The George VI, Wilkins, Larsen B and Larsen C ice shelves are discuss in more

detail in Chapter 3.

Using radar Altimeter data from ERS-1, ERS-2, Envisat, and Cryosat-2 Adusumilli

et al. (2018) produced a 23-year time series (1994-2016) of ice shelf height change for some of

the ice shelves on AP, partitioning the height change into the contributing factors of surface

mass balance (SMB), ice dynamics, firn air content and basal mass balance (BMB). This

work is the most comprehensive study in AP ice shelf height change.

2.4.1 Prince Gustav Ice Shelf

Situated on the east coast of the Antarctic Peninsula, PGIS was the most northerly ice shelf

in Antarctica, covering the Prince Gustav Channel, which separates the Trinity Peninsula

and James Ross Island (Ferrigno et al., 2004) (Figure 2.3). Its main tributary glaciers

were the Sjogren and Boydell glaciers that flowed from Trinity Peninsula northwards into

Rohss Glacier that flowed south from James Ross Island. Until the 1980’s, Tait Glacier

was also a tributary until the ice shelf retreated past it. The PGIS is also one of the small

number of ice shelves within the AP that has two fronts. The northern, more stable front

sat within convergent margins. The southern front was situated in a wider divergent margin

(Cooper, 1997). Using satellite images Cook and Vaughan (2010) observed the total area to

be 1600 km2 in 1957, which retreated over the next 50 years before the total collapse in 1995.

Ice-core samples from the PGIS surface suggest that the PGIS had retreated previously in

the Holocene period corresponding to local climate warming (Pudsey and Evans, 2002; Nývlt

et al., 2014; Johnson et al., 2011).
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Figure 2.3: Satellite image from 05 February 2009 with the Prince Gustav, Larsen A, and

Larsen B basins and Larsen C Ice Shelf annotated in blue. Major geographical features are

annotated in red. Large tributary glaciers are annotated in green. Imagery from the NASA

MODIS instrument, courtesy NASA NSIDC DAAC.

2.4.2 Larsen Ice Shelves

The Larsen ice shelves most northerly point starts south of the remnants of the Prince Gustav

ice shelf at the Sobral Inlet, down the whole east coast of the AP, ending at New Bedford

Inlet. It has become common to discuss this ice shelf as four distinct sections: Larsen A,

Larsen B, Larsen C, and Larsen D (Vaughen and Doake, 1996). Comparisons between recent
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AP warming and temperatures during the Holocene suggest that the northeastern AP is not

a viable region for ice shelves. Continued atmospheric warming could lead to the southward

migration of ice shelf instability as temperatures pass the stable conditions that were present

during 9,200 – 2,500 years before present (Mulvaney et al., 2012).

The Larsen A Ice Shelf (LAIS) was the most northern section of the Larsen Ice Shelf

(Figure 2.3). It remained stable until the 1980s when it had an area of 4000 km2 before

it began to retreat steadily; this was the first ice shelf collapse event observed (Doake et

al., 1998). Like Prince Gustav, Larsen A had a major collapse in 1995, losing 2000 km2

in a matter of a couple of weeks in January/February of that year. In 2008/9, there was

only 397 km2, and what was left may not be afloat (Cook and Vaughan, 2010). The main

tributaries of the LAIS are the Drygalski, Dinsmoor, Edgeworth and Albone, Fyke, Polaris

and Eliason glaciers (Ferrigno et al., 2004). The collapse of the LAIS resulted in the removal

of the back stress on inland ice, leading to an instantaneous twofold increase in surface

velocity of the Drygalski Glacier (Royston and Gudmundsson, 2016).

Larsen B is situated south of Larsen A, and in 2002 suffered a similar fate (Figure

2.3). It had an area of 12000 km2 in 1963 and advanced until the 1990s. Its retreat began

in 1995, which continued until 2002 when it collapsed, losing 3250 km2 in less than a week

(Rack and Rott, 2004). It had entirely collapsed between Cape Disappointment and Cape

Fairweather by 2005. The main tributaries of this section had been Crane, Jorum, Evans,

Green and Hektoria glaciers, with some smaller glaciers also feeding them (Figure 2.3). A

section remains in the Scar Inlet between Jason Peninsula and Cape Disappointment (Cook

and Vaughan, 2010).

Larsen C is the largest ice shelf on the Antarctic Peninsula, extending south of Jason

Peninsula down to Ewing Island (Figure 2.4). Its area was recorded to be 51,000 km2 in

2010. In 2017, a 58,000 km2 iceberg (A68) calved from the front of Larsen C, which was
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approximately 10% of the total area of the ice shelf (Hogg and Gudmundsson, 2017).

Figure 2.4: Satellite image from 15 February 2018 with the LCIS annotated in blue. Major

geographical features are annotated in red. Imagery from the NASA MODIS instrument,

courtesy NASA NSIDC DAAC.

Larsen D in the southernmost section of the Larsen Ice Shelf. It is often overlooked
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in studies as it appears to be stable and has advanced slightly over the 50 years. It had a

area of 21, 700 km2 in 1963 and an area of 22, 600 km2 in 2008/9. Poor signal to noise ratio

for the radar altimeter data as a result of steep topography makes it impossible to make a

deduction (Adusumilli et al., 2018).

2.4.3 George VI Ice Shelf

George VI is the largest ice shelf on the west coast of the AP and has some unique charac-

teristics. It has two fronts that are over 500 km2 apart. The northern front terminates in

Marquerite Bay, and a south front terminates in the Ronne Entrance with two ice-rise (Fig-

ure 2.5). The two fronts both have distinct conditions and geometry. Cook and Vaughan

(2010) observed that the northern front advanced until the 1960s before a steady retreat

until the last observation in 2008. This retreat totalled a loss of 610 km2 between 1947 and

2008.
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Figure 2.5: Satellite image from 23 February 2020 with the Wordie, Wilkins, GVIIS, Bach

and SIS annotated in blue. Major geographical features are annotated in red. Imagery from

the NASA MODIS instrument, courtesy NASA NSIDC DAAC.

In contrast, the southern front was observed to steadily retreat from 1947 until the
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last observation in 2008, totalling a loss of 1320 km2. George VI is located in a narrow chan-

nel that is 25 km wide at the northern front and 75 km at the southern front. A possible

cause for the southern front experiencing more significant retreat is that it is situated in a

large divergent section of the channel. Conversely, the northern front is a much narrower

convergent section, more prone to restricted flow and stabilizing features such as a compres-

sive arch. The ice shelf fills the space between the mainland of the AP at Palmer Land and

Alexander island (Ferrigno et al., 2004). Adusumilli et al. (2018) found that GVIIS south

had the highest melt rates at 7± 2 ma−1. Basal melt is the primary ablation source of the

GVIIS (Rignot et al., 2013). This coincides with the increased velocities of the tributary

glaciers. Consistent with the reduced buttressing from ice mass removal.

2.4.4 Wordie Ice Shelf

The Wordie Ice Shelf had largely collapsed by 1992. During the first phase of collapse,

approximately 10 ice-rises/rumples were discovered. The numerous ice-rises would have acted

as wedges during the retreat, aiding in collapse rather than acting as pinning points (Vaughan

et al., 1993). Increased ablation and fracture due to meltwater were likely contributors to the

retreat of the Wordie ice shelf. It previously drained a catchment area of over 15, 000 km2

(Vaughan et al., 1993). From the aerial image from 1947, the area was 1420 km2. After a

series of collapse events in the 1970s and 1980s, the area was 139 km2 in 2008. The only ice

left of the Wordie ice shelf being a few ice tongues of the glaciers that had previously fed it

(Cook and Vaughan, 2010). It is was fed by 7 glaciers, with the main tributaries being the

Fleming, Seller, Airy, Hariot and Carlson Glaciers (Ferrigno et al., 2004).
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2.4.5 Wilkins Ice Shelf

Wilkins extends from the Mozart ice piedmont to the Eroica peninsula on the mainland AP

to Latady and Rothschild islands (Figure 2.5). Up until 2008, the Wilkins also connected to

Charcot Island. WIS experienced a break-up event in May 2008 in which the ice "bridge"

connecting it to Charcot Island collapsed. No meltwater was present this time, suggesting

bending stress caused the break-up event in austral winter due to an extreme thickness

gradient (Braun and Humbert, 2009). WIS experienced a surface lowering of 1.1 ± 0.1 m

from 1994 to 1998. Lowering reduced to 0.4± 0.1 m until 2013 when it gained 1.2 ± 0.1 m.

This increase is likely due to changes in firn air content Adusumilli et al. (2018). Since 1995

the Wilkins ice shelf (WIS) has had a series of collapse events. WIS experienced two retreats

in 1995, totalling an area loss of 1360 km2 of ice and another event in 1998 lost 1098 km2.

These were rapid break-up events rather than a series of smaller calving events (Scambos

et al., 2000).

2.4.6 Stange Ice Shelf

Often left out of discussions and analysis of the ice shelves of the Antarctic Peninsula,

the Stange ice shelf (SIS) is has been stable over the past 50 years. The mean annual

air temperature of −11◦C to −15◦C is comfortably within viable limits (Vaughan et al.,

1993). It has maintained 96% of its original area since the 1950s (Cook and Vaughan, 2010).

Stange Ice Shelf connects the mainland AP at Ellsworth Land to Smyley Island, Case island,

Spaatz Island and Detley Island (Cook and Vaughan, 2010) (Figure 2.5). It is fed from 3

distinct areas and has 3 fronts. The most comprehensive and robust study of the SIS is

Holt et al. (2014), which presents the extent and surface structure of SIS from 1973 to 2001.

SIS experienced a net loss of 338 km2 between 1973 and 2011. All the loss came from the

northern front as the central and southern fronts gained 45.2 km2 and 0.8 km2 respectively.
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Velocity did not change drastically on much of SIS. There was a deceleration in the southern

part of the south front. Between the English Coast and the Case Island, there was an

acceleration of up to 400 ma−1. The southern section of the ice shelf also experienced some

shear fracturing between 2001 and 2011. SIS experienced widespread lowering, with average

rates of −0.17± 0.01 ma−1. The melt days of the ice shelf were low, with 60-80 days in the

north section, 35 days in the centre and less than 10 days in the south. The shear fracturing

is likely caused by thinning, suggesting that ocean forcing will be the primary driver of any

future instability (Holt et al., 2014).

2.4.7 Muller Ice Shelf

At only 40 km2 in 2008, Muller is one of the small ice shelves on the AP. It is situated on

the west coast of the AP and is fed by the Bruckner and Antevs glaciers. It is pinned by

Humphreys Ice Rise, which separates the two fronts of the ice shelf (Ferrigno et al., 2004).

Aerial photography from 1957 shows the ice shelf extended far beyond the island, where the

two fronts joined, reaching Hooke point, with a maximum area of 78 km2 before its steady

retreat (Cook and Vaughan, 2010). A study by Ward (1995) shows that the regression is not

linear. The 1947 area was 51 km2 when it advanced to its maximum observed area by 1956.

2.4.8 Jones Ice Shelf

Situated in the Jones Channel between Bigourdan Fjord and Bourgeois Fjord, the Jones

Ice Shelf (JIS) is a small ice shelf with an area of 29 km2 in 1947. It was observed to

advance until the 1970s when it steadily retreated from its maximum area of 36 km2. It

had completely collapsed by 2008. Its main tributary was the Heim Glacier (Ferrigno et

al., 2004). A study by Fox and Vaughan (2005) examined how the two fronts of the Jones
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Ice Shelf reacted differently to the same climate conditions. The eastern front of the JIS

advanced from 1947 to 1969, followed by a steady retreat. The western front showed no

retreat until 1991, retreating rapidly from there until its collapse. The two fronts would

experience the same climate conditions; however, the embayment of each front is hugely

different. The eastern front sat in a divergent channel where it was 2.6 km wide in 1947 and

1 km wide in 1996. Conversely, the western front sat in a convergent channel, retreating

from its narrowest point of 1.75 km to 4.6 km in 1998. The retreat patterns of the western

front are consistent with the idea of restricted flow from a compressing arch stabilizing the

ice shelf. Once the compressive arch is broken, collapse can follow rapidly. Climate forcing

can precondition an ice shelf for collapse; the geometry of the ice shelf will guide the pattern

of collapse.

2.4.9 Bach Ice Shelf

The Bach Ice Shelf is between the Beethoven Peninsula and Monteverdi Peninsula at the

southern end of Alexander Island (Figure 2.5). Like the SIS, it is often not discussed. It has

remained relatively stable over the past 50 years, likely due to its small front. Observations

show it had an area of 4800 km2 in 1947, and it only lost 300 km2 of its area by 2008 (Cook and

Vaughan, 2010). It has four inlets, the Weber, Boccherini, Williams and Stravinsky inlets.

The main tributaries are the Arenskyu, Alyabiev and DarGomyzhsky glaciers (Ferrigno et

al., 2004).

2.5 Mechanisms of Collapse and Stability

The mechanism of ice shelf retreat has been studied in great detail; however, multiple mech-

anisms occur simultaneously, and there is often disagreement as to which mechanisms played
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the most significant role in a retreat event.

Fractures play a critical role in ice shelf stability and calving (Hughes, 1983). Hydro-

fracture is the primary mechanic for ice shelf fracture propagation. In the presence of excess

meltwater, the water level rises within the fracture until the water pressure at the crack

tip exceeds the fracture toughness of the ice and any compressive stresses transverse to the

fracture orientation. The fracture will continue to propagate if the water pressure at the

crack tip exceeds overburden pressure from the surrounding ice (Alley et al., 2018). Not

all ice shelves are equally as susceptible to hydro-fracture. High firn air content can act as

absorbing buffer for excess meltwater, prior to collapse the Larsen A and B Ice Shelves both

had low firn air content (Munneke et al., 2014). The resulting hydrostatic pressure causes

the fracture to propagate, on a large scale, destabilising the ice shelf (Lai et al., 2020; Robel

and Banwell, 2019). A fracture with a depth of 16−30 m would be deep enough to propagate

through the entire thickness of the ice shelf when filled with water (Scambos et al., 2000;

Veen, 1998). It played an essential role in the collapse of the Larsen A and Larsen B ice

shelves (Scambos et al., 2000). Excess surface water due to surface warming was the primary

preconditioning factor that led to the collapse of Larsen B (Rebesco et al., 2014). During the

austral summer of 2001/2002, the surface melt was three times greater than the previous five

years (Broeke, 2005). The excess water collected on the surface before over 2750 supraglacial

lakes drained a few weeks before the collapse, leading to propagation through hydrofracture

(Banwell et al., 2013; Leeson et al., 2020; Banwell et al., 2014). Flexure also takes place in

conjunction with hydrofracture following the drainage of meltwater ponds once the water

drains. A 2 m deep lake can rebound by up to 1 m in the centre and not reaching zero until

500 m (Banwell et al., 2019). The loading and unloading on the ice shelf surface can produce

fracture in and around the melt pond basin (Banwell et al., 2013; Macayeal and Sergienko,

2013). Basal crevasses can also experience hydrostatic pressure that results in propagation;

however, more damaging is their role in exacerbating surface fracture propagation. Reduce
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thickness, surface depression, and shape changes due to bending stresses all occur in the

presence of a basal crevasse, producing surface fractures and minimising the distance for

full-thickness propagation (McGrath et al., 2012a; Luckman et al., 2012).

Heterogeneity of the ice shelf surface is a protective mechanism from fracture prop-

agation. Suture zones are regions of material heterogeneity between meteoric inflow made

up of marine ice, meteoric ice with modified rheological properties, and fractures; they are

longitudinal bands that form downstream of peninsulas (Borstad et al., 2017). A 25 m rift

terminated at the Churchill suture zone, located on the LCIS, contains around 60% of marine

ice (McGrath et al., 2014; Jansen et al., 2013; Glasser and Scambos, 2008).

Through the study of stress patterns, Doake (2001) hypothesised the concept of a

compressive arch for ice shelves and its role in the collapse of the LAIS and LBIS. A com-

pressive arch is a curve that extends across the entire width of the ice shelf. The compressive

arch is the curve across the ice shelf such that the 2nd principal strain is always negative

upstream of it (the 1st principal strain is always positive). The location of the compressive

arch cannot be easily determined. The hypothesis is that all downstream of the compressive

arch can calve without impacting the compressive arch; however, if calving breaches the

arch, retreat occurs quickly and continues until a new compressive arch is formed (Doake,

2001). Simulations of the LCIS suggest that the compressive arch position changes as the ice

shelf dynamics change. The presence of soft marine ice within suture zones and rift push the

compressive arch position upstream. This could act as a protective mechanism as warming

occurs (Kulessa et al., 2014).

Downstream of the compressive arch is ice that is labelled ’passive ice’ (Fürst et al.,

2016). Passive ice refers to ice that can be removed with loss of buttressing or impacting

stability. The LCIS contains a significant amount of passive is so it is not at risk of rapid

dynamic change; however, the ice shelves of the Amundsen and Bellingshausen seas have
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little to no passive ice, making them more susceptible to dynamic change triggered by calving

(Fürst et al., 2016).

The retreat events of the WIS highlight the complexity of ice shelf collapse. Braun and

Humbert (2009) show the collapse of the ice bridge that connects the WIS to its confining

islands occurred in the austral winter when no meltwater was present. Due to thickness

gradients in the region, bending stresses induced by buoyancy forces are responsible for

fracture formation. While the situation will likely not occur in most ice shelves, it highlights

that glaciological stresses can also impact retreat. Interestingly, before the collapse, both

sides of the bridge experienced calving in the presence of meltwater. Another situation where

glaciological stresses caused retreat was on the Ross ice shelf. A gravitational force led to

significant rifts that eventually led to the formation of large tabular iceberg calving (Joughin

and MacAyeal, 2005).

2.6 The Effect of Climate Forcing on Ice Shelf Viability

The mechanisms discussed above are closely tied to climate forcing. A significant climate

factor in ice shelf collapse is the warming that leads to excess surface melt. Weather station

data along the west of the AP has shown that the region has been warming consistently;

measurements from Faraday station showed an increase of approximately 2.5◦ C (Vaughen

and Doake, 1996). Morris and Vaughan (2013) mapped mean annual air temperature over

the AP for the 20th century, finding that the whole region warmed by around 3.5◦ C. They

found significant temperature contrast between the east (3◦ C) and west AP (5◦ C). Both

suggest that there is an isothermal limit of −9◦ C for ice shelf viability. Above that, a

progressive retreat will take place.

Surface meltwater can begin to accumulate rapidly, causing ponding. Eventually, the
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excess water will drain, leading to hydrofracture (Scambos et al., 2000). Further highlighting

the impact the warming has on the ice shelf surface are the strongly positive trends in the

duration of melting conditions; positive degree days have almost doubled since 1948 at

Faraday/Vernadsky (Barrand et al., 2013). As discussed, the surface melt was a significant

driver for the LBIS collapse (Broeke, 2005). Over the past 20 years, AP mean annual

temperature has been decreasing at a statistically significant rate (Turner et al., 2016).

However, some ice shelves are still experiencing significant melt. The LCIS melt duration

and intensity have decreased for the last 20 years; however, the 2019/2020 melt is the most

intense for the last 40 years (Bevan et al., 2020). Melt duration has increased such that

winter melt has been a significant contribution to total melt flux. Between 2015-2017, 23%

of the total melt flux occurred during the austral winter.

Over the past 50 years, ocean warming has induced significant basal melt, a primary

driver of ice shelf ablation in some regions. Ocean temperatures around the western AP

have risen by more than 1◦ C since 1951 (Meredith and King, 2005). On the northeastern

AP, temperatures have increased by around 0.3◦ C since 1979 (Etourneau et al., 2019). Ice

shelf that terminate in the Bellingshausen and the Amundsen Sea are far more susceptible

to melt than those on the Weddell coast. Warm Circumpolar Deep Water (CDW) (> 1◦ C)

floods the continental shelf leading to the high melt rates under the Bellingshausen Ice

shelves (Schmidtko et al., 2014; Meredith and King, 2005). Strong winds increase the mixing

of CDW and water on the continental shelf (Dinniman et al., 2012). Due to its unique

geometry and warm cavity water, the GVIIS has the highest basal melt rate of the whole

AP (Rignot et al., 2013). GVIIS lost 89 ± 17 GT/year to melt while only losing 5.7 ± 1.2

GT/year to calving between 2003 and 2008. During this period, the AP lost a total mass

of −9 ± 74 GT/year (Rignot et al., 2013). Ocean temperature prediction under RCP8.5

predicts warming of 0.3◦ C by 2100 using 24 CMIP5 models (Heuzé et al., 2015). Warming

of this magnitude will undoubtedly significantly increase basal melt, reducing buttressing
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and potential destabilising ice shelves.

2.7 Representative Climate Pathways

A Representative Climate Pathway (RCP) is a greenhouse gas trajectory used by the IPCC

in the fifth assessment report. The pathways describe project future climate scenarios de-

pending on the severity of greenhouse emissions (IPCC, 2021). The RCPs are numbered by

the radiative forcing increase from pre-industrial conditions; for example, RCP2.6 (the low-

est original pathway) is 2.6 W/m2 (watts per meter squared) (Moss et al., 2010). The Paris

Agreement set out targets to limit global temperature rise to 1.5◦ C by 2100 or RCP1.9; this

is an aggressive target that will require substantial international cooperation (Geiges et al.,

2020). The RCP8.5 has long been the "business as usual" climate trajectory (Vuuren et al.,

2011; Riahi et al., 2011); however, recent estimates have challenged this idea. RCP8.5 would

lead to a global temperature increase of 5◦ C by 2100. A five-fold increase in coal use would

be needed; modern estimates suggest that an increase of 4◦ C by 2100 is more accurate,

closer to the RCP6.0 (Hausfather and Peters, 2020). As we will discuss, the AP ice shelves

have been retreating for at least the last 60 years; their future viability depends significantly

on limiting further climate change. Schannwell et al. (2016) modelled sea-level contribution

of the AP glaciers under high (RCP8.5) and low (RCP4.5) emissions scenarios by 2100 and

2300. They predict that under high emissions, sea-level contributions from the AP would

be 28 ± 16 mm to 32 ± 16 mm by 2300 with an even split from tidewater glaciers and ice

shelf tributaries. Under low emission, the contributions from ice shelves fall to 2.4 ± 1 mm

in the same period. Out of the 10 AP ice shelves, 5 are projected to collapse under the low

emissions and 10 under the higher emissions.

39



2.8. MODELLING OF CALVING

2.8 Modelling of Calving

The development of numerical ice-sheet models has led to considerable advancements in

understanding ice-sheet flow and future SLR projections; however, the coupling of ice shelf

calving modelling is still limited. In this section, ice flow models are discussed and how

they deal with the ice shelf calving. Glacier flow is described by the full momentum bal-

ance equations (full-Stokes). On a large scale, such as an ice sheet, full stoke models are

too computationally expensive. Approximations to the full Stokes equations maintain key

physical processes while being far easier to calculate (Van Der Veen and Payne, 2009). The

approximation for ice shelf modelling is the shallow shelf approximation (SSA) which, makes

the assumptions neglects vertical resistive and the vertical shear stress (Blatter et al., 2011;

Pattyn, 2003). Since there is no basal resistance, this approximation can be applied.

Calving parameterisations are often calibrated for a specific glacier/ice shelf or ge-

ometric configuration (Pralong and Funk, 2005; Krug et al., 2014). An accurate ice shelf

calving model would need to incorporate all contributing forcings, material properties, and

glaciological stresses. Since this is not feasible, calving models use simplified physics, focusing

on the most critical contributors to calving, such as stress criteria or criteria based on crevasse

depth (Alley et al., 2008). The Parallel Ice Sheet Model (PISM) has incorporated two calv-

ing laws; for marine-terminating glaciers, a critical thickness threshold is implemented. A

calving law that assumes the first-order kinematic contribution of calving depends kinemat-

ically on first-order horizontal strain rates is used for floating ice (Levermann et al., 2012;

Martin et al., 2011). The horizontal spreading rate criteria produce realistic fronts in some

ice shelves, particularly the Ronne-Filchner and Ross ice shelf (Martin et al., 2011). The

Community Ice Sheet Model (CISM) uses a flotation criteria to initiate calving when ice is

no longer grounded (Lipscomb et al., 2019). While this approach successfully models the

terminating marine glaciers of Greenland, it cannot be applied to ice shelves (Nick et al.,
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2010).

While these methods have been successful in some study areas, a general calving

model needs to incorporate fractures. One approach to this is the introduction of continuum

damage mechanics. Under creep at low deformation rates, a material will fail due to the

accumulation of microcracks (Kachanov, 1999). Damage is a common idea in the study

of viscous materials; for ice shelves, damage is a scalar that describes the changes in ice

rheological properties due to fractures. An important note is that damage does not directly

calculate fracture; it calculates the areas that have had an increase in strain rate due to

degradation (fracture) (Borstad et al., 2013). Damage has been successfully calculated for

multiple glaciers and ice shelves (Borstad et al., 2012; Borstad et al., 2013; Pralong and

Funk, 2005). However, it is limited in its ability to calculate all fracture zones.

Emetc et al. (2018) introduces statistical methods to estimate fracture probability

on Antarctic ice shelf regions. Statistical methods allow for any potential contributors to

fracture to be incorporated into the model. A difficulty with modelling multiple ice shelves is

that each ice shelf has unique flow regimes and geometries. Thus, it cannot be assumed that

all points are independent. Emetc et al. (2018) use logistic regression to models each ice shelf

individually and groups them together by the common characteristic using a classification

criteria based on resemblance to the best fitting model. While this is effective and intuitive,

it would not be scalable to be integrated into large ice-sheet models. We discuss this work

in more detail in chapter 4. This thesis aims to build on Emetc et al. (2018) by creating

a statistical framework that can incorporate multiple ice shelves in the same model while

accounting for the correlation of each ice shelf.
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Chapter Three

Study Site

3.1 Antarctica Peninsula

The Antarctic Peninsula (AP) is the northernmost region of the AIS. Its latitude and moun-

tainous topography contribute to it being the most sensitive region of the AIS to climate

change (King, 1994). Warming has resulted in many changes to the dynamics of glaciers in

the region, including flow acceleration, the retreat of ocean terminating glaciers, an increase

in melt season length and intensity, and retreat or collapse of floating ice shelves (Rignot

et al., 2004; Scambos et al., 2004; De Angelis and Skvarca, 2003; Wendt et al., 2010; Cook

et al., 2005). Retreat and extension are natural ice shelf processes; however, the past century

has seen an ice shelf loss far out of natural fluctuations (Cook and Vaughan, 2010). Much

research has focused on understanding the environmental and glaciological drivers contribut-

ing to AP ice shelf retreat and predicting future ice shelf stability using structural analyses

of retreats and physical models (Massom et al., 2018; Vaughan et al., 1993; Macayeal and

Sergienko, 2013; Depoorter et al., 2013). This study combines observations and physical flow

models with statistical methods to predict future fracture probability.

In this study, the focus is on the larger AP ice shelves. In chapters 5 and 6, we focus
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on the Larsen C, Wilkins and George VI Ice Shelves. Chapter 4 includes the Larsen B Ice

Shelf. This choice of ice shelves was partly practical. These are well-researched ice shelves

with sufficient available data. Also, their size is conducive to a high volume of remote sensing

data. Additionally, these ice shelves buttress the flow of most of the major outlet glaciers of

the AP, their stability will impact future SLR from the region.
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3.2 Larsen B Ice Shelf

Figure 3.1: This satellite image from NASA’s MODIS sensor aboard the Terra spacecraft

shows the Larsen B Ice Shelf region on November 1, 2003. Important features are annotated,

including the 1998, 1999, 2000/1, and 2002 ice front position. Credit: NSIDC, derived from

Scambos et al. (2004)

The LBIS is one of four ice shelves that make up the Larsen Ice Shelf. The Larsen A ice shelf

collapsed in 1995, and only the scar inlet of the LBIS and the Larsen C and D remain. The

LBIS is located between Seal Nunatuks and Jason Peninsula in the northeast AP (Figure

3.1). It is one of the most studied ice shelves due to its near complete collapse in 2002.
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Glasser and Scambos (2008) identified 14 ice domains within the ice shelf system. Four ice

domains have been identified as primary sources of inflow: Hektoria/Green/Evans glacier

system, Punchbowl Glacier, Jorum Glacier and Crane Glacier (Figure 3.1).

It had an area of 12,000 km2 in 1963 and advanced until the 1990s. Its retreat began

in 1995 and continued until 2002, when it collapsed, losing 3,250 km2 in less than a week

(Rack and Rott, 2004). It had entirely collapsed between Cape Disappointment and Cape

Fairweather by 2005. A section remains in the Scar Inlet between Jason Peninsula and Cape

Disappointment, often called the Scar Inlet Ice Shelf (Figure 3.1). This section continued

to retreat, and two large calving events occurred in 2006 and 2008, where an area of 650

km2 and 140 km2 was lost (Qiao et al., 2019). In 2009 the remaining area was 2,407 km2,

since the ice front had steadily advanced by a total of 7 km by 2018 (Cook and Vaughan,

2010; Qiao et al., 2019). Growing instability is a major concern for the Scar Inlet Ice Shelf

as significant dynamic changes and thinning have taken place at the Flask and Leppard

glaciers, two of the primary tributaries (Khazendar et al., 2015).

Major changes occurred prior to the disintegration in 2002. Surface velocity measure-

ments show that velocity increased from 1.12 md˘1 in 1997–99 to 1.42 md˘1 in 1999–2001

(Rignot et al., 2004; Vieli et al., 2006; De Angelis and Skvarca, 2003). Previous velocity

increases of 10-20 % were measured after the 1995 retreat, attributed to the rift formation

after frontal retreat past the compressive arch (Doake et al., 1998). Speed up of the tributary

glaciers was thought to be the primary cause of the dynamic change; however, Vieli et al.

(2007) showed that speed up of the tributaries was not enough to increase ice shelf flow to

observed speeds. The LBIS featured areas of narrow weak zones around the margins and

shear zones, these already soft areas are sensitive to changes in ice rheology (Vieli et al.,

2007). The weakening at these key shear margins and the frontal retreat led to the dynamic

changes observed prior to collapse (Borstad et al., 2012; Vieli et al., 2007). Between 1997

and 2001, the longitudinal strain rate increased by 50 % in the same location. Additionally,
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the average thinning rate over this period was 0.3 ma−1, with a sharp increase prior to the

collapse. Glasser and Scambos (2008) mapped the structural features of the ice shelf surface,

noting the formation of new rifts that were not present in the 20 years prior to collapse, with

more forming after the removal of the strongest section of the ice front in the 1995 retreat

event.

