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Résumé: L'¢élévation du niveau de la mer est une préoccupation croissante dans les iles du
Pacifique. Au cours de I'ére altimétrique (depuis 1993), les taux d'élévation du niveau de la mer
sur le Pacific tropical ouest ont été parmi les plus élevés du monde, atteignant jusqu'a 3-4 fois
la moyenne globale.

Alors que de plus en plus de communautés soumises aux risques associés a cette hausse du
niveau de la mer se déplacent vers des terres plus élevées pour échapper a la montée des eaux,
il est impératif de disposer de prédictions du niveau de la mer a I'échelle locale pour faciliter le
processus d'adaptation et de planification. Ce processus n'est pas simple car le niveau de la mer
varie d'une région a l'autre, notamment en fonction des redistributions de chaleur, sel et masses
opérées aux échelles régionales par la circulation océanique, et des modes climatiques
dominants (par exemple, ENSO, PDO/IPO). Méme a I'échelle locale, d'importants
changements du niveau de la mer relatif peuvent résulter de mouvements verticaux naturels ou
anthropiques du sol terrestre.

Motivée par ces préoccupations, cette thése se concentre sur l'utilisation d'une technique de
descente d’échelle statistique basée sur des régressions linéaires multiples (MLR) pour
modéliser les variations interannuelles-a-interdécennales du niveau de la mer pour trois sites
cotiers localisés sur des iles du Pacifique Sud-Ouest - Suva et Lautoka a Fidji, et Nouméa en
Nouvelle-Calédonie. Le modele MLR est basé sur la connaissance que les variations du niveau
de la mer a ces échelles de temps dans le Pacifique tropical sont principalement de nature
thermostérique (c.-a-d. provenant des changements de densité de I’eau de mer induits par des
changements de température de l'océan) et que ces variations thermostériques sont
principalement générées par les variations de forgage de vent et les ondes de Rossby se
propageant vers 1’ouest qui en résultent.

Les expériences de MLR sont menées sur la période d'étude 1988-2014, I'accent étant mis sur
la variabilité interannuelle & décennale et les tendances du niveau de la mer. Le niveau de la
mer pour les trois sites cotiers insulaires est d'abord exprimé sous forme de somme des
variations stériques et de masse. Dans un second temps, les modeles MLR développés se basent
sur une approche plus orientée processus, en utilisant le rotationnel de tension de vent comme
approximation de la composante thermostérique. Le niveau de la mer des iles est alors percu
comme une combinaison de composantes globale, régionales et locales, la seconde étant
dominante. Le modéle MLR utilise le rotationnel de la tension de vent pour forcer un modele



linéaire des ondes de Rossby. Les anomalies du niveau de la mer issues du modele de Rossby
sont utilisées comme régresseur régional dominant, alors que la composante halostérique locale
(provenant des changements de densité de I’eau de mer induits par des changements de salinité
de l'océan), la tension de vent locale et la température de surface de la mer locale sont utilisés
comme régresseurs mineurs. Une régression par €tapes est utilisée pour isoler les régresseurs
statistiquement significatifs avant de calibrer le modele MLR.

Le niveau de la mer prédit par la descente d’échelle statistique montre une forte concordance
avec les observations, représentant en moyenne 80 % de la variance observée. Un test de
stationnarité sur le modéle MLR montre qu'il peut étre appliqué sur des périodes autres que
celle utilisée pour la calibration, notamment pour les projections du niveau de la mer sur les
décennies a venir. Dans I'ensemble, le niveau de la mer prédit par les modeles MLR donne un
apercu des principaux facteurs de la variabilité interannuelle-a-interdécennale du niveau de la
mer sur les sites sélectionnés, montrant que si la dynamique locale et le signal global modulent
le niveau de la mer dans une certaine mesure, la majeure partie de la variance est déterminée
par des facteurs régionaux. Cela a des implications importantes pour les futures projections du
niveau de la mer des iles - puisque les facteurs régionaux peuvent étre simulés par des modeles
climatiques, ils peuvent servir de lien entre les informations a I'échelle locale et les
informations régionales a grande échelle fournies par les modeles climatiques a basse
résolution. Les niveaux de la mer générés par la descente d’échelle statistique pourraient étre
utilisés comme source d’information pour élaborer des scénarios plus efficaces de planification
de l'adaptation et de réduction des risques dans le Pacifique

Mots-clés: modéle statistique, régression linéaire multiple, niveau de la mer, iles, ouest
Pacifique
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Summary: Sea level rise is a growing concern in the islands of the western Pacific. Over the
altimetry era (1993-present), sea level rise rates in the western tropical Pacific were amongst
the highest recorded across the world ocean, reaching up to 3-4 times the global mean.

As more and more affected communities relocate to higher grounds to escape the rising seas,
there is a compelling need for information on local scales to ease the adaptation and planning
process. This is not a straightforward process as sea level varies regionally, driven by wind and
ocean circulation patterns, and the prevailing climate modes (e.g. ENSO, PDO/IPO). On local
scales, substantial sea level changes can result from natural or anthropogenic induced vertical
ground motion.

Motivated by such concerns, this thesis focuses on developing a statistical downscaling
technique, namely a multiple linear regression (MLR) model, to simulate island sea levels at
selected sites in the southwest Pacific — Suva and Lautoka in Fiji, and Nouméa in New
Caledonia. The model is based on the knowledge that sea level variations in the tropical Pacific
are mainly thermosteric in nature (temperature-related changes in ocean water density) and that
these thermosteric variations are dominated by wind-forced, westward propagating Rossby
waves.

The MLR experiments are conducted over the 1988-2014 study period, with a focus on
interannual-to-decadal sea level variability and trend. Island sea levels are first expressed a
sum of steric and mass changes. Then, a more dynamical approach using wind stress curl as a
proxy for the thermosteric component is undertaken to construct the MLR model. In the latter
case, island sea levels are perceived as a composite of global, regional and local components,
where the second is dominant. The MLR model takes wind stress curl as the dominant regional
regressor (via a Rossby wave model), and the local halosteric component (salinity-related
changes in ocean water density), local wind stress, and local sea surface temperature as minor
regressors. A stepwise regression function is used to isolate statistically significant regressors
before calibrating the MLR model.

The modeled sea level shows high agreement with observations, capturing 80% of the variance
on average. Stationarity tests on the MLR model indicate that it can be applied skillfully to
projections of future sea level. The statistical downscaling approach overall provides insights
on key drivers of sea level variability at the selected sites, showing that while local dynamics
and the global signal modulate sea level to a given extent, most of the variance is driven by
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regional factors. This has important implications for future island sea level projections — since
regional drivers can be simulated by climate models, it can serve as a link between high
resolution, local scale information and low resolution climate models. The information
generated can be used to guide more efficient adaptation planning and risk minimization
practices in the Pacific.

Keywords: statistical downscaling, multiple linear regression, sea level, islands, western
Pacific
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Introduction générale (en francais)

Motivation

L’Océan Pacifique est le plus vaste océan du monde. Couvrant environ un vaste tiers de la surface
de la Terre, I'océan Pacifique abrite de nombreux petits Etats insulaires en développement (PEID).
L'océan est profondément enraciné dans les identités culturelles du Pacifique et joue un roéle
important pour les moyens d’existence et les économies insulaires, sous-tendant des secteurs comme
la péche, le tourisme, la sécurité alimentaire, les transports et les loisirs. En englobant la plus grande
zone océanique tropicale de la planete, le Pacifique est aussi le centre d'action de phénomeénes
climatiques majeurs comme El Nifio Southern Oscillation et la Pacific Decadal Oscillation /
Interdecadal Pacific Oscillation (PDO/IPO), et représente donc une zone d’intérét pour la
recherche sur le climat et 'océan. Au cours des dernicres décennies, le Pacifique a enregistré les
taux les plus élevés d'élévation du niveau de la mer dans le monde, ce qui a suscité un vif intérét de
la part de la communauté mondiale des chercheurs sur le climat et le niveau de la mer (e.g. Becker
etal. 2012 ; Meyssignac et al. 2012 ; Han et al. 2014 ; Palanisamy et al. 2015a ; Marcos et al. 2017).

L'élévation du niveau de la mer est une conséquence directe du changement climatique en cours.
Les tendances récentes du niveau de la mer présentent un aléa pour les zones coticres. Combiné a
I’exposition des populations insulaires vivant en zone cotiere et a la vulnérabilité de ces iles face au
changement climatique et a la hausse du niveau de la mer (facteurs typiques tels que 1'isolement
géographique, le stress économique, les contraintes financieres et le manque d'expertise humaine
et technique), ’aléa associé a la hausse du niveau de la mer devient un risque majeur associé au
changement climatique pour ces états insulaires du Pacifique (e.g. Barnett et Campbell 2010 ;
Wong et al, 2014 ; Garschagen et al, 2016). Contrairement aux menaces a long-terme et/ou
sporadiques liées au climat, 1'élévation du niveau de la mer ne représente plus un risque pour le
futur lointain ou un risque peu fréquent mais une réalité déja présente dans de nombreuses zones
cotieres (Hallegatte et al. 2013 ; Wong et al. 2014 ; Neumann et al. 2015). Si les atolls coralliens de
faible altitude sont certainement plus menacés que les iles volcaniques présentant des altitudes plus
importantes, méme ces dernieres ont vu des communautés forcées de se déplacer en raison de
I'intrusion d'eau salée dans les eaux de surface (sur terre) et les nappes phréatiques, de niveaux de
la mer élévés pendant les périodes de vives-eaux des marées de périgée et des crues subites lors des
événements extrémes (Nurse et al. 2014 ; OCHA-ONU 2014 ; McNamara & Jacot Des Combes
2015 ; Albert et al. 2016).

A mesure que le réchauffement planétaire se poursuit, I'expansion thermique de l'eau de mer, la
fonte des glaciers et la perte de masse des calottes glaciaires entraineront une augmentation de
I'¢élévation du niveau moyen de la mer (Jevrejeva et al. 2010 ; Church et al. 2011 ; Church et al.
2013) qui aggravera les impacts cotiers associés au niveau de la mer (inondations, intrusion saline,
...). Compte tenu des trajectoires actuellement suivies pour les émissions de gaz a effet de serre, du

réchauffement planétaire asssocié (Boyd et al. 2015 ; Hohne et al. 2017 ; Millar et al. 2017) et de la



mémoire longue des océans associées aux échelles de temps longues de la circulation profondes
(Rhein et al. 2013), I'option la plus viable pour les iles menacées est une planification efficace des
mesures d'adaptation et de réduction des risques. Pour que ces stratégies soient efficaces, 1l est

essentiel de disposer d'informations solides a I'échelle locale.

De nos jours, les modeles numériques de climat sont les outils privilégiés pour comprendre le
systeme climatique et sa prévisibilité a différentes échelles de temps et sous différentes perturbations.
L'information provenant des modeles de climat sert a orienter les études de détection et
d'attribution pour évaluer dans quelle mesure les changements observés sur la période
instrumentale sont a attribuer au changement climatique (forgage anthropogénique) ou a la
variabilité interne du systeme climatique. Les modeéles de climat permettent également de produire
des projections des conditions climatiques et océaniques sur les décennies et siecle(s) a venir. Ces
informations sont essentielles au processus décisionnel des parties prenantes dans divers domaines
tels que I'agriculture, la péche, les infrastructures, l'urbanisme, la sécurité alimentaire et en eau,
I'énergie, les transports, les assurances, 1'adaptation, la prévention des risques, etc. Cependant, les
incertitudes associées aux variables simulées par les modéles de climat deviennent plus importantes
quand on s’intéresse a des échelles spatiales de plus en plus fine. Ceci est en partie du aux résolutions
spatiales généralement grossicres (~100 km) de ces modeles. Avec les résolutions utilisées dans les
composantes océaniques des modeles de climat actuels, les petites iles ne sont pas résolues et sont

pergues comme faisant partie de I'océan.

Cette these est motivée par le besoin urgent de disposer d'informations fiables sur le niveau de la
mer a l'échelle locale, qui peuvent aider pour élaborer des mesures efficaces d'adaptation et de

réduction des risques.

Le processus de génération d'information a haute résolution ou a I'échelle locale a partir de
d’information a grande échelle est connu sous le nom de descente d’échelle (downscaling en
anglais). Dans cette these, une technique de descente d'échelle statistique est utilisée pour
reconstituer le niveau de la mer pour certains sites cotiers des iles du Pacifique Sud-Ouest - Suva et
Lautoka dans les iles Fidji, et Nouméa en Nouvelle-Calédonie. Basée sur les connaissances
existantes sur les processus responsables des variations régionales et locales du niveau de la mer
dans le Pacifique tropical, l'approche wutlise une combinaison de variables
océaniques/atmosphériques comme prédicteurs pour formuler un modele de régression linéaire
multiple (multiple linear regression -"MLR- en anglais) du niveau de la mer insulaire. Le niveau de
la mer local ainsi modélisé a partir de variables a grande échelle présente une grande similitude
(corrélation, variance expliquée) avec le niveau de la mer observé et peut étre utilisé pour générer
des projections des changements futurs du niveau de la mer a I'échelle locale et raffiner a I’échelles
locale les modeles climatiques a grande échelle. L'approche peut également étre adaptée a d'autres
sites, en ajustant les combinaisons de variables fournissant I'information de grande échelle au

besoin.



Les informations a I’échelle locale peuvent étre utilisées par les parties prenantes et les décideurs
pour affiner la planification de l'adaptation et de la réduction des risques. De cette facon, les
résultats scientifiques sur la probabilit¢ de changements futurs peuvent étre appliqués jusqu'aux
politiques et canaux et de mise en ccuvre, devenant ainsi une partie du renforcement de la résilience

dans le Pacifique.

Périmeétre de 1'étude

Cette theése vise a construire un modele statistique de descente d'échelle pour les variations
interannuelles a inter-décennales du niveau de la mer pour trois sites cotiers situés sur des iles du
Pacifique sud-ouest. Dans l'approche de descente d'échelle utilisée dans cette these, le niveau de la
mer a un site donné (local) est fonction de régresseurs potentiels représentant des facteurs régionaux
(a grande échelle) et locaux (a petite échelle) superposés a la moyenne globale (von Storch et al.
2000 ; Benestad et al. 2007). Le concept est appliqué aux sites d'étude sélectionnés a I'aide d'une
régression linéaire multiple (MLR), un ensemble de variables océaniques et atmosphériques servant
de régresseurs. Les variables explicatives permettent de représenter le niveau régional de la mer,
qui s'avere dominant pour les trois sites étudiés ici, et les signatures locales. La moyenne globale est

retirée du prédictand (niveau de la mer observé servant a calibrer le modele MLR).

Dans la région du Pacifique, comme dans la plupart des régions du globe, les variations du niveau
de la mer sont largement de nature stérique (i.e. liés a des changements de volume de I’océan induits
par des changements de densit¢ de '’eau de mer) avec une prédominance de la composante
thermostérique (liées aux changements de densité induit par les changements de température). Aux
échelles de temps interannuelles a décennales, les variations du niveau de la mer thermostérique
sont en majeur partie générées par les variations de la tension du vent sur le bassin tropical (p. ex.
Carton et al. 2005 ; Kohl et al. 2007 ; McGregor et al. 2012 ; Nidheesh et al. 2013 ; Timmermann
et al. 2010). Les anomalies de rotationnel de tension de vent controlent la profondeur de la
thermocline et le niveau de la mer stérique qui, en bonne approximation pour cette région, en est
le miroir, en modulant le transport d’Ekman prés de la surface, le pompage Ekman et la
propagation vers l'ouest des ondes de Rossby. En tant que tel, les changements de la tension du
vent représentent un facteur déterminant des tendances et des variations du niveau de la mer dans

la région.

Dans le Pacifique Ouest, la propagation des ondes de Rossby explique la majeure partie de la
variabilité du niveau de la mer (Fu et Qiu 2002 ; Qiu et Chen 2006 ; Lu et al. 2013) et un modele
linéaire en eau peu profonde a gravité réduite (modele des ondes de Rossby) est utilisé pour
modéliser la réponse du niveau de la mer thermostérique aux variations du forcage en vent. Le
niveau de la mer fournit par le modele d’ondes de Rossby s'avere étre le principal régresseur dans
le modele de descente d’échelle MLR.



Une fonction de régression par étapes est d'abord utilisée pour isoler les régresseurs statistiquement
significatifs, qui sont ensuite utilisés pour calibrer le modele MLR. Les autres variables explicatives
représentent les effets locaux : niveau de la mer halostérique, tension de vent et température de
surface de 'océan pour, représenter respectivement, les flux d'eau douce, les surcotes liées au vent

et les flux de chaleur de surface.

Comme la motivation sous-jacente a l'élaboration du modeéle MLR est une application aux
projections futures du niveau de la mer, la capacité du modele a générer une information pertinente
sur des périodes autres que celle sur laquelle 1l a été calibré est évaluée par un test de stationnarité.
La performance du modele sur des périodes autres que celles sur lesquelles 1l a été calibré est alors

évaluée a la lumiere du modeéle MLR utilisé a plein potentiel.

L'analyse MLR est effectuée a la fois en utilisant des séries temporelles du niveau de la mer issues
de 'estimation de I'état de I'océan (réanalyse ORA-S4) et de marégraphes i situ pour calibrer le
modecle. Cependant, du fait que la réanalyse du niveau de la mer fait déja partie de la
méthodologie, la correction du mouvement vertical du sol (affaissement, soulévement) affectant les
enregistrements de marégraphes n'entre pas dans le cadre de cette these; les résultats sont plutot
pris en compte sur la base d'un tel mouvement lorsque des preuves sont disponibles (littérature,

enregistrements, altimétrie).

L'étendue de la thése va jusqu'au processus de calibration et du test de stationnarité du modele
MLR. Bien que l'application du modé¢le développé aux données CMIP)5 a été plus que souhaitée,
elle n'a pas été couverte en raison des contraintes de temps. Cependant, il est fortement prévu que

les expériences MLR-CMIP5 soient poursuivies dans une étude de suivi.

Objectifs
Les objectifs de cette these sont les suivants :

1. Elaborer une régression linéaire multiple pour les variations interannelles a interdécennales du
niveau de la mer pour trois sites insulaires en utilisant des variables océaniques/atmosphériques

régionales et locales.

i1. Permettre une meilleure compréhension de l'importance relative des processus physiques pour

les changements locaux du niveau de la mer sur les sites d'étude.

iii. Evaluer la performance globale du modéle MLR et identifier les sources d'erreur et la variance

inexpliquée du modele utilisé pour le niveau de la mer.

iv. Evaluer la stationnarité du modéle MLR développé par rapport aux projections futures du

niveau de la mer.



Plan de thése

Apres cette bréve introduction, ou la motivation, la portée et les objectifs de la thése sont présentés,
un apercu plus complet des variations du niveau de la mer, de ses causes physiques et de la réduction
d'échelle est fourni au Chapitre 2 - Revue de la littérature et contexte. Le Chapitre 2 décrit le
contexte plus large de cette thése, couvrant un éventail de sujets tels que le niveau de la mer mondial
et régional, les tendances du niveau de la mer du Pacifique, les modes climatiques régionaux tels
que ENSO et IPO / PDO, et les méthodes de réduction d'échelle, et introduit les sites d'étude.

Les ensembles de données utilisés et les expériences menées sont ensuite décrits au Chapitre 3.

Au Chapitre 4, la méthode de sélection du produit de réanalyse, ORA-S4, qui est la source de
certains des principaux ensembles de données utilisés dans la these, est pré-évaluée pour la région
d'étude.

Les résultats sont fournis dans le Chapitre 5, reliant et développant sur I'article revu et publié¢ durant

la période de travail de cette these.

La discussion du Chapitre 6, en plus d'étendre les résultats de I'étude, décrit le modele MLR
développé dans le contexte d'autres initiatives de réduction d'échelle du niveau de la mer du monde

entier et discute des préoccupations pratiques pour de futures applications.
Enfin, la conclusion et les recommandations sont présentées au Chapitre 7.

Des documents supplémentaires sont fournis en annexe. L'article revu et publié durant cette these
est inclus dans I'annexe 1, et les contenus des affiches présentées lors des conférences et réunions

internationales sont ajoutés dans I'annexe 2.
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1. Introduction

1.1 Motivation

The Pacific 1s the world’s largest ocean. Covering roughly a vast one third of the Earth’s surface
area, the Pacific Ocean is home to numerous small island developing states (SIDS). The ocean is
rooted deeply into Pacific cultural identities as well as island livelihoods and economies,
underpinning sectors such as fisheries, tourism, food security, transportation and recreation.
Encompassing the planet’s largest tropical ocean zone, the Pacific is also the origin and center of
action of major climatic phenomenon like the El Nifio Southern Oscillation (ENSO) and the Pacific
Decadal Oscillation (PDO)/ Interdecadal Pacific Oscillation (IPO), and thus a hotspot for climate
and ocean research. Over recent decades, the Pacific has recorded the highest rates of sea level rise
across the globe, spurring keen interest from the climate and sea level research community
worldwide (e.g. Becker et al. 2012; Meyssignac et al. 2012; Han et al. 2014; Palanisamy et al. 2015a;
Marcos et al. 2017).

Sea level rise is a critical consequence of global warming and recent climate change. Recent sea
level trends, combined with typical factors such as geographical isolation, economic stress, financial
constraints, and lack of both human and technical expertise make the Pacific islands amongst the
most vulnerable to ongoing climate and sea level changes (e.g. Barnett & Campbell 2010; Nicholls
and Cazenave 2010; Wong et al., 2014; Garschagen et al. 2016;). Unlike long-term and/or sporadic
climate-related threats, rising sea levels are no longer a distant or infrequent hazard but present
reality in many coastal zones (Hallegatte et al. 2013; Wong et al. 2014; Neumann et al. 2015). While
low-lying coral atolls are certainly more endangered than high rise volcanic islands, even the latter
have had communities forced to relocate due to saltwater intrusion, perigean spring tides, and flash
floods during extreme events (Hallegatte et al. 2013; Nurse et al. 2014; OCHA—United Nations
2014; McNamara & Jacot Des Combes 2015; Albert et al. 2016; Hinkel et al. 2019).

As global warming continues, thermal expansion of seawater, and melt of glaciers and ice sheets
will lead to committed global mean sea level rise (e.g. Church et al. 2013; Levermann et al. 2013;
Golledge et al. 2015; Mengel et al. 2018) exacerbating coastal impacts. Based on ongoing emission
trajectories (Boyd et al. 2015; Hohne et al. 2017; Millar et al. 2017) and the slow thermal feedback
of the ocean (Rhein et al. 2013), the more viable option on threatened islands is efficient adaptation.
For such strategies to be effective, local scale information is essential (e.g. refined estimates of
projected sea level changes, unambiguous probabilistic projections, best and worst-case scenarios

of sea-level rise, etc. (e.g. Hinkel et al. 2019)).

In the present day, climate models serve as central tools for understanding the climate system and
its predictability on various timescales and under different perturbations. Information from climate
models is used to guide detection and attribution studies in the context of recent climate change
and to generate projections of climate/ocean conditions on decadal to centennial timescales. This

information is key in the decision-making process for policymakers across various domains such as
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agriculture, fisheries, infrastructure, urban planning, food/water security, energy, transportation,
insurance, adaptation, risk prevention, etc. Yet, while climate models are reliable for large-scale
simulations, their skill is greatly reduced at small scales due to typically coarse spatial resolutions
(~100 km for the ocean component). At this resolution, smaller islands are not well represented in
the model, remaining unresolved and being perceived largely as part of the ocean. In addition,
climate models do not represent all the physical processes that cause relative sea level changes at

the coast.

Motivation for this thesis hence stems from the pressing need to have reliable sea level information

on local scales, which can be used to develop efficient adaptation and risk minimization measures.

The process of obtaining high resolution, local scale information from large scale simulations is
known as downscaling; this forms the basis of the present thesis. Here, a statistical downscaling
technique 1s used to reconstruct island sea levels over the last decades at selected sites in the western
South Pacific — Suva and Lautoka in the Fiji islands, and Nouméa in New Caledonia. Based on
existing knowledge of regional and local sea level variations in the tropical Pacific, the approach
uses a combination of oceanic/atmospheric variables as predictors to formulate a multiple linear
regression model of island sea level. The modeled sea level bears high similarity to the
observed/predictand and can be applied in generating projections for future sea level changes at
the local scale. The approach can be easily adapted to other sites as well, adjusting the predictor

combinations as appropriate.

Information at the local scale can be utilized by policymakers and stakeholders to refine adaptation
and risk minimization practices on vulnerable islands, preventing loss to life, infrastructure and
various other sectors in the longer future. In this way, scientific findings on the likelihood of future
changes can be translated all the way to the policy and implementation channels, becoming part of

resilience building in the Pacific.

1.2 Scope of the thesis

This thesis is based on constructing a statistical downscaling model for sea levels in the western
South Pacific islands, focusing on interannual-to-decadal scale variability and trend. In this method,
sea level at a given site 1s perceived as a function of regional (large scale) and local drivers (small
scale), superimposed on the global mean (von Storch et al. 2000; Benestad et al. 2007). The concept
is applied to the selected study sites using a multiple linear regression (MLR) approach, with a

selection of oceanic and atmospheric variables serving as regressors.

In the Pacific region, as in most parts of the globe, sea level variations are largely steric (density
related), with the thermosteric component (temperature related) predominating. On interannual-
to-decadal timescales, thermosteric variations are driven by wind stress (e.g. Carton et al. 2005;
Kohl et al. 2007; McGregor et al. 2012; Nidheesh et al. 2013; Timmermann et al. 2010). Wind
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stress curl anomalies can control the thermocline depth and resultant sea levels in the tropical
Pacific by modulating the near-surface Ekman transport, Ekman pumping, and westward
propagating Rossby waves. As such, wind stress plays a critical role in determining sea levels trends
and variations in the region. In the western Pacific, where the study sites are located, the wind
forced propagation of Rossby waves is particularly relevant (Fu and Q1iu 2002; Q1iu and Chen 2006;
Lu et al. 2013).

The MLR analysis begins with a preliminary set of experiments, where island sea levels are first
expressed as a sum of steric and mass changes. A more dynamical approach is then undertaken,
where wind stress curl is taken as a proxy for the thermosteric component. The MLR model uses
regional wind stress curl as the dominant regressor and incorporates minor regressors representing

local processes to simulate observed island sea levels.

As the underlying motive of developing the MLR model is to apply it to future projections of sea
leve, a stationarity test comprised an integral part of the study. Here, the skill of the model over

periods other than which it was calibrated over is assessed in light of the MLR model’s full potential.

The MLR analysis is performed using ocean reanalysis as well as tide gauge sea levels as
predictands. However, especially since reanalysis sea levels are part of the analysis, correcting for
vertical land motion (subsidence, uplift) affecting the tide gauge records is outside the scope of this
thesis; the results rather are accounted for on the basis of such motion where evidence is available

(literature, records, altimetry).

The extent of the thesis is till the calibration process and stationarity testing of the MLR model.
While it was much aspired to apply the MLR model developed to CMIP5 data, it was not covered
due to time constraints. However, it is intended that the MLR-CMIP) experiments are pursed in

a follow-up study.

1.3 Objectives
The objectives of this thesis are as follows:

1.  Todevelop a multiple linear regression model for island sea level variations on interannual-
to-decadal timescales using regional and local oceanic/atmospheric variables.
1.  To provide insights on the relative importance of physical processes to local sea level
changes at the study sites.
m. To evaluate the overall skill of the MLR model and identify sources of error and
unexplained variance.
iv.  To assess the stationarity of the MLR model developed in regards to future sea level

projections.
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1.4 Thesis outline

Following this brief introduction, where the thesis motivation, scope, and objectives have been
presented, a more extensive overview of sea level variations, its physical causes, and downscaling is
provided in Chapter 2 — Literature review and background. Chapter 2 describes the broader
context of this thesis, covering a range of topics such as global and regional sea levels, Pacific sea
level trends, regional climate modes such as ENSO and IPO/PDO, and downscaling methods, and

introduces the study sites.
The datasets used and experiments conducted are then described in Chapter 3.

In Chapter 4, the reanalysis product ORA-S4, which is the source of some of the main datasets

used in the thesis, 1s pre-assessed for the study region.

Results are provided in Chapter 5, linking to and developing upon the peer-reviewed article

published earlier from this thesis.

The discussion in Chapter 6, in addition to expanding on the study results, portrays the MLLR model
developed in the context of other sea level downscaling initiatives from around the world and

discusses practical concerns for future applications.
Finally, the conclusion and recommendations are presented in Chapter 7.

Supplementary materials are provided in the Appendix. The peer-reviewed article from this thesis
is included in Annex 1, and poster presentations communicated at international conferences and

meetings are added in Annex 2.
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2. Literature review and Background

This chapter provides a more detailed introduction to the main aspects of the thesis — sea level

changes and downscaling.

There are various dimensions to sea level change, such as spatial and temporal variability, processes
and components involved, natural and anthropogenic drivers, and so on. Under the sea level
section, this chapter covers historical to contemporary changes, variations on global/regional/local
scales, sea level observations, recent trends in the Pacific Ocean, and the major climate modes in
this region (ENSO and IPO/PDO).

The section following explains the concept of downscaling and why it is needed. It also describes
the two main approaches to downscaling, dynamical and statistical. The downscaling method used

in this thesis is also briefly presented.

The study sites are introduced towards the end, and the chapter concludes with a synthesis of the

information provided here in the framework of statistical downscaling of island sea levels.

2.1 Sea level — scientific context
2.1.1 Historical and contemporary sea level changes

Sea level changes have occurred throughout Earth’s history, covering a wide range of spatial and
temporal scales. They provide a glimpse into the tectonic and climate history of the planet,

reflecting the ocean’s response to various changes over millennia (e.g. Kominz 2001).

