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“It was the sea coming onto land, the ocean itself picking up its feet and charging

at you with a roar in its throat.”

Richard Lloyd Parry (Ghosts of the Tsunami 2017)
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Abstract

The work presented in this thesis focuses on the development of fast computa-

tional methods for modelling tsunamis. A large emphasis is placed on the newly

redeveloped tsunami code, Volna-OP2, which is optimised to utilise the latest high

performance computing architectures. The code is validated/verified against var-

ious benchmark tests. An extensive error analysis of this redeveloped code has

been completed, where the occurrence and relative importance of numerical errors

is presented. The performance of the GPU version of the code is investigated by

simulating a submarine landslide event.

A first of its kind tsunami hazard assessment of the Irish coastline has been carried

out with Volna-OP2. The hazard is captured on various levels of refinement. The

efficiency of the redeveloped version of the code is demonstrated by its ability to

complete an ensemble of simulations in a faster than real time setting. The code also

forms an integral part of a newly developed workflow which would allow for tsunami

warning centres to capture the uncertainty on the tsunami hazard within warning

time constraints. The uncertainties are captured by coupling Volna-OP2 with a

computationally cheap statistical emulator. The steps of the proposed workflow

are outlined by simulating a test case, the Makran 1945 event. The code is further

utilised to validate and expand upon a new analytical theory which quantifies the

energy of a tsunami generated by a submarine landslide. Some preliminary work

on capturing the scaling relationships between the parameters of the set up and

the tsunami energy has been completed.

Transfer functions, which are based upon extensions to Green’s Law, and machine

learning techniques which quantify the local response to an incoming tsunami are

presented. The response, if captured ahead of time, would allow a warning centre

to rapidly forecast the local tsunami impact. This work is the only chapter in the

thesis which doesn’t draw upon Volna-OP2, but nevertheless showcases another

fast computational method for modelling tsunamis.
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Prof. Miguel Bustamante and Assoc. Prof. Ted Cox. A special mention also to my

supervisors during my undergraduate research internships, Prof. James Gleeson

and Dr. Bojan Niceno. My experiences during those internships sparked a desire

to pursue a postgraduate degree. I would also like to acknowledge my secondary

school Physics teacher, Mr. Stephen O’Hara, who fostered my inquisitive nature

and equipped me with the intellectual tools to tackle undergraduate studies and

postgraduate research.

To all the members of the Wave group (past and present) and ‘lunch crew’, I have

thoroughly enjoyed working alongside you. Thank you for all the great times and

chats we had together. 2020 was a challenging year but the informal Zoom calls

were extremely beneficial for morale!

On a personal note I would like to acknowledge my family, girlfriend and friends. To

my family you have offered never ending support throughout my life and I am for-

ever grateful for this. Thank you Mum, Dad, Ross and Rory. I wouldn’t have made

it here without your love and support. To my Dad, self-appointed ‘research assis-

tant’, thank you for passing on all the supplementary reading material! To Lorna,

I am extremely grateful for your kindness and ever present support throughout this

time. The role of your caring presence can not be overstated, thank you! Finally to

my friends and past flatmates (Alan and Niall), thank you for expressing interest

in my research and providing such great laughs along the way.

vii



Publications and Conferences

Contributed talks

- Jan 2018, Workshop on Coupling Earthquakes and Tsunamis, Bayrischzell, Ger-

many: ‘The 1969 Lisbon Tsunami: A code comparison’ (Poster Presentation)

- Sep 2018, Tsunami Workshop, CEA, DAM, Arpajon, France: ‘Performance Anal-

ysis of Volna-OP2’

- Oct 2018, Extreme Waves and Boulder Deposits Workshop, Fondation Des Treilles,

France: ‘Numerical study on the impact of the Lisbon 1755 tsunami on the Aran

Islands’

- Jan 2019, SIAM Student Conference, University of Limerick, Ireland: ‘Tsunami

modelling with Volna-OP2’

- Mar 2019, Irish Geological Research Meeting, University College Dublin, Ireland:

‘Modelling of the Lisbon 1755 Tsunami’ (Awarded - Highly commended)

- Mar 2019, Tsunami Workshop, CEA, DAM, Arpajon, France: ‘Tsunami Mod-

elling’

- Sep 2019, Tsunami Workshop, CEA, DAM, Arpajon, France: ‘Tsunami Inunda-

tion Mapping of the Irish Coastline’

viii



Publications and Conferences ix

- Oct 2019, South China Sea Tsunami Workshop, Hangzhou, China: ‘Rapid Tsunami

Forecasts Utilising the Extended Green’s Law’

- Dec 2019, SIAM Student Conference, NUI Galway, Ireland: ‘Rapid Tsunami

Forecasts’

- Jan 2020, Earth Institute Showcase Event, University College Dublin, Ireland:

‘Rapidly forecasting localised tsunami wave heights’ (Poster Presentation)

- Apr 2020, UCD Earth Institute Flash Talks Competition: ‘Development of Op-

erational Tools for Tsunami Warning Centres’ (Awarded - Audience Prize)

- May 2020, EGU General Assembly (online): ‘Comparison of local amplification

factors for fast forecast coastal tsunami amplitude modeling based on the extended

Green’s law’ (coauthored with Audrey Gailler)

- Oct 2020, Geological Society of America (online): ‘Modelling with Volna-OP2:

Towards Tsunami Threat Reduction for the Irish Coastline’

- Oct 2020, Mathematics and Statistics seminar, MACSI, University of Limerick

(online): ‘Faster than real time tsunami warning with associated hazard uncertain-

ties’

Media Coverage

- Jun 2020, Local radio interview on the tsunami hazard of Ireland, Morning Focus

with Gavin Grace (Clare FM)

- Jun 2020, ‘Tsunamis pose significant hazard to the south eastern and western

coasts of Ireland, new study suggests’, Print/online media which covered this -

phys.org, oceanfocus.ie, thesun.ie and local media websites.



Publications and Conferences x

Publications

- Istvan Z Reguly, Daniel Giles, Devaraj Gopinathan, Laure Quivy,

Joakim H. Beck, Michael B. Giles, Serge Guillas, Frédéric Dias The

VOLNA-OP2 tsunami code (version 1.5), Geoscientific Model Development, Vol-

ume 11, Pages 4621-4635, 2018 (doi: 10.5194/gmd-11-4621-2018)

- Daniel Giles, Brian McConnell and Frédéric Dias Modelling with Volna-

OP2 – Towards Tsunami Threat Reduction for the Irish Coastline, Geosciences,

Volume 10, Pages 226, 2020 (doi: 10.3390/geosciences10060226).

- Daniel Giles, Eugene Kashdan, Dimitra M Salmanidou, Serge Guillas

and Frédéric Dias Performance analysis of Volna-OP2 – massively parallel code

for tsunami modelling, Computers and Fluids, Volume 209, Pages 104649, 2020

(doi: 10.1016/j.compfluid.2020.104649).

- Daniel Giles, Devaraj Gopinathan, Serge Guillas and Frédéric Dias

Faster than real time tsunami warning with associated hazard uncertainties, Front.

Earth Sci., Volume 8, 2021 (doi: 10.3389/feart.2020.597865)

Technical Report

- Daniel Giles and Frédéric Dias Tsunami inundation mapping of the Irish

Coastline, 2019, Office of Public Works

In Preparation

- Daniel Giles, Audrey Gailler and Frédéric Dias Automative approaches for

capturing localised tsunami response

- Emile Okal, Daniel Giles and Frédéric Dias The energy of a tsunami gen-

erated by submarine landslide



Chapter 1

Introduction

1.1 Overview

Tsunamis are geophysical events which have the capacity to cause extreme de-

struction and damage. They have occurred across all the Earth’s oceans and are

unpredictable in nature. In the last two decades the world became acutely aware

of the destructive nature of these events. On 26th December 2004, the harrowing

images and videos of the Indian Ocean tsunami were broadcast across the globe,

displaying scenes of incomprehensible devastation. The 2004 Indian Ocean tsunami

was the worst tsunami disaster in the world’s history [1]. Although substantial sci-

entific efforts had been carried out prior to this event, it provided a call to action for

the scientific community. How could the severe loss of life and damages of the 2004

event be mitigated in the future? A concerted effort by the scientific community to

mitigate the damage posed by these geophysical hazards ensued [1–3]. Bernard et

al. [2] wrote in a 2006 paper that the greatest contribution that science can make

to society, is to serve it purposefully. Scientific work was focused on developing

tsunami warning centres, deploying tsunami wave gauges, improving the scientific

understanding and modelling capabilities and finally increasing public awareness

[4]. Arguably the most important of these directives is the latter, as tsunamis can

be generated very close to a shoreline, the best method of mitigating the damage

posed is self-evacuation. Substantial efforts have therefore been made on this front,

with numerous community driven education programmes being carried out in areas

most at risk.

1



Introduction 2

On 11th March 2011, the Tōhoku earthquake generated a tsunami off the coast

of potentially the most prepared nation for a natural disaster, Japan. The resul-

tant loss of life and damages; from the earthquake and ensuing tsunami can not

be overstated, with whole coastal communities razed to the ground. The strug-

gles of the surviving communities are still present today nearly 10 years after

the event. However, an uncountable number of lives were spared by functioning

tsunami warning protocols, evacuations and strict building laws. Unfortunately,

key countermeasures were identified to have failed in the aftermath of this unex-

pectedly large tsunami, in particular structural ‘hard’ measures such as coastal

breakwaters, seawalls and water gates [5]. A combination of both ‘hard’ and ‘soft’

(tsunami awareness and self-evacuation) countermeasures are required to prepare

coastal communities for future events. Further, tsunamis do not respect interna-

tional boundaries, therefore a global effort is required when trying to mitigate their

potential damage, with studies from the 2011 event highlighting the trans-oceanic

reach of the Tōhoku tsunami [6]. International collaborations have been formed

post 2004 with tsunami early warning centres being set up across all the major

oceans [7].

The lofty goal of mitigating the damage posed by tsunamis acts as the ever present

motivation for the work presented in this dissertation. The work focuses on the de-

velopment of scientific understanding and modelling capabilities. Tools and meth-

ods which could benefit tsunami early warning centres and coastal communities

have been developed. The Volna-OP2 tsunami code is redeveloped to leverage the

latest computing resources and is utilised to carry out hazard assessments. The

code also forms an integral part of a proposed workflow which captures the haz-

ard uncertainty for a tsunami early warning centre. Automative approaches which

capture the local variability in tsunami hazard have also been developed. Finally,

preliminary work on the development of a theory to capture the energy of a sub-

marine landslide induced tsunami is presented.

1.2 Numerical methods for tsunami modelling

The tsunami community relies heavily on mathematical and computational mod-

elling to carry out hazard assessments and/or provide forecasts. There exists a

rich literature and database of tsunami codes which have been developed to model

tsunami dynamics. Different governing systems such as the nonlinear shallow water
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equations (NSWE) (Eq. (2.1)) or Boussinesq equations have been tackled with a

variety of numerical methods (finite difference, finite element and finite volume).

The regions of applicability and limitations of these governing equations are dis-

cussed further in section 2.1. A brief mention of related works is given as follows

with an emphasis on the finite difference, element and volume discretisations. Note

that other advanced computational techniques such as spectral, pseudo-spectral [8]

and smoothed particle hydrodynamics methods have also been successfully applied

to the governing systems of tsunami dynamics. An overview of the computational

methods utilised in tsunami science can be found here [9].

The most popular governing system of equations are the NSWE. Codes which tackle

these by using a finite difference discretisation include NOAA’s MOST [10], COM-

COT [11] and CENALT [12], while SELFE [13], TsunAWI [14], ASCETE [15] and

Firedrake-Fluids [16] utilise a finite element discretisation. Furthermore, GeoClaw

[17] and HySEA [18] make use of a finite volume discretisation. Codes such as

FUNWAVE [19], COULWAVE [20] and Celerais [21] are capable of capturing the

effect of physical dispersion and thus simulate the Boussinesq equations. Most of

these previously mentioned codes utilise CPUs. While there has been a concerted

effort by the community to develop codes which are capable of leveraging the rapid

speed ups of GPUs [21–25], only HySEA and Volna-OP2 are tsunami codes which

are capable of supporting clusters of GPUs, to the author’s knowledge.

1.3 Tsunami early warning methods

The responsibilities of tsunami early warning centres include detecting tsunami-

genic sources, deducing the level of threat posed, deciding on the areas most at risk

and then notifying the relevant authorities. As tsunami waves can propagate at

extremely high speeds, arrival times on the coastline can be in the order of minutes.

Therefore, severe time constraints compound the difficulties faced by tsunami early

warning centres in providing accurate tsunami wave forecasts.

Tsunamis are long waves that can be generated from a variety of geophysical sources

such as earthquakes, landslides and volcanic explosions. As stated, tsunami early

warning centres are responsible for detecting tsunamigenic sources and in chapter

4 we focus on tsunamis triggered by earthquakes. The detection and inversion

of the seismic signal to constrain the earthquake’s origin, magnitude and physical
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features is the first stage of a warning centre’s workflow. Tsunami warning centres

currently use a variety of techniques in this inversion stage [26–28]. After the

seismic signal has been constrained, the second stage focuses on deducing the level

of threat posed by the tsunamigenic event. The most simplistic approach is a

decision matrix, which gives a crude hazard map based on a specified earthquake

magnitude, location and depth [12]. A more involved approach incorporates the

large databases of pre-computed tsunami simulations from identified sources that

most tsunami warning centres possess for their respective regions. In the event

of a seismic signal being detected, these pre-computed databases are queried for

sources similar to the signal source. The resultant database simulation results

are then combined to inform a warning decision [12, 29]. A different approach

exploits independent multi-sensor measurements to minimize the uncertainty in the

tsunami hazard for ‘near-field’ events, whilst also reducing the number of plausible

representative scenarios from a pre-computed database [30]. Further, building on

these extensive pre-computed database approaches, some centres utilise ‘on the fly’

tsunami simulations to constrain the associated hazard [31]. Real-time tsunami

wave observations, where available, can also play an extremely important role [30,

32].

1.4 Localised response to incoming tsunami

The local bathymetry can have a substantial effect on the resultant tsunami impact

of an area. Providing localised forecasts at strategic locations would therefore

help in the mitigation of damage, as local bays, headlands or other under water

features can amplify or diminish an incoming tsunami wave. Despite the recent

advancements in computing powers and the development of highly efficient tsunami

codes, capturing this local variability can oftentimes be unfeasible in a warning

setting. Traditional high resolution simulations (minimum mesh element size ∼ 10

m) which can capture these localised effects can be too costly to run ‘on-the-fly’.

Alternative approaches which capture the localised response to an incoming tsunami

which are based upon utilising the maximum wave heights from a computationally

cheap regional forecast are developed in this thesis. These alternative approaches

are envisaged to aid in a warning centre’s ability at providing extremely rapid (run-

times O(s)) localised forecasts. The approaches focus upon two different methods:

transfer functions and machine learning techniques. The transfer functions directly
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associate the maximum wave height at a deeper point to that at a shallower point

by considering the respective water depths. These transfer functions are derived

from Green’s Law (Eq. (5.1)), with recent extensions having been made [29, 33].

The extended versions introduce site specific amplification parameters, with the

aim of capturing the neglected localised effects. An automative approach which

optimises for these site specific parameters is outlined in chapter 5 and the perfor-

mance of these transfer functions are explored. A machine learning model, which is

motivated by the model outlined in [34], is also trained and utilised to predict the

localised tsunami hazard. The performance of which is compared to the extended

Green’s Law approach.

1.5 Ireland’s tsunami hazard

The most recent tsunami in the history of Ireland is the 1755 Lisbon event, which

based on a descriptive historical report [35] produced ≈ 2 m waves in Kinsale

(south coast). A similar tsunami nowadays would cause much damage because of

the larger number of boats and also pose a danger to human life, the extents of

which are explored in chapter 3. The other dominant threat of a potential tsunami

affecting the Irish shoreline is from a Mid-Atlantic submarine landslide. A tsunami

generated from such an event could not only produce 4 to 5 m waves in Belmullet

(north west coast) but also generate complex motions in the surrounding bays.

Extensive studies have been carried out on the collapse of the Rockall bank slide

complex, located off the north west coast of Ireland, and the subsequently generated

tsunami [36].

On 27th September 2016, nations on the Atlantic, Mediterranean and Black Sea

decided to strengthen their tsunami warning systems by giving France, Greece,

Italy and Turkey a regionwide alert role. The French CENALT Tsunami Service

Provider for the Northeast Atlantic now includes tsunami forecast points around

the Irish coast in their wave calculations. The decision to appoint the various coun-

tries to a regionwide alert role was taken during a meeting of the 39-country Inter-

governmental Coordination Group for the Tsunami Early Warning and Mitigation

System in the Northeastern Atlantic, the Mediterranean and Connected Seas – the

ICG/NEAMTWS. An estimated 130 million people live on the ICG/NEAMTWS

countries’ coasts and the numbers increase considerably during the tourist season.
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Geological Survey of Ireland (GSI) is the Irish national lead delegate to the UN-

ESCO/IOC NEAMTWS. The Department of Communications, Climate Action &

Environment is the Lead Government Department for tsunami emergency manage-

ment.

1.6 Outline of dissertation

The following outlines the topics of the various chapters of this dissertation. Chap-

ter 2 draws upon the published work in VOLNA-OP2 tsunami code (version 1.5)

[37] and Performance analysis of Volna-OP2 – massively parallel code for tsunami

modelling [38]. The chapter outlines the redeveloped finite volume NSWE solver

Volna-OP2. A thorough validation/verification, error analysis and performance

analysis is presented. Chapter 3 showcases a use case of the Volna-OP2 code. A

tsunami hazard assessment of the Irish coastline has been carried out using Volna-

OP2, where this work draws upon the published work Modelling with Volna-OP2 –

Towards Tsunami Threat Reduction for the Irish Coastline [39]. The hazard along

the Irish coastline is captured on three gradated levels, with the mesh resolution

of the simulations increasing with each level. A faster than real time simulation

ensemble of the 1755 Lisbon tsunami, highlights the parallelised performance of

the redeveloped Volna-OP2. Chapter 4 showcases published work, Faster than real

time tsunami warning with associated hazard uncertainties [40], where the mas-

sively parallelised Volna-OP2 is coupled with a computationally cheap statistical

surrogate model to provide tsunami warnings with associated uncertainties. Chap-

ter 5 continues with the tsunami warning topic but captures the localised tsunami

hazard (maximum wave heights) by considering transfer functions and/or machine

learning techniques instead of computationally expensive high resolution simula-

tions. Chapter 6 presents some preliminary work on the development of a theory

which captures the energy of a landslide induced tsunami. The theory is validated

and expanded upon by the use of Volna-OP2. A brief parameter study is also pre-

sented, but the results are noted to be tentative and more work is required. At the

end of chapters 2 – 6, a short summary of the work presented is provided (bullet

point form). These short summaries are expanded upon in the final chapter of the

dissertation (chapter 7), where concluding remarks and plans for future work are

also presented.



