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She saw nothing round her but stars and waves.
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Abstract

This thesis studies submarine sliding and tsunami generation at the Rockall Bank,

NE Atlantic Ocean through numerical and statistical modelling. Two numerical

codes are used to perform the simulations from the submarine sliding to tsunami

generation, propagation and inundation. The landslide model is VolcFlow and the

tsunami model is VOLNA. Some of the basic rheological regimes used to model

submarine landslides are briefly discussed, with a comparison in the case of the

Rockall Bank. The latest version of VOLNA is validated against an analytical so-

lution. The brief geological history of the area under study is also given. The

numerical simulations explore different scenarios of failure in the area, and assess

their tsunamigenic potential and the impact of the tsunamis on the current topogra-

phy of the Irish shoreline. The results of the simulations exhibit a great variability

that derives from the parameters used as input in the landslide model. There is a

need to quantify this uncertainty. To do so, a Bayesian calibration of the parameters

is initially performed, which leads to the posterior distributions of the input param-

eters. A statistical emulator, which acts as a surrogate of the numerical process

is then built. The emulator can lead to predictions of the process in excessively

fast (when compared to the simulations) computational speeds. For the examined

case, the emulator propagates the uncertainties in the distributions of the input pa-

rameters resulting from the calibration, to the outputs. As a result, the predictions

of the maximum free surface elevation at specified locations are obtained.
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CHAPTER 1. INTRODUCTION

Chapter 1

Introduction

1.1 Overview

Tsunamis, in contrast to other major natural hazards such as earthquakes or vol-

canic eruptions, were often misconceived and underestimated by the public in the

past century. Bryant (2008) refers to the perception of tsunamis as an underrated

hazard, whereas the false term ‘tidal waves’ was often used to describe the events.

To a great regret, the events of the past decade made a significant change and

acted as a dramatic counterbalance in the increase of public awareness. On the

26th of December 2004, the so-called Boxing Day, more than 250,000 people lost

their lives by tsunami waves that followed an earthquake of magnitude Mw=9.3 with

epicentre the northern region of the Sumatra Island in the Indian Ocean (Levin and

Nosov, 2009).

To add to the large death toll caused by the Indian Ocean Tsunami, a tsunami

disaster followed the Tohoku earthquake on the 11th of March, 2011 in Japan. The,

magnitude 9.0 (Mw), earthquake caused the death of approximately 15,890 people

(National Police Agency of Japan, 2015) and resulted in a world-wide nuclear cri-

sis when the tsunami destroyed part of the Fukushima Daiichi nuclear power plant

(Goto et al., 2012; Synolakis and Kânoğlu, 2015). Despite its devastating conse-

quences, the 2011 Tohoku-Oki tsunami is one of the best documented tsunamis

since it happened at a nation equipped with advanced Global Positioning Systems

(GPS), seismological and tsunami centres. Its occurrence, thus, has contributed to

improve scientific understanding and the application of new inversion methods in

tsunami science (Tappin et al., 2014).

Although the two aforementioned events are among the most known and disas-

trous tsunami events in the recent history, there are many other episodes of tsunami

generation. Among them are the Chile tsunami events in 2014 and 2010, the

1
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Figure 1.1: The information on this map derives from NOAA’s National Geophysi-

cal Data Center (NGDC) Historical Tsunami Database. The information compiles

records of tsunami events throughout the world from 1610 B.C. to A.D. 2014. Over

1,200 confirmed tsunami source events are displayed on the map. The global dis-

tribution of the tsunami sources is 69% Pacific Ocean, 16% Mediterranean Sea,

8% Caribbean Sea and Atlantic Ocean, 6% Indian Ocean, and 1% Black Sea. The

main tsunami sources are earthquakes (82%) and earthquake induced landslides

(6%), volcanic eruptions (6%), landslides (4%), and other (2%). From: ITIC-IOC

database.

tsunami event in the Solomon islands in 2013 and the tsunami event in the South

Pacific Ocean in 2009 (International Tsunami Information Center, ITIC database).

The most incidents of tsunami generation occur around the ’Ring of Fire’ in the

Pacific Ocean however tsunami occurrences may be recorded all over the world

. As large parts of the population leave close to coastal areas, the study of the

events proves significant for the scientific understanding of the hazard and its con-

sequences.

In nature, tsunamis can be described as surface gravitational waves with peri-

ods of T ≈ 500 s and usually within the range of 102 − 104 s (Levin and Nosov,

2009). They are characterised as long waves since their wavelength, λ, is much

larger than the water depth, H, over which they propagate, λ � H (Fig. 1.2) The

tsunami propagation velocity depends strongly on the water depth and it can be

2



CHAPTER 1. INTRODUCTION

Figure 1.2: Graphic from ’Tsunami Glossary’ (Publication by ITIC-IOC United Na-

tions Educational, Scientific and Cultural Organization (UNESCO)), 2006.

derived by the formula c =
√
gH where c is the wave speed and g the gravitational

acceleration. A tsunami event can be characterised by three main stages: genera-

tion, propagation and inundation of the waves on the shoreline.

In the open ocean, tsunamis are characterised by large wavelengths and small

amplitudes (often a few tens of centimetres), which can make them pass unnoticed

from ships. They propagate as series of waves where the first one is not often the

largest (Okal and Synolakis, 2016). When the waves approach the shoreline where

the water depth is smaller, their wavelength and wave speed decrease and the

wave energy is compressed. This phenomenon results in increase of the tsunami

amplitude, leading to catastrophic consequences on the coast (Intergovernmental

Oceanographic Commission, IOC, 2014). Indeed, the origin of the word derives

from two Japanese ideograms which can be translated as ”harbour waves” in En-

glish. Although it is not known with certainty how the term derived, a plausible ex-

planation is that it is attributed to the observations of the Japanese fishermen, who

would go back to land after fishing only to find their homes devastated (Cartwright

and Nakamura (2008).

Tsunamis form as the secondary effect of other hazards. The most signifi-

cant tsunamigenic sources are underwater earthquakes, volcanic eruptions, sub-

aerial or submarine landslides and meteorite impact. The most destructive, fre-

quent and known sources of tsunami generation are submarine earthquakes which

cause a rapid vertical displacement of the seafloor (Levin and Nosov, 2009) (Fig.

1.1). Tsunamigenic earthquakes are the primary cause of casualties by tsunamis

in history (National Oceanic and Atmospheric Administration, NOAA). Nonetheless,

subaerial and submarine landslides may also trigger waves of considerable magni-

tude. Although, landslides were known as an important tsunami triggering mech-

anism since the beginning of the past century (Bardet et al. (2003) and reference

3



1.2. SUBMARINE LANDSLIDE DYNAMICS

therein), the scientific interest was mainly focused on earthquake tsunamis since

they were considered as the primary tsunamigenic source (Hammack, 1973). As a

result, only a small number of scientific studies were conducted in the research of

landslide tsunami generation. Among those the work of Jiang and LeBlond (1992);

Harbitz et al. (1993) and Moore et al. (1994) is denoted.

Significant landslide tsunamis occurred in the past, like the 1929 Grand Banks

(Fine et al., 2005) and the 1958 Lituya Bay (Fritz et al., 2009) events. However, a

critical point for the complete recognition of landslides as tsunamigenic sources was

the 1998 Papua New Guinea (PNG) event (Bardet et al., 2003; Tappin et al., 2008).

The PNG tsunami occurred shortly after a magnitude 7 earthquake. Tsunami

waves of up to 15 m in height followed the earthquake, causing the death of 2,200

people. The initial scientific opinions were directed to a tsunami of earthquake ori-

gin but the computed results did not match with the observations in the near field

(Tappin et al., 1999; Harbitz et al., 2006). It has been later acknowledged that the

PNG tsunami resulted from a submarine slump triggered by the earthquake (Tap-

pin et al., 2008). As a result, over the past two decades the scientific research and

knowledge regarding the complex processes that govern landslide dynamics and

tsunami generation has significantly increased. (Ward and Day, 2001; Bardet et al.,

2003; Harbitz et al., 2006, 2014b; Løvholt et al., 2015).

1.2 Submarine landslide dynamics

As noted during the past decades, and mainly aided by advances in technology,

there were major improvements on the scientific understanding of submarine mass

processes. Laboratory and numerical experiments, field surveys, analytical and

empirical formulae have contributed to this development. Several studies have

been based on the knowledge and principles that derived from subaerial events

to progress with the scientific research at the submarine domain (Hampton et al.,

1996). Among others, the pioneering work of Savage and Hutter (1989) and Iver-

son (1997) in the dynamics of terrestrial events was a limestone for the work that

followed. However the complex mechanisms that underpin the event, the diverse

failure processes and the scarce actual observations of submarine landslides still

render the study of the phenomena a complicated task.

Despite their many similarities, submarine mass movements differ in many ways

from the occurrences on land. The large volume sizes and the long run-out dis-

tances that submarine landslides can attain, distinguish them largely from the ter-

restrial events. Another notable characteristic is that they can occur in slopes with

very low gradients, as low as 1o (Masson et al., 2006). The large volumes can

4



CHAPTER 1. INTRODUCTION

possibly be explained by these low gradients, since steeper angles might result in

more frequent failures but with smaller volumes (Elverhøi et al., 2002). Locat and

Lee (2005) report some of the basic differences between subaerial events and sub-

marine debris flows. The apparent difference is the significant impact of the water

on every stage of the flow. The effect of the water, acts as a mechanism that re-

duces the strength of the slide material, increases the mobility and enhances the

long run-out distances (Locat and Lee, 2005).

The complete failure process can be subdivided to three principal stages: the

pre-failure, the failure and the post-failure stage. An additional stage, the reactiva-

tion stage, which involves movements on failed structures, is also noted (Locat and

Lee, 2002). The failure stage occurs when a triggering mechanism changes the

force balance of the system. Hampton et al. (1996) have inferred a factor of safety

(FS) which represents the rate of the total sum of the present resisting forces over

the sum of the gravitational forces (Fig. 1.3). As shown, several possible trigger-

ing mechanisms may lead to failure initiation either by increasing the gravitational

stresses or decreasing the resisting forces of the mass; a combination of the two

constitutes also a common phenomenon (Locat and Lee, 2005). The post-failure

stage essentially represents the stage from failure initiation to termination and final

deposition of the slide material. It can be well described by fluid mechanics princi-

ples and it is considered as the most significant stage for tsunami generation.

Several parameters and mechanisms control the submarine mass failure dy-

namics and final deposition. The effect of water plays a deterministic role during

the failure process. One of the most important controlling factors is the water drag

exerted in the frontal and lateral parts of the landslide during motion (Fig. 1.3). The

effect of the friction between the basal layer of the mass and the ground is also

important. A mechanism that can play a significant role in the final deposition of the

flow is hydroplaning (Fig. 1.3). The effect of hydroplaning has been observed for

the first time in the experiments of Mohrig et al. (1998), no field observations of the

phenomenon have been made so far.

Hydroplaning can be used to describe the ability of submarine debris flows to

reach long run-out distances, even on gentle slopes and with a relatively high yield

stress. Two basic conditions have to be met for the occurrence of hydroplaning: 1)

the mass should not fall into suspension 2) it has to reach a critical velocity above

which it can hydroplane (Elverhøi et al., 2000). When the phenomenon takes place

the head of the flow is lifted and water intrudes underneath the moving body (Mohrig

et al., 1998; Elverhøi et al., 2000, 2010). The process reduces the basal friction and

enhances the velocity of the frontal part of the flow enabling it to reach a large run-

out distance (Elverhøi et al., 2000). It is noted that large velocities and long run-outs

5



1.2. SUBMARINE LANDSLIDE DYNAMICS

Figure 1.3: Left: The safety factor introduced by Hampton et al. (1996) represents

an account of the forces reducing and increasing the resistance of the flow to move.

Right: Some of the basic processes present during the motion of a landslide with

h thickness down a slope with β slope gradient. Both figures taken from: Locat and

Lee (2005)

can also be achieved without the effect of hydroplaning when the yield stress of the

landslide is excessively low (5-10 kPa) (Elverhøi et al., 2010).

Additional mechanisms controlling the flow dynamics may be wetting and re-

moulding. Wetting is induced by water incorporation into the soil, a process pro-

moted by the high shear rates at the interface between the flowing sediment and

water; whereas remoulding is the combined effect of clay particle rearrangement

and wetting (De Blasio et al., 2004a; De Blasio, 2004). Wetting and remoulding can

decrease efficiently the yield stresses of the flow and result in increased run-out

lengths.

Depending on the nature of the failure, various characterizations exist, for exam-

ple, depending on the shape of the planar surface the flow may be characterised as

rotational or translational. As the variety in the failure process may be large, some

degree of confusion is found in the literature regarding the terminology of the mass

failure processes. Many authors demonstrate the difficulty to classify submarine

mass movements and refer to the frequent misinterpretation of the terms (Hamp-

ton et al., 1996; Canals et al., 2004; Masson et al., 2006). For example, terms as

’slump’ and ’slide’ might be often used in an incoherent way without an accurate

inference to the type of the mass movement (Canals et al., 2004).

The variety and complexity of submarine landslides renders their classification

difficult; some notable examples of existing landslide classifications are: the classi-

fication by Mulder and Cochonat (1996), later modified by Masson et al. (2006) and

the work of Locat and Lee (2002) which was based on a subaerial landslide classi-
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CHAPTER 1. INTRODUCTION

fication. In this study, I do not examine the classification of the events depending on

the nature of the failure mechanism. The term ’landslide’ is used as a generic term

that describes slope instability without inferring to a particular style of movement.

The terms ’slide’ and ’Submarine Mass Movement’, (SMM), are also used with the

same purpose.

1.3 Landslide induced tsunamis

The tsunamigenic potential of submarine landslides is strongly linked to the nature

of the failure mechanism, including the initial acceleration, the surrounding topogra-

phy, as well as the volume of material involved (Harbitz et al., 2006). The complex

physics that govern the landslide dynamics, the large time lags of the events and

the diversity of the failure processes constitute some of the key factors rendering

the numerical modelling of the events more complicated. Masson et al. (2006) de-

note that the model predictions are sensitive to the geological parameter space and

the hydrodynamic conditions used for the modelling of the event.

The nature of the mechanism can be crucial when we study the characteris-

tics of the landslide induced tsunami waves. For example, Grilli and Watts (2005)

indicate that slumps and slides with the same kinematics do not necessarily re-

sult in tsunami waves with similar characteristics. For example, landslide induced

tsunamis that may exhibit similar amplitudes and run-ups in the source region, can

be different in the far field. The authors concluded that in comparison to slides,

slumps trigger tsunamis of smaller amplitudes and run-ups due to their smaller ac-

celeration duration and bathymetry displacement. The majority of tsunamis in the

Hawaiian archipelagos have been caused by the giant debris avalanches (McMurtry

et al., 2004). The Hawaiian slumps, due to their slow emplacement velocities, hold

a lower tsunamigenic potential which is linked with the extraordinary large volumes

of the events.

The tsunami wave characteristics depend strongly on the specified landslide

features. Murty (2003) describes that apart from the landslide volume, at least 8

other factors may affect the initial amplitude of the tsunamis. Among those are:

the coherency and density of the sliding material, the depth of the water above the

landslide, the angle of the landslide from the horizontal or vertical direction and

the landslide speed. He concludes that the landslide volume is the most important

parameter affecting the tsunami wave height. Hampton et al. (1996) observed nu-

merically that the landslide volume has a more important effect than the landslide

shape in the tsunami generation.

Parameter analyses have been implemented in numerical simulations to study

7



1.3. LANDSLIDE INDUCED TSUNAMIS

the relation of the slide parameters with the generated tsunami amplitudes. Hau-

gen et al. (2005) and Løvholt et al. (2005) conclude that parameters as the landslide

volume, thickness and length, the initial acceleration of the mass and the maximum

velocity affect considerably the tsunami wave characteristics. A high initial accel-

eration contributes to steeper wave fronts whereas increased slide lengths and

thickness may accordingly result in higher wave heights in the landslide front. More

recently, Løvholt et al. (2015) have noted that the initial acceleration forms a more

important controlling factor for tsunami generation by translational slides whereas

the velocity becomes more significant for rapid movements.

In comparison to earthquake tsunamis, landslide tsunamis can be subject to dis-

persive effects which decrease the far-field potential of the waves. Frequency dis-

persion is important for landslides with rapid acceleration or deceleration whereas

becomes less significant for large subcritical events (Harbitz et al., 2006). Further-

more, the effect of radial damping observed in landslide tsunamis, meaning the

radial spreading of the waves due to the dipolar nature of the source, enhances the

faster decay of the tsunami amplitudes (Okal and Synolakis, 2004). These phe-

nomena can result in extreme run-ups in the proximity of the displacement area but

decreased impact as the tsunamis propagate away from the source region.

The great danger that can occur unexpectedly by a tsunami approaching in

a few orders of minutes or hours (depending on the distance from the source) is

nowadays better known and a concerning issue for coastal regions. Various meth-

ods have been introduced to mitigate the hazard and minimise the risk posed to the

coastal communities. In the end of the past century, many numerical studies have

been performed for landslide generated tsunamis. The recent works by Behrens

and Dias (2015); Yavari-Ramshe and Ataie-Ashtiani (2016) review the wide spec-

trum of the principal theories and codes used for the numerical modelling of tsunami

generation, propagation and inundation. The numerical codes may vary depending

on the choice of the physics, the numerical scheme, the dimensions and other fea-

tures (Yavari-Ramshe and Ataie-Ashtiani, 2016).

The shallow water theory constitutes the most common theory that has been

applied so far in the research of landslide tsunamis (Yavari-Ramshe and Ataie-

Ashtiani, 2016). Despite the simplifications in the physics, the applicability of

the shallow water equation (SWE) solvers renders them a popular choice (Yavari-

Ramshe and Ataie-Ashtiani, 2016). Known SWE solvers have been used for simu-

lations of landslide tsunamis (Synolakis et al., 2002; Harbitz et al., 2014a; Ulvrova

et al., 2016) and there are many other events where the shallow water theory was

employed (Synolakis et al., 2002; Lynett et al., 2003; Bondevik et al., 2005; Fine

et al., 2005; Løvholt et al., 2005; Kelfoun et al., 2010; Labbé et al., 2012). Nonethe-
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less, in cases where the frequency dispersion of the landslide tsunami becomes

important, the SWE solvers do not capture some of the changes in the wave char-

acteristics (Glimsdal et al., 2013).

To account for dispersive effects during landslide tsunami propagation, the

Boussinesq approximation can be employed and state-of-the-art Boussinesq

solvers have been used for operational tsunami research (Wei and Kirby, 1995;

Lynett and Liu, 2005; Løvholt et al., 2008; Shi et al., 2012; Kirby et al., 2013; Har-

bitz et al., 2014a). To capture adequately the interaction between the landslide

and the water, numerical codes that solve the 3D Navier-Stokes (NS) equations or

the 3D potential flow equations can also be used (Abadie et al., 2008; Biscarini,

2010; Davies et al., 2011; Ma et al., 2012, 2013). NS codes are especially use-

ful for the modelling of subaerial landslide tsunamis where the physical processes

can become very complex. Albeit, the high computational costs of the NS solvers

make their applicability difficult in large scale domains (Yavari-Ramshe and Ataie-

Ashtiani, 2016). To counterbalance for that, NS solvers can be used in conjunc-

tion with Boussinesq solvers to study the far field potential of landslide tsunamis

(Løvholt et al., 2008; Abadie et al., 2012; Tappin et al., 2014; Tehranirad et al.,

2015).

In cases where large numbers of numerical simulations become cumbersome,

statistical techniques can be employed to shed light on the way that the mechan-

ical processes can influence the results. Up to present, various statistical meth-

ods have been implemented to quantify and minimise the degree of uncertainty in

tsunami science (Behrens and Dias, 2015). The use of statistical emulators, also

referred to as statistical surrogates, in place of the deterministic codes, constitutes

a prominent solution (Behrens and Dias, 2015). Statistical emulators actually form

stochastic representations of the deterministic computer models used to simulate a

physical process. The objective of the emulators is not to replace the significance

of the deterministic codes but to act in a complementary way, by assessing the

results of numerous scenarios in only a few moments of time. As tsunami models

can be computationally expensive to run, building statistical surrogates can be used

instead, to assess uncertainty and conduct sensitivity analyses in shorter compu-

tational times.

Some recent examples of building statistical surrogates of tsunami numerical

codes exist in the literature (Sarri et al., 2012; Sraj et al., 2014; Beck and Guillas,

2016). Sarri et al. (2012) have built a statistical surrogate of the analytical model for

landslide tsunamis developed by Sammarco and Renzi (2008). The emulator was

constructed using a Gaussian Process (GP) (Rasmussen and Williams, 2005) and

was validated with the Leave-One-Out diagnostics (LOO). Sraj et al. (2014) used
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polynomial chaos (PC) methods to build a statistical surrogate based on measure-

ments of the free surface elevation for the 2011 Japanese tsunami and quantify the

uncertainty in bottom friction parameterization. Beck and Guillas (2016) developed

an algorithm for sequential experimental design to efficiently build the statistical

surrogate of a tsunami code. Emulators lead to inexpensive probabilistic predic-

tions of the examined system and contribute towards a better understanding of the

system’s behaviour.

Instrumental implementation of monitoring systems forms also a measure to

detect the actual tsunami hazard. Oceanic buoys and seafloor sensors have been

deployed by NOAA to measure the free surface elevation in the Pacific Ocean.

Additional methods that deal with tsunami forecasting include the generation of in-

undation maps and the use of deterministic and probabilistic models to forecast

the hazard. Probabilistic Tsunami Hazard Analysis (PTHA) which derives with a

reference to Probabilistic Seismic Hazard Analysis (PSHA) is commonly used to

account for hazard assessment in areas prone to tsunami risk (Geist and Par-

sons, 2006). Despite the advanced scientific knowledge over the past decades,

the scarce distribution of the events in the space of time which consequently leads

to a small amount of field observations and the wide variety of tsunami triggering

mechanisms still render the hazard hard to study and understand.

1.4 Landslide tsunamis in the North Atlantic Ocean

Thanks to extensive marine surveys and high-resolution mapping of the ocean bot-

tom, many giant landslide deposits have been identified on continental margins and

around the slopes of oceanic islands with volcano-tectonic origin (Masson et al.,

2006). Some of the identified submarine landslides have volumes of enormous

sizes, and great run-out distances (Hampton et al., 1996). Such a remarkable ex-

ample are the Hawaiian giant submarine landslides. Between 1986 and 1991, the

side-scan sonar system Geologic Long-Range Inclined Asdic (GLORIA), was de-

ployed for the exploration of the U.S. Hawaiian Exclusive Economic Zone (EEZ).

The survey revealed the deposits of 68 landslides lying on the slopes of the Hawai-

ian Islands. The largest of them, like the Nuuanu debris avalanche, have lengths of

up to 200 km and volumes of 5,000 km3 (Moore et al., 1994).

Similar surveys in the Atlantic Ocean have revealed the extensive deposits of

numerous submarine landslides (Hühnerbach and Masson, 2004)(Fig. 1.4). Some

of them have a strong tsunamigenic potential. The Storrega slide lying on the west-

ern continental slope of Norway took place 8,200 years ago and involved a volume

of over 3,000 km3 of sediments (Haflidason et al., 2004). Storegga was possi-
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bly one of the most tsunamigenic failures in the North Atlantic, field surveys have

recorded tsunami run-up heights over 20 m in the Shetland islands (Bondevik et al.,

2005). Submarine landslide deposits with tsunamigenic potential were also found

offshore Norway in the Ormen/Lange area(Løvholt et al., 2005).

In the Northeast U.S. Atlantic margin several submarine landslide deposits have

been recognized (Chaytor et al., 2009), one of the most voluminous is the Currituck

slide complex (Locat et al., 2009). A maximum volume of 165 km3 was attributed

to the event which has possibly given rise to tsunamis that inundated the Atlantic

coast (Geist et al., 2009). Probabilistic tsunami hazard assessment yields that sub-

marine sliding in the area could pose a threat to the nearby coastal towns (Grilli

et al., 2015).

The deposits of 14 large landslides have been observed on the flanks of El Hi-

erro, La Palma and Tenerife in the Canary Islands that took place over a period

of 1 million years (Masson et al. (2002) and references therein). The landslides in

the Canary Islands and their catastrophic potential have been the focus of many

numerical studies over the past few years (Ward and Day, 2001; Gisler et al., 2006;

Løvholt et al., 2008; Abadie et al., 2012; Tehranirad et al., 2015). The 1929 Grand

Banks debris flow was generated by an earthquake and travelled as far as 1,000

km from the epicentre of the fault, breaking telecommunication cables and caus-

ing a tsunami that destroyed a village and resulted in the death of 33 people in

the southern coast of Newfoundland (Piper et al., 1988; Fine et al., 2005). More

recently, the devastating 2010 Haiti earthquake led to submarine sliding and sub-

sequent tsunami generation with the maximum wave heights exceeding 3 m (Fritz

et al., 2013).

In a closer proximity to Ireland, the Rockall Bank Slide Complex (RBSC) com-

prises the so far largest region of submarine slope failure scarps in the Irish Atlantic

margin (Elliott et al., 2010; Georgiopoulou et al., 2013). Although, no evidence exist

for the tsunamigenic potential of the complex, the large volumes of the event sug-

gest that it might have given rise to tsunamis. This possibility will be examined in

this thesis.

1.5 The PhD thesis

Taking under consideration the need to assess the tsunami hazard in Europe the

project for Assessment, STrategy and Risk Reduction for Tsunamis in Europe (AS-

TARTE) has been formed under the 7th European framework programme. The

ultimate goal of the project was to increase tsunami resilience and improve the

preparedness of the coastal communities in the North-East Atlantic and Mediter-
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Ireland is battered by waves from all sides and has suffered many extreme oceanic events. From one of the largest known underwater landslides in the world at Storegga 
to the tragedy of the Fastnet Yacht race; from tsunamis in Kinsale to the navy vessel Róisín battered by rogue waves, it is clear that Ireland has experienced a wide 
variety of ocean extremes. This map presents the first catalogue of such events, dating as far back as the turn of the last ice age. Detailed studies of this kind are 
important both to understand the science of the ocean wave environment of Ireland, and also for applications such as improving the safety of shipping and coastal 
structures, and generating renewable energy from the sea.  They can also provide new insights into myths and legends, and the origin of many  unexplained features of 
our natural environment. 

The Extreme Waves Map of Ireland 

Legend  
 
Storm Waves 
 

S1 1837, 1861, 1894, 1935, 1987, 1988 and 1989 
 The Mullet Peninsula, Co. Mayo 
S2 1869 and 1881: Calf Rock, Co. Cork 
S4 1864: Valentia, Co. Kerry 
S5 1877: Railway Lines, Co. Dublin and 
 Co.  Wicklow 
S6 1899: Greenore, Carlingford Lough, Co. Louth 
S7 1941: Inisheer Lighthouse, the Aran Islands 
S8 1945: Rosslare, Co. Wexford 
S9      1951: Kilkee, Co. Clare  
S10    1953: the Aran Islands 
S11    1962: Co. Cork 
S12 1974: Kilmore, Co. Wexford 
S13 1979: Fastnet Race 
S14 1982: Ventry, Co. Kerry 
S15 1985: Fastnet Rock Lighthouse 
 
Tsunamis 
 

T1 14,680 BP: the Barra Fan, Peach Slide 
T2 8200 BP: Storegga slide 
T3 1755, 1761, 1941 and 1975: 
 The Lisbon, Portugal tsunamis 
T4 1767: The River Liffey, Dublin  
T5 1841: Kilmore, Co. Wexford  
T6 1854: Kilmore, Co. Wexford 
T7 1894: Galway Bay and The Atlantic 
 (Festina Lente and Manhattan) 
T8 1922: Ballycotton, Co. Cork 
T9 1909: Westport Quay, Co. Mayo 
T10 1910: Cork, Waterford, Southampton,  
 Jersey, Dublin and Ilfracombe 
T11 1912: Bray, Co. Wicklow 
T12 1932: Inishowen, Co. Donegal  
 
Rogue Waves 
 

R1 1852: Inis Mór, The Aran Islands 
R2 1883: Youghal , Co. Cork 
R3 1899: Kilkee, Co. Clare 
R4 1914: Iniskeeragh, off Donegal 
R5 1936: Dundalk, Co. Louth 
R6 1972: Mullaghderg, Donegal 
R7 2004: L.E. Róisín, off Donegal coast 
R8 2006: off Portrush, Co. Antrim 
R9 2006: Ardglass, Co. Down 
R10 2007: Doonbeg, Co. Clare 
R11 2007: Valentia Island, Co. Kerry 
R12 2011: Swanland, off Bardsey Island, Irish Sea 
R13 2011: Largest wave recorded in Ireland 

  

Extreme wave events in Ireland: 14680 BP–2012  
L. O’Brien, J. M. Dudley and F. Dias.  Nat. Hazards Earth Syst. Sci., 13, 1-24, 2013  

MULTIWAVE PROJECT 

©
 M

ap
 L

ay
ou

t c
op

yr
ig

ht
 L

. O
’B

rie
n,

 J.
 M

. D
ud

le
y,

 F
. D

ia
s 

 

Figure 1.4: Left: The map of landslide deposits found on the margins and the

island slopes in the NE Atlantic Ocean and adjacent seas (Mediterranean Sea,

Black Sea, Baltic Seas). The map also illustrates the failures in the fjords of Norway

and eastern Canada and other limited/confined areas. The black dots represent a

single failure or slope failure complex deriving from the literature or project data.

The grey lines represent the contour lines of 1000 and 3000 m. From: Hühnerbach

and Masson (2004). Right: The map of extreme wave events in the Irish coastline

occurring between 14 680 BP – 2012. The map contains a catalogue of storm

waves, tsunamis and rogue waves following observations and witness accounts.

From: O’Brien et al. (2013).

ranean (NEAM) regions. ASTARTE was a collaborative project among 26 part-

ners from countries all over Europe but also other continents. The project involved

10 working packages (WP) of which WP1 focused on Coordination Management

And Procedures, WP2 on Long Term Recurrence of Tsunamis, WP3 on Tsunami

Sources and Generation Mechanisms, WP4 on Numerical Modeling Infrastructure,

WP5 on Tsunami-Coastal Impacts, WP6 on Operational detection and communi-

cation, WP7 on Early Warning And Forecast, WP8 on procedures From Hazard To

Risk Assessment, WP9 on ways of Building Tsunami Resilient Societies and WP10

on Dissemination and Exploitation of Results. Each WP was divided into several

deliverables.

UCD was involved in WP3, WP4 and WP5, the work in this thesis is in compli-

ance with the deliverables in WP3 and WP4. The work of this thesis has contributed

in deliverable D3.12: Risk-driving tsunami sources for other WPs – parameters,

sensitivity, and uncertainties and D4.19: Report and modelling strategies for com-

plex tsunami processes. inverse tsunami problems, sensitivity computations, and

sensor location optimization. UCD was also the leader of D4.29: Statistical Emu-

lation of Tsunami Hazard, which was accomplished with the statistical emulation of

the landslide induced tsunamis in the RBSC.
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Major part of the thesis has focused on the numerical modelling of submarine

sliding and tsunami generation in the RBSC. Integrating historical data from various

sources, O’Brien et al. (2013) had conducted an extensive survey to document the

extreme wave events that occurred in Ireland over the last 14,680 years (Fig. 1.4).

Based on their research, the authors concluded that several tsunami episodes have

stricken the Irish shorelines in the past. Among the most known is the 1755 Lisbon

earthquake-generated tsunami, which according to eyewitness accounts inundated

the County of Cork. The RBSC might have also generated tsunami waves that

propagated towards the Irish coast (Georgiopoulou et al., 2013). To do so the one-

way coupling of two numerical algorithms was performed, the codes are VolcFlow

(Kelfoun and Druitt, 2005) and VOLNA (Dutykh et al., 2011).