3.3 Larsen C Ice Shelf

Figure 3.2: Map of the Larsen C Ice Shelf taken from Jansen et al. (2010). The locations

of major features are annotated. Data: MODIS Mosaic of Antarctica (MOA) image of the

Larsen C ice shelf (http://nsidc.org/data/nsidc-0280.html).

Larsen C is the largest ice shelf on the Antarctic Peninsula, extending south of Jason Penin-

sula down to Kenyon Peninsula and Gipps Ice Rise (Figure 3.2). There are over 10 inlets
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that feed the LCIS, some with up to 10 glaciers. The primary flow units originate from: the

Cabinet Inlet, Mill Inlet and Whirlwind Inlet, and the Mobil Oil Inlet (Riedl et al., 2005).

The catchment area for the LCIS is 27,000 km2, a ratio of 0.5. Much of the catchment is

located on high plateaus that drain through steep and narrow glaciers, where the ice shelf is

thickest. Ice shelf thickness can be up to 500 m at the grounding line, it thins toward the

centre of the ice front to 250 m thick. The southeast region between the Gipps Ice Rise and

Kenyon Peninsula has ice less than 100 m thick. Velocity over the grounding line is between

100 - 200 ma−1, and as the ice spreads, it reaches a velocity of 700 ma−1 at the centre of

the ice front ((Jansen et al., 2010)).

Its area was 51,000 km2 in 2010. Currently, it appears stable but has had a few

significant retreat events. In 1976 a section broke off after being hit by an iceberg from

the Ronne-Filchner Ice Shelf; in 1986, two large icebergs calved (6,520 km2 and 1,260 km2)

(Cook and Vaughan, 2010). In 2017, a large iceberg with an area of 5,800 km2 (A68) calved

from the ice front, which was approximately 10 % of the total area of the ice shelf (Hogg

and Gudmundsson, 2017).

Adusumilli et al. (2018) showed that the LCIS had a mean basal melt rate was 0.5 ±

1.4 ma1 between 1994 - 2016, this low basal melt rate coincides with Nicholls et al. (2004),

where the water in the LCIS cavity was determined to be cold and have high salinity. Basal

melt was most pronounced at the Bawden Ice Rise and the southern grounding line. The

Bawden Ice Rise is a major pinning point for the LCIS as it slows flow upstream, creating

compressive stress (Favier and Pattyn, 2015). The compressive arch of the LCIS is pinned

between the Bawden Ice Rise and the Jason Peninsula. The weakening of the ice shelf in

contact with either of these points will destabilise the ice front. Following a surface lowering

of 1 ± 0.3 m between 1994 - 2009, there was a rise of 0.5 ± 0.3 m between 2009 - 2017,

suggesting an increase in firn air content (Adusumilli et al., 2018).
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The LCIS is considered to be stable, in large part due to its ice heterogeneity that

acts as a protective mechanism against the propagation of rifts (Jansen et al., 2010). Due

to its large number of inlets, the LCIS consists of multiple flow units visible through the

longitudinal surface structures (Glasser et al., 2009). Binding these flow units are soft ice

regions called suture zones that form downstream of peninsulas. Suture zones consist of

heavily fractured ice with a variable amount of accreted marine ice. Rift-tip analysis has

shown that a significant number of the rifts on the LCIS terminate at the boundary of suture

zones. McGrath et al. (2014) found that 60 m of marine ice (only 40 % of total ice thickness)

in the Churchill Peninsula Suture Zone was sufficient to halt the propagation of 25 km rift.
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3.4 George VI Ice Shelf

Figure 3.3: Structural Map of the George VI Ice Shelf (2010) taken from (Holt et al., 2013a).

The dominance of longitudinal structures from Palmer Land can be seen. Another notable

feature is the retreat of the northern ice front between 1974 - 2010. The insert shows the

southern ice front, showing that the retreat between 1973 - 2010 mostly occurred in the

centre.
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The George VI Ice Shelf is the largest ice shelf on the western AP (24,000 km2 in 2009), and

the second largest on the whole AP behind the Larsen C Ice Shelf. It is located in George

VI Sound with boundaries along Palmer Land and Alexander Island (Figure 3.3). It has a

unique configuration as it has two ice fronts located approximately 450 km2 apart along the

centreline. The northern front is approximately 20 km wide and terminates in Marguerite

Bay. The Southern front is approximately 75 km wide and terminates in Ronne Entrance,

where a series of ice rises split it. The ice shelf thickness varies considerably; at the northern

front is as little as 100 m. The ice shelf thickness is greatest in the central shelf, reaching 600

m before thinning again toward the southern front (Lucchitta and Rosanova, 1998; Smith

et al., 2007; Talbot, 1988).

The ice shelf catchment covers much of both Palmer Land and Alexander Island;

however, the glaciers from Alexander Island are much smaller (9 – 16 km long and 6 – 9 km

wide) (Lucchitta and Rosanova, 1998; Humbert, 2007). Flow from Alexander Island does

not extend far into the ice shelf. Around 95 % of flow onto the ice shelf is from Palmer

Land, led by the Goodenough Glacier, the main contributor to inflow. Surface accumulation

makes up a further 20 % of the total mass budget (Potter et al., 1984). The flow of the

larger glaciers from Palmer Land extends laterally across the ice shelf until a few kilometres

from the Alexander Island grounding line, where the direction of flow changes. This leads

to stagnant points where flow direction changes (Humbert, 2007).

Observations show that the northern front advanced from 1947 - 1960 (Smith et al.,

2007; Cook and Vaughan, 2010). (Holt et al., 2013a) showed that the northern front lost

1255 km2 between 1974 and 2010. The most significant retreat occurred between 1974 and

1979 when it lost 820 km2; this corresponds to a 40.6 km retreat of the centre of the northern

front. Much rifting took place between 1979 and 2010 at the northern front, with the largest

propagated along the Alexander island margin and facilitated calving in January of 2010.

As for velocity, the northern front experienced velocity increases that propagated upstream
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of its main tributary, the Riley glacier. In 2009 velocity at the centre of the front was 390 ±

15 ma1 , a significant increase from 214 ± 38 ma1 in 1989.

From the same study, the southern front lost 743 km2 between 1973 and 2010. The

retreat was limited mainly to the centre, with little calving around the pinning points; this

led to the creation of 3 distinct fronts on the southern section. The De Atley and Spatz

Islands partition it. Velocity was varied in the south, with the front between Ekland and De

Atley island accelerating by 340 ± 38 ma1, reaching a max of 796 ma1. The other front did

not experience any significant change in velocity during this period. The grounding line was

observed to retreat all over the ice shelf.

The GVIIS experiences high basal melt rates. Various studies have estimated the

basal melt rate ranging from an ice shelf average of 2.1 ma1 up to 6 ma1 (Jenkins and

Jacobs, 2008; Dinniman et al., 2012; Potter et al., 1984). Oceanographic forcing strongly

impacts the GVIIS; it is only 1.5 % of the total Antarctic ice shelf area but could contribute

up to 10 % to the total mass if in equilibrium (Jacobs, 1992). The high basal melt rate is

attributed to the intrusion of warm CDW from the southeast pacific basin that flows across

the continental shelf (Dinniman et al., 2012). Warm water is present under the entire ice

shelf, with the warmest recorded temperature being 1.1 oC (Talbot, 1988).

Surface melt is prevalent on GVIIS, particularly in the north. Holt et al. (2013a)

mapped the presence of an abundance of melt ponds throughout the summer. Winter snow-

fall rarely makes it past the summer melt season. Evidence suggests that much of the surface

melt refreezes during the winter months, limiting the mass loss due to melt. Frontal calving

and basal melt are the primary ablation sources for the GVIIS.
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3.5 Wilkins Ice Shelf

Figure 3.4: Map of the Wilkins Ice Shelf taken from Rankl et al. (2017). The ice front

positions of the years 1993, 2006, 2008 and 2010 are shown, the background image from

2015. The ice bridge between Charcot and Latady Island was visible in 2008 prior to its

collapse. (b) Fracture formation at the southwestern ice front in 2011 and 2015 from Envisat

ASAR, Sentinel1A and TanDEM-X imagery. P is the Petrie Ice Rises and V is the Vere Ice

Rise. Images are taken from: (a) Sentinel-1A 21 May 2015 and (b) Sentinel-1A 6 April 2015.

The Wilkins ice shelf is one of two ice shelves in this study located on the west Antarctic

Peninsula (Figure 3.4). The Wilkins Ice Shelf occupies the Wilkins Sound in southwestern
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AP, embayed between Alexander, Rothchild, Latady, and until 2008, Charcot Island. The

WIS has four primary areas of inflow, the Hayden inlet, Chubert Inlet, Gilber Glacier and

the Lewis Snowfield. Inflow to the centre of the ice shelf is mainly from the Lewis Snowfield,

Gilbert Glacier and the Hayden ice Pediment. Ice rises adjacent to the Schubert and Hayden

Inlets restrict inflow to the ice shelf, diverting it from the centre (Braun and Humbert, 2009).

Vaughan et al. (1993) found that the mass balance of the WIS is dominated by surface

accumulation and basal melt, with inflow playing a minor role in overall mass balance.

Velocity measurements have determined that the WIS is relatively slow compared to other

AP ice shelves. The floating portion of the ice shelf has a velocity range of 50 - 100 ma−1.

Ice shelves whose accumulation is predominantly insitu are more susceptible to surface and

ocean temperature changes. Braun and Humbert (2009) found that the WIS is also thin,

with much of the centre being less than 200 m thick. Thickness was greatest at the Lewis

Snowfield and the Hayden Inlet, where inflow is greatest. Measurements from the north

showed that the shelf was less than 50 m thick, compounding its vulnerability to basal melt.

Advection of warm Circumpolar Deep Water across the continental shelf has been

linked to the increasing temperature of the Bellingshausen Sea, leading to an increase in

basal melt under the west AP ice shelves (Dinniman et al., 2012). Since the WIS is thin,

CDW upwelling is less influential than other ice shelves, and short-term changes in coast

ocean temperature play a significant role (Padman et al., 2012).

Since the 1990s, the WIS has experienced significant mass loss in a series of catas-

trophic retreat events. Prior to 2008, the WIS had three distinct ice fronts. The first was

between Rothchilds and Charcot Islands. The second was between Charcot and Latady Is-

land, and the third was between Latady Island and the Lewis Snowfield. Limited satellite

data is available before 1990; the first recorded area for the WIS is from 1947, when it had

an area of 16,577 km2. By the next recorded area in 1990, it had lost 591 km2. Between
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1990 - 1993 two major retreats place 544 and 655 km2 from the north and northwest fronts

(Lucchitta and Rosanova, 1998; Braun and Humbert, 2009). In March 1998, a rapid retreat

event occurred, which led to an area loss of 1100 km2. This retreat formed a prominent ice

"bridge" that connected the shelf to Charcot Island (Braun and Humbert, 2009). Margins

of the ice bridge calved steadily over the next decade until it collapsed in April of 2009.

In 2008, the WIS experienced significant mass loss in three large collapse events. The

first two occurred in February and May of that year, where an area of 425 km2 and 160

km2 was lost. Finally, in July, 1,220 km2 was lost in a two-phase retreat event. Firstly, ice

melange in the western margin of the northern front moved east, fracturing and displacing

the northmost region of the northern front, which led to a loss of 540 ± 75 km2. This region

was particularly damaged by the breakup event that occurred in 1998. The second phase

was caused by the formation and capsizing of an iceberg inward of the ice front, leading to a

loss of 680 km2 (Humbert and Braun, 2008). The capsize mechanic is discussed in Chapter

2. Until these events, the northwestern front had not significantly contributed to the overall

mass loss.

After the 2008 retreats, the collapse of the ice bridge was imminently expected as

the widest point was on 900 m. However, the collapse did not occur for another 9 months,

in April 2009. The collapse began with a series of fractures forming parallel to the long

axis of the bridge. Previous damage on the bridge surface preconditioned the formation

of new fractures. Westerly winds acting on the ice bridge frontal surface and the rough

textured ice melange exerted pressure at the centre of the bridge, causing the bridge to bend

at the narrowest part. This collapse detached the WIS from Charcot Island, connecting the

northwestern and northern fronts. During the ice bridge collapse, the total area lost was 330

km2 (Humbert et al., 2010).

Braun and Humbert (2009) conducted a structural analysis of the WIS, showing that
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the remaining ice was damaged after each breakup event. Fractures and rifts had formed

at both the northern front and on the ice bridge, aided in retreat. The WIS is unique

as it experienced major breakup events outside of the Austral summer. However, surface

melt and hydro-fracture could have played a preconditioning role in these events Scambos

et al. (2009). Before its collapse, dynamic changes occurred at the ice bridge, where velocity

increased by over 0.3 m per day (Rankl et al., 2017).
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Chapter Four

Updated assessment of ice shelf extent

on the Antarctic Peninsula and links to

potential glaciological and environmental

drivers

4.1 Aims and Objectives

This chapter is the first experimental chapter of this thesis. The primary aim of this chapter

is to understand the triggers of significant AP ice shelf calving events. The first step to

achieve this is to index annual ice shelf front position and area for the Larsen B, Larsen C,

Wilkins and George VI Ice Shelves from 1990 - 2020. Furthermore, using these observations

and previously available data to infer a linear relationship between these new observations

and these data sets. The triggers that are investigated are: 2m air temperature, sea ice

concentration, surface mass balance, and surface height change. To achieve these aims, the

following objectives are set out:
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• Use satellite imagery and GIS software to map annual ice front position and calculate

ice shelf area.

• Use a quantile regression analysis to infer a statistical relationship between ice shelf area

observations and the hypothesised calving triggers. If a relationship exists, quantify

the impact that the corresponding trigger has on calving.

By completing these objectives, the first research gap outlined in chapter 1 will be

addressed. The first objective is relevant to ice front position change for both collapsed and

present ice shelves. The second objective offers addition knowledge to the triggers for ice shelf

calving and introduces a unique method that has further glaciological utility. This chapter

presents new annual ice shelf extent for the Larsen B (LBIS), Larsen C (LCIS), George VI

(GVIIS), and Wilkins Ice Shelves (WIS) between 1990-2019. GVIIS is split in two because

of its geometry; some analysis includes George VI North (GN) and George VI South (GS).

We aim to draw inferences between climate and glaciological stresses, and interannual ice

shelf variability with quantile regression. We discuss the details of the predictors in section

2.2. Trends of 3 quantiles (20%, 50%, and 80%) are estimated and compared to the slope of

the mean.

4.2 Data and Methods

4.3 Previous ice front studies

Cook and Vaughan (2010) was the first study to map all AP ice shelves on a regular time

series (1950-2010) before this Cook et al. (2005) delineated the extent of the tidewater glaciers

of the AP. Previous studies focused on mapping individual ice shelves. The ice shelves on
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the Weddell coast are mapped as follows: Cooper (1997) mapped the Prince Gustav ice

shelf between 1945-1995. The LAIS and LBIS are mapped from 1986 to 1995 and 2002

respectively (Rott et al., 1996; Rott et al., 2002). The LCIS is mapped between 1976-1986

(Skvarca, 1994; Vaughen and Doake, 1996). The ice shelves on the Bellingshausen coast

are mapped as follows: Muller between 1947-1993 (Ward, 1995), Jones between 1947-2003

(Fox and Vaughan, 2005), Wordie between 1966-1989 (Doake and Vaughan, 1991), George

VI between 1974-1995 (Lucchitta and Rosanova, 1998), and Wilkins between 1990-1995

(Lucchitta and Rosanova, 1998; Scambos et al., 2000; Braun and Humbert, 2009). Until

now, no study has mapped multiple ice shelves annually. The motivation for an annual time

series is to observe annual ice shelf extent variability and produce an ice shelf extent data

set that we can incorporate into a statistical model.

4.3.1 Initial data and image selection for ice shelf extent mapping

A combination of data collating and mapping from satellite images was applied to produce

an annual ice shelf extent time series for the large AP ice shelves. Table 4.1 is an overview

of the ice shelf extent/front data that was initially available. Cook and Vaughan (2010) is

the most comprehensive study; it presents the decadal front position for each AP ice shelf

from over the last 50 years. Braun and Humbert (2009) present near-annual time-series from

1991-2009 of the WIS with only a few missing entries.

Data from the National Snow and Ice Data Center (NSIDC) were used to complete

the annual time series. Images are available from two sensors. Firstly, the Advanced Very

High-Resolution Radiometer (AVHRR) sensor has images from October 1992 – 2009 and a

resolution of 1 km. Secondly, the Moderate Resolution Imaging Spectroradiometer (MODIS)

sensor has images available from January 2002 – present with a resolution of 500 m. The

AVHRR images are provided without georeferencing, while the MODIS images are georef-
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Table 4.1: Previous ice shelf extent studies, ice shelves included in the study, and measure-

ment frequency

Data Source Ice shelf Frequency

(years)

Cook and Vaughan (2010) PGIS LAIS LBIS LCIS ∼ 10

LDIS WIS GVIIS Bach

SIS Wordie Muller Jones

Holt (2013) George VI,Bach,SIS ∼ 5

Braun and Humbert (2009) Wilkins 1

erenced. AVHRR images were georeferenced using tie points referenced against appropriate

MODIS images with an accuracy of the resolution of AVHRR image, which is 1 km. A limit-

ing factor in this study is that images are only available for the Larsen B, Larsen C, George

VI and Wilkins Ice Shelves. For the most accurate view of the ice shelf front, images were

selected from the austral summer, with minimal cloud cover, when sea ice was not present.

In some cases, we used multiple images.

Ice shelf delineation involved using the GIS software ArcMap to update the extent

using the corresponding images manually (Figure 4.1). As a starting point, we used the ice

shelf extents from Cook and Vaughan (2010). Allowing us to ensure the grounding lines and

boundaries are essentially the same with an exception at the boundary between Larsen A

and Larsen B. To obtain uncertainties, we performed the same manual extent delineation 10

times. Each delineation was within 5% of the mean.
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Figure 4.1: Ice shelf front extent: Larsen C (TL), George VI North (TC), Wilkins (TR),

Larsen B (BL), George VI South (BC)

4.3.2 Environmental and glaciological predictor data

Ice shelf stability is affected by multiple physical mechanisms and environmental processes.

A difficulty of this area of study is that there are multiple processes at play at once in

most cases of retreat. The exact mechanisms at play for a calving event depend on ice shelf

geometry and the climate conditions, both current and previous. The presence of fractures

and crevasses near the front will drive calving, and once fractures have propagated throughout
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the entire ice shelf, this can lead to a significant collapse event (Albrecht and Levermann,

2014). Hydrofracture is fracture propagation due to increased hydrostatic pressure from

excess meltwater within the pre-existing fractures (Rack and Rott, 2004). During the collapse

of the LAIS and LBIS, excess meltwater was present before the retreat (Scambos et al., 2000;

Vieli et al., 2007). The firn layer is able to hold additional water, acting as a buffer layer.

Once it has become entirely saturated, excess water forms supraglacial lakes (also called melt

ponds). Before its 2002 collapse, the > 2750 supraglacial lakes on the surface of the LBIS

drained, likely causing significant hydrofracture (Banwell et al., 2014; Leeson et al., 2020).

If peninsulas are present in flow confluence ice shelves can form flow bands known

as suture zones. These regions contain elevated levels of marine ice (up to 60%) (Kulessa

et al., 2014), leading to softening. The heterogeneity that suture zones provide is able to

limit fracture propagation, acting as a protective mechanism (Kulessa et al., 2014). The

curve where the principle strain rate transitions from compressive to tensile is known as the

compressive arch; it traverses the entire ice shelf and represents a stable calving limit before

a significant retreat is triggered. Downstream from the compressive arch is passive ice that

does not affect buttressing (Fürst et al., 2016). The recent calving of the A-68A iceberg

from the Larsen C Ice Shelf did not threaten its stability as it calved a passive ice section

(Han et al., 2019).

A hypothesised mechanism suggested by MacAyeal et al. (2003) is that a group of

ice shelf fragments that have detached from the rest of the ice shelf release gravitational

potential energy via capsizing, as by the nature of their formation, they are gravitationally

unstable. Another trigger for calving is flexure due to ocean swell. During the ice bridge

collapse connecting the WIS to its confining islands, plate bending stresses exacerbated by

a strong thickness gradient were the primary trigger (Braun and Humbert, 2009). This is a

unique configuration to the WIS, but most ice shelves are susceptible to ocean swell when

insufficient buffering sea ice is present (Massom et al., 2018).
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Atmospheric and ocean warming are the main destabilising forcing across the AP,

preconditioning the ice shelf for the calving mechanisms discussed to occur (Rott et al.,

1996; Etourneau et al., 2019). Warming air temperatures have increased melt duration and

intensity, with warming occurring during the austral winter on the LCIS (Barrand et al.,

2013; Kuipers Munneke et al., 2018). Surface melt due to warming increases excess surface

water, potentially leading to hydrofracture. If the excess melt does not refreeze, this decreases

overall Surface Mass Balance (SMB). SMB is the difference between all mass gain and loss

from the glacier/ice shelf surface. Defined by,∫
year

(PR− SUs − SUds − ERds −RU)dt,

where PR is total precipitation, SUs is surface snow, SUds is snow drifting, ERds is ero-

sion/deposition from snow drifting, RU meltwater runoff (not refrozen) (Wessem et al.,

2016). High surface melt rate combined with increased basal melt due to ocean warming has

caused rapid thinning in all major AP ice shelves, excluding the LDIS (Adusumilli et al.,

2018).

Motivated by the mechanisms of calving, this study investigates data from multiple

drivers (Table 4.2). Two-meter air temperature (T2M) and Surface Mass Balance (SMB) are

from the regional atmospheric climate model (RACMO2.3), which combines a high-resolution

limited-area numerical weather model with the integrated forecast system physics from the

European Centre for Medium-range weather. Both have mean monthly temporal coverage

with reanalysis over the ERA-interim period (1979-2017) and 5.5 km spatial resolution. Their

domain is limited to the Antarctic Peninsula (Wessem et al., 2016).

The height change data set is a 23-year time series (1994-2017) that combines outputs

from four radar altimeters over AP ice shelves. It has a spatial resolution of 30 km and

a 3-month temporal resolution (sampled, not averaged) (Adusumilli et al., 2018). Finally,

monthly sea ice concentrations are computed using daily estimates of satellite-derived sea ice
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concentrations at a resolution of 25 km x 25 km. Sea ice concentrations anomalies were then

calculated relative to a long term mean for 1979-2010 (Massom et al., 2018). Basal melt is a

critical contributor to ice shelf ablation, particularly those that drain into the Bellingshausen

Sea (Rignot et al., 2013); however, due to a lack of suitable data, we are not able to include

it in this study.

The digitised annual ice shelf extent data we produced was the boundary for extracting

the relevant SMB, T2M, and height change data. The extent was dynamically changed for

each year, such that all temporal intervals within that year used the same extent. Since we

ensured to digitise the ice shelf during the austral summer, the extent would be close to the

yearly minimum. However, the extraction of the winter months may be short of the ice shelf

calving front, although the data resolution would likely not be sensitive enough for this to

be a concern. We chose to find the mean value of the predictors across the entire ice shelf

rather than selecting data exclusively from the grounding line, centre or the calving front.

Table 4.2: List of predictor data used in our analysis, the associated publication, temporal

and spatial resolution of each predictor variable.

Predictor References Temporal Spatial

resolution resolution

2 m air Temp Wessem et al. (2016) Monthly 5.5km

Surface Mass Balance Wessem et al. (2016) Monthly 5.5km

Sea ice Concentration Massom et al. (2018) Seasonal

Height Change Adusumilli et al. (2018) Quarterly 0.25 (Lat) x 0.75 (lon)

We incorporated various temporal statistical descriptors to thoroughly investigate

the relationship between ice shelf retreat and the predictors. Table 4.3 shows the temporal

statistical descriptors considered for each predictor; there are variations due to different

temporal resolutions. Mean and median are both used to allow for the inclusion and exclusion
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of outlier points. The first and third quantiles allow the measure of spread to be taken into

consideration. The maximum and minimum values investigate the extreme outliers. For

example, the maximum value of the T2M corresponds to the hottest average month for each,

investigating whether a particularly warm melt season correlated with retreating, as was the

case with during the LBIS collapse where surface melt was 3 times great then the proceeding

5 years (Broeke, 2005). The minimum T2M investigates the coldest average month for each

year; warmer than usual minimum average monthly temperatures could suggest an extended

melt season. To investigate if preconditioning has a significant relationship to retreat, we

used a subset of the statistical descriptors with a one year delay. Seasonal means investigate

if the correlation is more significant during specific seasons. Note, SIC data are only available

for the LBIS and WIS.

4.3.3 Quantile regression

Statistical methods offer easy-to-implement techniques when studying time-series or relation-

ships between dependant and independent variables. Standard linear regression estimates

the slope of the mean of the conditional distribution; for this to be effective, the regression

coefficients must be constant throughout the entire population. If the conditional distribu-

tion is not normal, the slope of the mean will not provide much helpful information (Cook

and Manning, 2013). Using quantile regression, a method that calculates the slope of any

quantile, we can investigate the relationship between ice shelf retreat and the predictors

across the entire distribution (Cook and Manning, 2013). Quantile regression is used in

multiple areas of study; however, we do not know of any other work that applied it to the

ice shelf extent. Tareghian and Rasmussen (2013) applied it to investigate the Arctic and

Antarctic sea ice trends successfully.

The least-squares regression assumes that regression coefficients are constant over the
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entire population; however, this is often not the case. Quantile regression offers an alternative

to least squares regression that better describes the relationship between dependant and

independent variables when there are group differences across the distribution. Loosening the

assumptions of least-squares regression QR allows for data that is not normally distributed

and may have a non-linear relationship with the predictor variables. From figures, 4.3-4.5,

annual retreat as a percentage of maximum area is not normally distributed for the ice

shelves in this study since small calving and advance is common in a stable ice shelf with

sporadic significant retreat events.

To understand quantile regression, it is best explained in the context of simple linear

regression, a standard but limited statistical tool. Simple linear regression estimates the

conditional mean of the distribution by solving the least-squares problem of minimising the

sum of the squares of the residuals. The first limitation is that it cannot be extended to

non-central locations, giving a one-dimensional view of the distribution. The following major

limitation is that the model assumptions, homoscedasticity and normality, are rarely met

in the real world. Homoscedasticity, meaning that the conditional variance var(y|x) is a

constant. Modifications can be made when this is not the case; however, these are often

difficult and unavailable within software packages. The other critical important assumption

is that the conditional distribution is normal. Simple linear regression can be used when

normality is violated for descriptive purposes; however, if used for hypothesis testing where

p-values give significance, violation of normality will lead to unreliable results. The final

limitation is the handling of outliers. Outliers drastically skew the results, and it is common

practice to find and eliminate them. Outliers are often the points that contain the essential

information. For example, an outlier could signify a significant ice shelf collapse event during

low temperatures, such as in the WIS retreat. Using quantile regression in place of simple

linear regression solves these limitations (Hao and Naiman, 2007).
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The simple linear regression model is expressed by:

yi = β0 + β1xi + ϵi (4.1)

where ϵi is identically, independently and normally distributed with a mean of zero and

variance σ2 that is unknown. The assumption of a mean of zero leads to the function in

equation 4.1 corresponding to the conditional mean of y given x (E[y|x]).

Koenker and Bassett (1978) developed quantile regression. It estimates the effect

that the predictor variable has on various quantiles in the conditional distribution which,

offers a method of estimating conditional quantiles. A quantile is a point that splits a given

population. For example, the median or 50th quantile is where half the populations are

above, and half is below. Quantile regression model for τth quantile the can be expressed

analogously as equation 4.1 as follows:

yi = β
(τ)
0 + β

(τ)
1 xi + ϵ

(τ)
i , (4.2)

where 0 < τ < 1 is the proportion of the population below that quantile τ . The uncondi-

tional median is calculated by minimising the sum of absolute residuals (difference between

the observed value and sample mean). The function required has the property of being

symmetric, so it must have an equal number of positive and negative residuals, which by

definition is the median. This can be generalised to other quantiles by minimising a sum of

asymmetrically weighted absolute residuals. Given by solving:

min
ξ∈R

∑
ρτ (yi − ξ), (4.3)

where ρτ () is the tilted absolute value function that yields the τ th sample quantile as its

solution. The conditional quantile function follows from this by replacing the scalar ξ with

the parametric function ξ(). To obtain estimates of the other conditional solve the following:

min
ξ∈R

∑
ρτ (yi − ξ(xi, β)), (4.4)

66



4.4. ICE SHELF EXTENT

The minimisation problem that arises when ξ(xi, β) is a linear function of param-

eters can be solved using linear programming (Koenker and Hallock, 2001). This study

used the quantreg R package (Koenker, 2010). All p-values reported are calculated via its

bootstrapping protocol.

4.4 Ice shelf extent

4.4.1 Results

The ice shelves in this study lost an average 21.5% ±0.2% of their total area between the

first and last observation (Table 4.4). Ice shelf fronts have a natural process of retreat and

advance; however, a loss of this magnitude strongly suggests a declining trend in ice shelf

extent around the AP. Figure 4.1 shows the degree of the retreat that has taken place over

the past couple of decades (GVIIS has two fronts which separated into North and South).

Two of the ice shelves, LBIS and WIS, have significantly reduced in area, with LBIS almost

entirely collapsing. GVIIS and LCIS have had noticeable calving but remain stable for now.
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Figure 4.2: Annual ice shelf area time-series from 1990-2019. Each vertical grey line repre-

sents an image used for the extent delineation.

Larsen B Ice Shelf

The LBIS is located in the northeast AP on the Weddell coast between Robertson Island

and the Jason Peninsula. This study includes an annual extent from 1992-2009 for the LBIS.

Over this period, it almost entirely collapsed, consistently retreating with only a few years

that had any advance (Figure 4.2). The two largest events took place in 1995 and 2002 with

losses of 2, 162 km2 and 3, 184 km2 respectively (Figure 4.3).
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Figure 4.3: Annual area (km2) gain/loss of the Larsen B Ice Shelf between 1993-2009. Each

bar represents the retreat (red) or advance (blue) since the previous year.