Chapter 2

Volna-OP2

2.1 Governing system of equations

The incompressible Euler equations with a free surface capture the full dynamics

of tsunamis. However, from a computational perspective, these equations are often

too expensive to solve. One can simplify these equations by utilising the charac-

teristic length scales involved in modelling tsunamis. By introducing the following:

a0 = amplitude of the wave, λ = wavelength of the tsunami and h0 = water depth

and by defining two non-dimensional parameters

ε =
a0
h0

(nonlinear parameter) and µ2 =

(
h0
λ

)2

(dispersion parameter),

one can carry out asymptotic analysis to generate simpler systems of equations.

The nonlinear shallow water equations (NSWE) or Boussinesq variants [41] are

examples of such. Each system of equations has its own region of applicability. The

NSWE retain the first order nonlinear terms while neglecting the dispersion terms.

The regions of applicability and ultimately the role of dispersion are discussed in

[42].

Physical dispersion can play a role in tsunami dynamics, and in particular when

dealing with landslide events. However, the downside of including the effects of

dispersion is the added computational complexity of the system of equations. The

7
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new parallelised version of Volna is built upon a domain-specific language (DSL)

OP2 [43]. This DSL is designed for unstructured mesh calculations with explicit

temporal schemes. Thus, implementing the implicit schemes necessary in modelling

the dispersion terms is not feasible in Volna-OP2. More details on OP2 and the

porting of Volna to this DSL are given in section 2.3. However, for cases where the

effect of dispersion can be neglected [42], this increased computational efficiency

from the parallelised version is extremely beneficial.

2.1.1 Nonlinear shallow water equations

As stated by neglecting the effects of physical dispersion and retaining the first

order nonlinear terms, one yields the NSWE:

∂H

∂t
+∇· (H~u) = 0, (2.1)

∂(H~u)

∂t
+∇· (H~u⊗ ~u+

g

2
H2I) = −gH∇h, (2.2)

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 acceleration due to gravity. 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 [44] is implemented in the code.

2.2 Numerical scheme

2.2.1 Spatial discretisation

A cell-centered finite volume numerical method is used for the spatial discretization

in Volna-OP2 [45]. The numerical flux implemented in a numerical algorithm has

to ensure that some standard conservation and consistency properties 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
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flux of the same state. In Volna-OP2 the Harten-Lax-van Leer (HLL) numerical

t

x0

sR

wL

sL

wR

w*

Figure 2.1: The approximate Riemann fan

flux is selected to ensure these conditions are met [45]. The HLL approximate

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

configuration for the exact solution [46]. The wave speed chosen according to [47]

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. 2.1). The subscripts

R and L are used to represent the right and left cell values respectively. The

intermediate state is denoted by ~w∗, where ~w is a vector of the conserved variables

(H,Hu,Hv). 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,

(2.3)

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 intermediate state

can be determined by applying the Rankine-Hugoniot conditions twice [45]. It then

derives that:

~w∗ =
sR ~wR − sL ~wL − (~FR − ~FL)

sR − sL
, (2.4)

~F ∗ =
sR ~FL − sL ~FR + sLsR(~wR − ~wL)

sR − sL
. (2.5)
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In Volna-OP2 the wave speeds are computed as:

sL = min(unL − cL, u∗n − c∗),

sR = max(u∗n + c∗, unR + cR), (2.6)

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

u∗n =
1

2
(unL + unR) + cL − cR, (2.7)

c∗ =
1

2
(cL + cR)− 1

4
(unR − unL), (2.8)

where cR =
√
gHR and cL =

√
gHL are the gravity wave speeds for the right and

left state of the system respectively and ~nLR denotes the vector along the shared

face between the right and left states. The shortcoming of the HLL scheme is

that it cannot resolve isolated contact discontinuities. It can thus become quite

dissipative.

HLLC Flux Solver

In order to resolve the contact discontinuities, the following flux solver was proposed

by Toro [48] as an extension to the HLL one above. This extended version (HLLC) is

also available in Volna-OP2. The extension takes into account shear waves (contact

discontinuities) and is thus more accurate when simulating a 2D problem. The

starred region in the Riemann fan is now separated by a contact wave (Fig. 2.2).

The wave speeds of sL and sR are calculated as above (Eq. (2.6)) for the HLL flux

solver and s∗ is estimated by the following,

s∗ =
sLHR(u⊥R − sR)− sRHL(u⊥L − sL)

HR(u⊥R − sR)−HL(u⊥L − sL)
.

The HLLC numerical flux is then defined as,

ΦHLLC(wL, wR) :=



FL, sL ≥ 0,

F ∗L, sL < 0 ≤ s∗,

F ∗R, s∗ < 0 ≤ sR,

FR, sR < 0,

(2.9)
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where the components of F ∗L/R correspond to the flux of (H,Hu⊥, Hu‖) across the

interface. As there is a discontinuity of the parallel velocities across the shear wave,

F ∗L/R is given by

F ∗L/R = (F ∗1 , F
∗
2 , F

∗
1 u
‖
L/R),

where F ∗ is obtained using (Eq. (2.10)) (subscript 1 and 2 correspond to the first

and second components),

F ∗ =
sRFL − sLFR + sLsR(wR − wL)

sR − sL
. (2.10)

The normal and parallel components of the numerical flux (F ∗) are then trans-

formed back to the conserved variables (H,HU,HV ) before updating the cell’s

values.

Figure 2.2: Riemann fan for the HLLC flux solver, notice the introduction of
the intermediate state in the starred region.

2.2.2 Temporal discretisation

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

Kutta method for the temporal discretization in Volna-OP2. In the current version

of the code the optimal second order two stage Runge-Kutta scheme SSP-RK(2,2)
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is used, with optimal Courant-Friedrichs-Lewy (CFL) condition equal to 1. The

scheme is given as follows:

~w(1) = ~w(n) + ∆tL(~w(n)) ,

~w(n+1) =
1

2
~w(n) +

1

2
~w(1) +

1

2
∆tL(~w(1)) , (2.11)

where L(~w) is defined as the finite volume space discretization operator. The

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

Kutta scheme is very robust, especially in handling discontinuities. However, the

scheme is both dissipative and numerically dispersive [49]. Dissipativity causes a

leak of energy from the system while numerical dispersion leads to either phase lag

or phase lead. A full explanation of these phenomena is given in section (2.4.2).

2.2.3 Second order extension

The classical finite volume schemes are only first order accurate in space, which is

insufficient for most modern computational simulations. Simulating a real tsunami

case with a first order accurate scheme would require an unfeasible mesh resolution

to obtain meaningful results. So in order to yield second order accuracy in space,

a reconstruction technique is implemented. One must ensure that the scheme is

total variation diminishing (TVD), i.e. no artificial maxima and minima are intro-

duced. Thus, within Volna-OP2 a MUSCL (Monotone Upstream-centered Scheme

for Conservation Laws) scheme is implemented. The second order spatial accuracy

is achieved by reconstructing the conserved variables on the cell interfaces. The

reconstruction relies on calculating the gradient of a conserved variable over a cell

and projecting the reconstructed value on the interface. Within Volna-OP2, a least

squares gradient reconstruction and Barth-Jesperson limiter [50] are implemented.

The reconstructed values given below (Eq. (2.12)) are then used in the numerical

flux calculation:

~w( ~xf ) = ~wK + αK(∇~w)K · ( ~xf − ~x0) , (2.12)

where ~w is a vector of conserved variables, ~w( ~xf ) is the conserved variable evaluated

at the interface, αK is the cell specific conserved variable limiter, (∇~w)K is the cell

centred gradient and ~xf − ~x0 is a vector pointing from the cell-centre to the face

centre. To avoid large gradients being calculated in the wet/dry region of the
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domain a threshold depth has been introduced to ensure that the code remains

stable. When the depth goes below this threshold the scheme doesn’t carry out a

reconstruction. This threshold depth is set to be Hthreshold = 10−6m. However, it

has been found that a conservative value can ensure greater stability, for example

in section (2.4.1), Hthreshold = 10−5m. For the real case (section (2.5)), Hthreshold =

10−3m. At present these values are found through a trial and error approach but

more research is required on the optimisation of this threshold depth.

2.2.4 Boundary conditions - Wall/solid boundary

For a full explanation on the treatment of boundary conditions the reader is referred

to [45]. However, the case of a wall/solid boundary is given here. For all boundary

conditions a ghost cell technique is used. Values of the conserved variables on the

ghost cells are defined based on the type of boundary condition needed. In the

following, cell L is defined to be inside and cell R (ghost cell) is outside of the

domain. The boundary of the domain is the common edge between cell L and cell

R.

For a wall/solid boundary, ~u · ~n = 0, where ~u is the flow velocity and ~n is the

normal vector to the boundary edge. To ensure that this is satisfied, the tangential

(~u‖) and normal (~u⊥) velocities for the ghost cell are set to be equal and opposite

to the those of the interior cell respectively:

~u⊥R = −~u⊥L ,

~u
‖
R = ~u

‖
L . (2.13)

2.3 Parallelisation

When Volna was first developed in 2011 [45] it was naturally a serial code. However,

the code underwent a series of parallelisations culminating in the present Volna-

OP2 version. The main parallelisation of the serial code occurred when it was built

upon the OP2 domain-specific language (DSL) for unstructured mesh computations

[43]. This DSL enables unstructured mesh calculations to be expressed at a high

level, with a suite of automated tools to translate the scientific code into a wide

range of targeted high performance implementations. OP2 makes use of various
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parallelisation approaches: MPI, OpenMP and CUDA. It allows for the Volna

numerical algorithms to be written once, which in turn are then automatically

parallelised to use multiple CPUs and GPUs. This parallelisation of Volna resulted

in a huge improvement in the codes scalability and performance [37, 38]. It has

enabled the code to be used for various extremely computationally expensive tasks

like building statistical emulators [51, 51–54], carrying out sensitivity analysis and

stochastic inversions [55]. Extensive details on the parallelisation approaches used

in OP2 can be found in [43, 56] and details on the integration of Volna into OP2

are given in [37].

2.4 Verification/Validation

2.4.1 Benchmark test with analytical solution

The two dimensional case of a radially symmetric paraboloid is implemented fol-

lowing the analytic solution initially proposed by Thacker [57]. This solution is

available in the SWASHES (Shallow-Water Analytic Solutions for Hydraulic and

Environmental Studies) library [58]. The major aim of SWASHES is to aid numer-

ical 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 given

by:

z(r) = −h0
(

1− r2

α2

)
, (2.14)

where r =
√
x2 + y2 for each (x, y) ∈ [−L

2
, L
2
] × [−L

2
, L
2
], where L is the length of

the domain, h0 is the water depth at the central point of the domain when the

shoreline elevation is zero and α is the horizontal distance from the central point

to the shoreline with zero elevation (Fig. 2.3).
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h0

Figure 2.3: Geometry of the domain used for the analytic solution following
[58]

The free surface elevation h(r, t) and the velocity components 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), (2.15)

u(x, y, t) =
1

1− A cos(ωt)

[
ωA sin(ωt)

2

(
x− L

2

)]
, (2.16)

v(x, y, t) =
1

1− A cos(ωt)

[
ωA sin(ωt)

2

(
y − L

2

)]
, (2.17)

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 the values proposed in [58] are followed, where α = 1m, r0 = 0.8m,

h0 = 0.1m, L = 4m, and T = 3(2π/ω).

The free surface elevation in three positions (x1, y1) = (0, 0)m (centre of the do-

main), (x2, y2) = (0.5, 0)m, and (x3, y3) = (1, 0)m (shoreline) is recorded. Fig.

2.4 highlights a top-down view of the bathymetry and the locations of the wave
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gauges. In numerical simulations with Volna-OP2 the free surface elevation at the

three positions is modelled with various spatial resolutions as a function of time up

to tfin = 10 s. An analytic solution at time t = 0 is chosen as an initial condition

and ∆t = 0.45∆x for the simulations. This was chosen as it was found to be stable

for all the mesh resolutions.
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Figure 2.4: Plot of the bathymetry (parabolic bowl) using the parameters
outlined by [58]. The colour coding matches the height of the bathymetry. The

locations of the virtual gauges are marked by the black stars.

The results of the numerical simulations are shown in (Fig. 2.5) – (Fig. 2.7). It is

noted that at the shoreline position (Fig. 2.7) one observes a discrepancy between

the numerical and analytical solutions. For the gauge points Volna-OP2 outputs

the water height referenced to the resting water level. When the water level runs

down and the water height becomes zero, the surface elevation in Volna-OP2 is set

to a threshold value (equal to the topographic height) while the analytical solution

allows for unfeasible negative surface elevations to be produced. The initialisation
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step of the simulation can also be seen in (Fig. 2.7) at t0 = 0, where Volna-

OP2 takes the analytical solution for the surface elevation and sets it equal to the

threshold value.
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Figure 2.5: Comparing numerical and analytic solutions in time at (x1, y1) =
(0, 0)m (centre of the domain), where the analytic solution – black dashed, ∆x =
∆y = 0.024m – green, ∆x = ∆y = 0.012m – blue, and ∆x = ∆y = 0.006m – red.
In the numerical simulations, ∆t = 0.45∆x. The dashed box is the boundaries

of (Fig. 2.8).

The finest mesh (∆x = ∆y = 0.006m) yields a representation closest to the surface

elevation given by the analytic solution. The discrepancies between the meshes can

only be seen by zooming in on the plots (Fig. 2.8). Focusing on the centre of the

domain, the absolute difference between the analytic and the numerical free surface

elevation over time (Fig 2.9) is plotted. The centre point is chosen as it remains

‘wet’ for the whole simulation. This negates the possibility of false errors when

compared to the analytical solution at wet/dry points. Further, an investigation

into the errors obtained at points surrounding the centre yielded results similar

to the results at the centre, but with the absolute error being less. This can be

explained by the fact that the set up is radially symmetric, and the errors propagate

towards and coincide at the centre point.

Turning to (Fig. 2.9), the numerical error is always larger for the coarser meshes.

There appears to be a temporal regularity in the occurrence of the large spikes,
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Figure 2.6: Comparing numerical and analytic solutions in time at (x2, y2) =
(0.5, 0)m, where the analytic solution – black dashed, ∆x = ∆y = 0.024m –
green, ∆x = ∆y = 0.012m – blue, and ∆x = ∆y = 0.006m – red. In the

numerical simulations, ∆t = 0.45∆x.
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Figure 2.7: Comparing numerical and analytic solutions in time at (x3, y3) =
(1, 0)m (shoreline), where the analytic solution – black dashed, ∆x = ∆y =
0.024m – green, ∆x = ∆y = 0.012m – blue, and ∆x = ∆y = 0.006m – red. In
the numerical simulations, ∆t = 0.45∆x. The shoreline forbids the numerical

solutions to go below zero.

this point will be returned to in section (2.4.2). In order to gain an idea on the

numerical order of the scheme, a convergence study is carried out. The L∞ norm
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Figure 2.8: Zoom in on the plot of the gauge at the centre of the domain
(x1, y1) = (0, 0)m, one can observe the effect of the mesh size on the accuracy.

is calculated at 10 s over the whole 2D domain, thus including the wetting/drying

points, for the various mesh resolutions (0.048 – 0.003) m and then plotted versus

the characteristic mesh size (Fig. 2.10). As the solution at t = 10 s has run up

the sides of the parabolic basin, no false errors with respect to negative surface

elevations from the analytical solution are calculated for the wet/dry points.

As the absolute difference between the numerical and analytical solution decreases

with mesh resolution (Fig. 2.9) and the slope of the L∞ norm, calculated for the

whole 2D domain and plotted against the mesh size (Fig. 2.10), approximates a

slope of 2, the errors of the numerical scheme are found to be of the order of O(h2).

Thus, the results shown in (Fig. 2.9) and (Fig. 2.10) highlight that the scheme

is second order accurate in space. However, the role of numerical dispersion and

dissipation has not been explored and they should be accounted for when running

long time tsunami simulations. These issues are discussed in section (2.4.2).

To check the temporal discretization error the mesh size is kept constant at ∆x =

∆y = 0.006m and the time step is varied by adjusting the constant connecting the

spatial and temporal resolutions. Three values are chosen: ∆t = (0.333, 1, 1.2)∆x

and the test is run for a longer time tfin = 100s. The results of the simulations are

shown in Figs. 2.11 and 2.12.
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Figure 2.9: Absolute difference between the analytic and the numerical free
surface elevation over time at the centre of the domain (x = y = 0)m for spatial
resolution: ∆x = ∆y = 0.003m – yellow line, ∆x = ∆y = 0.006m – red,

∆x = ∆y = 0.012m – blue, ∆x = ∆y = 0.024m – green; ∆t = 0.45∆x.
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Figure 2.10: Convergence rate of the L∞ norm, calculated over the whole 2D
domain at t = 10s. As the slope approximates to the value 2, Volna-OP2 with

the MUSCL extension is 2nd order accurate in space, i.e. the error is O(h2).
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Figure 2.11: Solution at the centre of the domain (x = y = 0m) for various
time steps with fixed spatial resolution ∆x = ∆y = 0.006m: the analytic solution
– black dash line, ∆t = 0.333∆x – green, ∆t = ∆x – blue, and ∆t = 1.2∆x –
red. Arrows point towards the areas highlighted in the subplots (Fig. 2.12a and

Fig. 2.12b).

Changes in time-step within the stability limits while keeping the same spatial

resolution almost do not affect the accuracy of the solution (Fig. 2.11). This is

highlighted in Fig 2.12 where the plots of the numerical solution with various time

steps overlap each other. However, comparing the subplots of Fig. 2.12 as time

goes on, one observes a damping of the numerical signal and a phase shift. The

Runge-Kutta scheme implemented in the code is dissipative and therefore a leak

of the energy from the system is expected, thus one can expect the damping of

the numerical signal. Reasons for the phase shift in the signal will be explained in

section (2.4.2). Overall, the results from this section show that the space discreti-

sation has a strong influence on the solution, while reducing the time step has no

visible effect.

2.4.2 Error analysis

The exact solution of the discretized equations satisfies a PDE which is generally

different from the one to be solved. The original equation is replaced with the
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Figure 2.12: Zoom in on Fig. 2.11 for two different time windows (Top (a):
t = 8.79 − 9.15s and Bottom (b): t = 98.5 − 98.86s). The difference between
the numerical solution with various time steps is not noticeable in each subplot.
However, one can see a damping and phase shifting of the numerical signal when

comparing the bottom (2.12b) and top subplot (2.12a).