Chapter 2 focuses on the numerical algorithms that have been used to carry out

this study. The principal theories behind the algorithms are discussed, a few notes

on the rheological regimes used for the modelling of submarine landslides are also

given. In addition, chapter 2 includes a validation test that was performed to anal-

yse the dissipation and dispersion errors in VOLNA and test the performance of the

Graphics-Processing Unit (GPU) version of the code. In chapter 3, the geological

history of failure in the RBSC is discussed. Chapter 4 focuses on the numerical

modelling of the submarine failure and tsunami generation in the RBSC. This chap-

ter includes the process of numerical modelling in the region from the beginning

of my PhD up to now. The primary simulations focus on collapse in one go us-

ing crude approximations moving to more realistic representation and incorporating

data of recent research in the region such as the cases of multiphase collapse.

The last two chapters of the thesis are dedicated to the statistical analysis of the

numerical simulations. Prior to the propagation of uncertainties through statistical

emulation, the uncertainties in the landslide characteristics need to be estimated

by comparing modelled deposits against observations. Chapter 5 focuses on the

Bayesian calibration of the input parameters, the calibration used here is based on

the framework of Kennedy and O’Hagan (2001). An approach similar to the one de-

scribed in Guillas et al. (2014), where the statistical surrogate of a Computational

Fluid Dynamics (CFD) model was calibrated against observations, was performed.

In this Bayesian framework, Markov Chain Monte Carlo (MCMC) methods and the

Metropolis-Hastings algorithm (Chib and Greenberg, 1995) are utilized to find the

optimal ranges, and distributions over these ranges, of the parameters.

Chapter 6 describes the statistical emulation of the process. To propagate the

uncertainty from the landslide characteristics identified in the calibration to the re-

sulting tsunamis, a statistical emulator of the landslide-tsunami numerical process

was built, based on a GP. The prediction as well as the associated uncertainties are
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performed using the kriging equations. The emulator enables to make predictions

of the maximum tsunami wave amplitudes that would result from different sets of

input landslide parameters, in a computationally fast, efficient and inexpensive way.

Indeed, the possible values of the calibration parameters, i.e. their distributions,

can be fed into the emulator to produce the probabilistic distributions of the maxi-

mum tsunami wave amplitudes at specified locations.

Finally, chapter 7 describes the main conclusions of this thesis and presents

ideas for future research. Research ideas are driven and complement the sub-

jects under discussion in this thesis. An Appendix is also given which includes the

landslide scenarios tested to perform the statical calibration and emulation of the

process.
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Chapter 2

The Numerical Algorithms

2.1 Numerical modelling

Several codes have been used over the past decades for the numerical modelling of

landslides and tsunamis. The codes can differ between them depending on various

factors among which are the underlying physics (equations solved), the treatment

of the landslide body (rigid block or deformable mass), the numerical schemes,

the dimensions, the layers, the mesh type and others. Some of the features are

briefly discussed in this chapter, a more comprehensive overview of the landslide

and tsunami models used so far for numerical simulations can be found in Yavari-

Ramshe and Ataie-Ashtiani (2016).

The numerical codes used to simulate the landslides and the landslide gen-

erated tsunamis can be subdivided depending on their dimensions to 1-, 2- and

3- dimensional codes. The first two types of codes can solve the depth-averaged

or width-averaged formulation of the physical equations. Depth-averaged codes

solve the non-dispersive shallow water wave equations (SWE) or the weakly dis-

persive Boussinesq approximation; width-averaged models deal with the potential

flow equations. The depth-averaged equations form a popular approach for land-

slide simulations as in most of the cases the slide length is much larger than the

landslide thickness (Yavari-Ramshe and Ataie-Ashtiani, 2016).

A statistical analysis of the codes used for landslide tsunamis shows that up to

date the shallow water wave equations form the most common theory applied for

research (Yavari-Ramshe and Ataie-Ashtiani, 2016). These simplifications in the

physics can be partially counterbalanced by the applicability of the SWE solvers

and the smaller computational costs that they often require. The analysis also

shows that the majority of the Boussinesq solvers do not account for a deformable

landslide body; as studies show deformation of the slide body especially in the sub-
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aerial domain can have an important effect on the wave generation (Abadie et al.,

2008).

Some of the SWE solvers that have been used for simulations of landslide

tsunamis are COMCOT (Liu et al., 1995; Ulvrova et al., 2016), MOST (Titov and

Synolakis, 1998; Synolakis et al., 2002; Harbitz et al., 2014a) and VolcFlow (Kelfoun

et al., 2010). In addition, some cases where the shallow water theory was used

for landslide tsunami studies are the ’98 Papua New Guinea tsunami (Synolakis

et al., 2002; Lynett et al., 2003), the Storrega slide (Bondevik et al., 2005), the

’29 Grand Banks Slide (Fine et al., 2005) and the ’79 Nice tsunami (Labbé et al.,

2012). Some of the state-of-the-art Boussinesq solvers that have been used for

operational tsunami research are COULWAVE (Lynett and Liu, 2005), FUNWAVE,

and the upgraded version of the code, FUNWAVE-TVD (Wei and Kirby, 1995; Kirby

et al., 2013; Shi et al., 2012) and GloBouss (Pedersen and Lovhølt, 2008).

The 3D numerical codes solve the Navier-Stokes (NS) equations or the po-

tential flow equations. NS solvers are fully dispersive and they can capture very

accurately the interaction between the landslide and the water. Some of the NS

solvers that have been used for simulations of landslide tsunamis are: SAGE (Gisler

et al., 2006), NHWAVE (Ma et al., 2012, 2013), FLUENT (Biscarini, 2010), THETIS

(Abadie et al., 2008) and Fluidity (Davies et al., 2011). NS codes are especially use-

ful for the modelling of subaerial landslide tsunamis where the physical processes

are much more complex than in the case of submarine motion. Nevertheless, the

high computational costs of the Navier-Stokes solvers make their applicability diffi-

cult in large scale domains and the simulations are often quite localised.

To counterbalance for that, numerical coupling between the NS solvers and

codes that solve the Boussinesq equations is performed for cases where the far

field potential of the tsunamis needs to be studied (Yavari-Ramshe and Ataie-

Ashtiani, 2016). The first moments of motion are studied with the NS solver and

the produced free surface elevation is implemented as the initial condition for the

rest of the propagation. Such a case is a hypothetical subaerial collapse in the La

Palma island where the NS solvers SAGE and THETIS were coupled numerically

with GloBouss and FUNWAVE-TVD respectively (Løvholt et al., 2008; Abadie et al.,

2012; Tehranirad et al., 2015). A similar approach was also used by Tappin et al.

(2014) to examine the contribution of landslides in tsunami generation during the

2011 Tohoku earthquake and by Grilli et al. (2015) to study the effect of a land-

slide tsunami, originating from submarine sliding at the Currituck slide complex,

on the US East coast. In both cases, the NS model NHWAVE was coupled with

FUNWAVE-TVD to study the landslide induced tsunami generation and propaga-

tion.
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The numerical approach used to simulate the landslide motion can be subdi-

vided in two main frameworks; the Eulerian and the Lagrangian methods. All the

codes mentioned above are Eulerian codes, The implemented numerical method is

thus either a finite difference, or a finite volume or a finite element method. Under

the Lagrangian framework, the meshless Smooth Particle Hydrodynamics (SPH)

forms a robust but computationally expensive method as it captures the interaction

of each particle with another. An example of a SPH code used to model submarine

sliding and tsunami generation is the work by Capone et al. (2010). Some novel

methods like the Tsunami Ball and the Tsunami Square approach, have been also

implemented to model landslide tsunamis (Ward and Day, 2010; Xiao et al., 2015).

In this thesis, we make use of the VolcFlow code Kelfoun and Druitt (2005) for

the landslide modelling. VolcFlow can represent varying rheological regimes and

incorporates the slide deformation during motion. The code is not computationally

demanding and has been efficiently used to study several cases. The VOLNA code

(Dutykh et al., 2011) is then used for the simulations of the landslide tsunamis.

Both codes solve the depth-averaged shallow water equations and can thus be

considered as simplified representations of reality when compared with more so-

phisticated codes in the literature. The simplified assumptions make the codes

easy and applicable in the large domain but there some limitations that have to

be considered. Submarine landslide dynamics are governed by less complex pro-

cesses in comparison to subaerial landslide tsunamis, nevertheless to fully capture

the physics of landslide tsunamis more sophisticated codes should be compared

with the results of the numerical simulations presented in the following sections.

In this chapter, the basic principles of VolcFlow and VOLNA will be discussed; the

basic rheological regimes for landslides and a validation test of VOLNA against an

analytical solution will also be presented.

2.2 VolcFlow

2.2.1 Brief description

To study submarine sliding and tsunami generation in the RBSC, the coupling of

two numerical models is performed. For the simulations of the landslide kinematics

presented in this thesis, the two-dimensional numerical code VolcFlow has been

employed (Kelfoun and Druitt, 2005). VolcFlow is a finite-difference Eulerian code.

It was developed by Karim Kelfoun at the Laboratoire Magmas et Volcans (LMV)

for the simulation of dense-isothermal volcanic-geophysical flows. The algorithm

solves the general shallow water equations of mass and momentum conservation,
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using a shock-capturing numerical method. The one-fluid version of the code is

used in the simulations of this study. The landslide motion is simulated using a

depth-integrated approximation. The landslide is modelled as a 2D flow moving

on a bathymetry-linked Cartesian coordinate system (the x− and y− axes are

parallel to the ground surface and h is perpendicular to them and normal to the

topography). The equations of mass (equation 2.1) and momentum (equations 2.2

& 2.3) yield:

∂h

∂t
+

∂

∂x
(hu) +

∂

∂y
(hv) = 0, (2.1)
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∂
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)
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ρ
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where h(x, y) is the slide thickness, u(u, v) the depth-averaged velocity, g the

acceleration due to gravity, α the ground slope angle, kact/pass the Earth pressure

coefficient, T = (Tx, Ty) the retarding stress of the flow and ρ the apparent density

of the landslide.

The dimensionless Earth pressure coefficient kact/pass (ratio of ground-parallel

to ground-normal stress) is estimated with the use of the basal and internal friction

angles φbed & φint.

The internal friction angle is a parameter related to the shear strength of a soil

due to friction. It is the measure of the ability of a soil to withstand shear stress. Its

definition derives from the Mohr-Coulomb failure criterion. The basal friction angle

refers to the frictional force developed in the surface between the basal layer of the

flow and the sliding surface (in that case the ground). Increased basal frictional

forces enhance the resistance of the flow to slide.

More precisely as defined by Iverson & Denlinger (2001), for φbed < φint:
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kact/pass = 2
1±

[
1− cos2 φint

(
1 + tan2 φbed

)]1/2
cos2 φint

− 1, (2.4)

in this formula ‘-’ applies to the ‘active’ coefficient, kact, for a flow that is actively

extending (diverging flow) whereas ‘+’ the ‘passive’ coefficient, kpass, for a flow

passively compressing (converging flow). For φbed ≥ φint (Kelfoun and Druitt,

2005), the earth pressure coefficient becomes:

kact/pass =
1 + sin2 φint

1− sin2 φint
(2.5)

For a case where φbed = φint the flow moves with zero velocity divergence

(which means that no thinning or thickening takes place)(Iverson and Denlinger,

2001). For φbed 6= 0◦ and φint = 0◦, kact/pass becomes equal to unity and the solid

stresses become equal for all directions (Iverson and Denlinger, 2001). Experi-

ments of granular flows in the laboratory show that kact/pass can take values close

to unity (Kelfoun and Druitt, 2005; Pouliquen and Forterre, 2002). For kact/pass = 1,

the internal stress in the flow becomes isotropic. As isotropy implies uniformity in all

directions, the flow moves without any imposed directional preference. In simula-

tions of flows with a frictional rheology, the internal friction angle may act against the

convergence of the flow in the accumulation area and can lead to shorter and more

spread out deposits (Kelfoun, 2011). In the simulations of this thesis we consider

an isotropic flow and thus zero internal friction.

2.2.2 Numerical scheme

The numerical method implemented in VolcFlow is based on a double upwind Eule-

rian scheme (Kelfoun and Druitt, 2005). The scheme can handle shocks, rarefrac-

tion waves and granular jumps, it can capture the complexity of the topography and

is stable on numerically ”wet” and ”dry” surfaces (Kelfoun and Druitt, 2005). Scalars

as the flow thickness h and ground elevation z are computed at the centre of the

cells and vectors as the fluxes F and the velocities u(u, v) are computed at the

edges of the cells. Mean values of h are computed at the cell edges whereas mean

values of ū at the centres (Kelfoun and Druitt, 2005).

As described in Kelfoun and Druitt (2005) the computational process can be

briefly described by three principal stages. At the first stage, VolcFlow computes
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the source terms of the conservation equations. The velocities and fluxes at the cell

edges are calculated with an upwind scheme. The advection terms are computed

at the second stage, the new flow thickness and the mean velocity at the centre

of each cell are calculated. Finally, the new components of the velocity at the cell

edges are calculated with a second upwind scheme.

The numerical accuracy of the code has been validated against analytical so-

lutions and has also been compared with the results of other numerical schemes.

Among those are the exact analytical solution of a dam-break problem over an

inclined plane (Mangeney et al., 2000), circular dam-break problems and com-

parisons with laboratory experiments of granular flows down chutes (Savage and

Hutter, 1991; Pouliquen and Forterre, 2002; Gray et al., 2003). One of the advan-

tageous characteristics of the implemented scheme are the short computational

times (Kelfoun and Druitt, 2005).

Some other key features of VolcFlow is that the sliding mass spreads during

motion and the landslide deposition follows the topography of the grid (Kelfoun and

Druitt, 2005). Furthermore, the code can account for the representation of various

rheological flow regimes (Kelfoun, 2011). The flow properties may vary correspond-

ing to different fluid types, such as a Bingham fluid or a flow of purely frictional ma-

terial, depending on the selection of the input parameters for the calculation of the

shear retarding stress T.

The first application of the code for a real case study was the numerical

modelling of the Socompa debris avalanche in northern Chile (Kelfoun and Druitt,

2005). VolcFlow has been efficiently used to simulate debris avalanches, dense

pyroclastic surges, lava flows and volcanic collapse (Kelfoun et al., 2009; Charbon-

nier et al., 2013; Kelfoun and Vargas, 2016; Ulvrova et al., 2016). The two-fluid

version of VolcFlow has been used to simulate submarine sliding and tsunami

generation in various environmental settings (Kelfoun et al., 2010; Giachetti et al.,

2011; Dondin et al., 2012).

2.2.3 Rheological regimes

As already discussed in the introduction, the classification of mass movements can

be very wide and depends on several factors, among which may be the nature of

the failure, the sediment composition and the water content of the mixture. The

post-failure stage of submarine landslides can be adequately described using

the fluid mechanics principles (Fig. 2.1) (Locat and Lee, 2002, 2005). Above

all, the sediment concentration of the landslide plays an important role on the
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Figure 2.1: Classification of landslides based on their water content and sediment

composition including physics principles. From: Locat and Lee (2005).

rheological bevavior, Pierson and Costa (1987) have classified three rheological

boundaries depending on the water content of the flow. Landslides with water

content greater than 50% behave as Newtonian fluids (classified as streamflows)

whereas landslides with less water content exhibit a visco-plastic rheological

behavior (classified as slurry and granular flows).

Three main types of rheological models have been used in the past to describe

the dynamics of submarine landslides (considered as non-Newtonian fluids) at the

post-failure stage (Jiang and LeBlond (1992) and references therein; Locat and

Lee (2002)): 1) viscous models 2) frictional models and 3) visco-plastic models.

Other authors, by incorporating viscous and visco-plastic models under the same

term, classify between visco-plastic and granular flow models for the simulation of

submarine motion (Elverhøi et al., 2002; De Blasio et al., 2004a).

The appropriate rheological regimes that can be used in the simulations

may vary between different environmental settings depending on various factors.

Among those are the sediment composition, the particle size distribution and

shape, and the pore pressure (Imran et al., 2001; Elverhøi et al., 2002). For

example, three types of fluids have been commonly used to represent the rheology

of mudflows or muddy debris flows (silt-rich and clay-rich flows): a Bingham fluid,

a Herschel-Bulkley fluid and a bilinear fluid (Locat and Lee, 2002). On the other

hand, terrestrial events and sand-rich flows exhibit a granular behaviour where
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Figure 2.2: Stress-Shear rate variation from fluids with basic rheological models.

From: Pierson and Costa (1987).

there is a lot of grain-to-grain interaction. These types of flows are better described

by frictional (or granular) flow models (Elverhøi et al., 2000, 2002; De Blasio et al.,

2004a).

Following the description of the rheological regimes as found in Locat and Lee

(2005), the Bingham rheology yields:

T = T0 + µγ̇, (2.6)

where T is still the retarding stress of the flow, T0 is the yield strength, repre-

senting a critical threshold that once it is exceeded the body begins to flow, µ the

dynamic viscosity, γ̇ = du
dh the shear rate (or also strain rate). For a zero viscosity

the second term is neglected and the flow motion becomes subject to a constant

retarding stress (Kelfoun and Druitt, 2005).

The Herschel-Bulkley rheology yields:
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T = T0 +Kγ̇n, (2.7)

where K is a consistency factor and n the flow index. For n < 1 the state of

mixture describes a shear-thinning fluid (or else a pseudoplastic fluid), a fact which

indicates that the viscosity decreases as the shear rate increases. On the other

hand, for a shear-thickening fluid (or else dilatant fluid) n > 1, the viscosity behaves

in the opposite way from that of a pseudoplastic fluid (Fig. 2.2); this phenomenon is

rather uncommon and is mostly observed for sand-water mixtures (Jeong, 2010).

In the case where n = 1 the formulation reduces to that of a Bingham fluid (eq.

2.6). Finally, a bilinear fluid which basically forms a generalization of a Bingham

fluid can be described as:

T = T0 + µγ̇ +
T0γ0
γ̇ + γ0

, (2.8)

where:

γ0 =
T0

µh − µl
. (2.9)

The existence of two different dynamic viscosities µl & µh highlights that

when the shear rate is high the flow behaves as a Bingham fluid with low viscosity

µl but at low shear rates the flow behaves as a Newtonian fluid with high viscosity

µh (Imran et al., 2001).

For the numerical modelling of cohesive submarine flows each of the above rhe-

ological models has been used among others. Imran et al. (2001) have tested the

suitability of the three and observed that each one has a varying effect on the run-

out length of the flow with the bilinear model producing the largest run-out distance

and the Herschel-Bulkley the shortest. The authors concluded that the bilinear

model gives a better representation of the stress-strain relationship, particularly at

low shear rates. The sediment composition can also play an important role for the

choice of the rheological model. The Herschel-Bulkley and especially the Bingham
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rheology are very common for the modelling of muddy debris flows (Elverhøi et al.,

2002; Marr et al., 2002; De Blasio et al., 2004a).

For the description of granular flows the Mohr-Coulomb failure criterion is often

used. The rheology of the failing mass (see also Savage and Hutter (1989)) can

be expressed as:

T = c+ (σ − ι) tanφ (2.10)

where c is the cohesion of the material (for a purely frictional material c = 0),

σ the stress acting normal to the surface, ι the pore water pressure and φ the

Coulomb friction angle. The term (σ − ι) represents the effective normal stress. A

linear relationship exists between the shear and the effective stress. Three types

of shear stresses can be considered the principal mechanisms driving material

down-slope for submarine landslides: gravity loading, seismically induced stress

and storm wave induced stresses (Hampton et al., 1996). Gravity driven flow

behaviour is often incorporated in the landslide modelling. In VolcFlow the frictional

model can be rewritten as (see also Iverson and Denlinger (2001); Kelfoun and

Druitt (2005); Kelfoun (2011)):

T = −ρh
(
g cosα+

‖u‖2

r

)
tanφbed

u
‖u‖

(2.11)

where g the acceleration due to gravity and r the slope curvature. In this case

the shear strength resulting from the cohesion of the material is also neglected.

The flow resistance to motion is a result of the frictional forces dominant between

the particles of the mass and the basal layer of the flow.

Studies on the mechanics of submarine landslides indicated that both viscous

and plastic terms should be considered to simulate the complex flow motion

(Hampton et al., 1996). Norem et al. (1990) have made an attempt to incorporate

both visco- and plastic- properties in the rheological regime. The retarding stress

could be thus computed (see also Hampton et al. (1996) and Locat and Lee

(2005)) by:
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T = T0 + σ(1− rι) tan(φ) + µγ̇n (2.12)

where rι is the pore pressure ratio equal to ι/γh, ι the pore pressure and γ = ρg

the specific weight of the sediments. In their approach, Norem et al. (1990) have

stressed the importance of incorporating a drag term to account for the forces ex-

erted by the seawater on the frontal and upper body of the flowing mass. The

incorporated water drag can reduce significantly the maximum velocity of the land-

slide.

To account for viscous drag forces Hutter and Nohguchi (1990) made use

of a viscous Voellmy-type resistive stress term, proportional to the square of

the landslide velocity. More recently, Løvholt et al. (2015) have combined a

turbulent term with the granular model introduced by Savage and Hutter (1989) to

incorporate the water drag in their submarine landslide simulations. The turbulent

term derives from the empirical formula first described by Voellmy for the rheology

of snow avalanches (Voellmy, 1955). The formula can be written as:

T =
ρ

ξ′
‖u‖u (2.13)

where ξ′ is used to describe the turbulence coefficient (see also Kelfoun (2011)).

In the equation the turbulence coefficient has dimensions of the acceleration, a

value of ξ′ = 500 m/s2 was assumed sufficient for rough slopes. Evans et al. (2001)

denote that a value of ξ′ = 500 m/s2 gives a good representation of the reality for the

simulations of rock avalanches in various environmental settings all over the world.

For the submarine domain, Løvholt et al. (2015) have selected ξ′ = 1500m/s2 and

a basal friction of φbed = 1.5◦ that produced landslide maximum velocities of c.30

m/s.

In the present work, we used three basic types of models to compute the total

retarding stress for the numerical simulations in the RBSC. The first model intro-

duced to simulate the flow behaviour is based on the Bingham rheology. In addition

a frictional model, based on the Mohr-Coulomb failure criterion, was tested to study

the flow motion. The scope of this approach is to understand the effect of the two

classical laws in the landslide kinematics. Finally, to account for a more realistic

representation of the submarine flow, we made use of a rheological model that in-
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corporates the viscoplastic and frictional properties of the sliding material plus a

velocity-dependent term. The majority of the numerical experiments in the thesis

were performed with this model. For reasons of convenience, this rheological model

may be referred from now on as viscoplastic model.

Using the Cartesian coordinate system, where the x− and y− axes represent

the EW and NS horizontal directions respectively, and the z− axis the vertical

direction. The retarding stress T = (Tx, Ty) is then given by:

T = T0
u
‖u‖

+ µ
du
dh︸ ︷︷ ︸

Bingham

+ ρh

(
g cosα+

‖u‖2

r

)
tanφbed

u
‖u‖︸ ︷︷ ︸

frictional

+ ξρ‖u‖u,︸ ︷︷ ︸
Voellmy

(2.14)

where du
dh the shear rate, r the slope curvature, φbed the basal friction angle and

ξ a non-dimensional coefficient used to represent the effect of turbulence and/or

collisions.

As it can be observed, the first three terms of the equation resemble the model

introduced by Norem et al. (1990) to describe the mobility of subaqueous flows.

The last term of the equation is making use of the coefficient of turbulence, in the

code the term is non-dimensional (Kelfoun, 2011). As already noted, this term can

be useful in the modelling of submarine landslides as ξ can account for the hydro-

dynamic drag (Løvholt et al., 2015).

The hydrodynamic drag forms one of the most critical forces resisting motion

in the submarine domain (Locat and Lee, 2002). In a later section we will show

that current results of the simulations in the RBSC with neglecting or choosing

very small values for ξ result in large terminal velocities of the landslide and con-

sequently high free surface elevations. It is also noted that the one fluid version

of VolcFlow assumes no mixing is taking place between the water and the land-

slide. To partially account for mixing a reduced density is used for the landslide

(ρ = ρls − ρw, where ρls denotes the landslide density and ρw the water density

respectively). In numerical modelling of submerged motion such an approach has

been used for many cases (De Blasio, 2004; Kelfoun et al., 2010; Giachetti et al.,

2011).

The above parameters in equation 2.14 (yield strength, dynamic viscosity, ap-

parent density, slide thickness and basal friction) can be initialised in the code to

represent the flow properties. Table 2.1 summarizes some values of the rheologi-

cal parameters found in the literature. The rheological properties of the flow can be
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found by geotechnical measurements in the laboratory. Laboratory experiments are

also used to understand better the dynamics and determine experimentally some

values; they can also be used in conjunction with numerical experiments for val-

idation purposes (Savage and Hutter, 1989; Watts, 1997; De Blasio, 2004; Grilli

and Watts, 2005; Enet and Grilli, 2007; Elverhøi et al., 2010; Mohammed and Fritz,

2012). However, the values of the parameters may not be always easily defined,

due to the lack of samples or other reasons. To account for this, numerical studies

may often try to tune the parameters so that the results of the simulations match

with the deposits observed in the field. A drawback in this approach is that the

simplifications of the physics in the models cannot capture the complex physics of

the landslides.

For example, a constant retarding stress can be often assumed for the whole

duration of the flow whereas this is rarely the case in reality. Mixing of the slide

material with water increases its pore water pressure and can have a significant

reduction in the shear strength of the flow (De Blasio et al., 2004a). Measurements

of the yield strength on the sediments of the slope and on the deposits can thus

differ substantially (see for example Table 2.1, Bradshaw et al. (2010)). In addition,

mechanisms such as hydroplaning and remoulding that enhance the capability of

the flow to travel large distances are often not accounted in the modelling.

Lastras et al. (2005) have found that for the simulations of the Big ’35 debris flow

the best fit solution had a very low yield strength of 800 Pa. The authors have also

noted that the internal friction had also a dramatic influence on the run-out length of

the flow and best fit values were as low as ∼ 1◦. They concluded that the absence

of hydroplaning in the modelling could explain the very low yield strengths required.

Simulations of hydroplaning and non-hydroplaning debris flows show that under a

non-hydroplaning regime the yield strengths have to be significantly reduced for the

flow to reach the same run-out distance (Table 2.1, (Elverhøi et al., 2002)).

The sediment composition of the slide material has an effect on the cohesion of

the flow. Sediments with high clay content suggest more cohesive landslides, and

can thus be described by higher yield strengths (such is the case for sliding in the

Bear Island Fan Table 2.1)(Elverhøi et al., 2010). On the other hand, mixtures of

clay and sand gravel appear to be less cohesive (like the 29’Grand Banks Slide Ta-

ble 2.1)(Elverhøi et al., 2010). Increase of the yield strength of the flow is linked with

decrease of the observed run-out distance. De Blasio et al. (2004a) have observed

that an increase in the yield strength from 6 - 14 kPa in the simulations resulted in a

decrease of the run-out distance of the flow by a factor of 2. The value of the yield

strength can thus be of great importance for the modelling of submarine landslide

deposition and it may vary between different numerical models.
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Table 2.1: Catalogue of some of the rheological values that have been used for the modelling of landslides.

T0 (kPa) ρ(kg/m3) µ(Pa.s) φbed(
◦) φint(

◦) Type Model Reference Comments
30, 38, 45 (ty1) 1700, 1800, 0.0052*Ty1̂.12 - - SBM Bingham Bradshaw et al. (2010) Sumatra-ty1 (strength on the failure scarp sediments),
1, 10,20 (ty2) 1900 ty2(strength of the debris flow)
0.5, 5, 10, 20 - - - - SBM Bingham De Blasio et al. (2003) Simulations of the Storegga slide, high clay content

4 - 15 - 100-1000 - - SBM Bingham De Blasio (2004) Events in large field
2,6,8,10,12 1800 30 0, 1, 3, 5 - SBM Bingham De Blasio et al. (2004a) Ormen Lange area

Bingham + friction
2,30,80,200 1800 300 20? 25 SBM Bingham De Blasio et al. (2011) Fjærland debris flow

- 2000 - 5.5 ,5.8, 7.3 0,17.5,30 SBM Frictional Dondin et al. (2012) Kick’em Jenny volcano collapse
2, 3 1800 - - - SBM Bingham Elverhøi et al. (2010) 1929 Grand Banks Slide (low clay content)

3, 30 1800 - - - SBM Bingham Elverhøi et al. (2010) Bear Island fan (high clay content)
2, 8, 15 1800 300 - - SBM Bingham Elverhøi et al. (2002) Hydroplaning and non-hydroplaning debris flow.

- 2000 20 - - SBM - Fine et al. (2005) 1929 Grand Banks Slide
- 1620 - 24 43 SAL-LK Granular Fritz et al. (2009) Lituya Bay tsunami, Alaska

16.5, 17, 2600 - 0, 1.3,3.9 - SAL-SBM Constant retarding stress Giachetti et al. (2011) Guimar debris avalanche Tenerife, dense lava
145, 150 or frictional
5,10,20 1850 - - - SBM Bingham Ilstad et al. (2004) Finneidfjord debris flow

1 1500 400 - - SAL-SBM Bingham Imran et al. (2001) Muddy debris flows in the laminar regime
6,10,14 - - 0, 2, 5 - SBM Bingham, Issler et al. (2003) Storegga Slide

Bingham + friction
- 1800-2300 - - - SAL Granular Iverson (1997) Common range for debris flows
- 1000-2200 0.1 25-50 SAL Granular Iverson and Denlinger (2001) Cases where fluid stresses play significant role

2, 3, 12, 1300, 2000 - 2,4, 5, 11, 15 30 SAL Constant retarding stress Kelfoun (2011) Dense pyroclastic flows and volcanic avalanches
20 , 30, 80 or frictional

50-100 - - 1-3.5 0-30 SAL Constant retarding stress Kelfoun and Druitt (2005) Socompa rock avalanche
or frictional

20, 35, 50 2000 - 3..5 - SAL-SBM Constant retarding stress Kelfoun et al. (2010) Slides at La Reunion Island
or frictional

- 2000 500-50000 - - SAL-SBM - Labbé et al. (2012) Nice tsunami 1979
0. 3, 0.5, 0.8, 1, 3 1800-2000 - - 0.5, 0.8, 1, 2 SBM Bingham + friction Lastras et al., 2005 The Big ’95 debris flow, Valencia Trough

4, 5, 7 - - - - SBM Bingham Locat and Lee (2005) Palos Verde debris avalanche,LA California
2 , 4 - 2–20 - 25 , 30 SBM Bingham Locat et al. (2009) Currituck slide, frictional terms also considered

- - - 1.5 - SBM Frictional Løvholt et al. (2015)
10 25 2000 30,300 - - SBM Bingham Marr et al. (2002) Isfjorden fan estimated ( 75% clay and silt)

1-5, 10-25 1800 30,300 - - SBM Bingham Marr et al. (2002) Bear Island fan estimated ( 75% clay and silt)
- 1760 - 23 41 Granular Mohammed and Fritz (2012) hypothetical 3D cases
- - 0.01-0.03 10,16, 25, 29 SAL Granular Savage and Hutter (1989) motion of gravel on inclined surface

(artificial) 20,22
5 1100-1500 - - - SBM Constant retarding stress Ulvrova et al. (2016) Kolumbo caldera collapse

10,20,30 18,001,900 30,300 - 1,2,3 SBM Bingham + friction Vanneste et al. (2010) Hinlopen-Yermak landslide
- 1860 - 5, 6, 28, 32, EXP Granular Watts (1997) experiments of solid block landslides, values

12, 20 +-2 38, 47 +-2 determined experimentally from varying material:
glass beads, crushed calcite, garnet sand , etc.
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2.3 VOLNA

2.3.1 Brief description of the code

The numerical code VOLNA is used for the simulations of the analytical solution

(Dutykh et al., 2011). The driving force for the development of the code was the

implementation of modern numerical methods for hyperbolic systems in real world

cases with the scope to aid operational tsunami research (Dutykh et al., 2011).