Paleo data in the form of coastal/shoreline records, emergent shoreline deposits, marine/salt marsh
sediments, oxygen-18 isotopes in fossils and ice cores, dating of corals, to name a few, have allowed
the investigation of sea levels back into centuries to millennia (Douglas et al. 2001; Kemp et al.
2011; Masson-Delmotte et al. 2013). Information has been retrieved from archaeological evidence
as well, with the example of ancient fish tanks in the Mediterranean basin making it possible to
estimate local sea levels during the Roman era, 2000 years ago (Lambeck et al. 2004). These records
reflect both local and global conditions (Masson-Delmotte et al. 2013).

The largest global scale sea level changes, in orders of 100—200 m, are estimated to have occurred
about 100 million years ago. These were related mainly to tectonic processes, such as large scale
changes in the shape of the oceans basins associated with the spreading of the sea-floor and the
expansion of mid-ocean ranges (Haq and Schutter 2008, Miiller et al. 2008; Miller et al. 2011).
Later, as the Antarctic ice-sheet formed (~34 million years ago), the GMSL receded by about 50
m (Douglas et al. 2001).

In the more recent past, about 3 million years ago, the cooling of the Earth has induced

glacial/interglacial cycles controlled by changes in incoming insolation due to variations in the
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Earth’s orbit and obliquity, i.e. the Milankovich cycles (Berger 1988). The cycles are induced by
fluctuations in the eccentricity of the Earth orbit, the obliquity of the ecliptic (axial tilt of Earth’s in
relation to its orbit), and its precession (direction of Earth’s rotation on its axis), with respective
cycles of about 100,000, 41,000 and 26,000 years. Although relatively small, the fluctuations are
large enough to cause growth or decay of glaciers and ice-sheets around the poles. These in turn
correspond to large variations in the global mean sea level (GMSL) (> 100 m) as the ice melts or
accumulates on continents (Lambeck et al. 2002; Rohling et al. 2009; Yokoyama and Esat 2011).
The phenomenon has been noted to be particularly pronounced i the northern hemisphere
(Lambeck and Chappell 2001).

The last glacial-interglacial episodes have contributed to GMSL changes ranging between 120-140
m, much of which were spread out over 10,000-15,000 years between full transitions. This amounts
to rates of 10-15 mm/yr, with higher than average rates as the accumulated ice melted (Masson-
Delmotte et al. 2013).

In the present Holocene (last 10,000 years), sea level rise rates gradually stabilized around 2,000-
6,000 years ago (Lambeck et al. 2002; 2011; Kopp et al. 2016). Over the past two millennia, there
has been no evidence of large fluctuations in the GMSL (Miller et al. 2009; Lambeck et al. 2010;
Kemp et al. 2011) (Figure 2.1). Sea level change rates over this period remained low at 0.5-0.7
mm/yr until these figures took on increasing trends following the start of the industrial era (late 19t
century). Upward trends in the early 20t century are evident from analysis of salt marshes from
around the world as well as early tide gauge records from Europe and North America (Donelly et
al. 2004; Gehrels et al. 2005; 2006; Kemp et al. 2011; Woodworth et al. 2011).
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Figure 2.1: Global sea level over the last 2,500 years (black line) from a statistical synthesis of regional sea-level
reconstructions. The heavy shading indicates the 67% credible interval and the light shading the 90% credible
interval.

Source: Kopp et al. 2016.
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Here, the period overlap between geological and instrumental records is quite significant, as it
enables reconstructions of sea level extending beyond the mnstrumental period (Masson-Delmotte
et al. 2013).

GMSL has progressively increased since the departure from Holocene rates around a century ago.
In the context of contemporary sea level changes, it is important to note that sea level is a sensitive
index of climate variability and change (Cazenave and Llovel 2010; Meyssignac and Cazenave
2012), and has been identified as one of the seven key indicators of global warming by WMO
(WMO 2018). Sea level varies in response to external forcings, both natural (e.g. volcanic eruptions,
solar irradiance) and anthropogenic (e.g. greenhouse gases and aerosols), as well as internal climate
modes (e.g. ENSO, IPO/PDO). The acceleration in GMSL since the 20th century has been
attributed to anthropogenic global warming as a result of heavy industrialization, which has led to
a build-up of greenhouse gases in the Earth’s atmosphere (Church et al. 2008; 2011; 2013; Milne
et al. 2009; Meyssignac and Cazenave 2012; Slangen et al. 2014a).

Estimates of GMSL over the 20% century range between 1.1 — 2.0 mm/yr, with the more recent
studies supporting the lower bounds (Jevrejeva et al. 2008; Church and White 2011; Hay et al.
2015; Dangendorf et al. 2017; WCRP global sea level budget group 2018). As shorter, more recent
periods are considered, the GMSL increases sharply, highlighting acceleration of the trend with
time. Over the altimetry era, for example, the GMSL rate was recorded at 3.31 £ 0.4 mm/yr
(Figure 2.2 - 1993-2017 period) (Aviso 2018; WCRP global sea level budget group 2018).

Mean Sea Level from Altimetry

[1993,2017] : 3.31 mm/year

Mean Sea Level (cm)

Figure 2.2: Altimetry-based GMSL time series over the 1993-2017 period. Green line shows 2-month filtered series,
black line shows 6-month smoothed series, and the dashed green line represents the GMSL slope or trend (GIA
adjusted, seasonal cycle removed).

Source: Aviso 2018.
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It is important to note that while geological records indicate much larger rates of historical sea level
change compared to present rates, the former occurred under special circumstances such as glacial-
interglacial transitions or major tectonic activity. As such, both geological and instrumental records
indicate that the current GMSL rates are anomalous when compared to estimates over the last
2,000 years (Masson-Delmotte et al. 2013).

2.1.2 Global mean sea level rise

The two main causes of contemporary GMSL changes are the thermal expansion of seawater as it
warms and mass addition to the ocean from melting of glaciers and ice sheets under warmer air
temperatures. Additionally, GMSL i1s affected by water exchange from terrestrial reservoirs (e.g.
water bodies, snow packs) (Cazenave and Llovel 2010; Meyssignac and Cazenave 2012; Church et
al. 2013).

The different contributions to the rising GMSL trend over different periods are summarized in
Table 2.1, and modeled and observed values compared. In addition, the observed GMSL time
series, together with thermal expansion and freshwater mass addition components are illustrated in

Figure 2.3 (2005-2012). The contributing factors are discussed in detail afterwards (Sections 2.1.2.1-

2.1.2.3).

Source

1901-1990

1971-2010

1993-2010

Observed contributions to global mean sea level (GMSL) rise

Thermal expansion

Glaciers except in Greenland and Antarctica?
Glaciers in Greenland?

Greenland ice sheet

Antarctic ice sheet

Land water storage

0.54[0.47 t0 0.61]
0.15[0.10 t0 0.19]

—0.11 [-0.16 to —0.06]

0.8[0.5t01.1]
0.62 [0.25 t0 0.99]
0.06 [0.03 to 0.09]

0.120.03 t0 0.22]

1.1[0.8t01.4]
0.76[0.39 to 1.13]
0.10[0.07 to 0.13]°
0.33[0.25 t0 0.41]
0.27[0.16 t0 0.38]
0.380.26 to 0.49]

Total of contributions

Observed GMSL rise

1.5[1.3t0 1.7]

2.0 [1.7 to 2.3]

2.8[2.3t03.4]
3.2[2.8t03.6]

Modelled contributions to GMSL rise

Thermal expansion
Glaciers except in Greenland and Antarctica

Glaciers in Greenland

0.37 [0.06 to 0.67]
0.63 [0.37 t0 0.89]
0.07 [-0.02 t0 0.16]

0.96 [0.51 to 1.41]
0.62 [0.41 t0 0.84]
0.10[0.05 to 0.15]

1.49 [0.97 t0 2.02]
0.780.43t0 1.13]
0.140.06 to 0.23]

Total including land water storage

Residual*

1.0 [0.5 to 1.4]
0.5[0.1 to 1.0]

1.8[1.3 t0 2.3]
0.2 [-0.4 to 0.8]

2.8[2.1t0 3.5]
0.4[-0.4t0 1.2]

Notes:
2 Data for all glaciers extend to 2009, not 2010.

b This contribution is not included in the total because glaciers in Greenland are included in the observational assessment of the Greenland ice sheet.
¢ Observed GMSL rise — modelled thermal expansion — modelled glaciers — observed land water storage.

Table 2.1: Global mean sea level budget (mm/yr) over different intervals within the 20" and early 215 century from
observations and model simulations. Uncertainty ranges are 5-9%.

Source: Church et al. 2013 (IPCC AR5).
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Figure 2.3: GMSL budget time series over the 2005-2012 period. The blue line shows total GMSL series, green shows
ocean mass (glacier/ ice sheet melt, land water storage; from GRACE), and the red line shows thermal expansion
(from Argo).

Source: Church et al. 2013 (IPCC AR5).

2.1.2.1 Thermal expansion

The world’s ocean’s cover about 71% of the Earth’s surface and are 4 km deep on average. The
large mass of the oceans combined with the high heat capacity of water (4184 J/kg.K) enables
oceans to function as the world’s largest reservoir of excess heat introduced into the climate system
through anthropogenic activities. As such, the ocean can store more than 1,000 times of heat energy

than the atmosphere for the same degree of temperature rise (Rhein et al. 2013).

With the enhanced greenhouse effect, Earth has been absorbing more solar radiation than it has
been re-emitting back into space. The vast majority of this excess heat is being stored in the oceans.
Since 1955, the ocean has absorbed more than 90% of the heat trapped in Earth’s atmosphere
(Levitus et al. 2012). The rest of the energy goes into melting of glaciers, ice sheets, and ice-caps,
and warming of the continental land mass, with only about 1% of thermal energy used in warming
of the atmosphere (Rhein et al. 2013).

Warming of the ocean is uneven over regions, depths, as well as time periods (e.g. Bilbao et al.
2015; Li et al. 2016a; Sérazin et al. 2016). At any given location, ocean temperatures exhibit
substantial variation on seasonal, interannual, and decadal timescales, which result from variations
in ocean currents and subsequent heat redistribution, and heat exchanges between the ocean and
atmosphere. The warming is therefore most recognizable when averaged over the world’s entire

ocean basins over decade-long time spans or longer (Rhein et al. 2013).

The largest heat increments are mainly concentrated in the upper layers because of closer proximity

to the atmosphere and greater mixing in this part of the ocean. As more energy is absorbed, heat
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penetrates deeper into the ocean via circulation pathways and mixing, and even direct sinking in
the polar zones (Schlesinger and Jiang 1988; Huang et al. 2003; Zika et al. 2015; Liu et al. 2016).

Over the 1971-2010 period, global mean temperatures in the upper 75 m of the ocean have
increased by 0.11 °C (0.09-0.13 °C) per decade. This value generally decreases with depth, reducing
to less than 0.02 °C per decade at 500 m. About 64% of the heat absorbed by the ocean over this
period has been confined to the upper 700 m of the ocean, while 30% 1s distributed in the deeper
layers (Rhein et al. 2013). In terms of sea level, whereby the global mean rise due to thermal
expansion is almost proportional to the increase in ocean heat content, this translates to ~ 40% of
the observed global mean trend (Table 2.1) (Church et al. 2013).

The large heat capacity of the ocean combined with the long timescales of thermohaline circulation
(slow thermal feedback) gives it substantially high thermal inertia. Hence, if greenhouse emissions
were ceased today, while reductions in the Earth’s rising surface temperatures would start becoming
noticeable within roughly a decade, warming of the deep oceans would continue for centuries to
millennia. Thus, sea levels would continue to rise as well (Collins et al. 2013; Levermann et al. 2013;
Rhein et al. 2013; Mengel et al. 2018).

2.1.2.2 Mass loss of glaciers and ice sheets

Glaciers, in the context of freshwater mass addition to oceans, cover all perennial surface land ice
outside the Antarctic and Greenland ice sheets!. They form from snow accumulation over several
years, which transforms to firn and finally to ice. Glaciers are sensitive indicators of climate, quickly
adjusting their size to temperature and precipitation changes (Church et al. 2013; Vaughan et al.
2013).

The Greenland and Antarctic ice sheets make up the largest component of the cryosphere,
containing more than 99% of the freshwater present on Earth. Melted completely, Greenland and
West Antactica? would raise sea level by approximately 7 and 3 m respectively (Church et al. 2013;
Vaughan et al. 2013). Thus, even a small loss in mass from the ice sheets can cause marked sea level

rise and exacerbate existing threats.

Together, the added mass from melt of glaciers and ice sheets has accounted for about 45% of the
GMSL trend over the 1993-2010 period (Church et al. 2013), making it the largest contributor

during this time. Further details on the two components are discussed below:

" IPCC AR5 classification
2 Vulnerable portion of the Antarctic to melting
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Glaciers

Glaciers make up a very small fraction of the total ice surface (~4%). Yet, glacier melt comprised
approximately 30% of the total GMSL rise over the 20 century, making it the second largest
contributor after thermal expansion. Even though the Greenland and Antarctic ice sheets are
magnitudes larger, glacier response to warming is quite rapid, accounting for the relatively larger
observed melt (Steffen et al. 2010; Meyssignac and Cazenave 2012; Church et al. 2013; Vaughan
et al. 2013).

The critical aspect between glaciers and GMSL is the mass balance, which is the sum of all
accumulation and ablation (melting, sublimation) processes. A negative mass balance evidences a

retreating glacier and therefore added melt to the GMSL.

Total glacier coverage was only roughly known until 2009-2010. The glacier inventory is drawn up
with repeated measurements of glacier length, area, volume, or mass using a combination of
techniques such # siu measurements, remote sensing, reconstructions, etc. Nonetheless, datasets
still have large observational uncertainties (Cogley 2009; Radi¢ and Hock 2010; Vaughan et al.
2013).

Glaciers contributed 0.62 mm/yr to the observed GMSL trend over the period 1971-2010. Over
1993-2010, the contribution increased to 0.76 mm/yr, which was about 24% of the GMSL trend
(Table 2.1) (Church et al. 2013).

Glacier loss projections for the 21st century range between median values of 0.10 and 0.16 m of sea
level rise by 2100, depending on the RCP scenario’ used for Earth’s future radiative forcing. As for
the 20t century, glaciers are likely to remain the second largest contributor to GMSL rise over the
21st century. Furthermore, since glaciers can take several decades to adjust to rapid climate changes,

they will continue losing mass from current warming even if temperatures stabilize in the near

future (Meier et al. 2007; Church et al. 2013; Vaughan et al. 2013).

Ice Sheets

While not much information was available on ice sheets before the 1990s, development of remote
sensing techniques (e.g. air-borne, radar, laser altimetry, gravimetry) have greatly improved
observations of the Greenland and Antarctic ice sheets. The three main techniques applied are the
mass budget method, repeat altimetry, and gravimetry (e.g. Fettweis 2007; Jacob et al. 2012;
Lenaerts et al. 2012; Helm et al. 2014). Substantial mass loss has been observed in the Greenland
and West Antarctic ice sheets, with accelerated rates in the recent years (Vaughan et al. 2013;
Forsberg et al. 2017).

3 IPCC “Representative Concentration Pathways” (RCPs) for different possible emission scenarios in future (Moss
et al. 2010; Cubasch et al. 2013)
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It is important to note that the two ice sheets, pertaining to marked differences in aspects such as
extent, ice characteristics, continental elevation, eflective circulation patterns, and processes at
work, produce dissimilar melt responses to warming. Here, clear distinction between the West and
East Antarctic sheets must be drawn as well, where the latter, together with the Antarctic Peninsula,
is the zone of Antarctic melt while the former has recorded increases in snow accumulation.
Furthermore, paleo data evidence collapse of the West Antarctic ice sheet during the last
interglacial, emphasizing its vulnerability, whereas the East Antarctic is believed to be more stable
in comparison (Vaughan et al. 2013; Feldmann and Levermann 2015; Gulick et al. 2017;
Hillenbrand et al. 2017). Net change in the Antarctic ice sheet had been uncertain in previous
estimates, however, recent advancements indicate that enhanced outflow currently exceeds any

increase in accumulation (i.e. sea level rise) (Church et al. 2013).

Between 1993 and 2010, the sum of mass contributions of Greenland and Antarctica to sea level
was 0.60 mm/yr (~ 19% of GMSL trend). Over the 2005-2010 period, this contribution increased
to 1.04 mm/yr, a high ~ 38% of the GMSL trend, evidencing recent acceleration in melt rates.
Over the two periods 1993-2010 and 2005-2010, the contribution of Greenland (Antarctica) was
0.33 (0.27) mm/yr and 0.63 (0.41) mm/yr respectively (Church et al. 2013; Vaughan et al, 2013).

Projections for sea level rise from the sum of mass contributions from the two ice sheets by the end
of the 21t century range between median values of 0.11 and 0.16 m across the RCP scenarios
(Church et al. 2013). However, the estimates do not include collapse of marine ice sheets* such as
the West Antarctic, which would substantially increase the projected range of sea level rise. Once
initiated, such a collapse would continue independently of climate and unfold over centuries for
West Antarctica and parts of East Antarctica (Church et al. 2013; Collins et al. 2013).

Greenland, on the other hand, has no large-scale instabilities as such. However, potentially
irreversible nonlinear mass loss is possible if ongoing ablation rates surpass a certain threshold. Sea
level rise from such a response would become substantial over the 22»d century and beyond (Church
et al. 2013; Collins et al. 2013).

2.1.2.3 Terrestrial water storage

Aside from governing contributions from thermal expansion and sum of mass additions from
glacier/ice sheet melt, GMSL rises and falls with corresponding water loss and gain from

continents. Terrestrial water occurs as snow packs, surface water, and subsurface water.

4 Marine ice sheet instability refers to the susceptibility of marine-based ice sheets (bedrock submerged below sea
level) to rapidly lose ice mass from the interior to downward sloping ice shelves, where warming waters instigate
melt and disintegration. The cycle continues as the grounding line i.e. the boundary separating the ice sheet and
the floating ice shelf gradually moves up the ice sheet slope, destabilizing it over time. Major marine ice
sheets/glaciers are West Antarctic, and the Totten and Cook glaciers in the East Antarctic.
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Surface water includes rivers, lakes, reservoirs, and wetlands. Subsurface includes soil moisture,

aquifers/groundwater, and the vadose zone (Milly et al. 2010; Syed et al. 2010; Church et al. 2013).

Terrestrial water storage changes are driven by both natural and anthropogenic factors. These
factors include climate variations, direct human intervention in the water cycle, and human

modifications to the physical land surface (Milly et al. 2003; 2010).

Climate affects terrestrial storage on seasonal to much longer timescales. The largest terrestrial-
source seasonal variations in GMSL are from snow packs at high latitudes/altitudes (accumulation
and melt annual cycle) (Milly et al. 2003; 2010; Chambers et al. 2004; Biancamaria et al. 2011).
On internannual-to-decadal timescales, the largest source of variation in terrestrial storage is
ENSO. During El Nino events, GMSL temporarily rises as precipitation over the ocean increases
and land precipitation in the tropics decreases (e.g. 1997-98 event). The opposite occurs during La
Ninas, where GMSL lowers with increased precipitation over Australia, northern South America,
and southeast Asia (Nerem et al. 2010; Syed et al. 2010; Llovel et al. 2011; Boening et al. 2012).

Direct human intervention constitutes the largest changes in terrestrial storage, with leading yet
opposite contributions from water impoundment in reservoirs and groundwater extraction (Gornitz
2001; Huntington 2008; Lettenmaier and Milly 2009; Wada et al. 2017). From roughly the second
half of the 20t century, reservoirs have collectively counterbalanced sea level rise that would have
occurred otherwise. Groundwater extraction reduces terrestrial water storage, with most of the
extracted water eventually ending up in the ocean via runoff, evaporation, and precipitation. Other
human activities affecting the terrestrial water budget, including modification of the physical
environment, include irrigation, wetland drainage, urbanization, and deforestation (Sahagian

2000; Gornitz 2001; Chao et al. 2008; Milly et al. 2010; Konikow 2011; Wada et al. 2017).

Over time, no significant long-term trends have been found in climate-related variations in
terrestrial water storage (Milly et al. 2003; 2010; Ngo-Duc et al. 2005; Biancamaria et al. 2011).
Anthropogenic activities - reservoir impoundment and groundwater extraction in particular,
however have contributed significantly to sea level change. Although contribution from reservoir
impoundment surpassed groundwater extraction over the majority of the 20 century, present

extraction rates exceed impoundment, resulting in net sea level rise.

As such, terrestrial storage changes contributed a negative 0.11 m/yr (i.e. sealevel fall) to the GMSL
rate over most of the 20t century (1901-1990). Nearing the end of century, terrestrial storage began
adding to sea level rise, with a rate of 0.12 mm/yr reported over the period 1971-2010 (6% GMSL
trend). More recently, for the period 1993-2010, the contribution escalated to 0.38 mm/yr,
doubling to ~12% of the GMSL trend (Church et al. 2013).

Projections for the net contribution of terrestrial water storage to GMSL rise by the end of the 215t
century span a broad range between -10 to 90 mm, owing to limited available information
(Katsman et al. 2008; Church et al. 2013).
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2.1.2.4 Future projections

Given the current greenhouse gas emission trajectories, slow thermal feedback of the ocean (Section
2.1.2.1), and glacier adjustment patterns (Section 2.1.2.2) (Rhein et al. 2013), sea level rise will
continue to rise over the 21st century. Under all the RCP scenarios, the rate of sea level rise is
expected to surpass that observed over the 1971-2010 period as a result of elevated ocean warming

and greater mass loss from glaciers and ice sheets (Church et al. 2013).

Based on the combined result of CMIP5 projections, process-based models, and literature
assessment of glaciers and ice sheet contributions, the GMSL rise over the 2081-2100 period
relative to 1986-2005 is expected to be in the range of 0.26-0.82 m (Church et al. 2013; IPCC
2013). This range is illustrated for the four different RCP scenarios folding out over the 21t century
in Figure 2.4 below:
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Figure 2.4: Projections of global mean sea level rise over the 21st century relative to 1986-2005 for RCP2.6 and
RCP8.5. Shaded bands show the assessed likely range for all the RCP scenarios, with the horizontal lines in the right-
hand side bars showing the median value.

Source: IPCC 2013 (SPM).

In the RCP projections over the 21st century, thermal expansion is expected to constitute 30-55%
of the GMSL rise and glaciers 15-35%. For the ice sheets, the uncertainties associated are higher
are tied closely to dynamical processes (0.03-0.20 m by 2081-2100). For example, if the dynamic
collapse of the Antarctic ice sheet were to be initiated, GMSL over the 215t century would exceed
the likely projected range substantially. However, it is unlikely for such a collapse to occur over this
century (Church et al. 2013).
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It is projected that sea level rise will be experienced in over 95% of the ocean areas by the end of
the 21st century. Sea level rise will not be uniform, with about 70% of the coastlines projected to
experience a rise within 20% of the global mean (Church et al. 2013; IPCC 2013).

2.1.3 Regional sea levels

Sea level varies markedly on regional scales. While the global mean is the critical indicator of sea
level change, regional sea levels provide a practical perspective and illustrate the heterogeneity in
sea levels across the globe. The advent of satellite altimetry has enabled mapping of regional sea
level variability in a way that was not possible before, allowing for high precisions and almost

complete global coverage (Cazenave and Llovel 2010; Rhein et al. 2013).

Regional sea level variations are governed largely by sea or basin-specific dynamical forcings (i.e.
driven by wind and ocean circulation) and manifest as changes in the steric component (e.g. Church
et al. 2013; Stammer et al. 2013). This steric change arises essentially from redistribution of heat
and freshwater, and to a small extent from surface fluxes (Lu et al. 2013; Stammer et al. 2013;
Meyssignac et al. 2017). Resultant steric changes are mainly thermosteric in nature, although
halosteric effects are significant in some regions and tend to compensate the thermosteric (e.g.
tropical South Pacific, North Atlantic, East Indian) (Antonov et al. 2002; Kohl 2014; Forget and
Ponte 2015; Llovel and Lee 2015). A large part of dynamical sea level variability is directly
associated with natural internal climate modes, such as ENSO and IPO/PDO in the case of the
Pacific Ocean (Section 2.1.6) (Lombard et al. 2005; Levitus et al. 2009; Becker et al. 2012;
Meyssignac et al. 2012; Zhang & Church 2012; Stammer et al. 2013). As wind and ocean
circulation patterns in a region undergo variations with phase transitions of the dominant climate

modes, sea level adjusts in response.

Ocean numerical models have demonstrated thermosteric changes in the tropics to be driven by
wind stress and related circulation patterns (Carton et al. 2005; Kohl et al. 2007; Timmermann et
al., 2010; McGregor et al. 2012; Nidheesh et al., 2013). Here, wind stress can control the
thermocline depth and resultant sea levels by modulating the near-surface Ekman transport, Ekman
pumping, and consequent oceanic Rossby waves (Lu et al. 2013; Stammer et al. 2013). As such,

wind stress plays a critical role in determining and/or reproducing regional sea levels.

There are exceptions at high latitudes and in shallow shelf seas, however, where regional variability
is dominated by the mass change component and the steric plays a minor role (GIA, gravitational

changes discussed later in this section) (Volkov and Landerer 2013; Purkey et al. 2014).

Aside from dynamical variability, the other components of regional sea level can be classified as
static (Stammer et al. 2013; Kopp et al. 2015). This form of variability refers to the isostatic response
of the ocean as it balances to changes in the Earth’s surface load. Examples include the inverted

barometer effect (atmospheric loading), glacial 1sostatic adjustment (GIA), gravitational changes, as
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well as changes in terrestrial water storage (Cazenave and Llovel 2010; Stammer et al. 2013). Apart

from the inverted barometer effect, static processes are mainly non-climatic.

The inverted barometer effect simply represents the inverse relation between sea level and
atmospheric pressure, whereby each 1 mbar increase in local sea level pressure suppresses sea level
by I cm (Wunsch and Stammer 1997). On interannual timescales and longer, associated regional
sea level variability ranges between less than 1 cm in the tropics to 2-3 cm at high latitudes (Ponte
2006; Piecuch and Ponte 2015). Compared to the rest of the static sea level drivers, the mnverted
barometer effect is a relatively minor contributor to sea level variability (Stammer and Huttemann
2008; Carson et al. 2016).

GIA describes the gradual, ongoing adaptation of the solid Earth to the last deglaciation, which
entails changes in the geoid and gravitational deformation of the ocean basins and sea surface
(Peltier 2004; Peltier et al. 2015). Averaged across the oceans, GIA has been estimated to lower sea
level by ~1 mm/yr (Chambers et al. 2010; Tamisea and Mitrovica 2011; Stammer et al. 2013).

Gravitational changes further arise with ice mass loss from ice sheets and glaciers. The vast mass of
the ice sheets exerts slight gravitational pull on the surrounding waters, making sea level a bit higher
around the edges. As ice mass is lost with higher melt rates, gravitational pull exerted formerly
weakens, lowering sea level around. Thus, while the added mass to oceans raises sea levels further
away, sea levels close to the ice sheet fall (Mitrovica et al. 2009; Bamber and Riva 2010; Tamisea
and Mitrovica 2011).

The overall changes in mass distribution from such processes further affect Earth’s inertia tensor

and rotation, producing an additional sea level response (Mitrovica et al. 2001).

Regional sea level variations arise from changes in terrestrial water storage also, driven mainly by
natural climate variability modes. Oscillation patterns such as ENSO and IPO/PDO, for example,
induce regional sea level variations via associated changes in precipitation patterns as their phases
change (see Section 2.1.2.3) (Nerem et al. 2010; Syed et al. 2010; Llovel et al. 2011; Boening et al.
2012. Note how in this case the range of variable changes involved in climate mode transitions
overlap with both dynamical and static sea level changes. Human induced changes in terrestrial
water storage, particularly from groundwater extraction and irrigation, produce more localized
changes and affect relative sea levels (covered in Section 2.1.4) (e.g. Gornitz 2001; Wada et al.
2017).

To summarize, regional sea levels are governed by several dynamical and static process acting on
various timescales. While regional sea level variability is largely steric (dynamic origins), the
importance of mass and gravitational changes (static origins) cannot be overlooked, especially at

low latitudes.
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2.1.4 Local sea levels

Local sea levels can deviate greatly from the global mean. While global and regional sea levels are
heavily influenced by climate on interannual-to-decadal scales and longer, local sea levels
incorporate effects of non-climatic factors like vertical land motion (subsidence, uplift) at a
particular geographic location (Stammer et al. 2013; Carson et al. 2016; Woodworth et al. 2019).
The term local sea level is normally used with reference to a land surface and thus can be used to
refer to relative® sea level at these timescales (Section 2.1.5.1) (e.g. Nicholls and Cazenave 2010;
Nicholls 2011).
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Figure 2.5: Global, regional, and local sea levels in context: sea level trends across the globe from satellite altimetry
for the period 1993-2012 (map). Time series show local (relative) sea level changes from selected tide gauge records
over the 1950-2012 period as grey lines, with estimated GMSL time series shown as red lines for comparison.
Source: Church et al. 2013 (IPCC AR5).

Local sea level is the combined result of the global and regional contributions, modulated by
processes acting on a localized scale. In the latter, the bathymetry and shape of coastal boundaries
also play deterministic roles. A good illustration of how sea level varies from the global to regional,

and then to the local scale is shown in Figure 2.5.

It is important to note that as far as impacts of sea level rise on societies/human population are

concerned, it 1s the local sea level that ultimately matters.

5 Relative sea level is a technical jargon, often used to mark contrast with absolute sea level. Local sea level is
more common outside the scientific context, e.g. in communication and awareness raising. Local processes affect
relative sea level.
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Local sea level variations are associated with many processes, which a span wide range of timescales
(Figure 2.6). These include tides, surges, coastal and boundary waves, wave set-up, estuarine
processes, seasonal changes, etc. at the higher frequencies (e.g. Yin et al. 2009; Sweet et al. 2014;
Walter et al. 2017; Woodworth et al. 2019). Some of these processes can continue on longer
timescales also. For example, as GMSL rises, tidal wavelengths will increase and modify patterns
of tidal variability (e.g. Pickering et al. 2017; Idier et al. 2019).