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
. (2.18)

The even-order derivatives on the right-hand side produce an amplitude error, or

numerical dissipation. The odd-order derivatives on the right-hand side produce

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

errors) and ”smearing” (amplitude errors) respectively. A negative dispersion co-

efficient corresponds to phase lagging (i.e. harmonics travel too slowly), while pos-

itive dispersion coefficients yield phase leading with spurious oscillations occurring

ahead of the wave.
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According to the Lax-Richtmyer Equivalence Theorem [59], 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. 2.10) that

the numerical solution is second order accurate. Taking into account that the time

step is proportional to the spatial resolution that we call h, one can write that the

total error is of the order O(h2). To analyse the role played by the dissipation and

dispersion errors, the error is rewritten as

E(t) =
∞∑
p=2

Cp−1(t)h
p, (2.19)

where Cp−1(t) incorporates all the constants included in the error formula. Choos-

ing the three leading terms of this expansion gives:

E(t) ≈ C1(t)h
2 + C2(t)h

3 + C3(t)h
4. (2.20)

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 dis-

sipation error terms. Assuming that the remaining terms are significantly smaller

and can thus be neglected. Next we go back to the simulations with various spatial

resolution discussed in section (2.4.1). For each of the three grids, we have the

absolute error as a function of time. Defining the spatial resolution h = 0.024m,

two other grids have the resolution h/2 and h/4. The system of equations has the

form:

4∑
p=2

Cp−1(t)
hp

(2k−1)p
= Ek(t), k = 1, 2, 3 (2.21)

and its solution is

C1(t) =
E1(t)− 24E2(t) + 128E3(t)

3h2
, (2.22)

C2(t) = −2[E1(t)− 20E2(t) + 64E3(t)]

h3
, (2.23)

C3(t) =
8[E1(t)− 12E2(t) + 32E3(t)]

3h4
. (2.24)

The plots below show the composition of the total error for each of the grids (Fig.

2.13 – Fig. 2.15). In order to give an idea on the temporal occurrence of the errors,
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the surface elevation at the center is scaled by the maximum value for the errors

and plotted on the same figure.
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Figure 2.13: Decomposition of the absolute error at the centre of the domain
(x = y = 0m) for a spatial grid with resolution of ∆x = ∆y = 0.024m and
CFL=0.45. The colours correspond to: the truncation error – green, the third
order error – red, the fourth order error – blue, the total error – black. The black
dashed line is a scaled plot of the surface elevation at the centre of the domain

over time.

In all the error decompositions, the components tend to cancel each other, which

results in the total error being less than the individual components. However, the

leading dispersion error is a dominant component for all the total errors. The

leading dispersion error exhibits large negative spikes. This points towards phase

lagging, particularly when the surface elevation is transitioning between negative

and positive values (or vice-versa) at the center of the domain. These large nega-

tive spikes in the leading dispersion error coincide with positive spikes in either the

truncation or 4th order dissipative errors. For finer grids the truncation error (lead-

ing dissipation error) plays a dominant role. For the larger grid the negative spikes

are balanced by the 4th order dissipative error (Fig. 2.13). Despite this balancing

act, the largest total errors coincide with the large spikes in the leading dispersion

error. The main culprit for this is the radially symmetric nature of the domain.

The errors (dominated by the phase lagging) from surrounding points coalesce at

the centre when the surface elevation transitions through the 0 level.
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Figure 2.14: Decomposition of the absolute error at the centre of the domain
(x = y = 0m) for a spatial grid with resolution of ∆x = ∆y = 0.012m and
CFL=0.45. The colours correspond to: the truncation error – green, the third
order error – red, the fourth order error – blue, the total error – black. The black
dashed line is a scaled plot of the surface elevation at the centre of the domain

over time.

This error analysis is important when considering real cases – see section (2.5) –

as any error could be dominated by either the leading dispersion or dissipation

terms. However, this numerical dispersion term could compensate for the fact that

physical dispersion is neglected in the nonlinear shallow water equations, as shown

by [60].
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Figure 2.15: Decomposition of the absolute error at the centre of the domain
(x = y = 0m) for a spatial grid with resolution of ∆x = ∆y = 0.006m and
CFL=0.45. The colours correspond to: the truncation error – green, the third
order error – red, the fourth order error – blue, the total error – black. The black
dashed line is a scaled plot of the surface elevation at the centre of the domain

over time.
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2.4.3 National Tsunami Hazard Mitigation Program (NTHMP)

benchmark problems

The original version of Volna was thoroughly validated against the National Tsunami

Hazard Mitigation Program (NTHMP) benchmark problems [45]. A brief look at

how the new implementation performs with regards to two benchmark problems

is given below. The reader is referred to the original paper [45] or the NTHMP

website for further details on the set-up of the benchmark problems.

Benchmark problem 1 - Solitary wave on a simple beach

The analytical solution to the run up of a solitary wave on a sloping beach was

derived by [61]. Thus, in this benchmark problem one compares the simulated

results with the derived analytical solution.

Set Up

The beach bathymetry comprises of a constant depth (d) followed by a sloping

plane beach of angle β = arccot(19.85). The initial water level is defined as a

solitary wave of height η centered at a distance L from the toe of the beach and

the initial wave-particle velocity is proportional to the initial water level.

H(x, 0) = ηsech2(γ(x−X1)/d), (2.25)

u(x, 0) = −
√
g

d
H(x, 0), (2.26)

where x = X0 = dcot(β), L = arccosh(
√

20)/γ, X1 = X0 + L, and γ =
√

3η/4d.

For this benchmark problem the following ratio must also hold: ηt/d = 0.019.

Tasks

In order to verify the model, the wave run up at various time steps (Fig. 2.16)

and the wave height at two locations (x/d = 0.25 and x/d = 9.95) (Fig. 2.17) are

compared to the analytical solution. The test is run on a node of CSD3 Wilkes2

utilising a Nvidia P100 GPU.

It can be seen from the plots (Fig. 2.16) that the agreement between numerical

results and the analytical solutions is very good. So therefore, the new imple-

mentation of the model is able to accurately simulate the run-up of the solitary

wave.
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Figure 2.16: Solitary wave on a simple beach - Comparison between the sim-

ulated run-up and analytical solution at the shoreline (Time = 35, 45, 55, 65√
d/g). Solid line - Volna-OP2, Dashed line - Analytical Solution, Thick line -

Beach
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Figure 2.17: Solitary wave on a simple beach - Comparison between Volna-

OP2 and solution at different locations: (a) x/d = 0.25: Notice that the location

becomes ‘dry’ for t ≈ (67
√
d/g − 82

√
d/g), (b) x/d = 9.95.

Benchmark problem 2 - Wave run-up onto a complex 3D beach

This benchmark problem involves the comparison of laboratory results for a tsunami

run up onto a complex 3D beach with simulated results. The laboratory experi-

ment reproduces the 1993 Hokkaido-Nansei-Oki tsunami which struck the island

of Okushiri, Japan. The experiment is a 1:400 scale model of the bathymetry and

topography around a narrow gully and the tsunami is an incident wave fed in as a
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boundary condition.

Set up

The computational and laboratory domain corresponds to a 5.49 m by 3.40 m wave

tank and the bathymetry for the domain is given for 0.014 m by 0.014 m grid cells.

The incoming wave is incident on the x=0 m boundary and is defined for the first

22.5s (Fig. 2.18(a)), after which it is recommended that a non-reflective boundary

condition be set. At y=0, y= 3.4 and x=5.5 m fully reflective boundaries are to be

defined.

Tasks

The validation of the model involves comparing the temporal variation of the mov-

ing shoreline, the water height at fixed gauges and the maximum run up. For the

basis of this brief validation, the water height at three gauges installed in the tank

are compared, located at (4.521 m, 1.196 m), (4.521 m, 1.696 m) and (4.521 m,

2.196 m).
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Figure 2.18: Benchmark Problem 2: (a) The incoming water level incident on

the x=0m boundary, Comparison between Volna-OP2 and laboratory results at

different locations: (b) x=4.521 m, y=1.196 m, (c) x=4.521 m, y=1.696 m, (d)

x=4.521 m, y=2.196 m

It can be seen from the gauge plots on Fig. 2.18(b-d) that the first elevation

wave arrives between 15 and 25 s. The overall dynamics of this elevation wave is

accurately captured by the model at all the gauges, particularly the arrival time and

initial amplitude. Considering the results of the two benchmark tests and the full
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validation of the original Volna code, one can see that the new implementation still

preforms satisfactorily and is consistent with the previous version. The benchmark

was run on a 24-core Intel(R) Xeon(R) E5-2620 v2 CPU.

2.5 Performance analysis

In this section an actual tsunami simulation carried out on a general purpose GPU

(Nvidia Tesla V100 card, with 5,120 CUDA cores, 16GB max memory size) is dis-

cussed. The domain size is 800 × 1000 km and the physical simulation time is 1

hour. The simulation corresponds to a hypothetical scenario of edge volume collapse

(765 km3) at the Rockall Bank Slide Complex. A geophysical study of the event

taking into account volumetric, rheological and multiphase collapse considerations

has been done under a different framework [62]. Convergence using a simple ap-

proach of material with visco-plastic rheology sliding in one go was demonstrated.

The collapse takes place in the submarine domain. To reconstruct the pre-slide

morphology two centres of collapse are considered in the North upper and lower

slope regions (as identified by [63]). The pre-slide mass (t0 = 0) is represented by

two Gaussians spreading symmetrically on the slope region. The one-fluid version

of the code VolcFlow [64] is employed for the underwater flow simulations. The

time-dependent bathymetry displacement is used as an input in Volna-OP2. This

time-dependent bathymetry is incorporated into Volna-OP2 by reading in updated

bathymetry files at specific time stamps. As one has to ensure that the temporal

occurrence of the bathymetry changes is consistent for each simulation, there is a

constraint on the time stepping for each simulation. For this study we have chosen

four gauges marked by the red dots in Fig. 2.19 to present the evolution of the

tsunami as a function of time in Fig. 2.20.

The role of physical dispersion for this landslide event has been discussed in [36].

Drawing on the findings of [42] it was shown that the effects of physical dispersion

warrant further exploration. However this is beyond the scope of the present study.

As we present relative differences in mesh resolutions, it is not of interest here.

Overall, the numerical simulations with varying spatial discretisation behave sim-

ilarly. Notable differences can be seen at gauge 4 (Fig. 2.20d), where unresolved

bathymetric features of the continental shelf play a role. To investigate the numer-

ical differences focus is placed upon the output at gauge 3 (Fig. 2.20c). The reason
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Figure 2.19: Computational domain used in the simulation with the region of
collapse marked by the black box and the four gauges marked with red dots.

for choosing this gauge is to minimise the effects of these unresolved bathymetric

features as the bathymetry between this gauge location and the landslide source is

relatively flat. The maximum wave amplitude of the initial tsunami wave at gauge

3 (Fig. 2.20c) is highlighted. As there is no true solution to compare with for this

real case we will take the simulation results from the finest mesh ∆x = ∆y = 450m

as the ground truth. Relative differences between this ground truth and the other

simulations are presented in Fig. 2.21 and Table 2.1. When comparing the signals

(Fig. 2.21), the coarser meshes exhibit phase lagging and/or damping of the signal,

i.e. the maximum tsunami wave arrives later and its amplitude is diminished. This

behaviour was highlighted in the previous error analysis – section 2.4.2 – and is

thus expected. Only the consistency (not the accuracy) of the algorithm is shown

by the similar behaviour of the simulations and the convergence towards the so-

lution of the finest mesh (with the theoretically proven convergence rate (section

2.4.1)). The numerical solutions’ accuracy is implied through the satisfaction of

the boundary conditions and an understanding of the physics behind the solution.
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Figure 2.20: Results of the numerical simulations at four gauges from left to
right on Fig. 2.19, sorted horizontally starting from the upper left corner. Each
plot includes four tests with different spatial resolution: ∆x = ∆y =(2050m -
red line, 1000m - green line, 600m - blue line, 450m - black dashed line) run for
1 hour. The gauges coordinates (from left to right, from top to bottom) are: a
- (350km, 500km), b - (400km, 450km), c - (500km, 350km), and d - (545.8km,

312.2km).

An explanation of this point can be found here [65].

It should be noted that for cases which utilize non-uniform mesh resolutions the

same error analysis findings will hold true. If the mesh is non-uniform (i.e the char-

acteristic length scale of the cells vary across the domain), the analysis addresses

the worst possible scenario and scales all cells by the largest for error computations.

Thus, one would expect to see similar behaviour regarding numerical dissipation

and dispersion.

Turning to the performance of Volna-OP2 on the GPU, Table 2.2 and Fig. 2.22

summarise the runtimes for the various mesh resolutions. As outlined above, the

changing bathymetry due to the slide is incorporated into Volna-OP2 by reading in
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Figure 2.21: Zoom in on the maximum wave amplitudes of the initial tsunami
wave at gauge 3 (Fig. 2.20c) simulated using the varying mesh resolutions.

Resolution δη [m] δt [s]

600 0.08 2.4
1000 0.47 2.0
2050 1.66 12.4

Table 2.1: Relative differences in wave height and arrival time of initial wave
at gauge 3 between the coarser meshes and finest one (Fig. 2.20). δη = the
difference in maximum wave height and δt = the time delay between the arrival

of the maximum wave.

simple text files with the updated bathymetry values. In order to ensure that the

slide proceeds at the correct velocity and these files are read in at the correct time

stamps, a constraint on the timesteps (dt) must be implemented. For each of the

simulations a trial run is carried out with a stable CFL value to find the optimum

timestep. As the timestep is dependent on the minimum mesh element size, the

simulations with the finer meshes require a smaller timestep and thus a larger

number of steps to complete the hour simulation. Despite the different timesteps

used, the rate at which the bathymetry is updated is kept constant across all the

simulations, with the bathymetry updated every 1.6 s. Defining a speed metric

Eq. (2.27), all simulations produce a value greater than 131,885,893 cells x timesteps
s

.
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∆x = ∆y [m] Number of cells Run Time [s] Timestep dt [s] steps speed [ cells x timesteps
s

]

2050 492,374 8.4 1.6 2,250 131,885,893
1000 2,062,028 57.1 0.8 4,500 162,506,585
600 5,744,312 297.0 0.4 9,000 174,070,061
450 10,218,002 523.0 0.4 9,000 175,835,598

Table 2.2: Volna-OP2 performance on a GPU.

With Fig. 2.22 showing the time per time step against number of cells, one can see

that a linear speed up is achieved. Those interested in the scalability of the code

on other HPC architectures are referred to [37]. This analysis of the relative errors

in Table 2.1 and computational efficiency informs the user on what resolution will

provide an acceptable level of accuracy within a given time constraint.

Speed =
(Number of Cells)(Number of Steps)

Runtime
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Figure 2.22: Time per timestep for the various mesh resolutions with Volna-
OP2 on a GPU.
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2.6 Lisbon 1969 tsunami - Code comparison

A qualitative performance comparison at simulating a real event is presented. Var-

ious tsunami codes which have been extensively used in both research and oper-

ational settings are used to simulate the Lisbon 1969 tsunami event. The source

parameters proposed by Fukao [66] and the Okada solution [67] are used to gener-

ate the initial conditions. This brief code comparison compares the simulated wave

heights at various wave gauges. Tidal gauge measurements from the event have

been obtained for two locations.

The other codes chosen for the comparison are Calypso, COMCOT and Storm-

flash2d. Calypso is an in-house code developed by CENALT, it solves the NSW

equations by utilising a finite difference discretisation. COMCOT is a popular

tsunami code, which was initially developed by a group in Cornell University [11].

COMCOT also solves the NSW equations using a finite difference discretisation.

Finally, Stormflash2d is a code which was developed by a group in Hamburg and has

been used to simulate both tsunamis and storm surges [15]. Stormflash2d solves the

NSW equations using a discontinuous Galerkin approach and an adaptive meshing

procedure.

The main qualitative comparisons to be made are capturing the arrival time and

amplitude of the initial wave. As there are epistemic errors involved with the

bathymetry an exact replication of the tidal gauge measurement is not expected.

Overall, from the plots (Figs. 2.23 - 2.25) one can see that the codes perform

similarly. With all codes inaccurately predicting the arrival time at Cascais (Fig.

2.23) and Volna-OP2 and Stormflash2d over-predicting the initial amplitude. At

Lagos (Fig. 2.24), Volna-OP2 accurately predicts the initial arrival time but slightly

over predicts the amplitude. At Sagres (Fig. 2.25), where unfortunately no tidal

gauge measurements are available, all codes predict a similar behaviour of the initial

waves.
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Figure 2.23: Surface elevation at the Cascais wave gauge. The tidal mea-
surement of the event is plotted in black. The simulated wave heights are also
plotted: Volna-OP2 (blue), Calypso (red), Stormflash2d (green) and COMCOT

(yellow).
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Figure 2.24: Surface elevation at the Lagos wave gauge. The tidal measurement
of the event is plotted in black. The simulated wave heights are also plotted:
Volna-OP2 (blue), Calypso (red), Stormflash2d (green) and COMCOT (yellow).
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Figure 2.25: Surface elevation at the Sagres wave gauge. The simulated wave
heights are plotted: Volna-OP2 (blue), Calypso (red), Stormflash2d (green) and
COMCOT (yellow). Unfortunately, no tidal measurements were available at this

location.
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Short summary

• Outline of the redeveloped finite volume NSWE solver Volna-OP2.

• A thorough validation/verification of the code by simulating various bench-

mark problems is presented.

• The occurrence and role of numerical errors is investigated.

• A performance analysis of the code at simulating a ‘real-life’ example is carried

out.

• A qualitative comparison to other industry used NSWE solvers in simulating

the Lisbon 1969 tsunami is given.

The work presented in this chapter draws upon the following publications: VOLNA-

OP2 tsunami code (version 1.5) [37] and Performance analysis of Volna-OP2 –

massively parallel code for tsunami modelling [38].



Chapter 3

Tsunami hazard assessment of the

Irish coastline

The last major tsunami to effect the Atlantic basin is the Lisbon 1755 event. This

tsunami was generated by an approximate 8.5 Mw earthquake which occurred on

the morning of the 1st November 1755 roughly 100 km off the coast of Lisbon. The

earthquake and subsequent tsunami caused a large number of fatalities and severe

damage along the coasts of Portugal, Spain and Morocco [68]. The effects of the

tsunami were felt across the Atlantic basin, with historical reports of the tsunami

waves arriving in the Caribbean, United Kingdom and Ireland [35]. There is still no

general consensus on the exact earthquake parameters for the event. There exists

a substantial catalogue of work which focus on the earthquake source for this event

[69–71] and numerous studies on the effects of the resultant tsunami waves in the

near and far field areas [68, 72, 73].

Focusing on the Irish coastline there exists a handful of historical accounts on

the effects of this event, one notable account is given by the harbour master in

Kinsale (south coast of Ireland)[35]. There is however a severe lack of studies

quantifying the level of hazard associated from the event on a high resolution level.

The Defra study [74] utilised a minimum mesh element size of 1 km along the

southern Irish coastline and did not capture inundation as a cut off bathymetry

depth was used. However, one of the relevant findings from this study was that

tsunami amplification occurred along the south east coastline of Ireland. Further,

some studies from the French tsunami warning centre (CENALT) found that the

west coast was vulnerable to a Lisbon-type event, with the tsunami waves refracted

40
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by the Porcupine bank (bathymetric feature off the west coast of Ireland) into

Galway Bay and amplified. Therefore the efforts presented here in quantifying the

hazard for the Irish coastline on a high resolution level are the first of its kind. The

high resolution simulation results will aid in the disaster management planning for

the identified vulnerable areas.