The code solves the depth-averaged Nonlinear Shallow Water Equations (NSWE)

in two horizontal dimensions (x, y). The shallow water theory is efficiently used

to describe the physics of long waves like tsunamis, which are characterised by

very large wavelengths in comparison to the depth of the basin over which they

propagate. Neglecting dispersion the NSWE yield:

∂H

∂t
+∇· (H~u) = 0, (2.15)

∂(H~u)

∂t
+∇·

(
H~u⊗ ~u+

g

2
H2I

)
= −gH∇h, (2.16)

where H = (h + η) is the total water depth, described as the sum of the time-

dependent bathymetry h(x, y, t) and the free surface elevation η(x, y, t), ~u(u, v) is

the fluid velocity in the x and y horizontal directions, I is the identity matrix and g is

the gravitational acceleration. Provided that H > 0 the system is strictly hyperbolic.

In the wet/dry transition the system starts to become non-hyperbolic since H < 0

in a dry region. To deal with that an algorithm that solves the shoreline Riemann

problem developed by Brocchini et al. (2001) is implemented in the code.

VOLNA can efficiently simulate the complete progress of a tsunami. From

tsunami generation induced by bathymetry displacement, to tsunami propagation

and inundation onshore. It can be used for cases of a simplified bathymetry repre-

sented by a mathematical formula but also for the complex bathymetry and topog-

raphy of the examined geographical region. Owing to the use of an unstructured

triangular mesh, irregular bathymetric and topographic features can be efficiently

captured and represented. Virtual wave gauges measure the induced free surface

elevation at any point of the grid.

Analytical and experimental benchmarking were used to check the accuracy of

the numerical scheme and the efficiency of VOLNA in the simulation of real cases

(Dutykh et al., 2011). The code has been successfully validated against a set of
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Figure 2.3: The approximate Riemann fan.

the Catalina benchmarks (Synolakis et al., 2007; Dutykh et al., 2011). The bench-

marks introduced by the United States National Oceanic and Atmospheric Adminis-

tration (NOAA) are often used for the evaluation of tsunami numerical codes (Syn-

olakis et al., 2007). The first operational use of VOLNA for a real case was for

the modelling of sliding and tsunami generation in the St. Lawrence estuary in

Canada (Poncet et al., 2010). Up to date, the code has been used to model vary-

ing tsunamigenic episodes and in many cases it has been used in conjunction with

statistical modelling to perform comprehensive sensitivity analysis tests and uncer-

tainty quantification (Dias et al., 2014; Stefanakis et al., 2014; Beck and Guillas,

2016; Sarri et al., 2016).

2.3.2 Spatial discretisation

A cell-centered Finite Volume (FV) numerical method is used for the spatial dis-

cretisation in VOLNA (Dutykh et al., 2011). The FV method was selected for its

robustness and applicability. The particular version of the FV method implemented

in VOLNA is the scheme called Finite Volumes with Characteristic Flux (FVCF) in-

troduced in Ghidaglia et al. (2001). The numerical flux implemented in a numerical

algorithm has to ensure that some standard conservation and consistency prop-

erties are satisfied: the fluxes from adjacent control volumes sharing an interface

exactly cancel when summed and the numerical flux with identical state arguments

reduces to the true flux of the same state.

In VOLNA the Harten-Lax-van Leer (HLL) numerical flux was selected to
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ensure these conditions are met (Dutykh et al., 2011). The HLL approximate

Riemann solver was proposed by Harten et al. in 1983 and assumes a two-wave

configuration for the exact solution (Harten et al., 1983). The wave speed chosen

according to Zhou et al. (2002) yields a very robust approximate Riemann solver.

The Riemann solver models two waves that travel with speeds sL and sR, the

larger signal velocity is represented by sR and the smaller by sL; three states are

identified (Fig.2.3). The subscripts R and L are used to represent the right and left

cell values respectively. The intermediate state is denoted by w∗. The numerical

flux function of the scheme can be described by:

φHLL (wL, wR) :=


FL for sL ≥ 0,

F ∗ for sL < 0 ≤ sR,
FR for sR < 0,

(2.17)

where wL, wR are the two interface states and FL,∗,R denotes the true flux at

state wL,∗,R respectively. The right and left states are known. The intermediated

state can be determined by applying the Rankine-Hugoniot conditions twice (Du-

tykh et al., 2011). It then derives that:

w∗ =
sRwR − sLwL − (FR − FL)

sR − sL
(2.18)

F ∗ =
sRFL − sLFR + sLsR(wR − wL)

sR − sL
(2.19)

In VOLNA the wave speeds are computed as:

sL = min (unL − cL, u∗n − c∗) , (2.20)

sR = max(u∗n + c∗, unR + cR) (2.21)

where unL = −→uL · −−→nLR, unR = −→uR · −−→nLR and u∗n and c∗ are equal to:
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u∗n =
1

2
(unL + unR) + cL − cR, (2.22)

c∗ =
1

2
(cL + cR)− 1

4
(unR − unL) (2.23)

where cR =
√
gHR and cL =

√
gHL is the gravity wave speed for the right and

left state of the system respectively and −→n LR denotes the vector along the shared

face between the right and left states.

2.3.3 Temporal discretisation

A Strong Stability-Preserving (SSP) method is used in conjunction with a Runge-

Kutta method for the temporal discretisation in VOLNA. Assuming that:

wt + ϑxf(w) = S(w)
FV
==⇒ wt = L(w) (2.24)

where L is a linear operator. Shu and Osher (1988) have proved that a general

m−stage Runge Kutta method for 2.24 can be given in the form:

w(0) = wn (2.25)

w(i) =
i−1∑
k=0

(
αi,kw

(k) + ∆tβi,kL
(
w(k)

))
, αi,k ≥ 0, i = 1, . . . ,m (2.26)

wn+1 = w(m). (2.27)

In the current version of the code the optimal second order two stage

Runge-Kutta scheme SSP-RK(2,2) is used, with optimal number of the

Courant–Friedrichs–Lewy (CFL) condition equal to unity. The scheme is given as

follows:

w(1) = w(0) + ∆tL
(
w(0)

)
(2.28)
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wn+1 =
1

2
w(0) +

1

2
w(1) +

1

2
∆tL

(
w(1)

)
(2.29)

The stability of the scheme is guaranteed if the CFL condition is satisfied. In

our simulations, we obtained stable results for CFL=1.5. The scheme is dissipative.

Dissipation of the scheme causes a leak of energy from the system. However,

this scheme is very robust, especially in handling discontinuities. The Runge-Kutta

scheme is dispersive and it has either phase lag or phase lead depending on the

choice of the constant factor.

2.3.4 An exact analytic solution

An exact analytic solution was used to test the accuracy of the code with a spe-

cial emphasis on dispersion and dissipation errors (as well as its computational

efficiency on the general purpose GPU cluster). The two dimensional case of a

radially symmetric paraboloid is implemented following the analytic solution initially

proposed by Thacker (1981). This solution is available in the SWASHES (Shallow-

Water Analytic Solutions for Hydraulic and Environmental Studies) library (Delestre

et al., 2013). The major aim of SWASHES is to aid numerical modellers to validate

shallow water equation solvers.

The oscillatory motion of the paraboloid is described by a periodic solution in

which damping is assumed to be negligible. The morphology of the domain is a

paraboloid of revolution and is given by:

z(r) = −h0
(

1− r2

α2

)
, (2.30)

where r =
√

(x− L/2)2 + (y − L/2)2 for each (x, y) ∈ [0, L]× [0, L], where L is

the length of the domain, h0 is the water depth at the central point of the domain

for zero elevation and α is the horizontal distance from the central point to the zero

elevation of the shoreline (Fig. 2.4).

The free surface elevation h(r, t) and the velocity vectors u(x, y, t) and v(x, y, t)

are then given by:

h(r, t) = h0

{ √
1−A2

1−A cos(ωt)
− 1− r2

α2

[
1−A2

(1−A cos(ωt))2
− 1

]}
− z(r),
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Figure 2.4: Analytic solution following Delestre et al. (2013).

u(x, y, t) =
1

1−A cos(ωt)

[
ωA sin(ωt)

2

(
x− L

2

)]
(2.31)

v(x, y, t) =
1

1−A cos(ωt)

[
ωA sin(ωt)

2

(
y − L

2

)]
,

where ω =
√

8gh0/α is the frequency, r0 is the distance from the central point of

the domain to the initial shoreline location and A =
(
α2 − r20

)
/
(
α2 + r20

)
. To model

the solution we follow the values proposed in Delestre et al. (2013), where α = 1

m, r0 = 0.8 m, h0 = 0.1 m, L = 4 m, and T = 3 (2π/ω).

We record the free surface elevation in three positions (x1, y1) = (2m, 2m) (cen-

tre of the domain), (x2, y2) = (2.5m, 2m), and (x3, y3) = (1m, 2m) (shoreline). In

the numerical simulations with VOLNA we model the free surface elevation at these

three positions with a spatial resolution of ∆x = ∆y = 0.012 m (148,187 nodes),
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Figure 2.5: Comparing numerical and analytic solutions in time (from top to bottom):

(x1, y1) = (2m, 2m) (centre of the domain), (x2, y2) = (2.5m, 2m), and (x3, y3) =

(1m, 2m) (shoreline), where the analytic solution – blue, ∆x = ∆y = 0.012 m –

green, ∆x = ∆y = 0.006 m – red, and ∆x = ∆y = 0.003 m – black. In numerical

simulations, ∆t = 0.45∆x. The shoreline forbids the numerical solution to go below

zero in the bottom plot.

∆x = ∆y = 0.006 m (589,757 nodes) and ∆x = ∆y = 0.003 m (2,355,799 nodes)

as a function of time up to Tfin = 10 s. An analytic solution at time t = 0 s is chosen

as an initial condition. The results of the numerical simulations are shown in Fig.

2.5.

One can observe that after t ≈ 1 s discrepancies in the wave amplitudes appear
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Figure 2.6: Absolute difference between the analytic and the numerical free surface

elevation over time at the centre of the domain (x = y = 2 m) for spatial resolution:

∆x = ∆y = 0.003 m – black line, ∆x = ∆y = 0.006 m – red, ∆x = ∆y = 0.012 m –

green; ∆t = 0.45∆x.

between the numerical and the analytic solutions. The finest mesh (∆x = ∆y =

0.003 m) yields a representation closer to the surface elevation deriving from the

analytic solution. The discrepancies tend to increase with time. It is also apparent

that the discrepancies between the results become evident at an earlier stage (∼
1 s) close to the source (x1, y1) = (2m, 2m). In the contrary, the results of the

numerical and the analytic solution are in agreement for a longer time period (∼ 3

s) in the other two locations: (x2, y2) = (2.5m, 2m) and (x3, y3) = (1m, 2m).

Focusing on the centre of the domain, we plot the absolute difference between

the analytic and the numerical free surface elevation over time (Fig. 2.6). It is ob-

served that the numerical error increases with time with the coarser mesh exhibiting

a trajectory with a larger incline in comparison to the finer mesh.

The error in elevation decays linearly and this confirms the first order accuracy

of the method as expected from the finite volume scheme. These results shown

in Fig. 2.6 lead us to the assumption that the numerical dissipation and dispersion

should be accounted for in running the long time tsunami simulations and it can play

a role in applying VOLNA for tsunami analysis. We come back to this discussion in

the next section.
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Figure 2.7: Solution at the centre of the domain (x = y = 2 m) for various time

steps with fixed spatial resolution ∆x = ∆y = 0.006 m: the analytic solution – blue

line, ∆t = 0.333∆x – black, ∆t = ∆x – red, and ∆t = 1.5∆x – green.

To check the temporal discretisation error we keep the mesh size constant at

∆x = ∆y = 0.006 m and vary the time step by adjusting the constant connect-

ing between spatial and temporal resolution. We choose three values: ∆t =

(0.333, 1, 1.5)∆x and run the test until Tfin = 2 s. The results of the simulation

are shown in the Fig. 2.7 and seem to be in agreement with the analytic solution

within the stability limits (CFL condition) that will be discussed in the next section.

Changes in time-step, within the stability limits, while keeping the same spatial

resolution almost do not affect the accuracy of the solution. However, as time goes

on, one can observe the damping of the wave and a very slight shift in phase. The

Runge-Kutta scheme implemented in the code is dissipative and we could expect

a leak of the energy from the system.

In the next series of tests we compare the results with different spatial resolution

(∆x = ∆y = 0.06 m and ∆x = ∆y = 0.006 m) for two times-steps: ∆t = 0.2∆x and

∆t = ∆x. The final time of the simulations is Tfin = 10 s, the results are presented

in Fig. 2.8 The results show that reducing the time step has no visible effect on the

solution. The space discretisation, on the other hand, has a very strong influence

on the results. The amplitude of the numerical solution decays in time and damping

and phase errors are observed in the coarser mesh that increase largely with time.
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Figure 2.8: Solution at in the centre of the domain (x = y = 2 m) for various time

steps ∆t = 0.2∆x and ∆t = ∆x and various spatial resolutions ∆x = ∆y = 0.006

m and ∆x = ∆y = 0.06 m; the analytic solution – blue line, ∆t = 0.2∆x – black

line for ∆x = 0.006 m and green line for ∆x = 0.06 m , ∆t = ∆x – red line for

∆x = 0.006 m and yellow line for ∆x = 0.06 m.

Clearly, for the first order accurate scheme the mesh should be fine enough to get

convergence to the analytic solution for realistic periods of time.

2.3.5 Error analysis

The exact solution of the discretised equations satisfies a PDE which is generally

different from the one to be solved. The original equation is replaced with the

modified equation: Aun+1 = Bun, or in other words:

∂ω

∂t
+ Lω = 0 becomes

∂ω

∂t
+ Lω =

∞∑
p=1

α2p
∂2pω

∂x2p
+

∞∑
p=1

α2p+1
∂2p+1ω

∂x2p+1
. (2.32)

The even-order derivative on the right-side produces amplitude error, or nu-

merical dissipation. The odd-order derivative on the right side produces a wave-

number-dependent phase error known as numerical dispersion. In the long time

simulations, the numerical behaviour of the scheme largely depends on the role

played by the dispersive and dissipative effects also known as ”wiggles” (phase
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errors) and ”smearing” (amplitude errors) respectively. The negative dispersion co-

efficient corresponds to a lagging phase error (i.e. harmonics travel too slowly) and

the positive dispersion coefficient yields the phase lead with spurious oscillations

occurring ahead of the wave.

According to the Lax-Richtmyer Equivalence Theorem, if a scheme has a trun-

cation error of order (p, q) and the scheme is stable, then the difference between

the analytic solution and the numerical solution in an appropriate norm is of the

order (∆t)p + hq for all finite time. It has been observed numerically (see Fig. 2.6)

that the numerical solution at the gauge is first order accurate. Taking into account

that the time step is proportional to the spatial resolution that we call h, we can write

that the total error is of the order O(h). To analyse the role played by the dissipation

and dispersion errors we rewrite the error as:

E(t) =

∞∑
p=1

Cph
p, (2.33)

where Cp = Cp(t) incorporates all the constants included in the error formula.

We choose the three leading terms of this expansion:

E(t) ≈ C1(t)h+ C2(t)h
2 + C3(t)h

3. (2.34)

The first term in this expansion corresponds to the truncation error (also the

leading dissipation error). It is followed by the leading dispersion and the secondary

dissipation error terms. We assume that the remaining terms are significantly

smaller and can be neglected. Next we go back to the simulations with various

spatial resolution. For each of three grids, we have the absolute error as a function

of time. If we define the spatial resolution h = 0.012 m, two other grids have the

resolution h/2 and h/4. The system of equations has the form:

3∑
p=1

Cp(t)
hp

2(k−1)p
= Ek(t), k = 1, . . . 3 (2.35)
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and its solution is:

C1(t) = −−E1(t) + 12E2(t)− 32E3(t)

3h
, (2.36)

C2(t) = −2[E1(t)− 10E2(t) + 16E3(t)]

h2
, (2.37)

C3(t) =
8[E1(t)− 6E2(t) + 8E3(t)]

3h3
. (2.38)

The plots in Figure 2.9 show the composition of the total error for each of the

grids. Comparing the images, one can observe that the truncation error (leading

dissipation error) is the dominant component on the fine grids. However, the lead-

ing dispersion error on the coarse grid has the same order of magnitude as the

leading dissipation error term and even the secondary dissipation error has a vis-

ible presence in the total error composition. The leading dissipation error term is

positive throughout the simulation, which is expected from the, conditionally sta-

ble in time, scheme. The dispersion error in most cases is characterised by the

phase lag, which means that harmonics travel too slowly and spurious oscillations

occur behind steep fronts. However, when the dispersion error changes sign and

switches between phase lag and phase lead we observe the total error decays and

it is sometimes cancelled.
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Figure 2.9: Decomposition of the absolute error at the centre of the domain (x =

y = 2 m) for various spatial grids with CFL=0.45 (from top to bottom): ∆x = ∆y =

0.012 m, ∆x = ∆y = 0.006 m, and ∆x = ∆y = 0.003 m. The colours correspond

to: the first order error – green, the second order – red, the third order – black, the

total error – blue.
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Chapter 3

The Rockall Bank Slide Complex

The Rockall Trough is a steep-sided sea-floor depression approximately 1,000 km

long and 200 - 300 km wide. It forms the largest of the three basins located North-

west of the UK and Ireland in the Atlantic Ocean; the other two being the Hatton

Basin, and the Hatton Continental Margin (Shannon et al., 1999)(Fig. 3.1). It is also

the closest of the three in proximity to the Irish coast. The trough is bounded on

the east by the Irish and Scottish continental shelves, the Rockall Bank, an almost

flat-topped, underwater plateau lies to the west (Fig. 3.1). The bathymetry of the

Rockall Trough ranges between 300 - 400 m on its east and west margins, abruptly

going down to 3,000 m at the north part of the basin, deepening gently to 4,000 m

towards the south, at the Porcupine Abyssal Plain (Fig. 3.1).

Two orthogonal wide-angle seismic profiles, recorded during the Rockall And

Porcupine Irish Deep Seismic (RAPIDS) project (1988-1990) together with previ-

ously attained gravity data revealed that the Rockall Trough formed as a result of

a multiphase rift evolution that took place in the Triassic, Late Jurassic and Early

Cretaceous (Shannon et al., 1999). In more detail, the data revealed the existence

of continental crust lying beneath the three major sedimentary basins: the Rockall

Trough, the Hatton Basin, and the Hatton Continental Margin. The limited thickness

and intactness of the crust were attributed to differential lithospheric stretching tak-

ing place in the region over the past million years (Shannon et al., 1999).

Three major depositional areas are distinguished on the seafloor of the Rockall

Trough: the north part is occupied by the Donegal-Barra Fan and the deposits of

the Rockall Bank Slide Complex (RBSC), also referred to as the Rockall Bank mass

flow (Fig. 3.2). The areas lie offshore the Irish and Scottish continental shelves.

The third one, the contouritic Feni Drift extends on the west margin of the Rockall

Trough and up to the deepest part of the basin in the south (Elliott et al., 2010;

Sacchetti et al., 2013)(Fig. 3.2). From the three, the RBSC constitutes the largest
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Figure 3.1: Map of the main morphological features in the Irish Atlantic margin re-

gion. The black dots indicate locations of the main clusters/provinces of carbonate

mounds. The main sedimentary basins are indicated in blue. The contours are in

metres. Modified from: Shannon et al. (2007).

region of submarine slope failure in the Irish Atlantic margin, affecting a total area

of 18,000 km2 (Elliott et al., 2010).
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Roberts (1972) was the first to describe the submarine failure scarps that extend

widely on the eastern slopes of the Rockall Bank. Several bathymetric surveys have

been carried out in the area ever since. The Geological LOng Range Inclined Asdic

(GLORIA) side-scan sonar survey (the Atlantic Irish Regional Survey – AIRS96)

took place in 1996, and the Towed Ocean Bottom Instrument (TOBI) survey of a

higher 5-10 m spatial resolution in 1998 (Shannon et al., 2001; Unnithan et al.,

2001). Between 2000 and 2001 R.V. Bligh collected multibeam bathymetric data of

most of the Irish offshore area as part of the Irish National Seabed Survey (INSS)

program. The multibeam bathymetry and side-scan sonar data acquired during the

surveys have provided with a full coverage of the slope failure features.

Two distinct areas of failure escarpments have been identified on the eastern

margin of the Rockall Bank. These are the upper slope and the lower slope regions

(Fig. 3.2b). Due to its diverse scarp morphology the upper slope was further sub-

divided into three distinct parts: the north, the south and the central upper slope

(Fig. 3.2b). The two regions are separated by an elongate deep erosional moat

near the base-of-slope, which traverses the area for 120 km and in parts can be as

deep as 150 m (Elliott et al., 2010; Georgiopoulou et al., 2013). The gradients of

the slope are steep varying between 5-10◦ and in places can reach up to 15-20◦

(Georgiopoulou et al., 2013). The scarps vary on sizes and heights. Despite some

isolated retrogressive failure episodes, an overall non-retrogressive failure mech-

anism has been proposed based on observations of the scarp morphology and

geometry (Elliott et al., 2010).

Downslope of the scarp complex is the depositional area occupied by sedimen-

tary lobes (Fig. 3.2a). The deposits of the RBSC show a run-out length of 120

km and a depositional width of 150 km (Elliott et al., 2010). The width to length

aspect ratio may be characterised as irregular when compared to other subma-

rine landslide deposits found on the western and eastern margins of the Atlantic

Ocean (Hühnerbach and Masson, 2004; Elliott et al., 2010). The occurrence of

turbidites in the piston cores supports that the flow might have transformed into a

more-dilute suspended mixture during motion that had travelled as turbidity current

(Georgiopoulou et al., 2017). Regarding the rheological properties of the flow, the

up-to-date data do not reveal any information; a mixture of clayey muds, silt and

sandy layers was found in sedimentary core data (Georgiopoulou et al., 2017).

A high degree of uncertainty lies on the triggering mechanism of the failure and,

until recently, on whether sliding had occurred as a single failure episode or multiple

successive or separate episodes of failure, yielding a multiphase collapse for the

area (Georgiopoulou et al., 2013). Early interpretations suggested that the RBSC

had been the result of one single event mass flow (Faugeres et al., 1981; Elliott
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Figure 3.2: (a) Multibeam bathymetry map of the Rockall Trough west of Ireland

based on the INSS dataset. Inset map highlights the study area within the NW Eu-

ropean margin. The RBSC scarps and lobe limits are indicated with red lines. Ar-

rows show the general oceanographic circulation. Bathymetric contours are shown

with thin black lines The white box indicates the location of (b). (b) Shaded relief

map of the study area. From: Georgiopoulou et al. (2013).

et al., 2010; Flood et al., 1979). Slope instability in the area had been dated at

15-16 ka based on shallow sedimentary cores (Flood et al., 1979).

One hypothesis for the triggering mechanism suggests that sedimentation on

top of abrupt pre-existing fault scarp topography at the upper part of the slope

enhanced by strong bottom current activity removed support from the base-of-
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Figure 3.3: Distribution of landslides as derived from the first interpretation of the

sedimentary core data, the seismic profiles and depositional lobes on the seafloor.

slope, leading to slope instability and subsequently failure (Elliott et al., 2010; Geor-

giopoulou et al., 2013). Elliott et al. (2010) concluded that the contourite drift dy-

namics in the basin acted as a substantial long term factor promoting slope instabil-

ity. The sedimentation pattern has caused overloading of the upper part of the slope

whereas the contourite drift systems contributed to the erosion of the lower part of

the slope and led to the formation of an elongate moat. Georgiopoulou et al. (2013)

found a direct relationship between the RBSC seafloor scarps and the basement

morphology and suggest that focused fluid flow along basement-bounding faults,

and/or differential compaction across the scarps contributed to slope failure.

Recent scientific research indicates that the RBSC has formed as the result

of repetitive slope failure that can be distinguished in at least three major phases

(Georgiopoulou et al., 2013, 2017). Based on an early interpretation of seismic data

collected in the area in 2011 (Georgiopoulou et al., 2012) and the INSS bathymetry

at least three phases of collapse were distinguished, with the most recent episode

initiating from the lower slope region (Fig. 3.3). The volume of the event was es-

timated to be approximately 400 km3. Three major episodes of mass failure were

suggested by Georgiopoulou et al. (2013), the first phase involving the collapse of

the south upper slope, followed by the north upper slope and the lower slope. A

manual reconstruction of the preslide morphology estimated that the volume of the

missing sediments ranges between 265 km3 and 765 km3 (Georgiopoulou et al.

(2013) conservative and generous approaches respectively).

Sedimentary and seismic data, acquired from the depositional lobes of the

RBSC during the RV Celtic Explorer cruise CE11011, support the hypothesis

that the RBSC morphology is the result of multiple phases of slope failure (Geor-

giopoulou et al., 2017). Seismic profiles along the lateral extents of the lobes have

revealed the depositional limits of at least three landslides, that were separated by

long periods of slope stability (Georgiopoulou et al., 2017)(Fig. 3.4). The two first

episodes of collapse (here referred as landslide A and B) have more likely initiated
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from the South upper slope region of the margin, whereas the most recent episode

(landslide C), the lobes of which are still visible on the seabed of the Rockall Trough,

has derived from collapse on the North upper in combination with failure from the

lower slope region (Georgiopoulou et al., 2017).

Figure 3.4: Distribution of landslides A, B and C as derived from the interpretation

of the sedimentary core data, the seismic profiles and depositional lobes on the

seafloor. From: Georgiopoulou et al. (2017).
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As landslide A forms potentially the oldest failure episode, covered by the depo-

sition of landslide B its age is hard to estimate, it is suggested that it must be a few

Ma old (Georgiopoulou et al., 2017). An estimation of the average sedimentation

rate on the slope scarps suggests that landslide B may have happened at c.200

ka (Georgiopoulou et al., 2017). Interpretation of radiocarbon dating shows that the

most recent event took place 21 ka, which is 3000 years post Last Glacial Maximum

(LGM), when the British Irish Ice Sheet (BIIS) was still at maximum extent and was

only just starting to destabilise (Georgiopoulou et al., 2017). At that timing of the

landslide, bottom currents would have been extremely weak and in the absence

of other possible triggering mechanisms, an earthquake was invoked as the most

likely mechanism (Georgiopoulou et al., 2017).

The volumes of the three phases were derived based on data from sediment

piston cores and 2D seismic profiles taken from the landslide deposits of the com-

plex (Georgiopoulou et al., 2017). Based on the calculations of Georgiopoulou et al.

(2017) the volumes of the landslides A,B and C have been estimated. The volume

of landslide A was assumed to have been approximately 200 km3, the deposits

cover an area of 7,500 km2(Fig. 3.4a). The second phase (landslide B) must have

been smaller in size occupying an area of 4,500 km2 with a material volume of

c.125 km3(Fig. 3.4b). The data regarding the 3rd failure episode (landslide C) yield

a volume of c.400 km3, occupying an area of 6,600 km2(Fig. 3.4c).

Based on these data, the total volume of the deposits (725 km3) comes in close

agreement with the estimated volume of the missing sediments from the slope (765

km3), i.e. the generous approach for the reconstruction of the preslide morphology

(Georgiopoulou et al., 2013, 2017). It is noted that the data for the extent of land-

slides A and B are up to a certain degree speculative due to limitation in the number

of the seismic profiles acquired during the surveys. The event for which the most

information exists, is the 3rd episode of collapse (landslide C), the extent of which

is visible on the seafloor of the trough.

The scarp heights on the slope region are measured to range between 200 -

300 m at the North upper and South upper slope. The lower slope is dominated by

smaller scarp heights that range between 60 - 120 m. These scarp heights were

used for the initial thickness of the landslide. Following the interpretation of seismic

profiles the final thickness of the deposits was estimated approximately 30 m for

slides A and B and c. 30 m for slide C (Georgiopoulou et al., 2017).

The nature of the failure mechanism and the large volume of the failed sed-

iments raise questions for the tsunamigenic potential of the failure, as they form

factors that can promote tsunami generation (Harbitz et al., 2006). Any landslide

tsunamis generated by the most recent failure episode and chronologically near the
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Figure 3.5: The evolution of the BIIS and North Sea ice cover was reconstructed

based on retreat analysis and flow evidence. The ice divides are given with white,

ice stream are indicated with thick blue arrows and thin blue lines represent the flow

geometry. From: Clark et al. (2012).

LGM, would probably not have affected Ireland, since the western shelf and coast

were still covered by ice (Clark et al., 2012; Peters et al., 2016)(Fig. 3.5). Figure 3.5

shows the reconstruction of the different retreat stages of the BIIS and the North

Sea ice cover. The age of landslide C falls between the 23-19 ka BP. The entire

country was covered by the BIIS 23 ka ago; at 19 ka some parts of the northwest

coastline might have been revealed, nonetheless a significant part of the west coast

was still under ice (Fig. 3.5). Assuming that the ice sheet had retreated at a con-
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stant rate between 23 ka and 19 ka there is a high likelihood that any propagating

tsunamis had reached an ice-covered shelf. This current hypothesis excludes the

possibility of locating any tsunami deposits on the northwest Irish shoreline.

It is noted that the uncertainty surrounding the third major slide episode in the

RBSC is large. Even if the above hypothesis is true, assessing the risk of subma-

rine failure in the RBSC taking as an example the current topography of the region

can be of great importance to understand the implications that a similar event could

have in the future. In addition, the tsunamigenic potential of similar volume sliding

episodes nowadays could pose a significant risk to the Irish shoreline. Modelling of

the event also aids towards a better understanding of submarine failure processes

and consequent tsunami generation.

To address this possibility and related hazard, numerical simulations based on

the RBSC were conducted, focusing on the modelling of the event (Salmanidou

et al., 2015b,a). In an attempt to account for a worst-case scenario, the RBSC

was initially treated as the product of one major failure event that could have either

initiated from one point or from multiple points on the slope. The reconstruction of

the landslide followed the generous and conservative approach of Georgiopoulou

et al. (2013). The later simulations focused on the modelling of the event based on

the new acquired data which suggest a multiphase collapse history in the region

(Georgiopoulou et al., 2017). These simulations were initially based on a prelimi-

nary interpretation for the shape of the depositional lobes (Fig. 3.3) and, later, on

the final interpretation of the lobes as presented in Figure 3.4. The simulations and

the results are presented in chapter 4.

The numerical simulations in the RBSC showed that submarine sliding can in-

deed lead to tsunami generation of magnitudes that may vary depending on the

chosen rheological and geomorphological landslide parameters. Based on the pre-

liminary data for the depositional lobes of the 3rd major failure episode (Fig. 3.3c),

a Bayesian calibration has been performed to investigate the optimal values that

can be attributed to these parameters. The results of the calibration are analysed

in chapter 5 of the thesis. A statistical emulator was later built to quantify the un-

certainty of the tsunami amplitudes (chapter 6).
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Chapter 4

Numerical modelling of
submarine motion and tsunami
generation in the RBSC

4.1 Computational Set-up

As it has been stressed in previous sections, submarine sliding in the RBSC has

raised questions for the tsunamigenic potential of the landslides. In the absence of

data that can address these questions, numerical modelling can play an important

role to study what might have happened in the region thousand of years ago. To

study numerically the submarine motion and its consequences several scenarios

of sliding have been envisaged, the most significant of which are presented in this

chapter. The various scenarios have attempted to cover the geomorphological and

rheological aspects of the submarine sliding episodes.