Similarly, as the open ocean undergoes changes with phase transitions of climate variability modes
or under future climate scenarios, changes in atmospheric conditions such as surface winds and
pressure induce changes in surges and in wave setup (e.g. Melet et al. 2018; Woodworth et al. 2019).
A particularly important factor for local sea level changes spanning a wide range of timescales 13
vertical land motion (Pfeffer and Allemand 2016; Woppelmann and Marcos 2016; Woodworth et
al. 2019).
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Figure 2.6: Schematic overview of local sea level processes.
Source: Woodworth et al. 2019.
Vertical land motion

Vertical land motion can arise from both natural processes as well as anthropogenic activities,

which also have varying spatial coverage and timescales.

Here, the natural processes are GIA (Section 2.1.3), mass redistribution across the global surface,
tectonics, and sediment compaction. GIA operates globally, causing gradual, widespread uplift in

some areas and subsidence in others.

The resulting sea level change is relatively larger around higher latitudes and polar zones (Peltier
2004; Sella et al. 2007; Tamisea and Mitrovica 2011; Kierulf et al. 2014). Vertical displacements
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also result from the redistribution of water mass across the Earth’s surface, plus related loading of
the solid Earth from present day ice melt (Section 2.1.2.2) and changes in terrestrial water storage
(Section 2.1.2.3) (Santamaria-Gomez and Mémin 2015; Frederikse et al. 2019). On more localized
scales, tectonic processes may cause either gradual uplift or subsidence, although more abrupt
changes are associated with volcanic eruptions and earthquakes (e.g. Aoki and Scholtz 2009; Ballu
et al. 2011; Piccini and Iandelli 2011). In low-lying coastal zones and deltas, natural sediment
compaction can occur as particles lose water from interstitial spaces pressured by overlying weight
or as they rearrange, resulting in land subsidence (e.g. Tornqvist et al. 2008; Brown and Nicholls
2015). Of course, while land uplift has a counteracting effect on local sea level rise, subsidence

exacerbates the problem, intensifying the risks associated.

Anthropogenic activities, on the other hand, include intensive groundwater pumping, mining,
hydrocarbon extraction, water impoundment®, and settling of landfill in highly populated coastal
and delta zones. These can notably exacerbate or even dominate the rate of natural sediment
compaction, resulting in land subsidence (e.g. Mazzotti et al. 2009, Fiedler and Conrad 2010;
Kolker et al. 2011; Ingebritsen and Galloway 2014; Brown and Nicholls 2015; Veit and Conrad
2016). Unlike for most natural processes (except volcanoes and earthquakes), anthropogenic
induced vertical motion is rapid and highly localized. In areas of high exploitation, ensuing
subsidence may surpass the global or regional mean, becoming the leading contributor to relative
sea level rise. Some examples of such cases include the Adriatic Sea (Fenoglio-Marc et al. 2012),
Gulf of Mexico (Douglas 2005), Manila (Raucoules et al. 2013), Jakarta (Abidin et al. 2001), and
Bangkok (Saramul and Ezer 2014).

While the global, regional, and local components all add up over time to produce sea level change
at any given site, the relative contribution of each varies greatly from one coastline to another.
Thus, while the global or regional mean may dominate at some places, vertical land motion may
dominate at others (e.g. Ballu et al. 2011; Raucoules et al. 2013; Brown and Nicholls 2015). As
such, 1s it crucial to incorporate estimates of vertical land motion where possible when analyzing
local sea level trends (tide gauge records). This enables the observed changes to be correctly
attributed to the causes, without mistaking land subsidence for sea level rise or climate change (e.g.
Ballu et al. 2011).

6 While water impoundment in reservoirs overall reduces the GMSL trend (Section 2.1.2.3), the water load
depresses the land surface underneath and elevates the geoid, leading to a higher relative sea level (Fiedler and
Conrad 2010).
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2.1.5 Sea level observations — the instrumental era
2.1.5.1 Tide gauges

The instrumental era extends back to the earliest tide gauges installed at a few stations in Europe
(e.g. Amsterdam, Stockholm, Kronstadt, Liverpool, Brest, Aberdeen) and North America (San
Francisco) around the 18t and 19t centuries (Mitchum et al. 2010; Gehrels and Woodworth 2013).
Today, tide gauges are more abundant, providing i sifu records of sea level at many different

locations around the world (Figure 2.7 - a).
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Figure 2.7: Tide gauge records available at the PSMSL database. (a) shows the length of the tide gauge records and
(b) shows if the tide gauge is collocated with a GNSS station.
Source: Marcos et al. 2019.

The primary advantage of tide gauge sea levels is that local scale variations, which can be missed
out in interpolation and regridding of global datasets, are well captured. However, tide gauge
records often contain multi-year or even decade-long gaps as they haven’t functioned continuously
over time. In addition, even as the geographical spread of tide gauges becomes less sparse, the

duration of many records is too short for long-term studies. In longer running records, the quality
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of the dataset is often a concern. Hence, it is difficult to estimate reliable historical mean sea level

variations from tide gauge records alone (e.g. Meyssignac and Cazenave 2012).

Tide gauges measure relative sea level, 1.e. sea level with respect to the Earth’s crust where they are

grounded. As a result, any vertical land motion, either natural or human-induced (Section 2.1.4),
is incorporated into the sea level observation as well. Depending on the site, vertical land motion
can match or even surpass the climate-related signal in sea level (Section 2.1.4 and references
therein). Thus, precise estimates of vertical land motion are crucial to separate the land and ocean

contributions to sea level change in tide gauge records, and make correct attributions.

Currently, the global positioning system (GPS), which is part of the Global Navigation Satellite
Systems (GNSS), provides the most accurate way to quantify vertical land motion around tide
gauges. The main limitations, however, are that continuous GPS observations are still short in
duration (less than 20 years in most places), and stations may not always be close to the tide gauge
(Figure 2.7 -b) (Woppelmann et al. 2007; Santamaria-Gomez et al. 2012; 2014; Woppelmann and
Marcos 2016; Marcos et al. 2019). It is generally assumed that GPS records of vertical land motion,

despite the short duration, are representative of long-term trends (Meyssignac and Cazenave 2012).
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Figure 2.8: Sketch showing basic observational quantities and techniques associated with sea level measurement.
Source: Marcos et al. 2019.

2.1.5.2 Satellite altimetry

The advent of satellite altimetry has provided the sea level community with an unprecedented

opportunity to study sea level variations across the globe. While tide gauges had earlier suggested
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spatial variations in sea level, the first maps of regional sea levels were produced with altimetric

observations (Fu and Cazenave 2001; Meyssignac and Cazenave 2012; Church et al. 2013).

The first nearly global observations of sea level made by satellite altimetry were in the 1970s and
1980s. These measurements were still highly uncertain and short in duration (Rhein et al. 2013).
High precision altimetry began later in 1992 with the launch of the TOPEX/Poseidon satellite and

has since continued with various missions (e.g. Fu and Cazenave 2001; Ablain et al. 2017).

Satellite altimeters derive sea level measurements by transmitting microwave radiation via radar
towards the sea surface. Part of the radar signal is reflected back to the satellite, and the time taken
for the signal to return is used to compute the height above the instantaneous sea surface. Sea
surface height is then calculated from the difference between the satellite’s distance from Earth’s
center of mass (derived from precise orbitography) and its altitude above the sea surface (derived
from the radar altimeter measurement) (Figure 2.8). The measurement is corrected for various
factors, including adjustments for instrument, orbit, ionosphere, dry/wet troposphere, dynamic
atmosphere correction, tides, sea state bias, and the mean sea surface (Pujol et al. 2016; CMEMS

2018).

Unlike tide gauges, which measure the combined effect of the ocean volume change and vertical

land motion, altimetry provides absolute sea level, which is with respect to the Earth’s center of

mass. Satellites measure sea level with respect to the geoid — a reference ellipsoid that matches the
mean shape of the Earth. Altimetry sea level thus remains unaffected by vertical land motion effects.
However, a small correction is still made to adjust for the GIA in order to account for the gradually
changing location of the ocean bottom with respect to the satellite’s frame of reference. This
correction value depends on the area that the satellite covers, and is approximately 0.3 mm/yr
(Peltier 2004).

Ocean reanalyses

In addition to i situ and altimetric observations, sea levels can be accessed from ocean reanalyses.
Ocean reanalyses are historical reconstructions of the ocean climate, which combine a data
assimilation system with an ocean general circulation model (OGCM) to produce a consistent and
coherent dataset. The assimilated data consist of i situ and remote sensing observations, and the
ocean model 1s forced with atmospheric surface fluxes. By combining observations with an ocean
model, reanalyses datasets can potentially provide more accurate ocean information than
observation-only or model-only based estimates. As such, they are invaluable tools in climate/ocean
studies (Lee et al. 2009; Balmaseda et al. 2013a; 2015).

Currently, many different reanalysis products are produced by ocean research and operation
centers around the world. The product is continuously updated in real-time, or new vintages

produced every few years as assimilation systems, observations, forcing fluxes, or ocean models
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improve. Some examples of ocean reanalysis products are ECCO (Speer and Forget 2013),
GECCO (Kohl 2015, GLORYS (Ferry et al. 2015), and ORA-S4 (Balmaseda et al. 2013a; 2015).

2.1.6 The case of the Pacific Ocean
2.1.6.1 Pacific sea level trends

Recent sea level trends in the Pacific have garnered wide-spread interest within the climate and sea
level research community. Over the altimetry era, sea level rise trends in the western Pacific have
been amongst the highest recorded across the globe, while trends in the eastern Pacific have
declined. Sea level trends in this region exhibit two distinctive patterns — (1) a V-shaped broad-scale
positive trend spreading from the mid-latitudes in the central Pacific north of the equator to the
equatorial western Pacific, and then to the mid-latitudes in the central-eastern South Pacific (also
known as the “horseshoe pattern”), and (2) a well-defined dipole pattern across the tropics, with
positive trends at the western end and negative trends in the central-eastern side (Figure 2.9) (e.g.
Cazenave and Nerem 2004; Meyssignac et al. 2012; Palanisamy et al. 2015a, b; Marcos etal. 2017.
The V-shaped pattern has been linked to decadal IPO/PDO climate variability (Zhang and
Church 2012; England et al. 2014; Hamlington et al. 2014; Han et al. 2014) while the dipole has
been attributed mainly to wind stress-driven thermosteric change (e.g. Becker et al. 2012; Levitus
et al. 2009; Lombard et al. 2005; Timmerman et al. 2010; Merrifield et al. 2012; Meyssignac et al.
2012; Nidheesh et al. 2013; Stammer et al. 2013; Zhang & Church, 2012) and to a smaller extent
to local buoyancy fluxes (Forget and Ponte 2015; Meyssignac et al. 2017).

This pattern of sea level response of the tropical Pacific is estimated to have persisted over several
decades (at least 60 years) (Becker et al. 2012; Meyssignac et al. 2012). An important question that
arises 13 whether the observed patterns are due to internal climate variability (natural) or influenced

by anthropogenic forcing. This is a challenging question and has been addressed in several works.

Unlike the global mean, regional sea level changes are heavily influenced by internal climate
variability modes acting on interannual-to-multidecadal timescales, which obscure any long-term
or external change (i.e. low signal-to-noise ratio) (Nidheesh et al. 2013; Richter and Marzeion 2014;
Monselesan et al. 2015; Palanisamy et al. 2015b). In the tropical Pacific, for example, ENSO and
IPO/PDO related regional sea level variations (£ 10-20 cm) are significantly higher than the global
mean change (Palanisamy et al. 2015b). As a result, it becomes very difficult to separate external

signal from natural internal variability.

Robust detection and attribution at regional scales is further constrained by the global coverage of
sea level being available only since 1993, whereas multi-decadal climate modes can prevail for
periods longer than the existing altimetric record (e.g. Meyssignac et al. 2012; Hamlington et al.
2016).
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Figure 2.9: Sea level trends in the Pacific region over the 1993-2014 period from altimetry observations (GMSL
trend included). Inset shows the study sites—Suva, Lautoka, and Nouméa.

In line with detection and attribution works, several “IT'ime of Emergence” (ToE) studies have
recently been conducted on regional sea level changes. ToE is defined as the time at which the
external anthropogenic signal surpasses a certain detection threshold and becomes discernible from
the noise of natural climate variability (i.e. favorable signal-to-noise ratio). External forcings in both
steric and dynamic sea levels could be detectable by as early as the 2030s (Lyu et al. 2014) or mid-
2040s (Richter and Marzeion 2014) in 50% of the world oceans. While the average ToE has been
determined as at least 40 years (Jorda 2014), it can be as high as 60-80 years in regions with high
interannual to decadal sea level variability, such as the tropical Pacific (Lyu et al. 2014; Richter and
Marzeion 2014; Bilbao et al. 2015). These ToE studies unanimously portray that externally forced

signals remain masked through longer periods in regions with strong internal variability.

Studies such as Meyssignac et al. 2012, Palanisamy et al. 2015b, and Bilbao et al. 2015 (plus
references therein) have attributed sea level trends in the Pacific Ocean to internal climate
variability, stating that the anthropogenic fingerprint is not yet detectable. Their conclusion is based
on the high amount of noise in observations at this stage, plus the underestimation of internal

variability in climate models. Nonetheless, these studies acknowledge that anthropogenic forcing
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may impact mechanisms that drive internal climate modes. The studies of Meyssignac et al. 2012,
Palanisamy et al. 2015b, and Bilbao et al. 2015 are consistent with the conclusions of the

aforementioned ToE works.

Furthermore, other studies have demonstrated recent ongoing shifts in Pacific Ocean sea level
patterns, where trends on the western and eastern sides have started reversing (i.e. decreasing on
western, increasing on eastern) (Bromirski et al. 2011; Hamlington et al. 2016; Merrifield and
Thompson 2018). The studies link these shifts to the recent phase change of PDO (Section 2.1.6.3)
from negative (cold) to positive (warm), which can prevail for several years. These results are also
congruent with the conclusions of Meyssignac et al. 2012, Palanisamy et al. 2015b, and Bilbao et
al. 2015, since it 13 shown that Pacific Ocean sea level trends are a response to decadal variability

rather than a continuous long-term response to anthropogenic warming.

There are also some studies that have attempted to link Pacific sea level trend patterns to
anthropogenic warming (e.g. Hamlington et al. 2014; Han et al. 2014), however, these assertions
remain to be substantiated, or have been disproven in other studies (e.g. Palanisamy et al. 2015b;
Marcos et al. 2017).

2.1.6.2 El Nifio Southern Oscillation (ENSO)

The El Nifio Southern Oscillation, or ENSO for short, is the leading mode of interannual variability
in the Earth’s climate system. ENSO 1s a quasi-regular oscillation mode, with a periodicity of 2-7
years. The warm phase of ENSO is termed El Nifio, and La Nifa is its cold counterpart (Philander
1990; Wang et al. 1999; Glantz 2001; Trenberth 2001). While the tropical Pacific is the center of
action of ENSO, its impacts on weather and major sectors, especially during strong events, extend
far across the globe; these are known as ENSO teleconnections. Major ENSO events that received
attention worldwide include the 1982-83, 1997-98, and the 2015-16 El Nifio episodes (e.g. Huang
et al. 2016).

Onset of ENSO events and transition between the phases involve a strong coupling between the
ocean and atmosphere in the tropical Pacific (Figure 2.10). During the neutral state (normal
conditions), the Walker circulation prevails in the region (Figure 2.10 - a). Easterly trade winds blow
across the Pacific, deepening the thermocline and accumulating warm surface waters on the
western side. As a result, sea surface is roughly 0.6 m higher in the western Pacific (near Indonesia)
than in the east. Sea surface temperatures in the western Pacific also are about 7-10° C higher than
in the eastern Pacific, where cool, nutrient-rich waters upwell along the west coast of South
America. The pattern of sea surface heights and SST's across the Pacific basin reflects the position

of the thermocline, which lies at a depth of about 150 m in the western equatorial Pacific and shoals
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Figure 2.10: Schematic view of ocean and atmospheric conditions during the (a) neutral state, and anomalies during
(b) El Nifio and (c) La Nifa.
Source: Adapted from Australian Bureau of Meteorology, 2018.

towards the east. Correspondingly, convection and rainfall mainly occupy the western Pacific, while

the eastern Pacific is relatively dry (Figure 2.10 - a).

As El Niflo conditions develop, the western Pacific warm pool (where SST's are at least 28 °C)
releases anomalously warm waters into the central and eastern Pacific (Figure 2.10 - b). The surface
temperature gradient across the Pacific basin hence lowers. The Walker circulation weakens in
response, and the easterly trade winds become relaxed. As a result, upwelling of cold waters in the
eastern Pacific is reduced, further contributing to warming surface temperatures in the east. As
such, a “positive feedback loop™ is created between the ocean and atmosphere, where the easterlies
and SST's reinforce each other. Consequently, the thermocline slope flattens, and sea levels drop in
the western Pacific and rise in in the east. Also, convection and rainfall follow the eastward
movement of warm waters, so the western Pacific becomes much drier (drought prone) and the

central/eastern Pacific gets increased rainfall (Figure 2.10 - b).

El Nifio Modoki or Central Pacific El Nifio is a new type of El Nino that was detected in the last
decade (Larkin and Harrison 2005; Ashok et al. 2007; Kao and Yu 2009; Kug et al. 2009). It differs
from the conventional eastern Pacific El Nino in that the maximum SST anomalies are confined

to the central Pacific, and not the eastern.
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Typically, El Nifio events last for 9-12 months, although longer episodes occasionally take place.
Often, but not always, the warm El Nifo events are followed by cool La Nifa episodes, after which
the ocean and atmosphere in the tropical Pacific return to neutral. La Nifia conditions generally

last longer than El Nifio, up to 2-3 years, and take place more gradually.

During La Nina conditions, the Walker circulation strengthens and the western Pacific warm pool
shifts further westwards (Figure 2.10 - c). Stronger than average easterly trade winds blow across
the tropical Pacific and sealevels rise in the western end. SSTs in the central/eastern Pacific become
anomalously low, and upwelling is enhanced. The surface temperature gradient across the
equatorial Pacific heightens, and the thermocline steepens. Accompanying the flow of warm waters,

convection and rainfall also move further west, where heavy rain and floods become frequent.

Several indices can be used to measure the phase and intensity of ENSO events (Hanley et al. 2003).
The Southern Oscillation Index (SOI) is the oldest of these; it is based on the sea level pressure
difference between Darwin (northern Australia) and Tahiti (French Polynesia) (e.g. Allan et al.
1991). SOI time series from 1880 to 2013 are shown in Figure 2.11. The Nifio 3.4 index, which is
based on regional SSTs, is also commonly used. Others include the Multivariate ENSO Index
(MEI) (Wolter and Timlin 1998) and the Trans-Nifio Index (I'NI) (Trenberth and Stepaniak 2001).
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Figure 2.11: SOI time series from 1880 to 2013. Negative SOI values correspond to El Nifio conditions (blue) and
positive SOl values to La Nifia conditions (red).
Source: NIWA 2018.

2.1.6.3 Decadal variability — IPO and PDO

The Interdecadal Pacific Oscillation (IPO) and the Pacific Decadal Oscillation (PDO) are “ENSO-
like” features of the climate system that operate on decadal to multi-decadal timescales (Zhang et
al. 1997; Mantua et al. 1997; Mantua and Hare 2002). IPO and PDO are distinguished from each
other by their spatial coverage — while PDO is centered in the North Pacific (poleward of 20 °N),
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IPO 15 its Pacific-wide equivalent with variance spread across both North and South Pacific (at least

55 °S).

IPO and PDO are identified as the leading empirical modes (EOF) of sea surface temperature
anomalies at the corresponding timescales in these areas, and the principal component serves as

the IPO or PDO index. IPO/PDO events have a periodicity of about 20-30 years.

Similar to El Niflo, the positive, warm phase of IPO/PDO is associated with anomalously cold
central and western Pacific SST's, with drop in sea level pressure; the opposite conditions prevail
during the negative, cold phase (Zhang et al. 1997; Mantua et al. 1997; Salinger et al. 2001; Folland
et al. 2002; Mantua and Hare 2002) (Figure 2.12).

Positive IPO phases Negative IPO phases

SST anom (°C) ' ' SST anom (°C)

Figure 2.12: Spatial signature of IPO based SST anomalies.
Source: Henley et al. 2017.

IPO and PDO are highly correlated with the decadal variability of ENSO (e.g. Vimont 2005; Deser
et al. 2012; Zhang and Church 2012 and references therein), and the relation between the two has
been investigated in several studies. Many have demonstrated IPO/PDO as essentially the low-
frequency residual of ENSO variability (e.g. Alexander et al. 2002; Deser et al. 2004; Power et al.
2006; McGregor et al. 2008; 2012; Zhang and Church 2012). In addition, increased frequency of
El Nino events have been observed during the positive phase of IPO/PDO and increased La Nina
events during the negative phase (Verdon and Franks 2006). Modulating effects of IPO/PDO have
been observed on ENSO effects on variables such as sea level (Moon et al. 2015) and rainfall (Power
et al. 1999) in some areas, where in-phasing of the two modes (i.e. El Nifio in a positive IPO/PDO,
La Nifla in a negative IPO/PDO) may intensify or dampen the impact. Other studies, e.g. Pierce
2001; Schneider and Cornuelle 2005; Newman et al. 2016 have further shown that IPO/PDO are
not only linked to ENSO, but to variabilities of the Aleutian low and the Kurushio-Oyashio

currents, and ocean memory.
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Phase transitions of IPO and PDO (index time series) since the late 19t century are shown in Figure
2.13. The current phase is negative, having started about 20 years ago (e.g. Hare and Mantua 2000;
Deser et al. 2004).
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Figure 2.13: IPO and PDO index time series from 1880 to 2016.
Source: Merrifield and Thompson 2018.

2.2 Downscaling — an introduction

Climate models form the basis of understanding climate processes and variability in the present
day, and serve as the primary tools for making short as well as long-term projections (predictions
and projections). General circulation models (GCMs) have developed greatly since their inception
in the late 1960s (Edwards 2011), with the current state-of-the-art atmosphere-ocean coupled
GCMs superior to their predecessors in many ways (Flato et al. 2013). Yet, even as climate models
continue to improve, simulations are far from perfect and the raw GCM output usually cannot be
directly applied at local scales (Flato et al. 2013). One of the main reasons for this is the low spatial
resolution of GCMs, which is typically 100 km for the ocean component (for CMIP5 models -
Taylor et al. 2012). For small islands, such as those in the Pacific, this is a pronounced issue as it
means that local topographical features influencing climate and weather processes (e.g. mountains,
orographic details, land cover, island shape, coastal processes etc.) remain unresolved, and the
model often perceives the island as part of the ocean. GCM simulations may further need additional
processing because of inherent biases in the models. These are especially prominent in the tropical
Pacific, with known problems in SST's and circulation patterns, such as the double Intertropical
Convergence Zone (ITCZ) (e.g. Hirota et al. 2011; Oueslati and Bellon 2015; Zhang et al. 2015;
Xiang et al. 2017), zonal South Pacific Convergence Zone (SPCZ) (e.g. Brown et al. 2013; Niznik
et al. 2015) and the westward extension of the equatorial cold tongue (Zheng et al. 2012; Vanniere
etal. 2013; Li et al. 2016b), consequently resulting in biased climate simulations for the surrounding

1slands as well.

In terms of impacts on natural resources, human health, infrastructure and industry, and the
associated need for better adaptation planning and risk minimization measures in vulnerable zones,

it is information on regional and/or local scales that 1s required. This i1s where downscaling comes
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in. Downscaling refers to the process of inferring local scale (high resolution) information from low
resolution variables or simulations (Figure 2.14). Downscaling can thus be interpreted as a means
of bridging the gap between the low resolution of GCMs and the high resolution information that
is needed for practical applications (Benestad et al. 2007; Brown et al. 2008; Boulanger et al. 2010;
Flato et al. 2013).

i Regional climate/ocean model

Dynamical
T s downscaling
Statistical downscaling
o Grid refinermnent,
Statistical methods, incorporation of local
bias correction features

.

GCM base resolution
large-scale simulations -

Figure 2.14: The concept of spatial downscaling.

The increase in resolution often refers to both spatial and temporal scales. Downscaling of large-
scale information can be broadly classified into two categories: (1) dynamical, and (2) statistical

(empirical), which are discussed in the following sections.

2.2.1 Dynamical downscaling

Dynamical downscaling uses a high resolution regional climate model (RCM), containing finer level
information (e.g. additional physical processes, geophysical features, regional tuning etc.), that is
driven by large-scale information (termed as “boundary conditions”) from a GCM (Figure 2.14).
The RCM generally has spatial resolution ranging between 50 to 10 km, or less, and is better able
to incorporate the local topography, landscape, terrestrial features, and possibly local atmospheric
processes as well. Thus, the local climate simulations are more detailed, with possible improvement
in representation of weather extremes. The results are sensitive to both the forcing GCM as well as
the high resolution RCM. Dynamical downscaling can be conducted as (1) limited time slice
experiments (20-30 years), (2) limited-area models run over a specified area, or (3) stretched grid
models with fine resolution over the area of interest and coarse resolution elsewhere. Examples of
dynamical downscaling studies include the CLARIS project (Menéndez et al. 2010), NARCCAP
(Mearns et al. 2009), CORDEX (Dosio and Panitz 2016; Giorgi and Gutowski 2015), AMMA
(Redelsperger et al. 2006), and PRUDENCE (Christensen et al. 2007a), amongst many others.
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Dynamical downscaling methods are able to generate very high resolution climate simulations (up
to 10 km and higher), while largely preserving physical relationships between variables. In addition
to coupled climate models, dynamical downscaling can be applied to ocean-only, atmosphere only,

or biogeochemistry-only models.

The main disadvantage of dynamical downscaling, however, is the highly intensive computational
demand, which limits the number of overall simulations (GCMs, emission scenarios, time periods)
(Christensen et al., 2007b; Australian Bureau of Meteorology and CSIRO 2011; Flato et al. 2013).

2.2.2 Statistical downscaling

Statistical, or empirical downscaling, on the other hand, uses cross-scale relationships derived from
observed data and applies these to climate model data (von Storch et al. 2000; Benestad et al. 2007;
Christensen et al. 2007b) (Figure 2.14). Statistical downscaling methods can include simple
interpolation of GCM simulations to the site of interest, or more complex statistical models that
relate large scale variables to local parameters (Benestad et al. 2007). Here, the statistical model
requires high quality observational records extending over decades for calibration and verification,
and the results are sensitive to the chosen GCM or other large-scale predictor variables. Statistical
downscaling techniques may also be developed between existing records of predictor (input data
for statistical model, typically large-scale parameters) and predictand (output data, typically small
scale) variables from observations and reanalysis, and then applied to GCMs. There are various
approaches to statistical downscaling, including linear methods such as multivariate regression (e.g.
Khalili et al. 2011; Bhowmik et al. 2017), canonical correlation analysis (CCA) (e.g. Busuioc et al.
2008; Werner et al. 2013), and singular vector decomposition (SVD) analysis (e.g. Paul et al. 2008;
Diaconescu and Laprise 2012; Khalili et al. 2018), and non-linear methods such as analog models
(e.g. Teng et al. 2012; Pierce et al. 2014), cluster analysis (classification methods) (e.g. Wang et al.
2013; Daloz et al. 2015), and neural networks (e.g. Mendez and Marengo 2010; Dorji et al. 2017).
Each method is constructed to best suit the type of relationship being modeled between the
predictors and predictand, and may often be combined with pre-processing of data using
procedures such as Empirical Orthogonal Function (EOF) analysis. Additionally, statistical
downscaling can be combined with dynamical models for optimization and robustness, such as in
the STARDEX downscaling project for extremes in Europe (STARDEX 2005). Unlike dynamical
techniques, statistical downscaling is computationally inexpensive. The main drawback associated
with statistical methods 1is that it assumes that the cross-scale relationships derived between large-
scale climate patterns and the local climate remain constant, which may not always apply in a

perturbed system.
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2.2.3 Downscaling method used - MLR

In this thesis, a statistical downscaling model for island sea levels at the study sites is constructed
using a multiple linear approach (MLR), with selected oceanic and atmospheric variables serving
as regressors. This approach was selected given its practical advantages; regression methods are
relatively easy to implement and require low computational resources, making them more easily

transferable to local communities.

The MLR approach has been used in several statistical downscaling studies on sea level, such as
Sterlini et al. 2016, Dangendorf et al. 2013a, 2014, and Calafat and Chambers 2013. In some
studies, such as Albrecht and Weisse 2012, and Dangendorf et al. 2013b, the MLR method is
combined with EOFs.

The MLR methodology used is detailed in Chapter 3.

2.3 Study sites

The western South Pacific is home to numerous island nations. These include countries such as
Vanuatu, the Solomon Islands, Tuvalu, New Caledonia, Wallis and Futuna, Fiji, and Tonga. Of
these, study sites were selected from Fiji — Suva and Lautoka, and New Caledonia — Nouméa to
conduct the MLR downscaling experiments. The study sites are marked in Figures 2.15 and 2.16.
These sites were selected on the basis of their location in the western Pacific, an island region
already experiencing the threats of sea level rise, which is much likely to exacerbate in future (Webb
and Kench 2010; Hallegatte et al. 2013; Nurse et al. 2014; Wong et al. 2013; Neumann et al. 2015;
Albert et al. 2016; Hinkel et al. 2019). Relocation of coastal communities to higher ground due to
frequent inundation, contamination of freshwater lenses/saltwater intrusion, flash floods, and
increased frequency of extreme sea levels are some of the examples that have become common in
these island nations over the recent years (e.g. Limalevu et al. 2010; OCHA—United Nations 2014;
McNamara & Jacot Des Combes 2015; SPC 2016). Fiji and New Caledonia from this region were
chosen in particular as the thesis was conducted in collaboration with research institutions based in

the two island nations (USP - Suva, IRD - Nouméa).

Both Fiji (176-183°E, 16-20°S) and New Caledonia (158-174°E, 17-23°S) lie in Melanesia, which is
one of the three main ethnogeographic subregions of the Pacific. New Caledonia has one main
island, the Grand Terre, and several smaller islands distributed across four island groups. Fiji has

two main islands, Viti Levu and Vanua Levu, with over 300 islands in total (about one third
inhabited).