3.1 Faster than real time ensemble (global level)

A ‘reduced’ faster than real time ensemble for the Lisbon 1755 tsunami is presented

here. This is considered a ‘reduced’ ensemble as only six different earthquake

sources are selected from the literature [70, 71, 73] and only a section of the north

east Atlantic is chosen. Faster than real time refers to the extremely rapid runtimes.

In the context of tsunami warning, the simulations must be completed before the

tsunami waves arrive at the coastline of interest. The initial sea surface is generated

using the Okada model [67]. The element size of the unstructured uniform mesh is

set to ≈ 3.3km and the mesh contains ≈ 610,000 cells. The maximum wave height

at each grid point is outputted after 8 hours of simulated time for each individual

simulation. The complete runtime for the six different tsunami simulations is 93s on

two Nvidia V100 GPUs. By way of comparison these same six tsunami simulations

are run on 6 separate CPUs (2.4Ghz Intel Xeon Gold 6148 (Skylake) processors)

with the serial version of Volna-OP2. The total runtime is 7 hours and 14 mins,

which is faster than the 8 hours simulated time but by no means applicable/useful

for a warning scenario.

The plots of the maximum wave heights (Fig. 3.1) all highlight the impact on the

coastlines of Portugal, Spain and Morocco. They however also show a substantial

variation in the directionality of the wave energy outside the gulf of Cadiz, with

some sources showing the wave energy propagating towards the Irish Coastline. The

absolute and mean maximum wave heights provide a rough estimate at a worst case

and most likely scenario respectively. They are considered a rough estimate as the

ensemble contains so few members. To explore the effect of this event on the Irish

coastline the sources introduced in Fig. 3.1 are investigated further.
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Figure 3.1: Left Figure: Maximum wave heights from each of the six indepen-
dent simulations. Right Figures: The combined mean maximum wave heights

and absolute maximum wave heights.
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3.2 Irish coastline simulations (regional level)

The arrival time on the Irish coastline of the first tsunami waves is ≈ 3.5 hours.

A tsunami warning centre could therefore launch more refined simulations of the

worst cases identified above. This is carried out here by utilising non-uniform

unstructured meshes refined around the areas most vulnerable. Based on the results

above (Fig. 3.1) and drawing on previous studies (Defra [74] and CENALT), the

vulnerable sections of the Irish coastline are identified to be the west (Galway Bay)

and south east (Dunmore East) coastlines (areas highlighted in Fig. 3.2).

The reduced ensemble results (Fig. 3.1) corroborate these findings, with the main

tsunami energy impacting the west and south east coastline of Ireland. Therefore,

to build on the reduced ensemble results, the four sources which exhibited higher

impact (maximum wave height) on the Irish coastline are chosen (Table 3.1). These

sources are re-simulated on a non-uniform mesh which is refined around the areas

of interest (Fig. 3.3), the minimum mesh element size is set to 100 m and the mesh

contains 4,001,884 cells.
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Figure 3.2: Zoom in on the bathymetry around the coast of Ireland, with the

areas of interest: Galway Bay and Dunmore East highlighted by the red squares.

The location of various wave gauges are highlighted by the coloured dots.



Chapter 3: Tsunami hazard assessment of the Irish Coastline 45

Figure 3.3: Non-uniform unstructured mesh which is refined near the coastlines
and the areas of interest: Galway Bay and Dunmore East. The minimum mesh

element size is set to 100m and the mesh contains 4,001,884 cells.

Description of Source Parameters

Source Length(km) Width(km) Dip (◦) Strike (◦) Slip (m) Rake (◦) Mw

1 (MPTF) 105 55 24 21.7 20 90
1 (GB) 96 55 45 70 20 90 8.7

2 (HF) 165 70 35 42.1 15 90 8.4

3 (HF) 270 45 70 44.2 22.5 90 8.6

4 (GorB) 200 80 40 50 13.1 90 8.7

Table 3.1: Earthquake source parameters used in this study to model the
Lisbon 1755 event.

• Source 1: A composite source which was first proposed by Baptista et al [71].

It involves the simultaneous rupture of the Guadalquivir Bank Fault (GB)
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and Marquês de Pombal Thrust Fault (MPTF).

• Source 2: The second source involves the rupture of the Horseshoe Fault (HF)

and has been proposed by Baptista et al. [73] for a tsunami inundation study

of the Lisbon downtown area. The source was scaled in order to obtain rup-

ture parameters comparable to those outlined by Solares and Arroyo [69].

• Source 3: The third source has been described by BRGM (Bureau de recherches

géologiques et minières) in a pilot study for the TANDEM project (http:

//www-tandem.cea.fr) and also involves the HF.

• Source 4: A source proposed by [70] that involves the rupture of the Gorringe

Banks (GorB).

These four identified sources are used to generate the initial conditions using the

Okada model [67]. They are simulated for 10 hours on the non-uniform mesh (Fig.

3.3). The run time for these four separate 10 hour simulations is 20 minutes 58s

using 2 Nvidia V100 GPUs, with each simulation utilising a single GPU and taking

≈ 10min. For comparison purposes one of these 10 hour simulations is simulated

using the MPI and OpenMP version of the Volna-OP2 code on 40 CPUs (2.4Ghz

Intel Xeon Gold 6148 (Skylake) processors). The run time in this case is ≈ 3 hours.

It can be seen from the maximum wave heights (Fig. 3.5) that the overall wave

energy directionality of the tsunami is consistent across sources (2 − 4). Source 1

fails to produce signs of refraction of the wave by the Porcupine Bank at the wave

height scale used (Fig. 3.5). It is interesting to note the presence of wave am-

plification as it propagates onto the continental shelf. This phenomenon has been

observed elsewhere and has been reproduced in experimental set ups [75]. Based on

the selected wave gauge plots (Fig. 3.4) and the maximum wave heights (Fig. 3.5),

source 3, which has been proposed by BRGM, appears to be the most impactful.

It can be seen from the wave gauge plots (Fig. 3.4) that this source produces the

maximum wave heights along the Irish coastline, with the maximum wave height of

≈1 m being produced at Dunmore East. These results provide adequate accuracy

for assessing the regional areas most at risk and/or considering wave gauge outputs,

as the minimum mesh element size is set at 100 m. It is acknowledged that the

http://www-tandem.cea.fr
http://www-tandem.cea.fr
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runtimes will need to be decreased further for these results to become applicable for

a warning centre. However, with increased computational resources this is feasible

and it would thus allow for more spatially accurate warnings.

3.2.1 High resolution meshes

In order to provide accurate information on inundation extent of such an event on

the Irish coastline, higher resolution meshes must be generated and used. At present

it is not feasible to carry out these inundation simulations in a warning setting, as

the runtimes are not quick enough. The explicit temporal scheme is the main

constraint on this for Volna-OP2, as the time step is governed by the minimum

mesh element size. Alternative approaches for capturing the local response in a

warning setting are developed in chapter 5.

In order to generate the high resolution meshes one must obtain bathymetry and

topography data for areas of interest (Galway Bay and Dunmore East). The to-

pography for the grids is obtained from raw LiDAR data. In order to ensure that

the high resolution data is continuous with the regional data, all the LiDAR/near

shore data is spatially (latitude/longitude) referenced to WGS84 (a global coor-

dinate system). The raw LiDAR and near shore bathymetry data are vertically

referenced to OD Malin (vertical datumn used in Ireland), thus an assimilation

step is required to remove the discontinuity with the regionally defined data. Fur-

ther, due to the difficulty in obtaining bathymetry data in shallow regions, gaps

between the near shore and the onshore LiDAR data are present. Some smoothing

filters are applied to remove these gaps and to produce continuous bathymetry/to-

pography grids (Fig. 3.6 and 3.7). The resultant grids are used in the generation

of the high resolution mesh (Fig. 3.8).

It should be noted that the relevant tidal levels, which could have a substantial

effect on the extent of inundation, are not captured in this study. In order to

provide a fully comprehensive hazard assessment, these tidal effects along with

other factors discussed in section (7.1) need to be investigated.

The non-uniform unstructured meshes (Fig. 3.3 and Fig. 3.8) are generated using

a customised mesh sizing function and the GMSH software [76]. The mesh sizing

function splits the domain into three separate regions: offshore, onshore and port

region (area of interest). In the offshore region the mesh size is calculated based
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Figure 3.4: Wave gauge plots from selected locations around the coastline in
Ireland. Top row: Wave surface elevations from the four different sources at wave
buoys located off the coast of Ireland. Middle Row: Water surface elevations
from the four different sources at gauges located in Galway Bay. Bottom Row:
Water surface elevations from the four different sources at gauges located in the

Dunmore East area.
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Figure 3.5: Zoom in on the maximum wave heights simulated for the four
sources around the coast of Ireland. The areas of interest are highlighted in each

plot.

on the bathymetry value b(x, y). Onshore cell sizes are dependent on the distance

to the coastline while in the area of interest a fixed cell size is used. Full details on

the mesh sizing function are given in [54].

In the interest of minimising the runtime a ‘hotstart’ technique is employed. From

the simulations in section 3.2, the dependent variables (H,Hu,Hv) are outputted

after four hours of simulated time. These variables are interpolated onto the fine

mesh Fig. 3.8 and therefore act as the initial conditions. The simulations on the

fine mesh are then carried out for a further 6 hours, with the runtime for all four

fine mesh simulations taking a total of 1 hour 59 mins, using 2 Nvidia V100 GPUs.
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Figure 3.6: The high resolution bathymetry and topography grid generated

for Dunmore East. The grid is scaled in the vertical direction to give a 3D

perspective.
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Figure 3.7: The high resolution bathymetry and topography grid generated for

Galway Bay. The grid is scaled in the vertical direction to give a 3D perspective.
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Galway Bay

Dunmore East

Figure 3.8: Left: Size of mesh triangles in the nonuniform unstructured mesh.

The minimum mesh element size is 10m and they are concentrated around Gal-

way Bay and Dunmore East, these areas are marked (A) and (B) respectively.

Right: Zoom in on the high resolution mesh with the mesh triangles shown for,

top: Galway Bay and bottom: Dunmore East.

3.3 Inundation maps (local level)

The following inundation maps highlight land areas which are inundated during

the high resolution simulations (10 m resolution). The red points in Fig. 3.10 and

Fig. 3.12 indicate cells which are inundated during the various simulations. The

maximum run-up height is calculated to be ≈ 3.4 m for both the Dunmore East and

Galway Bay areas. It should be noted that the simulations with these highly non-

uniform meshes are extremely dependent on the Courant-Friedrich-Levant (CFL)

parameter used. Too high of a CFL condition and the numerical simulation becomes

unstable, while too low of a value and the tsunami signal becomes diffused and

dispersed. Thus, multiple preliminary runs are needed to optimise this parameter.
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3.3.1 Galway Bay

Fig. 3.10 highlights the areas of inundation for the Galway Bay region from each

of the four sources simulated. It can be seen that the model predicts inundation

at Kinvarra, Clarinbridge and Oranmore (marked on map) (Fig. 3.9). Further, it

predicts little inundation at Galway itself, the lack of high resolution bathymetry

and topography in the Galway city area (Mutton Island) could be responsible for

this. Source 1 causes the least amount of inundation, but there is a consistency in

the inundated areas across all the sources.

Figure 3.9: High resolution bathymetry and topography of Galway Bay, with

key places highlighted.
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Figure 3.10: Inundation maps for Galway Bay for the various tsunami sources.

The red areas on the map are land values which are inundated during the simu-

lation.
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3.3.2 Dunmore East

Fig. 3.12 highlights the areas of inundation for the Dunmore East region from each

of the four sources simulated. The areas of inundation include Tramore, Saltmills

and near the Great Island Power Station (marked on map) (Fig. 3.11). It should

be noted that the flow in the River Suir is not modelled in these simulations. This

river flow could lead to the formation of a bore and thus allow the tsunami wave

to propagate further up the river. The maximum water height at the Waterford

coastline is simulated to be ≈ 1.2 m. The maximum run-up height is calculated

to be ≈ 3.4 m. Similar to the Galway bay results presented above, there is a

consistency in the areas and extent of inundation across all the sources.

Figure 3.11: High resolution bathymetry and topography of Dunmore East,

with key places highlighted.
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Figure 3.12: Inundation maps for Dunmore East for the various tsunami
sources. The red areas on the map are land values which are inundated dur-

ing the simulation.
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Short summary

• Tsunami hazard associated with a Lisbon type event on sections of the Irish

coastline is presented.

• Hazard is captured on three gradated levels, with the minimum mesh element

size decreased in each level.

• Faster than real time tsunami simulations achieved with Volna-OP2, an asset

which could be leveraged by a tsunami early warning centre.

• First of its kind high resolution tsunami hazard assessment for the Irish coast-

line.

• Inundation is constrained to low-lying areas but could pose a risk to infras-

tructure and people located close to the shoreline.

• Considered a pilot study as numerous features are neglected: street level

inundation, tidal forcing and the effect of wave dispersion.

The work presented in this chapter draws upon the following publication, Modelling

with Volna-OP2 – Towards Tsunami Threat Reduction for the Irish Coastline [39].



Chapter 4

Tsunami warning with associated

uncertainties

In the immediate aftermath of an earthquake event there is always some uncertainty

associated with the characteristic features of the seismic source. At present, these

uncertainties are not fully accounted for in the traditional tsunami early warning

approaches. Accurately assessing the uncertainties on the tsunami hazard from the

uncertainties on the source requires a large number of tsunami simulations. How-

ever, by utilising a statistical surrogate model (emulator) in conjunction with an

efficient tsunami code, one can massively augment the number of source realisations

sampled with minimal added runtime and computing resources. Statistical surro-

gate models approximate the functional of more expensive deterministic models.

They have been utilised successfully in a large variety of fields such as biological

systems [77], climate models [78], atmospheric dispersion [79], or building energy

models [80], but pertaining to this work they have been leveraged to carry out

tsunami sensitivity studies and uncertainty quantification [36, 53, 54].

By utilising the latest high performance computing architectures and efficient tsunami

codes, it has become feasible to run regional tsunami simulations in a faster than

real time setting [81]. In the context of tsunami warning, the simulations must be

completed before the tsunami waves arrive at the coastline of interest. Ideally, the

runtimes should be as quick as possible, as warning centres operate under severe

time constraints. Leveraging Volna-OP2’s computational efficiency is a key compo-

nent of this chapter’s workflow. However, in order to fully capture the uncertainty

on a tsunami source, thousands of potential sources need to be investigated in a

58
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warning setting. Even with the performance capabilities of Volna-OP2, carrying

out thousands of tsunami simulations would require an unrealistic amount of com-

puting resources. The functionality of this ‘expensive’ deterministic model can be

captured by a ‘cheap’ emulator, which is trained on the resultant outputs of the

deterministic simulations. The incorporation of the emulator balances the trade-off

between expensive simulations and desired level of accuracy on uncertainties. It is

noted that there have been substantial efforts made in developing tsunami codes

which are capable of faster than real time simulations. Tsunami-HySEA is another

code that has been shown to be capable in this respect [18].

The emulator is shown here to capture the tsunami hazard, i.e. maximum wave

heights, and associated uncertainties in three different manners. Maximum wave

height percentiles at output locations which are positioned at a fixed depth are

produced along with local and regional maximum wave height and standard devia-

tion maps. These three different products utilise the same method of constructing

the emulators from input/output pairs. The general workflow introduced here is

independent of the test case studied, the 1945 Makran earthquake and the specified

areas of interest (Karachi, Chabahar and Muscat). The statistical surrogate frame-

work introduced here in the context of early warning systems is a proof-of-concept

and is not a fully fledged early warning system, for that more computing resources

and efforts on parallelised workflow would be required. As each individual source

realisation and simulation is independent, the whole workflow lends itself to paral-

lelisation. The runtime for each step of the workflow is given in terms of one source

realisation or total number of predictions at one output location. Therefore with

adequate computing resources, this whole process could be carried out in a faster

than real time setting.

Section 4.1 outlines the proposed workflow for a tsunami early warning centre

for providing relevant uncertainties of tsunami hazard (maximum tsunami wave

heights). Section 4.2 introduces the test case chosen here, the 1945 Makran earth-

quake and tsunami. The tsunami realisations are chosen to be centred around the

source mechanism proposed by [82]. Section 4.3 highlights the non-uniform un-

structured meshes, refined around the areas of interest (Karachi, Chabahar and

Muscat). The construction, training and prediction procedures of the statistical

emulator are explored in section 4.4. The results section (section 4.5) presents

the two different outputs from the workflow presented below (Fig. 4.1). The first

type of outputs are produced directly by the deterministic Volna-OP2 simulations

– regional maximum wave heights and time series plots. The second type involves
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the maximum tsunami wave heights with associated uncertainties generated using

the emulator. These are presented for various output locations – points along a

coastline at a fixed depth, localised maps and regional maps.

4.1 Workflow

The workflow (Fig. 4.1) is launched with an input of a range of estimated loca-

tion (latitude, longitude), magnitude and associated distribution of an earthquake

source. A number of possible earthquake sources nD in this space are then sampled

using a Latin Hypercube design. The number of output locations nG and prediction

scenarios nP are selected ahead of time. The output locations can be gauge points

at a fixed depth, points within a localised region or points which provide coverage

of the global region. The uplift of the earthquake sources is computed using the

Okada model [67] by first extracting the remaining earthquake parameters, length

and width from scaling relations and local geometry such as rake and dip. In this

application an added plug in for the effect of sediment amplification on the slip is

carried out. More details are provided in section 4.2. The displacement is then

used as the initial condition in the Volna-OP2 simulations. The maximum runtime

for generating the initial displacements using a Matlab code running on a Xeon

E5-2620V3 2.4 GHz × 12 workstation is 120s per scenario. This runtime could be

reduced by generating the initial displacements on a dedicated cluster instead of

a workstation, where faster and more CPUs could be incorporated. Each source

realisation is independent, thus the initial displacement calculation lends itself to

parallelisation. The non-uniform unstructured mesh required for the Volna-OP2

simulations is generated ahead of time, with refinement around the areas of in-

terest. For this study these areas are Karachi, Chabahar and Muscat. The nD

simulations are carried out using Volna-OP2 on a Nvidia Tesla V100 GPU with

a runtime of 136s per scenario. Regional maximum wave heights (Fig. 4.7) and

selected time series plots (Fig. 4.8) from the nD simulations are produced. The

emulators Mi are constructed for each output location (with i= 1 to nG and M
being the set ofMi emulators) from the nD extracted maximum wave heights and

associated earthquake source parameters. Finally, the tsunami hazard (maximum

wave height - ηmax) and associated uncertainties at the nG output locations are

obtained by the nP prediction scenarios using the emulators Mi. If the estimated

location or distribution of the earthquake source is updated, which is often the case
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in the aftermath of a seismic event, new predictions can be rapidly carried out with

the updated information, again using the same emulator. Emphasis is placed on

the nature of the runtimes quoted in this workflow. These are serial runtimes of

time per scenario (nD), time for construction of emulators per output location or

time of nP predictions per output location. Further, the time taken to post-process

and visualise the data is not incorporated.