From a geomorphological perspective, the main parameters of the landslide un-

der study were the initial volume of the events, described by the maximum thickness

and the spatial extent of the sliding mass. The numerical simulations focused on

modelling of the event as a single mass flow episode based on the initially attributed

volumes (Georgiopoulou et al., 2013). They have also focused on modelling of

multiphase collapse in the area following the three sliding episodes with the largest

likelihood of occurrence (Georgiopoulou et al., 2017). The centre of failure initia-

tion, in terms of a single or multiple points of failure on the slope, and the attributed

sliding volumes have been taken into consideration in the simulations.

From a rheological perspective the landslide scenarios have been modelled fol-

lowing the rheological regimes discussed in chapter 2.2. The majority of the sce-

narios presented in this thesis have been based on the rheological model described
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by equation 2.14. The main rheological parameters incorporated in the numerical

simulations are: the yield strength of the landslide, T0, the basal friction angle, φbed,

the dynamic viscosity, µ, the apparent density, ρ and the coefficient of turbulence,

ξ, used to represent the hydrodynamic drag. Modelling of sliding following other

rheological regimes is also presented and the results are discussed.

For each scenario a two-dimensional Gaussian function is used to represent

the initial body of landslide. The Gaussian shape forms a simplified yet efficient

and standardised approach to approximate the landslide body in numerical mod-

elling. In many cases a Gaussian approximation has been used to give a realistic

representation of the landslide geometry (Ward, 2001; Lynett and Liu, 2005; Grilli

and Watts, 2005; Watts et al., 2005; Abadie et al., 2012; Grilli et al., 2015). The

drawback of using a Gaussian landslide is that although the spatial extent reduces

gradually to an almost negligible degree, it practically reaches infinity. Nonethe-

less, in comparison to other geometrical shapes (e.g. paraboloid or semi-elliptical

shape), the Gaussian landslide shape combines very well with the slope.

Landslides of a Gaussian shape exhibit a smoother mass distribution and in-

tegrate well with the surrounding topography resulting in a better representation of

the pre-slide morphology. Semi-ellipsoids, on the other hand, may exhibit sharp and

abrupt edges that render them highly distinctive from the surrounding environment.

Grilli et al. (2002) noted that landslides of semi-elliptical shapes induced sharp cor-

ners at the intersection of the slope and the landslide, leading to singularities in

the boundary element method calculations. To avoid additional processing of the

simulations the authors have preferred a smoother representation for the shape of

the landslide (Grilli et al., 2002).

In the numerical simulations of submarine sliding in the RBSC, a landslide of

a Gaussian shape was computed with the mass spreading along the x− and y−
horizontal directions. The shape of the mass is given as a function of the landslide

thickness h and the standard deviation of the landslide, σx and σy:

lsl(x, y) = h exp
(
−
(
α(x− x0)2 − 2b(x− x0)(y − y0) + c(y − y0)2

))
(4.1)

where (x0, y0) indicates the centre of the mass and:

α =
cos2 ω

2σ2x
+

sin2 ω

2σ2y
(4.2)
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b = −sin 2ω

4σ2x
+

sin 2ω

4σ2y
(4.3)

c =
sinω2

2σ2x
+

cosω2

2σ2y
(4.4)

where ω is the rotational angle of the Gaussian. The volume of the landslide

can then be written:

Vls =

∫ ∞
−∞

∫ ∞
−∞

lsl (x, y) dxdy = 2πhσxσy (4.5)

The computational domain used in the numerical simulations was initially de-

rived from the combination of two data sets. The bathymetry data were retrieved

from the EMODnet Bathymetry portal. The portal forms the European Com-

mission’s initiative to develop a European Marine Observation and Data network

(EMODnet) and provides data coverage of the main sea regions in Europe. The res-

olution of the grid provided and used in the simulations is 0.25 arc-minutes (c.463

m). A new grid with a higher resolution of 1/8*1/8 arc-minutes (c.230 m)has been

released in October 2016, but not incorporated in the simulations. The land ele-

vation data derived from the General Bathymetric Chart of the Oceans GEBCO 08

GRID terrain model. GEBCO forms a global 30 arc-second grid (c.927 m) dataset.

The data were transformed to the Cartesian coordinate system, smoothed and in-

terpolated to form a uniform grid.

For the landslide and tsunami modelling two computational domains were used.

For the landslide modelling, a Digital Elevation Model (DEM) with dimensions of 200

km x 250 km and spatial resolution ∆x = 320 m, ∆y = 500 m was employed. In

cases where the real time of the flow was larger than 5 hours, to compute the run-

out length of the landslide, the landslide motion was initially modelled with a coarse

timestep that varied in accordance with the stability criteria in the code. A larger

DEM was used to model the complete tsunami process from generation to inun-

dation, with dimensions of 800 km x 1000 km. The data are interpolated onto an
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unstructured triangular grid. Varying mesh sizes have been tested for mesh con-

vergence. The simulations in this chapter are performed with two grids: the one

has a spatial resolution of ∆x = ∆y = 600 m and 2,875,124 nodes, the second

grid has ∆x = ∆y = 450 m and 5,112,958 nodes.

As the first moments of sliding are often the most critical for tsunami generation

(Harbitz et al., 2006), only the first hour of the landslide motion was incorporated in

the tsunami simulations. So, for a refined representation of the motion, in the com-

bined landslide-tsunami modelling, we rerun the numerical simulations in VolcFlow

with a timestep of ∆t = 1 s as inputs to the tsunami model. The total duration of

the tsunami simulations was two hours (or sometimes one) with ∆t = 0.1 s. Wave

gauges were introduced at various points of the domain to measure the free surface

elevation over time. The gauges are located onshore and offshore close to the gen-

eration region and the shoreline but also close to the boundaries of the grid to avoid

any signs of reflection interfering with the data. The vast majority of the gauges was

located in the area around the Mullet peninsula in Co. Mayo, as it is expected to be

the first and probably most inundated area by the propagating tsunami waves.

4.2 Collapse in one go and tsunami generation

The first attempts of numerical modelling in the RBSC have focused on the sim-

ulations of collapse in-one-go in agreement with the early interpretations for the

event. From the reconstruction of the pre-slide slope morphology, Georgiopoulou

et al. (2013) have attributed two edge landslide volumes to the event. A conser-

vative approach estimates the volume of the missing sediments by filling only the

missing areas between the scarps from rim to rim. The approach yields a mini-

mum volume of Vcon = 265 km3 for the landslide. On the other hand, the generous

approach takes into consideration a pre-slide slope morphology with mounded con-

touritic bodies, hence, a morphology that resembles the topography away from the

scar area as this derived from seismic profiles (Georgiopoulou et al., 2013). The

generous approach resulted in a maximum volume of Vgen = 765 km3 for the miss-

ing material.

The primary numerical simulations have incorporated these values (and values

in between) for the initial volume of the landslide. The main objective was to match

the landslide deposits observed in the field with the results of the numerical simula-

tions. Initially, a single landslide of a Gaussian shape was computed with the mass

spreading symmetrically along the x− and y− horizontal directions. The centre of

the mass was located in the centre of the slope and the volume of the mass was

assumed to be Vgen = 765 km3 in the first case and Vcon = 265 km3 in the sec-
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ond case. The maximum thickness of the landslide was representative of the scarp

heights observed in the slope and hence hmax,gen = 300 m and hmax,con = 235 m.

It can be assumed that one Gaussian landslide extending all over the slope re-

gion forms a simplified representation of the pre-slide morphology. To provide with a

slightly more complex pre-slide morphology three Gaussians were also considered

in some of the experiments, initiating simultaneously from three centres of collapse

on the grid. These centres were located on the North upper, South upper and lower

slope regions where Georgiopoulou et al. (2013) located the three possible major

regions of collapse. Two scenarios are represented here: 1) the landslide motion

starts from three points located in the North & South upper slope (NUS & SUS) and

the lower slope (LS) regions. The total volume of the event is V = 760 km3 (where

VNUS = 311 km3, VSUS = 313 km3 and VLS = 136 km3); 2) after running a few ex-

periments based on the 1st scenario; observations of the simulated deposits have

indicated that it was worth exploring a landslide motion that may have begun from

2 centres in the North upper slope and the lower slope regions. The total volume of

the event is V = 475 km3 (where VNUS = 282 km3 and VLS = 193 km3) (Table 4.1).

The majority of the numerical simulations were performed, using the higher end

of the volume range for the volume approximation (generous approach) and a sin-

gle point for the initiation of the mass motion. The varying rheological regimes were

explored mainly using this hypothesis. The landslide motion was considered as a

Bingham fluid, a flow of purely frictional material and a flow that forms a combina-

tion of the two (see also chapter 2). The landslide scenarios represented here are

shown in Table 4.1.
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Table 4.1: Landslide scenarios for collapse in one go. The apparent density is for

all cases ρ = 1, 000 kg/m3.

Scenario V (km3) Rheology T0 (Pa) µ (Pa.s) φbed(o) ξ

1 765 Const. Ret. Stress 17,000 - - -

2 765 Bingham 17,000 300 - -

3 765 Bingham 17,000 1,000 - -

4 760 Bingham 15,000 300 - -

5 765 frictional - - 5 -

6 765 frictional - - 2 -

7 765 frictional - - 1 -

8 765 Bingham + drag 15,000 300 - 0.001

9 265 Bingham + drag 7,000 200 - 0.001

10 475 Bingham + drag 10,000 200 - 0.001

11 765 visco-plastic 200 10 0.2 0.07

12 475 visco-plastic 400 10 0.1 0.055

13 265 visco-plastic 350 10 0.1 0.05

14 765 frictional + drag - - 0.4 0.07
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(a) Scenario 1 (b) Scenario 2

(c) Scenario 3 (d) Scenario 4

(e) Scenario 5 (f) Scenario 6
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(g) Scenario 7 (h) Scenario 8

(i) Scenario 9 (j) Scenario 10

(k) Scenario 11 (l) Scenario 12
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(m) Scenario 13 (n) Scenario 14

Figure 4.1: The results of the landslide scenarios presented in Table 4.1. The

field observations are also illustrated. The lines of the deposits are indicative. The

field observations are presented with brown dashed lines, the limits of the deposits

are taken from Georgiopoulou et al. (2013). The limits of the simulated landslide

deposits are given with black dashed lines.

Landslide scenarios 1, 2 and 3 show some of the best fit scenarios with the use

of a Bingham rheology to simulate the flow (Table 4.1: scenarios 1-3). Neglecting

the dynamic viscosity the motion of the landslide becomes subject to a constant

retarding stress (Table 4.1: scenario 1). The case of varying values of dynamic

viscosity (0, 300, 1000 Pa.s) is examined to test the effect of the parameter on the

deposition of the material. A range of µ = 10− 1000 Pa.s can often be attributed to

large-scale landslides with run-out lengths of 10 - 200 km (De Blasio, 2004). Over-

all, a yield strength of 17 kPa is used in the simulations, which gives a very good

agreement between the simulated deposits and the field observations (Fig. 4.1a-

c). It is observed that the changes in the dynamic viscosity up to three orders of

magnitude, only have a slight impact on the run-out length of the flow (Fig. 4.1a-c).

When using three Gaussian landslides collapsing simultaneously from the

slope, the yield strength has to be reduced to 15 kPa, for the flow to reach the

run-out length observed in the field (Table 4.1: scenario 4, Fig. 4.1d). The main

drawback in this scenario is that the deposits from the SUS landslide form an ad-

ditional depositional lobe and the lateral extent of the simulated deposits does not

match well with the observations (Fig. 4.1d). For these reasons, it can be assumed

that including a point of collapse at the SUS region may not be beneficial for the

results of the simulations.

A purely frictional rheology was also used to simulate the rheology of the land-

slide (Table 4.1: scenarios 5-7, Fig. 4.1e-g). In this simplest form of the frictional
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model, the shear strength resulting from the cohesion of the material is neglected.

The flow resistance to motion is a result of the frictional forces dominant between

the particles of the mass and the basal layer of the flow. However, such a rheol-

ogy does not seem to be particularly beneficial for this case. A basal friction of

φbed = 5◦ is not optimal as the landslide is not unstable enough to actually slide

down the slope (Table 4.1: scenario 5, Fig. 4.1e). Reducing the basal friction down

to φbed = 2◦ results in slide motion, however the sliding material spreads mainly

in a lateral direction, developing levees and hummocks on the planar surface (Fig.

4.1f). In addition, the run-out length of the flow is much smaller than the run-out

length of the deposits observed in the field.

Reducing further the basal friction (Table 4.1: scenario 6), results in a land-

slide with an increased run-out length that matches better the run-out length of the

observations (Fig. 4.1g). Nevertheless, the lateral extent of the flow is excessive

in comparison to the observations, the simulated deposits also spread extensively

close to the planar surface. For these reasons, the frictional rheology does not

seem an appropriate choice to give a realistic representation of the landslide de-

position in this case. Similar observations with the use of the frictional rheological

model were also made by Kelfoun et al. (2010) in the simulations of submarine slid-

ing at the Reunion Island.

From the above it could be assumed that scenarios 1-3 give a better fit with the

landslide deposits in the field. Nonetheless, they do not incorporate the resistance

of the flow to motion exerted by the water (water drag). As a result, the simulations

model a very energetic flow, that moves rapidly on the seabed with maximum veloc-

ities that may exceed 140 m/s. The toe of the landslide in most of these scenarios

(scenarios 1-7) stops advancing in less than 33 minutes which means that the av-

erage velocity of the landslide would be more than 75 m/s over a distance of 150

km. The kinetic energy of these landslides could have a very catastrophic potential

for tsunami generation, but is rather unrealistic. Although, direct observations of

submarine landslides are rare, these values are excessively large compared to the

up to date scientific knowledge.

In more detail, Fine et al. (2005) demonstrated that the Grand Banks landslide

transformed into a turbidity current that travelled as fast as 17-28 m/s. Numerical

simulations of the Storegga Slide show best fit scenarios with maximum velocities

below 35 m/s, likely ranging between 25-30 m/s (Bondevik et al., 2005). Simu-

lations of debris flows with the rheology of a Bingham fluid can reach maximum

velocities of 70 m/s (De Blasio et al., 2011). Worst case scenarios in the submarine

domain reveal that energetic landslides in the Canary Islands can reach maximum

velocities of 50 m/s whereas in the Hawaiian archipelagos debris flows with peak
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velocities in the order of 80 m/s would be required for the long run-outs (Masson

et al. (2006) and references therein). The importance of the water drag in the sim-

ulations becomes evident from the above.

The water drag can have a significant effect on the kinetic energy of the land-

slide, and neglection of the term may lead to overestimated velocities by as much

as 25% (Norem et al., 1990). Incorporating a drag term in the rheological regime

results in more realistic velocities and has a large effect on the tsunami amplifica-

tion. In this study, this is performed with the addition of the turbulence coefficient

(chapter 2). Scenarios 8-10 constitute the first attempt of incorporating a term that

accounts for the drag in the landslide modelling (Table 4.1: scenarios 8-10). In

these cases, a scenario with two landslides (at the NUS and at the LS regions) of

volume 475 km3 released simultaneously from the slope is used, in addition to the

two edge volumes for the simulations of the landslide (265 & 765 km3).

The scenarios show that for the simulated deposits to reach the observed run-

out length, the yield strength of the material needs to be reduced to 15 kPa for the

case of the largest volume (scenario 8, Fig. 4.1h). For the cases of the minimum

and intermediate volume the value of T0 should be even less (Table 4.1). The three

scenarios give a good approximation of the run-out length of the flow, although the

lateral extent of the landslide may vary, yielding in that case that scenario 8 could

give a better fit (Fig. 4.1h-j). The maximum velocity of the landslide for these three

cases is reduced but is still very large (c.122-129 m/s) in comparison to the cases

discussed above. Although these cases may still be considered unrealistic, it is

interesting to test the impact of such energetic flows in tsunami generation.

Figure 4.3 presents the results of the tsunami simulations with VOLNA for sce-

narios 8-10. Four wave gauges are considered, the locations of which are given

in Figure 4.2. The simulations are performed on a grid with spatial resolution of

∆x = ∆y =600 m, having a final time of Tfin = 3, 600 s. The results show that

close to the generation region (gauge 1), waves of very large amplitudes are gen-

erated for each case, the maximum tsunami amplitudes are 240, 145 and 190 m,

for scenarios 8, 9 and 10 respectively (Fig. 4.3a). As opposed to solitary waves,

the leading crest is followed by a trough and the wave form flattens during propa-

gation (Fig. 4.3b-d). A large dependency of the tsunami amplification on the size of

the landslide is observed. After 40 minutes of tsunami propagation (gauge 4), the

tsunami amplitudes of the waves are still significant with maximum values of 71, 36

and 52 m for scenarios 8, 9 and 10 respectively (Fig. 4.3d).

To reduce the maximum velocity of the landslide, ξ can be further increased.

Scenarios 11-13 form some indicative scenarios of reduced maximum velocities in-

cluding incorporation of frictional terms (Table 4.1: scenarios 11-13). It is observed
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(a) (b)

1/6/2017 Google Maps

https ://www.google.ie/maps/@ 54.0968886,-10.1699539,10z 1/1

Map data © 2017 Google 10 km 

10 km

(c)

Figure 4.2: The computational domain with the virtual wave gauges that measure

the free surface elevation. The results of 15 wave gauges are presented here. Red

stars denote the offshore gauges, the onshore wave gauges are indicated with blue

stars. (a) Gauges 1-3 measure the free surface elevation close to the source region

and during propagation towards the Irish shoreline. The black box shows the area

around the Mullet peninsula. (b) The wave gauges that measure the free surface

elevation in this area are gauges 4-15. (c) The actual topographic map of the Mullet

peninsula and the surrounding area. From: Google Maps.
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Figure 4.3: The gauge plots of the free surface elevation over time at four locations

are given (the gauge locations are shown in Fig. 4.2). The tsunamis are generated

by landslide scenarios 8 (blue), 9 (orange) and 10 (purple)(Table 4.1).

that as the turbulence coefficient and the basal friction increase the yield strength

of the material has to be significantly decreased in order for the simulated deposits

to reach the observed run-out distance (Fig. 4.1j-l). As a consequence, since the

yield strength of the material is decreased the flow spreads more laterally during

motion (Fig. 4.1j-l). Under these conditions, it is observed that the deposits of sce-

nario 11 spread out too much in the lateral direction and thus do not form a good fit

with the observations (Fig. 4.1k). The deposits of scenario 12 appear to be more

constrained in the lateral direction but still extend further than the limits of the de-

posits observed in the field (Fig. 4.1l).

The deposits of scenario 13 give a relatively good fit with the field observations

(Fig. 4.1l). Overall, the maximum velocity for scenarios 11-13 ranges between 52-

53 m/s and the total duration of the sliding process is approximately 5 hours. The

tsunami simulations of these scenarios are performed to study the impact of the
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landslide on tsunami generation. Although, scenario 11 does not provide with a

good fit, it is also modelled with VOLNA to examine the possibility of a worst case

scenario. In addition, scenario 14 examines the use of a frictional model with the

incorporation of the drag term (Table 4.1: scenario 14). However, the results of

the simulation do not provide with a good fit as the landslide deposits spread too

laterally close to the slope region (Fig. 4.1n).

The landslide induced tsunamis are recorded at 15 wave gauges located in

various positions on the grid (Fig. 4.2). The magnitude of the tsunamis depends

strongly on the size of the landslide, with the maximum amplitudes and run-up de-

riving from scenario 11 and the smallest deriving from scenario 13 (Fig. 4.4). In

more detail, gauges 1-4 measure the tsunami propagation from the source region

to the Irish coastline (Fig. 4.4a-d). The maximum tsunami amplitudes recorded at

gauge 1, are 43, 23.5 and 34 m resulting from scenarios 11, 12 and 13 respectively

(Fig. 4.4a). After tsunami generation a leading crest propagates towards the Irish

coastline, followed by a trough. As the waves propagate over the seabed they de-

crease in amplitude, the waves arriving at gauge 04 have a maximum amplitude of

17 (scenario 11), 8 (scenario 12) and 12 m (scenario 13) (Fig. 4.4d).

The tsunamis reach the North part of the Mullet peninsula approximately 50

minutes after tsunami generation (gauge 5, Fig. 4.4e). The maximum tsunami am-

plitudes recorded by the gauge range between 11 (scenario 13) and 21 m (scenario

11). The tsunamis inundate the shore a few moments afterwards, the maximum

run-up observed at gauge 6 is c.18 m for scenario 11, c.13 m for scenario 13 and

c.9.5 m for scenario 12 (Fig. 4.4f). A second wave crest is also observed for sce-

nario 13, whereas scenario 11 produces two wave crests following the first wave

(Fig. 4.4f). Gauge 7, located c.500 m inland records maximum tsunami run-ups of

9, 11.5 and 15 m (scenarios 12, 13 and 11 respectively, Fig. 4.4f).
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Figure 4.4: The gauge plots of the free surface elevation over time at 15 locations

are given (the gauge locations are shown in Fig. 4.2). The tsunamis are generated

by landslide scenarios 11 (blue), 12 (orange) and 13 (purple)(Table 4.1).

Gauges 8 and 9 record the tsunami run-up in the middle of the peninsula (Fig.

4.4g-h). The maximum wave run-up ranges between 12 and 20 m at gauge 8,

and between 9 and 16 m at gauge 9. A second wave crest follows the first one,

for scenarios 11 and 13 a third wave can also be observed arriving at t ∼ 115

min. The wave arrival time at the offshore gauge 10 is approximately 55 minutes,

the maximum tsunami amplitudes are 19, 13.5 and 9 m (scenarios 11, 13 and 12

respectively). Inside the bay, wave arrival at gauge 11 is recorded between 60

(scenario 11) and 66 (scenario 13) minutes, the first wave crest is followed by a

second wave crest with a bimodal shape (Fig. 4.4k). The gauge records maximum

tsunami amplitudes that range between 2 and 9.5 m. At gauge 12, two evident

crests of similar wave amplitudes are observed, for scenarios 12 and 13 the second

waves are largest than the first ones (Fig. 4.4l). The maximum tsunami amplitudes

recorded by the gauge are 11, 5 and 8 m (scenarios 11, 12 and 13 respectively).

Close to the coastal town of Belmullet, the first waves arrive at gauge 13 be-

tween 60 (scenario 11) and 70 (scenario 12) minutes depending on the scenario

(Fig. 4.4m). The most significant wave run-up at gauges 14 and 15 is induced by

scenario 11 (Fig. 4.4n-o). Three wave crests are observed at gauge 14, increasing

in size with time. The first wave gives a maximum run-up height of c.4 m, the third

crest has a bimodal shape and induces a maximum run-up of c.10 m (Fig. 4.4n).

At gauge 5, two large wave crests are observed, the second wave is slightly larger

than the first one with a maximum wave run-up of 10.5 m (against 10 m, Fig. 4.4o).

Scenario 12 does not reproduce any significant wave run-up at gauges 14 and 15.

Scenario 13 results in a maximum wave run-up of c.7 m at gauge 14, the waves

reach the location of gauge 15 but the run-up is very small.

These larger wave crests with a slightly bimodal shape that follow the leading

tsunami crests are possibly the result of the tsunamis overtopping the peninsula.
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(a) Scenario 11 (b) Scenario 12 (c) Scenario 13

(d) Scenario 11 (e) Scenario 12 (f) Scenario 13

(g) Scenario 11 (h) Scenario 12 (i) Secanrio 13

Figure 4.5: Snapshots of the free surface elevation for scenarios 11, 12 and 13

(Table 4.1), the time is t = 5 min (a-c), 30 min (d-f) and 60 min (g-i).

Entering the bay by two directions the waves finally meet and merge into one larger

wave. They are thus recorded inside the bay by wave gauges 11-15. This can

also be supported by the fact that the tsunamis arrive at gauge 12 slightly before

they arrive at gauge 11 (approximately 2 minutes earlier) while the gauges are
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4.2. COLLAPSE IN ONE GO AND TSUNAMI GENERATION

at the almost same location along the x− axis. This phenomenon will be further

examined for the case of multiphase collapse (section 4.3).

The snapshots of the free surface elevations at t = 5, 30 and 60 min are pre-

sented for scenarios 11, 12 and 13 (Fig. 4.5). After the first 5 minutes of landslide

motion the first tsunami wave has been generated, the first wave peak and wave

trough are visible. The amplitudes of the waves vary depending on the scenario.

From the snapshots, it is also clear that the largest waves are generated by scenario

11 and the smallest from scenario 12 (Fig. 4.5). At t = 30 minutes the waves have

already propagated away from the source region (Fig. 4.5d-f). A leading crest, fol-

lowed by a wave trough is propagating towards the Irish coastline whereas a wave

trough, followed by a crest is propagating towards the opposite direction. The wave

propagation follows closely the seabed morphology. Tsunami amplification is also

observed close to the coast as the waves pass from deeper to shallower water

depths (above the continental shelf). At t = 60 minutes, the tsunami have reached

Northwest tip of the Irish coastline, with first inundation points, the area around the

Mullet Peninsula in Co. Mayo (Fig. 4.5g-i).

4.2.1 Mesh convergence

In this section the results of a mesh convergence study are presented, the se-

lected scenario is no. 11 at Table 4.1. The domain size is 800 × 1000 km

and the physical simulation time is 1 hour. The spatial resolution tested was

∆x = ∆y = 300, 450, 600, 1000, and 2050 m. Wave gauges 1, 2, 3 and 4 (Fig.

4.2) were used to present the evolution of the tsunamis as a function of time in

Fig.4.6. The results of the mesh convergence show an overall good agreement be-

tween the wave forms for the varying mesh sizes. There is an increase, however,

on tsunami amplification as the spatial resolution increases.

Table 4.2: VOLNA performance on GPU cluster

∆x = ∆y (m) Number of nodes Total runtime (s) Runtime / nodes

1200 720,188 1396.218814 1.939 × 10−3

600 2,875,124 5451.415319 1.896 × 10−3

300 11,498,701 44897.184774 3.905 × 10−3

The computational time increases as well when going to finer spatial resolution.

Testing grids with higher spatial resolution than ∆x = ∆y = 300 can be computa-

tionally demanding. Table 4.2 summarises performance of VOLNA on the general

purpose GPU cluster of UCD. The cluster consists of two NVIDIA R© Tesla R© K40C
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Figure 4.6: Results of numerical simulations at four gauges from left to right on Fig.

4.2, sorted horizontally starting from the upper left corner. Each plot includes five

tests with different spacial resolution: ∆x = ∆y = (300 m, yellow line, 450 m, black

line, 600 m, red line, 1000 m, green line, 2050 m, blue line) run for one hour.

cards, with 2,880 cores, 12GB max memory size each. The physical simulation

time is 1 hour. For this case the scenario tested was landslide scenario 01 (Ap-

pendix A) which has the same computational domain as scenario 11 (Table 4.1).

The spatial resolutions tested are ∆x = ∆y = 300, 600, and 1200 m. The table

shows that the code scales well in the beginning, the number of nodes evolves lin-

early with the total runtime. However, the relationship becomes nonlinear as the

runtime increases faster than the number of grid nodes (Table 4.2). In the GPU, the

memory access pattern is the most important factor and while the simulations with

low spatial resolution use faster memory levels (local memory, registers), the high

resolution simulation accesses the slower global memory.
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4.3. MULTIPHASE COLLAPSE

4.3 Multiphase collapse

4.3.1 Preliminary interpretations

As it was described in chapter 2, failure in the RBSC has more likely happened in (at

least) three major episodes of collapse, rather than collapse of material with exces-

sive volume (765 km3) in one go. Based on the early interpretation of the landslide

deposition, numerical simulations of the sliding have initially attempted to match

the deposits of the multiphase collapse episodes (chapter 2). These episodes refer

to collapse from the South upper slope (SUS) region, followed by collapse in the

North upper slope (NUS) region and finally sliding in the lower slope (LS) region.

Measurements on the depositional lobes have been used to estimate the volumes

of each episode which are found to be respectively VSUS ∼ 200 km3, VNUS ∼ 130

km3 and VLS ∼ 400 km3. Collapse from the three regions was modelled as three

separate landslides of Gaussian shape with different volume distributions.

The heights of the scarps in the slope region were considered to estimate the

maximum thickness of the landslides. The maximum initial landslide thickness used

in the simulations is respectively hSUS,max = hNUS,max = 270 m (derived from a

scarp height range of 200 - 300 m) and hLS,max = 120 m (within a range of 60 - 120

m). The spatial extent of the landslides also attempted to match the extents of the

scarps on the slope region. Landslides of varying rheology were considered (Table

4.3), the results for some of the landslide scenarios are presented in Figure 4.7, the

simulated deposits give a relatively good overall fit but in some parts do not agree

well with the indicated ones.

Scenario 1 represents well the lateral extent of the landslide but the run-out

length of the computed flow (black dashed line) is shorter than the indicated one

(yellow line) (Fig. 4.7a). The deposits resulting from scenario 2 (black dashed line)

represent well the half upper part of the depositional lobes (purple line) but they do

not extend towards the lower run-out limits of the deposits (Fig. 4.7b). Scenario 3

(black dashed lines) gives an overall good fit of the lateral extent and run-out length

of the flow (orange line) (Fig. 4.7c). However, the simulated deposits extend further

than the upper lateral limit of the indicated deposits and they don’t represent well

the lower depositional lobe (Fig. 4.7c).

In addition, all the landslide simulations were performed with a very small turbu-

lence coefficient, (ξ = 0.001, Table 4.3) which resulted in high maximum landslide

velocities (umax > 100 m/s). As a result, the tsunami amplitudes are also higher

than the tsunami amplitudes generated by landslides with smaller kinetic energy.

The landslide induced tsunamis are recorded by four virtual wave gauges located

close to the source region and the Irish coastline (Fig. 4.8 & locations in 4.2).
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Table 4.3: Landslide scenarios for three major episodes of collapse based on pre-

liminary data interpretations.

Sc. Slope region V (km3) T0 (Pa) µ (Pa.s) φbed(o) ρ (kg/m3) ξ

1 South upper 202 4,000 30 0.2 1,200 0.001

2 North upper 127 3,000 30 - 1,200 0.001

3 Lower 396 4,000 1,000 0.5 1,200 0.001

(a) Scenario 1 (b) Scenario 2 (c) Scenario 3

Figure 4.7: Results of the three major episodes of collapse (SUS (a), NUS (b) and

LS(c) regions) following the early interpretation of the data. The parameters derive

from Table 4.3. The limits of the simulated deposits on the seabed are indicated

with black dashed lines. The limits of the field deposits are indicated with yellow

(SUS), purple (NUS) and orange (LS) colours.

The results show that close to the generation region the highest tsunami ampli-

tudes occur from a collapse in the NUS region (Fig. 4.8a). These measurements

are possibly affected by the tsunami direction and the location of gauge 1, as the

rest of the gauges show that the largest amplitudes result from collapse in the SUS

region (Fig. 4.8b). Although collapse from the LS region forms the most volumi-

nous event the tsunami amplitudes are smaller, possibly as an effect of the small

maximum thickness of the landslide. This is also exhibited in the snapshots of the

free surface elevation at t = 200 s. However, at gauge 4 the amplitudes of the

tsunamis from LS are slightly larger than the tsunamis resulting from sliding in the

SUS region. The computational domain has a mesh size of ∆x = ∆y = 600 m and

2,875,124 nodes.

As noted, the tsunami amplitudes resulting from the three scenarios are en-

hanced due to the kinetic energy of the landslide. However, based on the current

scientific knowledge, submarine landslides are not normally as energetic. There is

thus a need to account for submarine sliding with more realistic landslide velocities

and their consequences for tsunami generation, propagation and inundation. The
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Figure 4.8: The landslide induced tsunamis from: collapse at the SUS (yellow),

NUS (purple) and LS (orange) regions. The gauge locations are shown in Fig. 4.2.