Larsen C Ice Shelf

LCIS is the largest ice shelf on the AP located south of LBIS between the Jason Peninsula

and the Gipps Ice-rise. This study produced an annual time series from 1992-2019. Over this

period, it experienced episodic advance and retreat cycles until a significant calving event

in 2017 (Figure 4.2), contributing to a total loss of 5347 km2 since 1991. There were small

retreats and advances between 1992 and 2004 with a net growth of 500 km2. In 2005 it lost

1452 km2 from a calving event, mainly due to the loss of a giant iceberg in the Northern
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part of LCIS. In the event, it lost 2.6% of its total area. The pattern of retreat and advance

continued between 2005 to 2017 with a net advance of 1601 km2, where it reached a new

maximum area of 56, 145 km2. Following the propagation of a large crevasse over several

years, in 2017, an iceberg with an area of 6202 km2 detached from the front (Figure 4.4).

Around 11% of the total area at the time, the largest calving event since the 1980s.

Figure 4.4: Annual area (km2) gain/loss of the Larsen C Ice Shelf between 1993-2019. Each

bar represents the retreat (red) or advance (blue) since the previous year.
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George VI Ice Shelf

GVIIS is unique amongst the AP ice shelves as it sits within a narrow channel with two

different fronts, 500 km apart. It is located in the George VI Sound that separates the west

coast of Palmer land from the eastern coast of Alexander Island. The northern front is 25

km wide and located in Marguerites Bay. The southern front has a width of 75 km and is

located in the Ronne Entrance. This unique geometry means that the driver of mass loss

from GVIIS is melt rather than calving (Rignot et al., 2019). This study presents an annual

time series from 2002-2019 for the southern front and whole ice shelf, and 2000-2019 for the

northern front. Overall, GVIIS did not retreat significantly over this period, maintaining

97% of its 2002 area. Given its geometry, this is not surprising, although both fronts have

retreated into George VI Sound. Figure 4.5 shows that the northern front had a period of

retreat between 2008 to 2011 with no notable advance following. The southern front has

substantial retreated in the middle, as can be seen in Figure 4.1, consistently retreating

between 2009-2016, losing 664 km2.

Figure 4.5: Annual area (km2) gain/loss of the northern front (left), the southern front

(middle) and the whole George VI Ice Shelf (right) between 2002-2019. Each bar represents

the retreat (red) or advance (blue) since the previous year.
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Wilkins Ice Shelf

This study includes annual extent from 1990 to 2019 for WIS. Before 2008, WIS had three

different fronts as it previously connected three islands off the west coast of Alexander island:

Latady island, Charcot Island, and Rothschild island. In 2009 the ice "bridge" that attached

Charcot Island collapsed, removing Charcot Island as a pinning point and connecting two

separated fronts. In 1991 WIS had an area of 15, 985 km2. Since then, it has lost over a

third of its area. There have been three periods of retreat since 1990, separated by small

advances.

Figure 4.6: Annual area (km2) gain/loss of the Wilkins Ice Shelf between 1991-2019. Each

bar represents the retreat (red) or advance (blue) since the previous year.
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4.4.2 Discussion

The rate of frontal retreat found in this study is consistent with Cook and Vaughan (2010),

which found that the same ice shelves lost a total area of 20% between the 1950s/60s and

the late 2000s. Since 1979 the AP has been losing mass every decade, with the rate of mass

loss increasing (Rignot et al., 2019). If this trend continues as is predicted, the stability of

the remaining ice shelves is at risk.

Larsen B Ice Shelf

In 1995 the AP experienced high temperature and strong winds that contributed to the

retreat that we see in the LBIS as well as the collapse of Larsen A and Prince Gustav ice

shelves (Rott et al., 1996). In only a few days in march 2002, over a third of the ice shelf

broke up. Much of what was left of the LBIS rapidly retreated in the following years, leaving

floating ice only in the scar inlet and a few ice tongues attached to some of the tributary

glaciers (Rott et al., 2011; Rignot et al., 2004; Rott et al., 2011).

Earlier observations by Skvarca et al. (1999) and Cook and Vaughan (2010) show that

Larsen B had three decades of advance between the 1950s and 1990s. During the early 1990s,

there were minor calving events, but the front shape hardly changed. While it was slowly

retreating, it appeared stable until the 1995 calving event; after this, comparisons could be

made with the Larsen A before its collapse. Velocity increased, and rifting parallel to the

front started. The ice shelf front had retreated to within a few kilometres of the compressive

arch, where a small retreat would have resulted in an unstable front geometry (Doake et al.,

1998).

Larsen B was sensitive to environmental changes. Particularly increased atmospheric

temperatures that cause extended periods of summer melt, leading to hydro-fracture due
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to additional meltwater entering crevasses (Scambos et al., 2000). In addition to hydro-

fracture, the drainage of meltwater lakes from the ice shelf surface exposes its tensile flexure

stress both at the surface and base, causing further fractures (Macayeal and Sergienko,

2013). Föhn winds, warm-dry winds down a mountains lee side, further contributed to

surface meltwater on the LBIS (Cape et al., 2015; Ashmore et al., 2017). Ice rheology is also

affected by increased atmospheric temperatures limiting the load-bearing capacity of the ice

and weakening vulnerable shear margins, contributing to the observed acceleration in the

years before the collapse (Borstad et al., 2012; Vieli et al., 2006; Vieli et al., 2007).

Warming of the ocean reduces the stability of the whole Larsen Ice Shelf. Warmer

water circulates under the ice shelf resulting in basal metal, thinning the ice shelf (Shepherd

et al., 2003). These reactions to environmental change and frontal geometry are likely to lead

to collapse by pre-conditioning the ice shelf. Ice shelves can tolerate short term negative mass

balance, not the prolonged negative mass balance LBIS experienced leading to its collapse.

However, negative mass balance does not explain why it rapidly disintegrate in a series of

small fragments rather than gradual retreat, as seen prior. Glasser and Scambos (2008)

showed that the intersection of flow domains from tributary glaciers form suture zones made

up of thin, heavily rifted ice. An additional mechanism that played a role in the destabilising

of the LBIS is the rupturing of suture zones caused by the change in flow velocity from a

flow domain (Glasser and Scambos, 2008).

The effect of removing the ice shelf has been significant. The removal of buttressing

provided by the ice shelf led tributary glaciers accelerating, some by a factor of eight (Rignot

et al., 2004). Slower glaciers whose bed and thermal conditions stabilise them are not affected

as their stability does not rely on buttressing (De Angelis and Skvarca, 2003; Scambos et al.,

2004). Six years after the collapse, some of the tributary glaciers had still not reached an

equilibrium and continued to accelerate (Rott et al., 2011). The sediment sample shows that

LBIS had not been absent during the entire Holocene, implying the collapse is a result of
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climate conditions that have not been present before (Domack et al., 2005). For the Larsen

B Ice Shelf to return to its 1980s extent, it would take hundreds of years of positive mass

balance (Rott et al., 1996; Rack and Rott, 2004).

Larsen C Ice Shelf

Cook and Vaughan (2010) observed that this is not unusual behaviour for LCIS. It had been

stable between the 1950s and 2008, with two significant calving events in that period. In

the 1970s, an impact with a giant iceberg caused an iceberg with an area of 1200 km2 to

detach. Secondly, in 1986 an iceberg detached that had an area of 6502 km2. Both of these

are likely natural patterns of retreat and advance. Whether environmental factors played a

role is unknown. There is evidence that cycles of calving and advance have been a feature

of LCIS for 560 years (Glasser et al., 2009).

The effect that the 2017 calving event will have on the stability of the LCIS is not

known; however, it cannot be assumed that the result will be the same as the 1986 event. If

the iceberg consists of passive ice, ice that does not contribute to the stability of the front,

LCIS should remain stable. However, if this is not the case, the front geometry may have

disturbed the compressive arch, resulting in an unstable front likely to retreat further. Future

observations will find how quickly LCIS was able to adapt to its new boundary conditions.

The surface of LCIS has many suture zones where flow units meet. The ice in these zones is

heterogeneous. The combination of accumulated marine ice, soft meteoric ice, and fractured

ice help stabilise it by dissipating shear stress without causing crevasses and limiting crevasse

propagation (McGrath et al., 2014; Jansen et al., 2013; Glasser et al., 2009).

How environmental factors have contributed to the stability of LCIS is less clear than

with the LBIS. Adusumilli et al. (2018) found that the surface of LCIS has lowered by

1.0 ± 0.3 m during 1994-2009 before rising by 0.5 ± 0.3 m by 2017. Nicholls et al. (2004)

75



4.4. ICE SHELF EXTENT

hypothesised that basal melt is unlikely to have played a role in this behaviour since the

modified Weddell deep water is filling the LCIS cavity providing saline, cold water that is

too cold to melt ice. Without warm water, this suggests that on the LCIS, surface factors

mainly drive height change, such as firn air densification and surface melting; however, there

is evidence that basal melt plays at least a small role in LCIS surface lowering (Rignot et al.,

2013; Holland et al., 2015). Western inlets of Larsen C have many melt ponds, some 10

km in length, which could drain into crevasses. Fohn winds play a crucial role in this by

transporting warm air over the lee side of the AP, contributing to melt ponding near the

grounding line (Luckman et al., 2014; Elvidge et al., 2015). Observations have found basal

crevasses due to fracture propagation from meltwater hydro-fracture and stress downstream

of the grounding line. Luckman et al. (2012) found that many surface fractures and crevasses

may be a trough of basal crevasses, and LCIS has some basal crevasses that penetrate half the

ice shelf thickness. These can affect stability as they allow potential heat exchange between

ocean and ice. These are not currently a threat to the stability as they have been present

for 400 years, and Larsen C does not have sufficient meltwater ponding. However, if the

atmospheric temperature were to continue to increase, surface melt would rapidly increase,

driving an increase in meltwater ponding, as was observed on both the Larsen A and Larsen

B ice shelves before their collapse (McGrath et al., 2012b; Khazendar et al., 2011).

George VI Ice Shelf

Cook and Vaughan (2010) found that the whole ice shelf maintained 92% of its area between

1947 and 2008. The north front had advanced until the 1960s, followed by a consistent

retreat with a total loss of 610 km2. The southern front regularly retreated, losing a total

area of 1, , 330 km2 between 1947 and 2008. This study shows that this historical retreat

has continued until the present. The total ice shelf area loss over the past 70 years is low;

however, this consistent retreat could signify instability and the beginning of a collapse.

76



4.4. ICE SHELF EXTENT

Conditions at either front vary greatly. The north front is in a much narrower part of the

channel with a high sea ice concentration that plays a crucial role in controlling calving. Sea

ice concentration is less in the Ronne Entrance, but the southern front has pinning points

that will help stabilise it (Holt et al., 2013a). Ice flow toward Alexander Island from Palmer

Land in the east dominates GVIIS mass gain. Alexander Island only has small glaciers

(Reynolds and Hambrey, 1988), creating strong uniaxial compression. Its surface is heavily

ponded, with most of it covered in the summer melt period. Melt ponding is not a new

phenomenon resulting from recent atmospheric warming; it was first observed in the 1960s

(Smith et al., 2007). Uniaxial compression likely plays a vital role in keeping GVIIS stable

despite the abundance of meltwater as crevasses cannot form. The mechanisms that influence

the retreat of GVIIS are not understood. Atmospheric warming led melt has been shown to

have driven collapse in other ice shelves; however, migration of the thermal limit does not

appear to have influenced calving of GVIIS. The northern front has not retreated faster than

the south, like would be expected with the migration of the thermal limit. Ocean induced

basal melt likely plays a more significant role in the stability of GVIIS. Warm modified

Circumpolar Deep Water (CDW) that is above 3◦ C floods the continental shelf and fills the

cavity underneath GVIIS (Jenkins and Jacobs, 2008; Zhang et al., 2016).

GVIIS was absent during the early Holocene, collapsing after a period of simultaneous

atmospheric and ocean warming. It coincides with the deglaciation of the many AP coastal

regions and the influx of the circumpolar deep water onto the AP continental shelf (Bentley

et al., 2005). Removal of the GVIIS would cause acceleration of tributary glaciers leading

to sea-level rise (Schannwell et al., 2018).
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Wilkins Ice Shelf

As first observed by Lucchitta and Rosanova (1998) between 1990 - 1995, retreat had taken

place at the northern edge of the ice shelf near Rothschild Island. The calved icebergs had

a long tabular shape, reminiscent of those seen during the retreat of the Wordie ice shelf

(Doake and Vaughan, 1991). The other periods of retreat 1998-2005 and 2006-2014 were

dominated by the retreat of the two fronts that joined Charcot island, creating the narrow

bridge (Figure 4.6).

No data are available between 1947 and the 1980s. Its exact behaviour in this time

is unknown; however, its total area only reduced a fraction (Cook and Vaughan, 2010).

Unlike its neighbours GVIIS and the Wordie ice shelf that are fed by glacier flow, WIS

mass balance is dominated by in situ accumulation (Vaughan et al., 1993). It has an interior

velocity as low as 30 − 90 ma−1 compared to around 200 ma−1 for Wordie. Slow velocity

implies that it would have different triggers for collapse than ice shelves such as the Wordie,

which after retreating past a critical limit, could no longer restrain its tributaries, and they

began to aid in its collapse (Vaughan et al., 1993). WIS has the same ocean features as

GVIIS. The warm water from the modified CDW causes high rates of basal melting at the

front, creating a thickness gradient that has a significant influence on the tensile stress at

the front because of the altered buoyancy force (Braun et al., 2009). Hence, in May 2008,

the austral winter, a significant calving event took place in the absence of meltwater. Hydro-

fracture from meltwater certainly played a role in the fracturing and rifting that took place

at the ice shelf front; however, unlike with the LBIS was not the calving trigger (Scambos et

al., 2009). As with LBIS, low Sea ice concentrations coincided with collapse events (Massom

et al., 2018).

Since 2014 and there have been no more retreat events. However, with rising temper-
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atures over the AP and the collapse events of the last couple of decades, the stability and

future viability of the WIS is unclear.

4.5 Quantile regression analysis

The slopes of the 20th, 50th and 80th quantiles are estimated for the ice shelf area (given

as a percentage of max extent) against various statistical descriptors for each predictor.

The 80th quantile represents the small changes in area and advancement, the 20th quantile

represents the largest changes in area, and the median represents the average area change.

The predictors used are 2 m air temperature, SMB, height-change, and sea ice concentrations

anomalies. The output tables and coefficient plots inform whether the model outputs are

statistically significant. Coefficient plots include slope estimations at more quantiles across

the conditional distribution (0.15 to 0.85 in this study) with associated confidence intervals.

There are many methods to calculate the standard errors in confidence intervals calculation.

In this study, we use the bootstrapping method as it best avoids over-optimistic confidence

intervals (Koenker and Hallock, 2000). The estimate is statistically significant if the zero

lines are not included in the confidence interval. For completeness, Table 4.3 contains every

statistical predictor that we used in a model. Refer to the appendix for the coefficient plots

for the statistical predictors that are not presented below.

The best performing descriptor for each predictor was used in an expanded model

that included an ice shelf factor variable. This indicates the influence of each ice shelf in the

model.
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4.5.1 Results

2 meter air temperature

As discussed in the previous section, surface temperature plays an important role in ice

shelf stability. In this study, 2 meter air temperature (Celsius) from the RACMO3.2p global

climate model was used (table 4.2 for more details). The statistical descriptors presented are

annual mean and maximum temperature and their slopes are estimated. Note that as the

temporal resolution is monthly, the annual max temperature represents the hottest average

month.

There is a negative correlation in the 20th and 50th quantile between ice shelf extent

and the annual mean and maximum. The 20th quantile slope is much greater than the 50th

and 80th for both mean and maximum temperature. This indicates that the variability of

the ice shelf extent increases as temperature increases (Figure 4.7).
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Figure 4.7: Quantile regressions of ice shelf area (% of maximum area) with annual maximum

temperature (◦ C) (Left) and annual mean temperature (◦ C) (Right). The blue line is the

median (50th quantile) and the grey lines are the 20th and 80th quantiles.

Figure 4.8 estimates the slope of other quantiles. The annual mean is statistically

significant at the 20th quantile and between the 30th to 65th quantiles. The most significant

slope is at the 20th quantile with a value of -0.06, which means for every 1◦ increase in 2m air

temperature, there is a 6% decrease in ice shelf area during retreat events. Annual maximum

is only significant at the 35th quantile, and there is little variance in the estimated slope

values. Annual mean is a better predictor than annual maximum, suggesting that warming

in other parts of the seasonal cycle plays a key role, not just the hottest average month.

Figure 4.9 shows that LBIS and WIS are most influenced by T2M. It was thought that all

melt-water that remained from the melt season refroze during the winter; however, Kuipers

Munneke et al. (2018) recorded temperatures warm enough for melting to take place during

the winter.
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Figure 4.8: Slope estimate (coefficient) of area regressed with annual mean 2 m air temper-

ature (top) and annual max 2 m air temperature (bottom). Slopes estimated from the 15th

to the 85th quantile with a 5% interval. Grey shading is the 95% confidence interval. Solid

red line is the simple linear regression slope estimate with confidence intervals (red dashed

line).
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Slope (%)

Variable 20th quantile 50th quantile 80th quantile

Annual Mean −0.06227∗ −0.02182∗ 0.00049

Anuual Max −0.07515 −0.01347 0.00253

Table 4.5: Slope estimates (coefficient - *statistically significant) of area regressed with

annual, mean and maximum 2m air temperature for the 20th, 50th and 80th regression

lines.

Figure 4.9 is the coefficient plot when the model includes annual mean temperature

and an ice shelf indicator as regressors. LBIS and WIS act as strong predictors for decreased

ice shelf extent, as would be expected. For each of them, the slope value significantly

increases as the quantile increases (0.45 for LBIS and 0.25 for WIS). These correspond to

significant collapse events. Variability changes for LBIS and WIS considerably over the

quantiles, crossing the least-squares line (red).
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Figure 4.9: Slope estimate (coefficient) of ice shelf area regressed with annual mean 2 m air

temperature highlighting the influence of each ice shelf for annual mean 2 m air temperature.

Grey shading is the 95% confidence interval. Solid red line is the simple linear regression

slope estimate with confidence intervals (red dashed line).

Surface mass balance

SMB is important when considering the total mass balance of the ice shelf. However, in

the absence of basal mass balance and ice dynamics, it offers a chance to investigate the
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role surface behaviour plays in ice shelf retreat. The SMB data used in this study is from

RACMO2.3 and a firn densification model. More details can be found in table 4.2. Below

we present the annual mean and annual minimum SMB.

Figure 4.10: Quantile regressions of ice shelf area (% of maximum area) regressed with

annual Minimum SMB (Left) and annual mean SMB (Right). The blue line is the median

(50th quantile) and the grey lines are the 20th and 80th quantiles.

There is a positive correlation with ice shelf area extent at the 20th quantile for both

minimum and mean. A large amount of change in the variability can be as the slope of the

20th quantile is so much greater than that of the 50th and 80th. In the case of the mean

SMB, the slope even changes direction between the 20th and 50th quantiles (Figure 4.10).

Table 4.6 gives the corresponding regression coefficient.
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Slope (%)

Variable 20th quantile 50th quantile 80th quantile

Annual Mean 0.00509 −0.00022 −0.00014

Anuual Min 0.00252 0.00047 −0.00001

Table 4.6: Slope estimates (coefficient - *statistically significant) of area regressed with

annual, mean and minimum SMB for the 20th, 50th and 80th regression lines.

Figure 4.11 shows that the slope value decreases to almost 0 after the 50th quantile

for both mean and min. Variability changes significantly from the 15th quantile until the

median. In both models, only the 15th quantile is statistically significant. Figure 4.12 has a

similar form the Figure 4.9. LBIS and WIS are again, strong predictors of change in extent.
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Figure 4.11: Slope estimate (coefficient) of ice shelf area regressed with annual mean SMB

(top) and annual minimum SMB (bottom). Slopes estimated from the 15th to the 85th

quantile with a 5% interval. Grey shading is the 95% confidence interval. Solid red line is

the simple linear regression slope estimate with confidence intervals (red dashed line).
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Figure 4.12: Slope estimate (coefficient) of ice shelf area regressed with annual mean SMB

highlighting the influence of individual ice shelves. Grey shading is the 95% confidence

interval. Solid red line is the simple linear regression slope estimate with confidence intervals

(red dashed line).

Ice shelf surface elevation change

The height change data used in the study was constructed from four satellites to produce a

23-year time series for 1994-2016. For more detail refer to table 4.2.
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No results for these analyses are presented as none are statistically significant. This

suggest that height change does not have a strong association with ice shelf retreat. This is

likely due to the complexity of ice shelf height change. Many factors contribute to the ice

shelf surface height change, such as SMB, firn air content, and ocean surface height due to

changing atmospheric pressure and basal melting. When pooling all available ice shelves as

in this study, it is thus likely that this level of complexity means meaningful inference cannot

be obtained as the height change of each ice shelf is driven by a different variable.

Sea ice concentration

Sea ice plays a crucial role in buffering storm-induced long-period ocean swell. The absence

of sea ice swells causes flexural oscillations in the outer ice shelf margins, leading to calving,

particularly in already weakened ice shelves. Exposure of the ice shelf front to ocean swell

triggers retreat, so the model design needed to change. It is more appropriate to consider

it regressed with annual area change rather than area as this will better reflect short-term

effects.

Data are only available for LBIS and WIS. For more detail refer to table 4.2. Since

the data are seasonal, each season is included in the QR model along with others listed

in table 4.3. The only results presented are that of the summer (December, January, and

February) and autumn (March, April, and May) as it is these periods that the ice shelves

are most vulnerable.

Both summer and autumn SIC anomalies have similar slopes for the 20th, 50th and

80th quantiles; for both, the variability increases as the anomalies become more negative

(Figure 4.13). At the 20th quantile, 10% lower SIC in both summer and autumn corresponds

to around a 1.6% per cent annual ice loss (Table 4.7).
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Figure 4.13: Quantile regressions of ice shelf area change regressed with summer mean SIC

(Left) and autumn mean SIC (Right). The blue line is the median (50th quantile) and the

grey lines are the 20th and 80th quantiles.

Slope (%)

Variable 20th quantile 50th quantile 80th quantile

Summer 0.00155∗ 0.00054 0.00007

Autumn 0.00162∗ 0.00045 0.00009

Table 4.7: Slope estimates (coefficient - *statistically significant) of area change regressed

with the summer and autumn, mean SIC.

When we include all quantiles at an interval 5% from the 15th to the 85th, we find

the 20th, 25th and 30th to be statistically significant for summer and 20th, 25th and 40th

to be statistically significant for autumn (Figure 4.14).
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Quantile

Figure 4.14: Slope estimate (coefficient) of ice shelf area regressed with Summer Sea ice

Concentrations (SIC) (top) and Autumn SIC (bottom). Slopes estimated from the 15th to

the 85th quantile with a 5% interval. Grey shading is the 95% confidence interval. Solid red

line is the simple linear regression slope estimate with confidence intervals (red dashed line).

4.5.2 Discussion

Our results indicate that 2m air temperature and sea ice concentration correlate with the

changes in ice shelf area. As mean annual 2m air temperature had the strongest results,

it suggests that not only warm summers play an important role in ice shelf stability but

also temperature throughout the year. While most melt occurs in the summer, melt is
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not limited to this time of year as previously thought. Kuipers Munneke et al. (2018)

recorded temperatures warm enough for melting to take place during the winter. Since,

Maximum temperature was also a significant descriptor, it suggests that the hottest month

is an important indicator of stability. Clearly, a period of high temperature is going to

increase surface melt, exposing the ice shelves to more risk of calving. Prior to the break up

of the LBIS, there was an increase in the magnitude and duration of the melt (Broeke, 2005),

eventually leading to hydrofracture through the drainage of the excess meltwater (Banwell

et al., 2013; Banwell et al., 2014; Rack and Rott, 2004).

The SIC findings suggest an unusually low SIC during the summer and autumn cor-

responds with retreat events. This is consistent with the findings of Massom et al. (2018), in

the absence of sea ice plate bending induced by ocean swell can trigger significant calving, as

was the case for both the LBIS and WIS. Modelling by Sergienko (2010) showed that waves

could induce stresses of significant magnitude to not only trigger calving but also control

the size of the icebergs. If low SIC becomes more frequent, ocean swell induced calving will

become more frequent. However, it is important to note that some ice shelves do not rely on

sea ice for buffering as the LBIS and WIS have been shown to. A large break up following

plate bending requires excess melt water and a lack of internal compression (Massom et al.,

2018). An ice shelf like the GVIIS is less reliant on sea ice since it has a significant internal

compression due to its geometry.
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Table 4.3: Predictors, the ice shelves that the data covered, and the statistical descriptors

used. Prev refers to the values of the previous year. For example, the prev mean of the

2001 extent would have the 2000 mean. This aims to infer the role of preconditioning on ice

shelf retreat. The 1st Quartile (Q) is the 25% quantile and the 3rd Quartile (Q) is the 75%

quantile.

Driver Ice shelf Statistical descriptors

2 m air Temperature LBIS, LCIS mean, median, 1st Q and 3rd Q,

GN, GS, WIS min, max, prev mean, prev median

prev max, seasonal means

Surface Mass Balance LBIS, LCIS mean, median, 1st Q and 3rd Q,

GN, GS, WIS min, max, prev mean, prev median

prev max, seasonal means

Sea ice Concentration LBIS, WIS mean and minimum,

prev mean, prev minimum.

Seasonal means

Height Change LBIS, LCIS mean, median, min, max

GN, GS, WIS max, 1st Q and 3rd Q

prev mean, prev median, prev and max
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Ice shelf First Area (km2) Last Area (km2) Loss (km2) Remaining

obs. obs.

Larsen B 1992 13,373 2009 2737 -10,636 20.5%

Larsen C 1992 51,517 2019 46,558 -4959 90.4%

George VI 2002 24,063 2019 23,351 -711 97%

Wilkins 1990 15,985 2019 9763 -6223 61%

Total 104,939 82,410 -22,529 78.5%

Table 4.4: Overview of the ice shelf area of the first and last observation, total area loss

during this period, and the per cent of the area remaining.
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4.6 Conclusions

This chapter presents new satellite-derived annual ice shelf extent time series that reveals a

lot about the evolution of the Larsen B, Larsen C, Wilkins and Geoge VI Ice Shelves over the

last 25 years. Long term time-series had been available previously; however, this is the first

with the annual extent for multiple ice shelves. All of the ice shelves had retreated; however,

the magnitude and patterns of retreat were varied. Unique environmental conditions and

geometry cause different threats to stability and potential failure points. Changes in climate

that have taken place over the past 25 years have contributed to retreat; however, the

relationship is not linear.

Annual extent gives insight into the nature of the changes in ice shelf extent; however,

we can only speculate on what glaciological processes are taking place. Each ice shelf will

likely be experiencing a subset of these forces to various degrees. The exact processes that

take place for each ice shelf are not yet understood. By applying QR, it has been possible

to explore further the role of some of these variables. While statistical modelling has its

limitation and care needs to be taken when interpreting the results, they offer guidance on

which areas to focus further study.

Results showed a 2% decrease in median ice shelf extent per 1◦C increase in mean

annual air temperature and a 6% decrease in the 20th quantile of ice shelf extent per 1◦C of

mean annual air temperature for the four ice shelves. These findings suggest that continued

warming of the AP will lead to further ice shelf retreat. This agrees with the hypothesis that

there is a thermal limit of viability for ice shelves, although it does not explicitly support

the −9o C suggested by Vaughan et al. (1993). Further, the results for SIC anomalies gave

further evidence that exposure of the ice shelf front to the open ocean can trigger calving.

At the 20th quantile, 10% lower SIC in both summer and autumn corresponds to around a

1.6% per cent annual ice loss, supporting the finding of Massom et al. (2018).
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A key benefit to QR is that estimating slopes at all quantiles across the conditional

distribution provides a more detailed understanding of the interactions. Not making as-

sumptions about the distribution is more appropriate in most cases than standard linear

regression. Focusing on the mean with a standard linear regression would have caused many

undiscovered results. An additional advantage that QR is that it is easy-to-implement, and

its transparency when compared to other techniques such as neural networks (Baur et al.,

2004).

96



Chapter Five

Modelling Antarctic Peninsula ice shelf

fracture probability using a Gaussian

process mixed effects model.

5.1 Aims and Objectives

This chapter is the second experimental chapter of this thesis. The primary aim of this

chapter is to introduce a novel framework for predicting ice shelf fracture probability. The

framework that is introduced solves a primary issue that other fracture models do not address,

the ability to model multiple ice shelves (regardless of geometry or location) within the same

simulation, this is key to making a model that is scalable to larger systems. Secondly,

accounts for dependence between adjacent fractures. To achieve this aim, the following

objective is set out:

• Implement a Gaussian process (GP) mixed-effects model framework to predict the

fracture probability on major AP ice shelves.
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• Determine whether the high or low resolution fracture index dataset produces better

results.

By completing this objective, the second research gap highlighted in Chapter 1 is

addresses. This chapter presents a new method for modelling surface fracture probability

account for the non-independence of adjacent fractures. Bayesian nonparametric models are

a class of models that have an infinite-dimensional parameter space, such that the parameter

space is a set of all possible solutions that can be learned (Orbanz, 2010). The model we

utilise is a Gaussian Process (GP) mixed-effects model. GPs are probability distributions

over functions that can be updated in a Bayesian way using observational data (Mackay,

2004). Mixed-effects models include both fixed and random effects. Fixed effects infer

relationships between the independent variable and the predictors, while random effects

account for any other variability. An example of a fixed effect in this study is the ice

rheology, an example of a random effect is that measurements are taken from different ice

shelves. Including both fixed and random effects, we can model multiple ice shelves with

the same model while accounting for correlation between nearby data points. These models

were first developed in the 1980s. However, the tools that enable us to apply them to large

datasets is a relatively recent development. Matthews et al. (2017) developed an inference

scheme that drastically reduces the computational time of MCMC sampling, making it viable

for large dataset. Various parameterisations of the model are investigated to investigate the

model changes depending on the data available. We produced two fracture datasets to

investigate model performance under different satellite image availability; this is discussed

further in Section 4.2. In Section 4.3, we discuss in detail the model that we used; in Section

4.4, we present the model’s results, and in Section 4.5, we discuss how the model performed.
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5.2 Background

While a universal calving law does not yet exist, fractures must be present for calving

to occur. Hence, to model calving the location of fractures are vital. Fractures can be

determined through satellite imagery. However, high enough resolution images are available

in only a limited number of regions for each ice shelf. Additionally, indexing fractured and

non-fractured locations manually have limitations as snow cover restricts surface visibility.