4.2 Earthquake source

The eastern section of the Makran subduction zone (MSZ) (Fig. 4.2) is modelled

by 559 (nF ) finite fault (FF) segments arranged in a 43× 13 grid. The dimensions

of each segment are approximately 10 km × 10 km. The entire fault model spans a

rectangle of 420 km × 129 km. The analytical equations in [67] are used to generate

the vertical displacement U from the slips and other geometric parameters that

define the fault. The dip angles and depths of the fault (df ) are taken from Slab2

[83, 84], while the rake and strike are uniformly kept at 90◦ and 270◦ respectively.

The seismic moment Mw is defined as [85, 86]

Mw = (2/3) (log10M0 − 9.1) , M0 =

nF∑
i=1

µliwiSi, (4.1)

where M0 is the seismic moment, µ = 3× 1010N/m2 is the rigidity modulus, and

li, wi, and Si are the length, width and slip on the ith fault segment. The slip

profile for the entire fault or rupture is modelled as a smooth function that has a

maximum near the origin of rupture, whose coordinates are denoted by (Xo, Yo).

Amplification of U due to the presence of sediment layers in the MSZ is modelled via

the sediment amplification curve in [87, Fig. 12]. The main component in arriving

at the sediment amplification factor (Si
a) on a segment is the relative depth (dir)

of the ith segment. dir is defined as the ratio of the sediment thickness (dis) and

the down-dip fault depth (dif ) of the ith segment. dis is sourced from GlobSed1

[88], while dif is interpolated from Slab2 [83]. The sediment amplification factor

corresponding to dir amplifies Si to an effective slip Se
i as

Se
i = Si

(
1 + Si

a

)
(4.2)

1available at ngdc.noaa.gov/mgg/sedthick/



Chapter 4: Tsunami warning with associated uncertainties 62

Figure 4.1: Flowchart of the proposed workflow. nD is the number of sample

earthquake sources (training set), nP is the number of prediction scenarios and

nG is the number of output locations where the emulators are constructed. The

runtimes quoted in this workflow are time per source, time for construction of

emulators per output location or time per predictions at an output location.

ηmax is defined as maximum wave height. The outputs in the right column come

directly from the Volna-OP2 simulations, while the outputs at the bottom are

obtained using the emulator.
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Figure 4.2: Bathymetry of the Makran region, with the areas of interest:

Chabahar, Muscat and Karachi ports, highlighted by the red dots. The loca-

tions of the 1945 earthquake sources from the literature are marked with the

black stars. The eastern section of the Makran subduction zone (MSZ) consid-

ered in this study is bounded by the black box.

The effective deformation due to Se is generated by the Okada equations and

denoted by U e. The Okada equations are implemented based on the dMODELS2

code [89, 90]. More details on the implementation of the slip profile and sediment

amplification may be found in [54].

A major earthquake in the eastern MSZ generated a devastating tsunami on 27

November 1945 [91]. It is the strongest recorded tsunami in the MSZ. Seismic

waveform inversion resulted in a magnitude range of Mw 8.0−8.24, with an average

value of Mw 8.1 [91]. Another seismic inversion adjusted the location of the source

and estimated the magnitude at Mw 8.2. Thus, an approximate range would be

2v1.0 available from pubs.usgs.gov/tm/13/b1/
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Mw 8.0− 8.3 [92]. Table 4.1 lists the various sources for the 1945 tsunami reported

in the literature and the locations of these sources can be seen in Fig. 4.2.

1945 Source Lon (◦E) Lat (◦N) Magnitude Comment

Okal et al [82] 63.53 24.88 Mw 8.2 Seismic waveform inversion
Engdahl and Villseñor [93] 63.00 24.50 Mw 8.0 Centennial catalog

Byrne and Sykes [91] 63.48 25.15 Mw 8.0 – 8.24 Seismic waveform inversion
Quittmeyer and Jacob [94] 63.48 25.15 M 8.0 Surface wave magnitude

Heidarzadeh and Satake [92] - - Mw 8.3 Tsunami wave inversion
Heidarzadeh et al [95] 64.01 25.06 Mw 8.4 Southeast corner of fault plane
Heidarzadeh et al [96] 64.17 24.45 Mw 8.1 Southeast corner of fault plane

Heck [97] 61.50 25.00 - List of tsunamis
Pendse [98] 62.60 24.20 - -

Ambraseys and Melville [99] 63.47 25.02 - -

Table 4.1: Sources from the literature for the 1945 Makran earthquake and
tsunami.

4.3 Non-uniform meshes

In order to capture localised effects on the tsunami dynamics, Volna-OP2 utilises

unstructured non-uniform meshes, which are refined around areas of interest. As

in section 3.2.1, a customised mesh sizing function and the Gmsh software [76] are

used to generate the non-uniform meshes. For a consistent numerical method [38],

the numerical error decreases with increasing mesh resolution. One would therefore

ideally use the finest mesh resolution available. However, as is the case with all

numerical simulations there is a trade-off between minimum mesh resolution and

runtime. This trade-off is acutely apparent here, where there is an added severe

time constraint imposed by the early warning requirements. Numerous mesh size

configurations (Table 4.2) are trialled and a minimum resolution of 100 m at the

areas of interest is chosen for this work, as it provides results in an acceptable

runtime.

Another key component for providing accurate tsunami forecasts is the bathymetry/-

topography data used. In this study the data is solely taken from GEBCO [100]

(resolution ≈ 400 m). However, it is noted that the meshing procedure and ev-

ery stage of the workflow works with higher resolution data and ideally should be

incorporated in the future. Problems with the GEBCO data can be seen in the

zoomed in plot of the mesh around Chabahar (Fig. 4.3), where artificial coastlines

in Chabahar Bay are visible.
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Figure 4.3: Localised non-uniform unstructured mesh. Top: Mesh sizing
function (h) supplied to Gmsh for the whole domain. The location of the three
ports under consideration and the extent of the finite fault (FF) model for the
eastern MSZ are also shown. The colour scale marks the maximum mesh size
hM = 25 km on land, the mesh size at the coast hm = 500m, and the refined mesh
size hpm = 100m for the ports. Bottom: Zoom in of the locally refined meshes (of
size hpm) at a scale of 32 km× 32 km for the three ports, Muscat (left), Chabahar

(middle) and Karachi (right).

4.3.1 Performance scaling

As stated various mesh configurations are trailed in this work. The associated

runtimes for 6 hours simulated time using one Nvidia Tesla V100 GPU are included

in Table 4.2. The first column of the table refers to what areas of interest are

included in the local refinement. Naturally, if all three ports are included (Karachi,

Chabahar and Muscat) the number of cells is the greatest at a given minimum mesh

size. The runtime for the chosen mesh setup (100 m minimum mesh resolution) on

one GPU is 135 s (2.25 mins). If the user has more time/greater computational

resources available a higher resolution mesh could be chosen. Further, if the user is
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only interested in one area, faster runtimes can be achieved by using a mesh setup

which is only refined around that area.

Refined Areas of Interest Minimum Mesh Size hpm [m] No. of Cells [x106] Runtime [min]

Karachi, Chabahar 200 100 50 25 0.715 0.834 1.030 1.670 1.2 2.3 5.3 16.3
and Muscat

Karachi 200 100 50 25 0.699 0.784 0.868 1.115 0.4 0.8 1.7 4.20
Chabahar 200 100 50 25 0.701 0.785 0.863 1.081 0.8 2.0 4.5 11.1
Muscat 200 100 50 25 0.704 0.787 0.855 1.041 1.2 1.8 4.1 9.40

Table 4.2: Runtimes using one Nvidia Tesla V100 GPU for the 6 hour simu-
lations with various mesh configurations. Text highlighted in red refers to the

chosen mesh setup used for this study (Fig. 4.3).

4.4 Emulator

In the setting of fast warnings, the need to quickly compute a range of predictions

precludes the simulation of a large number of tsunami scenarios. This work only

illustrates a proof-of-concept idea with a small number of parameters, and so the

dimension of the input space describing the source is small. In more realistic set-

tings, large dimensions of the source (e.g. uncertainties about the geometry of the

source) would create a greater need for a large range of scenarios. The Gaussian

Process (GP) emulator is a statistical surrogate (M) that mimics the input-output

relationship of the tsunami simulator (M). It is trained over a small set of input

points, called a design, whose size (nD) is much reduced compared to the number of

predictions. The sources (or points in the space of input parameters) for training

are chosen with the specific purpose of capturing the input-output relationship.

Here, this is done via the Latin Hypercube Design (LHD), which maximises the

minimum distance between the training points resulting in a nearly uniform cover

of the input space, i.e. a space-filling cover instead of a random scatter. Table 4.1

gives some of the different earthquake sources that are used to determine the ranges

for the LHD, as shown in Fig. 4.4. The geographical boundaries of the sources

used in the design are rectangular, bounded by the axes limits of the Xo−Yo plane

in Fig. 4.4. By providing an approximation of the simulator, along with uncertain-

ties in its approximation to validate quality, the GP emulator allows for gains of

orders of magnitude in computational costs. Tsunami GP emulation has supplied

ranges of prediction for tsunamis generated by earthquakes and landslides over the

North Atlantic, the Western Indian Ocean and Cascadia [36, 53, 54, 101]. The
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GP emulator is chosen due to its versatility and the availability of the efficiently

parallelised Multiple-Output Gaussian Process emulator (MOGP) 3 code. Alter-

native approaches could also be used, e.g. polynomial chaos (2010 Chile event

[102]) and sparse-grid interpolation (1993 Hokkaido Nansei-oki tsunami [103]). A

comparison between GP and polynomial chaos based surrogate methods may be

found in [104]. An important ingredient in the construction of the GP emulator

is the covariance function (or kernel). Here, the Matern 5/2 kernel is employed.

This kernel is smooth enough to avoid the GP becoming too rough whilst not be-

ing excessively smooth, which is appropriate for modelling physical relationships.

Examples of other kernels are exponential, squared exponential, rational quadratic,

and piecewise polynomial ([105]). The kernels have parameters (also called length

scales) that are solved along with other hyperparameters via non-linear optimiza-

tion in a maximum likelihood estimation (MLE) scheme (other approaches such as

a Bayesian procedure are possible in MOGP). MOGP is flexible in its prescription

of the optimization algorithm. In this work the L-BFGS-B algorithm is employed.

An emulator is fitted to the tsunami maximum height ηmax at each output location

using a LHD of size 100 for 3 input parameters (Mw, Xo, Yo) (Fig. 4.4). This is

well over the required number for a good approximation over an input space of

dimension 3 and with small variations due to a narrow width that comes from the

fact that seismic inversion restricts the values of these parameters compared to a

wider risk assessment [54]. As a result, the whole distribution of tsunami heights

at all output locations can be predicted using these emulators.

A quick validation of the quality of fit using Leave-one-out (L-O-O) diagnostics

is shown in Fig. 4.5, where the match between predictions and removed runs

provides confidence in the ability of the emulator to approximate the simulator. The

mean of predictions is connected by a line segment to the corresponding training

value, and is a visual indicator of the fit between them. The green bars show the

90% prediction intervals around the mean of predictions, and depict the measure

of uncertainty in the prediction at that point. Importantly, around 90% of the

training data lies within these bars, evidencing a good confidence in the fit. Note

that the GP emulator is typically unable to extrapolate. The GP approximation

(or prediction) outside or near the boundary of the convex hull spanned by points in

the LHD contains more uncertainty. In our case, these regions include low and high

values of Mw, and similarly locations of rupture origin at the corners or boundaries

3v0.2.0 from github.com/alan-turing-institute/mogp emulator
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of the design. This limitation also crops up in the L-O-O diagnostics, hence higher

uncertainties and lack of fit are expected at certain design locations. A denser

design (i.e. increase in nD) and focusing on the interpolation only (i.e. within the

convex hull) would improve the predictions, and may be tailored depending on the

requirements of the warning system. The L-O-O is nevertheless a good validation

in the interior of the convex hull away from the boundaries.

In this work, the range of input parameters corresponds to the various source

descriptions of the 1945 earthquake (Table 4.1). With current advances in seismic

inversion, the uncertainties in the magnitude (Mw) and rupture origin (Xo, Yo)

in a seismic inversion may be very different from the ranges assumed here. For

example, Table 4.1 contains source descriptions from not only seismic inversions,

but also tsunami wave inversion and forward modelling studies. For the sake of

demonstration, we assume the first stage of earthquake warning W1 to be derived

from the values in Table 4.1, the ranges informing the sampling limits in the Latin

Hypercube Samples shown in Fig. 4.4. The emulator is trained using these 100

samples, i.e. no information on the probability distribution of the parameters is

made use of. Once the emulator is constructed, it can be employed to predict

the maximum wave height at the output locations rapidly. At the first stage of

warning W1, the probability distributions of the input (or source) parameters are

used to sample scenarios, which are subsequently propagated via the emulator

to generate distributions of predicted ηmax. We expect the uncertainties in the

source parameters to decrease (here, successively by a factor of 2 in Fig. 4.6)

as the warning progresses to stages W2 and W3. This is an attempt to mimic

the behaviour of a realistic update in a seismic inversion. As soon as updated

uncertainties in (and distributions of) source parameters from seismic inversion are

available, new emulator predictions enable rapid updating of the output quantity.

The number of stages of warning is limited to three for the sake of illustrating the

methodology. The emulator can be used to predict many more stages of warnings,

as predictions form the cheapest computational component in the entire workflow

(tP in Table 4.3). Although Gaussian distributions are used to characterise the

priors, the samples for predictions may be drawn from any kind of distribution

(or Monte Carlo ensembles) depending on the outputs from the seismic inversion

routines. Indeed, it requires only a set of points where the emulator needs to be

evaluated.
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Figure 4.4: The input parameters (Mw, Xo, Yo) for the 100 scenarios used to
train the emulator generated by Latin Hypercube Design. The input parameters
projected on Mw−Xo plane (left), Mw−Yo plane (middle), and Xo−Yo plane
(right). The dot colour corresponds to moment magnitude (Mw). Sample no. 1

is marked with a star.

Figure 4.5: Leave-One-Out diagnostics for a gauge in Muscat (left), Karachi
(middle), and Chabahar (right). The discrepancies between the training set and

the predictions are shown by the vertical line segments.

tT

nG
[s] tP

nG
[s] tT+tP

nG
[s]

Locations at fixed depth (Fig. 4.9, Fig. 4.10 & Fig. 4.11) 1.18 8.09 9.27
Local maps (Fig. 4.12, Fig. 4.13 & Fig. 4.14) 1.25 0.07 1.31

Regional map (Fig. 4.15) 1.12 0.07 1.19

Table 4.3: Computational times in seconds per output location for emulation
construction and prediction using MOGP on a Xeon E5-2620V3 2.4 GHz ×
12 workstation. tT is the training time and tP is the time to carry out nP

predictions.
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Figure 4.6: The three stages of tsunami warning. Top row: The probabil-
ity distributions of the input parameters - magnitude Mw (left), rupture origin
coordinates Xo (middle) and Yo (right). The standard deviation of the Gaus-
sian distributions decreases by a factor of 2 as warning stages progress. Bottom
row: The samples drawn from these three distributions, successively increasing

in order from nP = 0.1 k in the left to nP = 100 k in the right.

4.5 Results

There are two types of outputs from the proposed workflow (Fig. 4.1). The first

type of output relates directly to the nD Volna-OP2 simulation results, regional

maps (Fig. 4.7) and wave gauge time series (Fig. 4.8). The second type of output

captures the uncertainty on the tsunami hazard (maximum wave height) by util-

ising the emulator. These include maximum wave heights and associated variance

at localised points at a fixed depth, over a localised area and regional maps (Figs.

4.9 - 4.15).

4.5.1 Volna-OP2 - Regional maps

Fig. 4.7 highlights the maximum wave heights obtained over the whole domain

during each of the nD (100) 6 hour simulations. This figure shows that despite

the variation in the initial displacement there is a consistency in the directionality

of the resultant tsunami wave. Most of the tsunami energy is propagated directly

south. The figure provides valuable information on the sections of coastline most
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Figure 4.7: Maximum wave heights (ηmax) resulting from Volna-OP2 simula-

tions corresponding to the 100 training source deformations shown in Fig. 4.4.

at risk, with the maximum wave heights focused along the local Pakistani and

Iranian coastlines. A map like this provides information to a warning system on

the areas most at risk. However, to completely capture the hazard and associated

uncertainty for the three stages of warning over the whole the domain the emulator

is leveraged to produce Fig. 4.15.

4.5.2 Volna-OP2 - Time series

Virtual wave gauges can be prescribed in the Volna-OP2 simulations, where the

wave height as a function of time is outputted. For this work, virtual gauges are

positioned within each of the refined port areas; Muscat, Chabahar and Karachi.

The time series outputs from each of the nD (100) simulations are plotted with

the maximum and minimum wave heights at each point in time highlighted (Fig.
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4.8). These time series present the dynamics of the tsunami wave in each of the

localised areas. This information can be extremely beneficial for a warning center,

i.e. the maximum wave at Karachi is not the initial wave. However, we would need

to emulate the whole time series at each gauge [53] to be able to present warnings

at this level of precision. Furthermore, as pointed out elsewhere, higher resolution

bathymetry data would be recommended for future work. The minimum mesh

size in the areas of interest is ∼ 100 m but the underlying bathymetry is sourced

directly from GEBCO and thus has a resolution of ∼ 400 m.

As there was a working wave gauge at Karachi port in 1945, the de-tided signal

from the event is also plotted [92]. Fig. 4.8 shows the waveform of the 1945 tsunami

superimposed over the 100 Volna-OP2 simulation results. The uncertainties on the

tsunami wave from the design (Fig. 4.4) are displayed, where none of these 100

runs is constructed to match the 1945 event exactly. Instead, this initial design has

wide ranges spanned nearly uniformly by the LHD, consisting of 100 runs (slips)

with the specific purpose of building the emulator.

However, the closest match to the 1945 Makran signal is highlighted in Fig. 4.8.

In order to justly compare the signals, the following should be noted: the location

of the virtual wave gauge in the simulations is different to the gauge’s location in

1945 and this earthquake event is associated with a triggered submarine landslide

[82], which is not considered in this work. The location of the 1945 wave gauge

is located ‘on-land’ in the coarse GEBCO data, therefore a nearby offshore point

had to be chosen. Despite all the problems outlined, the highlighted signal marked

in blue matches closely the observed signal for this initial wave. Note that a good

match from the curves in the design is not expected as these are only drawn to

cover the space and create the emulator, in order to capture variability. Hence

some runs of the emulator should match even better the actual measurements.