(a) Scenario 1 (b) Scenario 2 (c) Scenario 3

Figure 4.9: Snapshots of the free surface elevation at t = 200 s, the tsunami ampli-

tudes result from collapse in the (a) SUS, (b) NUS and (c) LS regions.

rest of this section will focus on this aspect with more detail. The numerical mod-

elling of collapse in the lower slope region following the depositional limits in Figure

4.7c, will be further examined in chapters 5 & 6. The latest research in the RBSC,

shows that the limits of the depositional lobes for the latest episodes of collapse are

slightly different (chapter 2). We incorporate these new data to model sliding and

tsunami generation in the region.
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4.3.2 Incorporation of the latest research data

Following the data on the multiphase sliding in the RBSC, the reconstruction of the

most recent episode was approached as more information exists for its depositional

lobes (Georgiopoulou et al., 2017). As discussed in chapter 3, the slope failure that

has resulted in the depositional lobes of the last episode has possibly initiated from

the North upper slope in combination with the LS region (NUS-LS). A landslide with

maximum thickness hmaxNUS = 300 m that matches the scarp height on the slope

and a volume of VNUS = 264 km3 was assumed for the North upper slope. For the

lower slope region a landslide of hmaxLS = 120 m and volume VNUS = 136 km3 was

considered. We took under consideration the maximum scarp heights of the land-

slides first to account for a worst case scenario and second to avoid excessively

large spatial extents of the landslide on the slope. Finally, the total volume of the

event was V3 = 400 km3. The selection of the appropriate values of the rheological

parameters is based on the literature and the results of the Bayesian calibration

discussed in chapter 5 (as the calibration was made prior to the results presented

in this section).

After numerical experimentation, three best fit landslide scenarios are pre-

sented here (Table 4.4). The deposits of the first landslide scenario are computed

with a dimensionless drag of 0.055, for which the maximum velocity of the land-

slide becomes approximately 50 m/s. The value of the maximum velocity falls in

agreement with values of similar events (discussion in section 4.2). The simulated

deposits of the scenario (black dashed line) reach the run-out length of the deposits

observed on the field (orange dashed line) (Fig. 4.10a ). Albeit, when compared to

the width of the observed deposits the toe of the simulated landslide extends more

laterally in the NE-SW direction. This is possibly linked with the low cohesion of the

sliding material.

Table 4.4: Landslide scenarios for multiphase collapse following recent data inter-

pretation.

Sc. Region V (km3) T0 (Pa) µ (Pa.s) φbed(o) ρ (kg/m3) ξ

1 NUS & LS 400 550 10 0.1 1,200 0.055

2 NUS & LS 400 750 300 0.1 1,200 0.045

3 NUS & LS 400 1,500 300 - 1,200 0.045

4 SUS - 1 200 750 300 0.1 1,200 0.045

5 SUS - 2 125 750 300 0.1 1,200 0.045

To compensate for that, the yield strength of the flow (T0 = 750 Pa) is increased
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and accordingly ξ is decreased (ξ = 0.045, Table 4.4). We also tune the dynamic

viscosity of the flow to 300 Pa, similar to the dynamic viscosity of flows with large

extent as discussed in De Blasio (2004). It is observed that this change in viscosity

does not have any effect on the run-out length of the flow, whether, for example,

scenario 2 has a viscosity of 10 Pa or 300 Pa.s, the simulated lobes are very simi-

lar. This observation falls in agreement with the results of De Blasio (2004), where

changes in the dynamic viscosity up to two orders of magnitude in the simulations

do not have significant effect on the results.

On the other hand, the decrease in the turbulence coefficient, which allows for

an increase in the yield strength of the landslide results in depositional lobes of the

same run-out length but more constrained in the lateral direction (Fig. 4.10c). The

simulated deposits match better the observed deposits. As ξ is now decreased, the

maximum velocity of the flow may go up to 60 m/s. Maximum velocities of such

values are not unlikely for energetic landslides (Masson et al., 2006). However, as

the validity of very large maximum velocities is debated, the value of the drag is no

further decreased.

The third scenario focuses on simulating the landslide as a flow without friction,

exhibiting a behaviour similar to that of a Bingham fluid but with the incorporation

of the drag term. In that case the yield strength of the landslide can be increased

up to 1500 Pa; the rest of the parameters are kept constant (Scenario 3, Table 4.4).

The computed maximum velocity of the landslide exhibits a similar trend to that of

scenario 2. The simulated run-out length of the deposits falls in good agreement

with the run-out observed in the field (Fig. 4.10c). The lateral extent of the simu-

lated deposits is smaller than in scenarios 1 and 2 (slightly less than scenario 2)

and the flow appears to be more constrained, thus, in better agreement with the

field observations. This ’extended’ Bingham model could be, therefore, considered

as a good approach to simulate the flow. Nevertheless, the scarps observed on the

slope region constitute strong indicators of dragging during the flow motion.

The presence of basal friction (having values that in reality could have been

higher) is non-negligible. From a numerical point of view, increasing the basal fric-

tion of the landslide does not have any beneficial effect in the results, as the yield

strength has to be reduced for the landslide to reach to desired run-out length. This

is a drawback as low cohesion leads to a landslide that spreads more laterally and

gives wider deposits (as it has been shown in scenario 3 where the basal friction is

negligible and the cohesion of the material higher). The contours of the landslide

thickness after deposition can also be computed for each scenario. Scenario 1 re-

sults in deposits of higher thickness in comparison to scenarios 2 and 3 (Fig. 4.10b,

4.10d,4.10f). The contours of the thickness show that scenario 1 has deposits of
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large thickness (> 60 m) that spread more than the areas of large thickness (> 60

m) for scenarios 2 and 3. Scenarios 2 and 3 come in very good agreement with

the thickness of the deposits measured on the seismic profiles and which was esti-

mated approximately 60 m (Georgiopoulou et al., 2017).

For the older episodes of submarine failure in the RBSC we follow a similar

approach as the one used for the most recent episode. The first and possibly old-

est main episode of failure in the region has initiated from the South upper slope

(SUS-1) and its volume is estimated approximately 200 km3 (Georgiopoulou et al.,

2017). This episode was followed by a collapse initiating from the same slope area

with a volume of approximately 125 km3 (SUS-2) (Georgiopoulou et al., 2017). Two

landslides of similar volume are considered with maximum thickness of 300 m, cor-

responding accordingly to the maximum scarp heights observed on the slope. The

episodes are modelled with similar rheological parameters as the third episode of

failure, assuming that the sediment composition in the area is fairly similar. As such,

based on the results of the previous simulations the properties of the landslides are

given in Table 4.4.
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(a) Scenario 1 (b) Scenario 1

(c) Scenario 2 (d) Scenario 2

(e) Scenario 3 (f) Scenario 3
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(g) Scenario 4 (h) Scenario 4

(i) Scenario 5 (j) Scenario 5

Figure 4.10: Simulations of the landslide deposits deriving from scenarios in Table

4.4. The contours of the resulting thickness of the deposits are also displayed.

The simulated deposits of the SUS-1 landslide reach a run-out length similar

to that of the NUS-LS landslide (Fig. 4.10g). These results come in a general

agreement with the estimations of the extent of the SUS-1 landslide in the field

(Georgiopoulou et al., 2017). However, the simulated lateral extent and run-out

length of the SUS-1 landslide (black dashed line) is somewhat smaller than the es-

timated extent of the field deposits (yellow) (Fig. 4.10g). It could be possible that

the landslide in reality was more dilute than the NUS-LS landslide and the deposits

have spread more. In the seismic profiles of the landslide deposits, the thickness

of the SUS-1 landslide is found much smaller (∼30 m) than the thickness of the

NUS-LS landslide (Georgiopoulou et al., 2017). Simulations of the SUS-1 landslide

with a lower yield strength (T0 = 550 Pa) and similar rheological properties, as in

scenario 1, would result in deposits extending slightly more laterally.

The smaller volume of the SUS-2 landslide (125 km3) acts as a constraining

79



4.3. MULTIPHASE COLLAPSE

factor for the run-out length. In more detail, the toe of the simulated landslide (black

dashed line) comes in rest before it reaches the estimated limits of the landslide’s

run-out length (purple) (Fig. 4.10i). In this case, the simulated deposits spread

more laterally than the estimated ones. The thickness of the simulated deposits for

both the SUS-1 and SUS-2 landslides ranges between 15 - 45 m and only rarely

exceeds 45 m (Fig. 4.10h & 4.10g). This comes in good agreement with the es-

timations of the real landslide thickness from the seismic profiles which is for both

cases estimated at approximately 30 m (Georgiopoulou et al., 2017). It has to be

noted that due to the limited number of available seismic profiles for the area, the

estimation of the landslide deposits for landslides SUS-1 and SUS-2 forms an ap-

proximate interpretation of the data and in reality the deposits could have had a

different extent or shape. To extend further the simulations, additional research in

the area would be necessary in order to obtain more insight on those events.

The results of the simulations show that despite the similar rheological prop-

erties, the landslides originating from the SUS region develop higher maximum

velocities than the landslide initiating from the NUS-LS region. The higher veloc-

ities can be possibly linked with the high slope gradients of the region, the south

part of the slope is characterised by eminent scarps and steep slopes that in places

can exceed 20◦ (Georgiopoulou et al., 2013). To explore the impact that submarine

multiphase collapse in the RBSC has in tsunami generation, all these scenarios are

simulated with VOLNA. A number of virtual wave gauges is incorporated to record

the free surface elevation over time (Fig. 4.11). The mesh size of the computational

domain is ∆x = ∆y = 450 m.

Overall, it is noted that to get a good agreement of the simulated run-out lengths

with the field observations the values of the input parameters have to be signif-

icantly lower. The low or negligible basal friction that is required for the flow to

reach this run-out length may be attributed to complex processes that the model

cannot capture. The same applies for the yield strength of the material. Changes

in the rheological composition of the mixture during motion, (especially when water

is mixed with the flow) are not uncommon in submarine sliding. Bradshaw et al.

(2010), for example have found values of T0 = 30, 38 and 45 kPa on slope sedi-

ments, whereas they measured T0 = 1, 10 and 20 kPa on the deposits of the debris

flow. Lastras et al. (2005) also found that the yield strength of the modelled flow

had to be significantly low to give a good fit with the observations. They linked this

phenomenon with additional flow mechanisms that may have not been incorporated

by the model.

Additional mechanisms such as remoulding and hydroplaning may enhance the

flow mobility. Hydroplaning is strongly linked with the cohesiveness and the sedi-
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ment composition of the landslide (De Blasio et al., 2004b). Less cohesive flows

with a sand-rich sediment composition can reach long run-outs without hydroplan-

ing whereas clay-rich flows tend to be more cohesive and thus they are more likely

to hydroplane (Elverhøi et al., 2010). Hence, high yield strengths may indirectly

lead to greater run-out distances. However, the possibility of hydroplaning taking

effect in the RBSC is not known with certainty. The erosive nature of the collapse

may render hydroplaning an unlikely process for the region.

The tsunami simulations show that the largest wave amplitudes are produced

by a landslide originating at the NUS-LS region (Fig. 4.12, 4.13 & 4.14). This is

strongly related to the larger volume of the sliding material from the NUS-LS region.

Tsunami waves generated by the SUS-1 collapse are also larger in amplitude than

the tsunamis induced by the SUS-2 collapse (Fig. 4.12, 4.13 & 4.14). Because

of its lower kinetic energy, scenario 1 results in smaller tsunami amplitudes from

scenarios 2 and 3 (Fig. 4.12, 4.13 & 4.14). Overall, scenarios 2 and 3 result in

tsunami amplification of similar magnitude. The free surface elevation is approxi-

mately the same for all the gauges, however scenario 3 generates slightly larger

tsunamis than scenario 2. It seems that for the RBSC, a non-frictional and more

cohesive landslide would result in slightly larger tsunami amplitudes than a frictional

flow. However, general conclusions about the relationship between the parameters

cannot be drawn by this small sample. Furthermore, this difference is less than 5%

of the tsunami amplitude of the largest scenario. Given the amount of the uncer-

tainty that underpins the event these discrepancies can be considered insignificant.

Gauges 1-12 record the free surface elevation close to the source region and

during tsunami propagation over the Rockall Trough (Fig. 4.12). The first waves

that arrive in gauge 01 are the waves from scenarios 1, 2 and 3, probably due to

the location of the gauge closer to the NUS-LS region (Fig. 4.12a). The gauge

starts recording the free surface elevation approximately 200 s after generation.

The maximum tsunami amplitudes are 35, 34 and 32 meters for scenarios 1, 2

and 3. Scenarios 4 and 5 arrive at the gauge with roughly 200 seconds time dif-

ference, the maximum tsunami amplitudes recorded are 12 and 8 m respectively

(Fig. 4.12a). After tsunami propagation towards the Irish coastline (in a Southeast

direction) the tsunami amplitudes decrease (Gauges 1-4, (Fig. 4.12b-c)). At gauge

4, the maximum tsunami amplitudes of scenarios 1, 2 and 3 are 13.5, 13 and 12

m respectively and the amplitudes of scenarios 4 and 5 are approximately 8 and

3 m (Fig. 4.12d). Smaller secondary waves are also recorded by the gauge (Fig.

4.12d).

Gauge 5 gives a better record of the maximum free surface elevation induced

by scenarios 1, 2 and 3 (Fig. 4.12e). In fact, the gauge starts recording the free
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(a) (b) (c)

Figure 4.11: The computational domain with the virtual wave gauges that measure

the free surface elevation. The results of 37 wave gauges are presented here.

Red stars denote the offshore gauges, the onshore wave gauges are indicated with

blue stars. (a) Gauges 1-11 measure the free surface elevation close to the source

region and in the open sea. The grey box indicates the wider area around the west

part of the Irish coastline (b). The wave gauges presented in this area are 12-16.

The black box shows the area around the Mullet peninsula (c).The wave gauges

that measure the free surface elevation in this area are gauges 4 and 17-37.

surface elevation after 100 s, the maximum tsunami amplitudes of scenarios 1, 2

and 3 are 44, 42.5 and 38.5 m respectively. The propagation towards the North of

tsunamis deriving from the SUS region is very limited. In fact, the tsunamis arrive at

the gauge c.500 s after tsunami generation and have maximum amplitudes of 7 and

5 m (Fig. 4.12e). The opposite phenomenon is recorded in a southern direction by

gauges located closer to the SUS region (gauges 06 and 07, Fig. 4.12f-g)).

At gauges 6 and 7, tsunamis from the SUS region arrive faster and have larger

amplitudes (especially for scenario 4). At gauge 06 the first free surface pertur-

bations are recorded 150 s after generation and the maximum tsunami amplitudes

are approximately 24 (scenario 4) and 15 m (scenario 5) (Fig. 4.12f), the tsunamis

generated by scenarios 1, 2 and 3 arrive at the gauge a few seconds later but their

maximum amplitude is decreased, varying around 9 m (Fig. 4.12f). Gauge 07, lo-

cated further away from the source region, captures better the size of the NUS-LS

landslide induced tsunamis (Fig. 4.12g). Although the wave peaks of scenarios 4

and 5 arrive at the gauge first the tsunami amplitude of scenario 5 is similar to the

amplitude of scenarios 1 and 2 (Fig. 4.12g). The largest magnitude of the tsunamis

from scenarios 1, 2 and 3 is even better captured by gauge 11, the SUS landslide
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(k) Gauge 11

Figure 4.12: The free surface elevation is captured by wave gauges 1-11 close to

the source region and in various offshore locations in the open sea (see also Fig.

4.11a). The results of different scenarios are represented with different colours. In

more detail, scenario 1 (blue), scenario 2 (orange), scenario 3 (yellow), scenario 4

(purple), scenario 5 (green) (see also Table 4.4).

tsunamis are the first to be recorded by the wave gauge but they are smaller in

amplitude than the tsunamis from scenarios 1 and 2 (Fig. 4.12k).

Gauges 08 and 09 record the tsunami propagation towards the Northwest di-
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rection (Fig. 4.12h & 4.12i). At gauge 08, the first tsunami arrival has the form of

a wave trough followed by a wave crest for scenarios 1, 2 and 3, the wave trough

ranges between values of -38 to -40 m below the free surface (Fig. 4.12h). The

tsunamis from the SUS region exhibit initially a small wave crest, which is followed

by a dominant wave trough for each case, the minimum depression of the free sur-

face elevation ranges between -8 to -9 m (Fig. 4.12h). Gauge 9 records initially

a wave trough for all the scenarios, in this case of scenarios 1, 2 and 3 the wave

trough is followed by a wave peak larger in amplitude, for scenarios 4 and 5 the

wave peak is of the same magnitude with the wave trough (Fig. 4.12i).

The rest of the gauges (13-37, but also gauge 4) are located closer to the Irish

coastline (Fig. 4.11). The vast majority of the gauges is concentrated around the

Mullet peninsula (gauges 17-37, Fig. 4.11c) as this forms the area that is first inun-

dated by the propagating tsunamis. However, some gauges (13-16) in the broader

area of the west Irish coastline are also employed to record the free surface per-

turbations (Fig. 4.13). Gauges 12 and 13 are located at the Sligo Bay and the

town of Sligo respectively (Fig. 4.13a-b & 4.11b). The tsunami arrival at gauge 12

begins after 90-100 min, the maximum tsunami amplitudes may vary between 3-7

m depending on the scenario (Fig. 4.13a). The tsunamis arrive at gauge 13 after

112 minutes of propagation (almost 2 hours), the wave run-up from the largest sce-

nario (scenario 3) is c.8 m, whereas the smallest scenario (SUS-2) is not capable

of inundating this location (Fig. 4.13b).

Gauge 14 is located close to the town of Westport at the Clew Bay (Fig. 4.11b).

Tsunami arrival at the gauge begins after approximately 90 minutes of propagation,

the maximum tsunami amplitudes are c.4 m resulting again from scenarios 2 & 3

(Fig. 4.13c). Collapse in the SUS region produces tsunami amplitudes that vary

between 1-2 m depending on the scenario. Gauges 15 and 16 are located at In-

ishmore, the largest of the Aran islands in Galway Bay (Fig. 4.11b). In comparison

to gauges 12-14 where the peak arrival times of SUS landslide induced tsunamis

are slower, at gauge 15 the tsunami peak arrival times are almost the same for

each scenario (Fig. 4.13d). The maximum tsunami amplitudes may vary between

2 (scenario 5) and 5.5 m (scenario 3). Onshore, at gauge 16 the wave arrival is

recorded after 100 minutes of propagation. The maximum run-up of scenario 1 is

c.6 m, the tsunami run-up of scenarios 2 and 3 may reach up to 7-7.5 m, scenario

4 produces much smaller tsunami run-ups, with maximum run-up heights of c.4 m,

whereas scenario 5 does not inundate this location (Fig. 4.13e).

Gauges 17-37 record the free surface elevation at the Mullet peninsula and the

surrounding area (Fig. 4.11c). Gauges 17, 18 and 19 are among the first gauges

to record the tsunami waves offshore and onshore the peninsula (Fig. 4.14a-c).
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(a) Gauge 12 - Sligo Bay
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(c) Gauge 14 - Westport
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(d) Gauge 15 - Inishmore
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(e) Gauge 16 - Inishmore

Figure 4.13: The free surface elevation is captured by wave gauges 12-16 in the

broader area around the west Irish coastline (see also Fig. 4.11b). The results of

different scenarios are represented with different colours, scenario 1 (blue), sce-

nario 2 (orange), scenario 3 (yellow), scenario 4 (purple), scenario 5 (green) (see

also Table 4.4).

At the offshore gauge 17, the tsunami arrival times are approximately 50 minutes

after tsunami generation (Fig. 4.14a). The maximum tsunami amplitudes range

from c.19 m (resulting from scenarios 1 & 2) to c.8 m (resulting from scenario 5)

(Fig. 4.14a). Onshore, at gauge 18 the tsunamis arrive at similar times as at gauge

17, the run-up heights resulting from scenarios 2 and 3 are c.17 m (Fig. 4.14b).

Scenario 4 results in a maximum wave run-up of c.11 m and scenario 5 results in a

wave run-up of c.7 m (Fig. 4.14b). Some secondary waves are also observed with

reduced run-up heights. The tsunami inundation may reach 1 km inland (gauge

19); the tsunami run-ups reduce in magnitude, tsunami inundation by scenario 5

is negligible, the maximum tsunami run-ups of scenarios 1, 2, 3 and 4 may reach

up to approximately 13, 13, 12 and 10 m (Fig. 4.14c). A second tsunami crest is

also evident on the gauge plot, especially for scenarios 1, 2 & 3 (Fig. 4.14c). The

significant wave heights indicate that the tsunamis could propagate further inland

for at least a few hundred meters.
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(c) Gauge 19
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(d) Gauge 20 - Inishkea
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(e) Gauge 21 - Inishkea
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(f) Gauge 22 - Achill Island
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(g) Gauge 23
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(h) Gauge 24
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(i) Gauge 25
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(j) Gauge 26
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(k) Gauge 27
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(l) gauge 28
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(m) Gauge 29
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(n) Gauge 30 - Belmullet

Time (s)
4000 5000 6000 7000

F
re

e 
S

ur
fa

ce
 E

le
va

tio
n 

(m
)

10

10.5

11

11.5

(o) Gauge 31 - Belmullet
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(s) Gauge 35 - Inishbiggle
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(t) Gauge 36 - Inishbiggle
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(u) Gauge 37 - Inishbiggle

Figure 4.14: The free surface elevation is captured by wave gauges 16-37 close to

the Mullet peninsula and Belmullet (see also Fig. 4.11c). The results of different

scenarios are represented with different colours, scenario 1 (blue), scenario 2 (or-

ange), scenario 3 (yellow), scenario 4 (purple), scenario 5 (green) (see also Table

4.4).

Gauges 20 and 21 are located offshore and onshore the Inishkea islands, re-

spectively (Fig. 4.11c). The low spatial resolution allows only for the approximate

representation of the shape of the islands. The first tsunami waves arrive at gauge

20 approximately 50 minutes after generation, the tsunami amplitudes range be-

tween 7 to 17 m depending on the scenario (Fig. 4.14d). Secondary waves of

reduced amplitudes follow the first wave crests. Gauge 21 records the tsunami

inundation 1.5 km south from gauge 20, the wave peaks still result in significant

run-up with the maximum wave run-up heights being approximately 19 m (scenar-

ios 2 & 3) and the smallest c.14 and 10 m (scenarios 4 & 5) (Fig. 4.14e).

It is observed that the smaller waves (scenarios 4 & 5) arrive later than the

largest waves (scenarios 1, 2 & 3) at the gauge, a second and a third wave peak

are also observed for the larger scenarios, it is worth noting that the third wave is

larger than the second one. On the other hand, scenarios 4 and 5 only have a

second wave crest (Fig. 4.14e). Gauge 22 is located onshore the Achill Island,

only scenarios 1, 2 and 3 are capable of inundating this location, the waves arrive

approximately 60 minutes after tsunami generation, and result in maximum run-ups
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of 20-21 m (Fig. 4.14f).

Gauges 23-27 record the free surface elevation at the middle of the Mullet penin-

sula (Fig. 4.14g-k). The tsunami waves arrive at gauge 23 after 55 minutes of

tsunami propagation. The tsunami amplitudes of scenarios 1 and 2 are approxi-

mately 16.5 m, scenario 4 has a maximum tsunami amplitude of c.12 m and sce-

nario 5 of c.8 m (Fig. 4.14g). A second wave peak is also observed at the gauge.

Tsunami inundation is observed at gauge 24, the maximum tsunami run-up heights

of scenarios 1 and 2 are c.18 m, scenario 4 results in a maximum run-up height of

c.13 m and scenario 5 of c.9 m (Fig. 4.14g). A second wave is also recorded by the

gauge, the wave run-up of scenario 5 though is significantly reduced. A third wave

can be also observed for scenarios 1-3 approximately 110 minutes after tsunami

propagation, but the run-up is almost negligible (Fig. 4.14g). The tsunamis propa-

gate inland with maximum run-up heights ranging between 6 and 12 m (gauge 25,

Fig. 4.14i), the second wave crest is also evident for all the scenarios apart from

scenario 5.

A few kilometres southwards at gauge 26, tsunami inundation is also observed,

two wave crests inundate the area, the first crest has maximum run-up heights of 5-

10 m depending on the scenario (Fig. 4.14j.) It appears that the waves at this point

overtop the peninsula as gauge 27, which is located in the bay, records the free

surface elevation only a few moments after tsunami run-up is observed at gauges

23-26 (Fig. 4.14k). The maximum tsunami amplitudes range between 2.5-7.5 m

(Fig. 4.14k). The second wave crest at the gauge appears to be larger than the

first wave crest with maximum tsunami amplitudes ranging between 3-9 m. Similar

observations are also exhibited at gauge 28, which is also located inside the bay

(Fig. 4.14l). The second wave crest has a slightly bimodal shape and for some

of the scenarios (scenarios 4 and 5) it has larger maximum amplitudes than the

first wave crest. It is reasonable to assume that the second wave crest may be the

result of the waves overtopping the peninsula merging with the waves entering the

bay through the opening between the Mullet peninsula and the Achill Island (Fig.

4.11c). This hypothesis could be confirmed by looking at the snapshots of the sim-

ulations.

Close to the town of Belmullet, wave gauge 29 records the elevation of the free

surface approximately 60 minutes after tsunami generation (Fig. 4.14m). The first

wave crest is approximately 1-1.5 m (only c.0.3 m for scenario 5), much smaller

than the second (or third for scenarios 1-3) wave peak which ranges between 2-6.5

depending on the scenario (Fig. 4.14m). Tsunami inundation close to the town of

Belmullet is also followed by a much larger second wave crest that induces tsunami

run-ups ranging from 4 (scenario 4) to 7.4 m (scenarios 2 and 3), the crest has a

88



CHAPTER 4. NUMERICAL MODELLING

slightly bimodal shape (Fig. 4.14n). In fact, for scenario 4 only the second wave

crest inundates the area, scenario 5 does not reach the location of gauge 30. Ap-

proximately 1 km inland, at gauge 31, tsunami run-up is observed only for scenarios

1, 2 and 3 and is approximately 11 m (Fig. 4.14o).

At the offshore gauge 32, the first wave arrival is recorded after 66-71 minutes of

tsunami propagation, the maximum wave amplitudes range between 3-9 m depend-

ing on the scenario (Fig. 4.14p). The wave propagates inland, but only scenarios 1,

2 and 3 are capable of significant wave run-ups at gauge 33. The maximum wave

run-up is approximately 9.5 m (scenario 3) whereas the maximum run-up height

resulting from scenario 4 is almost 5 m (Fig. 4.14q). Scenarios 1, 2 and 3 are also

able of propagating inland towards gauge 34, the gauge records maximum tsunami

run-up heights of 11-12.5 m (Fig. 4.14r).

Finally, gauges 35-37 measure the free surface perturbations at the small island

of Inishbiggle (Fig. 4.11c & 4.14s-u). The tsunami waves arrive at the north part of

the island after 76 - 83 minutes after tsunami generation (Fig. 4.14s). The maxi-

mum tsunami amplitudes are approximately 2, 3.5, 6.6, 8 and 8 for scenarios 5, 4,

3, 2 and 1 respectively (Fig. 4.14s). The tsunamis inundate the island with maxi-

mum wave run-up heights ranging between 2 and 9 m depending on the scenario

(Fig. 4.14t). The tsunamis do not propagate much further inland and the tsunami

amplitudes at gauge 37, are probably the result of tsunamis surrounding the island

rather than overtopping it (Fig. 4.14u). The maximum tsunami amplitudes recorded

by gauge 37 range between c.1 and 4 m, a fact which indicates that the island pos-

sibly acts as a barrier that decreases tsunami amplification. Such phenomena are

likely to occur during tsunami propagation (Stefanakis et al., 2014).

The snapshots of the free surface elevation are also presented for scenario 2

(Fig. 4.15). The first tsunami wave crest and trough are generated between t = 50

s and t = 5 min (Fig. 4.15a-e). The tsunami amplitude is initially small (t = 50 s)

but increases in amplitude and wavelength with time (Fig. 4.15a-e). At t = 5 min,

the first wave peak is already propagating in a southeast direction towards the Irish

coastline (Fig. 4.15e). At t = 10 min, a second wave peak has been generated

with a smaller amplitude than the first crest (Fig. 4.15f). At the same time, the

first tsunami trough also starts propagating towards an opposite northwest direc-

tion (Fig. 4.15f). At t = 20 min, the tsunami waves moving towards Ireland reach

the eastern margin of the Rockall Trough (Fig. 4.15g). In the opposite direction, the

leading trough is followed by the second wave crest (Fig. 4.15g).

Tsunami propagation is clearly confined by the morphology of the seabed over

which the waves propagate (Fig. 4.15i). This phenomenon becomes particularly

evident at t = 45 min, when the landslide tsunamis have just reached the Irish con-
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(a) t = 50 s (b) t = 100 s (c) t = 150 s

(d) t = 3 min (e) t = 5 min (f) t = 10 min

(g) t = 20 min (h) t = 45 min (i) topography
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(j) t = 60 min (k) t = 60 min (l) t = 60 min

(m) t = 65 min (n) t = 65 min

(o) t = 70 min (p) t = 70 min
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(q) t = 75 min (r) t = 75 min

(s) t = 90 min (t) t = 90 min (u) t = 120 min

Figure 4.15: Snapshots of the free surface elevation at various timesteps, the land-

slide scenario exhibited is the scenario 2 (Table 4.4).
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tinental shelf where the water depth decreases sharply (Fig. 4.15h). The overall

form of the propagating waves exhibits a clear resemblance to the geomorpho-

logical shape of the Rockall Trough (Fig. 4.15i). At this point reflection of the

tsunami waves at the edge of the trough is also observed (Fig. 4.15h). The lead-

ing tsunami waves reflect on the much shallower continental shelf and trough and

tsunami crests of smaller amplitude are formed, propagating in a northwest oppo-

site direction, towards the generation region (Fig. 4.15h).

At t = 60 min, the tsunami waves have reached the Irish shoreline, the first

areas to be inundated are the Mullet peninsula, the Inishkea Islands and the Achill

Island, in county Mayo (Fig. 4.15j-l). At this time, the leading wave crest has already

inundated the northern part of the Mullet peninsula and the first wave trough has

also reached the location (Fig. 4.15k). Figure 4.15l shows the tsunami inundation

with a smaller colour scale to increase the intensity of the inundation, it can thus be

observed that the waves overtop the middle part of the peninsula. At t = 65 min,

the tsunamis enter the bay in two ways, the one is by overtoppping of the peninsula

and the other one is by the opening between the Mullet peninsula and the Achill

island (Fig. 4.15n).

At t = 70 min, merging of the two tsunami wave peaks is about to occur or it

has already partially occurred inside the bay (Fig. 4.15p). A wave trough is also

observed close to the point where the tsunami overtopping of the peninsula took

place. The Inishkea islands seem to act as barriers for the propagating waves, re-

ducing the tsunami amplification behind them (Fig. 4.15p). At t = 75 min reflection

of the waves on the north part of the peninsula, the Inishkea islands and the Achill

island is observed (Fig. 4.15r). The first wave peaks entering the bay have hit the

shoreline and merged with the tsunami amplitudes resulting from the overtopping

of the peninsula (Fig. 4.15r).

At t = 90 min, reflection waves can be observed on the Irish continental margin

and around the Mullet peninsula (Fig. 4.15s). Inside the bay, amplified tsunami

waves have reached the area around Belmullet, a wave trough has also entered

the bay at this stage (Fig. 4.15t). By t = 105 min, the tsunamis have reached fur-

ther locations of the west Irish shoreline, including the locations of gauges 12-16 at

Sligo, Westport and the Inishmore island (Fig. 4.13, 4.15u & 4.16). From the three

areas, the highest free surface elevations are recorded around Sligo (Fig. 4.16a).

At the final time of the simulation, t = 120 min, a tsunami wave trough has also

reached the Aran islands (Fig. 4.16d).
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(a) t = 105 min (b) t = 105 min

(c) t = 120 min (d) t = 120 min

Figure 4.16: Snapshots of the free surface elevation resulting from scenario 2, at t=

105 min and t =120 min, when the landslide tsunamis arrive at the areas of Sligo

and Westport (a &c), and the Inishmore island (b & d) (See also gauges at Fig.