Situated between the tropic of Capricorn and the Equator, both Fiji and New Caledonia have

warm, humid climates throughout the year, influenced greatly by the south easterly trade winds.
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Figure 2.15: Map of the Fiji Islands, with study sites Suva and Lautoka marked.
Source: SPC 2014a.

Figure 2.16: Map of New Caledonia, with study site Nouméa marked.
Source: SPC 2014b.
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The orographic effect occurs on the mountainous islands, where the eastern sides are wetter and
western sides drier (Leroy 2006; Lal et al. 2008; Cavarero et al. 2012).

Interannual variability in the region is largely governed by ENSO, which is associated with
droughts during El Nifio events and heavy rainfalls/flooding during La Nifias. Depending on the
severity of the event, these ENSO episodes hold great consequences for the interrelated sectors of
food and water security, agriculture, fisheries, economy, and health (vector-borne diseases) (Leroy
2006; Lal et al. 2008; Australian Bureau of Meteorology and CSIRO 2011; Cavarero et al. 2012).
Notable El Nifio events from the past include the 1982-83, 1997-98, and 2015-16 events, which
were associated with droughts in the region. Extreme events affecting Fiji and New Caledonia are
tropical cyclones, floods, and storm surges, of which the former has the most destructive and

widespread impacts.

As global warming progresses and western Pacific sea levels gradually rise, both countries are
becoming increasingly threatened by mundation, salt water intrusion, ocean acidification, and
changing weather patterns (e.g. off-season cyclone Donna striking New Caledonia in May 2017).
Sustainable development, carbon neutrality, awareness raising, and capacity and resilience building
are some of the measures these island nations are undertaking to adapt to recent climatic changes
(COP23 2018a, b; PCCP 2018) The present downscaling study can be perceived as a step in the

direction of the capacity and resilience building imitiatives.

2.4 Synthesis and MLR framework

Bringing into perspective all the information provided in this chapter, sea level at a given location
can be interpreted as a sum of various processes acting on different spatial and temporal scales
(Figure 2.17). Since the timescales of all the processes involved are different, their relative
contribution to sea level depends essentially on the timescale being considered — seasonal,
interannual, decadal/multi-decadal, long-term, extremes (under contemporary sea level),
historical, etc. Historical sea level changes have been driven mainly by tectonic processes and
glacial-interglacial cycles. In the present day, global mean sea level is rising primarily due to thermal
expansion of water, and melt of glaciers and ice sheets induced by global warming (anthropogenic).
On regional to local scales, natural internal climate variability (e.g. ENSO, PDO/IPO) still plays a

deterministic role.

For contemporary sea level changes and future projections to guide necessary adaptation and risk
minimization measures, climate models serve as the primary source of information. While climate
models are helpful at large scales, they have limited applicability at local scales owing to low
resolution. Additionally, they have known biases in the Pacific region, rendering the models an

inefficient source of information for islands in the region. Here, downscaling, whereby high
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resolution, local scale information is extracted from low resolution climate simulations, plays a

crucial role. The two main types of downscaling are dynamical and statistical.

In this thesis, sea level at the study sites Suva, Lautoka (Fiji), and Nouméa (New Caledonia) in the
southwest Pacific are reconstructed using a statistical downscaling model, one that employs a
multiple linear regression (MLR) technique. The central framework of statistical downscaling is that
sea level at any particular site is a function of the global, regional, and local drivers. The model in
this thesis is configured to simulate the regional and local drivers (global mean adjusted for), which
are represented via a combination of oceanic and atmospheric variables (predictors). Selection of
these variables is based on existing knowledge of sea level dynamics in the southwest Pacific,
focusing on sea level variability on interannual-to-decadal scales, plus trend. The MLR model
computes an optimum calibration of the set of predictor variables, producing a close estimate of

the observed sea level.

It is envisaged that the MLR model developed in this thesis can be applied with climate models to
extract local scale sea level projections and thus be utilized in refining climate adaption measures

in the region.
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3. Methodology and datasets

This chapter presents the MLR methodology and datasets used in the analysis. The MLR
methodology 1s presented first, detailing the statistical downscaling model, stepwise regression
function to extract significant regressors, and evaluation metrics for the MLR model calibrated.
The study period, initial preprocessing steps, such as treatment of trends and seasonal cycles, types
of filters used to isolate the frequency of sea level variations being studied (interannual-to-decadal),

are described.

The second section focuses on the MLR experiments and predictand/regressor datasets used. It
describes the different sets of MLR experiments conducted given different combination of
regressors and the periods over which they were available. The Rossby wave model, which is an

integral part of the study methodology, 1s presented in this section.

After describing the different experiments, a stationarity test assessing the applicability of the MLR

models developed to future projections of island sea levels is presented at the end.

Supplementary material not included in this chapter is provided in the Appendix, and made

reference to where needed.

Part 1 — Methodology

3.1 Multiple linear regression analysis
3.1.1 The MLR model

The statistical downscaling model for island sea levels presented in this thesis is constructed using
multiple linear regression (e.g. Sterlini et al. 2016, Dangendort et al. 2013a, 2014). In this model,
the predictors or regressors are a combination of oceanic and atmospheric variables characterizing

island sea level dynamics in the western Pacific region.

The MLR model used here for sea level anomalies, sla, at a given time, ¢, can be expressed as:

sla(site,t) = Y; «; Pi(fiii, t— ti) + e(site,t) -----mmmm e (3.1)
where:

site = the geographical site studied (Suva, Lautoka or Nouméa),

x; = site-specific regression coeflicients,

P; = potential predictors (representing sea level change drivers) averaged over a site-specific (x;,;)
spatial area,

t;i = temporal lag, and
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¢ = site-specific residual (which is not part of the MLR model and represents the difference between

the island and modeled sea level time series).

The sea level time series being modeled is called the predictand or island sea level hereafter.

Predictands

The predictands in the MLR model were sea level anomaly time series (1993-2012 baseline) for
each of the study sites. The predictand sea levels were from (1) ORA-S4 and (2) tide gauge records.

Thus, each MLR experiment was conducted on two sets of predictands — reanalysis and i situ sea

levels (Section 3.3).

Regressor variables

The regressor variables, depending on the specific MLR experiment, were anomaly time series of
sea level predictors (direct or dynamic mechanism-based predictors - see Sections 3.4.1, 3.6) with
respect to the calibration period for the MLR model as the baseline. The regressor anomaly time

series were hence re-adjusted in experiments spanning different time frames.

3.1.2 Stepwise selection of regressors

A classic problem encountered in most MLR approaches arises from cross-correlations between

regressors; this is also known as multi-collinearity.

While regressors which are not statistically independent from each other have little effect on the
overall modeled fit, the efficiency of the MLR model is compromised in terms of how effective
individual regressors are at modulating the predictand, i.e. isolating the relationship between the
two — a key aspect in the MLR methodology. With multi-collinearity, the error associated with each
regressor increases and is spread over a larger confidence estimate. As a result, it becomes difficult
to understand the relative importance of a particular variable in the model. Furthermore, MLR
models can be highly sensitive to minor changes in regressor datasets; these can lead to larges

changes in how the model is calibrated, even resulting in reversal of coefficient signs.

The potential regressors for the MLR model used here are a set of oceanic and atmospheric
variables (Section 3.4), all of which are interlinked components of the climate system in a common
region. Thus, although a certain degree of covariance is indeed expected between the individual
regressors, the model has to be developed such that the selected regressors are statistically distinct

from each other (i.e. regressor-dependent model skill is optimized).

For this, an interactive stepwise regression function based on the statistical significance (95%

confidence interval) of a regressor in the MLR model was used.
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In the stepwise method, a Fisher z-transformation is performed on individual regressor terms added
to an initial model (estimated without any regressors). As each regressor is added, its explanatory
ability is assessed by its p-value, which determines if including the term makes a statistical
significance to the MLR model. The quantitative skill is of the linear model is further assessed with
a simultaneous computation of the root mean square error (RMSE). The assessment is repeated for
all the potential regressors. Regressors having a significant statistical contribution to the model are
retained, while the others are rejected. Depending on the initial model and the order in which
potential regressor terms are added/removed, the stepwise method may result in slightly different
significant regressor combinations from the same set of input terms, especially when selected terms
co-vary with each other. The function terminates when an optimum calibration is reached,
whereby no additional regressor makes a statistical improvement to the MLR model. In this way,
a subset of independently varying regressors which can be used to reconstruct the predictand are
isolated. The stepwise regression function interface for one of the MLR experiments is shown in

Figure 3.1.
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Figure 3.1: lllustration of the stepwise regression output (in Mat/ab) for a given MLR experiment (undetrended Suva
ORA-S4, 1988-2014). Variables x1-x5 represent potential regressors in the experiment; those in blue remain part of
the MLR model while those in red have been rejected. Statistics of the modeled time series are displayed in the
grey rectangle between the two horizontal plot panels. The reduction of the RMSE between the predictand and
MLR output time series as more predictors are added (from 1 to 4 in this example) is shown in the bottom panel.
All values are at 95% significance level.

It is important to note that given any arbitrary set of potential regressors, the stepwise function
could select a combination provided statistical independence of a significant degree amongst the
selected regressors and some relevance to the predictand, even though the predictand-regressor

relationship may be mechanism-wise circumstantial. Thus, before conducting such an analysis, it
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is crucial that the potential regressors chosen and the predictand are connected through underlying
physical processes and can be used to explain the resulting MLR formulation in a coherent way.
For the MLR experiments presented in this study, the dynamical mechanisms justifying the

selection of the potential regressors are elaborated in Sections 3.4.1 and 3.6

3.1.3 Metrics for the evaluation of MLR models

The modeled time series output from the MLR model (sla in Equation (3.1)) were evaluated against
the predictands used to calibrate the model through correlation coefficients, percentage variance
explained (Appendix Al), and comparison of trends. Correlation coeflicients between individual
regressors and the predictand, together with the percentage variance represented by each were also

determined to test the skill of the various predictors.

To further test the potential skill of the MLR model in applications to future projections of sea level,

a stationarity test was conducted after the model had been calibrated (Section 3.7).

3.2 Interannual-to-decadal sea level variations and trends — Study period, data

preprocessing and filtering

The study period was from August 1988 to July 2014, with focus on interannual-to-decadal sea

level variability and trend over this time frame.

To extract interannual-to-decadal scale variability, all datasets were first detrended using a linear
fit. The annual cycle was then removed using a least squares fit of a 12-month cosine function. A

low-pass Hamming filter of 1.2 years was then used to isolate interannual-to-decadal variability.

The MLR analysis was performed on both detrended (interannual-to-decadal timescale) and
undetrended (internannual-to-decadal, plus trend) data series. For the latter, the trend removed in

the first step was re-added to the interannual-to-decadal fields.

Sea level time series for study sites

Se level time series from the tide gauge records, ORA-S4, and altimetry were presented for the
three sites before commencing the MLR analysis. Tide gauge and ORA-S4 time series spanned the
1988-2014 study period, and altimetric sea level spanned 1993-2014. The mean over the 1993-
2012 baseline period was removed from all sea level datasets to obtain anomaly time series (note

that altimetry data is already in the form of anomalies with respect to 1993-2012; Section 3.1).

The sea level anomaly time series were deseasonalized using a least squares fit of a 12-month cosine
function and then smoothed using a 6-month running mean. Sea level trends from the different

sources for each site were determined and compared over common periods: 1988-2014 for tide
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gauges and ORA-S4; 1993-2014 for tide gauges, ORA-S4, and altimetry. Uncertainties in trends
were expressed as the formal error of the least-squares linear regression, as in Becker et al. 2012
and 2014. Correlation coeflicients between island sea levels from the different data sources were

computed over common periods (Chapter 5 — Section 5.1).

Part 2 — Statistical downscaling datasets and experiments

3.3 Island sea levels predictands

Local sea levels were taken from 3 different sources: tide gauge records, satellite altimetry, and the

ORA-S4 reanalysis product.

Different sources for the local sea levels have been used in attempts to obtain a more robust
interpretation of the MLR experiment results, while still acknowledging the limitations associated
with a particular product. Each dataset has its inherent set of advantages and limitations, with the
underlying causes of bias in one product usually serving as the advantage in another. For example,
although tide gauge records provide site-specific, high resolution data on local sea level variations,
some extending back to the late 19t century (Mitchum et al. 2010; Holgate et al. 2013), they are
highly susceptible to vertical land motion and instrumental error (Chapter 2 — Section 2.1.5.1).
Additionally, most tide gauge records have missing data/gaps. Altimetry, on the other hand, offers
a more consistent measurement of absolute sea level around the globe and is not affected by vertical
land motion (Chapter 2 — Section 2.1.5.2). However, it has a limited time frame for studying long-
term sea level variations. Reanalysis products have the advantage of being able to provide
dynamically consistent estimates because they assimilate observational records and combine these

with a numerical ocean model that solves the equations of ocean dynamics (Chapter 2 — Section
2.1.5).

The different datasets for island sea levels used in this study are described below. Of these, the tide
gauge and ORA-S4 sea levels were used as the predictands in the MLR model, the focus of the
study. The use of altimetric data was limited only to comparisons between island sea level time
series from the different sources (Chapter 5 — Section 5.1), as the dataset (1993 onwards) does not

extend as far back as the start of study period (1988-2014).

3.3.1 Tide gauge records

Monthly mean Revised Local Reference (RLR) tide gauge records for Suva and Lautoka were
retrieved from the Permanent Service for Mean Sea level (PSMSL) (Holgate et al. 2013; PSMSL
2016).
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PSMSL % of gap (max. length in
Site Grid location Duration
station ID consecutive months)
Suva 178.42 °E, 18.14 °S 1327 Oct 1972 — Dec 2014 6 (6)
Lautoka 177.44 °E, 17.60 °S 1805 Nov 1992 — Dec 2014 0.4 (1)
Nouméa 166.43 °E, 22.30 °S - Feb 1967 — Dec 2014 2 (11)

Table 3.1: Tide gauge station data for Suva, Lautoka, and Nouméa, with longitude/latitude coordinates, data
duration, and percentage of missing data.

For Nouméa, a merged sea level series from sites Chaleix and Numbo was used (Aucan et al. 2017).
Details on these tide gauge records are presented in Table 3.1. Additionally, tide gauge locations
and the nearest GPS stations at the sites are illustrated in Figures 3.2-3.4.

All missing values were filled in using linear interpolation to obtain a continuous time series and
anomalies were computed with respect to the 1993-2012 period (as for satellite altimetry, see
Section 3.3.3). Anomalies were adjusted for the inverted barometer (IB) effect (Wunsch and
Stammer 1997) using sea level pressure anomalies from the ERA-Interim dataset. Site-specific
anomalies were computed by removing the global mean of the sea level pressure anomalies from
the local pressure time series and then dividing by the local gravity to obtain the net IB effect acting
on a particular grid point (Wunsch and Stammer 1997).

No additional correction was applied to the tide gauge sea level time series for vertical land motion,
but information provided by PSMSL and related literature (e.g. Aucan et al. 2017; Morner and
Klein 2017) were used to explain inconsistencies in trends relative to altimetry and reanalysis data
(Chapter 5 — Section 5.1), and to the overall performance of the MLR model developed (Chapter
5 — Section 5.2).

Reported issues with tide gauges at the study sites

For the Fiji sites, Morner and Klein 2017 reported that the tide gauges at Suva (Figure 3.2) and
Lautoka (Figure 3.3) are located in unstable areas that are highly prone to sediment compaction.
The Suva tide gauge has been moved three times and as a result has recorded sea level
measurements for different locations. The current Suva tide gauge is placed in a heavy harbor
construction area as well, which most likely exacerbates the compaction and subsidence processes.
The location of the Suva GPS station is not very relevant to the tide gauge and has been constructed
on gently dipping bedrock (Figure 3.2 - c). Classified as non-robust, the Suva GPS station was
deactivated in 2002.

The GPS station at Lautoka is also located unfavorably with respect to the tide gauge (Figure 3.3),
and shows ambiguous vertical land motion rates overall. Both the Suva and Lautoka tide gauges
have been affected by earthquakes in the past, which creates additional complications (Morner and
Klein 2017).
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Suva GNSS

Figure 3.2: Location of the Suva tide gauge (a, b) and GPS station (a, b, c).
Source: SONEL 2017, Mérner and Klein 2017.

Figure 3.3: Location of the Lautoka tide gauge (a, b, ¢) and GPS station (a, d).
Source: SONEL 2017, Mérner and Klein 2017.

X
Nouméa Chaleix

Figure 3.4: Location of the Nouméa tide gauge (a, b) and GPS station (b), and the tide gauge inside the building.
Source: Refmar 2017, SONEL 2017.
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For Noumeéa, the tide gauge records started at the Chaleix location in 1957 and were shifted to the
Numbo location in 2003 following a relocation of the local hydrographic services (Aucan et al.
2017). The records, which existed on paper for the 1957-67 period, were recently merged by Aucan
et al. 2017. In contrast to subsidence at Nouméa reported by geological and geodetic literature,
Aucan et al. 2017 infer uplift at rates of 1.3-1.4 mm/yr via comparison of absolute and relative sea
levels trends. This mismatch highlights the need for GPS stations to be located close to the tide

gauges for the recorded vertical land motion to be viable.

3.3.2 ORA-S4 reanalysis sea level

Local sea levels for the study sites were extracted from the European Center for Medium-Range
Weather Forecasts’ (ECMWF) Ocean ReAnalysis System 4 (ORA-S4) (Balmaseda et al. 2013a;
Section 3.4.2.3). ORA-S4 was selected as it is amongst the ocean reanalysis products that have good
agreement with tide gauge sea levels (Balmaseda et al. 2015) used in this study (see Chapter 5 —
Section 5.1), with steric sea levels lying within the spread of a reanalysis ensemble (Storto et al.
2015). More detailed discussion portraying ORA-S4 as a representative reanalysis product for this
study is provided in the dedicated Chapter 4.

Global sea surface height fields from ORA-S4 for the 1988-2014 period were accessed as monthly
means at a grid resolution of 1° x 1°. Site-specific sea level time series were extracted from the global
dataset using bilinear remapping for the longitude/latitude grid points shown in Table 3.1. The

1993-2012 temporal mean was removed to obtain anomaly time series for each site.

3.3.3 Altimetric sea level

2-D gridded sea level anomaly (SLA) data produced by the Ssalto/DUACS system (multi-mission
data processing system) and distributed by the Copernicus Marine and Environment Monitoring
Service (CMEMS) was accessed for the 1993-2014 period. The product used was the delayed time
global sea level anomaly dataset (CMEMS 2018 - product 008-047), provided at weekly intervals

on a 0.25° regular grid. The altimetric sea level anomalies are with reference to the 1993-2012
baseline period (CMEMS 2018).

The product combines processed data from all the altimeter missions - Sentinel-3A, Jason-3, HY-
2A, Saral/AltiKa, Cryosat-2, Jason-1, OSTM/Jason-2, TOPEX/Poseidon, Envisat, GFO,
ERS1/2, to provide a homogenous, inter-calibrated and accurate time series. Several corrections
are made to the altimetric measurements before merging, including adjustments for instrument,
orbit, ionosphere, dry/wet troposphere, dynamic atmosphere correction, tides, sea state bias, and
the mean sea surface (Pujol et al. 2016). The reference mean sea level used in the multi-mission
data is from TOPEX/Poseidon, succeeded by the Jason (1, 2, 3) missions (Le Traon et al. 1988;
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CMEMS 2018).

The weekly altimetric data was regridded to monthly averages for consistency with the other
datasets used in the study. Sea level anomalies for the study sites were extracted from the global
dataset using distance weighted remapping for the corresponding longitude/latitude coordinates of

the tide gauge records (Table 3.1).

3.4 Potential predictors
3.4.1 Selection of regressor variables — direct and dynamic MLR approaches

Sea level change can be interpreted essentially as a change in water volume, induced by either
variations in mass (barystatic component; Church et al. 2013; Gregory et al. 2013) and/or density
(steric component) of the water column. From a mechanistic perspective considering ocean-
atmosphere dynamics, the steric and mass changes leading to overall sea level change can be
attributed to specific processes at work (e.g. Nidheesh et al. 2013; Stammer et al. 2013; Forget and
Ponte 2015; Meyssignac et al. 2017)

So depending on the perspective taken of island sea level — direct (i.e. static) or dynamic, the

potential regressors would be different.

Thus, in the first or preliminary set of MLR experiments, the potential regressors were taken

directly as the steric and mass components of island sea level (Section 3.6.1).

In the second and main set of MLR experiments, the prevalent climate drivers and circulation
patterns determining the variation of the steric and mass components on regional to local scales
was considered. The selection of the second set of potential regressors was based on a more
mechanistic approach that considers ocean dynamics and processes occurring at these spatial scales
(Section 3.6.2).

Steric changes can be due to surface buoyancy fluxes, mixing, and adiabatic motions of the
isopycnals caused by adjustments to wind-driven circulation (Piecuch and Ponte 2011; Meyssignac
et al. 2017). Wind stress curl produces divergence or convergence of the surface layer (Ekman
pumping), which is balanced by vertical “heaving” of the thermocline. Heaving can induce changes

in the vertical stratification and heat content of the water column (e.g. Huang 2015).

At interannual-to-decadal timescales, the thermosteric sea level variability in the tropics is mostly
induced by the internal reorganization of ocean water masses in response to the wind stress curl
forcing (Wyrtki 1975; Qiu and Chen 2006; Timmerman et al. 2010; McGregor et al. 2012;
Stammer et al. 2013). Propelled by wind stress curl anomalies, westward flowing Rossby waves
modulate the thermocline depth as they propagate across the Pacific basin, generating changes in
the thermosteric sea level at the western end. Based on previous studies (e.g. Timmermann et al.,
2010; McGregor et al., 2012; Nidheesh et al., 2013; Forget and Ponte 2015; Meyssignac et al.
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2017), wind stress curl is therefore considered as the dominant predictor of thermosteric sea level,

and hence of sea level in the region.

The remaining thermosteric sea level variability 1s due to buoyancy forcing at the sea surface and
to intrinsic ocean variability (Meyssignac et al. 2017). To capture thermosteric sea level variability
induced by surface heat forcing, local SST was taken as a potential predictor (Meyssignac et al.
2017). The other predictors included wind stress (ty, Ty) in the vicinity of the study site, representing

the wind set-up, and the halosteric component for salinity changes and surface freshwater fluxes.

3.4.2 Regressor datasets
3.4.2.1 Mass change estimate - GRACE

The Gravity recovery and Climate Experiment (GRACE), launched in early 2002 allowed the first
ever measurements of global spatial and temporal variations in Earth’s gravity field (Tapley et al.
2004; Ramillien et al. 2016). GRACE consists of two identical satellites on the same orbital plane,
separated by about 220 km. The distance between the two satellites varies in response to the
differences in gravitation acceleration experienced across the trajectory and is measured by radar
telemeter. Variations in the Earth’s gravity field arise from uneven mass distribution at the crust,

particularly due to surface waters which change more rapidly than the Earth’s interior.

In oceanography, GRACE has revolutionized the estimation of ocean bottom pressure as ice mass

is lost from glaciers and ice-sheets and added to the ocean (Frappart et al. 2016).

Ocean mass change estimates over the 2003-2014 period were extracted from an ensemble of 720
GRACE solutions computed from 5 raw GRACE solutions (provided by CSR — Center for Space
Research, GFZ - GeoforschungsZentrum, JPL - Jet Propulsion Laboratory, GRGS - Groupe de
Recherche de Geodesie Spatiale, and TUG - Graz University of Technology). The dataset extends
from late 2002 onwards. The product uses different post processing parameters for the geocenter
motion correction, Earth oblateness correction, filtering, leakage correction, and glacial isostatic
adjustment (Carret et al. 2017). The spread (1.65 sigma) around the ensemble mean of the mass

change estimates is used as an estimate of uncertainty.

The product was accessed as a 1°x1° global dataset over the available duration (2003-2014), and
the global mean of the ensemble was taken as the estimate of local ocean mass change for all three

study sites - Suva, Lautoka, and Nouméa (details in Section 3.6.1).
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3.4.2.2 ERA-Interim data (Wind, SST, SLP fields)
The ERA-Interim reanalysis

ERA-Interim 1s the ECMWL’s global atmospheric reanalysis product (Dee et al. 2011; ERA-
Interim 2016). It extends back in time until 1979 and 1s continuously updated in near real-time.
ERA-Interim is a third-generation reanalysis product, successor to ERA-40 (Kallberg et al. 2007)
and ERA-15 (Shea et al. 2016). The reanalysis is produced using the ECMWZF’s IF'S (Integrated

Forecast System) model and uses a sequential data assimilation scheme (Dee et al. 2011).

ERA-Interim provides high resolution, consistent set of climate data on spatial and temporal scales,
with improved performance in features such as low frequency variability and stratospheric
circulation relative to precursor reanalysis products. Known biases include intensified hydrological
cycle over the oceans, overestimated temperatures and humidity estimates in the Artic, and issues
with cloud cover (Dee et al. 2011). While acknowledging these biases, ERA-Interim data used in
various studies in the Pacific region has efficiently proven results consistent with known or observed
patterns in climate (e.g. Zagar et al. 2011; Pfeifroth et al. 2013; de Boisséson et al. 2014; Wodzicki
and Rapp 2016). Further in the context of this study, wind stress fields from ERA-Interim
constrained with altimetric sea level have shown the reanalysis to be amongst the more reliable
available for the Pacific Ocean (Merrifield and Maltrud 2011; McGregor et al. 2012).

ERA-interim datasets

For this study, fields taken from ERA-Interim as potential regressors were the (1) zonal and (2)
meridional surface wind stress fields (T, ty) at 10 m, and (3) sea surface temperature (SST); (4) mean
sea level pressure (SLP) was taken to correct for the inverted barometer effect in the tide gauge
records (Section 3.3.1) The datasets were extracted as monthly means at a horizontal grid resolution

of 1°x1° for the duration of the dataset (1979 onwards).

3.4.2.3 ORA-S4 Steric fields
The ORA-S4 reanalysis

ORA-S4 is an ocean reanalysis performed by ECMWTF, with a temporal span of 1958 to present
(Balmaseda et al. 2013a). It follows the ocean reanalysis ORA-S3, which covered the 1959-2009
period (Balmaseda et al. 2008). ORA-S4 advanced upon its precursor in several ways, including
replacement of the ocean model, ocean data assimilation system, amongst other innovative features.
These include the use of ERA-Interim forcing fluxes, revised methods for ensemble generation

strategy, quality-controlled datasets, and estimation of model bias (Balmaseda et al. 2013a).

ORA-S54 uses the ocean model NEMO (Madec 2008), which is forced by daily surface fluxes of

heat, momentum, and freshwater, then bias-adjusted using SST and sea-ice concentration. The
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variational data assimilation system, NEMOVAR (Mogensen et al. 2012), assimilates in-sifu
temperature and salinity profiles, and along-track altimeter SLAs. Additionally, information of SST
and GMSL are used to regulate the heat and freshwater budget. The resulting reanalysis, ORA-

S4, provides a dynamically consistent set of ocean variables.

The ocean observations (temperature, salinity profiles) used in ORA-S4 span a range of i situ data
sources, including eXpendable BathyThermographs (XBTs), Conductivity-Temperature-Depth
sensors (C'1TDs), TAO/TRITON/PIRATA/RAMA moorings, Argo profilers, and Autonomous
Pinniped Bathythermograph (APBs/elephant seals). The forcing fields in ORA-S4 are from ERA-
40 before 1989 and ERA-Interim over 1989-2009 (Balmaseda et al. 2013a), thus, there is
consistency between the wind, SST, and SLP data used in this study over most of the study period
(1988-2014). The following essential climate variables (WMO 2017) are made available from the
reanalysis: ocean temperature, salinity, sea level, zonal current velocity, and meridional current

velocity.

Known limitations in ORA-S4 include large uncertainties in the first two decades of the dataset
(~1960s-1970s), underestimation of the Atlantic Meridional Circulation (AMOC; 26°N), and
prevalent surface salinity errors (Balmaseda et al. 2013a; 2013b). Despite these constraints, ORA-
S4 remains amongst the valuable sources of ocean synthesis information presently available and is
still widely used in ocean/sea level studies in the scientific community (e.g. Balmaseda et al. 2013b,
Chepurin et al. 2014; Ablain et al. 2015; Storto et al. 2015; Palmer et al. 2017).

GMSL trend in ORA-S4

Similar to most ocean models used in climate studies, ORA-S4 uses a Boussinesq approximation,
where ocean water density is held constant in the primitive equations of the model (based on Navier-
Stokes equations), except in terms of buoyancy and in the compressibility term of the equation of
state. An important aspect of the Boussinesq approximation is that the model conserves ocean
volume and not mass. The observed rise in global mean sea level from thermal expansion (ocean
volume change) is thus not directly represented by the model, but adjusted for during data
assimilation. The rising GMSL trend can introduce inconsistencies in the reanalysis when altimeter

observations are assimilated and thus has to be treated correctly (Balmaseda et al. 2013a; 2015).

In ORA-S4, the spatial mean of the background and input sea level fields is removed before each
assimilation cycle. Removing the mean brings the GMSL change to zero, while preserving the
overall “shape” or regional sea level patterns. Owing to the Boussinesq approximation, the steric
sea level is not a prognostic variable of the ocean model, but is diagnosed by vertical integration of
the ocean density field. The global mean of the steric sea level trend from the ocean analysis is then
compared with the GMSL trend from altimetry data (the trends are relative to model SSH and
altimeter data respectively) and the difference between the two represents the estimate of the sea

level change due to mass variations. Note that while altimetry provides the total sea level change,
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it 1s unable to partition between steric and mass change. Distinction of these two components 1s
regarded as highly valuable information from the reanalysis as it helps close the fresh-water budget
over the oceans. There is still high uncertainty on the spatial distribution of fresh-water input,
however, and the estimated mass change is applied as a spatially uniform fresh-water flux over the
model domain (Vidard et al. 2009; Balmaseda et al. 2013a).