Two methodologies have been applied to this area of research. A damage calculation was

made using inverse methods, while useful, this is not a substitute for fracture as damage

on only detects fractures formed such that they reduce the ice viscosity causing changes in

the velocity (Borstad et al., 2012). More recently, work by Emetc et al. (2018) introduced

statistical methods to model fracture probability. They used logistic regression to model

fracture probability of the multiple ice shelf regions individually and then sorted them into

4 groups. The groups represent roughly similar geometries, and an ice shelf is put into the

group whose predictors closest match the best fitting model. The motivation for this grouping

is to estimate the fracture probability of similar ice shelves. This method could predict

probability fractures accurately; however, it is not scalable as it cannot model multiple ice

shelves together. This highlights a challenge in modelling the ice shelves of an entire ice

sheet. The model needs to be able to distinguish between different ice shelves, particularly

as ice shelf geometry and dynamics varies drastically.

Despite there importance, existing models do not take into account fractures. There

have been multiple studies that implement a calving criterion into a flow model. Most of these

leave out any attempt to model fractures implicitly. Two models that have calving criteria are

the Community ice sheet model (CISM), which has two methods for implementing calving.

Firstly, to calve all floating ice (so it cannot be used to model ice shelves). Secondly, to calve

when the bedrock is below a prescribed elevation (Lipscomb et al., 2019). The Potsdam
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Parallel ice sheet model (PISM) also has two implementations for calving. The first is based

on horizontal spreading rates; the second is a criterion based on ice thickness (Martin et al.,

2011; Levermann et al., 2012). The second does not apply to marine-terminating glaciers

because of the different physics between floating and grounded ice.

We apply a spatial mixed-effects model to the Larsen C Ice Shelf (LCIS), George VI

Ice Shelf (GVIIS) and WIS. These are the three largest ice shelves remaining on the AP. All

have had some retreat, with the most significant being the bridge’s collapse that connects

the WIS to Charcot Island (although we model pre bridge collapse). LCIS had a significant

calving event in 2017 in which an iceberg that was approximately 10% of its total area calved

from its front following the propagation of a large crevasse (Han et al., 2019). While this

calving event has not compromised the compressive arch or buttressing capabilities of the

ice shelf; thinning, and increased surface melt may indicate that it is not as stable as it once

was (Bevan et al., 2020). The geometry of GVIIS is stable overall; however, heavy fracturing

and thinning have led to retreat at both calving fronts (Holt et al., 2013a). These three

ice shelves have disparate geometries, flow parameter profiles and data availability. This

disparity will test the model’s ability to predict fracture probability over a range of ice shelf

types within the same simulation.

5.3 Data and ISSM Model Predictors

To build the statistical model, we need two datasets. Firstly, the locations on the ice shelf and

nearby grounded ice surface can be indexed as either fractured or non-fractured. Secondly,

we need to have a group of predictor variables. In this section, we discuss the sources and

methods used to produce these datasets.
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5.3.1 Fracture locations and fracture zones

Indexing ice shelf surface fractures accurately is difficult as high-resolution satellite images

are not available for the entire surface via the method that is used in this study. This study

compares two methods for categorising surface fracture observations. The first is similar to

that used in Emetc et al. (2018), which identified fractured and non-fractured locations on

the ice shelves and their tributary glaciers using high resolution (10 m horizontal resolution)

images that are available in Google Earth Pro between 2011-2015. This criterion ensuring

accurate indexing but is limited to particular regions. The second method that we used is to

use the highest resolution satellite images available in Google Earth Pro to categorise each

point on the ice shelf as either fractured or not fractured. The low-resolution images have a

horizontal resolution of 30 m.

Emetc et al. (2018) made the surface fracture data available. We updated this dataset

with new observations where possible and produced our own non-fractured dataset as this

was not publicly available. Their original dataset included “ice shelf zones”, including glaciers

100 m upstream of the grounding line. We also included these in our simulations as obser-

vations are too limited when considering floating ice only. High-resolution satellite images

focus on the grounding line, with almost none in the centre of the ice shelves. The process for

producing the dataset involved manually selecting the fracture locations and non-fractured

zones. Smooth blue ice determines non-fractured zones as ice is visible without snow cover.

There is no sure method for distinguishing between surface and basal fractures and rifts.

However, surface expressions of basal crevasses will be hundreds of meters wide and perpen-

dicular to the direction of flow (Luckman et al., 2012).

The second method for categorising surface fracture used both high-resolution and

coarser images to categorise each point on the ice shelf as either fractured or non-fractured,

including coarser images allowed for better categorisation of the centre and front, rather than
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just the grounding line. The process was similar to the above. Each fracture observation

was manually recorded and interpolated to an evenly spaced grid using all available images

in Google Earth. All other points were categorised as non-fractured, resulting in a complete

fracture index of the ice shelves. However, incorrect categorisation is inevitable with this

method. It is impossible to distinguish between basal crevasses and surface fractures on the

lower resolution images based on width, so would not be suitable for modelling basal fracture

alone. Snow cover is likely to have hidden fractures. Additionally, there may be other noise

and artefacts within these images that would also cause miss categorisation.

5.3.2 ISSM setup

The predictors used in the statistical model are flow parameters calculated with the Ice Sheet

System Model (ISSM), an open-source model developed by the University of California at

Irvine and the Jet Propulsion Laboratory to model the evolution of the polar ice caps.

It is capable of solving stress balance equations in both 2D and 3D (full stokes), utilises

finite element modelling, and anisotropic mesh refinement that can use unstructured meshes

to more accurately model areas with more complex dynamics while saving computational

resources on other areas, and inverse methods to infer unknown parameters (Larour et al.,

2012). SSA was more appropriate than full stokes for floating ice and allowed the damage

calculation, which is incompatible with the full stokes model. We ran simulations that solved

stress balance equations for each of the ice shelves to obtain the predictors needed for our

statistical model. Cost functions for inversion were tuned manually such that modelled

velocity was a good match with observed velocity.

The setup used for our simulations are as follows: Basal melt is set to 0. BedMachine

was used to generate thickness (Morlighem et al., 2020). SeaRISE is used for climate forcing,

including air temperature, surface mass balance, upward geothermal, and heat flux (Bind-
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schadler et al., 2013). Surface temperature is used as the steady-state depth-averaged ice

temperature over each of the ice shelves. Ice front boundary is assigned a Neumann bound-

ary condition. The rest of the lateral boundary is assigned a Dirichlet boundary (observed

velocity). The upper surface is stress-free. The grounding line position is determined using

flotation criteria. Friction is applied between the ice and bedrock, and floating ice has no

friction. Velocity observations are taken from (Rignot et al., 2011a).

5.3.3 Predictors

Below, we give details on how they are calculated and why they may be relevant predictors

for fracture creation. For a brief overview, see Table 5.1.

Rheology

Glacier movement involves the ice-crystal slippage as a result of stress applied to it in a

process called creep (Weertman, 1983). Increased ice stiffness can lead to the creep being

too slow for the amount of stress resulting in the formations of fractures.

The inverse control method is used to calculate a depth-averaged spatial distribu-

tion of ice rigidity, B, such that it minimises the difference between observed and modelled

velocities (Larour et al., 2005; Khazendar et al., 2007).

Damage and backstress

Damage is a variable that quantifies the loss in load-bearing potential due to fractures.

Backstress quantifies the buttressing effect on the ice. Damage and backstress are both

calculated as in Borstad et al. (2013) in which a partition of inverse method solution is
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implemented to calculate separate and independent solutions for damage and backstress.

These calculations rely on the inverse solution to ice rigidity and an initial ice rigid estimation.

The damage calculation can be made as follows:

D = 1−B1/BT (5.1)

where B1 is the inversion of rigidity, BT is initial rigidity, D ∈ [0, 1]. The main

uncertainty of the calculation is from the estimation of BT , due to the often unknown ice

temperature that is difficult to measure accurately.

It is important to note that damage is not intended to capture all surface fractures.

Instead, the fractures formed such that they reduce the ice viscosity causing changes in the

velocity. It captures areas of increased flow rather than every fracture location. Damage is

a valuable predictor for our statistical model; however, it can be a tool to help understand

how well the other prediction factors perform; this is done by running simulations excluding

damage and simulation with damage as the only predictor.

Decreased backstress results in increased longitudinal tensile stress making it more

susceptible to fractures. The reduction in backstress can be from the weakening of the ice

from thinning (Shepherd et al., 2003). The inversion calculation for backstress leads to the

simplified damage equation 5.1 but is left out for brevity.

Principal and effective stress

Since this study opts for a shallow shelf approximation model, transverse and longitudinal

stress are neglected. Velocity observations are used to calculate the principal and effective

stresses. Stress is a significant predictor in the ice shelf fracture, as increased stress is the
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direct course of fracture formation. As ice is subjected to increased stress, it becomes brittle

as it moves from an elastic state to a ductile one (Paterson, 1994).

Principal stresses are the maximum and minimum values of the normal stresses when

the plane is orientated so that the shear stresses are 0. The sign of the principal stresses

determines whether the stress being applied is compressive or tensile.

Given that the deviatoric stress σ′ is given by:

σ
′
=


σ

′
xx σ

′
xy 0

σ
′
xy σ

′
yy 0

0 0 −σ
′
xx − σ

′
xy

 (5.2)

The effective stress σ′
e can be calculated as follows:

σ
′

e =
√
σ′2
xx + σ′2

yy + σ′2
xy + σ′

xxσ
′
yy (5.3)

Principal and effective strain rate

Strain rate plays a crucial role in new fracture formation. Glacier ice has a critical strain rate

threshold that, once reached, will result in crevasse formation (Vaughan, 1993). The value

of the threshold varies depending on the conditions of the ice, such as rheology properties,

firn density, and water and debris inclusions (Campbell et al., 2013).

Given that u and v are horizontal components of observed surface velocity, the prin-

cipal strain rates can be calculated from the matrix.

105



5.3. DATA AND ISSM MODEL PREDICTORS

ε̇ =


∂u
∂x

1
2
(∂u
∂y

+ ∂v
∂x
) 0

1
2
(∂u
∂y

+ ∂v
∂x
) ∂v

∂y
0

0 0 −∂u
∂x

− ∂v
∂y

 (5.4)

Effective strain can then be approximated by:

ε̇e =
√

ε̇2xx + ε̇2yy + ε̇2xy + ε̇xxε̇yy (5.5)

Thickness

Ice shelf thickness likely plays a role in the length and depth of fracture propagation as basal

channels cause thinning that result in fractures perpendicular to flow (Dow et al., 2018; Alley

et al., 2016). Thickness data is taken directly from BedMachine (Morlighem et al., 2020).

Velocity

Ice velocity is included as a predictor as an increase in velocity could play a role in the for-

mation of new fractures. Velocity observations are taken directly from InSAR data between

2007 - 2009 (Rignot et al., 2011b).
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Table 5.1: Predictor parameters and the method use to calculate them

Predictor Calculation/Description

Observed Velocity Taken directly from inSAR

(Rignot et al., 2011a)

Modelled Velocity Calculated from stress balance equations

Damage Calculated via inversion in ISSM

(Borstad et al., 2012)

Backstress Similar to that of damage

Principal stress components Calculated using equation 5.2

Effective stress Calculated using equation 5.3

Principal strain components Calculated using equation 5.4

Effective strain Calculated using equation 5.5

Rheology factor B Calculated via an inversion of the observed velocity.

Thickness Taken directly from BedMachine

(Morlighem et al., 2017)

5.4 Methods

5.4.1 Mixed-effects Gaussian process model

Models that utilise Gaussian processes are advantageous as they are non-parametric. There-

fore, these models can be applied to a vast range of machine learning problems. When using

GP models, the critical consideration is to approximate the posterior distribution when the

data is large. This study applies a mixed-effects GP model that uses a hybrid variational

and Markov Chain Monte Carlo (MCMC) sampling scheme developed by Hensman et al.

(2015). MCMC methods are a class of algorithms for sampling from a distribution. Briefly,

a Markov chain is the concept that random samples are generated from only considering the
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Figure 5.1: Fracture index locations for the Wilkins, George VIII, Larsen C Ice shelves.

The high-resolution fracture index locations (left) are delineated using images available in

Google Maps Pro with a 10 m horizontal resolution or less. Only points locations that are

fractured or blue ice zone (non-fractured points) are included. The low-resolution fracture

index (right) use all available images (up to 30 m horizontal resolution) to delineate fracture

point; all other points are set to non-fractured.

sample before it; this is known as a Markov process. Monte Carlo is a method of estimat-

ing the parameters of a distribution from a random sample of points from the distribution

(Ravenzwaaij et al., 2018). The hybrid inference scheme that we use offers a computationally

inexpensive way to sampling the posterior distribution using MCMC without making any

specific requirements of the covariance function or the data. Other methods to sample the

posterior using MCMC involve iteratively sampling the function values and covariance pa-

rameters. This type of scheme requires the inversion of the covariance matrix for each step.

Such inversions are computationally expensive, making them unsuitable when the data is
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large.

In both high and low-resolution datasets, the fractures and non-fractured locations

are not well mixed. Focusing on the high-resolution data, since the data is poorly distributed,

there are clear clusters of fractured points at Larsen C and non-fractured points at George

VI. Fitting a simple logistic regression to this type of data is problematic because the points

within the clusters will not be independent. These regions undoubtedly have differing flow

parameter values, so the model would be learning to differentiate between the two locations

rather than finding the underlying correlation between the predictors and fractures. Emetc

et al. (2018) get around this issue by grouping similar regions by the number of matching

predictors. It can then be assumed that the data in each group are independent.

This non-independence between data points arises from a hierarchical structure within

the data. There are two standard methods of modelling this type of data. Firstly, by

aggregating the data between groups (ice shelf in this case). While this does get around

the non-independence, it removes most of the data points when there are only a few groups

and lots of data within them. Secondly, is to model group-wise as in Emetc et al. (2018).

The result is multiple models where no one model uses the whole dataset. The alternative

method that we implement is the use of a mixed-effects model. A spatial mixed-effects model

contains both fixed and random effects. It is a beneficial method for modelling when there

is a spatial correlation. The fixed effects assumption is that the variance is correlated with

the model predictors. The random-effects model the spatial correlation between the data.

Given that Yi is the binary fracture indicator at location i, xi is the predictors and zi

is the coordinates of ith location. The model can be defined as follows:

ℓ(p(Yi = 1)) = xT
i β + g(zi) i = 1, 2, ..., n. (5.6)
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where ℓ is a link function, a probit link function is implemented because of its ease

of implementation, but a logit is also an option. The regression coefficients β are the fixed

effects and the function g are the random effects. We assume g varies slowly in space. So g

captures any other features of zi. If two-point within close proximity are highly correlated,

it can be because of the random effect g rather than being independent of one another.

To perform Bayesian inference on the model, we assign a prior on the parameters.

Priors represent our belief about the parameters.

β ∼ N(0, σ2
fixedI) g ∼ N(0, σ2

randomkλ) (5.7)

where kλ is the kernel on R2. We have defined g as a Gaussian process. A Gaussian

process generalises the Gaussian probability distributions, which are defined over scalars

or vectors. Gaussian processes are defined over functions. Since functions have an infinite

domain, a Gaussian process is a Gaussian random variable with infinite dimensions. Any

subset of its random variables has a multivariate normal distribution. A Gaussian process

is specified by its mean function and covariance function, also known as the kernel. The

kernel inputs 2 points z, z′∈Rn and outputs the similarity measure between them as a scalar,

k : Rn×Rn,Σ = Cov(X,X
′
) = k(z, z

′
). By evaluating all the points pairwise, the kernel

function calculates the covariance matrix. The choice of the kernel determines the shape

that the fitted functions can take. The kernel used here is the Radial Basis Function (RBF)

kernel.

kλ(z, z
′
) = exp(−||z − z

′||2/2λ2) (5.8)

where λ is the lengthscale parameter. As kλ(z, z
′
) ∈ (0, 1) the closer 2 points are
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the closer the similarity is to 1, and the further away 2 points are the closer the similarity

is 0. The lengthscale can be interpreted as the kernel’s influence between points (so how

correlated those two points are). The hyperparameters (parameters of the prior distribution)

are θ = (σ2
fixedI, σ

2
randomkλ, λ). By assigning priors onto θ, we will learn them in a fully

Bayesian way. Lengthscale can be set before training the model, or it assigned a prior

becoming a trainable parameter. We train the lengthscale in our initial simulations that train

the model on the whole fracture dataset to obtain an appropriate value. When withholding

part of the data, we set the lengthscale to that value.

5.4.2 Variational Bayes

To perform inference in a Bayesian way we need to sample the posterior distribution which

is the conditional distribution of the parameters β, g, θ given the data {Yi, xi, zi}i=1,...,n. The

posterior is proportional to the likelihood times the prior:

p(β, g, θ|{Yi, xi, zi}i=1,...,n)∝
∏n

i=1
p(Yi|xi, zi, β, g, θ)p(β, g|θ)p(θ). (5.9)

by finding the marginal distribution, we can isolate the fixed effects β. The most

studied method for sampling the posterior is to use an MCMC. The benefit of using MCMC

is that it offers asymptotically exact samples from the posterior distributions. However, it

is computationally expensive. For example, sampling the posterior of a general linear model

has O(n3) computations. Variational methods offer a far cheaper alternative by turning it

into an optimisation problem. The main aim is to find a distribution that minimises the

Kullback-Leibler (KL) divergence between it and the exact posterior. Since it does not find

the exact solution, it is not as accurate as the MCMC approach.

The inference scheme developed by Hensman et al. (2015) combines variational meth-
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ods with MCMC by making an inducing point approximation. Inducing points methods

(also known as sparse GPs) reduce effective data by selecting a small subset of a total num-

ber of samples (fracture index locations), thus reducing the size of the covariance matrix.

The locations of the inducing points are defined with a K-mean clustering algorithm. The

inducing points are defined by the K centroid locations. For 200 inducing points, we set

K = 200.

We can rewrite the model as follows:

Φ(p(Yi = 1)) = xT
i β + g(zi) := f(xi, zi). (5.10)

Since xT
i β+g(zi) and g(zi) is Gaussian then f(xi, zi) is a Gaussian process, f ∼ N(0, k̃)

where the kernel is defined by

k̃((x, z), (x′, z′)) = σ2
fixedx

Tx′ + σ2
randomkλ(z, z

′) (5.11)

We will write f = ((f(x1, z1), ..., f(xn, zn)), and the target of out algorithm will be to

sample the posterior, which can be written as p(f, θ|Y ).

Variational methods introduce additional variables, known as variational parameters,

to transform the problem into an equivalent minimisation problem. Define q∗ as an approx-

imation of the posterior that minimises the KL divergence to the true posterior in some

family Q:

q∗(f, θ) = argmin
q∈Q

KL(q(f|θ)||p(f, θ|Y )), (5.12)

where the KL divergence is a similarity measure between distributions. To do this

Q needs to be defined. This is done with the inducing point approximation (Titsias, 2009).
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Let u = Lf for some linear operator L∈Rm×n with m≪n. We aim to approximate the joint

posterior p(f,u, θ|Y ). Since u is a function of f the joint posterior is the same as our target

posterior. We also know a priori that p(f|u, θ) is normal. We define Q to be the family

of distributions of the form q(f,u, θ) = q(u, θ)p(f|u, θ). In the variational approximation,

the marginal q(u, θ) is unconstrained, but we restrict f|u, θ to have the prior conditional

distribution.

It can be shown that solution the Variational Bayes problem is:

log q∗(u, θ) = Ep(f|u,θ)(log p(Y|f)) + log p(u|θ) + log p(θ)− logC (5.13)

where C is an intractable constant that normalises the distribution and is independent

of q. This variational approximation is sampled with MCMC. MCMC can be applied if we

can calculate the log of the target distribution up to a constant. Therefore, if the right-

hand side of equation 5.13 can be calculated, MCMC can be applied. The authors make

a few observations to sample effectively. The first term in equation 5.13 is not known in

closed form; however, it can be approximated effectively by Gaussian-Hermite quadrature.

The distribution can be whitened, which is a transformation of a vector of random variables

with a known covariance matrix to a new set of variables with the identity matrix as the

covariance. The whitening transformation uses the reparameterisation u = Rv such that

RRT = Kuu,v N(0, I). Resulting in the optimal variational solution:

log q∗(V, θ) = Ep(f|u=Rv(log p(Y|f)) + log p(V) + log p(θ)− logC (5.14)

this transformation changes the shape of the distribution to be more spherical. So far,

we have not specified the MCMC algorithm that is used. The most common is a random walk
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Metropolis algorithm that uses a two-step process: a proposal and a correction. The proposal

is a stochastic perturbation from the initial value (MAP estimate in our case). A Maximum

A Posteriori (MAP) estimation is closely linked to maximum likelihood estimation found in

frequentist methods. It estimates the mode of the posterior distribution. The correction

is the acceptance or rejection of the new sample based on its distance from the typical

set (parameter values for which the log density is close to its expected value) of target

distributions (Betancourt, 2017). This is an intuitive to understand and easy implement

method; however, it is a "guess and check" approach that in high-dimensional spaces is not

appropriate. The MCMC algorithm used is the Hamiltonian Monte Carlo (HMC) which is

far more efficient than a standard random walk-Metropolis. HMC incorporates Hamiltonian

dynamics in which the system is described by its total energy (combination of kinetic and

potential energy), to make larger jumps to unseen regions of the typical set such that the

adjacent samples are less correlated while maintaining a high probability of acceptance due

to the energy conservation of the Hamiltonian dynamics. The Hamiltonian equation needs

to be solved, and this is done using the leapfrog integrator (Betancourt, 2017). The only

dependence on the number of samples n is a one time O(n) computation. The reduction in

computational cost allows models with large data to be solved in a fully Bayesian way. The

implementation of this method is available via the GPFlow python package that utilises the

Tensorflow Architecture (Matthews et al., 2017).

5.4.3 Convergence criteria

To test the convergence of the HMC chain, we implemented a potential scale reduction R̂ to

calculate the similarity between two independent chains. This is a ratio between the average

variance of each chain to the average variance of the chains together. If the chain converges

to a common distribution, then the ratio will be close to one. We follow standard practice by
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concluding an approximate convergence if R̂ ≤ 1.2. Comparing each of the inducing point

coefficients would be too strict of a test. We limited it to the coefficients of the predictors

and ten randomly selected inducing point coefficients. This leads to the number of burn-in

steps and total samples being 5000 and 10,000 respectively for the high-resolution data and

7500 and 15000 for the low-resolution data.

5.5 Results

5.5.1 High resolution fracture data simulations

We trained the model with the high-resolution fracture index data, we will refer to this as

the High-Resolution Model (HRM). We ran multiple simulations that sampled the hyperpa-

rameters, including lengthscale, from the posterior. From this, 0.1 is an appropriate value for

the lengthscale. This value was used for the subsequent simulations that split the data into

training and test sets described in section 3. A Maximum A Posteriori (MAP) estimation is

used to estimates the initial values for the coefficients, which had a classification accuracy

of 0.959 on the training set. The HMC is well mixed, and the hyperparameter values at the

last HMC iteration for the fixed and random variance are 5.6, 16.4, respectively. The HMC

was ran for sufficient iterations to ensure the sampler met the convergence criteria (Figure

5.2).
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Figure 5.2: Evolution of the HRM hyperparameter (θ = (σ2
fixedI, σ

2
randomkλ)) values as a

function of the Hamiltonian Monte Carlo (HMC) iterations - 10000 samples with 5000 burn-

in steps

The posterior distributions for each of the predictor variables are set away from 0,

suggesting that the correlation with an ice shelf fracture is statistically significant (Figure

5.3). The inclusion of random effects makes this a surprising result as the random effects

assume that correlation could result from unknown latent variables. By noting which are

set furthest from 0, the most robust predictors are modelled velocity, damage, principal and

effective stress, and principal strain. Investigating posterior coefficients correlation shows

there is little correlation between the posteriors, which affects the prior regularisation, unlike

a non-penalised logistic regression where a strong negative correlation would be present.
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Figure 5.3: HRM Posterior distributions of the predictor coefficients after 10000 samples -

y-axis is the number of samples, x-axis is the coefficient. All of the distributions are set away

from 0 suggesting that the correlation to fractures are statistically significant.

The misclassification rate on the test set 20%± 5% on the ice shelf surface (grounded

ice was not included). We can compare the modelled fracture probability for the three ice
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shelf with what fractures have been observed.

The model predicts a high probability of fractures in the centre and at the calving

front of the Larsen C ice shelf (Figure 5.4). Due to snow cover and lack of high-resolution

imagery, the full degree to which the centre of the LCIS is fractured is not known. However,

uniform high probability, while an indication of heavy fracturing is likely an overestimation.

Observation agrees with our model that the calving front of the LCIS has experienced heavy

fracturing. Including during the calving of iceberg A68. The input data has no non-fractured

locations in these regions, which likely contributes to the lack of detailed predictions. Mod-

elled fracture probabilities are the most detailed around the grounding line and surrounding

inlet glaciers because most of the indexed points are in these regions. In the southeast of the

ice shelf around the Hollick-Kenyon peninsula, large rifts can be seen in modelled fracture

probability as lines of low probability where the ice has separated (Figure 5.5).
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Figure 5.4: The fracture prediction of the high-resolution fracture index model p(y = 1|x)

as a function of the predictors x for the grid locations in the ISSM datasets. On the left is

the predicted fracture probability (posterior mean) of the fixed and random effects. On the

right is the posterior variance (Right) of the fixed and variance effects.

GVIIS is poorly indexed when using a strict condition for image resolution (Figure

5.1). At the centre of GVIIS (categorised as the entire region not directly near either ice

front), the model predicts high fracture probability along the Palmer Land grounding line

(Figure 5.4). Moving toward the Alexander Island grounding line, the probability decreases.

At the northern front, we see it continue to predict fracturing at the Palmer Land ground-

ing line, the high probability at the calving front, and this increased probability continues

upstream of the front, agreeing with observations (Figure 5.6). The southern fronts and the

surrounding region has a high fracture probability. However, the model predicts fractures on

the left and right sections of the southern front and lower probability on the middle section
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Figure 5.5: Comparison of fractures in the southeast section of the Larsen C between images

acquired on August 22, 2016, with the Multi-angle Imaging SpectroRadiometer (MISR)

taken from the NASA Earth Observatory images by Jesse Allen (Left) and HRM estimated

fracture probability (Right). Rifts from the Gipps ice-rise and Hollick-Kenyon peninsula are

visible in both.
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of the front. Observations show that the middle section is highly fractured and has retreat

the most. The Eklund Islands are a series of small islands the is in the centre of the southern

front. Low probability predictions could be these islands.

Figure 5.6: Landsat 8 image of the northern George VI ice shelf from January 19, 2020.

Lateral fracture from Palmer Land are visible.

We applied the model to a pre-collapse map of the WIS to test its performance on

the "bridge" attached at Charcot Island (Figure 5.4). The model predicted high fracture

probability on either side of the bridge with a lower probability in the centre of the bridge,

agreeing with observed fracture patterns at the time of collapse (Scambos et al., 2009)
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(Figure 5.8). The section of the front north of the bridge was also predicted to have a high

fracture probability; the centre was predicted to be somewhat fractured. The model predicts

a rift parallel to the northern front (thin line of zero probability). From satellite images, it

has been observed that the northern front retreated approximately to this rift following the

bridge collapse.

Random effects allow variation between ice shelves to be incorporated rather than

being ignored. If the random effect is non-zero, that indicates that the fixed effects do not

fully describe the data, and some ice shelf specific variation occurs. Away from the inducing

points and the kernel, influence the posterior variance of the random effects increases (Figure

5.7). As mentioned, lengthscale is a similarity measurement between adjacent points. As

the lengthscale of 0.1 is small, the influence is limited to close fractures (Figure 5.7).
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Figure 5.7: On the left is the posterior mean of the random effects for the high-resolution

fracture index model p(y = 1|x). The posterior variance of the random effects for the high-

resolution fracture index model p(y = 1|x) is on the right. The sections where random effects

are non-zero influence the fixed effects, hence influencing the fracture probability.

5.5.2 Low resolution

We trained the model with the low-resolution fracture index data, we will refer to this as

the Low-Resolution Model (LRM). After multiple simulations in which we trained the model

on the whole low-resolution fracture dataset, an appropriate value for the lengthscale was

determined to be 0.5. For the remainder of the simulations, we withheld 50% of the fracture

dataset split randomly. Due to limitations of the GPflow framework, the number of inducing

points used was limited to only 100 when training the model on the complete fracture dataset.
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H

Figure 5.8: WIS ice bridge before collapse in 2007 (left) and after collapse in 2009 (right),

both images are from ESA ENVISAT.

We were able to increase this to 150 when training the model on the training set only. We

predict that the model would better fit the data if the number of inducing points were

increased.

A MAP model estimates the initial values for the hyperparameters. For the LRM the

classification rate on the training set was 0.8226. After running the HMC the hyperparameter

values are 0.614 and 8.1 for the fixed and random variance, respectively (Figure 5.9). To

satisfy the convergence criteria, HMC ran for 15000 iterations with a burn-in of 5000. The

distributions indicate that all predictors excluding ice thickness are statistically significant

as they are all set away from 0. The most important predictors are effective and principal,

stress and strain (Figure 5.10). However, while many of the predictors are statistically

significant, few are set that far from 0; after running multiple simulations, the test data

miss-classification rate is 20%± 8%.
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Figure 5.9: Evolution of the LRM hyperparameter (θ = (σ2
fixedI, σ

2
randomkλ)) values as a

function of the Hamiltonian Monte Carlo (HMC) iterations.

Predictions for the fracture probability for the northern calving front of the LCIS are

high, agreeing with observations about that region. Fracture probability is high along the

grounding line as expected (Figure 5.11). The centre and southern regions have large areas

of overestimation and underestimation, likely due to errors in the fracture indexing.
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Figure 5.10: LRM Posterior distributions of the predictor coefficients after 10000 samples

- y-axis is the number of samples, x-axis is the coefficient. All of the distributions are set

away from 0 suggesting that the correlation to fractures are statistically significant.

The prediction for the northern half of the GVIIS did capture the fracturing around

the grounding line at Palmer Land. However, it did not perform well at the northern calving
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front (Figure 5.11). Fracture probability was near zero at the front, continuing away from

the grounding line across the entire northern half of the ice shelf. The model continued

to perform well at the Palmer Land grounding line; however, it underestimated fracture

elsewhere. The southern front does have a higher probability in the middle section, which

agrees with observations.