4.13).

4.4 A note on dispersion

It is noted that as VOLNA is a NSWE solver, frequency dispersion of landslide

tsunamis is not accounted for. In some cases, the inherited numerical dispersion

of the codes has been used to imitate the physical dispersion. Burwell et al. (2007)

have found that particular choice of grid properties can be used to emulate physical

dispersion with a non-dispersive solver. The main reason is the diffusivity and

dispersivity of the numerical scheme under certain choice of parameters (Burwell

et al., 2007). VOLNA is also subject to numerical dispersion and dissipation that

may reduce tsunami amplitudes during propagation (chapter 3), but the extent of

this effect has not been fully studied and is left for future work. As a consequence,

the code is treated as a non-dispersive solver.

However, we offer a brief discussion on the significance or not of frequency

dispersion in tsunami propagation. Regarding earthquake tsunamis, modelling

with dispersive codes shows that dispersive effects can influence the shape of
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the waves in some cases (Glimsdal et al., 2006; Grilli et al., 2007). However,

the dispersive effects on earthquake tsunamis appear to be moderate and the

impact of frequency dispersion is more visible on landslide tsunami propagation

(Abadie et al., 2012; Glimsdal et al., 2013; Løvholt et al., 2008; Tappin et al., 2008).

Dispersive effects are enhanced by the shorter wave components of landslide

tsunamis and the frequently dipole shape of the source which leads to radial

spreading of the tsunamis during propagation (Okal and Synolakis, 2003, 2004;

Glimsdal et al., 2013).

Some studies indicate that dispersive effects can influence the form of the

wave train and the coastal run-up (Grilli et al., 2007; Tappin et al., 2008; Ma et al.,

2012; Kirby et al., 2013). Especially, in cases where transoceanic distances are

considered, such as the potential collapse from the La Palma island in Tenerife, the

effects of dispersion become significant in the far field propagation (Løvholt et al.,

2008; Abadie et al., 2012; Tehranirad et al., 2015). Løvholt et al. (2008) made a

comparison between dispersive, NSWE and Linear Shallow Water (LSW) models

for the La Palma case, they observed that the dispersive wave train develops in

the first 300 km and discrepancies between the dispersive and non-dispersive

solutions become evident from the first 450 s of tsunami propagation at a distance

of c.100 km from the source.

However, the higher computational costs of the weakly-dispersive and fully

dispersive solvers and other limitations can be prohibitive for their implementation

and there are still plenty of cases where the shallow water theory has been used

for the modelling of landslide tsunamis (Yavari-Ramshe and Ataie-Ashtiani, 2016).

Some studies indicate that SWE solvers can result in accurate predictions of

tsunami coastal run-ups (Lynett et al., 2003; Haugen et al., 2005; Løvholt et al.,

2005; Labbé et al., 2012; Harbitz et al., 2014a). This often depends on the distance

of tsunami propagation and the nature of failure.

The computations of the 1979 Nice tsunami, for example, have shown that a

NSWE code can give good estimations of the wave run-up in the near field (Labbé

et al., 2012). For the case of the PNG tsunami, a Boussinesq model has been

compared with a NSWE model for the tsunami simulations (Lynett et al., 2003).

The authors observed that whereas frequency dispersion has a leading role on

the wave form and wave arrival times, both models gave similar predictions of the

wave run-up and onshore inundation. They have noted that a larger error may have

occurred by large uncertainties in the tsunami generation dynamics rather than by

neglection of dispersion (Lynett et al., 2003).

Computations of landslide tsunamis at the Ormen Lange/Storegga area made

with a non-dispersive code show good correlation between the maximum free sur-
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face elevations, and the product of the landside volume with the initial acceleration,

or the product of the volume with the maximum velocity (Løvholt et al., 2005). On

the other hand, another case study in the same area shows that for a landslide of

smaller volume the dispersive effects are much larger. The results show a 25%

difference in the maximum surface elevation which decreases immediately after

the landslide has stopped (Haugen et al., 2005; Løvholt et al., 2005). Harbitz

et al. (2014a) have used MOST for landslide tsunami simulations in the near

field. The authors note that MOST can model intense wave breaking which can

in fact decrease possible overestimations of the wave run-up. The wave run-ups

computed by the solver, predicted accurately the run-ups of three historical events

(Harbitz et al., 2014a).

From the above, it can be assumed that SWE solvers can be used to predict

tsunami run-ups in the near field. The effect of dispersion, though, is also

influenced by main landslide characteristics such as the landslide acceleration and

velocity, and the landslide length (Haugen et al., 2005). Dispersion effects become

more important with increasing landslide acceleration and velocity. Albeit, the

disperive effects become less important when the length of the landslide increases

(Haugen et al., 2005). For large, strongly subcritical, landslides the dispersive

effects can become minor (Haugen et al., 2005). Such an example is the Storegga

slide where the slide characteristics may render the effect of dispersion insignificant

for distances much larger than 200 km away from the source (Bondevik et al.,

2005; Haugen et al., 2005; Glimsdal et al., 2013).

Given the variety of conclusions on dispersion, Glimsdal et al. (2013) have

introduced a dispersive parameter, τ , to assess the importance of dispersion on

the tsunami wave characteristics. The dispersive parameter can be used as a tool

for indication rather than an exact calculation. It is given by:

τ =
6z2oL

λ3
(4.6)

where zo is the equilibrium depth, L the distance from the source and λ the

wavelength.

For earthquake tsunamis, the source width (described as the width of the fault

when the point of observation is lateral to the fault) can be used to characterise

the importance of dispersive effects on the waves. For landslide tsunamis, the

landslide transformation during motion and uncertainties linked with the nature of

the failure, complicate the process. Thus, λ, in that case can be derived from the
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Figure 4.17: (a) The computational domain at t = 300 s, the white line indicates the

distance between the source region and the first point of inundation on the coast.

(b) Transect of the free surface elevation. (c) Transect of the bathymetry (black) and

the free surface elevation (blue).

newly generated wave as twice the distance between the first crest of the wave and

the point in the front of the wave where the elevation is at 10% of the crest’s height

(Glimsdal et al., 2013).

The strong influence of the source width/initial wavelength on the value of τ

and thus on the dispersion effects becomes clear from equation 4.6. Based on

observations from different cases, Glimsdal et al. (2013) have concluded that for

τ < 0.01, the effect of dispersion is small but it becomes non-negligible when τ is

greater than 0.1. For cases of very large subcritical flows, such as the Storegga

slide, it appears that the effect of dispersion can become insignificant (Glimsdal

et al. (2013) and references therein), and therefore non-dispersive codes have been

used to model the landslide induced tsunamis (Bondevik et al., 2005; Løvholt et al.,

2005).

The estimated volume of collapse in the RBSC for the most recent failure

episode is 400 km3, the width of the failure area in the slope region is approxi-

mately 70 − 80 km (Georgiopoulou et al., 2017). The collapse can be considered

of large dimensions and we thus attempt to provide a rough estimation of the dis-

persive parameter as described in equation 4.6. To do so, we take a transect from

the source region up to the first point of inundation in the Mullet peninsula (Fig.

4.17a ). This distance is approximately 350 km and the average depth between the

two points is found zo ≈ −2 km (Fig. 4.17b). Following (Glimsdal et al., 2013), we

consider scenario 2 at t = 300 s, for this case the wavelength is estimated λ ∼ 50

km (Fig. 4.17c). At a distance of L = 100 km from the source region, the dispersive

parameter becomes τ = 0.023 (for an average depth of −2.2 km) and for L = 350
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km, τ = 0.067. These values reveal the effect of dispersion in the beginning of the

wave generation is small and becomes moderate as the waves propagate towards

the shoreline.

Based on the above, we assume that the failure originating from the RBSC

could possibly be described with a non-dispersive code, especially at the initial

stages. However, to fully account for the significance of the dispersive effects on

the tsunami wave characteristics and the accuracy of the computations, the NSWE

solver should be compared with a dispersive code in future work.
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Chapter 5

Bayesian Calibration

5.1 Theoretical Background

The complexity of landslide induced tsunamis requires a large number of compu-

tations to account for an accurate hazard assessment in the coastal regions (Geist

et al., 2009). The results of the numerical simulations in the RBSC show the wide

range of the parameters affecting more or less significantly the submarine sliding

and landslide tsunami excitation. Computational experiments and real world appli-

cations are governed by different sources of uncertainty. Uncertainty quantification

can have a key role in the science of natural hazards, especially when it comes to

phenomena that exhibit random distributions. Accepting uncertainty and learning

how to live with it, is an initial step towards reducing vulnerability and building re-

silient communities (Berkes, 2007). Nonetheless, the need to reduce the level of

uncertainty in complex systems at the lowest degree possible is unquestionably a

matter of crucial importance.

Uncertainty is widely classified into two main categories: aleatory uncertainty,

also called irreducible, stochastic or statistical uncertainty, and epistemic un-

certainty, also known as structural uncertainty (see also discussion in Roy and

Oberkampf (2011)). It can be characterized purely aleatory, purely epistemic or

a mixture of the two. Both types can be present in real-life applications. Aleatory

uncertainty arises from the natural randomness in a process, which cannot be elim-

inated. Epistemic uncertainty, on the other hand, derives from insufficient knowl-

edge either caused by lack of data or by the lack of knowledge on the part of the

modeller or experimentalist. In contrast to aleatory uncertainty, epistemic uncer-

tainty can be reduced if adequate knowledge is added in the model. This may

derive, for example, as the result of advances in scientific knowledge, experimental

equipment and data acquisition.
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Figure 5.1: Propagation of input uncertainties through the model to obtain output

uncertainties. From: Roy & Oberkampf (2011).

In scientific computing, sources of uncertainty can be attributed to the input

model parameters, numerical approximation errors or the system of the equations

that are used in the model (Roy and Oberkampf, 2011). To propagate the uncertain

input space through the uncertain output space, several factors may be considered

(Fig. 5.1). Kennedy and O’Hagan (2001) have indicated 6 different sources of

uncertainty linked with computational experiments: 1) parameter uncertainty, 2)

model inadequacy, 3) residual variability, 4) parametric variability, 5) observation

error and 6) code uncertainty. These types are briefly discussed here, a more

elaborate description and various examples exist in Kennedy and O’Hagan (2001).

Parameter uncertainty is linked with the input parameters in the numerical

experiments. These parameters exist in the physical system but their exact values,

required to perform the experiments, are unknown. Reasons that the values of

some parameters may have not been determined experimentally could be, for

example, the lack of data or adequate equipment. Model inadequacy is linked with

the capacity of the numerical code to model the physics of a system. Numerical

codes form approximations of the real system and in many cases simplifications

of the complex physics are made to model a phenomenon. These simplifications

can lead to discrepancies between the model outputs and the real process even in

cases where parameter uncertainty is negligible; these discrepancies are known

as model inadequacy or model bias.

Residual variability can derive from variability in the physical process. In the

case of a stochastic process, for example, the same input variables may result

in different outputs each time. Unrecognised conditions of the physical system,

which if known could be incorporated in the modelling and lead to error reduction,

are also categorised as part of residual variability instead of model inadequacy.

Parametric variability, on the other hand, is linked with variability in the input

variables of the model and their effect on the output of the process.

Observation errors refer to errors in the measurements of the experiments or

in the actual observations of the real process. These errors can often be inevitable
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and thus should be accounted for. Finally, code uncertainty relates to the lack

of knowledge of the numerical outputs before we actually proceed with the run.

Although, the numerical process may be known, it is often difficult to estimate the

exact outputs that will derive from particular inputs before we actually perform the

experiment or to achieve the desired outcome without trial and error. This source

of uncertainty can be of importance in cases where large numbers of simulations

are impractical.

Uncertainty quantification aims to account for these uncertainties through the

implementation of various statistical techniques, such as the calibration of the

input parameters. Other nonexclusive statistical methodologies used, are the

experimental design, interpolation/emulation, uncertainty and sensitivity analysis,

and prediction of the process (Higdon et al., 2004). In numerical modelling, the

issue of assigning the appropriate parameter values to model a physical process

forms a common challenge. Statistical calibration can reduce the uncertainty in

the input parameters by confronting model outputs to observations (Kennedy and

O’Hagan, 2001).

In particular, Bayesian calibration allows the acknowledgement of all sources of

uncertainty (typically model inadequacies, observation errors) and enables experts

to encapsulate current knowledge in prior distributions of the parameters. Posterior

distributions of the input parameters are then obtained in the Bayesian paradigm.

The inference of the parameters’ posterior distributions is carried out by balancing

prior information, reflecting the current knowledge, against the information from

the observations. The statistical approach introduced by Kennedy and O’Hagan

(2001), is the mainstream method used to perform a Bayesian calibration of a

deterministic code, which we follow here.

In this study the Bayesian calibration focuses exclusively on the landslide

modelling. The posterior distributions reveal information for the optimal values of

the input parameters that can be used in the modelling. The aim is to gain insight

that can eventually lead to a match between the results of the simulations and the

landslide features identified on the seabed of the Rockall Trough. The calibration

also allows for the estimation of a small systematic bias and a fast statistical

emulation of the system. The whole process is described as follows.

Let us denote the true physical system, ζ(x), with x the observable inputs.

The input parameters can be subdivided into two groups: the inputs x whose

values are observed (e.g. location, conditions) and thus known, and the calibration

parameters θ whose values are unobserved, and thus unknown (typically numerical

constants required for the simulations, such as initial conditions and parameters

of physical processes). To accurately simulate the physical system in the future,
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we must first estimate the optimal values of the unknown calibration parameters.

As for each numerical experiment both parameter groups have to be specified,

the observable inputs are assigned values of x = (x1, ..., xm) and the calibration

parameters are assigned values of t = (t1, ..., tm) where x and t are known, and m

stands for the total number of the numerical computations. The computed output

from the simulations can then be written as a function of the input variables and

the calibration parameters:

Y C
i = η (xi, ti) + eη, (5.1)

where Y C
i is the output of the code and η(xi, ti) the expected output (these

would be equal if the results were not subject to intrinsic numerical error, eη,

typically small). For an appropriate choice of t = θ the numerical output η(xi, θ)

would be the best numerical representation of the physical process, but can still be

different from it due to a discrepancy caused by the lack of physical representation

in the model or a low resolution for instance. The relationship between the

observations of the physical system in the field Y F
i and the model outputs η(xi, ti)

can be expressed as:

Y F
i = ζ(xi) + ei = η(xi, θ) + δ(xi) + ei, (5.2)

where ei is the observation error at the ithobservation and δ(xi) denotes the

bias, or model inadequacy function, meaning the discrepancy between the optimal

value of the physical process and the computer output when the inputs are assigned

optimal values. Note that, due to the bias, the deterministic code can never truly

reproduce the physical system, even if the best values of the parameters were used

for the simulations. Accounting for model inadequacy is, thus, of critical importance

as it helps avoiding a possible overestimation or underestimation of the calibration

parameters when the statistical model tries to unreasonably fit the results of the

computations with the observations. To perform the calibration, prior information

for the calibration parameters is required. It is derived from previous field experi-

ments, general scientific knowledge or numerical simulations, and represented in

the form of prior distributions on these parameters.
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For two vectors x and t which belong to a computational design DM , the simu-

lator output at the design points is defined as η(x, t). If x ∈ Rp and t ∈ Rl, then the

function η(., .) maps R(p+l) to R. The output of the code is unknown for inputs that

differ from the specified design points and therefore, has to be approximated. To

do so, we assume that the unknown function is a Gaussian Process (GP), and its

outputs are realized as such. The random function is certain at the design points

and uncertain at other points.

GP models are often used in statistical sciences for their convenience, flexibility

and broad generality (Higdon et al., 2004). To specify a GP prior model for η(x, t),

a mean function µ(x, t) and a covariance function Cov ((x, t), (x′, t′)) are required.

We choose the commonly used product exponential covariance function. It is given

by a product of individual terms, per parameter, of the form exp (−γk|xk − x′k|
α)

for k = 1, · · · , p, and exp (−γk|tk − t′k|
α) for k = p + 1, · · · , p + l. The γ’s act as

correlation lengths parameters since they characterize the strength of the relation-

ship between outputs with respect to the proximity between inputs. The covariance

function is reparameterised for computational convenience in the following form:

Cov
(
η (x, t) , η

(
x′, t′

))
=

1

λη

p∏
k=1

(
ρηk
)2|xk−x′k|α × l∏

k=1

(
ρηp+k

)2|tk−t′k|α
, (5.3)

with

ρηk = exp
(
−βηk/4

)
,

where the (p + l)-vector ρη controls the strength of the dependence in each of

the component directions of x and t; λη and βη are the precision and correlation

hyperparameters of η(., .), and α controls the smoothness of η(., .). For a smooth

representation of the results we use α = 2; smaller values of α result in rougher

representations, and might be beneficial in some cases (combination of analysis

and experience in other settings (Guillas et al., 2014) did not show any benefit

here).

A GP model is also specified for the discrepancy term δ(xi). The covariance

function is given as:

Cov(δ(x), δ(x′)) = 1/λδ

p∏
k=1

(
ρδk

)2|xk−x′k|α
, (5.4)

where the correlation function is given by:
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ρδk = exp(−βδk/4),

and λδ and βδ are the precision and correlation hyperparameters for δ(.).

The observation error ei and the numerical error eη are modelled as indepen-

dent normal distributions: ei ∼ N(0, 1/λe) and eη ∼ N(0, 1/λeη), where λe and λeη
are the respective precision hyperparameters for ei and eη. Finally, the likelihood

for a n+m- joint vector with values Y F = (x1, θ), ..., (xn, θ) for its first n components

and Y C = (x1, t1), ..., (xm, tm) for its final m components is given by a multivariate

normal distribution:

(
Y F

Y C

)
= MVN(0,Σy), (5.5)

Σy = Ση +

(
Σδ 0

0 0

)
+

(
Σe 0

0 Σeη

)
, (5.6)

where Ση is the product exponential correlation matrix for η(x, t) from 5.3, Σδ is

the product exponential correlation matrix for δ(xi), similarly derived from 5.4, and

Σe,Σeη are the independent normal noises for the observation and the numerical

errors. In this study, we explore different sets of n field observations of the land-

slide extent and we compute m = 100 numerical experiments. We also explore

the sample paths and posterior distributions for different numbers of chains, MCMC

iterations and selection processes.

A mean function of µ = 0 is employed as preliminary analyses showed no ben-

efits in using more advanced functions (Guillas et al., 2014). To standardize the

entire set of the responses, the variability in the simulator (1/λη) is set to 1. The

design space for the observable inputs is scaled to [0, 1]p, and the design space for

the calibration parameters is scaled to [0, 1]l. To complete the Bayesian formula-

tion, independent prior distributions π(.) are specified for each of the parameters of

eq. 5.3, for η(., .) and similarly for δ(.) (5.4). A Markov chain Monte Carlo (MCMC)

method can then be employed to explore the posterior distributions and estimate

the calibration parameters. The model makes use of the Metropolis-Hastings algo-

rithm which generates a sequence of samples (Chib and Greenberg, 1995).

In order to obtain the posterior distributions, prior assumptions for the distribu-

tion of the parameters are required. For the calibration parameters θ we define a
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prior parameter range, based on the literature and past numerical simulations, and

perform Latin Hypercube Sampling (LHS) to select the values for the numerical

experiments. LHS can be considered as a popular technique for statistical appli-

cations (Morris, 1991). Sampling techniques such as Monte Carlo and LHS can

be used to propagate the input uncertainties through the mathematical model and

obtain the output uncertainties.

In comparison to other experimental designs, the space-filling properties of LHS

allow for more uniform sampling of the parameters with a smaller number of sam-

ples. In addition, the smaller sample numbers do not diminish the accuracy of the

random distribution. Experiments have exhibited that for a smaller amount of sam-

ples, LHS can result in a better precision than random sampling (Iman and Helton,

1988; Cheng and Druzdzel, 2000). Dunn et al. (2011), note that the use of LHS

design greatly reduces the amount of samples required by the conventional Monte

Carlo methods.

We specify the prior distributions of the correlation and precision hyperparam-

eters following an approach similar to the one described in Guillas et al. (2014).

The prior distributions of the correlation hyperparameters βηk and βδk are selected

so that the expected values of the corresponding correlations (ρη and ρδ) are lower

than 1 (resulting in an insignificant effect). The precision hyperparameters λη, λδ, λe
and λeη are assigned Gamma prior distributions of λη ∼ Gamma(10, 10) (as the set

of the responses is standardized λη approximates 1), λδ ∼ Gamma(10, 0.3), λe ∼
Gamma(10, 0.03), and λeη ∼ Gamma(10, 0.001) meaning that the standard deviation

is expected to be 3%, 0.3% and 0.01% of the standardized responses. Note that

very recent papers have mentioned the challenges and issues in this Bayesian cal-

ibration set-up, with possible generic solutions (Tuo and Wu, 2015; Plumlee, 2016).

Based on the prior information and the MCMC implementation, posterior distri-

butions are sampled numerically for all the calibration parameters. The posterior

distributions will be used as a tool to reach conclusions for the optimal values of

the parameters and quantify their uncertainties. The posterior realizations of the

parameters, characterising empirically the distributions, will be utilised in the next

step, which is to propagate these uncertainties to characterize uncertainties in the

resulting tsunami wave amplitudes through the use of a statistical surrogate of the

tsunami model (chapter 6).

The methodology of the work can be summed up in a few key stages, which

are presented in the form of an indicative graph (Fig. 5.2). The initial step of the

process lies on assigning the ranges of the calibration parameters used in the nu-

merical experiments, and use the LHS design to select the values within those

ranges. The next step of the process is the landslide modelling for which VolcFlow
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Figure 5.2: Graph illustration of the key stages of the work as described in chapters

5 & 6.

is used (Kelfoun and Druitt, 2005). The process can then be further subdivided

into two stages. On one hand, the results of the landslide simulations along with

the observations of the physical system are utilised to do the statistical calibration

of the parameters. On the other hand, the results of the landslide simulations are

used to do the one-way coupling of the code with VOLNA (Dutykh et al., 2011).

The results of the landslide and tsunami simulations are then used to build the sta-

tistical emulator. After its construction the emulator utilises the optimal parameter

values, resulting from the Bayesian calibration, in order to make predictions of the

maximum tsunami wave heights in specified locations.

5.2 The calibration parameters

First, we allocate prior distributions regarding the unknown input parameters θ, as

a necessary step for the calibration. In addition, as the emulator cannot extrapolate

from the prior parameter space, the assignment of the prior distributions is a critical
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step for the process. In this study, we select six calibration parameters to vary,

one is geomorphological and the other five rheological. As measurement data for

the rheological parameters are not available, the selection of the input ranges was

mostly based on the literature (see also Table 2.1) and the results of numerical

experiments (chapter 4). The selected prior distributions for each of the calibration

parameters are presented in Table 5.1; the rationale behind this parameter range

selection is described in this section.

From a geomorphological perspective, the maximum thickness of the landslide,

hmax, at t = 0 s considers the headwall scarp height and the thickness of the slide to

be the same. Consequently, this has an impact on the volume, V , of the landslide.

The rheological parameters are: the yield strength of the landslide, T0, the basal

friction angle, φbed, the dynamic viscosity, µ, and the apparent density, ρ. Finally,

we vary the coefficient of turbulence, ξ, which represents the hydrodynamic drag.

Table 5.1: Input parameter ranges

Par. hmax (m) T0 (Pa) φbed(o) µ (Pa.s) ρ (kg/m3) ξ

Range 60-120 100-5,000 0-0.5 10-300 800-1300 0.01-0.08

The thickness range derives from measurements of the scarp heights on the

slope region. The lower slope region is dominated by smaller scarp heights ranging

between 60 and 120 m (Georgiopoulou et al., 2013). The scarp height distribution

of each event comes in contrast with the attributed volume distribution, which possi-

bly indicates that the landslide was of an erosive nature and had embodied a large

amount of the basal sediments during motion. As such complex flow behaviour

cannot be easily captured numerically, in our simulations we model the initial vol-

ume of the landslide to represent the estimated volume of the event. As described

in section 4, we simulate a Gaussian landslide with a fixed spatial extent. A range

of hmax = 60-120 m is selected for the maximum thickness of the landslide corre-

sponding respectively to a volume range of V = 198-396 km3 (following eq. 4.5).

The yield strength of large-scale muddy debris flows in the submarine domain

may vary between 4,000 and 15,000 Pa (De Blasio et al., 2004b). Numerical sim-

ulations of clay and silt-rich landslides have used a yield strength varying between

10,000 and 25,000 Pa (Marr et al., 2002). Elverhøi et al. (2010) have provided

numerical simulations of the less cohesive (low clay sediment content) ’29 Grand

Banks landslide with yield strengths of 3,000 Pa. The best-fit solution in the sim-

ulations of the BIG ’95 debris flow results from a flow with yield strength of 800

Pa, possibly due to the effect of hydroplaning or entrapment of mobile materials

under the flow (Lastras et al., 2005). The up-to-now numerical simulations show
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that small yield strengths are required for the simulated flow to reach the observed

run-out distance (chapter 4). A range of 100 - 10,000 Pa was initially selected for

the yield strength of the landslide. After the first batch of numerical experiments,

the range of the yield strength was further reduced to 100 - 5,000 Pa in an attempt

to optimise the results of the simulations by generating deposits that were in agree-

ment with the observed deposits and decrease the computational time.

Common values of basal friction angles of underwater landslides may range

from 0◦ to 5 - 7◦ (for purely frictional models) (Kelfoun et al., 2010). Results of the

numerical simulations in the RBSC show that when the coefficient of turbulence

is negligible, the best fit values for the approximation of the run-out distance vary

from 0◦ (for a Bingham fluid behaviour) to approximately 1.3◦ (for less cohesive

landslides) (chapter 4); apart from the yield strength the values of the other param-

eters do not affect as significantly the flow run-out. A range of 0 - 1◦ was initially

selected for the basal friction. The range was further reduced to φbed =0.0 - 0.5◦ for

similar reasons as in the case of the yield strength.

Numerical simulations of submarine flows indicate that when the landslide ma-

terial is characterised by high yield strength, the effect of the dynamic viscosity

on the velocity and run-out distance of the landslide during the post-failure stage

is negligible (Elverhøi et al., 2002; Locat and Lee, 2005). Dynamic viscosity may

have a more significant effect on the velocity and the run-out length when the yield

strength is low. De Blasio et al. (2004b) give a range of dynamic viscosity µ =100

- 1000 Pa.s for large scale landslide deposits with run-out lengths ranging from 10

to 200 km. Common values used in the numerical simulations of visco-plastic sub-

marine flows do not exceed the value of 300 Pa.s and normally range from 30 to

300 Pa.s for the simulation of clay and silt-rich sediments (Vanneste et al., 2010;

Elverhøi et al., 2002; Marr et al., 2002). Considering that the sediment composition

in the RBSC is a mixture of clay, silt and sand material Georgiopoulou et al. (2017)

a range of 10 - 300 Pa.s was selected for the dynamic viscosity.

Iverson (1997) notes that the recorded bulk densities of debris flows rarely fall

outside a range of 1,800 - 2,300 kg/m3. To account for a submerged landslide we

use the apparent density of the mixture: ρ = (ρls − ρw), where ρls is the bulk land-

slide density and ρw is the water density (see also Kelfoun et al. (2010); Elverhøi

et al. (2000)). For the numerical simulations, we use a reduced density, ρ, for the

landslide mass where ρls ranges between 1,800 and 2,300 kg/m3 and ρw = 1000

kg/m3.

As already discussed, a turbulence term leads to reduced maximum velocities

and landslide acceleration and can be of great use in the simulations with VolcFlow

where the effect of the water drag is not incorporated. The appropriate value of
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Figure 5.3: (a) Computed maximum velocities for ξ=0.001, 0.0025, 0.02, 0.05, 0.07

and 0.1 and varying yield strength and basal friction (µ=10 Pa.s and ρ = 1200

kg/m3).(b-d) 2-D projections of the design points of the parameter values from the

LHS design(see also Appendix A: Table A.1) . The colour scale represents individ-

ual index of the scenarios (from 1 to 100 scenarios).

this coefficient is not known with certainty and the range cannot be easily defined.

Some sensitivity analysis tests were implemented to select a range for the turbu-

lence coefficient (Fig. 5.3a). A range of ξ =0.01 - 0.08 is selected that roughly

corresponds to maximum flow velocities of 30 - 80 m/s.

In this study we present the results of 100 numerical experiments computed ini-

tially with VolcFlow to simulate the slide and then coupled with VOLNA to model the

generated tsunami in section 5.3. To select the input parameters of each scenario

the LHS design was used. As noted in 5.1, the advantage of the LHS is that it

requires a small number of samples to explore the input space efficiently, contrarily

to grids for instance. In this case we are using the “maximin” LHS design to select

the input parameter values. This space-filling technique maximizes the minimum

distance between the points to optimize sampling (Fig. 5.3b, 5.3c & 5.3d).
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5.3 Simulation results and calibration

For the landslide modelling, we make use of a DEM with dimensions of 200 km x

250 km and spatial resolution ∆x = 320 m, ∆y = 500 m. The landslide simulations

have a final time of Tfin = 5 hours, with a stopping criterion when the maximum

velocity falls beneath the rate of 4 m/s. Below that threshold the toe of the landslide

stops advancing and as the velocity decays, motion is constrained in the internal

part of the flow. To simulate 5 hours of landslide motion a timestep that may vary

(∆t = 2.5 - 5 s) to ensure numerical stability is initially used and the results are

saved for every 5 s. These simulations are used in the calibration against observa-

tions of the landslide deposits.

The results of the landslide simulations show that there exists a large variability

across the computed run-out lengths of each landslide scenario (Fig. 5.4). It is ob-

served that a few of the computed run-out lengths fall in agreement with the length

of the deposits observed on the seabed of the Rockall Trough (e.g. scenarios 45,

51, 68, Fig.5.4a, Table 5.2). The southern limit of the deposits is also well repre-

sented. The vast majority of the simulations fail to represent the northern limit of the

observed deposits. The simulated deposits that exhibit a substantial run-out length

spread much further than the limits of the observed deposition, towards a north-

east direction, without exceeding, though, the depositional limits of older episodes

of collapse (Fig. 5.4a).

Table 5.2: Parameters of a few best-fit scenarios

Scenario hmax (m) T0 (Pa) φbed(o) µ (Pa.s) ρ (kg/m3) ξ

45 93 794 0.12 133 1069 0.067

51 111 539 0.21 52 1081 0.012

68 95 170 0.26 219 1142 0.039

For the Bayesian calibration, in addition to the selected values ti of the calibra-

tion parameters, the input and output variables xi, Y C
i , Y

F
i have to be supplied in

the model as described in equations 5.1 & 5.2. To do so, we consider the length

of the depositional lobes. A set of three points on the grid, representing the true

extent of the field deposits was initially used (Fig. 5.4b & 5.4c). From those points

we take three lines of extent parallel to the bisector of the deposits. The distance

of those points from three fixed points, xi, that fall on the perpendicular with the

bisector line on the slope region, represents the response observed in the field,

Y F
i . The distance of the simulated deposits along the same lines of extent corre-

sponds to Y C
i . We note that the results of the model may be sensitive to a different
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Figure 5.4: (a) Extent of the deposits of the numerical simulations with VolcFlow

(blue lines) with respect to the observations of the deposits on the bathymetric data

from INSS (black line). The simulated deposits of some of the best fitting scenarios

in terms of run-out length are depicted (scenarios 45, 51 and 68, see also Table 2).