4.5.3 Emulator - Maximum wave heights at a fixed depth

An emulator Mi is constructed for each output location (nG = 100, 95, and 100

for Karachi, Chabahar and Muscat respectively). The locations are selected to be

at a fixed depth off the coastline. To construct the emulator, the maximum wave

heights ηmax at these locations are extracted from the deterministic, i.e. Volna-

OP2, simulations of the 100 training scenarios. Then, the emulator is employed
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Figure 4.8: Wave height time series plots at Chabahar, Muscat and Karachi
from the 100 Volna-OP2 simulations. The output from each simulation is plotted
in grey while the maximum and minimum wave heights at each point in time is
plotted in black. The closest match (blue) to the observed wave gauge measure-
ment from the 1945 event at Karachi is plotted along with the gauge signal (red

dots).

to predict ηmax at each location using the nP samples from the priors for each

warning (Fig. 4.6). This results in a distribution of nP ηmax predictions at each

location. The distribution of ηmax at each location is portrayed as a box plot (see

Figs. 4.9, 4.10, 4.11 for Karachi, Chabahar and Muscat respectively). Each box

plot is asymmetric (non-Gaussian) and depicted by its quantiles at probabilities

of 1%, 25%, 50% (median), 75%, and 99%. This not only gives a sense of the

spread of the distribution at the location but also gives a clear indication of the

maximum wave height that is of interest to the warning centre. The plots show

four boxplots for each location, corresponding to increasing numbers of samples

from the priors, i.e. nP = 100, 1000, 10000 and 100000. The distributions of

ηmax with 10000 and 100000 predictions are almost identical, since these large

numbers of samples thoroughly interrogate the priors. Appreciable differences are

noted when quantiles for 100 and 10000 samples are compared – 75% quantiles for

Karachi warning stage W1 (Fig. 4.9), 75%, 50% and 25% quantiles for Karachi
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warning stage W2 (Fig. 4.9), 99% quantiles for all warning stages at Chabahar

(Fig. 4.10), 99% and 75% quantiles for Muscat warning stage W1 (Fig. 4.11), and

75%, 50% and 25% quantiles for Muscat warning stage W2 (Fig. 4.11). Note that

slight differences in maximum wave height for high quantiles can establish with

confidence whether or not there will be over-topping of defences, so are important

to the warning process. The plots also show the restriction of the distributions as

the warning stages proceed, resulting in tighter uncertainties in stage W3.

Figure 4.9: Uncertainty at gauges along the coastline of Karachi. Top row:
Location of 100 gauges ordered from A to B. Bottom row: Box plots for the
maximum wave height ηmax at the 100 gauges, for first (left), second (middle)
and third (right) warning stages. A boxplot for a gauge portrays the distribution
of predicted ηmax using the emulator via the quantiles for probabilities of 1%,
25%, 50%, 75%, and 99%. Superimposed on each plot are the distributions of
the predicted ηmax for four sets of samples from the priors (see Fig. 4.6, Bottom

row), i.e. for nP = 0.1 k, 1 k, 10 k and 100 k.



Chapter 4: Tsunami warning with associated uncertainties 75

Figure 4.10: Uncertainty at gauges along the coastline of Chabahar. Top
row: Location of 95 gauges ordered from A to B. Bottom row: Box plots for
the maximum wave height ηmax at the 95 gauges, for first (left), second (middle)
and third (right) warning stages. A boxplot for a gauge portrays the distribution
of predicted ηmax using the emulator via the quantiles for probabilities of 1%,
25%, 50%, 75%, and 99%. Superimposed on each plot are the distributions of
predicted ηmax for four sets of samples from the priors (see Fig. 4.6, Bottom

row), i.e. for nP = 0.1 k, 1 k, 10 k and 100 k.
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Figure 4.11: Uncertainty at gauges along the coastline of Muscat. Top row:
Location of 100 gauges ordered from A to B. Bottom row: Box plots for the
maximum wave height ηmax at the 100 gauges, for first (left), second (middle)
and third (right) warning stages. A boxplot for a gauge portrays the distribution
of predicted ηmax using the emulator via the quantiles for probabilities of 1%,
25%, 50%, 75%, and 99%. Superimposed on each plot are the distributions of
predicted ηmax for four sets of samples from the priors (see Fig. 4.6, Bottom

row), i.e. for nP = 0.1 k, 1 k, 10 k and 100 k.
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4.5.4 Emulator - Local maps

The fixed depth locations in the previous section provide a good representation of

the hazard and associated uncertainties along the coastline of interest. However,

localised maps can be beneficial for highlighting the areas that could be exposed to

the greatest hazard. Thus, in this section, the output locations are selected to be

the barycenters of the mesh within the areas of interest (nG = 19749, 10766, and

9355 for Karachi, Chabahar and Muscat respectively). The procedure for emulator

construction and predictions is similar to that described in the last section. The

local maps for Karachi, Chabahar and Muscat depicting the mean and uncertainty

in ηmax are in Figs. 4.12, 4.13 and 4.14 respectively. For each stage of warning, the

maps are generated using nP = 1000 samples for predictions. As observed in the

plots for the locations in the previous section, the uncertainty in the predictions

decreases as the warning progresses.
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Figure 4.12: Local map of uncertainties generated from emulator predictions
of ηmax at 19749 gauges (barycentres of mesh triangles) near Karachi, for first
(top), second (middle) and third (bottom) stages of warning. Each warning stage
depicts the mean of the predicted ηmax (left) and associated standard deviation

(right) using nP = 1 k samples for prediction (Fig. 4.6, Bottom row).
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Figure 4.13: Local map of uncertainties generated from emulator predictions
of ηmax at 10766 gauges (barycentres of mesh triangles) near Chabahar, for first
(top), second (middle) and third (bottom) stages of warning. Each warning stage
depicts the mean of the predicted ηmax (left) and associated standard deviation

(right) using nP = 1 k samples for prediction (Fig. 4.6, Bottom row).
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Figure 4.14: Local map of uncertainties generated from emulator predictions
of ηmax at 9355 gauges (barycentres of mesh triangles) near Muscat, for first
(top), second (middle) and third (bottom) stages of warning. Each warning stage
depicts the mean of the predicted ηmax (left) and associated standard deviation

(right) using nP = 1 k samples for prediction (Fig. 4.6, Bottom row).
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4.5.5 Emulator - Regional maps

A regional understanding of the tsunami hazard and associated uncertainties can

be extremely beneficial to a warning centre. However, to construct an emulator

for each of the barycenters in the mesh is not feasible (≈ 0.8 M points). There-

fore, in this case the maximum wave heights (Fig. 4.7) are interpolated onto a

2.5 km× 2.5 km grid and the offshore points of this grid are selected as the out-

put locations (nG ≈ 50,000). Similar to the local maps, the uncertainties become

tighter as the warning advances.

Figure 4.15: Regional map of uncertainties generated from emulator predic-
tions of ηmax at 50983 locations picked from a rectangular grid, for first (top),
second (middle) and third (bottom) stages of warning. Each warning stage de-
picts the mean of the predicted ηmax (left) and associated standard deviation

(right) using nP = 1 k samples for prediction (Fig. 4.6, Bottom row).
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Short summary

• Uncertainties on the tsunamigenic source are always present in the immediate

aftermath of the event.

• Uncertainties in the resulted hazard are currently not accounted for in the

traditional tsunami early warnings.

• Volna-OP2 is coupled with a statistical emulator to provide tsunami warnings

with the associated uncertainties.

• The emulator is trained on the Volna-OP2 outputs and used to predict the

uncertainty of the hazard at locations of interest within early warning runtime

constraints.

• Proof-of-concept work with continued efforts required in automating and par-

allelising the workflow.

The work presented in this chapter draws upon the following publication, Faster

than real time tsunami warning with associated hazard uncertainties [40].



Chapter 5

Automative approaches for

capturing localised tsunami

response

The local bathymetry can have a substantial effects on the variability of the tsunami

hazard: maximum wave heights, inundation and induced currents. In order to cap-

ture this local variability high resolution simulations are required, with a minimum

mesh element size ≈ 10 m. However, in a warning context as seen in the runtimes

(Table 4.2) from the preceding chapter, there is a balance between mesh resolution

and runtimes that one must consider when the time constraints of a warning setting

are involved.

Alternative approaches for capturing localised maximum wave heights are intro-

duced here. These automative approaches are based on transfer functions and

machine learning techniques. In practice they are extremely quick to run (O(s))

and are computationally cheap once the local response to an incoming tsunami is

captured ahead of time. In a warning context, all that is required are the regional

(coarse grid) maximum wave heights, which could be sourced from pre-computed

databases or obtained from ‘on-the-fly’ regional simulations. The local variabil-

ity in the tsunami hazard can be rapidly deduced by taking the maximum wave

height from a regional scale and transferring it to the high resolution local area by

incorporating the localised response.

83
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5.1 Transfer functions - Extended Green’s Law

The evolution of sea-surface gravity waves over varying bathymetry has captivated

scientists for centuries and has been the subject of an extensive body of literature.

The classical work of George Green dealt with the evolution of shallow water waves

in channels with varying depth and width. His key finding is now referred to

as Green’s Law, which states that the wave height at a shallower point (η2) is

dependent on the wave height at deeper point (η1) and the ratio of the depths

(h1/h2). In the absence of changing channel width the exact from of this functional

relationship is given in Eq. (5.1).

η2 = η1

(
h1
h2

) 1
4

(5.1)

Green’s Law effectively captures the shoaling phenomenon. However, the theory

neglects various physical phenomena, such as reflection and refraction which play an

extremely important role in the amplification of shallow water waves. Recently, ex-

tended versions of Green’s Law have been developed [29, 33], which aim to account

for the localised effects on the tsunami amplification. These extended versions of

Green’s Law can capture local variability in tsunami wave height through the in-

corporation of a site specific amplification parameter. In the context of tsunami

warning, the ability to rapidly predict the maximum wave heights within a bay/har-

bour based on the wave height in deep ocean would be a vital tool that a tsunami

warning centre could leverage.

Lalli et al. [33] derived the following extended version of Green’s Law

η2 = αη1

(
h1
h2

) 1
4

, (5.2)

where η2, η1, h2 and h1 are the same as above (Eq. (5.1)), and α is defined as

the local amplification factor. Further, an empirically derived extended version of

Green’s Law [29] is given by

η2 = η1

(
1 + β

hE − h2
hE

)(
h1
h2

) 1
4

, (5.3)
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where again η2, η1, h2 and h1 are the same as above (Eq. (5.1)) with hE defined as

a threshold depth and β is a local amplification factor.

Both versions of the extended Green’s Law incorporate site specific amplification

parameters, defined as α and β in Eq. (5.2) and Eq. (5.3) respectively. The β

extension (Eq. (5.3)) has been used to forecast maximum tsunami wave heights

along the French Polynesia [31] and Mediterranean coastlines [106]. In these works

a homogeneous site specific parameter was obtained for a whole site (harbour/bay

area) via a ‘trial and error’ approach. The localised maximum wave heights are

then obtained via the workflow outlined in section 5.1.1.

Differing from the ‘trial and error’ approach undertaken in [31, 106] a fully au-

tomated method which optimises for a heterogenous amplification parameter (i.e

highlights variability within a site) has been developed here (section 5.1.2). A

comparison between the two different formulations of the extended Green’s Law is

investigated (section 5.1.4). Further, as these site specific parameters play a vital

role in the accuracy of the localised forecasts, a robustness study of the values is

also carried out (section 5.1.5).

5.1.1 Method

As introduced by [29, 31], a tsunami warning centre could approximate the localised

maximum wave heights (η2) by utilising a combination of regional forecasts (coming

from a pre-computed database or ‘on-the-fly’ simulation) and a formulation of the

extended Green’s Law. The maximum wave height at a point in the grid is selected

based on the following depth levels:

• If h2 < −500 m, the maximum wave height is taken directly from the coarse

grid results.

• If −500 m ≤ h2 < −50 m, the maximum wave height is obtained using pure

Green’s Law (Eq. (5.1)).

• If −50 m ≤ h2 ≤ −1 m, the maximum wave height is obtained using the

extended Green’s Law (Eq. (5.2) or Eq. (5.3)) by incorporating the optimised

amplification factor.

• If −1 m < h2 < 0 m, the maximum wave height is extrapolated to the

shoreline from the points located at -1m depth.
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Multiple values have been tested, but for the results to follow, the depth at which

the extended Green’s Law is implemented from is set to be −50 m. However,

optimising for this threshold depth is an interesting question, i.e at what depth do

the neglected phenomenon of the Green’s Law approach become significant? It has

been shown [107] that for idealised bathymetry profiles the nonlinear effects start

to become important when the nonlinear parameter (Eq. (5.4)) ε ≈ 0.1.

ε =
a0
h0
, (5.4)

where a0 is amplitude and h0 is depth. Taking an approximate upper bound of

the maximum wave height of ∼ 1 m at the threshold depth of −50 m, ε ∼ 0.02.

Therefore the -50 m depth is a conservative estimate for the tsunami scenarios

that are studied here. It is further noted that minimal differences were observed

when this threshold depth was varied. However, in order to implement the extended

Green’s Law approach and to approximate the local maximum tsunami wave height,

one needs to obtain the localised amplification factors α or β.

5.1.2 Automated calculation of α or β

The high resolution sites studied here are located along the French Atlantic and

Mediterranean coastline (Fig. 5.1 and Fig. 5.2). Due to the lack of tsunami data

for these areas a collection of scaled historical events and hypothetical scenarios

are simulated to capture a site’s response to an incoming tsunami 1. The amplifi-

cation parameters have been calculated within both formulations of the extended

Green’s Law (Eq. (5.2) and Eq. (5.3)) using a fully automative method which

optimises for the parameter via a gradient descent approach. A localised forecast

which is dependent on the α or β is compared to a computational expensive high

resolution simulation (ground truth) of the same event. Emphasis is placed on the

β formulation here but the exact same method can be utilised with the α formu-

lation. A comparison between the errors obtained from each approach show that

they perform identically (section 5.1.4).

The regional maximum wave heights for the 9 tsunami scenarios for the North

East Atlantic and 8 scenarios for the Mediterranean regions are shown in Fig. 5.3

1The regional and high resolution simulations used here were carried out by the CEA Group
using CLIONA [12].
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and Fig. 5.4 respectively. The optimised value of β is obtained by minimising a

calculated cost function

C(β) =
1

N

N∑
n=1

(ηf − ηp(β))2, (5.5)

where ηf is the fine resolution simulated wave height (ground truth), ηp(β) is the

forecasted wave height from the extended Green’s Law and N is the total number

of tsunami scenarios simulated. The optimal value for β corresponds to the lowest

cost value, which can be obtained by utilising a gradient descent approach. A

gradient descent approach with momentum is implemented so as to smoothen the

steps between β value updates.

The code which carries out this optimisation is written in Python with C bindings

for the gradient descent algorithm, this allows one to rapidly map the amplification

parameters for a site (runtime O(mins)). The other remaining free parameter for

the β formulation (Eq. (5.3)) is hE; this value was set at -100 m so as to avoid

obtaining zero when h2 = hE. The python code comprises of four main functions.

1. Coarse forecast: This function extracts the maximum wave heights directly

from the coarse grid results for depths < −500 m and then carries out Green’s

Law for depths from −500 m to −50 m.

2. Interpolation from coarse to fine: The maximum wave height at the deepest

point in the fine grid is obtained by interpolating from the coarse grid. This

deepest point h1 in the fine grid then acts as the reference point from which

all the localised maximum wave heights and amplification parameters are

calculated from.

3. Fine forecast and β optimisation: For points in the fine grid with a depth

between −500 m and −50 m Green’s Law is invoked again. If the depth

is between −50 m and −1 m the wave heights are forecasted for using the

extended Green’s Law and the β value is optimised using the C binding

functions.

4. Interpolation to shoreline: The wave heights are interpolated from -1 m depth

to the shoreline.
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Figure 5.1: Site of interest along the French Atlantic coastline.

Figure 5.2: Sites of interest along the French Mediterranean coastline.
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Figure 5.3: Regional maximum tsunami wave heights simulated using CLIONA
of the scaled historical events and hypothetical scenarios, which are used to

capture the local site’s response along the French Atlantic coastline.
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Figure 5.4: Regional maximum tsunami wave heights simulated using CLIONA
of the scaled historical events and hypothetical scenarios, which are used to

capture the local site’s response along the French Mediterranean coastline.
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5.1.3 Results

The following results highlight the obtained local amplification factors for the var-

ious sites studied: Morbihan, Nice area, Bandol and Antibes. The plots highlight

the local areas where enhanced amplification or diminishment is predicted (Figs.

5.5, 5.7, 5.9 and 5.11). Further, the performance of the obtained amplification

factors at forecasting the tsunami events is demonstrated by comparing the fore-

casted wave height to the fine grid simulation results (ground truth). These fine

grid results were obtained by running computationally expensive high resolution

nested grid simulations with CLIONA. The percentage relative difference is plot-

ted against simulated wave height at the gauge points with the percentage relative

difference defined as

%Relative Difference =
(ηf (β)− ηs)

ηs
× 100, (5.6)

where ηf (β) is the forecasted maximum wave height and ηs is the simulated wave

height at the gauge point. In all cases the mean of the percentage relative difference

highlights a negative bias, with a value between ≈ −19% and −25% (Fig. 5.6, 5.8,

5.10 and 5.12). Therefore, the extended Green’s Law approach under predicts the

maximum wave heights at the gauge points.

These results however should be considered within the context of the added runtime

that would be required to forecast the local maximum wave heights. Once the

amplification factors have been pre-calculated, a tsunami early warning centre can

utilise the method proposed above (section 5.1.1) to obtain localised wave forecasts

from computed regional maximum wave heights with minimal runtime required

(O(s)).

The dataset of high resolution simulation results for these sites is limited to 9

tsunami scenarios for Morbihan and 8 scenarios for the Mediterranean sites (Nice

area, Bandol and Antibes). Therefore, the forecasted wave heights are compared to

”seen” scenarios. In section 5.1.5, where there is a greater number of pre-computed

scenarios available, the performance of the amplification factors at predicting ”un-

seen” scenarios is tested.
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Morbihan

Figure 5.5: Left: The fine grid bathymetry of Morbihan with the location of
the wave gauges marked with red stars. Right: The optimised β values for points

between −50 m and −1 m depth.

Figure 5.6: The maximum wave heights from the various earthquake sources
(Fig. 5.3) have been colour-coded. Left: Log-log plot of the simulated (ground
truth) and forecasted maximum wave heights at the wave gauge points. Right:
Percentage relative difference Eq. (5.6) between forecasted and simulated wave
height versus log of ground truth at wave gauge points, the black line is the mean

relative difference and the grey lines are the standard deviation.
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Nice Area

Figure 5.7: Left: The fine grid bathymetry of the Nice area with the location
of the wave gauges marked with red stars. Right: The optimised β values for

points between −50 m and −1 m depth.