Steric sea level data

Ocean salinity and temperature fields from ORA-S4 were extracted as monthly means at a
resolution of 1°x1°. Using the Gibbs Seawater Toolbox (McDougall and Barker 2011), the
thermosteric, halosteric, and total steric sea levels were computed for the upper 700 m (0-700 m)

and for the deeper ocean below 700 m (700 m — bottom).

The steric sea level was defined as the approximate sum of the thermosteric and halosteric
components, expressed as an integral function of temperature and salinity induced density changes

over a given depth. This can be written as:

dz  -------

O po(T, S o o(T,S
ne= n,+ ny = —f p( ) dz — f pT.5) (3.2)
- Po - Po

where:

ng = steric sea level,

n; = thermosteric sea level,
ny, = halosteric sea level,

p = density,

T = temperature

S = salinity, and

z = H represents the ocean depth (-ive represents increasing depth)

(Griffies et al. 2014; Storto et al 2015).

The thermosteric and halosteric fields were computed as density-driven sea level change caused
only by temperature (T) and salinity (S) changes respectively, while the rest of the variables remain
constant. The over-bar in Equation (3.2) denotes time-averaged values, so the temporal average of
salinity (temperature) is used for the thermosteric (halosteric) sea level (Griffies et al. 2014; Storto et
al 2015).

In this study, the thermosteric and halosteric sea levels were key to the MLR methodology, and the
upper 700 m components were used throughout the main analysis. The total steric sea level and

the deeper ocean (700 m — bottom) were not part of the MLR model analysis, but were used in
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evaluating ORA-S4 as a suitable ocean reanalysis product for this study and in determining the

proportion of sea level variance constituted by the latter (Chapter 4).

3.5 Rossby wave model

The stratified tropical ocean has been visualized extensively using the 1'% layer shallow-water
model as a tool which provides an idealized approximation of the density structure. In such a model,
the ocean 1s presented as a shallow, active upper layer separated from a deep, motionless layer by
the pycnocline. Motion in the upper layer is driven by the applied wind stress per unit density. The
linear, reduced gravity (first baroclinic mode) model is a simple illustration of low-frequency wind-
driven dynamics via Rossby wave propagation and has been used vastly in studies on sea level and
upper ocean layer thickness in the tropical Pacific (e.g. Meyers 1979; Kessler 1990; Chen and Qiu
2004; Kessler and Gourdeau 2007; Holbrook et al. 2011; McGregor et al. 2012; Kessler and
Cravatte 2013a). The output is a first-order guess at the wind driven response of the ocean, while
excluding more complicated processes such as eddies, island/bottom effects, vertical wave

propagation, and wave-mean flow interaction.

For the main set of MLR experiments, the wind stress curl-driven sea level anomalies (dominant
regressor) were obtained using a linear model of quasi-geostrophic Rossby waves from Kessler and
Cravatte 2013a. This model captures the integral response of sea level to remote and local effects
of wind stress curl at a given latitude through the westward propagation of Rossby waves. The

model formulation is as follows:

dh dh ( frp)

E-I_ Cra‘l'Rh = —curl

where:

h = pycnocline depth anomaly,

¢, = long Rosshy speed (c,= —Bc?/f?, where c is the internal long gravity wave speed (taken as
2.8 m/s), fis the Coriolis parameter, and 8 its meridional derivative),

R = damping timescale (taken as 1/24 months), and

7 = wind stress

hin this case, is associated with thermocline depth anomalies resulting from wind stress curl-driven
Rossby waves. The output pycnocline depth anomalies # were converted to sea level anomalies 7

from the single active layer model assuming a mean thermocline depth / of 160 m:
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where:

g = earth’s gravitational acceleration

The chosen values of ¢,, R, and H reflect the ocean conditions/dynamics pertaining to the study

area.

Note that the MLR model is not sensitive to the choice of the mean thermocline depth, as the
choice of a different value would be adjusted through the regression coeflicient associated with this

predictor (i.e. regression coeflicient scaled up or down in the calibration process) (Equation 3.1).

The model was forced with monthly zonal and meridional wind stress fields, (tx, ty), from ERA-
Interim at 1°x1° resolution over the study period (1988-2014) to be consistent with other predictors
derived from ERA-interim and ORA-S4.

3.6 MLR experiments
3.6.1 Preliminary analysis — Steric plus mass MLR models (2003-2014)

The first set of MLR experiments stems from a simplified, direct expression of island sea level as a
sum of local steric and mass changes. The aim in this section was to demonstrate that the majority
of the variance in local sea level at the study sites can be explained by the thermosteric and
halosteric components, and to assess the contribution of mass changes emanating from the melt of
land ice. The analysis was conducted from 2003 onwards due to limited duration of the mass change

data.

The thermosteric component in particular has been known to dominate sea level variations in the
tropical Pacific (Lombard et al. 2005; 2009; Levitus et al. 2005; 2012; Meyssignac and Cazenave
2012; Gregory and Lowe 2000; Church et al. 2013; Fukumori and Wang 2013; Stammer et al.
2013). This was confirmed in the preliminary analysis by performing correlations between island
sea level and all three potential predictors (thermosteric, halosteric sea level fields (upper 700 m)
and mass time series), and determining the percentage variance explained by each, whereby the
local (located close to the study site) thermosteric component showed the highest values. Thus, the

thermosteric sea level was selected as the dominant predictor.

Spatial correlation maps between the predictand and the thermosteric sea level field for each site
were generated, and a “proxy box” (e.g. Sprintall and Révelard 2014) having the highest correlation
was selected (Figure 3.5 - a, Table 3.2). Ideally, the proxy box would directly encompass the study
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site. However, the points of the study sites in the ORA-S4 land mask are not well resolved, which
is typical for small islands. The grid points of the study sites (Table 3.1) are thus located on the
coasts of the islands in the ORA-S4 datasets, and the regions of highest correlation between island
sea level and the steric components were found in the close vicinity of the study site (within 1-4°,
Table 3.2.). The differences were more pronounced when tide gauge sea levels were used, given
additional inconsistencies between i sifu observations and the reanalysis product (compare Figures
3.5 and 3.6, Table 3.2.). Correlations were also higher in the deeper ocean as the thermosteric
component is much closer to the total sea level, while the study sites are located in shallow, coastal
zones, where the depth-integrated thermosteric sea level is necessarily of smaller amplitude
(Williams and Hughes 2013). After selecting the proxy box, field mean values over the area were
computed to obtain the regressor time series for the thermosteric component. A linear fit
minimizing the root mean square difference was used to determine the proportion of island sea

level explained by the thermosteric component.

To further minimize covariance between the steric regressors (thermosteric and halosteric sea
levels), the residual (proportion of island sea level not explained by thermosteric variations) was
correlated with the halosteric sea level field (Figures 3.5 - b, 3.6 - b). This step additionally showed
the pattern and estimated extent of the halosteric sea level signature when the effect of the dominant
predictor is removed. As for the thermosteric regressor, the halosteric proxy box was determined
as the area featuring highest correlation around the study site, and a field mean was taken over the
proxy box to extract the halosteric regressor time series. Correlations using the residual generally
exhibited low to medium values (Figures 3.5 - b, 3.6 -b), and a heuristic approach was adopted in
selecting the proxy boxes. As all potential predictors considered here have an immediate signature

on sea level (local steric and mass), no temporal lags were considered.

With the thermosteric and halosteric regressors thus isolated and the mass change component taken
as the global mean time series, stepwise regression (Section 3.1.2) was performed to determine the

statistically significant variables (95% confidence interval).

The global mean of the mass change component was taken since regional deviations of the added
barystatic component are quite moderate, except near sites where mass has been lost (e.g. ice sheets
— gravitational effect, Chapter 2 — Section 2.1.3), plus the spatial fingerprint of the added mass
signal 1s believed to be scalable in time (assuming similar mass loss rates from individual ice sheets

as present (e.g. Bamber and Riva 2010; Slangen et al 2014a).

In the last step, a multiple linear regression fit for island sea level was computed using the set of

regressors selected in stepwise function.
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Figure 3.5: 2-D correlation maps for selecting proxy boxes for the steric plus mass
MLR experiments for Suva (ORA-S4) over 2003-2014 (undetrended). The top map
shows correlation between island sea-level and the thermosteric field (middle map
zoomed in), and bottom shows correlation between the residual (ORA-S4 total sea
level minus thermosteric sea level) and halosteric field at 0-month lag. The outlines
mark the proxy box bounds, and the study site is marked by a black dot.
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Figure 3.6: 2-D correlation maps for selecting proxy boxes for the steric plus mass
MLR experiments for Suva (tide gauge) over 2003-2014 (undetrended). The top map
shows correlation between island sea-level and the thermosteric field (middle map
zoomed in), and bottom shows correlation between the residual (ORA-S4 total sea
level minus thermosteric sea level) and halosteric field at 0-month lag. The outlines
mark the proxy box bounds, and the study site is marked by a black dot.
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. Proxy box bounds (longitude, latitude)
e Thermosteric Halosteric
ORA-S4 - detrended
Suva 180, 182, -18, -16 180, 184, -18, -16
Lautoka 173,176, -16, -15 170, 175, -15, -13
Nouméa 168, 172, -22, -20 163, 167, -20, -17
ORA-S4 - undetrended
Suva 180, 184, -18, -16 181, 185, -18, -16
Lautoka 173,177, -16, -15 170, 175, -15, -12
Nouméa 168, 172, -22, -20 163, 167, -20, -17
Tide gauge - detrended
Suva 180, 184, -18, -16 182,185, -18, -16
Lautoka 180, 184, -18, -16 171,174, -15,-13
Nouméa 167, 169, -22, -19 164, 166, -19, -17
Tide gauge - undetrended
Suva 180, 185, -18, -17 182,186, -18, -17
Lautoka 180, 184, -18, -17 172,175, -16, -15
Nouméa 168, 172, -21, -20 164, 167, -19, -17

Table 3.2: Proxy box bounds (longitude/latitude) for the thermosteric and halosteric regressors for the steric plus
mass MLR experiments over 2003-2014.

3.6.2 Wind stress curl (Rossby wave model) dominated MLR models (1988-2014)

In this set of experiments, the first-order off equatorial and low frequency sea level response to wind
stress curl at each site, 1.e. the wind stress curl proxy, was taken as the resultant sea level anomaly

from a linear Rossby wave model (Section 3.5; Kessler and Cravatte 2013a).

The residual of the thermosteric sea level variability from that induced by wind stress curl anomalies
is due to buoyancy forcing at the air-sea surface and intrinsic ocean variability (Meyssignac et al.
2017). Thus, the other potential predictors include local SST to account for thermosteric sea level
changes due to surface buoyancy forcing (Meyssignac et al. 2017), wind stress (ty, Ty) in the vicinity
of the island to represent the wind set-up, and halosteric sea level for salinity changes and surface

freshwater fluxes (see Section 3.4.1).

In the first step to extract the regressor time series, spatial correlation maps between island sea level
and wind stress curl-driven SLAs from the Rossby wave model were generated. As in the
preliminary analysis (with steric and mass components, Section 3.6.1) proxy boxes were selected

based on areas having highest correlation in the vicinity of the study site, as shown in Figures 3.7 -
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a, 3.8 - a, and Table 3.3. A field average was taken over the proxy box ( P; (Ei,yi) in Equation 3.1)
to obtain the dominant regressor time series, and a linear fit minimizing the root mean square

difference was computed to determine the proportion of island sea level variance explained.

The residual from this step was then correlated with each of the remaining potential predictors:
halosteric sea level (upper 700 m), ty, Ty, and SST. Using the sea level residual here can be perceived
as a complementary procedure to the stepwise function for minimizing covariance between the
regressors. The correlations additionally provide a visual representation of the local influence of the
rest of the regressors in the absence of the dominating signal. As before, the correlation maps
exhibited low to medium values, and local proxy boxes featuring highest correlation were selected
heuristically (Figures 3.7 (b-e), 3.8 (b-e)). Field averages were taken over the proxy boxes to obtain

the regressor time series.

The regressors were then passed into the stepwise regression function to extract the statistically
significant predictors (95% confidence interval) and used to calibrate a multiple linear regression

model of the predictand.

3.6.2.1 Treatment of the GMSL trend in the predictand

In the framework of statistical downscaling, the predictand sea level can be regarded as a composite
of regional drivers (e.g. large-scale circulation, natural variability) and local effects (e.g. topography,
geographical effects) superimposed on the global mean (von Storch et al. 2000; Benestad et al.
2007).

While the wind stress curl dominated MLR model incorporates regional and local drivers, there is
no predictor to account for the global mean sea level signal. The latter, in this case, would refer to
the distinctly rising GMSL trend over the recent decades (Chapter 2 — Section 2.1.2). This part of
the signal does not have to be incorporated in the downscaling process and can be inferred from
climate models and other methods. It could then be added afterwards to the MLLR-modeled island

sea level to get the total sea level variation at local scales.

Although not applicable to MLR experiments with detrended sea level, the GMSL trend needs to
be removed in the case of undetrended predictand sea levels. To do this, the GMSL trend over the
study period was removed from the predictand sea level time series. The GMSL trend for the ORA-
S4 predictands was computed from the ORA-S4 mean SSH field and for the tide gauge predictands
from the spatial mean of the altimetry SLAs. However, note that the altimetric record (1993
onwards) does not extend as far back as 1988 (1988-2014 study period).

Thus, an estimated GMSL rate for the tide gauge sea levels was derived by calculating the difference
between ORA-S4 and altimetry GMSL trends over the common 1993-2014 period (0.34 mm/yr),
and using the difference to adjust the GMSL rate over 1988-2014 accordingly.

67



1ow 85w

s 1
1TT°E 180'W 1TTTW 174w

-4 08 06 -04 -02 0 02 04 05 08 1

12'S

12 (C)
14'S
14°S
i 16'S -
s @
18'S |
20°S
20°S
' 22's
174 177°E 180'W 177'W T1E 174°E ATTE 180°W
2 '3 14'S
16°s | (d) (e)
16°S -
18°S
18'S | L]
20'S
20'S
22's
22's
24°S
24'S

174°E  1ITE  180°W 1TTW 171°€ V74E 17TUE 180'W

Figure 3.7: 2-D correlation maps for selecting proxy boxes for the main wind stress curl
dominated MLR experiment for Suva (ORA-S4) over 1988-2014 (undetrended). The top maps (a)
show correlation between island sea-level and the thermosteric change field from the Rossby
wave model and the bottom maps show correlation between the residual and halosteric (b), T«
(c) Ty(d), and SST (e) field at 0-month lag. The outlines mark the proxy box bounds, and the study
site is marked by a black dot.
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Figure 38: 2-D correlation maps for selecting proxy boxes for the main wind stress curl
dominated MLR experiment for Suva (tide gauge) over 1988-2014 (undetrended). The top maps
(a) show correlation between island sea-level and the themosteric change field from the Rossby
wave model and the bottom maps show correlation between the residual and halosteric (b), T«
(©), 7y (d), and SST (g) field at 0-month lag. The outlines mark the proxy box bounds, and the study

site is marked by a black dot.
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. Proxy box bounds (longitude, latitude)
e Rossby model SLA halosteric SLA T Ty SST
ORA-S4 - detrended
Suva 181, 186, -17,-16 172,175, -17, -14 170, 174, -20, -17 179, 183, -24, -21 174,176, -21, -18
Lautoka 175,178, -16, -14 170,173, -16, -14 182, 186, -22, -18 180, 184, -24, -21 180, 184, -22, -19
Nouméa 175,179, -22, -20 163, 164, -22, -19 162, 166, -18, -16 165, 169, -27, -24 169, 173, -24, -18
ORA-S4 - undetrended
Suva 181, 186, -17,-16 172,175, -17, -14 170, 174, -20, -17 177,182, -24, -20 171,175, -21,-18
Lautoka 174,178, -15, -14 172,175, -17, -14 184,187, -18, -14 180, 183, -25, -21 186, 188, -22, -16
Nouméa 175,179, -22, -20 160, 164, -25, -20 160, 166, -17, -15 164, 170, -28, -24 170, 174, -28, -26
Tide gauge - detrended
Suva 180, 185, -17, -15 181, 185, -15, -12 180, 185, -24, -23 180, 185, -21, -18 181, 184, -21,-19
Lautoka™ 184,187, -17,-16 170,173, -16, -14 171,176, -21,-18 178, 183, -23, -19 171,176, -19, -16
Nouméa 169, 175, -20, -19 159, 164, -25, -23 161, 166, -18, 15 165, 170, -20, -17 172,175, -20, -18
Tide gauge - undetrended
Suva 182,184, -17,-15 181, 185, -15, -12 177,185, -26, -23 181, 186, -22, -19 182, 186, -22, -19
Lautoka 184,187, -17,-16 170,172, -16, -14 171,174, -21 -16 178, 182, -25, -22 169, 173, -19, -17
Nouméa 171,175, -21, -20 160, 164, -23, -21 157,162, -18, -15 166, 170, -29, -26 157, 161 -28, -26

Table 3.3: Proxy box bounds (longitude/latitude) for all regressors (Rossby wave SLA, halosteric SLA, zonal and meridional wind stress, and SST) for the wind stress curl dominated
MLR experiments over 1988-2014.
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Also, the approach was considered viable in the context of the MLR models which would be more
sensitive to the choice of regressors and calibration than to a low extent discrepancy in the adjusted
value of the GMSL trend. As a control test against possible issues in MLR model performance as a
result, an additional set of experiments on undetrended tide gauge record predictands over the
1993-2014 period with altimetry-derived GMSL trend adjustment has been included in the
Appendix (A.3).

3.6.3 A simplified approximation of the wind stress curl proxy

In the preceding section, a linear Rossby wave model providing wind stress curl-driven SLAs over
the tropical Pacific serves as an integral component of the main set of MLR experiments. Another
set of experiments using wind stress curl as the main predictor was conducted, but with the Rossby

wave model omitted and the variable wind stress curl serving instead as the dominant predictor.

The proxy in this case was identified as temporally leading and remotely located wind stress curl
anomalies eastwards of the individual study sites in the central/central-eastern Pacific basin. The
lag period for wind stress curl anomalies to manifest into local sea levels was approximated as 6
months, based on correlations performed between the two variables at varying lags. A proxy box
was selected as the area having highest correlation along similar latitudes as the study sites, as shown
in Figure 3.9 - a (listed in Table 3.4). The rest of the predictors — halosteric sea level (upper 700 m),
zonal and meridional wind stress, and SST, were selected the same way as before (Section 3.6.2).
As in the earlier experiments, the regressors were passed into a stepwise regression function to
extract the statistically significant predictors (95% confidence interval) and used to compute a

multiple linear regression fit.

This approximation method was tested only with ORA-S4 predictand sea levels, as there is a
consistency between the reanalysis and the ERA-Interim regressor fields (Section 3.4.2.3). With tide
gauge sea levels, the approximation is more likely to be compromised more due to inherent

gaps/errors/bias in the predictand, preventing an accurate measure of model skill.

It was anticipated that wind stress curl per se would be less efficient as a predictor, as the various
combined processes (e.g. Ekman transport/pumping, isopycnal heaving, Rossby waves, upwelling)
associated with a westward wind-driven propagation along the equatorial band that are well
captured in a Rossby wave model would now be reduced to a single approximation converting
wind stress curl to sea level anomalies. However, the final set of experiments presented here are
directed towards investigating if, and the extent to which wind stress curl fields can be used to

deduce usable information on low frequency thermosteric sea level variations.

With a good estimate, the approach can be a helpful tool in community-based projects where

technical expertise and accessibility to a Rossby wave model may be scarce.
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Figure 3.9: 2-D correlation maps for selecting proxy boxes for the MLR experiment using the simplified
approximation of the wind stress curl proxy for Suva (ORA-S4) over 1988-2014 (undetrended). The top maps (a)
show correlation between island sea-level and the 6-month leading wind stress curl field and the bottom maps
show correlation between the residual and halosteric (b), T (c), Ty (d), and SST (e) field at 0-month lag. The outlines
mark the proxy box bounds, and the study site is marked by a black dot.

3.7 Stationarity test

The ultimate aim of developing a statistical downscaling model of this type is to be able to apply it
to future projections of sea level and obtain information utilizable on local scales. Thus, the MLR
models developed were tested for stationarity, 1.e. could a model calibrated over one period be

successfully applied to another period?

Since the study focuses on interannual-to-decadal scale variability, at least two decades of data were
needed to successfully perform the stationarity test. Hence, the test only covers the main wind stress
curl dominated (Section 3.6.2) and the simplified approximation method MLR experiments
(Section 3.6.3). To conduct the test, an MLR model equation was calibrated over the first half (Aug
1988-Jul 2001) of the predictand dataset using the same set of predictors as the original model (i.e.
stepwise regression excluded) and applied to the second half (Aug 2001 — Jul 2014).
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. Proxy box bounds (longitude, latitude)
e curl, T halosteric SLA T Ty SST
ORA-S4 - detrended

Suva 204, 210, -18, -15 171, 176, -20, -17 170, 175, -18, -16 179, 182, -22, -17 179, 183, -24, -21
Lautoka 205, 213, -19, -16 170, 176, -21, -17 172,175, -18, -17 180, 183, -22, -17 179, 183, -24, -21
Nouméa 181, 189, -23, -20 159, 162, -26, -24 160, 164, -16, -14 167, 170, -25, -21 169, 172, -26, -23

ORA-S4 - undetrended

Suva 203, 208, -15, -18 171,176, -21,-19 171,174, -18, -16 179, 182, -22, -17 179, 183, -24, -21
Lautoka 205, 213, -19, -17 170, 176, -21, -19 172,175, -19, -16 179, 182, -22, -17 178, 183, -24, -21
Nouméa 181, 189, -23, -20 159, 162, -26, -24 160, 166, -16, -14 168, 173, -24, -21 167, 174, -26, -23

Table 3.4: Proxy box bounds (longitude/latitude) for all regressors (wind stress curl, halosteric SLA, zonal and meridional wind stress, and SST) for the MLR experiments using the
simplified approximation of the wind stress curl proxy over 1988-2014.
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The simulated sea level time series was compared to the predictand and to the original MLR
modeled time series over the common period (second half). The test was also repeated in the
opposite direction, i.e. computing an MLR model fit over the second half of the predictand dataset
(Aug 2001 — Jul 2014) and applying it over the first half (Aug 1988-Jul 2001).

3.8 Summary

The thesis methodology is based on expressing island sea level variations at the study sites as a
multiple linear regression of selected atmospheric and oceanic variables. The study period was 1988
to 2014, with a focus on interannual-to-decadal sea level variability and trend over this time. A
stepwise regression function allowing the selection of statistically significant regressors was an

integral part of the MLR model construction.

The predictand sea levels were taken from both the ORA-S4 reanalysis and tide gauge records,
and predictor datasets were taken from GRACE (ocean mass), ERA-Interim atmospheric
reanalysis, and ORA-S4 ocean reanalysis. In the preliminary set of MLR experiments conducted
over a shorter 2003-2014 period (limited duration of ocean mass data), sea levels were first modeled
as a sum of the thermosteric, halosteric, and mass components. A more dynamical approach was
then undertaken, whereby wind stress curl was taken as a proxy for the dominant thermosteric
component of sea level, and the rest of the regressors represented local effects. A Rossby wave model
was employed to model the low-frequency thermosteric response of the tropical ocean to wind stress
curl anomalies. In this main set of MLR experiments, the wind-forced thermosteric sea level change
represented the leading regional regressor, while the minor, local regressors were represented by
the halosteric component, wind stress vectors, and SSTs for freshwater fluxes, wind set-up, and
surface heat fluxes respectively. Selection of the proxy boxes for the regressor time series was based
on correlation maps and a stepwise regression function was used to isolate the final set of statistically
significant regressors for the MLR model. An additional set of simplified, approximation method
MLR experiments were also tested using the dynamical approach, but with the Rossby wave model

omitted.

Finally, a stationarity test was employed to assess the MLR model’s applicability to future
projections of island sea level, whereby the model’s performance was tested over periods other than

which it had been calibrated over.
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4. Evaluation of ORA-S4 steric fields — a site adapted approach

Steric SLA fields, particularly the thermosteric, constitute a key part of the MLR models in focus.
For this study, steric sea level fields were extracted from the ORA-S4 reanalysis product.

This chapter evaluates ORA-S4 as a suitable reanalysis product for the study region and pre-

assesses the site-specific steric sea level time series for construction of the MLR models.

In the first section, ORA-S4 steric sea levels (thermosteric, halosteric, total steric) are evaluated
against a reanalysis ensemble, ORA-IP. The second section examines how steric variations in the
upper and deep ocean layers compare in reflecting island sea level variations, corroborating the
depth range used in the MLR analysis. The third and final section investigates covariance between
the upper ocean local thermosteric and halosteric components, which is noted while extracting the

steric regressors for the MLR models.

4.1 Evaluation of ORA-S4 steric sea levels against a reanalyses ensemble

A widely used evaluation approach for a model or reanalysis product, in addition to comparison
with observations, is comparison against an ensemble of models designed for a common objective.
The ensemble method provides valuable perspective on uncertainties arising from the internal
specifics of modeling, such as boundary conditions, input fields, parametrizations, internal

variability, and overall model formulation (Flato et al. 2013).

The Ocean Reanalysis Intercomparison Project (ORA-IP) was a recent initiative to examine the
range of available ocean reanalysis products (26 in total), targeting to distinguish aspects that are
well represented and those which still have a high level of uncertainty (Balmaseda et al. 2015). The
project analyzed several key variables, such as ocean heat content, steric height, sea level, salinity,
and sea-ice, amongst others. Storto et al. 2015 evaluated steric sea level variability in the framework
of ORA-IP, investigating global and regional steric sea level changes in an ensemble of 16
reanalyses and 4 products based on objective analyses. ORA-S4 is included in ORA-IP, and Storto
et al. (2015) showed ORA-S4 to be amongst the products with a good representation of steric sea

level variability the tropics.

As an evaluation of ORA-S4 in the context of this study, steric sea levels for the sites Suva, Lautoka,
and Nouméa have been evaluated against the reanalysis ensemble mean and standard deviation

from Storto et al. 2015.

Ensemble mean steric datasets (thermosteric, halosteric, total steric) were accessed from the ORA-
IP database as monthly means at a 1° x 1° horizontal resolution (Balmaseda et al. 2015; ICDC
2015; Storto et al. 2015). The data was extracted for two depth ranges: 0-700 m and 0 m — bottom
(~3000 — 4000 m). Site-specific steric time series from the global dataset were extracted at grid
points closest to the study sites (Chapter 4 — Table 4.1).
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Figure 4.1: Island ORA-54 steric sea-levels vs. the ORA-IP ensemble mean at interannual-to-decadal timescales over
1993-2009 (including trend). ORA-S4 steric time series are shown as black lines, ensemble means are shown as blue
lines, and shaded region marks upper and lower bounds (standard deviation of the ORA-IP model ensemble). Depth
ranges are 0-700 m (left) and 0-bottom (right).

The comparison provided below covers the period 1993-2009, with time series at interannual-to-

decadal timescales, including the trend (Chapter 3 - Section 3.2).

Figures 4.1, 4.2, and 4.3 illustrate the ORA-IP ensemble mean and ORA-S4 steric, thermosteric,
and halosteric sea level time series respectively for each of the study sites. Two depth ranges are
shown — 0-700 m and 0 m — bottom, with upper/lower bounds marked as one standard deviation
above/below the ensemble mean. Table 4.1 shows the correlation coefficients between the ORA-
S4 and the ensemble mean time series, and the ratio of standard deviations of the two. Trends of

the different steric components at the two depths are shown in Table 4.2.

Local ORA-S4 steric sea levels exhibit very high correlation with the ensemble means, and are
largely within the upper and lower bounds of the ensemble spread (Figure 4.1, Table 4.1). High

interannual variability is distinct in the time series, as shown in previous studies on steric sea level
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Figure 4.2: Island ORA-S4 thermosteric sea-levels vs. the ORA-IP ensemble mean at interannual-to-decadal
timescales over 1993-2009 (including trend). ORA-S4 thermosteric time series are shown as black lines, ensemble
means are shown as red lines, and shaded region marks upper and lower bounds. Depth ranges are 0-700 m (left)

and 0-bottom (right).

variability in the Pacific region (e.g. Piecuch and Ponte 2011; Church et al. 2013; Fukumori and
Wang 2013; Forget and Ponte 2015; Storto et al. 2015). Rising trends are visible in the Suva and
Lautoka time series (T'able 4.2). The interannual variability patterns in the upper 700 m and the
entire ocean column are very similar (compare right and left panels in Figure 4.1), and are largely
dominated by ENSO events. The time series also span a common anomaly range at the two
different depths, indicating that the upper ocean is largely representative of steric sea level
variability in the region (Becker et al. 2012; Stammer et al. 2013; Han et al. 2014; Palanisamy et
al. 2015a; Storto et al. 2015). In terms of the standard deviation ratio of ORA- S4 to the ensemble
mean, all values exceed 1 (range = 1.21-1.43), with higher values for 0 m — bottom (Table 4.1).
Thus, ORA-S4 has a larger interannual variability than the ORA-IP ensemble mean.

The island thermosteric sea level time series are shown in Figure 4.2. Thermosteric time series bear

close resemblance to the steric time series seen in Figure 4.1. The variability pattern exhibited by
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Figure 4.3: Island ORA-S4 halosteric sea-levels vs. the ORA-IP ensemble mean at interannual-to-decadal timescales
over 1993-2009 (including trend). ORA-S4 halosteric time series are shown as black lines, ensemble means are
shown as green lines, and shaded region marks upper and lower bounds. Depth ranges are 0-700 m (left) and 0-
bottom (right).

the thermosteric sea level is very similar to the steric, with little difference between the upper ocean
(0- 700 m) and the entire ocean column (0 m - bottom). The thermosteric time series have a slightly
lower amplitude than the steric, while the correlation coeflicients between ORA-S4 and the
ensemble, standard deviation ratios, and apparent rising trend (Suva and Lautoka) are highly
comparable to the steric series (T'able 4.1). The similarity between the two indicates that steric
variability is largely dominated by the thermosteric component in the region, as demonstrated in
earlier studies (e.g. Lombard et al. 2005; 2009; Levitus et al. 2005; 2012; Meyssignac and Cazenave
2012; Gregory and Lowe 2000; Church et al. 2013; Fukumori and Wang 2013; Stammer et al.
2013).