(b) Three lines are considered (indicated with red colour) parallel to the line between

the centre of the landslide and the extent of the deposits. The kilometric distance of

the simulated deposits is measured along these lines. (c) The kilometric distance of

the simulated deposits from the points in the slope region. The blue circles indicate

the observations: the distance of the deposits observed in the field from the points

in the slope region.

selection strategy, or different priors for the parameters (here chosen uniform over

the selected intervals since there is little scientific evidence that such parameters

ought to take particular values within these intervals in the first place). To obtain

the posterior distributions of the parameter space we have specified 2,500 MCMC

iterations, establishing an initial burn-in period of 1,000 iterations.

Figure 5.5 shows the sample paths for three chains, with the MCMC iterations,

for each of the six calibration parameters. Convergence of the chains is observed

mostly for two of the calibration parameters: the yield strength and the basal friction.

The ranges of the chains appear to be constrained within the lower boundaries of

the parameter intervals. Convergence on the largest values of the landslide thick-

ness can be also observed after the 2,000 MCMC iterations, although the signal

does not appear very strong (Fig. 5.5f). For the rest of the parameters, conver-

gence of the chains is not observed with visual inspection, even when using more

chains (10 chains) or running the chains for more iterations (5,000 MCMC itera-

tions). The resulting posterior distributions (represented in Figure 5.6, in the form

of histograms) allow us to deduce the optimal ranges of the calibration parameters.

The posterior distribution of the landslide thickness exhibits an almost uniform
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Figure 5.5: Sample paths of the calibration parameters for 3 chains and 2,500

MCMC iterations. The sample paths of the yield strength (a), the basal friction (b),

the turbulence coefficient (c), the dynamic viscosity (d), the apparent density (e)

and the landslide thickness (f) are displayed.

pattern in the lower values of the interval with an apparent concentration towards

the upper boundary (Fig. 5.6a). The shape of the histogram can lead to the con-

clusion that the optimal values for the thickness range from 90 to 120 m. The his-

tograms of the yield strength, T0, and the basal friction, φbed, are positively skewed,

with values located in the lower part of the intervals. The posterior distribution of
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Figure 5.6: The posterior distributions of the calibration parameters, deriving from

Fig. 5.5. The posterior distributions of the yield strength (a), the basal friction (b),

the turbulence coefficient (c), the dynamic viscosity (d), the apparent density (e)

and the landslide thickness (f) are displayed.

the yield strength shows that the optimal values are lower than 2,000 Pa and vary

around the value of 1,000 Pa (Fig. 5.6b). Values between 2,000-5,000 Pa do not

appear to be optimal for obtaining run-out lengths that match with the observations.

Similar conclusions can be drawn from the posterior distribution of the basal fric-

tion. The optimal values seem to vary within an interval of 0 - 0.2◦ and it appears
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Figure 5.7: The posterior distributions of the precision hyperparameters λe & λeη .
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Figure 5.8: (a) The posterior distributions of the precision hyperparameters λη. (b)

The prediction of the real process. The blue circles represent the observations of

the landslide’s depositional extent on the seabed. The red line denotes the predic-

tion of the landslide simulator. The prediction of the simulator, with the estimated

bias added is in green. Credible intervals of 95% are indicated with black dashed

lines.

that values above 0.3◦ should not be considered as optimal input in the simulations

(Fig. 5.6c). From the posterior distributions of the turbulence coefficient, ξ, and the

dynamic viscosity, µ, optimal value ranges cannot be drawn with certainty. Indeed,

the distributions of the variables exhibit a relatively uniform pattern (Fig. 5.6d; 5.6e).

Finally, the apparent density histogram, ρ, appears also to have a relatively uniform

distribution, albeit with a tendency towards the second half of the interval (Fig. 5.6).
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Information regarding the numerical and observation errors can also be de-

duced from figures 5.7a & 5.7b. It can be deduced that the numerical error (1�λeη)

is an order of magnitude smaller than the observation error ( 1�λe). They are both

smaller than unity, hence their impact on the calibration results should not be large.

Following the calibration, the prediction of the real process, ζ(xi) = η(xi, θ) +

δ(xi), is produced and presented in Figure 5.8. The predictions deriving from the

emulation of the model are denoted with a red colour, the predictions including the

estimated bias are also displayed (green colour). Furthermore, 95% credible inter-

vals are plotted as black dashed lines. They capture the overall uncertainty arising

from the uncertainties in the inputs of the simulations and the various uncertainties

in the fit of the emulator.

The credible intervals of the predictions are rather wide around the observation

point. The unbiased prediction of the process, which is the sum of the best fit of

the model for the optimal values of the input parameter and the bias, appears to

interpolate the observations as well. Note that there is no clear improvement due

to the addition of the bias here, thereby pointing to the lack of information that could

potentially yield a well estimated discrepancy: the inclusion of more depositional

extents may not help here actually since these are not informative enough due to

an underlying lack of physical conditions and rather large observation errors.

As we actually infer a joint multivariate distribution of the input parameters (in 6

dimensions), we now inspect lower dimensional projections of some combinations

of inputs. The density plot of the yield strength against itself is first represented,

as expected the plot exhibits a linear relationship with density of points accumu-

lating between 500 - 1700 Pa (Fig. 5.9a). The density plot of the basal friction

is presented as a function of two other calibration parameters: yield strength and

landslide thickness (Fig. 5.9b & 5.9c). There is an inversely proportional relation-

ship between the basal friction and the yield strength in comparison to the rest of

the parameters.

It appears that to simulate the observed length of the landslide deposits, the

yield strength must decrease when the basal friction increases and vice versa. In-

deed, this physically makes sense as the two parameters influence the resulting

landslide extent in a similar way. Regarding the thickness of the landslide, the den-

sity of the plot accumulates mostly in the higher boundary of the thickness interval

and particularly in values between 110-120 m. The remaining calibration parame-

ters (turbulence coefficient, ξ, dynamic viscosity, µ and apparent density, ρ) seem

to form a fairly uniform distribution with φbed.

The density plots of the apparent density against the dynamic viscosity and the

landslide thickness are also presented (Fig. 5.9d & 5.9e). The plots reveal a density
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(a) (b) (c)

(d) (e) (f)

Figure 5.9: Density plots of the calibration parameters with respect to each other.(a)

yield strength plotted against yield strength, (b) basal friction against yield strength,

(c) basal friction against landslide thickness, (d) apparent density against dynamic

viscosity, (e) apparent density against landslide thickness, (f) turbulence coefficient

against yield strength .

of points for apparent density larger than 1,000 kg/m3 for both cases, although this

becomes more evident in Fig. 5.9e mainly as an impact of the hmax which is also

more constrained. On the contrary, when affected by the distribution of dynamic

viscosity, the density of points appears more uniform (Fig. 5.9d). The density plot

of the turbulence coefficient as a function of the yield strength also exhibits a more

uniform pattern, mainly constrained within the optimal region of the latter (Fig. 5.9f).
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5.4 Additional Tests

To validate the results, a calibration study for a larger number of iterations (5,000

MCMC) and one for more chains (10 chains) are performed. Figures 5.10 and 5.11

represent the chains and the resulting distributions after 5,000 MCMC iterations.

The results for the 10 chains are displayed in figures 5.12 and 5.13. The calibra-

tion for each case yields posterior distributions with a fairly similar pattern for each

parameter. After 5,000 iterations the distribution of the landslide thickness exhibits

a clear skewness towards the upper part of the interval (Fig. 5.11f). Values for the

apparent density also seem to concentrate between 1,000 and 1,200 (kg/m3) (Fig.

5.11e). However, there are no major discrepancies between the cases of 5,000

and 2,500 iterations or between the use of 3 or 10 chains. Hence, as no large gain

is observed and with the aim to increase the speed of the calibration process, we

refer to results obtained with 3 chains and after 2,500 MCMC iterations.

To evaluate the effect of adding more points to the observations, the same case

was tested with n = 9 observation points. The observation points refer to the 2D

extent of the deposits from nine (this time) fixed points on the slope region. The

lines of extent are again parallel to each other and to the bisector of the landslide

deposits (Fig. 5.14a). The results of the simulations are plotted against the obser-

vation points, the strong variability of the landslide simulation results is exhibited in

Figure 5.14b. The calibration is performed for 3 chains and 2,500 MCMC iterations,

having an initial burn-in period of 1,000 iterations (Fig. 5.15). Convergence of the

chains is again observed for the yield strength (Fig. 5.15a), the basal friction (Fig.

5.15b) but it also becomes more evident for the apparent density (Fig. 5.15e) and

the landslide thickness (Fig. 5.15f). The posterior distributions of each calibration

parameter are deduced as a result (Fig. 5.16).

The posterior distribution of the yield strength shows that the optimal values

are further constrained in comparison to the case where 3 observation points were

used (Fig. 5.6a & 5.16a). In more detail, the distribution of the yield strength is now

more limited towards the lowest part of the interval and the optimal values have to

be lower than 1,000 Pa. A more significant difference is observed on the posterior

distribution of the basal friction (Fig. 5.6b & 5.16b). This time the histogram appears

to be slightly shifted towards the left, yielding optimal values that range around 0.2◦.

In comparison to the case where 3 points were used, values of φbed ≤ 0.1◦ do not

appear as optimal for the results. For the case examined, the results are of the

same order of magnitude with the slope gradient measured from head-to-toe of the

landslide (c. 0.8◦ given a water depth of 1.6 km and a depositional distance of 114

km).
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Figure 5.10: The sample paths of the calibration parameters for 5,000 MCMC iter-

ations and 3 chains. The sample paths of the yield strength (a), the basal friction

(b), the turbulence coefficient (c), the dynamic viscosity (d), the apparent density

(e) and the landslide thickness (f) are displayed.
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Figure 5.11: The posterior distributions of the calibration parameters deriving from

Fig. 5.10. The posterior distributions of the yield strength (a), the basal friction (b),

the turbulence coefficient (c), the dynamic viscosity (d), the apparent density (e)

and the landslide thickness (f) are displayed.
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Figure 5.12: Sample paths of the calibration parameters for 10 chains and 2,500

MCMC iterations. The sample paths of the yield strength (a), the basal friction (b),

the turbulence coefficient (c), the dynamic viscosity (d), the apparent density (e)

and the landslide thickness (f) are displayed.
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Figure 5.13: The posterior distributions of the calibration parameters deriving from

Fig. 5.12. The posterior distributions of the yield strength (a), the basal friction (b),

the turbulence coefficient (c), the dynamic viscosity (d), the apparent density (e)

and the landslide thickness (f) are displayed.
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Figure 5.14: (a) Nine lines are considered (indicated with red colour) parallel to

the line between the centre of the landslide and the extent of the deposits. The

kilometric distance of the simulated deposits is measured along these lines. (c)

The kilometric distance of the simulated deposits from the points in the slope region.

The blue circles indicate the observations: the distance of the deposits observed in

the field from the points in the slope region. The red crosses indicate the results of

the simulations.
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Figure 5.15: Sample paths of the calibration parameters for 9 fixed points, 2,500

MCMC iterations and 3 chains are considered. The sample paths of the yield

strength (a), the basal friction (b), the turbulence coefficient (c), the dynamic vis-

cosity (d), the apparent density (e) and the landslide thickness (f) are displayed.
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Figure 5.16: The posterior distributions of the calibration parameters, deriving from

Fig. 5.15. The posterior distributions of the yield strength (a), the basal friction (b),

the turbulence coefficient (c), the dynamic viscosity (d), the apparent density (e)

and the landslide thickness (f) are displayed.
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Figure 5.17: The posterior distributions of the precision hyperparameters λe & λeη .
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Figure 5.18: (a) The posterior distribution of the precision hyperparameter λη. (b)

The prediction of the real process. The red circles represent the observations of the

landslide’s depositional extent on the seabed. The blue line denotes the prediction

of the landslide model. The prediction of the simulator, with the estimated bias

added is displayed with green colour. Credible intervals of 95% are indicated with

red dashed lines.
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The posterior distributions of the turbulence coefficient (Fig. 5.16c) and the

dynamic viscosity (Fig. 5.16d) continue to exhibit a more uniform pattern. A slight

tendency for values of the viscosity around ∼ 100 Pa.s is observed, but certain

conclusions cannot be drawn. The histogram of the apparent density is now clearly

skewed towards the upper part of the interval, yielding optimal values greater than

1,100 kg/m3 (Fig. 5.16e). Finally, the histogram of the landslide thickness is also

evidently skewed towards the upper part of the interval and values of hmax ≤ 80 m

are not considered optimal and are, thus, disregarded (Fig. 5.16f).

These results fall in agreement with the values of the calibration parameters

observed for the best-fit landslide scenarios in Table 5.2. The optimal values of the

posterior distributions, for example, show a very good fit with the set of parameters

used for scenario 68. At scenario 48, however, a basal friction of 0.12◦ yields good

results, but falls on the edge of the posterior distribution for basal friction (5.16b).

In addition, the numerical and observation errors appear to be somewhat larger

than in the case where 3 points were used (5.7 & 5.17).

The prediction of the process is given in Figure 5.18. It is observed that the

credible intervals of the predictions are wider at the points of longest extent. The

wider bands refer to largest degree of uncertainty regarding the predictions. The

process does not predict well the observation points that lie on the lateral extent of

the deposits. The discrepancies of the two cases (n = 3 & n = 9) will be further

explored in chapter 6 by comparing the results of the statistical emulation.

Finally, it is also noted that the results of the Bayesian calibration are sensitive

to the selection strategy. This can be demonstrated in Figures 5.19, 5.20 & 5.21.

The calibration is based on the x− & y− coordinates of 9 fixed points, where the

y− coordinates are used as the input parameters, xi, and the x− coordinates as

the field response Y F
i . In addition, more points on the northern lateral limit of the

deposits are selected for the calibration (Fig. 5.19).

The sample paths and the posterior distributions show that the solution breaks

(Fig. 5.20 & 5.21). Although the use of more points, here, could increase the

accuracy of the calibration, it is observed that the produced histograms do not give

satisfactory results. In fact, the calibration produces artefacts (meaning undesired

alteration in the data). For example, in the cases of the yield strength, the basal

friction, the apparent density and the landslide thickness the histograms exhibit a

decrease in the middle and a rise in both edges of the intervals (Fig. 5.21a, 5.21b,

5.21e & 5.21f).
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Figure 5.19: (a) Nine lines are considered (indicated with red colour) initiating the

centre of the landslide and reaching the extent of the deposits (black line). The

y- coordinates of the points of depositional extent are considered as the input xi
parameters and the x− coordinates as the field observations, Y F

i , of the real pro-

cess. (c) The result of the landslide simulations with regard to the observations.

The blue circles indicate the observations and the red crosses indicate the results

of the simulations.

This can explained by the difficulty to match the simulated with the observed

geometry of the deposits. By using the points on the sides of the deposits, data

that are very different are utilised and to reach the desirable results the input pa-

rameters between the scenarios can be contradictory. In more detail, as it has been

indicated, the best-fit scenarios form an additional lobe on the northern limit of the

landslide deposits. It is hard to reproduce this northern limit, unless in the case

where the deposits do not spread a lot. But this also happens to be the case where

the run-out length is small. Consequently, for some of the points the best fit results

occur when the simulated deposits do not spread a lot, whereas for some others

when they reach a considerable run-out length. This can lead to confusion and the

creation of artefacts. In effect, the geometry problem is a complicated problem and

has to be tackled with care.
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Figure 5.20: Sample paths of the calibration parameters for 2,500 MCMC iterations

and 3 chains. The sample paths of the yield strength (a), the basal friction (b), the

turbulence coefficient (c), the dynamic viscosity (d), the apparent density (e) and

the landslide thickness (f) are displayed.
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Figure 5.21: The posterior distributions of the calibration parameters, deriving from

Fig. 5.20.The posterior distributions of the yield strength (a), the basal friction (b),

the turbulence coefficient (c), the dynamic viscosity (d), the apparent density (e)

and the landslide thickness (f) are displayed.
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Chapter 6

Statistical Emulation

6.1 Theoretical Background

One of the advantages of using a statistical emulator as a substitute of a de-

terministic model is the ability to access in a faster and less computationally

expensive way the results of otherwise costly numerical simulators. Although

a statistical surrogate should not be treated as a replacement of the simulator,

it has an indisputable value for uncertainty quantification purposes. The main

reason being that it can be used to assess the results of numerous scenarios in

only a few moments of time. In this chapter, we emulate the coupled process of

submarine sliding and tsunami generation in the RBSC. We utilise known data

from computer experiments to build a GP that can be then used as a surrogate of

the computational process. The Design and Analysis of Computer Experiments

(DACE) software, developed by Lophaven et al. (2002), is employed to build a krig-

ing approximation model that will act as a statistical emulator of the computational

process.

Kriging methods are used in geostatistics for interpolation and used here

to predict the values of the GP outputs as well as corresponding uncertainties,

with many implementations (here Lophaven et al. (2002)). The principal concept

of kriging is to use the weighted average of the neighbouring points (in space

for geostatistics, or here in the input space of the computer model) in order to

estimate the value at any desired point in the input space. The set of the responses

corresponds to the maximum tsunami amplitude computed for a selected wave

gauge: we carry out this study gauge by gauge. The main objective is to use the

emulator in order to make predictions of the maximum water surface elevations at

a specific wave gauge for any set of unknown parameter values that fall within the

selected range.
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Consider a set of m design sites x = [x1 · · ·xm]T and y = [y1 · · · ym]T responses

with xi ∈ Rn, yi ∈ Rq. Kriging takes as input the design points and the correspond-

ing responses at each point. A GP is tuned to fit the data. Both the mean function

(which is in general a regression onto other functions) and the correlation function

have to be set to fix the GP. However, the mean is often set to zero when there

is not enough evidence of a link to other functions; in that case the correlation

satisfactorily captures the variability. The key objective is, based on the provided

information, to build a GP approximation model which can be later used to predict

the physical process using kriging. We give a brief description of the approach and

refer to Lophaven et al. (2002) for a detailed description.

Given a n−dimensional input x, subset of Rn, the deterministic response

y(x) ∈ Rq can be written as:

y(x) = F (β:,l, x) + ζ(β:,l, x), l = 1, 2, 3, . . . , q, (6.1)

where F (β:,l, x) = f(x)Tβ:,l, f(x) = [f1(x), . . . , fp(x)], is the regression model,

described as a function of p chosen functions dependent on the input sites x, and

the regression function parameters β:,l. For reasons of simplicity it is assumed

that q = 1, which leads to β = β(:,1) and Y = Y(:,1). The approximation error

is denoted by z. The approximation error is assumed to behave as a GP in the

region of interest; its probability distribution has zero mean and finite variance with

a particular covariance structure. The approximation model of the fitted response

ŷ(x) can be described as a function of the regression model F and a fitted random

process ẑ that models z:

ŷ(x) = F
(
β̂, x

)
+ ẑ (x) . (6.2)

A mean function of F = 0 is chosen here: no regression term F is present.

Indeed, we found that trying to include such terms was not beneficial here; note

that it could be beneficial in other settings (Sarri et al., 2012). The covariance

function between two n−dimensional trial sites x and x′ is given by:

E
[
z(x)z(x′)

]
= σ2R

(
ϑ, x, x′

)
, (6.3)
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where σ2 is the process variance and R(ϑ, x, x′) is the correlation model of the

fitted GP, which is a function of the correlation function parameters ϑ.

For the set of x = [x1 · · ·xm]T design sites and y responses, the vector of the

functions can be written as f = [f(x1), . . . , f(xm)]T and the vector of correlations

between inputs and the predicted location x becomes:

r(x) = [R (ϑ, x1, x) · · ·R (ϑ, xm, x)]T , (6.4)

whereas the matrix of correlations across the input space, using the initial

design, is simply:

R = [R(ϑ, xi, xj)], i, j = 1, · · · ,m. (6.5)

The correlation model can be given as:

R
(
ϑ, x, x′

)
=

n∏
j=1

Rj
(
ϑ, xj − x′j

)
(6.6)

where various correlation functions can be used to represent (ϑ, xj − x′j). The

correlation functions can be divided into functions that exhibit a linear behaviour

near the origin (exponential, linear and spherical functions) and functions that ex-

hibit a more parabolic behaviour (Gaussian, linear and cubic functions). The opti-

mal choice for the correlation function depends on the phenomenon under study.

The correlation functions that will be further analysed here are the exponential,

linear, spherical, Gaussian and linear functions (Table 6.1 ).

With the implementation of numerical optimisation methods (Nocedal and

Wright, 1999) and the aid of Cholesky factorization, the predictor is given by:

ŷ(x) = fTβ∗ + r(x)Tγ∗, (6.7)
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Table 6.1: Correlation functions

Functions
(
ϑ, xj − x′j

)
Exponential exp(−ϑj |xj − x′j |)

Gaussian exp(−ϑj(xj − x′j)2

Linear max{0, 1− ϑj |xj − x′j |}

Spherical 1− 1.5ψj + 0.5ψ3
j ψj = min{1, ϑj |xj − x′j |}

Spline


1− 15ψ2

j + 30ψ3
j for 0 ≤ ψj ≤ 0.2,

1.25(1− ψj)3 for 0.2 < ψj < 1,

0 for ψj ≥ 1.

ψj = ϑj |xj − x′j |

where:

β∗ =
(
fTR−1f

)−1
fTR−1Y, β∗ ∈ Rp×q, (6.8)

is the generalised least square solution with respect to R and:

γ∗ = R−1(Y − fβ∗), γ∗ ∈ Rm×q. (6.9)

The Mean Squared Error (MSE) of the kriging predictor can be also computed

as:

MSE = E
[
(ŷ(x)− y(x))2

]
= σ2(1 + uT (fTR−1f)−1u− rTR−1r), (6.10)

where:

130



CHAPTER 6. STATISTICAL EMULATION

u = fTR−1r − f and σ2 = 1
m(Y − fβ∗)TR−1(Y − fβ∗).

The MSE of the predictor can be positive or negative depending on whether

rTR−1r < 1 +uT (fTR−1f)−1u is satisfied or not. Based on the sign of the MSE we

can deduce assumptions on whether the approximation error behaves as “white

noise” or it holds a significant role.

To build the model and make predictions for our case, we use a set of m input

parameters corresponding to m = 100 scenarios and ym responses. The set of the

inputs, xm, consists of the values of the six parameters (hmax, T0, φbed, ξ, µ

and ρ) used in the simulation of the numerical experiments and the Bayesian

calibration. The set of the responses, ym, corresponds to the maximum tsunami

heights computed for a selected wave gauge.

To build the predictor, a correlation model and the appropriate choice of

correlation function parameters ϑ are required. We select a Gaussian correlation

model (i.e. exponential form with α = 2), for its flexibility and broad generality,

to represent the data. Our preliminary analyses showed little influence of these

choices here. In our case with no regression function, the kriging predictor is

simply given by:

ŷ(x) = r(x)TR−1Y. (6.11)

The MSE also becomes:

MSE = σ2
(
1− rTR−1r

)
, (6.12)

where

σ2 = 1
mY

2R−1.

Alternative selection strategies of the correlation functions and the regression

model are discussed in this chapter.
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(a) (b)

Figure 6.1: (a) The computational domain (source: EMODnet and GEBCO-08) and

the virtual gauges used to measure the free surface elevation. The red stars de-

note the offshore gauges, the blue stars represent onshore gauges. An identifying

number is given to each gauge but only the gauges discussed in the text are high-

lighted here. (b) The Mullet Peninsula and the area around Belmullet in Co. Mayo

are magnified to better illustrate the wave gauge positions. The scale represents

land elevation in meters.

6.2 Tsunami simulations

To model the complete tsunami life cycle we use a larger DEM than the one used

for the landslide modelling with dimensions of 800 km x 1000 km. The data are

smoothed and interpolated onto an unstructured triangular grid. The mesh con-

vergence tests described in chapter 4, led to an optimal choice of a mesh with a

spatial resolution of ∆x = ∆y =450 m and 5,112,958 nodes. Again here, only the

first hour of the landslide motion is incorporated in the tsunami simulations with a

∆t = 1 s as inputs to the tsunami model.

The tsunami simulations have a real-time duration of two hours and ∆t = 0.1 s.

To measure the free surface elevation 80 gauges were introduced in the domain,

almost half of which are located offshore and the rest of them onshore, close to the

coastline (Fig. 6.1a & 6.1b). The vast majority of the gauges was concentrated in

the area around the Mullet peninsula (Fig. 6.1b). Wave gauges on the edges of the

computational domain were also employed in order to avoid any data alterations

caused by boundary reflections.
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(f) Gauge 71

Figure 6.2: The wave gauges measure the free water surface elevation caused by

the generated landslide tsunamis. Gauges 01(a), 04(b), 39(c) and 40(d) are located

offshore as displayed in Figures 6.1a & 6.1b. Gauges 62(e) & and 71(f) are located

onshore.

The results of the numerical simulations of the generated tsunamis, using the

uncalibrated set of 100 runs from the LHS, show a large variance in the amplitude
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of the waves (Fig. 6.2). Here, we present and discuss 6 out of 80 wave gauges.

Gauges 01 (Fig. 6.2a), 04 (Fig. 6.2b), 39 (Fig. 6.2c) and 40 (Fig. 6.2d) are lo-

cated offshore and gauges 62 (Fig. 6.2e) and 71 (Fig. 6.2f) are onshore (see also

Figures 6.1a & 6.1b). Gauge 01 shows the computed free surface elevation close

to the source region; a large variance is observed on the maximum tsunami am-

plitudes which mainly derives from the variability of the landslide scenarios. The

maximum wave amplitudes vary over a range of 2.7 to 24.4 meters.

When the tsunamis start propagating away from the source, the wave forms

tend to follow a similar pattern and the wave peak arrival times seem to converge

(gauges 04, 62). This exhibits the dependency of the tsunami wave speed on the

depth of the basin. Gauge 04 records the tsunami amplitudes after tsunami propa-

gation over the Rockall Trough, it is located a few kilometres away from the Mullet

Peninsula. The first tsunami perturbations are observed approximately 41 minutes

after tsunami generation. The maximum tsunami amplitudes are more reduced and

vary between 1 to 10 m. Some smaller secondary waves are also observed.

Gauge 39 is located very close to the shoreline, almost before the waves hit

the coast. The wave arrival is recorded at approximately 54 min and the tsunami

amplitudes range between 1.5 and 12 m, slightly higher values (from gauge 04) are

probably related to the bathymetry features. As the tsunamis propagate eastwards

(inwards the bay), energy loss, caused by wave interaction with the shoreline, re-

sults in reduction of the tsunami amplitude. Gauge 40 is located in the bay. The

gauge records the first wave arrivals at 64 min. The wave amplitudes appear more

dissipated and range between 0.5 and 4.5 meters. Larger variance is observed on

the wave shapes of the tsunamis. For some scenarios the first wave peak is not

the largest, whereas for some others is entirely absent and the second wave peak

is actually the first.

The wave gauges located close to Belmullet are the first onshore gauges to

measure the free surface elevation, approximately 50 minutes after the tsunami

generation. Gauge 62, for example, starts recording the first wave arrivals at 57

minutes and measures tsunami run-up heights that range between 0 and 15.4 me-

ters. In locations where the land elevation is relatively high or away from the shore-

line, only some of the scenarios are capable of inundation. Gauge 71 forms such

a case, tsunami inundation in this location can only result from landslide scenarios

51, 58 and 72 (see also Appendix).

In chapter 5, 3 best-fit landslide scenarios were presented (scenarios 45, 51 and

68). The tsunami amplitudes resulting from these scenarios are explicitly exhibited

for gauges 01 and 62 (Fig. 6.3). The scenarios show a large variance in tsunami

amplitudes and run-up heights. Scenario 51 is the landslide scenario resulting in
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Figure 6.3: The wave gauges 01 (a) & 62 (b) display the tsunami waves generated

by the best-fit landslide scenarios 45, 51 and 68. A large variance is observed on

the tsunami amplitudes and run-up heights, especially, between scenario 51 and

the rest of the scenarios (45 & 68).

the maximum free surface elevations in both gauges. Although, the three scenar-

ios result in similar deposition, it is clearly shown here, that the different parameter

values may affect at a larger or smaller extent the tsunami amplification.

6.3 Emulation of the coupled process

For the selection of the optimal values of the correlation parameters, the lower

and upper boundaries of ϑ are selected to be 0.001 and 10 (as all parameters are

normalized). We use a Maximum Likelihood (ML) approach to estimate ϑ. Since

numerical maximisation can be challenging, we here carry out this maximisation for

several initial starting points. To homogeneously draw the initial starting points for

ϑ, we use a small LHS to create a different set of 20 initial scenarios (fig. 6.4a). The

comparisons show that there is some variability in the absolute difference between

the predictions and the true response influenced by these starting points for ϑ if we

had chosen these starting points as guesses (Fig. 6.4b).

Hence, we run ML to obtain a final estimate for ϑ∗ repeatedly picking the

20 starting points ϑ, in order to allow the maximization under an exploration-

exploitation paradigm. After a limited number of runs the final estimate ϑ∗ con-

verges towards a certain value for all starting points (most of them similar value).

To evaluate each of these final estimates, we do cross-validation tests with the

implementation of Leave-One-Out (LOO) diagnostics. The governing principle in
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Figure 6.4: (a) LHS sampling is used to draw the initial starting points for ϑ, the de-

sign points for ϑ1 are plotted against ϑ5.(b) The variability in the absolute difference

between the predictions and the true response influenced by the starting points for

ϑ. (c) The variability in the absolute difference between the predictions and the true

response influenced by the final points for ϑ∗, the variability is largely reduced. The

maximum tsunami amplitudes recorded by wave gauge 01 are used.

LOO is to estimate ϑ∗ each time neglecting 1 out of 100 design sites and compare

the stochastic predictions with the true deterministic response of the process. We

compute our LOO diagnostics by comparing the absolute difference between the

predictions and the true process (Fig. 6.4c). We select the value of ϑ∗ that results

in the best LOO prediction (smaller absolute difference between stochastic predic-

tions and deterministic response for a fixed set of inputs) amongst our 20 possible

values. We eventually pick ϑ = ϑ∗ = [0.0321, 0.0139, 1.2427, 0.001, 0.001, 0.1498] to

make the predictions with the emulator for unknown trial sites.

We also implement LOO to check for discrepancies of the predictions from the
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Figure 6.5: LOO diagnostic tests for the appropriate selection of the correlation

model. The discrepancies between zero (a) & (b) and non-zero (c) & (d) least

square functions are also represented. The crosses denote the responses obtained

with a Gaussian (blue colour), exponential (orange), linear (yellow), spherical (pur-

ple) and spline (green) correlation function. Plots (a) & (c) show the the actual

prediction of the emulator, whereas plots (b) & (d) show the absolute difference be-

tween the prediction and the true computational process. The maximum tsunami

amplitudes recorded by wave gauge 01 are employed for the test case.

true response depending on the choice of correlation model. Cases of least square

solutions β∗ = 0 and β∗ 6= 0 are also tested (Fig. 6.5a, b & 6.5c, d respectively). In

majority all the models seem to give good predictions of the maximum free surface

elevation (Fig. 6.5a & 6.5c). There are some cases where the models tend to over-

estimate or underestimate the true response of the computational process. When

β∗ = 0, plotting the absolute difference between the true response and the pre-

dictions yields that discrepancies of larger degree (≥ 1.5 m) are observed for the
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Figure 6.6: Varying correlation models are used for the predictions of 4,500 land-

slide scenarios (the outputs of the calibration in the previous chapter). The his-

tograms show the results obtained with an exponential (a), a linear (b), a spherical

and a spline (d) correlation function. The predictions show the distribution of the

maximum tsunami amplitudes at the virtual wave gauge 01.

cases where the linear, exponential and spherical correlation functions are used

(Fig. 6.5b). The Gaussian and spline functions seem to perform better in this case.

The use of a nonzero β∗ yields in a slight decrease of the absolute difference

between predictions and true response, for some of the scenarios. The exponen-

tial, linear and spherical correlation functions seem to perform better than in the

previous case. The Gaussian model does not exhibit large fluctuations between

the results for both cases. In the end, we choose the Gaussian function to build the

emulator and perform the rest of the analysis.