5.5.3 Lengthscale

The lengthscale λ, impacts the influence of the kernel function. The RBF kernel, defined in

equation 5.8, is a similarity measurement of the coordinates zi that determines the correlation

between points. To show this, consider points z and z
′ that are λ apart. From equation

5.8 this gives exp(−λ2

2λ2 ) = exp(−1
2
) ≈ 0.61, highly correlated. If z and z

′ are 2λ apart,

exp(−2) ≈ 0.14, slightly correlated. If z and z
′ are 4λ apart, exp(−8) ≈ 0.0003, basically

independent. Hence, the lengthscale determines the distance that points are correlated. If λ

is large, points within a large area will be correlated. As we assign the prior of the random

effect to be a Gaussian process (Equation 5.7), λ determines the influence of the random

effects. To highlight this, we train four models on the high-resolution fracture index data

with the lengthscales 0.1, 0.25, 0.5 and 1. The estimated fracture probability and random

effects give insight into the impact of the lengthscale.

Figure 5.13 has the random effects from the four models. As we increase the length-

scale, the distance the influence of the random effects increase. In Figure 5.13 (bottom right)

λ = 0.1 (as in the HRM) the random effects only have a small influence. As λ increases, we

see that radius of the random effect increase also, In Figure 5.13 (top left), where λ = 1,

the random effects have a strong influence. This greatly impacts fracture probability (Fig-

ure 5.14). If we compare with the λ = 0.1 model, when λ = 1 the estimated probability

for each ice shelf is smoother, there are fewer transitions between high and low probability.
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Smoothing is a characteristic of changing of increasing the lengthscale in the RBF kernel. If

we make λ too large, the predictions will miss so much detail that the model is not useful

(arguably as in the λ = 1 model); however, if λ is too small, noise will be introduced into

the model hiding and important patterns in the data.

5.6 Discussion

While both models performed well, the high-resolution model (HRM) performed better than

the low-resolution model (LRM) in the training sets MAP model estimation and had a

lower misclassification rate uncertainty on the test set partly explained by the posterior

distribution of the predictor variables. Most predictors are statistically significant in both

models; however, none of the predictors was set far from zero for the LRM. Comparing the

posterior means of the random effects, we can see that the HRM had less influence from

random effects suggesting that the fixed effects did a better job predicting the data than the

LRM unsurprisingly, as the high error level is present in the LR fracture dataset.

While there is evidence of surface fractures in the centre of the LCIS, suture zones play

a vital role in the stability of the LCIS. Suture zones appear smooth due to the lack of heavy

fracturing observed in other regions (McGrath et al., 2014). However, the heterogeneity

that defines them likely takes the form of many more minor fractures. Easily covered by

surface accumulation. Even though they have different fracture profiles, our models do not

distinguish between suture zones and meteoric inflows. A lack of the correct predictors and

detailed indexing plays a role; however, our model does not attempt to determine fracture

depth or size; only the probability of a fracture is present.

Holt is the most comprehensive index of GVIIS surface structure. That study found

that the grounding line of Palmer Land is littered with crevasse zones (in the context of
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this study are heavily fractured regions). Inlet glaciers flow from both Alexander Island and

Palmer Land; however, the glaciers from Alexander Island are much smaller. Compressive

forces from Palmer Land glaciers act on Alexander Land limiting to fractures around the

Alexander Island grounding line. The majority of the ice in the GVIIS comes from Palmer

Land. Both our model results fit well with these observations. Higher fracture probability

was predicted along the Palmer Island grounding line. The HRM better predicted the frac-

turing patterns of the northern front of GVIIS. The LRM predicted low fracture probability

for this region even though it experienced significant fracture and calving. Observation by

Holt and Glasser (2022) found a strong link between declining sea ice concentrations and

calving at the northern front of GVIIS, warm water travels to the ice front through sub

surface channels and melts sea ice and thins the front. Furthermore, this process may lead

to fractures at the ice front, suggesting that the underestimation in this region is due to the

absence of sea ice concentration and movement of warm water toward the ice front. How-

ever, the LRM better predicted the observed fracture pattern of the southern front. The

south front of the GVIIS has three smaller fronts separated by ice rises. The observations

have shown that the middle front is the most fractured and has seen the most retreat, which

matches the prediction from the LRM. The HRM overestimates the fracturing of the left

and right fronts and underestimates the middle front.

Manual fracture/non-fracture indexing has limitations. One practical issue is that

it is impossible to keep space between points consistent, which could lead to errors in the

model’s training. The absence of high-resolution images in key ice shelves regions is the

most significant limitation of fracture models based on historic fracture indexing. This

study has investigated an alternative method by the inclusion of lower resolution data with

mixed results. Future work could compromise and employ relaxed indexing criteria for image

resolution while only indexing what is visible in the images.

This study intends not to replace the damage modelling approach but rather be used
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in conjunction with it. In our HRM, the damage is a strong predictor (Figure 5.3). The

motivation for calculating damage is not to predict all surface fractures. Damage is a measure

of elevated strain rate due to a fracture or region of fractures. Not all fractures have this effect

on strain rate. We believe a joint statistical-physical approach will be the most successful.
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Figure 5.11: The predictions of the high-resolution fracture index model p(y = 1|x) as a

function of the predictors x for the grid locations in the ISSM datasets. On the left is the

predicted fracture probability (posterior mean) of the fixed and random effects. On the right

is the posterior variance (Right) of the fixed and variance effects.

131



5.6. DISCUSSION

Figure 5.12: On the left is the posterior mean of the random effects for the low-resolution

fracture index model p(y = 1|x). The posterior variance of the random effects for the high-

resolution fracture index model p(y = 1|x) is on the right. The sections where random effects

are non-zero influence the fixed effects, hence influencing the fracture probability.
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Figure 5.13: Estimate of the random effects of 4 models with different lengthscales (λ) λ = 1

(top left), λ = 0.5 (top right), λ = 0.25 (bottom left), λ = 0.1 (bottom right). As the

lengthscale increases the random effects have more influence.
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Figure 5.14: Estimated fracture probability (posterior mean) of 4 models with different

lengthscales. All models use the high-resolution dataset. λ - λ = 1 (top left), λ = 0.5

(top right),λ = 0.25 (bottom left),λ = 0.1 (bottom right). As the lengthscale increase the

estimated probability becomes smoother.

134



5.7. CONCLUSIONS

5.7 Conclusions

In this paper, we present a mixed effect Gaussian process fracture model sampled via modern

statistical techniques that allow the application of MCMC to large data. This is a mathemati-

cally rigorous approach to using statistical methods to predict ice shelf surface fractures. The

use of random effects enables us to run simulations with ice shelves with different geometries

and flow mechanics. Crucial if a statistical-physical combined approach is to be implemented

into full ice sheet models. In both the LRM and HRM, the model performed well on unseen

data. Overall, HRM performed better on unseen data and matched observations closer in

key areas. However, overestimation is high in some regions, particularly the centre of the

LCIS and suture zones that are known to have different fracture patterns are not visible

(Borstad et al., 2017). We believe there are two main contributors to poor results in some

regions. Firstly, the high-resolution fracture index dataset is sparse and is poorly spatially

distributed. This caused some regions to be poorly described by the data and limited the

influence random effects can have. Secondly, the choice of predictors may not describe the

data that well. (King et al., 2018) shows the potential for ground-penetrating radar-analysis

to study the internal structure of the Brunt Ice shelf; this method would greatly improve the

fracture indexing process. We chose to use flow parameters for our predictor variables that

all play a role in fracture formation; however, other glaciological and climate variables could

likely improve the model.

Future work will explore estimating future probability from transient physical models

over the next 100-years under potential forcing scenarios. Fracture indexing remains the

biggest hurdle for this type of classification model. We suggest that until a better indexing

method is developed, high-resolution images are used as they better fit observed fractures in

key areas.
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Chapter Six

Damage evolution and future fracture

probability for Antarctic Peninsula ice

shelves.

6.1 Aims

The primary aim of this chapter is to predict AP ice shelf fracture probability under various

future RCP scenarios. To do this the following aims are set:

• Using suitable SMB and BMR projection, force 100 year ISSM simulations that rep-

resent the RCP2.6, 4.5, 8.5 greenhouse gas pathways.

• Apply the model framework to the projections to predict AP ice shelf fracture proba-

bility.

These will address the final research gap set out in Chapter 1. This will be done

by utilising the mixed-effects Gaussian Process model presented in Chapter 5. This model
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utilises random effects to deal with dependant adjacent fractures, allowing the model to

predict multiple ice shelves in one model. In order to sample the posterior distribution

efficiently, we incorporate a Hybrid Monte-Carlo sampling scheme developed by (Hensman

et al., 2015). To do this, we first use the Ice Sheet System Model (ISSM) to calculate flow

parameters for a current and transient simulation, including a damage evolution module.

The transient simulation is forced by varying the surface mass balance and basal melt rate

to generate a set of predictors under four possible climate scenarios. Using SMB and BMR

projections, we can force the model to represent the RCP2.6, 4.5, and 8.5 greenhouse gas

pathways. We also run an unforced transient model such that SMB and BMR remain

unchanged. These results act as predictors to model fracture probabilities and estimate

potential ice shelf evolution over the next 100 years. We discuss this in detail in section

2. We train the statistical fracture model with a fracture datset as the response variable

produced by manually selecting fractured and non-fractured locations from high-resolution

images from Google Earth Pro and a non-transient ISSM simulation as the predictors, similar

to the previous chapter. Section 3 will cover the statistical model and how we sample the

posterior in detail. Using the trained model, we can estimate fracture probabilities for each

RCP scenario.

6.2 Background

Over the last century, the AP has warmed by approximately 4◦ C, which exceeds the air

temperature warming of both the global mean and the rest of AIS (Vaughan et al., 2003).

Over the 21st century, warming has slowed to a level consistent with natural variability due

to frequent cold winds and the advection of sea ice in the Weddell Sea (Turner et al., 2016).

Warming of this magnitude has far-reaching implications that can be observed in reducing

seasonal sea ice, an increase in melt days, and rising precipitation. The key to future AP ice
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shelf stability is the global climate emissions over the next century. According to the IPCC

Sixth Assessment Report, if emissions continue to rise as they have over the last century,

the best estimate of global temperature increase by 2100 is 4.4◦ C past pre-industrial levels

(IPCC, 2021). This warming would further exacerbate the adverse effects we have seen and

cause southern migration for the thermal limit for ice shelf viability (Morris and Vaughan,

2013). AP ice shelves will be at risk of collapse and potentially destabilising the whole region.

The signing of the 2015 Paris Agreement has laid out the goal of limiting temperature rise

to 2◦ C over the next 100 years, the 2021 Glasgow Climate Pact has lowered the aim to

1.5◦ C. Meeting the target could avoid much of the potentially irreversible damage caused

by ice shelf collapse (DeConto and Pollard, 2016; Rintoul et al., 2018). However, it is likely

that even under the best scenario, further retreat is inevitable.

Changes in surface and basal conditions of the AP ice shelves play an essential role

in the significant retreat events of the AP’s largest ice shelves. The primary mechanism

for instability is thought to be fracture propagation due to hydrofracture (Lai et al., 2020;

Robel and Banwell, 2019). The firn layer which, acts as a buffer to surface meltwater,

becomes saturated when excess meltwater is present. The excess water collects in preexisting

crevasses. The resulting hydrostatic pressure causes the propagation of crevasses, potentially

destabilising the ice shelf. Underneath the ice shelf, basal melt induced by the circulation of

warm water within the ice shelf cavity is further destabilising the ice shelf through thinning

and basal crevasses that are also able to propagate similarly from high water pressure (Veen,

1998). Increased volume of crevasses and rifts inevitably lead to increased calving (Albrecht

and Levermann, 2014; Krug et al., 2014; Scambos et al., 2009). Calving and basal melt are

the primary mechanisms of ice shelf mass loss (Depoorter et al., 2013). The area lost through

calving leads to instability and a reduction in buttressing of tributary glaciers. Continued

retreat of the calving front can lead to the collapse of the compressive arch, an essential

protective mechanism that all ice shelves feature. The arch traverses the entire width of an
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ice shelf. If calving breaks the compressive arch, a significant retreat will occur until the ice

shelf reaches a new stable front (Holland et al., 2015). Couple the increase in fracture with

the elevated risk of ocean swell as a result of decrease protection from sea-ice, ice shelves

can transition from seemly stable to significant retreat with little warning (Massom et al.,

2018).

6.3 Data and Climate Scenarios

6.3.1 Basal melting and surface mass balance

Basal melt is the largest ice shelf ablation source across Antarctica. The degree of melt

under each ice shelf varies due to local ocean temperature and shelf thickness (Depoorter

et al., 2013). Deep grounding lines are more at risk of basal melt, and grounding line melt

has a more significant impact on ice shelf and glacier dynamics (Rignot et al., 2004). The ice

shelves that calve into the Amundsen and Bellingshausen Sea on the West Antarctic ice sheet

and AP have the highest melt rates of the whole AIS (Rignot et al., 2013). Oceanic heat

transport from an enhanced inflow of circumpolar deep water that is above 0◦ C contributed

to the increase in basal melt under the Bellingshausen sea ice shelves (Schmidtko et al., 2014;

Meredith and King, 2005). Since the early 1990s, glaciers that drain from western AP sped

up by 13% with the worst affected being those that grounded more than 300 m below sea level

(Hogg et al., 2017). Increased wind strength contributes to the mixing of circumpolar deep

water with water on the continental shelf normally colder (−1.8◦ C) (Dinniman et al., 2012).

Conversely, the Ross and Ronne ice shelves contribute little to the overall melt considering

their massive size due to the cold water circulating within their cavities (Pritchard et al.,

2012).
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The resulting thinning from high basal melt rates results in instability and is a precon-

dition for retreat (Vieli et al., 2007). The thinning and acceleration of fast-flowing tributary

glaciers coincides with thinning in the corresponding ice shelf via a reduction in buttress-

ing (Reese et al., 2018). Basal melt rate plays a crucial role in surface lowering of the AP

ice shelves, notably the George VI Ice Shelf (GVIIS) and Wilkins Ice Shelf (WIS) on the

Bellingshausen coast (Adusumilli et al., 2018). Firn processes rather than basal melt were

thought to be the primary driver of lowering on the LCIS (Pritchard et al., 2012); however,

more recent studies have found that they could both play an important role (Holland et al.,

2015). Adusumilli et al. (2018) found that under the LCIS, the basal melt is concentrated

around the Bawden Ice Rise, a major pinning point that stabilises the LCIS.

Surface Mass Balance is the difference between the processes of accumulation and

ablation on the surface of a glacier. It plays an essential role in the overall mass balance and

ice dynamics. Long term trends show an increase in melt days across all ice shelves (Barrand

et al., 2013). The mass-loss rate of the AIS increased each decade between 1979 and 2017

by 280%. Of the total ice loss, 17% came from the AP, a large proportion given its small

size (Rignot et al., 2019). Ice dynamics is the most significant contributor to ice loss. SMB

anomalies were positive between 1979 and the 1990s before becoming negative from then

on (Rignot et al., 2019). As warming continues, the average precipitation rate for multiple

CMIP5 models is projected to increase by approximately 7.4% per 1◦ C (Palerme et al.,

2016). The increase in precipitation could help mitigate the mass loss from addition ablation

due to melt in a scenario of moderate temperature increases, particularly on grounded ice

where run-off is not expected to increase to compensate (Kittel et al., 2021). However, for

floating ice, the run-off associated with higher temperatures would cause a decrease in SMB.

Therefore, for ice shelves to reach a similar stable SMB as they have now, the trajectory

of temperature increase under current anthropologic forcing would need to be decreased, as

outlined in the Paris Agreement, to keep within this moderate range. If increased melting
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can continue, the decrease in negative SMB will lead to irreversible ice shelf instability (Kittel

et al., 2021). Warming of 4◦ C would lead to 67% on AP ice shelves becoming vulnerable to

collapse (Gilbert and Kittel, 2021).

6.3.2 Fracture index data from satellite images

Our study area includes the LCIS, WIS, and GVIIS. These are the largest of the AP and

most important for the stability of the region. Indexing fractured, and non-fractured location

is an expensive and challenging task. There is no way of automating the process available;

therefore, it must be done manually. Satellite images of a suitable resolution are sparse over

the ice shelf surface. Non-fractured locations are particularly difficult as the only way to

ensure that fractures are not covered by fresh snow is to locate blue ice areas. These are

few and far between and limited near the grounding line. Further uncertainty arises through

the process of manual classification. It is impossible to space out points consistently. The

fracture index method is similar to the method used by Emetc et al. (2018). Google Earth

Pro images are used to detect fractures from high-resolution images (10 m) manually. Emetc

et al. (2018) made the fracture location data they produced available. We have updated this

datset for this study by using new satellite imagery available through Google Earth Pro.

The result is a sparse datset with a cluster of fractured and non-fractured points. GVIIS

is very poorly indexed due to a lack of high-resolution images that are not snow-covered

(Figure 6.1). In the previous chapter, we investigated using much looser criteria from image

selection in which we used the best available image. This resulted in a far more extensive

but less reliable datset. The high-resolution model performed slightly better on unseen data.

When we compared the fracture probability from each model with satellite images, the higher

resolution datset better matched known fracture locations. We concluded that using higher

resolution sparse data is preferable.
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Figure 6.1: AP map with observed fracture locations (red points), observed non-fracture

locations, and inducing point locations on the LCIS, GVIIS, and WIS ice shelves. Inducing

points reduce the effective size of the data to reduce the computational expense of sampling

the posterior. The inducing point locations are calculated using a K-means cluster algorithm

with 200 centroids, giving 200 inducing points.
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6.3.3 ISSM setup

ISSM is an open-source model developed by the University of California at Irvine and the

Jet Propulsion Laboratory to model the evolution of the ice sheets (Larour et al., 2012).

It is capable of solving stress balance equations in both 2D and 3D (full stokes), utilises

finite element modelling, and anisotropic mesh refinement that can use unstructured meshes

to more accurately model areas with more complex dynamics while saving computational

resources on other areas, and inverse methods to infer unknown parameters. SSA was more

appropriate than the full stokes model for floating ice and allowed the damage calculation,

which is incompatible with the full stokes model. We ran simulations for the LCIS, GVIIS,

and WIS that solved stress balance equations to calculate the flow parameters that acts as

the predictors needed to train the statistical model. Cost functions for inversion were tuned

manually such that modelled velocity was a good match with observed velocity.

The setup used for our simulations are as follows: Basal melt is taken from Adusumilli

et al. (2018). Bed topography is taken from BedMachine (Morlighem et al., 2020). SeaRISE

is used for climate forcing, including air temperature, surface mass balance, upward geother-

mal heat flux, and the calculation of ice thickness (Bindschadler et al., 2013). Surface

temperature is used as the steady-state depth-averaged ice temperature over each of the ice

shelves. Ice front boundary is assigned a Neumann boundary condition. The rest of the

lateral boundary is assigned a Dirichlet boundary (observed velocity). The upper surface

is stress-free. Grounding line position is determined using a flotation criteria. Friction is

applied between the ice and bedrock. Floating ice has no friction. Velocity observations are

taken from (Rignot et al., 2011a).
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6.3.4 Predictors

We calculate the flow parameters that act as predictors for all ISSM simulations. For a brief

overview, see Table 6.1. The predictors used are a subset of the predictors from chapter 5.

For completeness, in this subsection, we give details on how the predictors for the statistical

model are calculated and their relationship to fracture formation. These same predictors are

calculated for future climate simulations.

Damage

Damage is a state variable that represents changes in materials rheological properties due to

degradation. When modelling ice as a purely viscous material, this translates to increases in

strain rate due to ice fracture. It does not predict fractures themselves or fractured regions

that do not affect strain rate. Damage is calculated as in Borstad et al. (2013) in which a

partition of inverse method solution is implemented to calculate separate and independent

solutions for damage. These calculations rely on the inverse solution to ice rigidity (B) and

an initial ice rigid estimation. These results become boundary conditions for the transient

simulation.

The damage calculation can be made as follows:

D = 1−B1/BT (6.1)

where B1 is the inversion of rigidity, BT is initial rigidity D ∈ [0, 1]. The main

uncertainty of the calculation is from the estimation of BT , due to the often unknown ice

temperature that is difficult to measure accurately. Backstress can also be calculated using

inverse methods, as in chapter 5. However, as it cannot be calculated in the transient
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simulations, we leave it out.

Principal and effective stress

This study opts for a shallow shelf approximation model; therefore, transverse and longitudi-

nal stress is neglected. Velocity observations are used to calculate the principal and effective

stresses. Stress is a significant predictor to include in the model as increased stress is the

direct course of fracture formation. As ice is subjected to increased stress, it becomes brittle

as it moves from an elastic state to a ductile one (Jaeger, 2009).

Principal stresses are the maximum and minimum values of the normal stresses when

the plane is orientated so that the shear stresses are 0. The sign of the principal stresses

determines whether the stress being applied is compressive or tensile.

Given that the deviatoric stress σ′ is given by:

σ
′
=


σ

′
xx σ

′
xy 0

σ
′
xy σ

′
yy 0

0 0 −σ
′
xx − σ

′
xy

 (6.2)

The effective stress σ′
e can be calculated as follows:

σ
′

e =
√
σ′2
xx + σ′2

yy + σ′2
xy + σ′

xxσ
′
yy (6.3)

Principal and effective strain rate

Strain rate plays a crucial role in new fracture formation. Glacier ice has a critical strain rate

threshold that, once reached, will result in crevasse formation (Vaughan, 1993). The value
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of the threshold varies depending on the conditions of the ice, such as rheology properties,

firn density, and water and debris inclusions (Campbell et al., 2013).

Given that u and v are horizontal components of observed surface velocity, the prin-

cipal strain rates can be calculated from the matrix.

ε̇ =


∂u
∂x

1
2
(∂u
∂y

+ ∂v
∂x
) 0

1
2
(∂u
∂y

+ ∂v
∂x
) ∂v

∂y
0

0 0 −∂u
∂x

− ∂v
∂y

 (6.4)

Effective strain can then be approximated by:

ε̇e =
√

ε̇2xx + ε̇2yy + ε̇2xy + ε̇xxε̇yy (6.5)

Thickness and velocity

Ice shelf thickness affects an ice shelves resilience to fracture, length and depth of fracture

propagation. Thickness data is taken directly from BedMachine Morlighem et al. (2020).

Changes in ice shelf velocity can impact the stress dynamics leading to the formation of

fractures. Velocity observations are taken directly from InSAR (Rignot et al., 2011a; Rignot

et al., 2011b).
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Predictor Calculation/Description

Observed Velocity Taken from inSAR (Rignot et al., 2011a)

Damage Calculated as described in Borstad et al. (2013)

Principal stresses Calculated using equation 6.2

Effective stress Calculated using equation 6.3

Principal strain rates Calculated using equation 6.4

Effective strain Calculated using equation 6.5

Thickness Taken directly from BedMachine (Morlighem et al., 2020)

Table 6.1: Predictor parameters and the method use to calculate them or data source.

BMR (m/yr)

Label SMB (m.w.e.) LCIS GVIIS WIS

Scenario 1 (No forcing) 0 0 0 0

Scenario 2 (RCP2.6) -0.5 0.1 1.1 0.6

Scenario 3 (RCP4.5) -1.0 0.2 2.2 1.3

Scenario 4 (RCP8.5) -1.5 0.3 4.2 2.5

Table 6.2: The forcing applied to the 4 transient simulations of the Larsen C Ice Shelf (LCIS),

George VI Ice Shelf (GVIIS) and Wilkins Ice Shelf (WIS), representing varying RCP scenar-

ios. Surface Mass Balance (SMB) projections are from Kittel et al. (2021) and consistently

changed for all ice shelves. Basal Melt Rate (BMR) projections are from Naughtena et al.

(2018) and vary independently. All forcing is applied linearly from the beginning of the

simulation for 100 years.
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6.3.5 Transient simulation setup

A transient simulation computes the flow predictors as a function of time. These outputs

will be used to estimate fracture probability with the trained statistical model. ISSM can

calculate thermal solutions, stress balance, mass transport, and other modules in a transient

run. The model calculates the solutions at each time step. Time step length can be the

same interval each iteration or varying duration based on Courant–Friedrichs–Lewy condi-

tion. In this study, the time step is 0.2 years for all simulations. The simulations ran for

100 years (500-time steps). For the thermal model, heat transport equations are derived

from the balance equation of internal energy (Aschwanden et al., 2012). The stress balance

equations are the equations that describe the following physical principles. The conservation

of linear momentum states that momentum is constant in a closed system, and momentum is

conserved when objects interact. The law of conservation of angular momentum states that

no change in angular momentum will occur when no external torque acts on an object. The

constitutive equations for ice state that ice is a purely viscous incompressible material and a

non-Newtonian fluid. Our simulations use a shallow shelf approximation (SSA) that assumes

vertical shear is negligible. The mass transport equation is derived from the depth-integrated

form of the conservation equation.

We include the damage evolution module in our simulations as we believe it will

be a crucial predictor in our statistical model. This module is still under development by

the model development team, so the fully analytical law for damage evolution described in

(Borstad et al., 2012) is not yet available. A framework outlined in (Pralong and Funk, 2005)

is available; however, the validity of this framework for larger-scale simulations is unknown.

Results using this framework on Alpine glaciers have been highly accurate. Since the model

focused on Alpine glaciers, ice temperatures are assumed to be close to the melting points.

The AP is the warmest region of the AIS, suggesting that this model is appropriate. However,
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other regions would need to use the analytical solution. Note that we do not update ice shelf

geometry throughout the transient simulations, so retreat is not considered. However, under

higher forcing scenarios, retreat would undoubtedly take place over the simulation period.

6.3.6 Forcing selection

In order to estimate fracture probability under future climate scenarios, we forced SMB and

BMR in our transient simulations guided by projections under similar warming scenarios from

Kittel et al. (2021) and Naughtena et al. (2018) respectively. We present 4 warming scenarios,

3 based on Representative Concentration Pathways (RCP), which represent greenhouse gas

concentrations depending on emissions and 1 scenario with no forcing (SMB and BMR are

consistent throughout the transient simulation). RCPs are calculated using the fifth phase

Coupled Model Intercomparison Project (CMIP5) experiment; this has been updated to

the sixth phase CMIP6, which has equivalent update concentration pathways called shared

socioeconomic pathways (ssp). The pathways represented in this study are RCP2.6/ssp126,

RCP 4.5/ssp245, and RCP 8.5/ssp585. If one of the desired scenarios is missing, we make

the first-order estimation based on context.

Kittel et al. (2021) projects SMB up to 2100 using the Modèle Atmosphérique Régional

model forced by various climate scenarios including the updated CMIP6. They find SMB

decrease over the projection period of up to 1.6 m.w.e. We use a conservative 1.5 m.w.e. for

the RCP8.5/ssp585 forcing. Guided by this, assign intervals between this and the no forcing

scenario (Table 6.2). Since SMB changes are largely uniform over the AP ice shelves, we

apply equally to all ice shelf regions for each scenario.

Naughtena et al. (2018) projects basal mass loss using the Finite Element Sea Ice/Ice

Shelf Ocean Model forced by the CMIP5 for the RCP4.5 and RCP8.5. The report projections
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for proportional basal mass loss change from ten years between 1996-2005 and 2091-2100.

These proportions guide the BMR forcing in this study. Due to high near-surface ocean

temperature on the west coast of the AP, GVIIS and WIS have a more significant increase

in BMR compared to LCIS (table 6.2).

6.3.7 Transient simulations

Scenario 1 has no forcing applied (Figure 6.2). The SMB and BMR stay constant throughout

the 100 year model period. The final outputs from these simulations are consistent with

finding from Adusumilli et al. (2018), positive SMB is not enough to balance out negative

BMR for the LCIS and WIS resulting in a reduction in ice volume. For the LCIS and GVIIS,

mean damage decreases and ice thickness increases. For the WIS, a slight increase in mean

damage occurs and, after an initial period of increasing thickness to returns to a similar

thickness by the end of the simulation.
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Scenario 1

(a) Larsen C (b) George VI (c) Wilkins

Figure 6.2: ISSM 100-year transient simulation of mean velocity (m/yr), mean damage,

thickness (m), and ice volume (m3/yr) for a) Larsen C Ice Shelf (LCIS) b) George VI Ice

Shelf (GVIIS) c) Wilkins Ice Shelf (WIS) under the no forcing scenario.

Under RCP 2.6 (Figure 6.3), we see a further decrease in ice volume for the LCIS and

WIS and a decrease in ice volume for GVIIS by the end of the model period. Mean damage

for the LCIS increases for around 30 years before decreasing close to its initial value. For

the GVIIS and WIS, the damage remains similar to the no forcing simulations. Overall we

see minor changes in flow parameters compared to the no forcing scenarios (except we see

GVIIS ice volume become negative); the increased negative SMB and BMR from warming
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of the air and oceans have been simulated to make significant changes.

Scenario 2

(a) Larsen C (b) George VI (c) Wilkins

Figure 6.3: ISSM 100-year transient simulation of mean velocity (m/yr), mean damage,

thickness (m), and ice volume (m3/yr) for a) Larsen C Ice Shelf (LCIS) b) George VI Ice

Shelf (GVIIS) c) Wilkins Ice Shelf (WIS) under the RCP2.6 scenario.

Under the RCP 4.5 simulation (Figure 6.4), we start to see more significant changes

when compared to the no forcing simulation. Ice volume dropped significantly for LCIS,

dropping by around 25% compared to around 5% with no forcing. GVIIS ice volume has

decreased by approximately 5% compared to an increase of a similar amount with no forcing.

WIS also saw further decreases in ice volume.
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Scenario 3

(a) Larsen C (b) George VI (c) Wilkins

Figure 6.4: ISSM 100-year transient simulation of mean velocity (m/yr), mean damage,

thickness (m), and ice volume (m3/yr) for a) Larsen C Ice Shelf (LCIS) b) George VI Ice

Shelf (GVIIS) c) Wilkins Ice Shelf (WIS) under the RCP4.5 scenario.

Under the RCP 8.5 forcing scenario simulations (Figure 6.5), mean damage increased

by the end of the simulation period for the LCIS, and the WIS increased further. The GVIIS

damage remained lower at the end of the simulation period than the start but was higher

than scenarios 1 and 2, finishing similar to scenario 3. Ice volume continued to decrease under

strong forcing, with the most significant change being that of the LCIS, which decreased 35%

over the simulation period. The ice volume of GVIIS and WIS decreased by around 13%
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and 29% respectively.

Scenario 4

(a) Larsen C (b) George VI (c) Wilkins

Figure 6.5: ISSM 100-year transient simulation of mean velocity (m/yr), mean damage,

thickness (m), and ice volume (m3/yr) for a) Larsen C Ice Shelf (LCIS) b) George VI Ice

Shelf (GVIIS) c) Wilkins Ice Shelf (WIS) under the RCP8.5 scenario.