Figure 4.3 shows the island halosteric time series from ORA-S4 and the ensemble mean. The range
of halosteric anomaly variations is distinctively lower (~ -50-50 mm) in comparison to the steric and
thermosteric components (~ -100-100 mm). In addition, interannual-to-decadal variability is

notably lesser.
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0-700 m 0 m - bottom
Site
r OORA-54/ Oens, r OORA-54/ Oens,
Steric SLA

Suva 0.96 1.27 0.93 1.38
Lautoka 0.97 1.32 0.96 1.43
Nouméa 0.94 1.21 0.94 1.27

Thermosteric SLA

Suva 0.94 1.30 0.90 1.40
Lautoka 0.95 1.29 0.92 1.40
Nouméa 0.90 1.38 0.89 1.47

Halosteric SLA

Suva 0.87 1.66 0.87 1.67
Lautoka 0.85 1.88 0.87 1.87
Nouméa 0.85 2.56 0.84 2.68

Table 4.1: Correlation coefficient (r) between island steric, thermosteric, and halosteric sea-levels from ORA-54 and
ORA-IP reanalysis ensemble mean, and ratio of standard deviations of ORA-S4 time series to the ensemble mean
(Oora-s4/Tens) at interannual-to-decadal timescales over 1993-2009 (including trend). Depth ranges are 0-700 m and
0 m — bottom. Correlation coefficients are significant at the 95% level.

The halosteric sea level trends for Suva and Lautoka are much smaller (2.0-2.5 mm/yr) compared
to the steric/thermosteric (3.1-5.9 mm/yr) (Table 4.2) and are not so apparent in the time series
(compare Figures 4.1, 4.2 and Figure 4.3). For Nouméa, however, there 1s visible rising trend that
surpasses the steric and thermosteric counterparts (Figure 4.3, Table 4.2). Correlation between
ORA-S4 and the ensemble mean is high (avg. = 0.86), but lower compared to the steric and
thermosteric sea levels (avg. = 0.94) (T'able 4.1). The standard deviation ratios of ORA-S4 to the
ensemble mean halosteric components are above 1, and are overall higher than the
steric/thermosteric counterparts. The ratio values for Nouméa are the highest (> 2.5), indicating a
markedly larger halosteric component in ORA-S4 relative to the ensemble mean. The halosteric
sea level metrics are concurrent with observations of greater uncertainty (larger spread) in salinity
variations amongst reanalysis products, as found in earlier studies (Lee et al. 2009; Balmaseda et al.
2015; Storto et al. 2015).

Another important observation from the steric variability time series (total, thermosteric, halosteric)
is opposite phasing between Nouméa and Fiji (Suva, Lautoka), indicating that the two lie in different
domains of the effective climate modes (e.g. ENSO, IPO/PDO). Indeed, in several sea level
variability studies covering the western Pacific, New Caledonia can be seen positioned at the
peripheries of the modes acting on Fiji (e.g. Wang et al. 2000; Lee and Fukumori 2003; Sasaki et
al. 2008; Ganachaud et al. 2011; Forget and Ponte 2015).
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Trend (mm/yr)
Site 0—700m 0 m - bottom
ensemble mean ORA-S4 ensemble mean ORA-S4
Steric SLA
Suva 45+0.2 5.6%0.3 3.8+0.2 5.3+0.3
Lautoka 4.7+0.2 59+0.3 4.1£0.2 5.6%+0.3
Nouméa 0.6 £ 0.03 1.7+ 0.1 0.5+ 0.03 1.7+ 0.1

Thermosteric SLA

Suva 29+0.1 3.1+£0.2 2.2+0.1 2.7+0.1
Lautoka 3.4+0.2 3.9+0.2 2.8+0.1 3.3+0.2
Nouméa -0.6 £ 0.03 -1.7£0.1 -0.8 £ 0.04 -1.7£0.1

Halosteric SLA

Suva 1.6 £ 0.1 2.5%0.1 1.6 £ 0.1 2.7+0.1
Lautoka 1.3+ 0.1 2.0%0.1 1.4 £0.1 24 +0.1
Nouméa 1.2+ 0.1 3.1£0.2 1.3+ 0.1 3.1£0.2

Table 4.2: Trends of island steric, thermosteric, and halosteric sea-levels from ORA-S4 and ORA-IP reanalysis
ensemble mean over 1993-2009. Note that the uncertainty values are not the standard deviations, but the formal
error of the trend computation. Depth ranges are 0-700 m and 0 m — bottom.

In summary, the steric sea level time series shown in Figure 4.1 can be perceived as a composite of
the thermosteric and halosteric components (Figures 4.2, 4.3), dominated by the former in the
region. Interannual-to-decadal steric sea level variability (total, thermosteric, halosteric) in ORA-
S4 has high correlation with the ensemble mean, exhibiting robustness in the reanalysis product.
While the amplitude of variability is generally higher in ORA-S4 with respect to the ensemble
mean, it is still largely within the ensemble spread. Such discrepancies are more pronounced with

the halosteric sea level, where the inter-reanalyses spreads are the highest.

4.2 Steric sea level depth — Upper 700 m vs. the deeper ocean

Regional sea level variations essentially reflect those of the upper ocean. The Pacific Ocean steric
sea level is modulated largely by natural internal variability on interannual-to-decadal/multi-
decadal timescales, which influences the thermal structure of the upper oceans in most regions
(Wang et al. 2000; Qiu and Chen 2006; Timmerman et al. 2010; McGregor et al. 2012; Forget
and Ponte 2015; Nieves et al. 2017). While the upper ocean has dominated ocean heat uptake over
the recent decades, there are observations of warming extending into the deeper oceans as well
(Johnson et al. 2007; Domingues et al. 2008; Lyman et al. 2010; Church et al. 2013, Durack et al.
20145 2018).
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In this section, the contribution of the upper and deeper ocean steric components (total,
thermosteric, halosteric) on island sea levels are analyzed. The representative upper ocean is taken
as the top 700 m of the water column, as in several earlier sea level studies (e.g. Domingues et al.
2008; Sriver et al. 2012; Becker et al. 2012; Han et al. 2014; Palanisamy et al. 2015a), and the
deeper ocean as 700 m to the ocean bottom. The analysis is performed on ORA-S4-derived steric
sea levels (Chapter 3 — Section 3.4.2.3) and covers the 1988-2014 study period.

In consistency with the proxy box approach used in the MLR methodology, site-specific steric time
series have been extracted based on highest correlation between island sea level and the total steric
component (Figure 4.4). The boxes were selected using the total steric sea level only, and kept

constant for extracting the thermosteric and halosteric time series.
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Figure 4.4: 2-D correlation maps between island sea levels and the steric sea level fields for selecting proxy boxes.
The outlines mark the proxy box bounds, and the study site is marked by a black dot.

The upper and deep ocean steric, thermosteric, and halosteric time series for the study sites are
shown in Figures 4.5, 4.6, and 4.7 respectively. Correlation between island sea levels and the steric

components, plus the percentage variance represented by each are provided in Table 4.3.

The island sea levels and upper 700 m steric components bear close resemblance to each other
(avg. r = 0.95), with the latter capturing up to 90% of the variance in sea level (Figure 4.5, Table
4.3). The contribution of the deeper ocean steric component to island sea level variations is
negligible for the Fiji sites (avg. r = 0.06, Rz = 0.7-3%). For Nouméa, the correlation is higher (r =

0.30), accounting for about 7% of the variance.

The upper ocean thermosteric component compares closely with the steric, displaying high
correlation with island sea level (avg. r = 0.91) and explaining majority of the variance (76-86%)
(Figure 4.6, Table 4.3). The metrics are slightly lower in comparison with those for the steric. The
deeper ocean thermosteric component has little comparison with the island sea levels at Fiji (avg. r
= 0.08, R2 < 1%), as seen for the steric component. The values for Nouméa are higher, with a
moderate correlation coeflicient of 0.48 and about 10% of the variance explained by the 700 m —
bottom thermosteric component. This is most likely because Nouméa is located further South,

where the thermocline is deeper and baroclinity weaker in comparison.
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Figure 4.5: Island sea-level time series (ORA-S4) vs. ORA-S4 steric component in the upper (700 m) and deeper
oceans (700 m — bottom) at interannual-to-decadal timescales over 1988-2014 (including trend). Sea-levels are
shown as blue lines, upper 700 m steric component as magenta lines, and 700 m-bottom steric component as

turquoise lines.

The upper ocean halosteric components exhibit low correlation (avg. r = 0.25) with the island sea
levels and account for a small part of the variance (13-17%) (Figure 4.7, Table 4.3). The 700 m-
bottom halosteric components exhibit weak correlations with sea level variations at all three sites.
Thus, the low-to-modest scale modulating effect of the halosteric component on island sea level

variations in the western Pacific 1s mainly confined to the upper ocean.

The results in this section illustrate that island sea level variations in the study area are dominated
by the upper ocean thermosteric component, consistent with earlier research findings. The upper
700 m can thus be taken as a representative depth for the MLR analysis in this study, while having

an estimate of the variance left out by not including the deeper ocean layers.
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Figure 4.6: Island sea-level time series (ORA-S4) vs. ORA-S4 thermosteric
component in the upper (700 m) and deeper oceans (700 m — bottom) at
interannual-to-decadal timescales over 1988-2014 (including trend). Sea-
levels are shown as blue lines, upper 700 m thermosteric component as red
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Figure 4.7: Island sea-level time series (ORA-S4) vs. ORA-S4 halosteric

component in the upper (700 m) and deeper oceans (700 m — bottom) at

interannual-to-decadal timescales over 1988-2014 (including trend). Sea-

levels are shown as blue lines, upper 700 m halosteric component as green

lines, and 700 m-bottom halosteric component as turquoise lines.
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0-700 m 700 m - bottom
Site
r R2 (%) r R2 (%)
Steric SLA

Suva 0.95 90.0 0.08 0.7
Lautoka 0.95 89.7 0.03 2.9
Nouméa 0.94 87.4 0.30 7.1

Thermosteric SLA

Suva 0.92 84.5 0.09 0.8
Lautoka 0.93 86.0 0.06 0.2
Nouméa 0.87 76.0 0.48 9.7

Halosteric SLA

Suva 0.24 14.5 0.05 0.2
Lautoka 0.28 17.1 0.15 2.4
Nouméa 0.22 13.3 0.10 2.0

Table 4.3: Correlation coefficient (r) between island sea-levels (ORA-S4) and ORA-S4 steric, thermosteric, and
halosteric components in the upper (700 m) and deeper oceans (700 m — bottom), and percentage variance (R?)
explained by each at interannual-to-decadal timescales over 1988-2014 (including trend). Correlation coefficients
are significant at the 95% level.

4.3 Covariance between the thermosteric and halosteric sea levels

The thermosteric (or its proxy) and halosteric sea levels are key predictors in the MLR models for
island sea levels. The behavior of the thermosteric and halosteric components in relation to each
other is governed largely by isopycnal motion, mixed layer contributions, and ocean spiciness, with
the halosteric component compensating the thermosteric in some regions (Levitus et al. 2005; Ishii
et al. 2006; Kohl 2014; Forget and Ponte 2015; Meyssignac et al. 2017). Being affected by the same
climate modes on interannual-to-decadal timescales, the two may share correlating patterns to
some extent. In this section, the degree of correlation between the upper 700 m thermosteric and
halosteric components introduced in the preceding section is investigated over the 1988-2014 study

period.

Figure 4.8 shows the thermosteric and halosteric component time series for the study sites.

Correlation coeflicients between the two are provided in Table 4.4.

The halosteric sea levels exhibit little variation on interannual timescales, and apart from some
lagged similarities during pronounced variability in the thermosteric component corresponding to
notable ENSO events (e.g.1988-99, 2009-10, 2011-12), no consistent relationship is apparent
between the two (Figure 4.8). The correlation coeflicients between the two components are low (=
0.3).
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Figure 4.8: Time series of island thermosteric and halosteric sea-levels in the upper 700 m at interannual-to-decadal
timescales over 1988-2014 (including trend). The thermosteric component is shown as red lines, halosteric
component as green lines, and the local sea-level as dotted blue lines.

Site r

Suva 0.26
Lautoka 0.29
Nouméa 0.31

Table 4.4: Correlation coefficient (r) between the thermosteric and halosteric sea-levels in the upper 700 m at
interannual-to-decadal timescales over 1988-2014 (including trend). Correlation coefficients are significant at the

95% level.

Note that for the MLR analysis, unlike in this section, the thermosteric and halosteric regressors
are not extracted from the same proxy boxes — the variance represented by the dominant regressor
is removed from the island sea level before selecting the halosteric predictor in attempts to minimize
cross-correlations (Chapter 3 — Section 3.6). Thus, the correlation between the thermosteric and

halosteric regressors used in the MLR models may be slightly different.
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4.4 Summary

Based on comparisons with the ocean reanalyses ensemble, ORA-IP, steric sea levels from the
ORA-S4 reanalysis have high agreement with the ensemble mean at the study sites. While the
amplitude of steric sea level variability is generally higher in ORA-S4 relative to the ensemble
mean, it remains largely within the ensemble spread. Discrepancies between ORA-S4 and the
ensemble steric sea levels are more apparent in the halosteric component, where the inter-
reanalyses spreads are the largest. The majority of steric sea level variations are confined to the
upper ocean, thus the upper 700 m can be taken a representative depth for the MLR analysis (as
in many other studies). Furthermore, while some degree of covariance can indeed be expected
between the thermosteric and halosteric components, correlation between the two at the study sites

is generally quite weak.

Overall, steric sea level variability at the study sites is dominated by the thermosteric component,

and ORA-54 is indeed a suitable reanalysis product for the MLR analysis.
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5. Results

This chapter presents the results of the MLR experiments described in Chapter 4. The MLR results
have been published in an article in the Journal of Geophysical Research: Oceans and are transcribed

hereafter with more details. The original article can be found in Annex 1.

The results chapter begins with sea level anomaly time series from n situ, altimetry, and reanalysis
data for the study sites. Their trends are then analyzed and compared. The focus MLR results are
presented next — preliminary steric plus mass MLR models, main wind stress curl-dominated
models, and the simplified approximation method models. The models are evaluated via
comparisons between the modeled and predictand sea level time series (correlations, percentage
variance explained, trends). Equations of the calibrated MLR models are also analyzed to
understand the roles of individual predictor variables and compared with existing knowledge to
obtain insight into related model skills or limitations. The chapter concludes with results of the

stationarity test for the calibrated models.

Additional figures and tables supplementing the results provided here have been included in the

Appendix, and made reference to where relevant.

5.1 Island sea level time series

Sea level time series for the study sites from tide gauges (1988-2014), altimetry (1993-2014), and
ORA-S4 (1988-2014) on interannual timescales are shown in Figure 5.1 and trends provided in
Table 5.1. Correlation coeflicients between the different datasets over common periods are shown
in Table 5.2.

The altimetry and ORA-S4 sea level time series have high correlation with each other (r = 0.93-
0.96) and show very similar trends over the 1993-2014 period (Figure 5.1, Tables 5.1, 5.2). This is
expected as the ORA-S4 reanalysis assimilates altimetric data (Chapter 3 - Section 3.4.2.3). The
tide gauge time series are generally similar to altimetry and ORA-S4, but exhibit discrepancies at
times as a result of vertical land motion described earlier in Chapter 3 — Section 3.3, and other
possible bias (e.g. instrumental error) (Aucan et al. 2017; Morner and Klein 2017). Inconsistencies
are visible between the tide gauge sea levels and altimetry/ ORA-S4 at Suva during 1988-94, 1997-
99, and 2011 onwards, and at Nouméa during 1989-97; these are likely due to site specific
subsidence or uplift, or relocation of the tide gauge (Aucan et al. 2017; Moérner and Klein 2017).

In terms of the study sites, Suva and Lautoka display rising trends, which are more pronounced
over the 2nd half of the study period (Figure 5.1). Over both the 1988-2014 and 1993-2014 periods,
the tide gauge trends for Suva (6.8 mm/yr, 8.5 mm/yr respectively; relative sea level) are notably
higher than those in ORA-S4 (4.1 mm/yr, 6.1 mm/yr) and altimetry (6.1 mm/yr) (absolute sea

level), suggesting subsidence at the site.
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Figure 5.1: Interannual sea-level time series at Suva (top panel), Lautoka (middle panel) and Nouméa (bottom panel)
over the 1988-2014 period. Blue lines represent tide gauges, green lines represent ORA-S4, and magenta shows

altimetry time series.

The Lautoka tide gauge trend over the 1993-2014 period (5.5. mm/yr), which overlaps with Suva,
matches ORA-S4 (5.8 mm/yr) and altimetry (5.5 mm/yr). However, the trend from the Suva tide
gauge 13 much higher than that for Lautoka, and the difference (3 mm/yr) is beyond what would
generally be expected from ocean dynamics given the proximity of the two sites. The anomalous
trend from the Suva tide gauge is consistent with a high likelihood of sediment-compaction
subsidence at the site, which results in a slow relative sea level rise over time (Moérner and Klein

2017).

While spanning a shorter period (1993-2014), the Lautoka tide gauge sea levels are highly consistent
with ORA-S4 and altimetry (Tables 5.1, 5.2), demonstrating a record more reliable than Suva’s.
Unlike the assertions in Morner and Klein 2017, no strong indication of subsidence is visible at

Lautoka from the current analysis; the relative and absolute sea level (altimetry) trends are the same
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Trend (mm/yr)
Site Tide gauge ORA-54 altimetry
1988-2014 1993-2014 1988-2014 1993-2014 1993-2014
Suva 6.8+0.3 85+0.4 4.1%0.2 6.1£0.3 6.1£0.3
Lautoka* - 55%0.3 39102 5.8+0.3 55%0.3
Nouméa 0.6 £ 0.03 25+%0.1 2.8+0.1 4.2+0.2 4.1x0.2

Table 5.1: Sea-level trends (mm/yr) from tide gauge, ORA-S4 and altimetry at Suva, Lautoka and Nouméa over the
1988-2014 and 1993-2014 periods.

*Note that the Lautoka tide gauge covers the period 1993-2014 only.

r
Site 1988-2014 1993-2014
ORA-S4 - TG ORA-S4 - TG ORA-54 - TG - altimetry
altimetry
Suva 0.88 0.91 0.96 0.94
Lautoka - 0.94 0.96 0.97
Nouméa 0.77 0.84 0.93 0.89

Table 5.2: Correlation coefficient (r) between tide gauge, ORA-S4, and altimetry sea-level time series for Suva,
Lautoka and Nouméa over the 1988-2014 and 1993-2014 periods.

Correlation coefficients are significant at the 95% level.

"Note that the Lautoka tide gauge covers the period 1993-2014 only.

over the common 1993-2014 period (5.5 mm/yr), and the ORA-S4 trend is only slightly higher
(5.8 mm.yr). Lautoka exbibits a gradual, positive trend over the 1989-2014 period (3.9 mm/yr),
which increases markedly during 1993-2014 (5.5-5.8 mm/yr). Indeed, the western tropical Pacific
has observed amongst the highest rates of sea level rise across the globe over recent decades, which
have been attributed to natural internal variability modes in the Pacific basin acting on decadal-to-
multidecadal timescales (Meyssignac et al. 2012; Palanisamy et al. 2015a; Palanisamy et al. 2015b)
(Chapter 2 - Section 2.1.6).

Sea levels at Nouméa exhibit a gradual rise, which are lower in comparison to the Fiji sites (Figure
5.1, Table 5.1). However, there are large discrepancies between the tide gauge and ORA-
S4/altimetry sea level trends over both periods, suggesting effects of vertical land motion in the
former (Tables 5.1, 5.2). Over the 1988-2014 period, the Nouméa tide gauge shows a low trend of
0.6 mm/yr while ORA-S4 shows a notably higher 2.8 mm/yr. Similarly, over the 1993-2014
period, the tide gauge trend (2.5 mm/yr) is much lower than the complementary ORA-S4 and
altimetry trends (4.1-4.2 mm/yr). The discrepancy is reflected in the correlation coeflicients as well,
where correlation between tide gauge sea levels and ORA-S4/altimetry is relatively lower (Table

5.2). The difference between the ORA-S4/altimetry sea levels and the tide gauge record is likely
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due to uplift at the Nouméa site, resulting in a lower relative sea-level rise rate. Indeed, according
to Aucan et al. 2017, who compiled the merged Nouméa tide gauge record, uplift rates of 1.3-1.4
mm/yr over most of the duration of the record can be inferred via comparisons with satellite
altimetry and global sea-level reconstructions. Adjusting for vertical land motion based on these
values would raise the tide gauge trend to ~3.9mm/yr, which is close to the trends from ORA-S4

and altimetry.

5.2 MLR results

Results for each of the MLR experiments are presented in the form of: (1) predictand and MLR
modeled sea level time series, (2) correlation coeflicient between the two and the percentage
variance explained by modeled time series, (3) predictand and modeled sea level trends, and (4)

MLR model equations.

For the preliminary set of MLR experiments, additional regressor time series, and correlation
coeflicients between the individual regressors and the predictand, plus percentage variance
explained by each are shown to illustrate the predictor skills of the steric and mass components.

The same metrics for the rest of the MLR experiments are provided in the Appendix.

In the article published in the Journal of Geophysical Research: Oceans based on this thesis (Annex 1),
only MLR experiments conducted with ORA-S4 predictands are presented. In the following
sections, the experiments performed with tide gauge predictands are included. Also, the simplified
approximation method MLR experiments (Section 5.2.3) mentioned in the article are presented in
detail. Similarly, while the stationarity test was shown for only one of the MLR experiments in the

article, it is presented for all experiments covering the 1988-2014 period in Section 5.3.

5.2.1 Preliminary steric plus mass MLR models (2003-2014)
5.2.1.1 Steric plus mass regressor time series

The aim of this section 1s to illustrate the respective contributions of the steric and mass components
to sea level variability before proceeding to the preliminary MLR results over the 2003-2014 period.
Regressor time series, 1.e. the thermosteric, halosteric and mass components that were linearly
regressed on the predictand (i.e. &; P; (fi,yi, t— ti) from Chapter 3 — Equation 3.1), together with
the predictand time series (ORA-S4 and tide gauges) are shown in Figures 5.2 and 5.3 for the

detrended and undetrended sets respectively.

Note that the linearly regressed steric time series shown here illustrate how the thermosteric and
halosteric components are represented in the calibrated MLR model, hence they are not identical

to those in the preceding chapter (Chapter 4 — Sections 4.2, 4.3).
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Figure 5.2: Regressor and predictand time series at interannual-to-decadal timescales for the steric plus mass MLR
experiments (detrended) over 2003-2014. The thermosteric components are shown as orange lines, halosteric
components as turquoise lines, mass change as red lines, and the island sea levels (predictand) as blue lines.

Correlation coefficients between the steric/mass regressors and the predictand sea levels, and the
percentage variance explained by each is shown in Table 5.3. In addition, the MLR equations,

which encompass the stepwise regression function outputs, are provided in Table 5.4.

The thermosteric component distinctly dominates interannual-to-decadal island sea level variability
(Figures 5.2, 5.3), exhibiting very high correlation with the latter (r = 0.89-0.98) and reproducing
the majority of the variance (R2 = 79-97%) (Table 5.3). In the undetrended time series, the
thermosteric component also captures the island sea level trend (Figure 5.3). Given the prevalence
of the thermosteric signal in the predictand, it was selected as the prime regressor in the stepwise
function throughout. The results obtained here are congruent with previous studies, which showed
that thermosteric effects dominate island sea level variability in the western Pacific region
(Meyssignac et al. 2012; Meyssignac and Cazenave 2012; Fukumori and Wang 2013; Stammer et
al. 2013; Storto et al. 2015).
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Figure 5.3: Regressor and predictand time series at interannual-to-decadal timescales for the steric plus mass MLR
experiments (undetrended) over 2003-2014. The thermosteric components are shown as orange lines, halosteric
components as turquoise lines, mass change as red lines, and the island sea levels (predictand) as blue lines.

The regressed halosteric component, on the other hand, shows low correlation with island sea level
(r=0.17-0.26) and explains a very small percentage of the total variance (0.6-6%) (Figures 5.2, 5.3,
Table 5.3). While the amplitude of the actual halosteric sea level is higher (Chapter 4 — Sections
4.2, 4.3), in the MLR model, these values represent the part of halosteric variability statistically
independent from the thermosteric and significant to island sea level variability as a regressor (note
the covariance of the thermosteric and halosteric components — Chapter 4, Section 4.3).
Nonetheless, the halosteric component was selected as a significant regressor in all the experiments
(both detrended and undetrended — Table 5.4).

In the MLR equations, the respective proportions of individual regressors can be interpreted in
terms of the coeflicients, which represent how the input regressor has been scaled to fit the model.
Consider the steric sea level, which is the sum of the thermosteric and halosteric components — the
corresponding regression coeflicient for each component can be explained from a physical

perspective.
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. thermosteric SLA halosteric SLA mass change
e r R2 (%) r R2 (%) r R2 (%)
ORA-54 - detrended
Suva 0.93 87.3 0.24 1.9 -0.15 0.3
Lautoka 0.92 84.9 0.24 2.9 -0.23 0.3
Nouméa 0.95 91.0 0.19 0.9 0.17 0.4
ORA-S4 - undetrended
Suva 0.95 89.9 0.26 3.4 0.53 1.9
Lautoka 0.94 88.0 0.25 1.7 0.45 2.0
Nouméa 0.97 94.6 0.23 5.9 0.66 1.9
Tide gauge - detrended
Suva 0.94 87.9 0.20 2.4 -0.22 0.3
Lautoka 0.98 95.6 0.18 2.1 -0.14 0.3
Nouméa 0.89 79.2 0.17 0.6 0.11 0.3
Tide gauge - undetrended
Suva 0.95 89.5 0.22 3.1 0.73 1.0
Lautoka 0.98 96.5 0.26 2.6 0.63 1.5
Nouméa 0.93 85.7 0.19 1.8 0.67 1.7

Table 5.3: Correlation coefficient (r) between the predictand and individual regressors (thermosteric SLA, halosteric
SLA, and mass change), and percentage variance (R?) explained by each for the steric plus mass MLR experiments
over 2003-2014.

Correlation coefficients are significant at the 95% level.

Note that since the regressors are not perfect and are potentially correlated (Chapter 4 — Section
4.3), the regression coefficients are not necessarily one. Consider the undetrended ORAS4
experiment for Suva, for example; the coeflicient value of 1.15 for the thermosteric component
means that the value of the input regressor is scaled up, while 0.5 for the halosteric means that only
half of the input regressor acts in the calibrated MLR model (T'able 5.4). This can also be perceived
in relation to the covariance between the two components, whereby the part of the halosteric sea
level that is correlated with the thermosteric is cumulated with the latter, and the remaining

independent portion pertaining to the predictand is taken as the regressor.

Of the three regressors considered in the preliminary experiments, however, the mass change
component has the smallest contribution (Figures 5.2, 5.3). The behavior of the mass component
is also different between the detrended and the undetrended series (Tables 5.3, 5.4). For example,
it exhibits a very low, insignificant correlation (r = -0.23-0.11) with island sea level in the detrended
experiments, capturing virtually zero of the total variance (< 0.5%). In the undetrended

experiments, correlation increases to medium range (r = 0.45-0.73), with the mass component

reproducing a low 1-2% of the island sea level variance (Table 5.3).
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Site Intercept Coeflicient
(constant) thermosteric halosteric mass
ORA-S4 - detrended
Suva 0.10 1.21 0.46 X
Lautoka 0.15 1.00 0.77 X
Nouméa -0.42 1.15 0.54 2.15
ORA-S4 - undetrended
Suva 29.6 1.15 0.50 0.75
Lautoka 29.6 1.06 0.93 1.28
Nouméa 19.9 1.12 0.53 0.43
Tide gauge - detrended
Suva 0.09 1.20 0.64 X
Lautoka 0.22 1.23 0.28 X
Nouméa -0.42 1.17 0.88 X
Tide gauge - undetrended
Suva 50.9 1.31 1.52 4.35
Lautoka 26.4 1.27 0.50 1.04
Nouméa 8.31 1.11 0.57 1.02

Table 5.4: Equations (regression coefficients) of the steric plus mass MLR models over 2003-2014 (see Chapter 3 -
Equation 3.1). x marks regressors not included in the MLR model, i.e. rejected in the stepwise regression.

It is interesting to note that mass was rejected in the stepwise regression in all except one of
detrended experiments (Nouméa ORA-S4), but selected as a significant regressor across all the
undetrended experiments (T'able 5.4). The case of the detrended Nouméa ORA-S4 experiment,
however, may not be very reliable as the coefficient value of the mass regressor — 2.15, 1s
questionable as it 1s highly implausible considering ocean mass change dynamics and distribution
(Bamba and Riva 2010; Spada et al. 2013). Given the limitation of stepwise regression that
regressors are selected based solely on statistical independence and significance to the predictand,
and not underlying knowledge of the physical processes at work (Chapter 3 — Section 3.1.2), the
selection and computed coeflicient of the mass change regressor might possibly be explained by
variance contribution to island sea level from the deeper ocean layers, below the upper 700 m
considered here. In the preceding chapter (Chapter 4 — Section 4.2), it was observed that the 700
m — bottom thermosteric component accounted for about 10% of the sea level variance at Noumeéa,
which was notably higher than for the Fiji sites. Although the Nouméa MLR experiment in this
particular case is with detrended sea level, the missing variance from the deeper ocean may have,
to some extent, matched that of the mass component, resulting in the selection of mass as a

significant regressor. In the undetrended experiments, the mass component time series displays a
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positive trend, concurrent with a higher correlation and percentage variance than in the detrended
case (Figure 5.3). The trend is 1.7 mm/yr, which is 55% of the GMSL trend over the 2003-2014
period (note that the mass change component here has been taken as the globally averaged time
series; Chapter 3 — Section 3.6.1). This is also very close to the estimated 1.4-1.6 mm/yr of sea level
rise in the western tropical Pacific from ice mass contribution over the last decade (Bamber and
Riva 2010). The selection of the mass change component as a significant regressor in all of the
undetrended experiments (Table 5.4) indicates that while contribution from mass is still relatively

small, it becomes increasingly important when sea level trends are considered.