Figure 5.8: The maximum wave heights from the various earthquake sources
(Fig. 5.4) have been colour-coded. Left: Log-log plot of the simulated (ground
truth) and forecasted maximum wave heights at the wave gauge points. Right:
Percentage relative difference Eq. (5.6) between forecasted and simulated wave
height versus log of ground truth at wave gauge points, the black line is the mean

relative difference and the grey lines are the standard deviation.
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Bandol

Figure 5.9: Left: The fine grid bathymetry of the Bandol area with the location
of the wave gauges marked with red stars. Right: The optimised β values for

points between −50 m and −1 m depth.

Figure 5.10: The maximum wave heights from the various earthquake sources
(Fig. 5.4) have been colour-coded. Left: Log-log plot of the simulated (ground
truth) and forecasted maximum wave heights at the wave gauge points. Right:
Percentage relative difference Eq. (5.6) between forecasted and simulated wave
height versus log of ground truth at wave gauge points, the black line is the mean

relative difference and the grey lines are the standard deviation.
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Antibes

Figure 5.11: Left: The fine grid bathymetry of the Antibes area with the
location of the wave gauges marked with red stars. Right: The optimised β

values for points between −50 m and −1 m depth.

Figure 5.12: The maximum wave heights from the various earthquake sources
(Fig. 5.4) have been colour-coded. Left: Log-log plot of the simulated (ground
truth) and forecasted maximum wave heights at the wave gauge points. Right:
Percentage relative difference Eq. (5.6) between forecasted and simulated wave
height versus log of ground truth at wave gauge points, the black line is the mean

relative difference and the grey lines are the standard deviation.



Chapter 5: Automative approaches for capturing localised tsunami response 96

5.1.4 Comparison between α and β formulations

A comparison is made between the α and β formulations, where each formulation

is used to optimise for the respective local amplification factors. The comparison

is presented for the Antibes site. One can see (Fig. 5.13) that the obtained values

for the optimal parameters α and β are different in each case, a result which is

to be expected. However, when these different values are utilised to forecast the

local wave heights in their respective formulations Eq. (5.2) and Eq. (5.3), one

obtains the same relative difference plots. The gradient descent approach is finding

different optimal values in each case but ultimately the same solution.

Figure 5.13: Left: The optimised α (left) and β (right) values for points be-
tween −50 m and −1 m depth.
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Figure 5.14: Percentage relative difference Eq. (5.6) between forecasted and
simulated wave height versus log of ground truth at wave gauge points. Left:
results obtained using the α formulation and right using the β formulation. The
black line is the mean relative difference and the grey lines are the standard

deviation.
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5.1.5 Robustness study

In order to gain an understanding of the robustness of the optimised amplification

parameters more tsunami scenarios are required. If the optimised values are stable

with increasing amounts of data being utilised in the gradient descent approach,

then the values can be considered to be fundamental to the bathymetry. Unfortu-

nately, 100’s of high resolution simulations require extensive amounts of computing

resources and time. Thankfully, colleagues at CEA have carried out hundreds of

high resolution simulations for the Cannes region [108], with the goal of carrying

out probabilistic hazard assessments for the region. It is this extensive dataset that

will be utilised for the robustness study.

Figure 5.15: Map of the seismogenic zones for the Mediterranean region (image
is taken from [108])

The total number of tsunami scenarios available for this study is 297 simulation

pairs (consisting of both coarse and fine grid simulation results), drawn from seis-

mogenic zones 3 and 5 (see Fig. 5.15). In order to test the robustness of the

optimised β parameters this dataset is split into 9 subsets and the β values are
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optimised for with increasing amounts of ‘seen’ data (Fig. 5.16)(one data subset

(30 scenarios) at a time). Each subset contains a proportional amount of scenarios

corresponding to each seismogenic zone. There are some minimal changes in the

calculated β values with increasing amounts of ‘seen’ data. Overall, the regions of

enhanced amplification and diminishment are consistent. This is a promising result

as it highlights the robustness of the optimised β values and that minimal amounts

of scenarios (O(101)) are needed to accurately capture the localised response when

two seismogenic zones are considered.

The remaining 27 scenarios of the dataset are utilised for testing the performance

of the calculated β parameters at forecasting unseen events (Fig. 5.17). The mean

error of the forecasts at each point in the fine grid is plotted (Fig. 5.17). One can

see that the maximum mean error is ≈ 15 cm at any location in the fine grid region

and these maximum values are concentrated close to the shoreline.
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Figure 5.16: The effect of increasing the amount of tsunami scenarios in the
optimisation of the localised β parameter in the Cannes region. From top left to
bottom right, the number of tsunami scenarios N increases by 30 in each plot.
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Figure 5.17: The effect of increasing the amount of tsunami scenarios in the
optimisation of the localised β parameter in the Cannes region. From top left to
bottom right, the number of tsunami scenarios N increases by 30 in each plot.
The optimised parameters are then used to forecast 27 unseen scenarios. The
mean error of the forecasted wave heights is plotted at each point in the fine

grid.
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5.2 Multi-Layer Perceptron (MLP)

Machine learning approaches were first developed in the 1950s. However, with the

increase in computational resources and ‘big data’, these approaches have gained

immense popularity. Their generality has resulted in their ubiquitous application

in both academic and industrial settings. There exists a substantial variation of

machine learning architectures, with some being developed for specific tasks. Neu-

ral networks are one such subset, with a fundamental component of these networks

being the perceptron. Neural networks are inspired by biological systems, with the

preceptron approximating a neural brain cell and acting as the basic computational

unit.

Pertaining to the study of tsunamis, neural networks have been applied in various

contexts. [109] showed how neural networks can be utilised to predict tsunami ar-

rival times at various locations of interest. [34] recently utilised two different neural

network architectures to predict maximum wave heights and inundation along the

Japanese coastline. The neural network chosen here to act as a comparison to the

extended Green’s Law approach is motivated by one of the networks which was

introduced by [34]. The neural network architecture utilised is a multi-layer per-

ceptron (MLP), and is based upon the stacking of multiple layers of perceptrons in

sequence.

An MLP is trained and tested for predicting maximum wave heights and inundation

in a subset of the Cannes region. The authors were restricted to the Cannes region

as training a neural network requires a substantial amount of data. The MLP

consists of an input layer, two hidden layers and an output layer. A cropped array

of the maximum wave heights from the coarse regional results (mother grid Fig.

5.18) is flattened and fed into the input layer. The output layer corresponds to

a flattened array of the maximum wave heights in a subset of the Cannes region

(daughter grid Fig. 5.18). The MLP is then trained on the mother/daughter grid

pairs, with standard gradient descent and back-propagation techniques used to

optimise for the weights and bias terms in the network.

A python code which utilises the Keras and Tensorflow packages [110] was devel-

oped to construct and train the MLP. The cropped coarse grid (mother grid) has

dimensions 150 × 150, therefore the input to the MLP is a flattened array of di-

mensions 22500 × 1. It is a fully connected network with the two hidden layers

having 256 neurons each. The output dimension is 120000 × 1, as the cropped



Chapter 5: Automative approaches for capturing localised tsunami response 103

fine grid (daughter grid) has dimensions 300 × 400. The activation function in

each layer is the popular Relu function. L2 regularisation and neuron dropout are

implemented in each of the hidden layers to avoid overfitting2. In order to plot the

predictions of the MLP or to carry out analysis on them, the outputs are reshaped

back into two dimensional arrays (300 × 400).

Figure 5.18: Left: cropped region of the regional maximum wave heights which
are fed in as the input grids to the MLP (mother grid). Right: cropped region of
the localised maximum wave heights which are the targets of the MLP (daughter

grid)

The MLP is trained on the same dataset as introduced for the robustness study

(section 5.1.5). This dataset consists of 297 tsunami scenarios, where again 27

scenarios are retained for testing purposes. The MLP is trained with the remaining

270 scenarios for 200 epochs. A plot of the loss function (Fig. 5.19) highlights the

training process of the network. The convergent behaviour of the loss captures

the fact that the optimal network parameters (weights and bias terms) have been

found.

5.2.1 Comparison between MLP and extended Green’s Law

approach

The performance of the MLP model is now compared to the extended Green’s law

approach. The β values obtained in section 5.1.5, where 30 tsunami scenarios are

used in the optimisation are chosen for the comparison. The comparative data

2More information on the activation function and layer features can be found on the Keras
API website https://keras.io/api/

https://keras.io/api/
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Figure 5.19: The convergence of the mean squared loss function over the train-
ing epochs.

requirements for each approach is an aspect that one must bear in mind when

comparing their relative performances, 30 scenarios for the β approach compared

to 270 for the MLP model.

The maximum tsunami wave heights are forecasted for 27 unseen scenarios. The

relative error (Eq. (5.6)) is then calculated for both forecasts at each point in

the daughter grid and plotted (Fig. 5.20 and Fig. 5.21). Two sets of figures

are produced to showcase the performance of the methods on larger and smaller

maximum wave heights. In Fig. 5.20 only scenarios with a maximum tsunami

wave height greater than 10 cm at each point in the fine grid are included in the

relative error calculation, while in Fig. 5.21 scenarios with a maximum tsunami

wave height greater than 1 cm are included.

For the β approach in Fig. 5.20 we see a similar behaviour as found earlier, i.e. a

general underestimating of ≈ 20%. On the other hand the MLP model generally

overestimates the maximum wave heights. In both Fig. 5.20 and Fig. 5.21 a

key benefit of the MLP approach is highlighted; the ability to predict inundation.

In Fig. 5.20 the MLP performs well in this regard with a mean relative error of

≈ 10− 20% for the inundated points.
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Figure 5.20: Percentage mean relative error (Eq. (5.6)) calculated at each
point in the grid for maximum wave heights greater than 10 cm. Left: Extended

Green’s law (β) approach. Right: MLP approach.

Unfortunately in Fig. 5.21 both approaches struggle to accurately predict the

smaller maximum wave height scenarios, with the relative error increasing at the

majority of points when compared to Fig. 5.20. One other behaviour to note in

Fig. 5.21 is the transition in the sign of the mean relative error for the β approach

when moving from pure Green’s Law to the extended version, which occurs at the

−50 m isobath (marked in Fig. 5.21).
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Figure 5.21: Percentage mean relative error (Eq. (5.6)) calculated at each
point in the grid for maximum wave heights greater than 1 cm. Left: Extended

Green’s law (β) approach. Right: MLP approach.
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Short summary

• In a tsunami early warning setting, capturing the localised response to an

incoming tsunami is often too computationally expensive.

• Transfer functions and machine learning approaches, which can be trained

ahead of time and then rapidly used to predict the local variability in the

tsunami hazard are presented.

• The transfer functions are based on extensions to Green’s Law with the in-

troduction of site specific amplification factors.

• Automative approaches have been developed to optimise for heterogeneous

amplification factors.

• Performance of a machine learning approach is compared to the transfer func-

tion approach.



Chapter 6

The energy of a tsunami

generated by submarine landslide

Advancements in understanding tsunami energy have received some notable con-

tributions in the literature [111], [112], [113]. However, the majority of the tsunami

literature has focused on the other measurable quantities: wave heights, inundation

and of late induced currents. Accurately assessing the energy of a tsunamigenic

event allows one to compare relative sizes of events and to help explain the range

of impacts. The work outlined in this chapter has been carried out in collaboration

with Prof. Emile Okal. The theory developed allows one to capture the energy of

a landslide induced tsunami and it is part of a larger set of work undertaken by

Prof. Okal. The theory is validated and expanded upon by the use of numerical

tools (Volna-OP2). This work is still in its preliminary stages but tentative results

are presented here.

6.1 Theory

The energy of a landslide induced tsunami can be captured by considering the

work done of the slide on the body of water. The set up that we will consider in

this framework is presented in the sketch (Fig. 6.1). To begin with two frames of

reference are outlined; {x, y} is the coordinate system as highlighted in the sketch

while {X, Y } are the coordinates in the rotated frame with X lying parallel to the

inclined plane and moving with the slide.

108
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Figure 6.1: Model set up with the dimensions not to scale. Dashed blue line
denotes water surface and the initial location of landslide is plotted in red.

The shape of the slide Y (X) with [0 ≤ X ≤ L] is assumed to be invariable in the

rotated frame (note the following theory will hold for arbitrary slide profiles). The

initial depth at the left side of the slide (X = 0) is denoted as H with the temporal

variation prescribed

H(t) = H + V t sinα,

where as depicted in the sketch, V is the velocity of the slide, α is the angle of

inclination and t is time. At any point X along the slide there is a cross section
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surface element (ds) which is angled to the bottom (β)

tan β =
dY

dX
,

and

ds =
dX

cos β
.

The pressure p at that point is ρg (ρ is the density of water and g is the acceleration

due to gravity) times the depth of water above the slide

p = ρg
(
H(t) +X sinα + Y cosα + ζ(X, t)

)
.

ζ(X, t) is the temporal surface elevation field above that point. However, η(x, t)

is defined as the surface elevation field in the original frame and will be outputted

from the Volna-OP2 simulations. The relationship between ζ(X, t) and η(x, t) is

given as

ζ(X, t) = η(x+ Y sinα, t) x = x0 + (X + V t) cosα,

with x0 being the initial horizontal position (t = 0) of the left side of the slide.

As all the motion of the slide takes place parallel to the inclined plane, only the

components of the pressure alongX contribute to the work done. TheX component

of the force along the element surface area ds that exerts a force on the water is

given

FX = −p sin β ds.

At any point in time (t), the integral of this force along the entire surface of the

slide is

FX = −ρg
∫ L

0

[
H(t) +X sinα + Y cosα + ζ(X, t)

]
sin β

dX

cos β

= −ρg
∫
arc

[H(t) +X sinα + Y cosα + ζ(X, t)] dY (6.1)
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We set the profile of the slide Y (X) to be parabolic in shape. In Eq. (6.1) only

the work done by the fourth term will make a contribution to the energy of the

tsunami. The justification for the other terms dropping out is as follows:

• The first term will integrate to be exactly zero as Y will have the same value

(0) at both ends of the arc.

• The second term integrates to give the volume of the slide times ρg sinα, i.e

the weight of volume of water equal to the volume of slide (per unit length

in the third dimension). The work done of this term equates to the positive

change in potential energy of the water from equilibrium to final resting

position (t→∞) and thus will not contribute.

• The third term will also integrate to be exactly zero as Y will have the same

value (0) at both ends of the arc and dY changes sign during the integration.

Finally the energy of the tsunami is given as

ETSU =

∫ tf

0

F TSU
X · V dt = −ρgV

∫ tf

0

dt

∫
arc

ζ(X, t) · dY, (6.2)

where tf is the time at which the slide stops moving.

Simulations of the set up (Fig. 6.1) are carried out with Volna-OP2 and estimates of

the tsunami energy are compared to the energy picked up at far-field wave gauges.

The energy defined at the virtual gauges is defined in relation to integrating the

energy flux across the wave front,

Egauges = ρgU

∫ ∞
0

η(x, t)2 · dt, (6.3)

where U is the wave speed and is defined in the shallow water approximation as

U =
√
gh (h = depth of water). Virtual wave gauges will be selected in the far-field

to the left and right of the source region. It is noted that the energy estimates are

per unit length in the third dimension (MJ/m).
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6.2 Numerical simulations

In order to explore the energy transfer between the slide and tsunami, the landslide

set up, as introduced in the sketch (Fig. 6.1) is simulated using Volna-OP2. As

noted, the included sketch (Fig. 6.1) is not to scale, so the exact range of values

studied here are provided in Table 6.1. In order to investigate the influence of the

various parameters, the base model (parameters highlighted in red) will be altered

in the following section 6.4.

Angle of inclined plane α(◦) (5, 10, 15)
Velocity of the slide V (m/s) (5, 10, 20)
Thickness of the slide S (m) (10, 20, 40)

Length of the slide L (m) (1000, 2000, 3000)
Initial depth of the left side of the slide H (m) (250, 500, 1000)

Distance slid by the slide D (m) (2500, 4000, 6000)

Table 6.1: Values of the various slide parameters used in the numerical simu-
lations. The base model’s parameter values are highlighted in red.

To capture the slide’s dynamics in Volna-OP2, changing bathymetry files which

specify the depth at each point in the domain are sequentially read in at fixed time

steps. A python code was written to generate these changing bathymetry files. As

introduced above, the variable shape of the slide is defined in the rotated frame

{X, Y } which is attached to the moving slide. In this frame the shape of the slide

is chosen to be a simple parabola

Y (X) =
4SX

L2
(L−X), (6.4)

with L and S defined above (length and thickness of slide respectively) and X, Y

being the coordinates in the rotated frame.

The optimal values for the CFL condition and time step (dt) were found to be CFL

= 0.4 and dt = 0.02 s. As outlined previously, an estimate of the energy of the

tsunami (ETSU) will be validated by comparing it to an estimate of the energy in

the far-field (Egauges given by Eq. (6.3)). To capture the temporal variation of the

water surface elevation in the source region and in the far-field, virtual wave gauges
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are positioned at 100 m intervals between x = 0 m and x = 30 km. The surface

elevation at these gauge points is outputted every 0.1 s.

Volna-OP2 deals with two dimensional meshes and thus the set up (Fig. 6.1) is

extruded one cell deep in the z direction (perpendicular to the page), with transla-

tional symmetry along this axis. A uniform mesh with spatial resolution of 10 m,

generated using GMSH [76], is used. The HLLC numerical flux solver (Eq. (2.9))

and RK-SSP(2,2) temporal scheme were utilised. Reflecting boundary conditions

were specified for the front (z = 0 m) and back (z = 10 m). Open boundary

conditions were set at the left and right edges. The step in the bathymetry at −50

m was implemented to avoid any numerical issues with wetting and drying. The

runtimes for all the set ups outlined in Table 6.1 do not exceed ≈ 100 s, when using

the CUDA version of Volna-OP2 on one Nvidia (Tesla K40) GPU.

6.3 Base model results

The profile of the tsunami energy (ETSU) is calculated from virtual wave gauge

outputs and is plotted (Fig. 6.2). One observes an initial increase of the energy

corresponding to the generation of the initial waves. The resultant tsunami energy

at the end of the slide’s motion (t = 400 s) is then compared to the energy obtained

at the far-field wave gauges. The temporal variation of the surface elevation at the

far-field wave gauges is plotted (left gauges Fig. 6.3 and right gauges Fig. 6.4).

Utilising Eq. (6.3) the energy at selected far field gauges is calculated and included

in the plots (Fig. 6.3 and Fig. 6.4). The effect of the step in the bathymetry can

be seen in the left gauge plot (Fig. 6.3), where a tail in the wave signal can be seen

for gauges located at x = 600 m and x = 800 m. This tail in the wave signal is the

result of reflection at the step. Accounting for this reflection is important when

calculating the energy at the left wave front. Therefore, the wave gauge located at

x = 600 m is selected. Minimal decay of the wave signal can be seen as the wave

propagates a comparatively large distance to the right of the source region (Fig.

6.4), an encouraging result for the numerics!