6.4 Methods

We utilise a spatial mixed-effects Gaussian process regression model first presented in Chap-

ter 5. Gaussian processes have become a popular machine learning tool because they apply
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to many problems and accurately estimate their uncertainty. The Bayesian analysis enables

priors to be set on the hyperparameters. We must sample the posterior distribution to apply

Bayesian inference, which has proven to be a computationally expensive task on large data.

To combat this, we apply a hybrid variational and MCMC sampling scheme developed by

Hensman et al. (2015). This inference scheme offers a computationally inexpensive way to

sampling the posterior distribution using MCMC without making any specific requirements

of the covariance function or the data. MCMC sampling involves iteratively sampling the

function values and covariance parameters, requiring inversion of the covariance matrix for

each step. This cannot be applied to large datsets as it is computationally expensive. Varia-

tional methods are a group of techniques that find an approximation to intractable integrals

in machine learning problems (Jordan et al., 1999). The scheme we apply employs a vari-

ational inducing point approximation that reduces to a minimisation problem which, can

then be sampled using an efficient MCMC algorithm.

An essential consideration in regression models is dealing with the variation in physical

processes between ice shelves. Emetc et al. (2018) applied a logistic regression model to ice

shelf fractures for many ice shelf regions though out the whole AIS. That study grouped

each region by the set of predictors that closely matched its best-fitting model, and it can

then be assumed that the data in each group are independent. Logistic regression is a fixed-

effects model. Applying logistic regression to more than one ice shelf, as our approach aims,

would be problematic. The model assumes no ice shelf to ice shelf variability. If we fit the

model naively, a concern is it may train the model to differentiate between ice shelf regions

rather than learn about underlying physical processes and their relationship to fractures.

By introducing a mixed model with spatial random effect, we can model latent features to

tackle this in a more mathematically rigorous way. Random effects enable us to incorporate

the differences between ice shelves rather than ignore them.

Given that Yi is the binary fracture indicator at location i, xi is the predictors and zi
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is the coordinates of ith location. The model can be defined as follows:

ℓ(p(Yi = 1)) = xT
i β + g(zi) i = 1, 2, ..., n. (6.6)

where ℓ is a link function, we use a probit link function because of its ease of imple-

mentation, but a logit is also appropriate. The regression coefficients β are the fixed effects

and the function g are the random effects. We assume g varies slowly in space. This means

that g captures any other features of zi. If two points within close proximity are highly

correlated, it can be because of the random effect g rather than being independent of one

another.

To perform Bayesian inference on the model, we assign a prior on the parameters.

Priors represent our belief about the parameters.

β ∼ N(0, σ2
fixedI) g ∼ N(0, σ2

randomkλ) (6.7)

where kλ is the kernel on R2. We have defined g as a Gaussian process. A Gaussian

process is a generalisation of the Gaussian probability distributions, which are defined over

scalars or vectors. Gaussian processes are defined over functions. Since functions have an

infinite domain, a Gaussian process is a Gaussian random variable with infinite dimensions.

Any subset of its random variables has a multivariate normal distribution. A Gaussian

process is specified by its mean function and covariance function, also known as the kernel.

The kernel inputs 2 points z, z′∈Rn and outputs the similarity measure between them as a

scalar, k : Rn×Rn,Σ = Cov(X,X
′
) = k(z, z

′
). By evaluating all the points pairwise, the

kernel function calculates the covariance matrix. The choice of the kernel determines the

shape that the fitted functions can take. The kernel used here is the Radial Basis Function
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(RBF) kernel.

kλ(z, z
′
) = exp(−||z − z

′||2/2λ2) (6.8)

where λ is the lengthscale parameter. As kλ(z, z
′
) ∈ (0, 1) the closer 2 points are the

closer the similarity is to 1 (highly correlated), and the further away 2 points are the closer

the similarity is 0 (independent). The lengthscale is the kernel’s influence between points

(so how correlated those two points are). The hyperparameters (parameters of the prior

distribution) are θ = (σ2
fixedI, σ

2
randomkλ, λ). By assigning priors onto θ, we will learn them

in a fully Bayesian way. An important consideration is how we deal with the lengthscale

as its size determines the smoothness of the function. A lengthscale too small would risk

overfitting. In some situations, it would be better to set the lengthscale if we have apriori

knowledge of lengthscale that best fits the random variability. However, we elect to set a

prior on the lengthscale as this will give an in-site into how well our data predict fractures.

6.4.1 Variational Bayes

To perform inference in a Bayesian way we need to sample the posterior distribution which

is the conditional distribution of the parameters β, g, θ given the data {Yi, xi, zi}i=1,...,n. The

posterior is proportional to the likelihood times the prior:

p(β, g, θ|{Yi, xi, zi}i=1,...,n)∝
∏n

i=1
p(Yi|xi, zi, β, g, θ)p(β, g|θ)p(θ). (6.9)

by finding the marginal distribution, we can isolate the fixed effects β. The inference

scheme developed by Hensman et al. (2015) combines variational methods with MCMC by
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making an inducing point approximation. Inducing points methods (also known as sparse

GPs) reduce effective data by selecting a small subset of a total number of samples, thus

reducing the size of the covariance matrix. As discussed in chapter 5, to define the locations

of the inducing points, we use a K-mean clustering algorithm. The target number K is the

number of centroids that every fracture index point is allocated. The inducing points are

defined by these centroid locations (Figure 6.1).

We can rewrite the model as follows:

Φ(p(Yi = 1)) = xT
i β + g(zi) := f(xi, zi). (6.10)

Since xT
i β+g(zi) and g(zi) is Gaussian then f(xi, zi) is a Gaussian process, f ∼ N(0, k̃)

where the kernel is defined by

k̃((x, z), (x′, z′)) = σ2
fixedx

Tx′ + σ2
randomkλ(z, z

′) (6.11)

We will write f = ((f(x1, z1), ..., f(xn, zn)), and the target of out algorithm will be to

sample the posterior, which can be written as p(f, θ|Y ).

Variational methods introduce additional variables, known as variational parameters,

to transform the problem into an equivalent minimisation problem. Define q∗ as an approx-

imation of the posterior that minimises the KL divergence to the true posterior in some

family Q:

q∗(f, θ) = argmin
q∈Q

KL(q(f|θ)||p(f, θ|Y )), (6.12)

where the KL divergence is a similarity measure between distributions. To do this

Q needs to be defined. This is done by making the inducing point approximation (Sparse
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GP approximation) (Titsias, 2009). Let u = Lf for some linear operator L∈Rm×n with

m≪n, where m is the number of inducing points. We aim to approximate the joint posterior

p(f,u, θ|Y ). Since u is a function of f the joint posterior is the same as our target posterior.

We also know a priori that p(f|u, θ) is normal. We defineQ to be the family of distributions of

the form q(f,u, θ) = q(u, θ)p(f|u, θ). In the variational approximation, the marginal q(u, θ)

is unconstrained, but we restrict f|u, θ to have the prior conditional distribution.

It can be shown that the solution to the Variational Bayes problem is:

log q∗(u, θ) = Ep(f|u,θ)(log p(Y|f)) + log p(u|θ) + log p(θ)− logC (6.13)

where C is an intractable constant that normalises the distribution and is independent

of q. This variational approximation is then sampled with MCMC. MCMC can be applied if

we can calculate the log of the target distribution up to a constant. Therefore, if the right-

hand side of equation 6.13 can be calculated, MCMC can be applied. The authors make a

few observations to sample effectively. The first term in equation 6.13 is not known in closed

form; however, it can be approximated effectively by quadrature. The distribution can be

whitened by the reparameterisation u = Rv such that RRT = Kuu,v N(0, I). Resulting in

the optimal variational solution:

log q∗(V, θ) = Ep(f|u=Rv(log p(Y|f)) + log p(V) + log p(θ)− logC (6.14)

This transformation changes the shape of the distribution to be more spherical. In

chapter 5, we discuss the benefits of using the Hamiltonian Monte Carlo (HMC) over more

common MCMC schemes. In short, Hamiltonian Monte Carlo (HMC) is more efficient than

a standard random walk-metropolis as the only dependence on the number of samples n
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is a one time O(n) computation. The reduction in computational cost allows models with

significant data to be solved in a fully Bayesian way. A Maximum A Posteriori (MAP)

estimation is made to generate initial values for the hyperparameters, and these values are

then used for an estimate of the accuracy predicting the training data (referred to as a MAP

model) Matthews et al. (2017) developed the GPFlow python package that implements the

hybrid MCMC inference method used. GPFlow utilises the Tensorflow Architecture.

6.4.2 Convergence criteria

As with chapter 5, we need to ensure that we run a sufficient number of samples to be

confident in the results of the HMC. Convergence of HMC chain is tested by a potential

scale reduction R̂ test; this is a ratio between the average variance of each chain to the

average variance of the chains together. If the chain converges to a common distribution,

then the ratio will be close to 1. We follow standard practice by concluding an approximate

convergence if R̂ ≤ 1.2. Comparing each of the inducing point coefficients would be too

strict of a test. We limited it to the coefficients of the predictors and 10 randomly selected

inducing point coefficients, resulting in the number of burn-in steps and total samples being

5000, and 10,000 respectively.

6.4.3 Model training

To make predictions of the fracture probabilities of each climate scenario, we first train

the model using the fracture index data and the flow parameters calculated from the non-

transient ISSM simulation. As outlined above, we initialise the locations of the inducing

points via K-means. We set the number of inducing points to 200 for this simulation as

the model becomes unstable past this. The hyperparameters θ are given priors such that
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σ2
fixedI = Gamma(1, 1), σ2

randomkλ = Gamma(1, 1), and λ = N (0, 1). A MAP model esti-

mates the initial values for the coefficients, which had a classification accuracy of 0.988. We

drew 10,000 samples from the HMC discarding the first 5000; this met the convergence crite-

ria outlined in section 3. The hyperparameter values are σ2
fixedI = 17.55, σ2

randomkλ = 9.62,

and λ = 0.1 (Figure 6.7).

By investigating the posterior distributions of each of the predictors, we can determine

which of the proposed predictors are statistically significant. We can conclude statistical

significance if the distribution is set away from 0. From Figure 6.6, out of the 9 predictors

present in the model, 7 are statistically significant.. The principal stress 1 and principal strain

2 are not significant. It can also be determined that the strongest predictors are damage and

effective strain as they set furthest away from 0, with damage being significantly further than

any other variable. Damage and fractures are closely linked, as discussed in the previous

section. Velocity is significant; however, the confidence interval is not set that far away.

While velocity varies over each ice shelf, it is crucial to keep in mind the fracture index

locations. Most are around the grounding line and clustered together. Hence not capturing

the full range of velocities across ice shelves. For example, the ice of LCIS speeds up towards

the centre/front; however, as mentioned, this area has no fracture index points, so not all

behaviour is captured.
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Figure 6.6: Posterior distributions of the predictor coefficients after 10000 samples - y-axis

is the number of samples, x-axis is the coefficient. All but one of the distributions are set

away from 0 suggesting that the correlation to fractures are statistically significant.
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Figure 6.7: Evolution on the hyperparameter (θ = (σ2
fixedI, σ

2
randomkλ), λ) values as a function

of the Hamiltonian Monte Carlo (HMC) iterations.

We can now make predictions using our model across all three ice shelf regions. Given

how few fracture index points are available, the model can pick up some interesting details

with the fracture probability (Figure 6.8). Starting with LCIS, the model over predicts

the centre of the ice shelf, as expected given the fracture indexing. Fracture probability is

much lower of grounded ice with the start of the high fracture probability at the grounding

line, an area that we know to be particularly fractured from the fracture index data and

satellite images. The southeast region is reasonably well observed and is known to feature

large rifts. From Figure 6.8 we can see this is modelled in good detail. A rift can is visible

by the blue line where the ice shelf has separated. This rifting can also be visible in the

Northwest of the ice shelf near the Bawden ice rise. The prediction for the GVIIS shows

high probabilities at the northern front, which is well documented to be highly fractured

through satellite observations. At the southern front, we also see high fracture probabilities,

as documented in observations. Away from the front, we see areas of high fracture probability
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at the grounding line where the ice shelf meets Palmer Land. These fractures are visible in

Google Earth at a low resolution from the large tributary glacier of the ice shelf. We also

see high probabilities at some points of the grounding line with Alexander island. As the

ice flows laterally across from Palmer Land, sections of that grounding line become heavily

fractured. For the WIS, we see high fracture probability at both fronts. However, both

contain a small strip with a reduced probability. We believe this to be an error in the ice

shelf boundary rather than a predictive flaw. The ice bridge that connects the ice shelf to

Charcot Island collapsed in 2009. There are two interesting observations to be made about

the model results here. Firstly fracture probability on either side of the bridge is greater than

that of the centre, coinciding with the pattern of treat where long thin icebergs calved from

either side of the ice bridge. This collapse occurred in the Austral winter and was driven

by bending stresses rather than summer melt Braun and Humbert (2009) and is seen in the

model output. Secondly, there is a clear change back to high fracture probability toward the

rest of the ice shelf, matching up to the new front post-collapse.
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Figure 6.8: Model prediction of training data as a function of the predictors x for the

grid locations in the ISSM datasets. The plot contains the estimated fracture probability

(posterior mean) (left) and posterior variance (right) of the function p(y = 1|x).

The variance of the posterior acts as we expect, such that it is high in areas in

regions that change between high and low fracture probability. While we are not particularly

interested in random effects on their own, plotting them gives insights into how they act on

the model. Figure 6.9 shows the magnitude the random effects have at the fracture index

locations. Since λ = 0.1, this means that points within 0.1 degrees of each other are highly

correlated, and the further they get, the less correlated they are. A small variance could

suggest that the set of predictors does not entirely describe the data. Considering that we

use a small number of predictors, this is likely a factor. However, the scale of an ice shelf

translates to the scale of the width of a tributary glacier. The random-effects variance shows

a sharp transition between the fracture index locations and areas where the random effects
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are 0. These transitional areas have the greatest uncertainty.

Figure 6.9: Prediction of the model p(y = 1|x) s a function of the predictors x for the grid

locations in the ISSM datasets. Posterior mean of the random effects (Left) and posterior

variance of the random effects (Right) of the function.

6.5 Results

We applied the trained mixed effect model to each transient simulation to predict fracture

probability changes under our forced climate scenarios. Before we make these predictions,

we must consider how to interpret the random effects going forward. Random effects are

calculated around the inducing points, which are positioned around observed fractures. The

positioning of the inducing points raises a question of the validity of including random effects

when predicting fracture probability for 100-year simulations.
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In the following subsections, we compare each scenario prediction to the non-transient

prediction and each other. We can consider how the fracture predictions change over time

and between scenarios. We will not discuss the uncertainty for each scenario separately since

all uncertainties occur as expected with higher variance in transitional regions.

6.5.1 Scenario 1 (No Forcing)

As discussed, the no forcing scenario simulations for LCIS and WIS projects increased thick-

ness and decreased damage. This is reflected in the fracture probability predictions (Figure

6.10). For the LCIS, we see a clear reduction in fracture probability around the grounding

line and around the Bawden Ice rise. Toward the southeast, we see the forward migration of

high probability fractures. GVIIS has an even larger decrease in fracture probability, which

gives then outputs from the transient simulation is expected. We see a migration of fracture

probability from Palmer Land towards Alexander Island; however, few new fractures are

formed from the tributary glaciers. Both fronts also see lower fracture probability. WIS

is the only ice shelf to have greater mean damage under no forcing, and it has a higher

overall fracture probability. To compare the fracture probability for each scenario, we calcu-

late the average fracture probability of the floating ice. For scenario 1, the average fracture

probability on the ice shelves is 51.7%
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Figure 6.10: Model prediction of scenario 1 (no forcing) as a function of the predictors x for

the grid locations in the ISSM datasets. The plot contains the posterior mean (Left) and

posterior variance (Right) of the function p(y = 1|x).

6.5.2 Scenario 2 (RCP2.6) and 3 (RCP4.5)

Under forcing representing SMB and BMR change in the RCP2.6, there is a minimal change

compared to no forcing in the ISSM simulations, reflected in the fracture probability. Sim-

ilarly, changes under RCP4.5 forcing are only incremental. Figures 6.11 and 6.12 see little

overall change in fracture probability prediction compared to 6.10, especially on floating ice.

There are some minor advancements under RCP4.5. Grounded ice, however, sees a reduction

in fracture probability. For scenarios 2 and 3, the average fracture probability on the ice

shelves is 52% and 53.3%, respectively.
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Figure 6.11: Model prediction of scenario 2 (RCP2.6) as a function of the predictors x for

the grid locations in the ISSM datasets. The plot contains the estimated fracture probability

(posterior mean) (left) and posterior variance (right) of the function p(y = 1|x)..
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Figure 6.12: Model prediction of scenario 3 (RCP4.5) as a function of the predictors x for

the grid locations in the ISSM datasets. The plot contains the estimated fracture probability

(posterior mean) (left) and posterior variance (right) of the function p(y = 1|x).

6.5.3 Scenario 4 (RCP8.5)

Under the RCP8.5 scenario representing SMB and BMR levels during high emissions, we can

see that when compared to no forcing, there is a definite reduction in fracture probability

on grounded ice for all ice shelf regions. However, in scenario 4, there is an increase in

fracture probability on floating ice, particularly LCIS and WIS. In our simulations GVIIS,

high fracture probability migrate laterally, consistent with the ice shelf flow regime. For

scenario 4, the average fracture probability on the ice shelves is 58%.
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Figure 6.13: Model prediction of scenario 4 (RCP8.5) as a function of the predictors x for

the grid locations in the ISSM datasets. The plot contains the estimated fracture probability

(posterior mean) (left) and posterior variance (right) of the function p(y = 1|x).

6.6 Discussion

Our transient simulations and fracture prediction find that the flow parameters between

RCPs vary slowly, particularly for the RCP2.6 and RCP4.5 scenarios. While changes in

SMB and BMR are significant in themselves, the direct impact on flow parameters is small

over the next century. However, this does not necessarily imply that the ice shelves will

remain stable over the next 100 years no matter the RCP pathway. Comparing the average

estimated fracture probability of each scenario, we find no difference between the no forcing

and the low emissions. There is a small difference between the low and medium emission
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scenarios of around 1.3% and a considerable difference between the medium and high emission

scenarios (4.7%). We do not consider the effect of melt ponding and hydrofracture within

our simulations; this is driven by excess surface melting and is a crucial aspect of fracture

formation, propagation, and retreat. As observed in 2002 with the collapse of the Larsen

B ice shelf, collapse can occur swiftly and unexpectedly (Scambos et al., 2004). Also, we

have not simulated calving, which would undoubtedly affect both ice shelf thickness and the

velocity over the simulation period.

Predictions for LCIS suffer the most from overestimation over much of the ice shelf

(Figure 6.8). While there is evidence of high fractures in the centre of the ice shelf, predicting

high probability all over is not realistic. We do not attempt to distinguish between the type

of fracture; however, the presence of suture zones on the LCIS which, are likely fractured

themselves, inhibit fracture propagation from other regions. We would expect to see some

heterogeneity in the fracture probability due to a lack of fracture index locations away

from the grounding line, particularly non-fracture locations, and a set of predictors that do

not describe the flow in the centre of the shelf that well. Transient simulations limit the

available flow predictors that we can include. Overestimation remains a significant challenge

to overcome on a model such as this. In regions such as the southeast and the grounding

line, the results improve significantly. In these regions, we see that there is advancement in

high probability into previous low probability areas.

Fracture probability is surprisingly good for GVIIS considering the lack of reliable

fracture index locations (Figure 6.1). We believe this is because the predictors describe the

flow of GVIIS well. Given the stability of fracture prediction between the scenarios, we find

GVIIS robust against fracture formation from changes in flow parameters due to surface and

basal conditions. Its confinement in the George VI Sound acts as a defence against fracture

mechanisms such as ocean swell. High fracture probability is predicted at both fronts under

all RCPs. GVIIS has retreated from both ends over the last 30 years, and these high fracture
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probabilities are of particular concern as fractures near the calving front carry the greatest

immediate risk for retreat. Compared to our present-day fracture prediction, we observe a

migration of fractures laterally across the shelf into Alexander Island, becoming stronger as

the RCP increases. This behaviour is observed by Holt et al. (2013a) as glaciers from Palmer

Land dominate inflow. Due to a lack of fracture index points and the overall decrease of

projected damage on these glaciers, we see fracture probability decreases from 1 to 0.5 on

new inflowing ice at the end of the simulation period in the RCP8.5 scenario.

The WIS fracture predictions have some interesting behaviour. In all simulations, we

see the high probabilities from the grounding line up to what became the new grounding

line after the collapse of the ice bridge, again an overestimation as we would not expect ho-

mogeneous high fractures; however, large surface fractures are present (Braun and Humbert,

2009). Past that point, the fracture probabilities are reduced. Given the set of predictors

used, this does fit what we understand about the collapse of WIS. Since the collapse was

driven by buoyancy forces rather than flow parameters, we would not expect high fracture

probability from this relatively thick, slow-moving region; highlighting a limitation of our

predictors and the data-driven approach. Ice shelves, such as WIS that do not follow the

expected pattern of retreat may not be well described by the data.

Without improved fracture indexing methods, the accuracy of statistical methods in

certain regions will remain limited, as will the usefulness of such methods. Improvements

in high-quality satellite images would significantly improve the fracture indexing process.

However, snow cover would still become an issue. The addition of other remote sensing

techniques to supplement is needed. Radar-based remote sensing techniques can penetrate

the surface snow and accurately observe ice shelf fractures at specific wavelengths; this

could significantly improve the amount of data available to train the model (Arcone et al.,

2016; Dunmire et al., 2020). Another limitation is the manual selection of fracture and

non-fractures points as it is time-consuming, subjective, and inconsistent. The datset was
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time-consuming for this study, where we only manually selected fracture index data for three

ice shelves (with supplementation from the Emetc et al. (2018) data). If this method wanted

to be expanded to all AIS ice shelves or even an entire ice sheet, this indexing method would

not be feasible. Even point distance is difficult to maintain due to the difference in scale for

each image/ice shelf.

This study intends to investigate how potential forcing scenarios guided by RCP2.6,

4.5, and 8.5 would change simulated AP ice shelf flow parameters over the next 100 years

and apply modern statistical methods that we first presented in chapter 5 to see how fracture

predictions are influenced. Both to better understand potential fracture probability and to

test how the model performs in a predictive situation. The use of sparse variational Bayes

address two primary issues; firstly, it offers a framework to include multiple ice shelves within

the same model. It is crucial to quantify dependence between adjacent points to incorporate

statistical methods within the large scale flow and calving models. The second issue they

address is the ability to sample the posterior when the data is large. Without implementing

the inducing points approximation and transformation to a minimisation problem, it would

be too computationally expensive to sample the posterior. To improve the model perfor-

mance and usefulness, improvements in fracture indexing is crucial; this would take new

remote-sensing data and advancements in automated fracture detection. As random effects

are centred around the inducing points, the value of random effects is lost in some regions.

Expanding the predictors available in the statistical model would further improve the mod-

els’ predictive capabilities and usefulness as a diagnostic tool to determine key variables for

fracture formation.
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6.7 Conclusions

In this chapter, we applied a mixed effect Gaussian process model, using modern sampling

techniques that allow MCMC to be applied to large data to unseen 100-year simulations

to predict fracture probability under various scenarios. The novelty of this method is that

it offers a mathematically rigorous way to model multiple ice shelf regions together, a key

consideration for the implementation of statistical methods into large scale ice models. Ran-

dom effects allow the inclusion of different flow parameters and geometries into the model by

accounting for the correlation between adjacent fractures. We forced transient simulations

with SMB and BMR as proxies for air and ocean warming, respectively. Our simulations

show that the flow parameters are negatively affected under increasing emission scenarios.

Ice volume decreased of the 100-years for all scenarios, but under RCP8.5, the decrease in

modelled ice volume was between 13% and 29%. However, damage varies slowly as emissions

increase. Under all RCPs, GVIIS damage at the end of the simulation remains lower than

at the beginning. This is reflected in our fracture model predictions. Average floating ice

fracture probability remains almost constant between the no forcing, RCP2.6 and RCP4.5

scenarios. Under the RCP8.5 scenario, the floating ice average fracture probability increases

by around 5%.

We have not directly compared the model to damage as we do not see this as a

replacement or potential alternative to a damage calculation but to be used in combination.

Damage, if used to calculate fractures, is not intended for underestimated the number of

fractures present. Our approach suffers areas of overestimation with homogeneous high

probability due to lack of data; however, we have shown it to be effective in certain key

areas.

We have outlined the current limitation of this statistical method. Improvements in

remote sensing data and physicals models will lead to statistical methods being a viable
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contributor to the fracture stimulation. Radar-based satellites sensing would be useful in

the application of fracture indexing as it can penetrate the surface and find hidden crevasses.

For future work, we recommend developing a new fracture indexing method and expanding

the set of predictors.
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Chapter Seven

Conclusions

7.1 Summary of Main Findings

The overarching aim of the research presented in this thesis was to introduce a framework

that estimates AP ice shelf fracture probability that could model multiple ice shelves within

the same simulation and be applied to forward projections. To achieve this aim, physical ice

shelf flow models are combined with modern statistical methods. In chapter 1, we outlined

the three research objectives that we set out to complete:

• Investigate the correlation between AP ice shelf area change and potential contributing

environmental and glaciological predictors by applying a Quantile Regression analysis.

• Quantify fracture probability on major AP ice shelves by introducing a Gaussian pro-

cess (GP) mixed-effects model framework.

• Apply the model framework to a forced transient simulation to project fracture changes

under the RCP2.6, 4.5 and 8.5 emissions scenarios over the 21st century.
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7.1.1 Twenty-first century AP ice shelf extent and contributors to

retreat

Previous studies that delineated AP ice shelf extent focused either on individual ice shelves or

long term trends (Cooper, 1997; Cook and Vaughan, 2010; Braun and Humbert, 2009; Ward,

1995; Rott et al., 1996; Fox and Vaughan, 2005; Doake and Vaughan, 1991; Holt et al., 2014;

Holt et al., 2013a). We used MODIS and AVHRR images made available from the National

Snow and Ice Data Centre (NSIDC) and data from previous studies to determine ice shelf

fronts in ArcGIS, producing an annual ice shelf extent data set for the LBIS (1992-2009),

LCIS (1992-2019), WIS (1990-2019) and GVIIS (2002-2019). Over these periods, the four

ice shelves lost a combined area of 21.5% ± 0.2% to calving. The motivation for producing

the annual extent data set was to analyse the relationship between a set of glaciological and

environmental predictors and retreat. The available research and data motivated the choice

of predictors: T2M, SMB, height change and sea ice concentration. QR was the chosen

method over a more common least-squares regression. QR does not make any assumptions

on the conditional distribution and can highlight relationships between predictors and the

most significant retreat.

Mean annual 2 m air temperature was identified to have a statistically significant

association with ice shelf retreat at the 50th and 20th quantiles. Our results suggest an

increase of 1◦ C to the annual mean 2 m air temperature corresponds with a 2% loss from

calving at the 50th quantile and a 6% loss from calving a the 20th quantile. We also

identified that summer and autumn SIC has a statistically significant relationship with ice

shelf retreat. Our results suggest that a 10% lower SIC in the austral summer and autumn

will increase calving by 1.6%. These results supported the idea that rising air temperatures

and reduced SIC can trigger calving (Massom et al., 2018; Vaughan et al., 2003). Correlation

at the 50th and 20th quantiles suggests an association between the predictor and medium
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or large retreats, respectively. Warming induced melt and ocean swell induced flexure are

linked to fracture propagation and hydrofracture, suggesting fractures play a crucial role in

calving. The lack of statistically significant SMB and height-change results suggests that

these processes do not play a primary role in triggering ice shelf retreat. A limitation of the

model does not consider that different ice shelves may influence the predictor in different

ways. For example, both GVIIS and LCIS lowered over the study period; however, GVIIS

lowering is driven by basal melt and LCIS is mainly caused by compaction of the firn layer.

The primary aim of Chapter 4 is to apply regression analysis to determine whether

there is a correlation between annual AP ice shelf area change and hypothesised contributing

factors. To achieve this, annual ice shelf extent data need to be improved and updated. The

ice extent location presented in this chapter is the most comprehensive annual dataset for

the Larsen B, Larsen C, Wilkins and George VI Ice Shelves. The quantile regression results

provide further evidence that air temperature and sea ice concentration are essential measures

for ice stability. An aim throughout this thesis it introduces new methods for the study of

ice shelf stability. Chapter 4 has shown the potential for using quantile regression analysis

and, more broadly, regression analysis to support hypothesis contributors to retreat. As data

becomes easy and cheaper to collect, statistical methods such as QR will be invaluable tools

for utilising it.

7.1.2 A statistical framework to estimate fracture probability of

multiple AP ice shelves that is computationally inexpensive

and scalable

Many physical ice shelf flow models have incorporated calving criteria; however, none contain

ice shelf surface fractures. The presence of surface fractures plays a critical in ice shelf calving
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(Albrecht and Levermann, 2014). We introduce a statistical framework that enables multiple

ice shelves to be modelled simultaneously to estimate surface fracture probability. Mixed-

effects models are a category of models containing fixed and random effects, taking into

account the correlation between adjacent fractures. We applied a Bayesian Gaussian process

spatial mixed effects model. While this type of model is powerful, they are computationally

expensive to implement for large data sets. To solve this issue, we employ the MCMC

for sparse Gaussian processes sampling scheme developed by Matthews et al. (2017). This

sampling scheme drastically reduces the computation time, allowing for the introduction

of larger data. We use the ISSM flow model to model the physical flow variables of the

LCIS, WIS and GVIIS. The outputs from these simulations and observational data are the

predictor variables in the statistical model. This includes an inverse process to obtain an

estimate for continuum damage. The inverse process involved the tuning of cost functions

which, is achieved by manually tuning the parameters until the modelled velocity is a good

fit to input velocity.

We were interested in determining the best method for manually indexing fracture/non-

fractures locations. Two fracture indexing methods were used; the first fracture indexing

method was similar the that of Emetc et al., 2018 and their data was incorporated. Using

only high-resolution images from Google Maps Pro we indexed the visible fractured and

non-fractured locations, resulting in a reliable but sparse data set. The second method used

the highest resolution available in Google Maps Pro to find all visible fractures. All other

locations are designated as non-fractured, resulting in a comprehensive but inaccurate data

set. Proceeding with these data sets, we begin constructing our statistical model. The sam-

pling method that we utilised makes an inducing point approximation, the inducing points

are selected via the K-means cluster algorithm. We assign priors to the hyperparameters,

including the length scale (for the initial simulation). MAP estimation was used to obtain

initial estimates for the hyperparameters, and this model had an accuracy of 95.9% for the
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HRM and 82.3% for the LRM. We ran the HMC for a sufficient number of samples to meet

our convergence criteria. For the HRM, the posterior distribution of coefficients tells us that

all the predictors are statistically significant, with velocity, damage, strain rates and stresses

being the most influential. For the LRM model, all predictors are statistically significant

excluding ice thickness, with strain rates and stresses being the most influential.