5.2.1.2 Steric plus mass MLR models

The predictand and modeled sea level time series for the preliminary steric plus mass MLR
experiments are shown in Figures 5.4 (detrended) and 5.5 (undetrended). Correlation coeflicients
between the predictand and the MLLR modeled sea levels, and the percentage variance reproduced
by the model are shown in Table 5.5. Table 5.6 shows the trends of the predictand and modeled

time series for the undetrended experiments.

The MLR modeled sea level time series display high agreement with the predictand (Figures 5.4,
5.3). Correlation coefficients between the two are very high (r =2 0.93), with the model explaining a
very high 89-98% of the variance (Table 5.5). In addition, the models exhibit good skill in
reproducing the predictand sea level trends (0.3-0.4 mm/yr difference) (T'able 5.6). These results
not only show the efficiency of the MLR approach, but also corroborate thermosteric dominance

in island sea level from existing knowledge.

Inter comparison of the model equations (Table 5.4) provides useful insight into the calibration and
related skills/limitations of the approach. Since the regressor time series are anomalies relative to
the analysis period, 2003-2014, the intercept essentially denotes the difference between the
temporal mean over the two periods. So, for example, the intercept value of 29.6 for the Fiji sites
in the undetrended ORA-S4 experiments means that the modeled sea level over 2003-2014 was
about 29.6 mm higher than that for 1993-2012 on average (T'able 5.4).

Throughout the undetrended MLR experiments, unanimously positive intercept values indicate
rise in the mean island sea level relative to the 1993-2012 baseline, which is coherent with increasing
sea levels in the western Pacific over the recent decades. Notable differences exist between the
undetrended ORA-S4 and tide gauge intercepts in the MLR model equations calibrated for the
sites Suva and Noumeéa (Suva: ORA-S4 = 29.6, tide gauge = 50.9; Nouméa: ORA-S4 = 19.9, tide
gauge = 8.31) (Table 5.4), which are most likely due to the aforementioned subsidence and uplift
effects in the tide gauge records (Section 5.1). In the undetrended Lautoka ORA-S4 experiment,
the halosteric and mass regressor coeflicients are relatively high, and might be related to the MLR

function calibrating a best fit of the data rather than accounting for a physical mechanism.
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Figure 5.4: MLR modeled and predictand sea level time series at interannual-to-decadal timescales for the steric
plus mass MLR experiments (detrended) over 2003-2014. The modeled time series are shown as red line and the
predictand time series as blue lines.

A more comprehensive view of the MLR model can thus be obtained by not only evaluating its
ability to replicate the predictand, but investigating the calibration specifics (i.e. the regression
coeflicients). In this way, contribution of individual regressors to the model can be analyzed and

compared to existing knowledge as further verification of the MLR model.

These preliminary set of experiments have shown good overall performance of the MLR models
and have pinned down some inconsistencies related to biases in the predictand time series that need

to be taken into account when interpreting results.
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Figure 5.5: MLR modeled and predictand sea level time series at interannual-to-decadal timescales for the steric
plus mass MLR experiments (undetrended) over 2003-2014. The modeled time series are shown as red line and the
predictand time series as blue lines.
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ORA-S4 Tide gauge
Site
r R2 (%) r R2 (%)
Steric plus mass MLRs — Detrended (2003-2014)

Suva 0.94 89.0 0.96 91.2
Lautoka 0.96 93.0 0.98 96.7
Nouméa 0.98 96.0 0.93 86.7

Steric plus mass MLRs — Undetrended (2003-2014)

Suva 0.95 90.9 0.99 97.3
Lautoka 0.97 94.6 0.99 97.7
Nouméa 0.98 97.0 0.95 89.4

Wind stress curl dominated MLRs — Detrended (1988-2014)

Suva 0.92 85.2 0.84 70.8
Lautoka™ 0.91 82.7 0.89 78.4
Nouméa 0.89 79.5 0.89 79.3

Wind stress curl dominated MLRs — Undetrended (1988-2014)

Suva 0.93 85.6 0.90 80.2
Lautoka™ 0.90 80.5 0.88 76.9
Nouméa 0.89 79.6 0.86 73.9

Simplified approximation method MLRs — Detrended (1988-2014)

Suva 0.85 71.8 - -
Lautoka 0.87 76.6 - -
Nouméa 0.85 72.6 - -

Simplified approximation method MLRs — Undetrended (1988-2014)

Suva 0.86 73.9 - -
Lautoka 0.89 79.6 - -
Nouméa 0.84 71.1 - -

Table 5.5: Correlation coefficient (r) between the predictand (ORA-S4, tide gauges) and MLR modeled sea-levels,
and percentage variance (R?) explained by the MLR model for all experiments (simplified approximation method
MLR experiments conducted with ORA-S4 sea-levels only).

Correlation coefficients are significant at the 95% level.

"Note that the Lautoka tide gauge covers the period 1993-2014 only
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5.2.2 Wind stress curl (Rossby wave model) dominated MLR models (1988-2014)

In the previous section, it was seen that ocean mass change has a significant contribution to long-
term trends in island sea level but has a small contribution to the variability (compare results of the
detrended and undetrended series — Section 5.2.1). Thus, the main MLR experiments were
extended into the past, the 1988-2014 study period, without a mass regressor. Regarding future

scenarios, however, note that the mass contribution will be much higher as warming continues.

The main wind stress curl dominated MLR models take on a process and dynamics based
approach, combining wind stress curl as the prevailing regional driver of thermosteric sea level,

with the halosteric component, Ty, ty, and SST as local modulators.

The predictand and modeled island sea level time series are shown in Figures 5.6 (detrended) and
5.7 (undetrended). The model vs. predictand correlation coeflicients and percentage variances
explained are included in Table 5.5, and trends of the respective time series in Table 5.6. The
calibrated MLR equations are shown in Table 5.7. A supplementary table on correlation between
the predictand and individual potential regressors, together with the percentage variance
represented by each, corresponding to Table 5.3 (Section 5.2.1.1) for the preliminary experiments

is provided in Appendix A.2.

The modeled sea levels exhibit high similarity with the predictands, with comparable results
between the detrended and undetrended experiments (Figures 5.6, 5.7, Table 5.5). The MLR
modeled time series display slightly better skill when using ORA-S4 sea levels as predictands
compared to when tide gauge records are used (Table 5.5). This likely arises from consistency
between the predictand and regressor datasets; ERA-Interim fields are used to force ORA-S4 over
most of the study period (Chapter 3 — Section 3.4.2.3). For the ORA-S4 experiments, correlation
coeflicients between the predictand and the modeled sea levels range between 0.89-0.93, and the
model is able to explain approximately 82% of the variance on average. For the tide gauge based
MLR models, the correlation coeflicients range between 0.84-0.90, with an averaged variance of

approximately 77% explained by the model (Table 5.5).

In terms of trends (GMSL trend removed), the ORA-S4 Suva and Lautoka MLR modeled sea
levels are very close to the predictands (0.2 mm/yr difference) (Table 5.6). For Nouméa ORA-S4,
however, the difference is more pronounced (0.4 mm/yr difference). The Nouméa ORA-S4
correlation coeflicient and percentage variance explained are also slightly lower compared to the
Fiji sites (Table 5.5). This is most likely related to the location of the Nouméa site (22 °S) at a lower
latitude than Fiji (17- 18 °S), where the Rossby wave energy would be slightly lower, corresponding
to a lowered approximation of thermocline movement induced thermosteric sea level change (e.g.
White at al. 1985; Rebert et al. 1985; Palanisamy et al. 2015a).
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Figure 5.6: MLR modeled and predictand sea level time series at interannual-to-decadal timescales for the main
wind stress curl (Rossby wave model) dominated MLR experiments (detrended) over 1988-2014. The modeled time
series are shown as red line and the predictand time series as blue lines.

In the MLR model calibration, the dominant wind stress curl/thermosteric proxy regressor would

thus produce an exaggerated trend.

When using tide gauge records as predictands, the modeled trends are variable across the three
sites. While the predictand and modeled sea level trends are identical for the Suva tide gauge MLR
experiment (3.9 mm/yr — Table 5.6), it was noted earlier that the tide gauge has a subsidence-
induced positive bias (Section 5.1), which is erroneously replicated by the model. In the case of the
Nouméa tide gauge experiment, the predictand and MLR trends are very different (-2.3 vs. -0.7
mm/yr— Table 5.6), with the former related to aforementioned uplift (Section 5.1). With the GMSL
trend removed, the predictand trend for Nouméa is negative, and the pattern is not reproduced by
the MLR model. The modeled trend for Lautoka, however, is quite different from that of the
predictand (3.5 vs 2.4 mm/yr - Table 5.6). The discrepancy might have resulted from additive small
inconsistencies between the predictand and regressor datasets, and inherent imprecisions in the

MLR model. The modeled series are visibly underestimated before 1998 (Figure 5.7) leading to an
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Figure 5.7: MLR modeled and predictand sea level time series at interannual-to-decadal timescales for the main
wind stress curl (Rossby wave model) dominated MLR experiments (undetrended) over 1988-2014. The modeled
time series are shown as red line and the predictand time series as blue lines.

overall higher trend compared to the predictand over the whole period. Although similar
discrepancies between the modeled and predictand sea level time series can be seen in the Lautoka
ORA-S4 experiment, they appear to even out over the more extended analysis period (1988-2014)
(Figure 5.7). Additionally, for the undetrended tide gauge experiments, acknowledging the
possibility of the MLR results (particularly trends) being compromised by an estimated or adjusted
GMSL trend removed from the predictand time series (Chapter 3 — Section 3.6.2.1), a control set
of experiments with the tide gauge sea levels was performed over the 1993-2014 period. As this
period is covered by altimetry, it enabled a precise GMSL trend to be obtained from the altimetric
data and be removed from the predictands. Results of the control experiment (Appendix A.3)
showed slightly lower correlation and percentage variance, except for the Lautoka experiment as
the tide gauge time series starts only in 1993. Trend patterns were similar as well. Therefore, no
bias in GMSL trend removal over the 1988-2014 period was distinguishable from inter comparison

of the two sets of experiments.
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Trend (mm/yr)
Site ORA-S4 Tide gauge
predictand MLR predictand MLR
Steric plus mass MLRs — Undetrended (2003-2014)

Suva 8.0+04 8.0%+04 149 £ 0.7 145+ 0.7
Lautoka 6.8+0.3 6.6 £0.3 10.3£0.5 10.0£0.5
Nouméa 84+04 8.7+04 9.4+0.5 9.4+0.5

Wind stress curl dominated MLRs — Undetrended (1988-2014)

Suva 1.6 £0.08 1.8 £0.09 39102 3.9+ 0.2
Lautoka™ 1.4 +0.07 1.6 £0.08 24+£0.1 3.5+0.2
Nouméa 0.3 £0.02 0.7 £ 0.04 -2.3+0.1 -0.7 £ 0.04

Simplified approximation method MLRs — Undetrended (1988-2014)

Suva 1.6 £0.08 1.3 £0.07 - -
Lautoka 1.4 +0.07 1.4 +0.07 - -
Nouméa 0.3 £0.02 0.6 £0.03 - -

Table 5.6: Predictand (ORA-S4, tide gauges) and MLR modeled sea-level trends for all experiments with
undetrended data”.

(simplified approximation method MLR experiments conducted with ORA-S4 sea-levels only).

"Note that the Lautoka tide gauge covers the period 1993-2014 only.

In comparison with the preliminary steric plus mass MLRs, the MLR based on the Rossby wave
model produced good results, nevertheless with lower skill than the preliminary steric plus mass
MLRs (Tables 5.5, 5.6). In both sets of MLR experiments, the thermosteric and halosteric
regressors are common and comprise crucial components, although the thermosteric is represented
in different ways. Thus, investigation of the respective roles of the steric regressors in the two
experiments, 1.e. the proportion of the total variance explained by these regressors could help

explain the overall skill of the models.

The stepwise regression function selects the thermosteric predictor based on the Rossby-wave
model as the first, dominant regressor in the main MLRs, as was previously the case for the
preliminary steric + mass MLRs. However, the regression coefficient associated with the
thermosteric regressor is lower in the main MLR experiments compared to the steric + mass MLRs
(e.g. 0.7 vs 1.2 for Suva undetrended ORA-S4 - Tables 5.4, 5.7). As the dominant regressor in the
preliminary experiments is the local thermosteric sea level directly, whereas it is the proxy of the

thermosteric sea level determined via Rossby wave modulations of the thermocline in the wind

* Note that ORA-S4 predictand trends over 1988-2014 do not match those in Table 4.1 as the GMSL trend has
been removed here
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Coeflicient
|
SLA halo T Ty SST
ORA-S4 - detrended
Suva 0.07 0.71 0.65 -1.16e+3 -1.67¢+3 X
Lautoka 0.10 0.68 0.59 -908 X 12.6
Nouméa -0.23 0.75 0.45 -838 X 8.6
ORA-S4 - undetrended
Suva 0.07 0.67 0.75 -1.19¢+3 -1.79¢+3 -6.8
Lautoka 0.10 0.55 0.83 -1.10e+3 X X
Nouméa -0.23 0.71 0.49 X -971 9.5
Tide gauge - detrended
Suva 0.15 0.58 -0.76 557 X 22.9
Lautoka™ 0.34 0.81 0.47 -621 -1.43e+3 X
Nouméa -0.09 0.74 0.94 X X 19.4
Tide gauge - undetrended
Suva -0.27 0.57 -0.77 677 -580 13.7
Lautoka 0.27 0.64 0.88 -974 -1.27e+3 X
Nouméa -2.58 0.74 0.75 X -2.90e+3 -32.7

Table 5.7: Equations (regression coefficients) of the wind stress curl (Rossby wave model) dominated MLR models
over 1988-2014. x marks regressors not included in the MLR model, i.e. rejected in the stepwise regression.
"Note that the Lautoka tide gauge covers the period 1993-2014 only.

stress curl dominated experiments, the diminution of the regression coefficient evidences variance
missed out in the Rossby wave approach. This is also reflected examining the relationship between
the predictand and individual potential regressors, whereby the wind stress curl based thermosteric
regressor in the main MLR experiments has lower correlation (avg. r = 0.82) and percentage
variance explained (avg. R2 = 67%; Appendix — A.2) relative to the corresponding values (avg. r =

0.94, avg. R2 = 90%) shown in Table 5.3 for the preliminary experiments.

Moreover, in some of the main experiments, the lowered dominant regressor coeflicient is
accompanied by an increase in the coeflicient value of the halosteric regressor (Tables 5.4, 5.7)
resulting likely from covariance between the thermosteric and halosteric components (Chapter 4 —
Section 4.3). Since the wind stress curl (Rossby wave model) based thermosteric regressor is unable
to capture all of the thermosteric sea level variance, the halosteric regressor is scaled up on the basis
of the small proportion of the thermosteric component it intrinsically contains as the MLR model

is calibrated to produce an optimum fit.
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Figure 5.8: Site-based thermosteric sea level and wind stress curl (Rossby wave model) proxy based thermosteric
regressor time series at interannual-to-decadal timescales for the main MLR experiments (detrended) over 1988-
2014. The thermosteric time series are shown as red lines and the wind stress curl proxy time series as turquoise
lines.

The efficiency of the Rossby wave model is further explored by comparing its thermosteric
component with that of the preliminary experiment, as illustrated in Figures 5.8 (detrended) and
5.9 (undetrended). Correlation coeflicients between the two and the percentage variance

represented by the wind stress curl based thermosteric regressor are shown in Table 5.8.

Though the thermosteric sea level and wind stress curl based regressor time series are overall similar
and have high correlation with each other (r = 0.86-0.91), there are distinct differences in amplitude
and in the phasing of their interannual variability (Figures 5.8, 5.9, Table 5.8). The wind stress curl
based regressor captures 75-83% of the thermosteric variance. A certain degree of discrepancy is
expected between the actual and the wind stress curl induced thermosteric change, notably due to
the thickening of the thermocline and increase in stratification when moving away from the
equator, with optimum correlations generally found within the 15° tropical band (White et al. 1985;
Rebert et al. 1985; Palanisamy et al. 2015a).
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Figure 5.9: Site-based thermosteric sea level and wind stress curl (Rossby wave model) proxy based thermosteric
regressor time series at interannual-to-decadal timescales for the main MLR experiments (undetrended) over 1988-
2014. The thermosteric time series are shown are red lines and the wind stress curl proxy time series as turquoise
lines.

However, such differences are expected to be smaller than the differences shown in Table 5.8, and
therefore do not fully explain the discrepancy between the two thermosteric predictors. Steric
changes arise from (1) redistribution of heat and freshwater through ocean circulation in response
to atmospheric forcing (wind stress) and (2) buoyancy forcing (sum of heat and freshwater air-sea
fluxes) at the ocean surface (Piecuch and Ponte 2011; Forget and Ponte 2015; Meyssignac et al.
2017). There is also some contribution from spontaneously generated intrinsic ocean variability
(arising without atmospheric variability), which is relatively small on interannual-to-decadal

timescales in this region (Penduff et al. 2011; Sérazin et al. 2015).

The present results are indeed concurrent with wind stress curl dominating thermosteric sea level
in the tropical Pacific. Nonetheless, ~ 15-25% of island thermosteric variability remains
unexplained using wind stress curl forcing alone. Previous studies on regional and steric sea level
variations (e.g. Piecuch and Ponte 2011; Forget and Ponte 2015; Meyssignac et al. 2017) suggest
that this residual variability represents the part of thermosteric sea level determined essentially by

surface heat flux anomalies.
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ORA-S4 Tide gauge
Site
r R2 (%) r R2 (%)
Wind stress curl dominated MLRs — Detrended (1988-2014)

Suva 0.86 74.6 0.86 74.7
Lautoka™ 0.89 79.6 0.89 78.8
Nouméa 0.86 74.4 0.87 75.2

Wind stress curl dominated MLRs — Undetrended (1988-2014)

Suva 0.90 80.3 0.88 77.6
Lautoka™ 0.91 82.5 0.91 83.3
Nouméa 0.87 75.1 0.86 74.5

Simplified approximation method MLRs — Detrended (1988-2014)

Suva 0.59 34.7 - -
Lautoka 0.69 47.6 - -
Nouméa 0.66 43.0 - -

Simplified approximation method MLRs — Undetrended (1988-2014)

Suva 0.55 30.6 - -
Lautoka 0.64 40.4 - -
Nouméa 0.59 35.0 - -

Table 5.8: Correlation coefficient (r) between the thermosteric sea-level and wind stress curl regressor (Rossby wave
model derived thermosteric approximated proxy), and percentage variance (R?) explained by the thermosteric proxy
for the wind stress curl dominated and the simplified approximation method MLR experiments (conducted with
ORA-S4 sea-levels only).

Correlation coefficients are significant at the 95% level.

"Note that the Lautoka tide gauge covers the period 1993-2014 only.

Following the dominant Rossby wave model based thermosteric regressor, the halosteric sea level
is selected as a significant regressor throughout all the experiments (Table 5.7). This is consistent
with the deterministic role of the total steric component in sea level variations. Regressed onto the
island sea levels, the strength of the individual halosteric predictor varies across the Fiji sites and
Nouméa, with relatively larger influence at the former. (Appendix — A.2). The halosteric regressor
coeflicients vary across the different experiments and sites (0.45-0.94 range), however, anomalously
negative values are seen in both the Suva tide gauge experiments (detrended: -0.76, undetrended:
-0.77 — Table 5.7). The Suva halosteric coeflicients bear great contrast to other sites and
corresponding preliminary experiments, all of which display positive values (Tables 5.4, 5.7). The
negative coeflicients in this case are believed to have culminated from the combined effects of the
positive biases in the Suva tide gauge record, (Section 5.1) and the absence of in-built knowledge of
underlying physical mechanisms at work in the regression model as it calibrates a best fit of the

input data (Chapter 3 — Section 3.1.2).

110



Unlike the proxy thermosteric and halosteric regressors, selection of the rest of the regressors (ty,
Ty, SST) is mostly inconsistent across the different experiments, even for the same sites (Table 5.7).
Different combinations of these regressors for the same sites moving from the detrended to the
undetrended experiments could be interpreted as inclusion of additional variables contributing to
the rising trend in the latter, and subsequent rejection of initially selected regressors in the detrended
experiments in cases of multi-collinearity. However, selected regressor combinations are different
in the ORA-S4 and the tide gauge based detrended experiments for the same sites (T'able 5.7). The
selected regressors are also different for the Suva and Lautoka sites, which are located very close to
each other and display very similar sea level variations. Experiments conducted with the Suva tide
gauge predictands in particular, in addition to the aforementioned negative coeflicients for the
halosteric regressor, display positive values for the zonal wind stress regressor in contrast to the rest
of the experiments (zonal wind stress positive towards the east in the dataset). This incorrectly implies
that strengthening of the easterlies leads to shoaling of the western basin thermocline thus lowering
of sea levels, and vice-versa. For the local scale zonal wind stress effects considered here, a negative
correlation with island sea level represents part of the wind set-up, whereby waters pile up around
the study sites at the western end with an easterly wind flow. For Nouméa, while wind stress forcing
dominates sea level variations, contribution from buoyancy forcing (surface heat flux anomalies in
particular) to steric variability is higher relative to Fiji (Piecuch and Ponte 2011; Meyssignac et al.
2017). The continual selection of SST in all of the MLR experiments for Nouméa reflects this
(Table 5.7); reversal of the SST coeflicient sign in the undetrended tide gauge experiment, however,
is abnormal and is most likely due to the aforementioned uplift (Section 5.1). The relationship
between island sea levels and locally acting wind stress or SST is difficult to robustly identify from

the current results.

Opverall, the Rossby wave model based MLRs are able to skillfully estimate the island sea level
interannual-to-decadal variations, capturing about 78% of the variance on average. While the
performance of the wind stress curl dominated MLR models is notably lower than the preliminary
MLR models based on steric and mass regressors only, a lowering of model skill to some extent is
indeed expected when employing a proxy for the dominant thermosteric component. Examination
of the models’ calibration specifics reflects the findings of existing literature that the island sea level
variations are essentially steric in nature, however, the precise role of non-dominant, locally acting

wind stress and SST in modulating island sea levels remains ambiguous.

5.2.3 Simplified approximation method MLRs (1988-2014)

The MLR models presented in this section have wind stress curl as the dominant regressor,
however, unlike in the previous section (main MLR experiments) the wind stress curl is used
directly, without incorporation of the Rossby wave model. The aim is to test the skill of a simpler

model.
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Here, the dominant regressor is taken is taken as the leading (6 months) and remotely located wind
stress curl eastwards of the study sites (central/central-eastern Pacific), and the rest of the regressors
(halosteric component, Ty, Ty, SST) are selected in the same way as for the main MLR experiments
(Chapter 3 — Section 3.6.3). Note that this set of MLR experiments have been conducted with
ORA-S4 predictand sea levels only, given consistency between the ORA-S4 reanalysis and ERA-
Interim regressor fields (Chapter 3 — Section 3.4.2.3).

The approximation method MLR time series (predictand, modeled) are presented in Figures 5.10
(detrended) and 5.11 (undetrended). Correlation coeflicients between the modeled and predictand
series, plus the percentage variance reproduced by the model are included in Table 5.5. Predictand
and modeled sea level trends are compared in Table 5.6, and the calibrated MLR equations shown
in Table 5.9 As for the main MLR experiments, a supplementary table on correlation between the
predictand and individual potential regressors, and the percentage variance comprised by each is

provided in the Appendix (A.2).

The performance of the simplified approximation method MLR models is lower compared to the
main MLR models, as expected without the Rossby wave model. As such there is no dynamical
representation of how wind stress curl anomalies relate to thermocline modulations and ultimately
sea level change in the western Pacific basin remain. The modeled sea levels still have a high
correlation with the predictands (avg. r = 0.86) and are able to capture a large fraction of the
variance (avg. R2 = 74%) (Figures 5.10, 5.11, Table 5.5). In addition, the modeled sea level trends
are close to the predictands’ (max. difference = 0.3 mm/yr; Table 5.6). Interannual variability in
the modeled time series using the approximation method, aside for strong events (e.g. 1989, 1999,
2009, 2012-13) is visibly dampened, which contributes to a lower reproduced variance (Figures
5.10, 5.11).

The simplified MLR model equations, unlike for the main MLRs (Rossby wave model), exhibit
consistency in that the same set of regressors remain significant in both the detrended and
undetrended experiments for a given site (Table 5.9). The selected regressors for the closely located
Suva and Lautoka sites are the same as well. Following the steric component, the calibration
patterns (MLR equations) collectively suggest that wind set-up is more influential at the Fiji sites
while surface heat fluxes are more influential at Nouméa. However, because the same pattern is
not reflected in equations of the main wind stress curl (Rossby wave model) dominated experiments,

the inference cannot be considered very reliable (Table 5.7).

The stepwise regression results showed that wind stress curl is not always selected as the primary or
dominant regressor (e.g. Suva, Lautoka — detrended/undetrended MLR experiments — Table 5.9),
demonstrating that it is not a robust proxy for thermosteric sea level change when employed per

se. In these cases, the halosteric regressor is selected foremost in the stepwise regression function.
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Figure 5.10: MLR modeled and predictand sea level time series (ORA-S4 only) at interannual-to-decadal timescales
for the simplified approximation method MLR experiments (detrended) over 1988-2014. The modeled time series

are shown as red line and the predictand time series as blue lines.

With aless efficient proxy for wind forced thermosteric change, the halosteric regressor now renders
higher contribution to the predictand sea level, at times surpassing the proxy thermosteric regressor
(detrended/undetrended Suva, Lautoka experiments: proxy thermosteric (halosteric) avg. r = 0.56
(0.79), avg. R2 = 32% (62%); Appendix — A.2). The heightened role of the halosteric regressor in
the MLR model is reflected in its coeflicient values, all of which are greater than 1 (Table 5.9),
unlike in the preceding experiments (T'ables 5.4, 5.7). With the dominant thermosteric component
under-represented, the effect of the halosteric component in the MLR model is augmented because
it comprises part of the total steric sea level and has some degree of covariance with the thermosteric

(Chapter 4 — Section 4.3).

The quantitative skill of the wind stress curl regressor is examined via comparisons with the island
thermosteric sea levels, as for the preceding MLRs (Section 5.2.2). Time series of the thermosteric
sea level and the linearly regressed wind stress curl proxy for the detrended and undetrended

experiments are shown in Figures 5.12 and 5.13 respectively.
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Figure 5.11: MLR modeled and predictand sea level time series (ORA-S4 only) at interannual-to-decadal timescales
for the simplified approximation method MLR experiments (undetrended) over 1988-2014. The modeled time series
are shown as red line and the predictand time series as blue lines

Site Intercept Coeflicient
(constant) curl, T halo o T SST
ORA-54 - detrended
Suva 0.07 4.71e+8 1.45 -2.43e+3 -2.80e+3 X
Lautoka 0.10 6.40e+8 1.48 -1.91e+3 -2.44e+3 X
Nouméa -0.23 1.06e+9 1.20 -442.74 X 45.82
ORA-S4 - undetrended
Suva 0.07 5.47e+8 1.30 -2.37e+3 -3.10e+3 X
Lautoka 0.10 7.95¢+8 1.29 -1.85e+3 -2.72e+3 X
Nouméa -0.23 1.15e+9 1.10 -298.52 X 40.35

Table 5.9: Equations (regression coefficients) of the simplified approximation method MLR models over 1988-2014.
x marks regressors not included in the MLR model.
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Figure 5.12: Site-based thermosteric sea level and wind stress curl proxy based thermosteric regressor time series
at interannual-to-decadal timescales for the simplified approximation method MLR experiments (detrended) over
1988-2014. The thermosteric time series are shown are red lines and the wind stress curl proxy time series as
turquoise lines.

Correlation coeflicients between the two and the percentage variance constituted by the wind stress

curl proxy are included in Table 5.8.

While similarity does exist between the linearly regressed wind stress curl proxy time series and the
island thermosteric sea levels (Figures 5.12, 5.13), discrepancies between the two are notably higher
compared to the corresponding plots for the main MR experiments (Rossby wave model) (Figures
5.8, 5.9). This comparison in particular encapsulates the fundamental difference between the two
sets of experiments (main — Section 5.2.2, simplified approximation method — Section 5.2.3),
illustrating the respective abilities of the two approaches at replicating thermosteric sea level
variations. Correlation between the wind stress curl proxy and the thermosteric sea level is of
medium range (avg. r = 0.62), with less than half of the total variance in the latter represented (avg.
R2=39%) (Table 5.8). Both of the metrics exhibit marked reduction from the corresponding values
in the main MLR experiments (Rossby wave model — avg. r = 0.88, avg. R2 = 78%) (T'able 5.8).
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Figure 5.13: Site-based thermosteric sea level and wind stress curl proxy based thermosteric regressor time series
at interannual-to-decadal timescales for the simplified approximation method MLR experiments (undetrended)
over 1988-2014. The thermosteric time series are shown are red lines and the wind stress curl proxy time series as
turquoise lines.

Interannual variability in the wind stress curl proxy time series relative to the thermosteric, with the
exception of some high intensity events (e.g. 1999, 2010-11), is diminished, especially for the Fiji
sites, with opposite phasing of the two time series over certain time spans (e.g. late 1990s, early-mid
2000s) (Figures 5.12, 5.13). Extension of similar patterns of reduced interannual variability in the
MLR modeled sea levels was noted earlier in this section, although comparison with the predictand
was more improved (Figures 5.10, 5.11, Table 5.5). For Nouméa, the amplitudes of interannual
variability in the wind stress curl proxy and the thermosteric sea level compare well, but there are

pronounced offsets between the two time series over most of the analysis period (Figures 5.12, 5.13).