As seen in the figures, the ETSU(final) = 46.465 MJ/m and the total energy at the

selected far-field gauges Egauges = 46.061 MJ/m (Egauges = E0.6 km
gauge + E20 km

gauge ). The

energy calculated at the far-field gauges accounts for 99.13% of the energy coming

from tsunami energy profile ETSU . Considering numerical errors and that physical



Chapter 6: Energy of landslide induced tsunami 114

dispersion is neglected in Volna-OP2, the high percentage of energy accounted for

provides justification of the tsunami energy formulation (Eq. (6.2)). Further, this

high percentage of energy accounted for is repeated in the parameter study (Table

6.2).

Figure 6.2: Slide energy ETSU for the base model with the final energy = 46.465
MJ/m.
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Figure 6.3: Temporal variation of the surface elevation at wave gauges lo-
cated to the left of the source (shallower region). The effect of the step in the
bathymetry at 50 m depth can be observed as tails in the wave signal at gauges

located at x = 600 m and x = 800 m.

Figure 6.4: Temporal variation of the surface elevation at wave gauges located
to the right of the source (deeper region). Minimal decay of the wave signal can

be observed as the wave propagates to the right.
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6.4 Parameter study

The following parameter study is a preliminary exploration into the relationship

between the parameters of the set up and the tsunami energy. Further simulation

runs are needed to provide a comprehensive understanding of the effects of varying

the landslide parameters. Nevertheless, from this limited dataset (Table 6.2) pre-

liminary plots capturing the various approximate scaling relationships are provided

(Fig. 6.5). The parameter study (Table 6.2) is based around altering one landslide

parameter at a time from the base model (First row of Table 6.2).

The effect of changing parameter values can be seen in the resultant tsunami energy

(ETSU). The percentage of energy calculated at the wave fronts remains above

94.64% in all cases. It is noted that the choice of left and right gauges which are

combined to give Egauges is altered in the different set ups. This is again to ensure

that the reflected signal at the step in bathymetry is captured and the right gauge

in the far-field is outside the source region for longer runs (distance and length

parameters).

α(◦) L (km) S (m) H (m) D (km) V (m/s) ETSU (MJ/m) Egauges (MJ/m) % Energy
Base Set up 10 2 20 500 4 10 46.465 46.061 99.13

Angle # 1 5 2 20 500 4 10 62.354 59.012 94.64
Angle # 2 15 2 20 500 4 20 36.683 36.112 98.443
Length # 1 10 1 20 500 4 10 23.782 22.605 95.052
Length # 2 10 3 20 500 4 10 63.985 63.739 99.617

Thickness # 1 10 2 10 500 4 10 11.34 11.097 97.854
Thickness # 1 10 2 40 500 4 10 194.077 191.299 98.568

Depth # 1 10 2 20 250 4 10 71.62 70.616 98.599
Depth # 2 10 2 20 1000 4 10 27.257 26.828 98.429

Distance # 1 10 2 20 500 2.5 10 51.214 50.297 98.210
Distance # 2 10 2 20 500 6 10 42.173 41.668 98.801
Velocity # 1 10 2 20 500 4 5 10.986 10.782 98.149
Velocity # 2 10 2 20 500 4 20 210.849 204.535 97.005

Table 6.2: The effect of changing landslide parameter values on the calculated
tsunami energy (ETSU ). The base model is provided in the first row, with the
value of the changed parameter highlighted in red for the altered set ups. The
gauges for the Egauges calculation can differ between set ups. The gauges were
chosen to ensure that the reflected signal at the step in bathymetry is captured

and the right gauge is outside the source region.

As stated these are preliminary results and three points in each plot (Fig. 6.5)

are certainly not enough to draw conclusive evidence on scaling relationship. Nev-

ertheless, some interesting tentative results can be seen, i.e the tsunami energy

being dependent on the S2, V 2 or D
1
5 . More data points (simulation runs) will be
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required to provide robust evidence for these proposed relationships and to garner

an understanding of their exact form.

Figure 6.5: Preliminary efforts to establish scaling relationships between the
landslide energy and landslide parameters. Slopes of the line of best fits are

included in each plot.

Short summary

• An analytical theory which captures the energy of submarine landslide in-

duced tsunamis is presented.

• The predicted energy of the analytical theory is calculated from numerical

simulations and compared to the energy in far-field wave gauges.

• A good agreement between these two calculated energies provides validation

to the theory.

• Tentative parameter study and derived scaling relationships are presented.



Chapter 7

Conclusions and future work

7.1 Tsunami modelling with Volna-OP2

Based on work outlined in chapter 2, we can conclude that the redeveloped Volna-

OP2 is a robust and efficient parallel solver of the NSWE. It is based on a finite

volume scheme for spatial integration, implementing a MUSCL reconstruction and

using the 2nd order Runge-Kutta scheme for integration in time. The scheme is

conditionally stable, can handle complex geometries and simulate real-life cases.

The error analysis shows that the error scales quadratically with refining the spatial

mesh. However, reducing the time-step does not have a visible effect on the error.

The solution amplitude decays in time, and one can observe both damping and

phase shifts. So there is an energy leak from the system, which is expected due to

the non-conservative Runge-Kutta scheme. However, the error can be minimised

by reducing the spatial resolution. The phase error is mostly negative, which

corresponds to phase lag and the artificial wiggles behind the wave front. However,

it changes sign occasionally and this results in phase lead.

The real case simulations (section 2.5) show the efficiency and scalability of the

code run on a GPU. The 1-hour realistic size tsunami model is simulated in ≈ 8.7

mins on the finest (450m resolution, ≈ 10.2M cells) mesh using one GPU. However,

the simulations have shown that comparable results can be achieved using a coarser

mesh and reduced runtime. Therefore the users should be familiar with code pros

and cons before setting up their simulation in order to get physically meaningful

and numerically accurate results. This acceptable level of accuracy and runtime

118
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trade off is an important decision when using Volna-OP2 to perform comprehensive

sensitivity analysis tests and uncertainty quantification.

In line with the goals and directives set out by the tsunami community after the

devastating events of the 2004 Indian Ocean and 2011 Tōhuku tsunamis, chapter

3 presents new attempts to quantify the associated tsunami hazard for sections of

the Irish Coastline. As the 1755 Lisbon tsunami is the last major tsunami to affect

the Irish coastline, it serves here as a worst case scenario. Multiple earthquake

scenarios presented in the literature are simulated, with the inundation levels at

vulnerable sections of the Irish coastline investigated for the four most impactful

sources. Faster than real time tsunami simulations are achieved with the redevel-

oped Volna-OP2 code. These faster than real time simulations will greatly improve

the warning capabilities of tsunami early warning centres, with Volna-OP2 pre-

sented as a candidate code which could be implemented into a tsunami warning

centre’s workflow.

The performance of the GPU version of the code at simulating an ensemble of

simulations with minimal resources is demonstrated. Using 2 Nvidia V100 GPUs,

6 separate (8 hour) tsunami simulations, with a uniform mesh resolution of ≈ 3.3

km, can be simulated in 93s. However in order to refine these regional forecasts

a non-uniform mesh with a minimum element size of 100 m is used. The four

most impactful sources identified in the initial ensemble are simulated again for 10

hours with a runtime of ≈ 21 minutes (using 2 Nvidia V100 GPUs). Although this

runtime is outside the scope of being beneficial for a tsunami warning centre, more

computing resources would contribute to the reduction in runtime. The refined

regional forecasts would allow a warning centre to issue more accurate warnings.

These regional results corroborate previous studies on what sections of Irish coast-

line (the west and south east) are particularly vulnerable to a repeated Lisbon-type

event.

There exists a severe lack of studies in the literature on the hazard associated

with a Lisbon-type tsunami on the Irish coastline. Therefore, the high resolution

tsunami hazard assessment presented (chapter 3) is considered a pilot study for the

most vulnerable sections of the Irish coastline. High resolution simulations of the

areas of interest are achieved by utilising a non-uniform unstructured mesh and

simulating the tsunamis with Volna-OP2. The assessment found that there is a

consistency in the areas and levels of inundation across the four sources simulated.

The inundation extent is constrained to low-lying areas in the Dunmore East and
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Galway Bay regions, with a maximum run-up of ≈ 3.4 m for both regions. The

depth of water above the underlying topography (inundation depth) reached 2 m in

parts. This level of inundation could pose a risk to various infrastructures (Great

Island Power Station) and members of the public located near the shoreline. To

date, the presented pilot study provides the best estimate of assessing the hazard

associated with a Lisbon type tsunami event on the Irish coastline. However, to

provide a full hazard assessment, some further sites (south coast) and factors should

be included, such as tidal forcing, ‘street level’ inundation and the effect of wave

dispersion. Thus, the inundation plots produced should only be used as a guidance

on the potential tsunami hazard of an area.

To conclude chapter 2 and 3 of the dissertation, it should be noted that Volna-OP2

is still under development. Therefore, its analysis and benchmark testing play an

important role for the code’s continuous enhancement and improvement. The code

is already an important tool for the tsunami modelling community. However, future

work will involve incorporating some of the missing features as highlighted, such

as tidal forcing and ‘street level’ inundation. Further, a version of the code which

solves the NSWE in spherical polar coordinates would be extremely beneficial.

Accounting for Coriolis forcing would allow simulations over larger geographical

regions. Work is also planned to optimise the meshing procedures for high resolu-

tion studies.

7.2 Tsunami early warning with uncertainties

Showcased in chapter 4 is the first possible combinations of tsunami simulation and

emulation in order to reach faster than real time predictions of tsunami heights near

shore, using synthetic teleseismic inversions to constrain the earthquake source.

The uncertainties in the warning are also provided, as these can be very large,

especially in the initial period following the earthquake. These uncertainties are

essential towards accurate and wise disaster management.

The work is a proof-of-concept investigation. Indeed, to demonstrate the appro-

priateness, a safe margin in terms of the number of runs (100 for 3 parameters) is

employed. The rule of thumb in emulation is to provide a minimum of around 10

runs per input parameter, the number of runs increasing with increasing complexity

of the input-output relationship. Hence, for narrow intervals where the influence
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of inputs on outputs is typically smooth and monotonic, it may be possible to re-

duce the number of runs to around 30 (for three parameters considered here). The

emulator construction can also be aided by using an informed mean function for

the GP. These features can be exploited especially for stages of seismic inversions

that progressively restrict the input space to small variations across the outputs,

resulting in gains for warning time and computing resources.

Another attractive extension would be to retrain the emulator for each wave of

seismic inversion, using a design that is focused on the seismic inversion region,

and thus improve the fit. However the addition of the design of experiments would

be costly in time compared to our first shot of runs. Furthermore, to be even more

realistic, other parameters that could add uncertainty to this problem could be

included. These include the uncertainties in geometry of the fault, in the rigidity,

in the sediment amplification factor, in the near-shore bathymetry [52], in case

warnings are to be explicit in terms of inundations to make them more useful

for subsequent action. To sample from a larger input space requires great care

and emulation is the only available option since even thousands of runs would not

suffice to cover the spread of uncertainties. Possible approaches include dimension

reduction [52], and sequential design of experiments [51] but with some tailored

tuning as the sequential nature would add time to the whole design sequence,

albeit with large gains in efficiency in the approximation.

The workflow presented in chapter 4 is fully generic and could, with some additional

resources/efforts, be applied by any tsunami warning centre. The emulator is used

to obtain the level of tsunami hazard and uncertainty at selected points of interest.

These points can cover a localised section of coastline, a regional area or fixed depths

off the coastline of interest. The different types of warnings that the emulator

produces could aid in a warning centre’s ability for providing accurate warning

recommendations. Further, the direct results from the deterministic model are

extremely beneficial for providing an insight into the tsunami dynamics.

As stated, this is proof-of-concept work with many outstanding issues to be ad-

dressed before the workflow presented here can be implemented by a warning cen-

tre. The main issues include a greater number of computational resources, a faster

Okada solver and a fully parallelised/automated workflow. More computing re-

sources, namely GPUs, would allow for the Volna-OP2 simulations to be carried

out in parallel, ideally a GPU for each source realisation being simulated. A faster

Okada solver running on a cluster would reduce the runtime of the initialisation
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steps. The runtimes presented are given in relation to time per scenario or time

for predictions at a gauge. As these are fully independent the whole system lends

itself to parallelisation, but effort is required in this respect to carry out these tasks

in parallel. Finally, another aspect that needs to be considered is the optimisation

of the post processing and displaying (plotting) of the results, runtimes which a

warning centre would need to incorporate. However, with the outstanding issues

addressed and greater computing capacities the total runtime is safely within the

time frame afforded to warning centres in the aftermath of a tsunamigenic event.

7.3 Transfer functions and machine learning tech-

niques

In chapter 5 work on capturing localised responses to incoming tsunami waves is

presented. In a warning setting, capturing the local response is often too compu-

tationally expensive, despite local bathymetry greatly influencing the variability

in the tsunami impact at a site. Two approaches, when calculated ahead of time,

which can rapidly predict the local tsunami impact are investigated. Sites located

along the French Atlantic and Mediterranean coastlines are studied. The local re-

sponse is captured by incorporating regional and computationally expensive local

tsunami simulation results. Scaled historical and hypothetical earthquake sources

form the initial conditions of these simulations. An automative method for calculat-

ing the site specific parameter in the two formulations of the extended Green’s Law

(Eq. (5.2) and Eq. (5.3)) has been developed. This automative method differs to

the ‘trail-and-error’ approach undertaken in previous works [31, 106]. The method

relies upon optimisation techniques. It is shown that the extended Green’s Law

method can rapidly predict the maximum wave heights, but the average mean dif-

ference to the true solution (high resolution simulation result) compared at gauges

located along the coastlines is approximately 20% (Figs. 5.6 –5.12). This relative

error should be viewed in light of the absolute maximum wave heights at these

locations, which range between ≤ 1cm and ∼ 1 m, and the runtimes to predict are

on the O(s).

The amplification parameters of the two different formulations (Eq. (5.2) and

Eq. (5.3)) are shown to perform identically (Fig. 5.14). The robustness of the

optimised local amplification factors is explored by utilising a large database (297
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scenarios) of pre-computed pairs of regional and local maximum tsunami wave

heights for the Cannes region (section 5.1.5). Incrementally increasing the amount

of data (scenarios) in the optimisation procedure results in only slight changes to

the amplification (β) parameter. This allows one to conclude that the value of the

parameter is robust.

An ‘off-the-shelf’ MLP network is then trained and tested on the same 297 scenarios

for the Cannes region (section 5.2). The network is considered ‘off-the-shelf’ as no

hyperparameters are optimised for and the architecture of the network is a standard

form. The performance of the network at predicting maximum wave heights is

compared to the predictions made by the optimised transfer function method for

the same 27 unseen scenarios. The benefits of the MLP model compared to the

extended Green’s Law approach can be seen in its ability to predict inundation.

Both approaches however exhibit a similar order of relative errors, albeit with

the MLP generally over predicting and the β formulation under predicting the

maximum wave heights. These relative errors should be viewed again within the

minimal added runtimes that the approaches require. Further, the relative data

requirements for each approach should also be highlighted, with the MLP model

requiring a training set of 270 scenarios whilst the β values are optimised for using

only 30 scenarios.

In the current form of the extended Green’s Law (Eq. (5.2) or (Eq. 5.3)), the

authors believe that no substantial improvements can be made. The other free

parameters could be tweaked but based on preliminary work, the authors believe

that this would have minimal effect. An alternative method, similar in vain to the

transfer function approach, would be generalised additive models. These statisti-

cal models which capture functional responses between variables offer an approach

which could capture the relationship between off-shore wave heights and local val-

ues.

Proposed future work involving machine learning methods would focus on develop-

ing customised machine learning models, where convolutional neural networks could

be utilised. Stacked layers of the bathymetry, wave heights and flow velocities could

form the input to a traditional three channel RGB (Red, Green and Blue) image

classification network. This approach of stacking the bathymetry, maximum wave

heights and flow velocities into three layers would have the additive benefit of pre-

dicting the maximum flow velocities in conjunction to the maximum wave heights

and inundated areas. Transfer learning techniques could also be investigated. One
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could incorporate well established convolutional neural networks, which have been

used for similar image classification tasks, to minimise the data requirements.

Finally, a natural extension to the work presented in chapters 4 and 5 would be the

coupling of pre-computed localised response models with an emulator. This would

greatly improve a warning centre’s capabilities at providing extremely localised

tsunami impacts with the associated uncertainties in a faster than real time setting.

The regional maximum wave heights needed for forecasting the localised response

would be computationally cheap to obtain. Then the emulator could be trained on

the output of the localised response approach (transfer function or machine learning

model) and then utilised to predict the uncertainty on the tsunami impact. This

would differ to the results presented in section 4.5 as the underlying mesh resolution

could be a factor of ten times more refined, but with a reduction/minimal addition

in the runtime.

7.4 Scaling relationships - Tsunami energy from

submarine slides

In chapter 6 an analytical theory for the energy of a tsunami which is generated by

a submarine landslide is presented. The analytical theory is validated by simulating

a toy model set up. The dependence of the tsunami energy on the parameters of

the set up are captured in a preliminary study. Future work will involve completing

this parameter study. A large number of simulations will be required to accurately

capture the relationship between the parameters and the resultant tsunami energy.

These scaling relationships will provide insight into the dominant factors at play

for tsunamis generated by submarine landslides. Conceptually comprehending the

derived scaling relationships will also require some efforts.

For the case of earthquake generated tsunamis, traditional numerical approaches

utilise the static displacement of the ocean floor as the initial conditions to the

problem. However, variable rise times of the earthquake can play a role [114]. Mo-

tivated by these rise time considerations, future work will also involve comparing

the calculated tsunami energy to that of a mathematically instantaneous slide. En-

ergy efficiencies in relation to non-physical instantaneous slides will be calculated.
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[102] L. Giraldi, O. P. Le Mâıtre, K. T. Mandli, C. N. Dawson, I. Hoteit, and

O. M. Knio. Bayesian inference of earthquake parameters from buoy data

using a polynomial chaos-based surrogate. Computational Geosciences, 21

(4):683–699, 2017. doi: 10.1007/s10596-017-9646-z.

[103] J. H. S. de Baar and S. G. Roberts. Multifidelity Sparse-Grid-Based Uncer-

tainty Quantification for the Hokkaido Nansei-oki Tsunami. Pure and Applied

Geophysics, 174(8):3107–3121, 2017. doi: 10.1007/s00024-017-1606-y.

[104] N. E. Owen, P. Challenor, P. P. Menon, and S. Bennani. Comparison of

Surrogate-Based Uncertainty Quantification Methods for Computationally

Expensive Simulators. SIAM/ASA Journal on Uncertainty Quantification, 5

(1):403–435, 2017. doi: 10.1137/15M1046812.

[105] C. E. Rasmussen and C. K-I. Williams. Covariance functions. In Gaussian

Processes for Machine Learning. The MIT Press, 11 2005. doi: 10.7551/

mitpress/3206.003.0007.
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