Fracture probability predictions for both the HRM and LRM matched observed sur-

face fractures; however, certain regions are overestimated, particularly for the HRM, likely

due to a lack of fracture index data. Between the two models, the HRM model performs

slightly better on unseen data with a misclassification rate of 20% ± 5% and better matches

observed fractures. From this, we concluded that using the high-resolution fracture index

data set is more appropriate for future predictions.

The primary aim of Chapter 5 was to improve the predictions of ice shelf fracture

probability. The statistical framework introduced in Chapter 5 improves on previous work

by enabling the modelling of fracture probability for multiple ice shelves that vary greatly

in environmental conditions and dynamic properties. A benefit is that it allows new data to

be included or flow conditions to be altered without the need to perform new simulations for

each ice shelf, making the method easily scalable. The number of powerful ice flow models

and available observational data supports the further use and development of data-driven

statistical models, such as in Chapter 5. The model’s performance was promising, given

the limited number of predictors and poor coverage of fracture index locations. Predictions

were highly accurate in vital locations and those with better coverage of high resolution.

Improving fracture prediction is vital in predicting the potential magnitude and location of

calving, which will help better determine the region’s SLR.
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7.1.3 Evolution of ice shelf fracture over the next 100 years

ice shelf stability is critical to the SLR contribution of the AP over the next 100 years.

The tributary glaciers that previously fed the LAIS and LBIS accelerated and thinned for a

decade following their collapse. As the region continues to warm, future ice shelf viability is

of great concern. To investigate how potential climate forcing will affect fracture probability,

we run multiple 100-year simulations with ISSM that we forced with project SMB and

BMR under the no forcing, RCP2.6, RCP4.5 and RCP8.5 climate scenarios. All forcing was

applied linearly to the end of the simulation. Our projections suggest that the ice shelves

are resilient to the RCP2.6 and RCP4.5 forcing. There was a smaller set of predictors for

the transient simulations as not all predictors are available for the transient simulation.

Damage is available; however, the analytical law was not available, the damage calculation

used is from Pralong and Funk (2005). The model was trained using the high-resolution

fracture index data. Following this, we could predict fracture probability for the transient

simulations.

As the forcing increased, fracture probability became higher on floating ice in some

key regions, the average estimated fracture probability for the RCP4.5 scenario was 53.3%

and the average fracture probability for RCP8.5 scenario was 58%. However, there was a

surprising reduction in estimated fracture probability in some inflowing grounded ice regions.

Since damage is an important predictor for the statistical model, this may indicate that the

damage law applied is not appropriate for some regions. The regions that reduced fracture

probability the most are the fast flowing glaciers of the GVIIS. Likely, the velocity of these

regions contributed to poor damage calculation using the (Pralong and Funk, 2005) solution.

The primary aim of Chapter 6 was to determine how fracture probability would

evolve over the next 100 years under potential climate scenarios. The key findings of the

analysis in Chapter 6 suggest that the future stability of the AP ice shelves is at significant
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risk if climate change is not limited over the next 100 years. As discussed throughout this

thesis, the formation and propagation of fractures occur before large calving events. The

significant increase in average fracture probability between RCP4.5 and RCP8.5 is a worrying

result as our simplified transient simulation only forced basal melt rate and surface mass

balance. Including changing ice front position and sea ice concentration would likely paint

an even more dire picture. Chapter 6 was to show the potential for combining physical model

projections within a statistical framework to project fracture probability under increasingly

worsening climate scenarios.

7.2 Limitations and Future Work

This research has demonstrated the advantages of using statistical methods within the field

of ice shelf extent and fracture modelling. We recommend that these approaches are used

in future ice shelf fracture modelling studies and adapted for other applications. As the

availability of glaciological and climate data expands, statistical methods offer diagnostic

and prognostic capabilities. It is important to note that this research is only the first step

in the application of GP models in glaciologic studies. The limitations of each study have

already been highlighted in each chapter. In this section, the limitations of the research will

be reviewed, and suggestions for future work are made.

A key limitation common throughout this research is the limited data. Annual satellite

images are not available for all ice shelves and do not go back that far. This must be kept

in mind when considering results from regression analysis as in chapter 4, with a maximum

of only a 19-year time series, the sample size is relatively small. Unfortunately, getting a

more complete data set will take a couple of decades. Two predictors were found to have a

statistically significant relationship with ice shelf retreat; however, oceanographic forcing is
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an important aspect of ice shelf stability and is the primary ablation source for the GVIIS.

We could not add this into our investigation due to the lack of annual ocean temperature or

basal melt data. However, further investigation into the link between basal melt and retreat

is vital in understanding ice shelf retreat.

The most significant limitation of chapters 5 and 6 is poor fracture indexing of the ice

shelf surface, particularly the non-fracture points. High-resolution images are not available

for large sections of most ice shelves using Google Earth; the fracture index points are sparse

and poorly distributed across the ice shelf surface. Google Earth was chosen as the source of

satellite images as it allowed for a convenient method of indexing fractured and non-fractured

locations; however, there are other satellite image repositories such as Landsat with better

coverage at high resolutions. Since random effects are positioned around inducing points,

this limits their level of influence. Heavy snow cover on the ice shelf surface limits fracture

indexing from satellite images. Radar-based satellite sensing would help improve fracture

indexing as it can penetrate the surface and find hidden fractures/crevasses. A study by King

et al. (2018) conducted a ground penetrating radar survey of the Brunt Ice Shelf, allowing

for a view of the ice shelf surface. Future work should incorporate multiple image sources to

produce a more consistent fracture index map for each ice shelf. Doing this would greatly

improve the quality of the model prediction across the entire ice shelf surface. This would

greatly benefit future projections of fracture probability as the initial fracture probability

would be based on observations rather than predictions.

A further limitation is the small choice of predictors. This was unavoidable for the

transient simulations in Chapter 6, there is a limited set of predictors that can be calculated.

However, there is scope to include more predictors in the non transient model. There are a

number of key predictors that could be added; however, the priority of further work should

be to include sea-ice concentrations at the ice front and meltwater on the surface. Studies

by Massom et al. (2018) and Holt and Glasser (2022), and the results from Chapter 4 all
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highlight the key role that sea ice concentration plays in reducing calving and hydrofracture

triggered by excess meltwater was the primary driver of the Larsen B collapse (Leeson et

al., 2020; Broeke, 2005). Expanding the set of predictors would better describe the data,

particularly at the ice front. This would allow for more predictions to be made about the

potential for calving.

The MCMC scheme employed in chapters 5 and 6 is a powerful tool that opens the

door for using more complex and versatile GP models in ice shelf studies. The inducing

point approximation requires far fewer inducing points than available data; however, the

GPflow package did not allow for more than around 200 inducing points; whether this has

a detrimental effect on the results is unknown. A further improvement that could be made

is to incorporate variable selection such that the coefficients of the predictors can change

for each ice shelf. In terms of the physical modelling, as mentioned, the transient damage

module in the ISSM model is still under construction. The analytical damage solution was

not available. We used the Pralong and Funk (2005) damage calculation. This method was

developed for Alpine glaciers, its validity for the use of ice shelves is unclear. Further work

could compare the two damage calculation methods to help understand how damage differs

between Alpine glaciers, ice shelves and ice shelf tributary glaciers.
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Appendix 1

This appendix contains the code or links to code used throughout this thesis.

In chapter 3, Climate Data Operators (CDO) are used to manipulate RACMO2.3

data. Below is the R script used to extract the annual data within the ice-shelf extent.

All quantile regressions are calculated using the quantreg package. Link: https://cran.r-

project.org/web/packages/quantreg/quantreg.pdf

source ( " http : //bioconductor . org/b i o cL i t e .R" )

b i o cL i t e ( " rhdf5 " )

l ibrary ( rhdf5 )

l ibrary ( rgda l )

l ibrary ( r a s t e r )

l ibrary ( ncdf4 )

pr <− "+pro j=laea ␣+l a t_0=−90␣+e l l p s=WGS84␣+datum=WGS84␣+no_de f s ␣+

towgs84=0 ,0 ,0"

dump<− h5dump( "C: /Users/Marko/Downloads/AntPen_mass_balance_

1994−2016.h5" , r e c u r s i v e = TRUE)

t e s t_br i ck <− r a s t e r (dump$net_mass_balance )

f l p b r i c k <−f l i p ( t e s t_br ick , d i r e c t i o n = "y" )
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f l p b r i c k <− setExtent ( f l pb r i c k , new_extent2 )

c r s ( f l p b r i c k ) <− "+i n i t=epsg :4326 "

proj_br i ck <− pro j e c tRas t e r ( f l pb r i c k , c r s=pr )

new_extent2 <− extent ( −78.375 , −59.625 , −73.625 , −65.625)

pr <− "+pro j=laea ␣+l a t_0=−90␣+e l l p s=WGS84␣+datum=WGS84␣+no_de f s ␣+

towgs84=0 ,0 ,0"

dump<− h5dump( "Z : /AntPen_he ight_changes_1994−2017.h5" , r e c u r s i v e =

TRUE)

t e s t_br i ck <− br i ck (dump$h_a l t ime t ry )

f l p b r i c k <−f l i p ( t e s t_br ick , d i r e c t i o n = "y" )

f l p b r i c k <− setExtent ( f l pb r i c k , new_extent2 )

c r s ( f l p b r i c k ) <− "+i n i t=epsg :4326 "

proj_br i ck <− pro j e c tRas t e r ( f l pb r i c k , c r s=pr )

l a r s e n_b <− readOGR("LarsenB_a l l_EA_areas . shp" )

l a r s e n_b <− spTransform ( l a r s e n_b , c r s ( pr ) )

#Larsen C ice−s h e l f

l a r s e n_c <− readOGR("LarsenC_a l l_EA_areas . shp" )

l a r s e n_c <− spTransform ( l a r s e n_c , c r s ( pr ) )

# GVIIS CENTER

GVI_CENTER <− readOGR("George_cen t r e_EA_area . shp" ) # Load in

Center s h a p e f i l e

GVI_C<−spTransform (GVI_CENTER, c r s ( pr ) ) # change p r o j e c t i on

GNC <− GVI_C[GVI_C$year==6,] # I s o l a t e the Northern s e c t i on o f the

cen t re

GSC <− GVI_C[GVI_C$year==7,] # I s o l a t e the southern s e c t i on o f the

cen t re
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#George VI North

GVI_North <− readOGR("NGeorgeVI_a l l_EA_areas . shp" )

GVI_North <− spTransform (GVI_North , c r s ( pr ) )

#George VI South

GVI_South <− readOGR("SGeorgeVI_a l l_EA_areas . shp" )

GVI_South <− spTransform (GVI_South , c r s ( pr ) )

#Wilkins

Wilkins <− readOGR("Wilkins_a l l_EA_areas_09 . shp" )

Wilkins <− spTransform (Wilkins , c r s ( pr ) )

day = c ( 1 : 3 1 )

nc_time <− 1 :94

nc1994 <− nc_time [ 1 : 4 ]

nc1995 <− nc_time [ 5 : 8 ]

nc1996 <− nc_time [ 9 : 1 2 ]

nc1997 <− nc_time [ 1 3 : 1 6 ]

nc1998 <− nc_time [ 1 7 : 2 0 ]

nc1999 <− nc_time [ 2 1 : 2 4 ]

nc2000 <− nc_time [ 2 5 : 2 8 ]

nc2001 <− nc_time [ 2 9 : 3 2 ]

nc2002 <− nc_time [ 3 3 : 3 6 ]

nc2003 <− nc_time [ 3 7 : 4 0 ]

nc2004 <− nc_time [ 4 1 : 4 4 ]

nc2005 <− nc_time [ 4 5 : 4 8 ]

nc2006 <− nc_time [ 4 9 : 5 2 ]

nc2007 <− nc_time [ 5 3 : 5 6 ]

nc2008 <− nc_time [ 5 7 : 6 0 ]
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nc2009 <− nc_time [ 6 1 : 6 4 ]

nc2010<− nc_time [ 6 5 : 6 8 ]

nc2011<− nc_time [ 6 9 : 7 2 ]

nc2012<− nc_time [ 7 3 : 7 6 ]

nc2013<− nc_time [ 7 7 : 8 0 ]

nc2014<− nc_time [ 8 1 : 8 4 ]

nc2015<− nc_time [ 8 5 : 8 8 ]

nc2016<− nc_time [ 8 9 : 9 2 ]

#############

##############

############

months <− c ( " jan " , " f eb " , "mar" , "apr" , "may" , " jun" , " j u l " , "aug" , " sep " ,

" oct " , "nov" , "dec" )

#### Larsen B

years_lb <− 1994:2012

for ( j in year s_lb ) {

v a l t e s t <−l i s t ( )

for ( i in get (paste ( "nc" , j , sep="" ) ) ) {

output <− extract (proj_br i ck [ [ paste ( " l a y e r . " , i , sep="" ) ] ] ,

l a r s e n_b [ l a r s e n_b$year==j , ] , df=TRUE)

v a l t e s t [ i ] <− mean( output [ [ 2 ] ] , na .rm=TRUE)

}

#v a l t e s t [ [ 1 ] ] <− NULL

a s s i gn (paste ( " lbmean" , j , sep="" ) , unlist ( v a l t e s t ) )

}

#### Larsen C
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years_l c <− 1994:2016

for ( j in year s_l c ) {

v a l t e s t <−l i s t ( )

for ( i in get (paste ( "nc" , j , sep="" ) ) ) {

output <− extract (proj_br i ck [ [ paste ( " l a y e r . " , i , sep="" ) ] ] ,

l a r s e n_c [ l a r s e n_c$year==j , ] , df=TRUE)

v a l t e s t [ i ] <− mean( output [ [ 2 ] ] , na .rm=TRUE)

}

#v a l t e s t [ [ 1 ] ] <− NULL

a s s i gn (paste ( " lcmean" , j , sep="" ) , unlist ( v a l t e s t ) )

}

#### George VI South

years_gv i s <− 2002:2016

for ( j in year s_gv i s ) {

v a l t e s t <−l i s t ( )

for ( i in get (paste ( "nc" , j , sep="" ) ) ) {

output <− extract (proj_br i ck [ [ paste ( " l a y e r . " , i , sep="" ) ] ] , bind

(GVI_South [GVI_South$year==j , ] ,GSC) ,df=TRUE)

v a l t e s t [ i ] <− mean( output [ [ 2 ] ] , na .rm=TRUE)

}

#v a l t e s t [ [ 1 ] ] <− NULL

a s s i gn (paste ( "gvismean" , j , sep="" ) , unlist ( v a l t e s t ) )

}

##### George VI North

years_gvin <− 2000:2016

for ( j in year s_gvin ) {
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v a l t e s t <−l i s t ( )

for ( i in get (paste ( "nc" , j , sep="" ) ) ) {

output <− extract (proj_br i ck [ [ paste ( " l a y e r . " , i , sep="" ) ] ] , bind

(GVI_North [GVI_North$year==j , ] ,GNC) ,df=TRUE)

v a l t e s t [ i ] <− mean( output [ [ 2 ] ] , na .rm=TRUE)

}

#v a l t e s t [ [ 1 ] ] <− NULL

a s s i gn (paste ( "gvinmean" , j , sep="" ) , unlist ( v a l t e s t ) )

}

###Wilkins

years_w <− 1994:2016

for ( j in year s_w){

v a l t e s t <−l i s t ( )

for ( i in get (paste ( "nc" , j , sep="" ) ) ) {

output <− extract (proj_br i ck [ [ paste ( " l a y e r . " , i , sep="" ) ] ] ,

Wilkins [ Wilkins$year==j , ] , df=TRUE)

v a l t e s t [ i ] <− mean( output [ [ 2 ] ] , na .rm=TRUE)

}

#v a l t e s t [ [ 1 ] ] <− NULL

a s s i gn (paste ( "Wmean" , j , sep="" ) , unlist ( v a l t e s t ) )

}

GVISmean_matrix <− cbind ( gvismean2002 , gvismean2003 , gvismean2004 ,

gvismean2005 , gvismean2006 ,

gvismean2007 , gvismean2008 , gvismean2009 ,

gvismean2010 , gvismean2011 , gvismean2012

, gvismean2013 ,

191



gvismean2014 , gvismean2015 , gvismean2016 )

GVINmean_matrix <− cbind ( gvinmean2000 , gvinmean2001 , gvinmean2002 ,

gvinmean2003 , gvinmean2004 , gvinmean2005 , gvinmean2006 ,

gvinmean2007 , gvinmean2008 , gvinmean2009 ,

gvinmean2010 , gvinmean2011 , gvinmean2012

, gvinmean2013 ,

gvinmean2014 , gvinmean2015 , gvinmean2016 )

LBmean_matrix <− cbind ( lbmean1994 , lbmean1995 , lbmean1996 , lbmean1997

, lbmean1998 , lbmean1999 ,

lbmean2000 , lbmean2001 , lbmean2002 , lbmean2003

, lbmean2004 , lbmean2005 , lbmean2006 ,

lbmean2007 , lbmean2008 , lbmean2009 ,

lbmean2010 , lbmean2011 , lbmean2012 )

LCmean_matrix <− cbind ( lcmean1994 , lcmean1995 , lcmean1996 , lcmean1997

, lcmean1998 , lcmean1999 , lcmean2000 ,

lcmean2001 , lcmean2002 , lcmean2003 , lcmean2004

, lcmean2005 , lcmean2006 , lcmean2007 ,

lcmean2008 , lcmean2009 ,

lcmean2010 , lcmean2011 , lcmean2012 , lcmean2013

, lcmean2014 , lcmean2015 , lcmean2016 )

WILKmean_matrix <− cbind (Wmean1994 ,Wmean1995 ,Wmean1996 ,Wmean1997 ,

Wmean1998 ,Wmean1999 ,Wmean2000 ,Wmean2001 ,Wmean2002 ,Wmean2003 ,
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Wmean2004 ,

Wmean2005 ,Wmean2006 ,Wmean2007 ,Wmean2008 ,

Wmean2009 ,Wmean2010 ,Wmean2011 ,

Wmean2012 ,Wmean2013 ,Wmean2014 ,

Wmean2015 ,Wmean2016)

spatialmeanLB <− t (LBmean_matrix )

spatialmeanLC <− t (LCmean_matrix )

spatialmeanGVIN <− t (GVINmean_matrix )

spatialmeanGVIS <− t (GVISmean_matrix )

spatialmeanW <− t (WILKmean_matrix )

SMB_area_avg_outputs=rbind ( spatialmeanLB , spatialmeanLC ,

spatialmeanGVIN , spatialmeanGVIS , spatialmeanW )

write . csv (SMB_area_avg_outputs , "Height_area_meanFINAL2020 . csv " )

# cdo t e s t s c r i p t

# Extrac t method t e s t

l i b r a r y ( rgda l )

l i b r a r y ( r a s t e r )

l i b r a r y ( ncdf4 )

smb_br i ck <− br i ck ( "smb_902 . nc" , varname= ’smb ’ )

smb_l a y e r <− smb_br i ck$X2010 . 0 1 . 1 6

pr <− "+pro j=laea ␣+l a t_0=−90␣+e l l p s=WGS84␣+datum=WGS84␣+no_de f s ␣+

towgs84=0 ,0 ,0"

t e s t_pro j <− pro j e c tRas t e r (smb_l ayer , c r s=pr )

pro j_br i ck <− pro j e c tRas t e r (smb_br ick , c r s=pr )

p l o t (smb_l ayer ,
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#xlim=c(−2e+06,2e+06) ,

#yl im=c(−2e+06,2e+06) ,

add=FALSE)

LarsenB_areas <− readOGR(" I c e_s h e l f_s h a p e f i l e s /LarsenBareas . shp" )

LB_2010 <− LarsenB_areas [ LarsenB_areas$year==2010 ,]

RP_LB2010 <− spTransform (LB_2010 , c r s ( pr ) )

#Larsen C ice−s h e l f

l a r s e n_c <− readOGR(" I c e_s h e l f_s h a p e f i l e s /LarsenC_a l l_EA_areas . shp

" )

#Sp l i t each l a y e r in shp f i l e

LC_2001 <− l a r s e n_c [ l a r s e n_c$year==2001 ,]

LC_2002 <− l a r s e n_c [ l a r s e n_c$year==2002 ,]

LC_2003 <− l a r s e n_c [ l a r s e n_c$year==2003 ,]

LC_2004 <− l a r s e n_c [ l a r s e n_c$year==2004 ,]

LC_2005 <− l a r s e n_c [ l a r s e n_c$year==2005 ,]

LC_2006 <− l a r s e n_c [ l a r s e n_c$year==2006 ,]

LC_2007 <− l a r s e n_c [ l a r s e n_c$year==2007 ,]

LC_2008 <− l a r s e n_c [ l a r s e n_c$year==2008 ,]

LC_2009 <− l a r s e n_c [ l a r s e n_c$year==2009 ,]

LC_2010 <− l a r s e n_c [ l a r s e n_c$year==2010 ,]

LC_2011 <− l a r s e n_c [ l a r s e n_c$year==2011 ,]

LC_2012 <− l a r s e n_c [ l a r s e n_c$year==2012 ,]

#Transform each l a y e r s

RP_LC2001 <−spTransform (LC_2001 , c r s ( pr ) )

RP_LC2002 <−spTransform (LC_2002 , c r s ( pr ) )

RP_LC2003 <−spTransform (LC_2003 , c r s ( pr ) )
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RP_LC2004 <−spTransform (LC_2004 , c r s ( pr ) )

RP_LC2005 <−spTransform (LC_2005 , c r s ( pr ) )

RP_LC2006 <−spTransform (LC_2006 , c r s ( pr ) )

RP_LC2007 <−spTransform (LC_2007 , c r s ( pr ) )

RP_LC2008 <−spTransform (LC_2008 , c r s ( pr ) )

RP_LC2009 <−spTransform (LC_2009 , c r s ( pr ) )

RP_LC2010 <−spTransform (LC_2010 , c r s ( pr ) )

RP_LC2011 <−spTransform (LC_2011 , c r s ( pr ) )

RP_LC2012 <−spTransform (LC_2012 , c r s ( pr ) )

#George VI North

GVI_North <− readOGR(" I c e_s h e l f_s h a p e f i l e s /NGeorgeVI_a l l_EA_areas .

shp" )

GVIN_2002 <− GVI_North [GVI_North$year==2002 ,]

GVIN_2003 <− GVI_North [GVI_North$year==2003 ,]

GVIN_2004 <− GVI_North [GVI_North$year==2004 ,]

GVIN_2005 <− GVI_North [GVI_North$year==2005 ,]

GVIN_2006 <− GVI_North [GVI_North$year==2006 ,]

GVIN_2007 <− GVI_North [GVI_North$year==2007 ,]

GVIN_2008 <− GVI_North [GVI_North$year==2008 ,]

GVIN_2009 <− GVI_North [GVI_North$year==2001 ,]

RP_GVIN2002 <−spTransform (GVIN_2002 , c r s ( pr ) )

RP_GVIN2003 <−spTransform (GVIN_2003 , c r s ( pr ) )

RP_GVIN2004 <−spTransform (GVIN_2004 , c r s ( pr ) )

RP_GVIN2005 <−spTransform (GVIN_2005 , c r s ( pr ) )

RP_GVIN2006 <−spTransform (GVIN_2006 , c r s ( pr ) )

RP_GVIN2007 <−spTransform (GVIN_2007 , c r s ( pr ) )
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RP_GVIN2008 <−spTransform (GVIN_2008 , c r s ( pr ) )

RP_GVIN2009 <−spTransform (GVIN_2009 , c r s ( pr ) )

#George VI South

GVI_South <− readOGR(" I c e_s h e l f_s h a p e f i l e s /SGeorgeVI_a l l_EA_areas .

shp" )

GVIS_2003 <− GVI_South [GVI_South$year==2003 ,]

GVIS_2004 <− GVI_South [GVI_South$year==2004 ,]

GVIS_2005 <− GVI_South [GVI_South$year==2005 ,]

GVIS_2006 <− GVI_South [GVI_South$year==2006 ,]

GVIS_2007 <− GVI_South [GVI_South$year==2007 ,]

GVIS_2008 <− GVI_South [GVI_South$year==2008 ,]

GVIS_2009 <− GVI_South [GVI_South$year==2009 ,]

RP_GVIS2003 <−spTransform (GVIS_2003 , c r s ( pr ) )

RP_GVIS2004 <−spTransform (GVIS_2004 , c r s ( pr ) )

RP_GVIS2005 <−spTransform (GVIS_2005 , c r s ( pr ) )

RP_GVIS2006 <−spTransform (GVIS_2006 , c r s ( pr ) )

RP_GVIS2007 <−spTransform (GVIS_2007 , c r s ( pr ) )

RP_GVIS2008 <−spTransform (GVIS_2008 , c r s ( pr ) )

RP_GVIS2009 <−spTransform (GVIS_2009 , c r s ( pr ) )

#Wilkins

Wilkins <− readOGR(" I c e_s h e l f_s h a p e f i l e s /Wilkins_a l l_EA_areas_09 .

shp" )

W_1996 <− Wilkins [ Wilkins$year==1996 ,]

W_1997 <− Wilkins [ Wilkins$year==1997 ,]

W_1998 <− Wilkins [ Wilkins$year==1998 ,]
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W_1999 <− Wilkins [ Wilkins$year==1999 ,]

W_2000 <− Wilkins [ Wilkins$year==2000 ,]

W_2001 <− Wilkins [ Wilkins$year==2001 ,]

W_2002 <− Wilkins [ Wilkins$year==2002 ,]

W_2003 <− Wilkins [ Wilkins$year==2003 ,]

W_2004 <− Wilkins [ Wilkins$year==2004 ,]

W_2005 <− Wilkins [ Wilkins$year==2005 ,]

W_2006 <− Wilkins [ Wilkins$year==2006 ,]

W_2007 <− Wilkins [ Wilkins$year==2007 ,]

W_2008 <− Wilkins [ Wilkins$year==2008 ,]

W_2009 <− Wilkins [ Wilkins$year==2009 ,]

W_2010 <− Wilkins [ Wilkins$year==2010 ,]

W_2011 <− Wilkins [ Wilkins$year==2011 ,]

W_2012 <− Wilkins [ Wilkins$year==2012 ,]

#Transform each l a y e r s

RP_W1996 <−spTransform (W_1996 , c r s ( pr ) )

RP_W1997 <−spTransform (W_1997 , c r s ( pr ) )

RP_W1998 <−spTransform (W_1998 , c r s ( pr ) )

RP_W1999 <−spTransform (W_1999 , c r s ( pr ) )

RP_W2000 <−spTransform (W_2000 , c r s ( pr ) )

RP_W2001 <−spTransform (W_2001 , c r s ( pr ) )

RP_W2002 <−spTransform (W_2002 , c r s ( pr ) )

RP_W2003 <−spTransform (W_2003 , c r s ( pr ) )

RP_W2004 <−spTransform (W_2004 , c r s ( pr ) )

RP_W2005 <−spTransform (W_2005 , c r s ( pr ) )

RP_W2006 <−spTransform (W_2006 , c r s ( pr ) )
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RP_W2007 <−spTransform (W_2007 , c r s ( pr ) )

RP_W2008 <−spTransform (W_2008 , c r s ( pr ) )

RP_W2009 <−spTransform (W_2009 , c r s ( pr ) )

RP_W2010 <−spTransform (W_2010 , c r s ( pr ) )

RP_W2011 <−spTransform (W_2011 , c r s ( pr ) )

RP_W2012 <−spTransform (W_2012 , c r s ( pr ) )

day = c ( 1 : 3 1 )

nc_time<−convertDateNcdf2R ( "smb_902 . nc" , un i t s="days" ,

o r i g i n =as . POSIXct ( "1800−01−01" , tz="UTC" ) ,

time . format=c ( "%Y−%m−%d" ) )

nc_time <− gsub ( " 00 : 00 : 00 " , "" , nc_time )

nc_time <− gsub ( " 12 : 00 : 00 " , "" , nc_time )

nc_time <− gsub ( "␣" , "" , nc_time )

nc_time <− gsub ( "−" , " . " , nc_time )

nc1996 <− nc_time [ 2 0 5 : 2 1 6 ]

nc1997 <− nc_time [ 2 1 7 : 2 2 8 ]

nc1998 <− nc_time [ 2 2 9 : 2 4 0 ]

nc1999 <− nc_time [ 2 4 1 : 2 5 2 ]

nc2000 <− nc_time [ 2 5 3 : 2 6 4 ]

nc2001 <− nc_time [ 2 6 5 : 2 7 6 ]

nc2002 <− nc_time [ 2 7 7 : 2 8 8 ]

nc2003 <− nc_time [ 2 8 9 : 3 0 0 ]

nc2004 <− nc_time [ 3 0 1 : 3 1 2 ]

nc2005 <− nc_time [ 3 1 3 : 3 2 4 ]

nc2006 <− nc_time [ 3 2 5 : 3 3 6 ]

nc2007 <− nc_time [ 3 3 7 : 3 4 8 ]
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nc2008 <− nc_time [ 3 4 9 : 3 6 0 ]

nc2009 <− nc_time [ 3 6 1 : 3 7 2 ]

nc2010 <− nc_time [ 3 7 3 : 3 8 4 ]

nc2011 <− nc_time [ 3 8 5 : 3 9 6 ]

nc2012 <− nc_time [ 3 9 7 : 4 0 8 ]

mean( va l2 [ [ 1 ] ] )

va l2 <− ex t r a c t ( p ro j_br i ck [ [ "X2010 . 0 3 . 1 6 " ] ] , RP_LC2010 , df=TRUE)

va l2 [ [ 2 ] ]

mean( va l2 [ [ 2 ] ] )

paste ( "RP_LC" , j , sep="" )

months <− c ( " jan " , " f eb " , "mar" , "apr" , "may" , " jun" , " j u l " , "aug" , " sep " ,

" oct " , "nov" , "dec" )

#### Larsen C

years_l c <− 2001:2012

for ( j in years_l c ) {

v a l t e s t <−l i s t ( )

for ( i in get ( paste ( "nc" , j , sep="" ) ) ) {

output <− ex t r a c t ( p ro j_br i ck [ [ paste ( "X" , i , sep="" ) ] ] , get ( paste