Histograms of the predictions for gauge 1 using different correlation models are
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Figure 6.7: Histograms of probabilistic predictions for 4,500 landslide scenarios. A

Gaussian correlation model is used with a (a) least square function β∗ = 0 and (b)

β∗ 6= 0

also computed. To quantify the uncertainty governing the tsunami amplitudes gen-

erated by the examined landslide example in the RBSC, we make use of the results

of the Bayesian calibration. Taking as input the values of the calibrated parameters

from the posterior distributions (Fig. 5.6), we make predictions for 4,500 scenarios.

The response of the computational process in gauge 01 is used. The histograms

indicate that the choice of correlation model, in effect, yields a small degree of vari-

ability in the predictions (Fig. 6.6). The predictions in all the cases concentrate

around the same value of maximum tsunami amplitude (c. 8-10 m). The only ob-

served difference lies on the shape of the histogram which may or may not develop

a slightly bimodal pattern (Fig. 6.6a, b, c & 6.7 as opposed to Fig. 6.6d).

Following a Gaussian correlation model, the distributions of the predictions are

also produced for a zero and a nonzero least square solution β∗, in order to assess

the impact of both choices on a large scale of predictions. The predictions show a

similar pattern for both cases.

We note that a nonzero least square function may result in slightly better results

than when β∗ = 0. Nevertheless, wherever possible and when the accuracy of the

results is not compromised to a significant extent, it is often preferable to keep the

parameter number reduced. The predictions, here, show that this choice affects

only to a very small extent the results of the emulator (Fig. 6.5c & 6.7). For these

reasons we select β∗ = 0.

By setting all the above parameters, the emulator is built and can be therefore

used for predictions. The predictions take a very small amount of time (t ≈1 s)

to yield 4,500 expected maximum tsunami elevations at each desired wave gauge.
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The results constitute a probabilistic statement about the maximum water surface

elevation at this specific location. We built the emulator based on the results of the

calibration for the cases of 3 (Fig. 5.4, 5.5, 5.6, 5.7 & 5.8) and 9 (Fig. 5.14, 5.15

5.16, 5.17 & 5.18) observation points described in chapter 5. The distributions of

the predictions are presented in the form of histograms for the offshore gauges 01,

04, 39, 40 and the onshore gauges 62 & 74 (Fig. 6.8, 6.9, see also Fig. 6.2 and

6.1). In some cases the tsunami waves may not reach the gauge locations and

thus no run-up is observed. For these locations, no predictions can be produced

as there is no variability between the results.

The pattern of the predictions does not differ significantly between the two cases

(Fig. 6.8 & 6.9). For the case of three observation points the histograms of the

maximum free surface elevation in gauges 01, 04, 39, 40 and 62 appear to have

a slightly bimodal pattern, with the distribution positively skewed. In gauge 01, the

majority of the predictions give maximum tsunami amplitudes ranging between 5 -

10 m (Fig. 6.8a). The highest predicted tsunami amplitudes may exceed 20 meters

but in more infrequent cases, the most probable value is around 9 m. At gauge 4,

the vast majority of the predictions concentrate around the value of 4 m. There is

a high likelihood for maximum tsunami amplitudes that range between 2 - 5 m (Fig.

6.8b). Gauge 39 exhibits a very similar distribution with slightly higher values. The

most probable tsunami amplitudes would be around the value of 5 m and range

between 3 - 7 m (Fig. 6.8c).

For gauge 40, the distribution is more skewed towards lower values of tsunami

amplitudes with the most likely value being approximately 1.8 m and a more general

range of 1 - 2 m (Fig. 6.8d). The majority of the predicted maximum tsunami

amplitudes in gauge 62 range between 5 to 10 meters with the most probable run-

up height being approximately 8 m. The maximum tsunami run-ups seldom exceed

the 16 meters in height (Fig. 6.8e). For gauge 74, where only three of the scenarios

propagate, the prediction bounds are largely constrained by the height of the land

elevation (c. 8 m) (Fig. 6.8f). From this it can be deduced that the tsunamis are

very unlikely to reach this location. Following the same process, predictions and

assumptions for the rest of the gauges can be made with the aid of the statistical

emulator.
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Figure 6.8: Distributions of the emulated (fast surrogate predictions) maximum free

surface elevation in gauges 01 and 62 (gauge locations shown in Fig. 6.1). Emu-

lated predictions for n=4,500 scenarios whose distributions are specified from the

calibration of the landslide simulations against observations of deposits. Three ob-

servation points are considered for the emulation.
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For the case where 9 observation points are used the bimodal pattern of

the histograms disappears. The histograms of the predictions are clearly skewed

towards the left of the predictions range. The values of the predictions are similar to

the case of 3 observation points. Gauge 01 predicts a maximum tsunami amplitude

of 9 m, with ranges of the maximum amplitudes slightly higher varying between 7

- 12 m (Fig. 6.9a). At gauge 4, the vast majority of the predictions concentrates

again around the value of 4 m. The most probable values of maximum tsunami

amplitudes range between 3 - 5 m (Fig. 6.9b). Gauge 39 yields that the maximum

tsunami amplitudes will vary around the value of 5 m, and within a probabilistic

range of 4 - 7 m (Fig. 6.9c).

Inside the bay (gauge 40), the predictions yield a maximum value of 1.8 m for

the free surface elevation. The range is between 1 - 2 m and scarcely goes above

5 meters (Fig. 6.9d). At gauge 62, the highest likelihood yields a maximum run-up

of approximately 8 m. The range of the maximum tsunami run-ups is between 7

- 10 m and rarely exceeds a value of 16 m (Fig. 6.9e). Finally, for gauge 74 the

predictions are the same as in Figure 6.8f, as they are influenced largely by the

land elevations rather than the few scenarios that giver tsunami run-up heights

(Fig. 6.9f).

As it is observed in the results, when 9 observation points are used for the

predictions, the maximum free surface elevation values remain the same. What

changes is the shape of the histograms and, occasionally, the overall ranges of the

maximum elevation in the probabilistic distributions. The ranges of the maximum

tsunami amplitudes and tsunami run-ups are slightly increased in the later case. In

most cases, an increase of 2 m is observed in the intervals.

To check further how well the results of the distributions agree with the results

of the best-fit landslide scenarios, we consider the maximum free surface elevation

for wave gauges 01 and 62. These results should not fall outside the ranges of the

predictions. Indeed, the results fall within the range of the probabilistic predictions

for gauge 1 (Fig. 6.8 & 6.9. Especially, the results of the best-fit scenarios 45 and

68 agree very well with the predictions. The results of scenario 51 still fall within the

interval of predictions but on the edge of it. The emulator gives a small likelihood

for this scenario for both cases where 3 and 9 observation points were used.
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Figure 6.9: Distributions of the emulated (fast surrogate predictions) maximum free

surface elevation in gauges 01(a), 04(b), 39(c), 40(d), 62(e) and 71(f) (gauge lo-

cations shown in Fig. 6.1b). Emulated predictions for n=4,500 scenarios whose

distributions are specified from the calibration of the landslide simulations against

observations of deposits. In this case 9 observation points are considered.
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At gauge 62 the best-fit scenarios yield run-up heights of 6.6 m (no.45), 15.4 m

(no.51) and 8.3 m (no.68). The best-fit landslide scenarios 45 and 68 fall in very

good agreement with the emulator’s predictions. On the other hand, the maximum

tsunami run-ups resulting from scenario 51 still fall in the edge of the predictions

and are not attributed a high likelihood. In general, scenario 51 is the one from the

100 scenarios that results in the highest tsunami amplitudes and run-ups. Despite

the good fit with the observations, this may be one of the reasons that is treated as

an extreme case with a small likelihood of occurrence.

The emulation allows some further exploration of the sensitivity of the maximum

tsunami amplitudes to the varying input parameters due to the possibility of running

the model at many more locations in the input space. Gauges 01 an 62 are selected

to illustrate the sensitivity analysis for the case of 3 observation points (Fig. 6.10 &

6.11). The maximum tsunami amplitude variations with respect to variations in the

values of the calibration parameters are plotted, deriving from the 100 numerical

simulations, the emulation, and the 4,500 predictions. Note that in comparison to

the initial 100 numerical simulations, the kriging predictions are constrained within

the optimal ranges of the parameters as seen clearly in Figures 6.10a, 6.10b, 6.11a

and 6.11b. Both gauges give similar results, which indicates that from tsunami

generation to run-up the calibration parameters are influential to the same extent.

The plots show an almost linear relationship between the maximum free surface

elevation and the maximum landslide thickness (Fig. 6.10f & 6.11f). However,

the relationship between the maximum free surface elevation and the turbulence

coefficient appears to be slightly non-linear (Fig. 6.10c & 6.11c). We note that

the tsunami amplitude increases when hmax increases and ξ decreases. These

results are in agreement with the current scientific knowledge that the features of

landslide tsunamis depend, among other, on the thickness and the terminal velocity

of the landslide (Ward, 2001). The rest of the calibration parameters appear, for this

case, to be much less influential.

The sensitivity analysis may also be performed for the case where 9 observation

points are used. The sensitivity plots in Figure 6.12 are given for gauge 1. The plots

exhibit similar relationships between the calibration parameters and the maximum

free surface elevation. An increase in the tsunami amplitudes is observed as the

landslide thickness increases or the turbulence coefficient decreases (Fig. 6.12).
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Figure 6.10: Scatter plots projections of the maximum tsunami amplitudes at gauge

01 with respect to the increase or decrease in the value of each individual cali-

bration parameter. The black squares represent the results of the 100 numerical

simulations at gauge 01. The red dots denote the results of the 4,500 emulated

predictions at the same gauge.
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Figure 6.11: Scatter plots projections of the maximum tsunami amplitudes at gauge

62 with respect to the increase or decrease in the value of each individual cali-

bration parameter. The black squares represent the results of the 100 numerical

simulations at gauge 62. The red dots denote the results of the 4,500 emulated

predictions at the same gauge.
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Figure 6.12: Scatter plots projections of the maximum tsunami amplitudes at gauge

01 with respect to the increase or decrease in the value of each individual calibra-

tion parameter. Nine observation points are considered. The black squares repre-

sent the results of the 100 numerical simulations at gauge 01. The red dots denote

the results of the 4,500 emulated predictions at the same gauge.
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Chapter 7

Conclusions and future work

7.1 Validation test

Based on the validation test in section 2.3, we can conclude that VOLNA is a robust

and efficient parallel solver for the NSWE. The GPU version of the code provides

satisfactory results for the benchmark under examination. The numerical scheme

is conditionally stable with experimentally confirmed CFL = 1.5. The GPU version

of VOLNA can be used to handle complex geometries and simulate real-life cases.

However, the price of the robustness and scalability is its low spatial accuracy and

therefore the fine spatial resolution is needed for achieving reasonably low error.

The error analysis shows that the results scale linearly with refining the spatial

mesh. Temporal discretisation, on the other hand, may not influence significantly

the accuracy of the results. As it was exhibited, reducing the time-step does not

have a visible effect on the error. The amplitude of the solution, however, decays

in time, and one can observe both damping and the phase shift. It can thus be

assumed that there is an energy leak from the system, something that could be

expected due to the non-conservative Runge-Kutta scheme. This error can be min-

imised by reducing the spatial resolution. Our analysis shows that the dissipation

error becomes the main contributing error factor on fine grids. The phase error

is mostly negative, which corresponds to the phase lag and the artificial wiggles

behind the wave front, however, it changes sign occasionally and this leads to the

phase lead.

To conclude it is worth mentioning that the development of VOLNA is work of

ongoing progress. Therefore its analysis and benchmark testing play an important

role for the code’s continuous enhancement and improvement. The work performed

in this chapter forms part of the validation process of the code. In the future, it is

worth examining how the dissipative and dispersive effects observed in the results
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may be linked to the physical dissipation and dispersion of real-world tsunami prop-

agation.

7.2 Numerical modelling of submarine sliding and
tsunami generation in the RBSC

In chapter 4, several landslide scenarios have been studied to comply with the

results of the research in the RBSC. Overall, it is exhibited that the varying geomor-

phological and rheological landslide input parameters may affect significantly the

depositional process of the landslide and the tsunami wave generation. Different

combinations of the parameters might result in similar landslide deposits but diverse

tsunami wave amplitudes and speeds. Thus, careful consideration has to be given

when addressing the issue of the landslide pre-failure and post-failure conditions.

As it is already known in the literature, water drag incorporation results in more

realistic landslide peak velocities. To counterbalance for the lack of the water drag

in the one-fluid version of VolcFLow, the turbulence coefficient first introduced by

Voellmy was employed. In these situations, the peak velocities of the flow were in

good agreement with the up-to-date knowledge of similar events, however, the re-

sistance of the flow to motion was enhanced. As a result, other parameters, like the

basal friction and the yield strength of the sliding material, have to be significantly

reduced in order to compute the observed run-out length of the flow. Lower values

of these parameters result in deposits that spread more in a lateral direction. Ad-

ditional mechanisms that may enhance the flow mobility and reduction of the yield

strength during the motion were not modelled by the code, these phenomena are

also difficult to recorded in nature due to the scarce direct observations of subma-

rine sliding.

Overall, the best-fit solutions were derived with the use of the Bingham or the

constant retarding stress (as the dynamic viscosity affects only to a very small de-

gree the final deposition) rheology including a velocity dependent term, or the use

of a rheology that incorporates the Bingham and frictional flow properties in the mo-

tion, including again a drag term. Comparisons of both regimes show that the Bing-

ham rheology results in more constrained landslide deposits, however incorporation

of basal friction may be closer to the true nature of the failure. The tsunami sim-

ulations of the last episode of multiphase collapse in the RBSC with both regimes

yield very similar tsunami amplitudes, albeit slightly higher in the case of a flow

without friction. Landslide simulations with a frictional rheological model were also

examined but considered not beneficial for this case.
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The landslide motion and deposition is best represented when a dual point of

failure initiation is considered. Taking under consideration the field deposits that

may be observed on the seabed of the Rockall Trough today, two landslide scenar-

ios give a good fit solution: A) the simulations with collapse of a volume of 400 km3

initiating from the North upper and lower slope regions, B) the simulations following

the conservative approach for the estimation of the sliding volume (V= 265 km3).

The simulations of a landslide with 400 km3 come in very good agreement with the

results of the most recent research undertaken in the region. The simulations also

confirm that collapse from the South upper slope region may be attributed to an

older failure episode.

All the landslide scenarios examined exhibit that slope failure in the region has

given rise to tsunamis of varying magnitude. After tsunami generation, a leading

tsunami crest is formed that propagates towards the Irish coastline followed by a

tsunami trough. The seabed topography of the Rockall Trough strongly influences

the tsunami wave propagation. This can be especially observed when the waves

reach the east margin of the Trough. Reflection and refraction occur above the con-

tinental shelf as the waves pass from one medium to another. The first area to be

inundated in the Irish coast is the Mullet peninsula, in Co. Mayo. The time arrival of

the first tsunami wave peak in the peninsula may be less than 50 - 55 minutes after

generation. At the middle part of the peninsula tsunami overtopping is observed.

The waves enter the Blacksod Bay in two possible ways: overtopping of the land in

the middle of the peninsula and propagation from the entrance of the bay.

The tsunami amplitudes and direction depend on the scenario examined (vol-

ume, maximum thickness of the landslide, region of collapse). Focusing on the

three major episodes of multiphase collapse attributed to the RBSC, the most vo-

luminous event (NUS-LS collapse) has the largest tsunamigenic potential. Gauges

close to the generation region measure maximum amplification of 35 and 44 m

(Gauges 01 & 5). Gauges located at the first locations of inundation measure max-

imum coastal run-ups of c.17 and 19 m for the same scenarios (Gauges 18 & 21).

Landslide induced tsunamis from the SUS region are smaller in amplitude.

The results of this study constitute the first attempt to study numerically the

varying episodes of collapse in the RBSC and the subsequent tsunami generation.

Future research could focus on the more sophisticated modelling of the phenom-

ena. This could be approached with comparison of the results with the results of

fully coupled numerical codes. In addition, to adequately assess the tsunami prop-

agation and predicted run-up heights on the coast, a comparison of the results with

the results of dispersive solvers would be beneficial. The construction of extended

hazard maps for the area could also be useful for future hazard assessments. To do
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so, a slope stability assessment and a different meshing strategy in the modelling,

with mesh refinement on the coastal areas, would be of critical importance.

7.3 Calibration and statistical emulation

The Bayesian calibration in chapter 5 forms a prominent way to explore the optimal

values of the landslide parameters used in the numerical modelling of submarine

sliding and tsunami generation in the RBSC. The posterior distributions of the pa-

rameters, resulting from the calibration, show that the yield strength and the basal

friction of the landslide can affect critically the run-out length of the flow. In the case

where three observation points were used the optimal values of both parameters

have to fall within the lower part of the initially attributed range (T0 <2,000 Pa and

φbed <0.25◦) in order to match the observed run-out.

For the case of nine observation points, the optimal values of both parameters

appear to be more constrained within the initially attributed range (T0 <1,000 Pa

and φbed ∼0.2◦) in order to match the observed run-out. The density plots show an

inversely proportional relationship between the yield strength and the basal friction

angles. The calibrated maximum slide thickness is likely to be within the higher

values of the initial range: thickness larger than 100 m are likely to help match

modelled landslides to the desired run-out length. The apparent density is also

negatively skewed with optimal values higher than 1,000 kg/m3. The posterior dis-

tributions of the turbulence coefficient and the dynamic viscosity show a relatively

uniform distribution which indicates that no significant effect of the two parameters

on the simulated run-out of the flow can be deduced from the calibration.

A comprehensive statistical emulation of the coupled numerical process was

then employed in chapter 6 to explore the probabilistic maximum tsunami elevation

at specific locations. The possible tsunami amplitudes generated by a submarine

slope collapse in the lower slope region of the Rockall Bank were estimated with

the use of the emulator. With the emulator, we made predictions of the maximum

tsunami amplitudes using the posterior distributions of the calibration parameters.

In total, predictions of 4,500 cases were made in only a few moments of time (t ≈1

s). The time of the predictions is excessively fast when compared to the compu-

tational speed of one run of the combined models (roughly 11-13 hours for each

VOLNA run with 2 GPUs).

The probabilistic distributions of the predicted maximum tsunami amplitudes

were presented for two locations: an offshore gauge close to the generation region

(gauge 01) and an onshore gauge in the Mullet Peninsula (gauge 62). The pre-

dictions at gauge 01 show that the tsunami amplitudes of a similar landslide would
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more likely vary between 7-12 m. Likewise, at gauge 62 the predictions show that

although cases of higher tsunami run-up ( > 10 m) are not excluded, they exhibit a

less common occurrence rate in comparison to lower run-up heights (between 7-10

m). Similar predictions can be made for the rest of the gauges.

Thanks to the large number of fast and accurate predictions the emulator can

be used to perform sensitivity tests. A sensitivity analysis of the maximum water

surface elevation with respect to the varying parameters shows that variations in the

simulated and predicted tsunami amplitudes are strongly linked to two calibration

parameters: the landslide thickness and the turbulence coefficient. In more detail,

the tsunami amplitude increases when the landslide thickness increases and the

turbulence coefficient, hence the maximum velocity and possibly initial acceleration

of the landslide, decreases. The rest of the calibration parameters (yield strength,

basal friction, dynamic viscosity and apparent density) do not appear to have a sig-

nificant effect on the magnitude of the tsunami amplitudes. As so, to achieve the

optimal run-out length of the flow the yield strength and the basal friction are critical

whereas the turbulence coefficient does not hold such an important role. Different

rheological parameters can thus affect the magnitude of different processes and

their influence should not be disregarded.

We note that building a statistical surrogate of a deterministic code used to sim-

ulate a physical process is not a replacement for scientifically sound simulations in

the first place. It forms a verified, fast and inexpensive technique to make predic-

tions of the process and quantify uncertainty, particularly in cases where a large

number of simulations has to be considered and it is difficult or computationally ex-

pensive to run the codes. In most instances, the results are only applicable for the

specific case examined. A diverse parameter selection, or an alternative scientific

approach to the problem, will possibly generate different results and another cali-

bration and emulation should be performed on a case by case situation.

To perform the calibration and the emulation the preliminary interpretation of the

latest failure episode in the RBSC was used. As research in the area is part of on-

going work, new information regarding the shape of the deposits was revealed only

recently, after the emulation was completed. Since the main objective was to focus

on the applicability of the statistical process used for the calibration and emulation

of a real case, these data were not incorporated. A future research topic would be

to account as well for these uncertainties.

Overall, the uncertainty that underpins submarine mass movements is still vast

and there is a necessity for better uncertainty quantification. It is not solely con-

strained in the limitations of the hydrodynamic codes to reproduce accurately the

landslide dynamics. It extends further in the geological uncertainty of these events
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and the limited access that we have to complete and detailed datasets. The scarce

distribution of the events in geological time and the inherent difficulty in directly ob-

serving them and monitoring them add to this uncertainty. Continuous technological

advances and ongoing scientific research will hopefully eventually compensate for

this lack of knowledge.

Statistical emulators could contribute towards a better assessment of the vari-

ability existing in these phenomena. However, the input information for the analysis

should always be treated with care. This study forms one of the first attempts to

build a statistical emulator of a real case study for uncertainty quantification and

sensitivity analysis. The approach followed here forms a tool to study a certain

parametric variability and understand the uncertainty governing submarine sliding

and tsunami generation in the RBSC. The applicability of the emulator is demon-

strated for this particular case. A similar approach could be the basis for future

probabilistic assessments of landslide-generated tsunamis in other regions of the

world prone to such events. Driven by this, future research endeavours may also

focus on different approaches to study parametric variability.
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Table A.1: Input parameter values selected from the LHS design.

Sc. T0 (Pa) φbed(◦) ξ µ (Pa.s) ρ (kg/m3) hmax (m)
1 2849 0.72 0.041 156 1073 80
2 3124 0.7 0.054 204 968 98
3 3303 0.51 0.047 112 1035 77
4 2479 0.61 0.062 119 940 86
5 2517 0.47 0.029 179 1161 101
6 1921 0.68 0.062 139 1011 103
7 1440 0.45 0.062 129 1177 103
8 4116 0.31 0.05 101 1151 96
9 1122 0.45 0.028 230 1120 75
10 2330 0.75 0.049 160 998 78
11 2597 0.77 0.031 45 1024 92
12 2920 0.91 0.059 212 1105 83
13 1586 0.34 0.036 183 964 94
14 3861 0.26 0.028 202 986 84
15 3463 0.32 0.044 191 1159 105
16 2181 0.37 0.039 162 1236 80
17 3910 0.71 0.055 98 1005 100
18 3711 0.59 0.026 271 1002 83
19 2213 0.81 0.064 79 1090 70
20 3334 0.01 0.052 235 933 99
21 1134 0.22 0.066 104 1187 70
22 1666 0.76 0.049 213 1025 104
23 4012 0.49 0.06 32 1248 88
24 1483 0.53 0.055 238 1172 67
25 660 0.54 0.065 84 910 85
26 305 0.37 0.046 93 995 108
27 2075 0.88 0.03 164 893 71
28 2033 0.39 0.053 198 957 76
29 3737 0.65 0.042 126 876 74
30 4306 0.89 0.046 252 954 97
31 3675 0.28 0.069 68 1217 106
32 1258 0.7 0.037 107 1168 91
33 3562 0.14 0.024 239 1203 89
34 3174 0.55 0.071 150 1113 90
35 2770 0.43 0.048 25 831 85
36 2154 0.23 0.038 135 944 118
37 1049 0.56 0.022 269 984 80
38 1318 0.63 0.07 225 1257 90
39 4239 0.2 0.031 146 1061 64
40 1746 0.2 0.018 232 1106 69
41 3588 0.66 0.033 177 1076 107
42 3002 0.48 0.035 50 1134 95
43 1534 0.43 0.076 245 1091 115
44 4156 0.15 0.04 144 818 79
45 794 0.24 0.068 133 1069 93
46 479 0.11 0.052 220 868 88
47 4458 0.86 0.039 36 872 99
48 4971 0.48 0.057 276 1053 71
49 915 0.93 0.074 110 1057 88
50 3429 0.33 0.066 95 1044 66
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Sc. T0 (Pa) φbed(◦) ξ µ (Pa.s) ρ (kg/m3) hmax (m)
51 539 0.42 0.017 52 1081 111
52 2275 0.13 0.033 262 1122 113
53 4404 0.95 0.073 86 1210 62
54 2733 0.53 0.034 287 1222 77
55 431 0.62 0.053 22 1148 112
56 2432 0.73 0.051 167 1274 105
57 1196 0.58 0.035 90 1020 67
58 3511 0.26 0.025 20 1279 120
59 1852 0.12 0.06 195 1289 92
60 986 0.95 0.044 248 809 101
61 2383 0.6 0.07 227 882 96
62 1400 0.98 0.027 189 1125 63
63 4674 0.75 0.078 173 805 72
64 4745 0.36 0.064 172 971 115
65 2666 0.83 0.024 37 814 66
66 4898 0.41 0.023 67 1046 108
67 2942 0.09 0.048 128 1037 94
68 170 0.51 0.042 219 1142 95
69 4462 0.88 0.02 187 838 116
70 979 0.3 0.072 61 854 118
71 3253 0.82 0.079 76 861 115
72 768 0.16 0.022 257 849 110
73 370 0.05 0.015 64 1197 82
74 836 0.6 0.056 43 1241 77
75 1815 0 0.021 59 827 83
76 1363 0.83 0.02 72 1263 109
77 4211 0.39 0.069 265 1233 111
78 3968 0.8 0.045 142 1138 75
79 3062 0.29 0.032 245 917 61
80 569 0.79 0.058 254 896 65
81 697 0.03 0.067 296 980 118
82 4850 0.06 0.027 153 1300 102
83 2620 0.98 0.073 28 889 74
84 3778 1 0.019 281 927 69
85 622 0.93 0.016 299 1267 87
86 1691 0.17 0.078 54 843 73
87 4595 0.19 0.074 13 911 109
88 4546 0.09 0.03 278 855 113
89 4021 0.87 0.061 18 1190 114
90 2826 0.24 0.08 289 947 64
91 251 0.84 0.076 199 1181 119
92 223 0.06 0.058 81 1280 116
93 4950 0.02 0.043 13 822 63
94 4647 0.96 0.077 285 925 106
95 3222 0.34 0.017 41 1228 68
96 101 0.08 0.042 210 1095 62
97 1979 0.92 0.067 268 1252 61
98 4784 0.67 0.019 292 1215 103
99 4317 0.12 0.075 122 1290 81

100 1892 0.68 0.037 117 901 98
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Åkerneset to tsunami risk in western Norway. Coastal Engineering, 88:101–122.

Harbitz, C. B., Løvholt, F., and Bungum, H. (2014b). Submarine landslide tsunamis:

how extreme and how likely? Natural Hazards, 72(3):1341–1374.

Harbitz, C. B., Løvholt, F., Pedersen, G., and Masson, D. G. (2006). Mechanisms of

tsunami generation by submarine landslides: A short review. Norwegian Journal

of Geology, 86:255–264.

Harbitz, C. B., Pedersen, G., and Gjevik, B. (1993). Numerical Simulations

of Large Water Waves due to Landslides. Journal of Hydraulic Engineering,

119(12):1325–1342.

Harten, A., Lax, P., and van Leer, B. (1983). On upstream differencing and

Godunov-type schemes for hyperbolic conservation laws. SIAM Review, 25:35–

61.

Haugen, K. B., Løvholt, F., and Harbitz, C. B. (2005). Fundamental mechanisms

for tsunami generation by submarine mass flows in idealised geometries. Marine

and Petroleum Geology, 22(1-2):209–217.

Higdon, D., Kennedy, M., Cavendish, J. C., Cafeo, J. A., and Ryne, R. D. (2004).

Combining Field Data and Computer Simulations for Calibration and Prediction.

SIAM Journal on Scientific Computing, 26(2):448–466.

Hühnerbach, V. and Masson, D. (2004). Landslides in the North Atlantic and its

adjacent seas: an analysis of their morphology, setting and behaviour. Marine

Geology, 213(1-4):343–362.

Hutter, K. and Nohguchi, Y. (1990). Similarity solutions for a Voellmy model of snow

avalanches with finite mass. Acta Mechanica, 82(1-2):99–127.

Ilstad, T., De Blasio, F. V., Elverhøi, A., Harbitz, C. B., Engvik, L., Longva, O., and

Marr, J. G. (2004). On the frontal dynamics and morphology of submarine debris

flows. Marine Geology, 213(1-4):481–497.

165



BIBLIOGRAPHY

Iman, R. L. and Helton, J. C. (1988). An Investigation of Uncertainty and Sensitivity

Analysis Techniques for Computer Models. Risk Analysis, 8(1):71–90.

Imran, J., Parker, G., Locat, J., and Lee, H. (2001). 1d Numerical Model of Muddy

Subaqueous and Subaerial Debris Flows. Journal of Hydraulic Engineering,

127(11):959–968.

Issler, D., De Blasio, F. V., Elverhøi, A., Ilstad, T., Haflidason, H., Bryn, P., and

Lien, R. (2003). Issues in the Assessment of Gravity Mass Flow Hazard in the

Storegga Area Off the Western Norwegian Coast. In Locat, J., Mienert, J., and

Boisvert, L., editors, Submarine Mass Movements and Their Consequences: 1st

International Symposium, pages 231–238. Springer Netherlands, Dordrecht.

Iverson, Richard, M. and Denlinger, P, R. (2001). Flow of variably fluidized granular

masses across three-dimensional terrain 1. Coulomb mixture theory. Journal of

Geophysical Research, 106(B1):537–552.

Iverson, R. M. (1997). The physics of debris flows. Reviews of Geophysics,

35(3):245–296.

Jeong, S. W. (2010). Grain size dependent rheology on the mobility of debris flows.

Geosciences Journal, 14(4):359–369.

Jiang, L. and LeBlond, P. H. (1992). The coupling of a submarine slide and the

surface waves which it generates. Journal of Geophysical Research, 97(C8).

Kelfoun, K. (2011). Suitability of simple rheological laws for the numerical simula-

tion of dense pyroclastic flows and long-runout volcanic avalanches. Journal of

Geophysical Research, 116(B08209).

Kelfoun, K. and Druitt, T. H. (2005). Numerical modeling of the emplacement of

Socompa rock avalanche, Chile. Journal of Geophysical Research, 110.

Kelfoun, K., Giachetti, T., and Labazuy, P. (2010). Landslide-generated tsunamis at
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Shannon, P. M., ÓReilly, B. M., Readman, P. W., Jacob, A. W. B., and Kenyon, N.

(2001). Slope failure features on the margins of the Rockall Trough. Geological

Society, London, Special Publications, 188(1):455–464.

Shi, F., Kirby, J. T., Harris, J. C., Geiman, J. D., and Grilli, S. T. (2012). A high-order

adaptive time-stepping TVD solver for Boussinesq modeling of breaking waves

and coastal inundation. Ocean Modelling, 43-44:36–51.

Shu, C.-W. and Osher, S. (1988). Efficient implementation of essentially

non-oscillatory shock-capturing schemes. Journal of Computational Physics,

77(2):439–471.

Sraj, I., Mandli, K. T., Knio, O. M., Dawson, C. N., and Hoteit, I. (2014). Uncertainty

quantification and inference of Manning‘s friction coefficients using DART buoy

data during the Tohoku tsunami. Ocean Modelling, 83:82–97.

Stefanakis, T. S., Contal, E., Vayatis, N., Dias, F., and Synolakis, C. E. (2014).

Can small islands protect nearby coasts from tsunamis? An active experimental

171



BIBLIOGRAPHY

design approach. Proceedings of the Royal Society A: Mathematical, Physical

and Engineering Sciences, 470(20140575).
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