( "RP_LC" , j , sep="" ) ) , df=TRUE)

v a l t e s t [ i ] <− mean( output [ [ 2 ] ] )

}

#v a l t e s t [ [ 1 ] ] <− NULL

a s s i gn ( paste ( " lcmean" , j , sep="" ) , u n l i s t ( v a l t e s t ) )

}

LCmean_matrix <− cbind ( lcmean2001 , lcmean2002 , lcmean2003 , lcmean2004

, lcmean2005 , lcmean2006 ,
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lcmean2007 , lcmean2008 , lcmean2009 , lcmean2010

, lcmean2011 , lcmean2012 )

rownames (LCmean_matrix ) <− months

#### George VI South

years_gv i s <− 2003:2009

for ( j in years_gv i s ) {

v a l t e s t <−l i s t ( )

for ( i in get ( paste ( "nc" , j , sep="" ) ) ) {

output <− ex t r a c t ( p ro j_br i ck [ [ paste ( "X" , i , sep="" ) ] ] , get ( paste

( "RP_GVIS" , j , sep="" ) ) , df=TRUE)

v a l t e s t [ i ] <− mean( output [ [ 2 ] ] )

}

#v a l t e s t [ [ 1 ] ] <− NULL

a s s i gn ( paste ( "gvismean" , j , sep="" ) , u n l i s t ( v a l t e s t ) )

}

GVISmean_matrix <− cbind ( gvismean2003 , gvismean2004 , gvismean2005 ,

gvismean2006 ,

gvismean2007 , gvismean2008 , gvismean2009 ,

gvismean2010 , gvismean2011 , gvismean2012

)

rownames (GVISmean_matrix ) <− months

##### George VI North

years_gvin <− 2002:2009

for ( j in years_gvin ) {

v a l t e s t <−l i s t ( )

for ( i in get ( paste ( "nc" , j , sep="" ) ) ) {
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output <− ex t r a c t ( p ro j_br i ck [ [ paste ( "X" , i , sep="" ) ] ] , get ( paste

( "RP_GVIN" , j , sep="" ) ) , df=TRUE)

v a l t e s t [ i ] <− mean( output [ [ 2 ] ] )

}

#v a l t e s t [ [ 1 ] ] <− NULL

a s s i gn ( paste ( "gvinmean" , j , sep="" ) , u n l i s t ( v a l t e s t ) )

}

GVINmean_matrix <− cbind ( gvinmean2002 , gvinmean2003 , gvinmean2004 ,

gvinmean2005 , gvinmean2006 ,

gvinmean2007 , gvinmean2008 , gvinmean2009 ,

gvinmean2010 , gvinmean2011 , gvinmean2012

)

rownames (GVINmean_matrix ) <− months

###Wilkins

years_w <− 1996:2012

for ( j in years_w){

v a l t e s t <−l i s t ( )

for ( i in get ( paste ( "nc" , j , sep="" ) ) ) {

output <− ex t r a c t ( p ro j_br i ck [ [ paste ( "X" , i , sep="" ) ] ] , get ( paste

( "RP_W" , j , sep="" ) ) , df=TRUE)

v a l t e s t [ i ] <− mean( output [ [ 2 ] ] )

}

#v a l t e s t [ [ 1 ] ] <− NULL

a s s i gn ( paste ( "Wmean" , j , sep="" ) , u n l i s t ( v a l t e s t ) )

}

WILKmean_matrix <− cbind (Wmean1996 ,Wmean1997 ,Wmean1998 ,Wmean1999 ,
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Wmean2000 ,Wmean2001 ,Wmean2002 ,Wmean2003 ,Wmean2004 ,Wmean2005 ,

Wmean2006 ,

Wmean2007 ,Wmean2008 ,Wmean2009 ,Wmean2010 ,

Wmean2011 ,Wmean2012)

rownames (WILKmean_matrix ) <− months

spatialmeanLC <− t (LCmean_matrix )

spatialmeanGVIN <− t (GVINmean_matrix )

spatialmeanGVIS <− t (GVISmean_matrix )

spatialmeanW <− t (WILKmean_matrix )

SMB_area_avg_outputs=rbind ( spatialmeanLC , spatialmeanGVIN ,

spatialmeanGVIS , spatialmeanW )

wr i t e . csv (SMB_area_avg_outputs , "SMB_area_avg_outputs . csv " )

v a l t e s t <−l i s t ( )

for ( i in nc2012 ) {

output <− ex t r a c t ( p ro j_br i ck [ [ paste ( "X" , i , sep="" ) ] ] , RP_LC2012 ,

df=TRUE)

v a l t e s t [ i ] <− mean( output [ [ 2 ] ] )

}

#v a l t e s t [ [ 1 ] ] <− NULL

lcmean2012 <− un l i s t ( v a l t e s t )

LC_matrix <−cbind ( lcmean2001 , lcmean2002 , lcmean2003 , lcmean2004 ,

lcmean2005 , lcmean2006 ,

lcmean2007 , lcmean2008 , lcmean2009 , lcmean2010 ,

lcmean2011 , lcmean2012 )

va l2 <− ex t r a c t ( p ro j_br i ck [ [ "X2010 . 0 1 . 1 6 " ] ] , RP_LC2010 )

mydf <− data . frame ( matrix ( ) )
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for ( i in nc_time ) {

va l s <− ex t r a c t ( p ro j_br i ck [ [ paste ( "X" , i , sep="" ) ] ] , RP_LC2010 , df

=TRUE)

mydf [ , i ] <− va l s

}

mydf <− data . frame ( matrix ( ) )

for ( i in nc2010 ) {

va l s <− ex t r a c t ( p ro j_br i ck [ [ paste ( "X" , i , sep="" ) ] ] , RP_LC2010 , df

=TRUE)

va l s [ 1 ] <− NULL

mydf [ , i ]

}

The ISSM simulations in chapters 4 and 5 are developed from tutorial code available

on the ISSM documentation with help from Dr. Mathieu Morlighem. Link to documentation:

https://issm.jpl.nasa.gov/documentation/tutorials/

The python code for the fracture probability model which, was developed with the help

of Dr Sergio Bacallado, is below. The GPflow package was critical for this model. Parts of

code from the example on the GPflow site was used. Link to example: https://bit.ly/2Yr52On

import pandas as pd

from s c ipy import i n t e r p o l a t e

import numpy as np

from matp lo t l i b import pyplot as p l t

import geopandas as gpd

fracDFs = [ ]

s h e l v e s = [ "GVIIS" , "Wilkins " , "LarsenC" ]
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for s h e l f in s h e l v e s :

ISSM_p r ed i c t o r s = pd . read_csv ( "data/Trans ient/TrainingData/NEW

_SETUP_"+s h e l f+"_ISSMoutputs_200x200 . csv " )

ISSM_p r ed i c t o r s . dropna ( i np l a c e=True ) # Drop a l l g r i d po in t s

wi th NA va lue s

f r a c s = pd . read_csv ( "data/Pro jec t2_3 i ce−she l v e s/High␣

r e s o l u t i o n ␣−␣Frac_NonFrac/"+s h e l f+"_Frac_non_f r a c . csv " )

po in t s = ISSM_p r ed i c t o r s . l o c [ : , [ "Lat" , "Lon" ] ] . to_numpy( )

f r a cPo in t s = f r a c s . l o c [ : , [ " Lat i tude " , "Longitude " ] ] . to_numpy( )

l i n I n t = i n t e r p o l a t e . L inearNDInterpo lator ( po ints , ISSM_

p r ed i c t o r s . Ve loc i ty )

for c o l in ISSM_p r ed i c t o r s . columns :

i f c o l not in [ "Lat" , "Lon" ] :

l i n I n t = i n t e r p o l a t e . L inearNDInterpo lator ( l i n I n t . t r i ,

ISSM_p r ed i c t o r s [ c o l ] )

f r a c s [ c o l ] = l i n I n t ( f r a cPo in t s )

f r a c s [ " s h e l f " ] = s h e l f

fracDFs . append ( f r a c s )

f r a c s = pd . concat ( fracDFs )

f r a c s . drop ( "Unnamed : ␣0" , ax i s =1, i np l a c e=True )

f r a c s . Fractured = f r a c s . Fractured . astype ( " category " )

f r a c s . dropna ( i np l a c e=True )

from s c ipy import c l u s t e r

k = 200 # Number o f c l u s t e r s

c l u s t = c l u s t e r . vq . kmeans ( f r a c s . l o c [ : , [ "Longitude " , " Lat i tude " ] ] , k

, i ter=100 , thresh=1e−05, check_f i n i t e=True )
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c en t r o i d s = gpd . GeoDataFrame ( geometry=gpd . po in t s_from_xy ( c l u s t

[ 0 ] [ : , 0 ] , c l u s t [ 0 ] [ : , 1 ] ) )

c en t r o i d s . c r s = "EPSG:4326 "

p r e d i c t o r s = [ ’ Ve loc i ty ’ , ’ P r i n c i p a l S t r e s s 1 ’ , ’ P r i n c i p a l S t r e s s 2 ’ ,

’ E f f e c t i v e S t r e s s ’ , ’ P r i n c i p a l S t r a i n 1 ’ , ’ P r i n c i p a l S t r a i n 2 ’ ,

’ E f f e c t i v e S t r a i n ’ , ’ Thickness ’ , ’Damage ’ ]

import matp lo t l i b

import t en so r f l ow as t f

import t en so r f l ow_p r obab i l i t y as t f p

from t en so r f l ow_p r obab i l i t y import d i s t r i b u t i o n s as t f d

import gpf low

from gpf low . c i_u t i l s import c i_n i t e r

from gpf low import set_t r a i n ab l e

from gpf low . u t i l i t i e s import print_summary , p o s i t i v e

gpf low . c on f i g . set_de f au l t_float (np . f l o a t 6 4 )

gpf low . c on f i g . set_de f au l t_j i t t e r (1 e−4)

gpf low . c on f i g . set_de f au l t_summary_fmt ( "notebook" )

# conver t to f l o a t 6 4 f o r t f p to p lay n i c e l y wi th gp f l ow in 64

f 64 = gpflow . u t i l i t i e s . to_de f au l t_float

t f . random . set_seed (123)

%matp lo t l i b i n l i n e

class MixedModelKernel ( gpf low . k e rn e l s . Kernel ) :

def __i n i t__( s e l f , p ) :
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super ( ) .__i n i t__( a c t i v e_dims=np . arange (p+3) )

s e l f . kernelRandom = gpflow . k e rn e l s . SquaredExponential (

a c t i v e_dims =[1 , 2 ] )

s e l f . ke rne lF ixed = gpflow . k e rn e l s . L inear ( a c t i v e_dims=range

(3 , p+3) )

def K( s e l f , X, X2=None ) :

i f X2 i s None :

X2 = X

return s e l f . ke rne lF ixed (X,X2) + \

t f . t ensordot ( t f . c a s t (X[ : ,0 ]==1 , dtype=t f . f l o a t 6 4 ) ,

t f . c a s t (X2[ : ,0 ]==1 , dtype=t f . f l o a t 6 4 ) ,

axes=0) ∗ s e l f . kernelRandom (X,X2)

def K_diag ( s e l f , X) :

return s e l f . ke rne lF ixed (X,X2=None , f u l l_cov=False ) + \

t f . where (X[ : ,0 ]==1 , s e l f . kernelRandom (X,X2=None , f u l l

_cov=False ) , 0 )

p = len ( p r e d i c t o r s )+1 # Number o f p r e d i c t o r s i n c l u d i n g i n t e r c e p t

n = f r a c s . shape [ 0 ] # Number o f samples

Y = f r a c s . Fractured . to_numpy( dtype=" f l o a t 6 4 " ) . reshape (n , 1 )

X = f r a c s . l o c [ : , p r e d i c t o r s ]

X = ( (X−X.mean (0 ) )/X. std (0 ) ) . to_numpy( ) # Standard i ze

p r e d i c t o r s

coords = f r a c s . l o c [ : , [ "Longitude " , " Lat i tude " ] ] . to_numpy( )

X = np . concatenate ( [ np . ones ( [X. shape [ 0 ] , 1 ] ) , coords , np . ones ( [X.
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shape [ 0 ] , 1 ] ) ,X] , ax i s=1)

data = (X,Y)

# Inducing v a r i a b l e s f o r c o e f f i c i e n t s be ta

induc ing = [ ]

for i in range (p) :

induc ing . append ( [ 0 ] ∗(3+ i ) +[1 ]+[0 ]∗ (p−i −1) )

# Inducing v a r i a b l e s f o r random e f f e c t s a t k−means c l u s t e r i n g

l o c a t i o n s

for i , j in c l u s t [ 0 ] :

induc ing . append ( [ 1 , i , j ]+ [ 0 ]∗p)

induc ing = np . array ( inducing , dtype=" f l o a t 6 4 " )

ke rne l = MixedModelKernel (p)

model = gpflow . models .SGPMC(

data ,

k e rne l=kerne l ,

l i k e l i h o o d=gpflow . l i k e l i h o o d s . Be rnou l l i ( ) ,

induc ing_va r i ab l e=inducing ,

num_l a t e n t_gps=1,

)

## These s e t t i n g s reproduce something q u i t e s im i l a r to the model

w i thout random e f f e c t s ,

## i . e . sigma^2_random ~ 0

#se t_t r a i n a b l e (model . k e rne l . kernelRandom . variance , Fa l se )

#model . k e rne l . kernelRandom . var iance . a s s i gn (0 .0001)

#model . k e rne l . k e rne lF i xed . var iance . p r i o r = t f d .Gamma( f64 (1 . 0 ) , f64

( 1 . 0 ) )
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# Put exponen t i a l p r i o r s on the var iance o f f i x e d and random

e f f e c t s

model . k e rne l . kernelRandom . var iance . p r i o r = t fd .Gamma( f64 ( 1 . 0 ) , f64

( 1 . 0 ) )

model . k e rne l . ke rne lF ixed . var i ance . p r i o r = t fd .Gamma( f64 ( 1 . 0 ) , f64

( 1 . 0 ) )

#ADD PRIOR TO LENGTHSCALE

model . k e rne l . kernelRandom . l e n g t h s c a l e s . p r i o r = t fd . Normal ( f64 ( 0 . 0 )

, f64 ( 1 . 0 ) )

# Fix the l e n g t h s c a l e o f the random e f f e c t s RBF kerne l , and f i x

the induc ing po in t s

#s e t_t r a i n a b l e (model . k e rne l . kernelRandom . l e n g t h s c a l e s , Fa lse )

#model . k e rne l . kernelRandom . l e n g t h s c a l e s . a s s i gn (0 .25 )

set_t r a i n ab l e (model . induc ing_var i ab l e , Fa l se )

gpf low . u t i l i t i e s . print_summary(model )

model . k e rne l . kernelRandom . l e n g t h s c a l e s . p r i o r

opt imize r = gpf low . op t im i z e r s . Scipy ( )

opt imize r . minimize (model . t r a i n i n g_l o s s , model . t r a i n ab l e_va r i ab l e s ,

opt ions={"maxiter " : 1000})

print ( f " l og ␣ p o s t e r i o r ␣ dens i ty ␣ at ␣optimum : ␣{model . l og_po s t e r i o r_

dens i ty ( ) }" )

gpf low . u t i l i t i e s . print_summary(model )

preds = (model . p r ed i c t_f (X) [ 0 ] . numpy( ) . f l a t t e n ( ) >0.5)

( f r a c s . Fractured==preds ) .sum( )/len ( preds )

c o e f s = model . p r ed i c t_f ( induc ing ) [ 0 ] . numpy( )

print ( "%20.20 s : ␣%.3 f "%(" In t e r c ep t " , c o e f s [ 0 ] ) )
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for i in range ( len ( p r e d i c t o r s ) ) :

print ( "%20.20 s : ␣%.3 f "%(p r ed i c t o r s [ i ] , c o e f s [ i +1]) )

num_burnin_s t ep s = c i_n i t e r (5000)

num_samples = c i_n i t e r (10000)

# Note t ha t here we need model . t r a i n a b l e_parameters , not t r a i n a b l e

_v a r i a b l e s − only parameters can have p r i o r s !

hmc_he lpe r = gpflow . op t im i z e r s . SamplingHelper (

model . l og_po s t e r i o r_dens i ty , model . t r a i n ab l e_parameters

)

hmc = t fp .mcmc . HamiltonianMonteCarlo (

t a r g e t_l og_prob_fn=hmc_he lpe r . t a r g e t_l og_prob_fn , num_l e ap f r o g

_s t ep s =10, s tep_s i z e =0.01

)

adapt ive_hmc = t fp .mcmc . SimpleStepSizeAdaptat ion (

hmc , num_adaptat ion_s t ep s =10, t a r g e t_accept_prob=f64 ( 0 . 7 5 ) ,

adaptat ion_r a t e =0.1

)

@tf . f unc t i on

def run_chain_fn ( ) :

return t f p .mcmc . sample_chain (

num_r e s u l t s=num_samples ,

num_burnin_s t ep s=num_burnin_steps ,

cur r ent_s t a t e=hmc_he lpe r . cur r ent_s ta te ,

k e rne l=adapt ive_hmc ,

t r a c e_fn=lambda _, pkr : pkr . inne r_r e s u l t s . i s_accepted ,

)

209



from time import time

s1=time ( )

samples1 , _ = run_chain_fn ( )

#samples2 , _ = run_chain_fn ( )

#samples3 , _ = run_chain_fn ( )

cons t ra ined_samples1 = hmc_he lpe r . convert_to_cons t ra ined_va lue s (

samples1 )

#cons t ra ined_samples2 = hmc_he l p e r . conver t_to_cons t ra ined_va l u e s (

samples2 )

#cons t ra ined_samples3 = hmc_he l p e r . conver t_to_cons t ra ined_va l u e s (

samples3 )

e1 = time ( )

print ( ( e1−s1 )/3600)

c s t en so r1 = t f . convert_to_t en so r ( cons t ra ined_samples1 [ 0 ] )

c s t en so r1 = t f . reshape ( c s tensor1 , [ 1 0 0 0 0 , 1 , 2 1 0 ] )

c s t en so r2 = t f . convert_to_t en so r ( cons t ra ined_samples2 [ 0 ] )

c s t en so r2 = t f . reshape ( c s tensor2 , [ 1 0 0 0 0 , 1 , 2 1 0 ] )

c s t en so r3 = t f . convert_to_t en so r ( cons t ra ined_samples3 [ 0 ] )

c s t en so r3 = t f . reshape ( c s tensor3 , [ 5 0 0 0 , 1 , 1 3 3 ] )

mult i_cha ins = t f . concat ( [ c s t ensor1 , c s t en so r2 ] , 1 )

mult i_cha ins

from numpy import random

randy=random . rand int ( low=14, high=k , s i z e =(10) )

ConVergTestPoints = l i s t ( range (0 , 12) )
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ConVergTestPoints . extend ( randy )

ConVergTestPoints

MultiCHAIN = mult i_cha ins . numpy( )

MultiCHAINsub = MultiCHAIN [ : , : , ConVergTestPoints ]

CT = t fp .mcmc . p o t e n t i a l_s c a l e_r educt i on (MultiCHAINsub )

CT. numpy( )

matp lo t l i b . rcParams [ ’ f ont . s i z e ’ ] = 12

param_to_name = {param : name for name , param in gpf low . u t i l i t i e s .

parameter_dict (model ) . i tems ( ) }

name_to_index = {param_to_name [ param ] : i for i , param in enumerate

(model . t r a i n ab l e_parameters ) }

hyperparameters = [ " . k e rne l . kernelRandom . var iance " , " . k e rne l .

ke rne lF ixed . var i ance " , " . k e rne l . kernelRandom . l e n g t h s c a l e s " ]

p l t . f i g u r e ( f i g s i z e =(8 , 4) )

for param_name in hyperparameters :

p l t . p l o t ( cons t ra ined_samples1 [ name_to_index [ param_name ] ] ,

l a b e l=param_name)

p l t . l egend ( ( ’Random␣Variance ’ , ’ Fixed␣Variance ’ , ’ Lengthsca le ’ ) ,

bbox_to_anchor=(1 , 1) )

p l t . x l ab e l ( "HMC␣ i t e r a t i o n " , f o n t s i z e =18)

_ = p l t . y l ab e l ( "Hyperparameter␣ value " , f o n t s i z e =18)

p l t . t i g h t_l ayout ( )

#p l t . s a v e f i g ( ’HS_Transient_HyperValues2 . png ’ , dp i=300)

co e f_samples = model . p r ed i c t_f_samples ( induc ing [ 0 : p , : ] , 1 0 0 0 0 ) .
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numpy( )

co e f_samples . shape

co e f_samples = pd . DataFrame ( co e f_samples [ : , : , 0 ] )

matp lo t l i b . rcParams [ ’ f ont . s i z e ’ ] = 16

from matp lo t l i b . t i c k e r import FormatStrFormatter

c o e f_samples . columns = [ " In t e r c ep t "]+ p r ed i c t o r s

c o e f_samples . h i s t ( f i g s i z e =[20 ,20 ] , b ins =50, g r id=False )

p l t . t i g h t_l ayout ( )

p l t . x t i c k s ( range (3 ) )

#p l t . s a v e f i g ( ’HS_Transient_Di s t r i b u t i o n s . png ’ , dp i=300)

p l t . show ( )

pd . p l o t t i n g . s c a t t e r_matrix ( c o e f_samples , f i g s i z e =(20 ,20) )

p l t . x t i c k s ( range (1 ) )

p l t . show ( )

ISSM_DFs = [ ]

s h e l v e s = [ "GVIIS" , "Wilkins " , "LarsenC" ]

for s h e l f in s h e l v e s :

ISSM_p r ed i c t o r s = pd . read_csv ( "data/Trans ient/TrainingData/NEW

_SETUP_"+s h e l f+"_ISSMoutputs_200x200 . csv " )

#ISSM_p r e d i c t o r s = pd . read_csv (" data/Transient/Scenario4/"+

s h e l f+"_Damage_scenar io4 ( updated ) . csv ")

ISSM_p r ed i c t o r s . dropna ( i np l a c e=True ) # Drop a l l g r i d po in t s

wi th NA va lue s

ISSM_DFs . append (ISSM_p r ed i c t o r s )

ISSM_p r ed i c t o r s = pd . concat (ISSM_DFs)

Xnew = ISSM_p r ed i c t o r s . l o c [ : , p r e d i c t o r s ]
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Xnew = ( (Xnew−Xnew .mean (0 ) )/Xnew . std (0 ) ) . to_numpy( ) #

Standard i ze p r e d i c t o r s

coords = ISSM_p r ed i c t o r s . l o c [ : , [ "Lon" , "Lat" ] ] . to_numpy( )

Xnew = np . concatenate ( [ np . ones ( [Xnew . shape [ 0 ] , 1 ] ) , coords , np . ones ( [

Xnew . shape [ 0 ] , 1 ] ) ,Xnew ] , ax i s=1)

preds = model . p r ed i c t_y (Xnew)

l a t en t f un = model . p r ed i c t_f (Xnew)

ISSM_p r ed i c t o r s [ " Pred ic ted_y" ] = preds [ 0 ] . numpy( )

ISSM_p r ed i c t o r s [ " Pred ic ted_y_var " ] = preds [ 1 ] . numpy( )

f l o a t i n g=ISSM_p r ed i c t o r s . l o c [ ISSM_p r ed i c t o r s [ " Float " ]==1]

np .mean( f l o a t i n g [ " Pred ic ted_y" ] )

np .mean(ISSM_p r ed i c t o r s [ " Pred ic ted_y" ] )

from pyproj import Proj , t rans form

wgs84=Proj ( "+i n i t=EPSG:4326 " )

AntPol=Proj ( "+i n i t=EPSG:3031 " )

#TESTfracs . Longitude

#TESTfracs . La t i tude

wgs84lon=l i s t (ISSM_p r ed i c t o r s . Lon)

wgs84lat=l i s t (ISSM_p r ed i c t o r s . Lat )

xx , yy = trans form (wgs84 , AntPol , wgs84lon , wgs84lat )

ISSM_p r ed i c t o r s . i n s e r t (2 , "antpolLON" , xx , True )

ISSM_p r ed i c t o r s . i n s e r t (2 , "antpolLAT" , yy , True )

#TESTgeoFracs = gpd . GeoDataFrame(TESTfracs , geometry=gpd . po in t s_

from_xy (TESTfracs . antpolLON , TESTfracs . antpolLAT) )

i c e s h e l v e s = gpd . read_f i l e ( "data/anta r c t i c a−i c e sh e e t −polygons −3857
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" )

#TESTgeoFracs . c r s = "EPSG:3031"

i c e s h e l v e s . to_c r s ( "EPSG:3031 " , i np l a c e=True )

ISSM_p r ed i c t o r s = gpd . GeoDataFrame (ISSM_pr ed i c t o r s ,

geometry=gpd . po in t s_from_xy (

ISSM_p r ed i c t o r s . antpolLON ,

ISSM_p r ed i c t o r s . antpolLAT) )

ISSM_p r ed i c t o r s . c r s = "EPSG:3031 "

matp lo t l i b . rcParams [ ’ f ont . s i z e ’ ] = 18

f i g , ( ax1 , ax2 ) = p l t . subp lo t s ( nco l s =2, sharex=True , sharey=True ,

f i g s i z e =(20 ,20) )

base=i c e s h e l v e s . p l o t ( ax=ax1 , c o l o r=" l i g h t g r e y " , edgeco l o r=" grey " )

for ax i s in [ ’ top ’ , ’ bottom ’ , ’ l e f t ’ , ’ r i g h t ’ ] :

ax1 . sp in e s [ ax i s ] . set_l i n ew id th (1 )

p l t . xl im ([ −2662213 , −1582943])

p l t . yl im ( [ 400000 , 1600000 ] )

p l t . x t i c k s ( [ ] )

p l t . y t i c k s ( [ ] )

ISSM_p r ed i c t o r s . p l o t ( ax=ax1 , column="Pred ic ted_y" , markers i ze=6,

alpha =0.7 ,cmap=’ v i r i d i s ’ ,

l egend=True ,

l egend_kwds=dict ( o r i e n t a t i o n=’ ho r i z on t a l ’ ,

l a b e l=’ Po s t e r i o r ␣mean␣ o f ␣p(y=1␣ | ␣x ) ’ , pad

=0.02) )
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base1=i c e s h e l v e s . p l o t ( ax=ax2 , c o l o r=" l i g h t g r e y " , edgeco l o r=" grey " )

for ax i s in [ ’ top ’ , ’ bottom ’ , ’ l e f t ’ , ’ r i g h t ’ ] :

ax2 . sp i n e s [ ax i s ] . set_l i n ew id th (1 )

p l t . xl im ([ −2662213 , −1582943])

p l t . yl im ( [ 400000 , 1600000 ] )

p l t . x t i c k s ( [ ] )

p l t . y t i c k s ( [ ] )

ISSM_p r ed i c t o r s . p l o t ( ax=base1 , column="Pred ic ted_y_var " , markers i ze

=6, alpha =0.7 ,cmap=’ v i r i d i s ’ ,

l egend=True ,

l egend_kwds=dict ( o r i e n t a t i o n=’ ho r i z on t a l ’ ,

l a b e l=’ Po s t e r i o r ␣ var iance ␣ o f ␣p(y=1␣ | ␣x ) ’ ,

pad=0.02 , t i c k s= [ 0 . 0 5 , 0 . 1 0 , 0 . 1 5 , 0 . 2 0 ] ) )

p l t . t i g h t_l ayout ( pad=1.0 , h_pad=0.0)

coords = ISSM_p r ed i c t o r s . l o c [ : , [ "Lon" , "Lat" ] ] . to_numpy( )

Xnew = np . concatenate ( [ np . ones ( [ coords . shape [ 0 ] , 1 ] ) , coords , np .

z e r o s ( ( coords . shape [ 0 ] , p+3) ) ] , ax i s=1)

preds = model . p r ed i c t_f (Xnew)

ISSM_p r ed i c t o r s [ " Pred ic ted_g" ] = preds [ 0 ] . numpy( )

ISSM_p r ed i c t o r s [ " Pred ic ted_g_var " ] = preds [ 1 ] . numpy( )

matp lo t l i b . rcParams [ ’ f ont . s i z e ’ ] = 18

f i g , ( ax1 , ax2 ) = p l t . subp lo t s ( nco l s =2, sharex=True , sharey=True ,
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f i g s i z e =(20 ,20) )

base=i c e s h e l v e s . p l o t ( ax=ax1 , c o l o r=" l i g h t g r e y " , edgeco l o r=" grey " )

for ax i s in [ ’ top ’ , ’ bottom ’ , ’ l e f t ’ , ’ r i g h t ’ ] :

ax1 . sp i n e s [ ax i s ] . set_l i n ew id th (1 )

p l t . xl im ([ −2662213 , −1582943])

p l t . yl im ( [ 400000 , 1600000 ] )

p l t . x t i c k s ( [ ] )

p l t . y t i c k s ( [ ] )

ISSM_p r ed i c t o r s . p l o t ( ax=ax1 , column="Pred ic ted_g" , markers i ze=6,

alpha =0.7 ,cmap=’ v i r i d i s ’ ,

l egend=True ,

l egend_kwds=dict ( o r i e n t a t i o n=’ ho r i z on t a l ’ ,

l a b e l=’ Po s t e r i o r ␣mean␣ o f ␣random␣ e f f e c t s ’ ,

pad=0.02) )

base1=i c e s h e l v e s . p l o t ( ax=ax2 , c o l o r=" l i g h t g r e y " , edgeco l o r=" grey " )

for ax i s in [ ’ top ’ , ’ bottom ’ , ’ l e f t ’ , ’ r i g h t ’ ] :

ax2 . sp i n e s [ ax i s ] . set_l i n ew id th (1 )

p l t . xl im ([ −2662213 , −1582943])

p l t . yl im ( [ 400000 , 1600000 ] )

p l t . x t i c k s ( [ ] )

p l t . y t i c k s ( [ ] )

ISSM_p r ed i c t o r s . p l o t ( ax=base1 , column="Pred ic ted_g_var " , markers i ze

=6, alpha =0.7 ,cmap=’ v i r i d i s ’ ,

l egend=True ,

l egend_kwds=dict ( o r i e n t a t i o n=’ ho r i z on t a l ’ ,
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l a b e l=’ Po s t e r i o r ␣ var iance ␣ o f ␣random␣

e f f e c t s ’ , pad=0.02) )

p l t . t i g h t_l ayout ( pad=1.0 , h_pad=0.0)
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