Thus, while leading wind stress curl anomalies incorporated directly are not very eflicient as
dominant regressor or proxy for thermosteric sea level, the simplified approximation method MLR
models still display fair skill at simulating island sea levels, reproducing more than half of the
predictand variance by optimizing contributions from the halosteric component and locally acting

wind stress/SST given the proportion of the thermosteric component represented. For practical
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applications, the main MLR models presented in the preceding section (Section 5.2.2) are
undoubtedly better suited of the two as they offer a more robust approach by employing a Rossby
wave model and therefore generate more realistic simulations. Nonetheless, the simplified
approximation method MLR models have demonstrated that a fair estimate of island sea levels can

indeed be obtained using a combination of oceanic/atmospheric variables only.

5.3 Stationarity Test

A stationarity test was incorporated in the analysis to examine the applicability of the MLLR models
to future projections, i.e. testing the skill of the model over a period other than which it was

calibrated over.

Results of the stationarity test are illustrated as MLLR modeled time series over each of the two
halves of the analysis period, superimposed on the original predictand and modeled sea levels. The
stationarity test was conducted on the main wind stress curl (Rossby wave model) dominated
experiments and the simplified approximation method experiments, which span over two decades
(1988-2014) and thus suffice the minimum duration of data required for a test assessing interannual-
to-decadal scale variability. The 1988-2014 analysis period was divided into halves spanning (1)
August 1988 — July 2001 and (2) August 2001 — Jul 2014 (note exception for Lautoka tide gauge
experiments, 1993-2014 analysis period divided into January 1993 — October 2003 and November
2003 — July 2014). The stationarity test essentially involved calibrating an MLR model using the
same set of regressors as the original model over one half of the dataset and applying it to the other,
and examining model performance with respect to the predictand and to the original MLR over
that period. An MLR model calibrated over a particular half of the dataset is hereafter referred to
as the “calibrated” model, and a model calibrated over one half but applied to another is referred
to as the “reconstructed” model. The MLR modeled sea levels presented as main results in the
previous sections (and calibrated over the entire period) will be referred to as the “original” models

where comparisons are drawn with the stationarity test models (calibrated and reconstructed).

The stationarity test time series for the main wind stress curl (Rossby wave model) dominated MLR
models are presented in Figures 5.14 (detrended) and 5.15 (undetrended), and for the simplified
approximation method MLR models in Figures 5.16 (detrended) and 5.17 (undetrended). With the
initially presented predictand and original MLR modeled sea levels aside (blue and red lines), solid
lines indicate calibrated models while dashed lines indicate reconstructed models (magenta lines for
the models calibrated over the Ist half and applied to the 2nd half of the period, and green lines for
the models calibrated over the 2nd half and applied to the st half of the period). As for the MLR
experiments, evaluation statistics (r, R2, trends) have been drawn for the stationarity test models

over each half of the analysis period to allow comparison with the original results.
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Figure 5.14: Stationarity test for the main wind stress curl (Rossby wave model) dominated MLR experiments
(detrended) over 1988-2014 (interannual-to-decadal timescales). The blue and red lines represent the predictand
and original MLR modeled time series respectively. Solid magenta (green) lines represent stationarity test MLR
models calibrated over the 1%t (2" half of the dataset and dashed magenta (green) lines represent models from
the 15t (2" half reconstructed over the 2™ (1%%) half.

Correlation coeflicients between the modeled and predictand sea levels, and the percentage
variance explained by the model are provided in Tables 5.10 (main wind stress curl dominated
MLR experiments — Rossby wave model) and 5.11 (simplified approximation method MLR
experiments). Sea level trends over the two halves of the analysis period from the predictands and
the modeled series are compared in Table 5.12. Supplementary tables containing the stationarity

test MLR model equations have been provided in the Appendix (A.4).

For the main wind stress curl (Rossby wave model) dominated MLR experiments on detrended
datasets, the calibrated stationarity test models demonstrate high similarity with the original MLR
model, the time series almost overlapping with that of the latter (Figure 5.14, compare solid
magenta and green lines with the red). Discrepancies are more noticeable with the reconstructed
models, especially in the cases of Nouméa ORA-S4 and Suva tide gauge experiments (Figure5.14,

compare dashed magenta and green lines with the red). The correlation coefficient (avg. r = 0.90)
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Figure 5.15: Stationarity test for the main wind stress curl (Rossby wave model) dominated MLR experiments
(undetrended) over 1988-2014 (interannual-to-decadal timescales). The blue and red lines represent the predictand
and modeled time series respectively. Solid magenta (green) lines represent stationarity test MLR models calibrated
over the 1% (2" half of the dataset and dashed magenta (green) lines represent models from the 1%t (2"%) half
reconstructed over the 2" (1Y) half.

and percentage variance (avg. R?2 = 81%) reproduced by the stationarity test calibrated models are
comparable to the original MLR models (Table 5.10). The corresponding metrics for the
reconstructed models are generally lower (avg. r = 0.88, R2 = 64%), as reflected in the time series.
Particularly for the reconstructed models on the Ist half of the series, the variance relative to that

of the predictand is generally over-estimated.

For the undetrended wind stress curl (Rossby wave model) dominated MLR experiments, the
calibrated stationarity test models show little change from the detrended experiments, maintaining
high resemblance to the original MLR models (Figure 5.15, compare solid magenta and green lines
with the red). Correlation between the calibrated and predictand sea levels remains high (avg. r =
0.91), with the latter successtully reproducing the larger majority of the predictand variance (avg.
R2 = 82%) (Table 5.10). On the other hand, differences between the reconstructed and original
MLR time series are more distinct, particularly for the tide gauge experiments and Nouméa ORA-

S4 (Figure 5.15, compare dashed magenta and green lines with the red).
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Figure 5.16: Stationarity test for the simplified approximation method MLR experiments (detrended) over 1988-
2014 (interannual-to-decadal timescales). The blue and red lines represent the predictand and modeled time series
respectively. Solid magenta (green) lines represent stationarity test MLR models calibrated over the 15t (2") half of
the dataset and dashed magenta (green) lines represent models from the 1% (2") half reconstructed over the 2™
(1Y half.

Correlation between the reconstructed model and predictand sea levels, together with the
percentage variance simulated by the model are reduced in comparison to the calibrated models
(avg. r = 0.85, avg. R2 = 70%), similar to the stationarity test outcome with detrended experiments
(Table 5.10). The same general pattern of results 13 repeated in the simplified approximation
method MLR tests. The skill of the calibrated stationarity test models match those of the original
models for both the detrended and undetrended experiments (Figures 5.16, 5.17 - compare solid
magenta and green lines with the red, Table 5.11). Correlation coeflicients between the calibrated
and predictand time series, and the percentage variance captured by the calibrated models

correspond largely with those of the original model (avg. r = 0.88, avg. R2 = 77-78%).

For the reconstructed models, as seen earlier for the main wind stress curl (Rossby wave model)
dominated MLR experiments, the simulations are noticeably less efficient (Figures 5.16, 5.17 -

compare dashed magenta and green lines with the red, Table 5.11).
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Figure 5.17: Stationarity test for the simplified approximation method MLR experiments (undetrended) over 1988-
2014 (interannual-to-decadal timescales). The blue and red lines represent the predictand and modeled time series
respectively. Solid magenta (green) lines represent stationarity test MLR models calibrated over the 1t (2"9) half of
the dataset and dashed magenta (green) lines represent models from the 1% (2") half reconstructed over the 2™
(1Y half.

The correlation coeflicient between the reconstructed and predictand time series is reduced relative
to the calibrated models (avg. r = 0.82), with just over half of the total variance captured (avg. R2
= 55%).

Regarding the reconstructed models in particular, note that inflated discrepancies or offsets
between the reconstructed and original MLR/predictand time series (Figures 5.14-5.17) do not
always reflect flaws in the former, but also result from dissimilar intercepts in the stationarity test
calibrated models in the individual halves of the predictand (Appendix — A.4, stationarity test MLR
equations). Moving from the Ist half to the 2nd half of the analysis period, intercepts of the
stationarity test equations display a general change from positive to negative values (Appendix —

A4).
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MLR 1+ half applied over MLR 2vd half applied over
Site Lst half 2nd half 2nd half 1st half
r R2 (%) r R2 (%) r R2 (%) r R2 (%)
Wind stress curl dominated MLRs — ORA-S4 detrended (1988-2014)

Suva 0.95 90.2 0.88 76.7 0.89 79.1 0.94 85.6
Lautoka 0.93 86.3 0.87 75.8 0.88 77.7 0.90 81.7
Nouméa 0.88 77.1 0.90 80.9 0.93 86.5 0.82 52.2

Wind stress curl dominated MLRs — Tide gauge detrended (1988-2014)

Suva 0.94 88.3 0.71 43.8 0.80 64.1 0.77 58.5
Lautoka® 0.91 83.0 0.84 68.1 0.87 76.0 0.88 77.5
Nouméa 0.90 81.2 0.89 77.6 0.89 78.8 0.90 79.5

Wind stress curl dominated MLRs — ORA-S4 undetrended (1988-2014)

Suva 0.94 88.7 0.88 78.0 0.90 81.9 0.92 82.7
Lautoka 0.90 81.1 0.87 75.6 0.88 78.0 0.88 77.6
Nouméa 0.89 78.9 0.90 80.9 0.94 88.0 0.81 45.0

Wind stress curl dominated MLRs — Tide gauge undetrended (1988-2014)

Suva 0.93 87.6 0.80 62.6 0.88 77.0 0.68 40.2
Lautoka™ 0.88 77.0 0.92 82.1 0.93 87.0 0.87 71.4
Nouméa 0.90 80.1 0.83 68.7 0.90 80.5 0.85 65.6

Table 5.10: Stationarity test statistics - correlation coefficient (r) between the predictand (ORA-S4, tide gauges) and MLR modeled sea-levels, and percentage variance (R?) explained
by the MLR model for the wind stress curl dominated (Rossby wae model) MLR experiments over 1988-2014.
Correlation coefficients are significant at the 95% level.
"Note that the Lautoka tide gauge covers the period 1993-2014 only.
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MLR I+ half applied over MLR 20 half applied over
Site 1t half 9nd half 9nd half 1t half
r R2 (%) r R2 (%) r R2 (%) r R2 (%)
Simplified approximation method MLRs — ORA-S4 detrended (1988-2014)

Suva 0.89 79.2 0.84 57.8 0.85 72.3 0.88 415
Lautoka 0.90 80.6 0.87 66.5 0.88 76.7 0.89 65.4
Nouméa 0.91 82.8 0.75 55.6 0.86 74.8 0.65 26.8

Simplified approximation method MLRs — ORA-S4 undetrended (1988-2014)

Suva 0.90 80.8 0.81 55.1 0.83 68.1 0.89 49.6
Lautoka 0.90 81.3 0.88 69.9 0.88 77.2 0.90 69.8
Nouméa 0.90 80.4 0.75 56.2 0.87 76.2 0.69 39.0

Table 5.11: Stationarity test statistics - correlation coefficient (r) between the predictand (ORA-S4, tide gauges) and MLR modeled sea-levels, and percentage variance (R?) explained

by the MLR model for experiments using the simplified approximation of the wind stress curl proxy over 1988-2014.

Correlation coefficients are significant at the 95% level.
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Trend (mm/yr)
Ist half 2nd half

site MLR MLR

predictand MLR recon 2" | predictand MLR recon st
half half
Wind stress curl dominated MLRs — ORA-S4 undetrended (1988-2014)

Suva -2.3 -2.0 -2.0 3.6 3.7 3.4
Lautoka -2.6 -3.0 -2.6 2.7 3.1 3.0
Nouméa -0.8 0.0 -0.7 4.6 4.5 4.6

Wind stress curl dominated MLRs — Tide gauge undetrended (1988-2014)

Suva -0.6 -1.1 1.4 9.5 6.6 6.6
Lautoka™ 1.5 5.0 6.7 6.3 4.4 2.9
Nouméa -5.0 -2.5 -1.9 4.2 4.3 5.2

Simplified approximation method MLRs — ORA-S4 Undetrended (1988-2014)

Suva -2.3 -2.1 -3.3 3.6 0.4 0.1
Lautoka -2.6 -2.0 -2.6 2.7 0.6 0.3
Nouméa -0.8 -0.6 -2.3 4.6 4.1 2.3

Table 5.12: Stationarity test MLR trends for all experiments with undetrended datasets over 1988-2014. MLR recon
2" half (157 half) stands for MLR 1%t half (2" half) reconstructed over 2" half (15t half) of the dataset.

“Note that for the Lautoka tide gauge (1993-2014), 1 half covers Jan 1993 — Oct 2003 and 2" half covers Nov 2003
—Jul 2014.

As the predictand time series are anomalies derived with respect to the 1993-2012 baseline period
and the regressor anomalies employ the respective analysis period (1988-2014) as the baseline
(Chapter 3 — Section 3.2), the intercepts suggest a lower mean island sea level over the 1st half of
1988-2014 compared to 1993-2012, and a higher mean over the 2»d half. This translates into
increased rates of sea level rise in the western Pacific over the recent decades compared to the late
20t century, congruent with the findings of several studies (e.g. Merrifield 2011; Merrifield and
Maltrud 2011; Becker et al. 2012; McGregor et al. 2012; Nidheesh et al. 2013).

An alternative approach to the stationarity test minimizing the intercept associated offsets visible in
the reconstructed time series would be having separate baselines for each half of the analysis period.
However, considering that it does not affect the correlation and percentage variance metrics of the
calibrated and reconstructed models, the present approach was undertaken to conveniently
illustrate the results primarily with respect to the original MLR models. Further on the calibrated
model offsets, noticeable asymmetry in intercept magnitudes on each half of the analysis period
indicates inconsistent rates of sea level rise over time (Appendix — A.4). Indeed, trends are sensitive
to the focus period, modulated notably by varying strengths of interannual and decadal variability.
This can be seen in the predictand sea levels, where trends determined over each half are quite
different (5-6mm/yr difference, Table 5.12). The calibrated and reconstructed models are generally
able to simulate trends close to that of the predictand in the main ORA-S4 MLR experiments. On
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the other hand, the calibrated and reconstructed models in the tide gauge based and the simplified
approximation method MLR experiments display poor skill at reproducing the predictand trends
(Table 5.12).

Opverall, results of the stationarity test indicate that although some compromise in skill is generally
expected when a calibrated MLR model is applied to a future scenario, it is still possible for
reconstructed models to perform at levels similar to calibrated simulations. It can be inferred that
the skill of the reconstructed model is predominantly determined by that of the calibrated model,
depending on how accurately predictand-regressor relationships have been computed and how
these relationships evolve over time. In the results presented, the main wind stress curl (Rossby
wave model) dominated MLR models based on ORA-S4 predictands, which have been observed
as the more robust of the calibrated models in the previous sections, produced reconstructions with
the highest efficiency. Reconstructed models based on less robust MLR model formulations, such
as those calibrated with tide gauge predictands or using the simplified approximation method,
exhibit lower skill in comparison. In such cases, the resulting reconstruction is compromised by the
culminated effects of a weaker MLR calibration in the original model, plus introduced
uncertainties/incongruities from possible temporal variations in the predictand-regressor
relationships. Nonetheless, even with the lowest performing reconstructed MLR models,
correlation between the predictand and modeled sea levels remains relatively high, with a

substantial proportion of variance reproduced.

5.4 Summary

Sea level time series for the study sites from reanalysis and altimetric sea level observations (absolute
sea level) have high agreement with each other while tide gauge records (relative sea level) are
affected by vertical land motion (subsidence, uplift) which can exacerbate or dampen sea level rise
rates. Based on the current results, effects of vertical land motion are more pronounced at the Suva

and Noumeéa sites, and therefore, relative sea level trends must be interpreted with caution.

The preliminary MLR models exhibit very high similarity with the predictands, illustrating sea level
as essentially a sum of steric and mass variations. The main MLR experiments are able to closely
replicate the predictands (avg. r = 90%, avg. R2 = 80%), although model skill is slightly lower than
the preceding steric plus mass MLRs, as expected. Given the consistency between ORA-S4 and
regressor fields from ERA-Interim (used to force ocean model in the ORA-S4 reanalysis),
performance of the MLR models using ORA-S4 predictand sea levels is overall higher compared
to tide gauge-based models. Results from MLR models based on tide gauge predictands are further
compromised by the effects of vertical land motion. While the role of the dominant wind stress curl
regressor in the MLR model is plainly evident, the roles of the minor local wind stress and SST
regressors remain ambiguous as results across the different experiments are inconsistent. The

simplified approximation method MLR models showed lower skill than the main Rossby wave
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model MLRs, as anticipated, yet were able to retain high correlation with the predictand and

replicate the larger majority of the variance (avg. r = 0.88, avg. R2 = 78%).

Results of the stationarity test indicate that while some level of compromise can be expected when
an MLR model calibrated over a particular period is applied to a future scenario, the reconstructed
simulations can still retain skills comparable to the initial model. The skill of the reconstructed
model, amongst other factors, depends foremost on the robustness of the calibration. Thus, MLR
models which are not as robust, such as the those calibrated with tide gauge predictands, would not

be able to produce very efficient reconstructions.
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6. Discussion

The discussion chapter begins with an assessment of the MLR model strengths and limitations,
weighing the different approaches/experiments presented. Possible constituents of the unexplained
variance in the MLR modeled sea levels are discussed, and different sources of uncertainty
identified. Additionally, a basin-wide comparison of thermosteric sea levels and the Rossby wave
modeled output (wind-driven thermosteric component) across the Pacific is shown. Stationarity is
discussed in the broader sense of statistical downscaling and the evolution of island sea levels and
its components over time. The dominant regressor and predictand sea levels from the various
experiments are then compared with the Nino 3.4 and the IPO indices, followed by discussion on
interrelations between regional sea level rise in the Pacific and GMSL trends. The latter covers
tropical Pacific sea level trend patterns, plus attributions, and discusses the challenges in robustly
distinguishing natural and anthropogenic signatures in observations. The MLR model developed
is then presented in the wider context of downscaling, comparing its success rates with other
statistical and dynamical downscaling models for sea level. Finally, a list of practical concerns is

discussed for applications in future projections.

6.1 MLR model strengths and limitations
6.1.1 Limitations inherent in the predictand and predictor datasets

The governing effect of wind stress curl on sea levels in the Pacific has been described in several
studies (e.g. Carton et al. 2005; Kohl et al. 2007; Timmermann et al. 2010; McGregor et al. 2012;
Nidheesh et al. 2013; Palanisamy et al 2015a). Based on this knowledge, a multiple linear regression
model combining regional and local atmospheric/oceanic variables for island sea levels in the

western Pacific was developed, using wind stress curl as the dominant regressor.

Sea level change can be interpreted as a change in the volume of the water column, resulting from
density (steric) and/or mass changes. The preliminary set of MLR experiments using only
predictors for the steric and mass contribution to sea level changes aimed at verifying that the MLR
model behaved as expected in this simplified framework, before moving onto the main wind-stress
curl dominated set of MLR experiments. Amongst the main outcomes from the preliminary MLR
models was the inclusion of mass change as a significant regressor in the stepwise selection for the
undetrended experiments, evidencing the growing contribution of mass to rising sea levels as
warming continues. The results revealed mass comprising a relatively small yet significant
proportion of island sea level variance (R2 = 1-2%), which is expected to augment as warming

trends persist in future.

In the main MLR experiments, a linear Rossby wave model was employed to simulate wind stress
curl forced modulations to the pycnocline depth, which translate into thermosteric variations and

resultant sea level change. The MLR models produced high correlations with the predictand sea
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levels and successfully reproduced a large majority of the variance (avg. R2 = 80%). Comparing
similar models calibrated with ORA-S4 and with tide gauge sea levels, MLR models using ORA-
S4 sea levels as predictands produced island sea level time series bearing higher resemblance to the
predictands than the MLR models using tide gauge data as predictands. This is congruent with the
added consistency between the predictand and regressor fields in MLR experiments using ORA-
S4 sea levels as predictands (e.g. ERA-Interim fields used to force ORA-S4; Chapters 3, 5).

With the tide gauge based predictands being adjusted for missing values only, and not for biases
introduced by vertical land motion (subsidence, uplift) acting upon the study sites over time,
accuracy of the MLR models was compromised to some extent in calibrating a best fit on a biased
time series. As there were two sets of predictands for each site — reanalysis and i situ, serving as a
platform to draw analytical comparison between the calibrated models, there was not much
emphasis on correcting for biases in the latter. Rather, the reanalysis sea levels, together with
altimetric observations, were used to identify and source errors/biases affecting the tide gauge
records from existing literature before proceeding to the MLLR models. Resulting limitations in the
tide gauge based MLR models relative to the corresponding ORA-S4 models illustrate how any
bias in the predictand dataset is projected onto the model calibration. Thus, if a similar downscaling
approach is employed to extract information for implementing adaptation or risk minimization
projects on ground, it is critical that i sifu data are pre-examined and systematically corrected for
suspected bias. The same degree of caution has to be exercised in selecting regressor datasets as
well. It is worth acknowledging that each reanalysis product also exhibits individual bias and no
single product has exact agreement with all satellite-derived observations (e.g. Chaudhuri et al.
2013; Lu et al. 2013).

For example, in a study linking regional sea level trends to the intensification of Pacific trade winds
by Merrifield and Maltrud 2011, wind stress forcing from ECMWIF’s ORA-S3 (Balmaseda et al.
2008) was used in a general circulation model to successfully replicate the observed sea level trend
signature in the Pacific basin. The simulated sea level trends were not as realistic when the model
was forced with NCAR/NCEP (Kalnay et al. 1996) wind stress, fields as the product does not
incorporate scatterometer winds, unlike ORA-S3. McGregor et al. 2012, using a more extensive
set of wind stress products, further illustrated that the choice of the dataset is relatively unimportant
when focusing on high-frequency variability, but is crucial for assessing long-term linear trends in
sea level. Similarly, the GECCO2 ocean synthesis has a good representation of general large-scale
variability but has pronounced biases along the Antarctic Circumpolar Current (ACC) in the
Southern Ocean (Kohl 2015; Scharffenberg et al. 2017). In ORA-S4, there are large uncertainties
in the starting two decades of the product (1960s-1970s) and an underestimation of the Atlantic
Meridional Circulation (AMOC) (Balmaseda et al. 2013a; 2013b). As such, any modeled,
reconstructed, or reanalysis dataset can have overall good simulation skills but typically possess
certain regional, temporal, or climate/ocean circulation feature related biases. Thus, for similar

downscaling or evaluation studies covering a particular focus area, an optimum set of data products
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should be selected based on performance regionally and not only skill at reproducing general large-
scale patterns/variability. In other words, as demonstrated by the results of this study, an integral

component of a robust statistical model is a robust calibration dataset.

6.1.2 Limitations inherent in predictor selection
6.1.2.1 Inconsistency of selected regressor combinations

While resemblance between the predictand and the modeled sea levels was overall high in the main
set of MLR experiments, especially when considering the more efficient ORA-S4 based models,
the MLR model was less robust in terms of consistency in significant regressor combinations across
the various experiments. Across all of the main experiments, the wind stress curl (thermosteric
proxy) and the local halosteric component were the only two regressors to remain significant
throughout. However, there was no discernible pattern in the selection of the other regressors for
any particular site from the detrended to the undetrended experiments, or between corresponding
experiments conducted with ORA-S4 and with tide gauge predictands, or even for sites with high
proximity to each other (Fiji sites — Suva, Lautoka). The continual selection of the wind stress curl
(thermosteric proxy) and halosteric regressors is the MLR model representation of island sea level
variations as essentially steric, where the dominating thermosteric component is governed by
dynamic regional processes. Excluding a fractional contribution from the deeper ocean (Chapter 4
— Section 4.2), the remaining variability in island sea level is mostly controlled by local processes,
including wind set-up and surface buoyancy fluxes. Although the MLR model attempts to
incorporate the remaining local component through wind stress (zonal/meridional) and SST, the
absence of a consistent regressor combination could suggest significant degree of covariance
between the non-dominant regressors when they act in concert, reinforcing or compensating each
other (coupled interaction). It could also indicate weak relationships with the predictand, whereby
the strength of the association is unsteady over time and overall insufficient to secure selection in
the stepwise regression. Thus, perceiving the purpose of the MLR model as two-fold, where the
aim is not only to produce a closest possible simulation of the predictand but to also robustly identify

predictand-regressor relationships, the latter was not fully achieved.

Further on the local regressors, a possibly relevant aspect could be how robustly the wind stress and
SST variables are represented as potential predictors (MLR input variables). Here, some degree of
correlation may still remain amongst the isolated regressors from a methodology limitation,
whereby the proportion of island sea level represented only by the dominant thermosteric proxy is
removed from the predictand before the other regressors are selected (Chapter 3 — Sections 3.6.2
and 3.6.3). While the issue of covariance amongst the final set of regressor time series is
counteracted with the use of a stepwise regression function, the variables aside from the dominant
are all selected on basis of correlation with the remaining proportion of sea level without much

regard to covariance that may remain between them (e.g. between surface freshwater and heat
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fluxes, wind set-up). This technique may not have much effect on the larger steric regressors but
could potentially affect the local regressors whose individual contributions to island sea level
variations are relatively small. A more rigorous method would entail removing the combined
proportions of all preceding potential regressors from the predictand before a correlation-based
(remainder sea level vs. predictor variable) proxy box is selected to represent an individual potential
regressor. However, this method would be more complex to apply and would likely introduce
additional uncertainties stemming from (1) variables which ultimately have no significant
contribution to the MLR model yet affect the selection of the next regressor, and (2) the order in
which the variables are extracted (particularly the non-dominant predictors). Ultimately, both the
method employed in this study and the detailed alternative approach described have their own
limitations. A separate, more detailed study (perhaps incorporating dynamical downscaling) is
therefore needed to identify relationships between island sea level and local drivers, the extent of

covariance between them, and how local processes interact with regional variability.

6.1.2.2 Representativeness of predictors

Aside from mass change, deeper ocean steric contributions not included in the MLR model, and
gradual lowering in the efficiency of the relationship between thermosteric variations and sea level
changes polewards of the 15” equatorial band, the residual (¢ in Equation 3.1) variance is attributed
mainly to: (1) buoyancy related thermosteric contributions not captured by the Rossby wave model,
(2) ineflicient representation of local mechanisms, and (3) intrinsic variability and other nonlinear
processes (may extend to deeper ocean layers). As mentioned earlier (Chapter 5 — Section 5.2.2),
while the thermosteric sea level in the Pacific is largely wind driven, a small part is determined by
surface buoyancy fluxes, mainly heat exchange at the sea surface (Piecuch and Ponte 2011; Forget
and Ponte 2015; Meyssignac et al. 2017). The MLR approach attempts to incorporate this
remaining component via local SST anomalies, however, inconsistent minor regressor
combinations across the experiments suggests that the model may not have reproduced the surface
heat flux driven steric changes efficiently. As such, some extent of overlap is expected between (1)
and (2). Intrinsic variability, which 1s part of the third factor, arises spontaneously from existing
nonlinearities within the ocean, 1.e. without the effect of atmospheric forcing (Penduff et al. 2011;
Sérazin et al. 2015). It comprises an important part of low frequency sea level variability in eddy
active regions and western boundary current systems, but is quite small in the given study area
(Llovel et al. 2018). In addition, there are further nonlinearities in terms of trends on extended
timescales. For example, long-term nonlinear sea level trends in the western Pacific ranged
approximately between 1-5 mm/yr over the 20% century, peaking around the 1950s before
gradually subsiding (Jevrejeva et al. 2006). As this study focuses on interannual-to-decadal
variability and trend (i.e. all frequencies lower than the annual/seasonal cycle), it is highly plausible
that signals from low frequency intrinsic variability and other nonlinear processes permeated the

predictand/regressor time series. Due to the nonlinear nature of these processes, they would be
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obscured in the linear regression model and thus most likely contribute a small part of the residual

variance from the MLR model.

6.1.3 Limitations inherent to the MLR method

In addition to the specifics and limitations of the statistical model formulation discussed above, the
scope of the linear regression technique itself should be noted. Uncaptured nonlinear processes
aside, the MLR method computes fixed coefficients to describe the overall relationship between the
predictand and regressor over a given temporal span. This translates into a static relationship
between the two variables in the calibration process. In reality, however, the strength of the relation
varies over time, often exhibiting variability at decadal timescales (Han et al. 2017). Consider for
example, the case of the PDOj; while it is the leading empirical mode in the North Pacific basin on
decadal timescales, it is not entirely deemed as a single physical mode of climate variability but a
combination of different processes as they interact with each other (Han et al. 2017). These
processes are (1) Aleutian low-associated variability from stochastic weather noise and remote
forcing from the tropics (mostly ENSO), (2) ocean memory, and (3) decadal variability of the
Kuroshio-Oyashio currents generated by westward propagation of Rossby waves (Newman et al.
2003; 2016). Thus, different processes may dominate PDO during different events, with decadal
variability associated with winds, SST, heat/freshwater fluxes manifesting in sea level at altered

strengths.

Limitations with the linear regression technique have been documented in other sea level studies
as well. Assessing the residual sea level in the Pacific Ocean after removing the decadal variability
signal via EOFs, Hamlington et al. 2014 and Han et al. 2014 link the pattern to anthropogenic
warming. However, a following study by Palanisamy et al. 2015b using linear regression found
nonlinear ENSO related variability in the aforementioned residual, indicating that neither EOF's
nor linear regression are able to completely remove internal variability signatures from sea level
(Marcos et al. 2017). For island sea levels, however, note that such nonlinearities would generally

be quite small and remain part of the unmodeled residual.

Opverall, acknowledging the unmodeled residual and uncertainties in robustly representing local
processes, the MLR model’s best skill is grounded in its ability to simulate the governing regional
driver — wind stress curl anomalies driving the dominant thermosteric component in the tropical
zone. As dominant regressor, the wind stress curl proxy alone is able to replicate a vast majority of
island sea level variance (ORA-S4 experiments Rz = 70-75%, tide gauge experiments R2 = 40-
72%; Appendix A.2), encapsulating all major interannual-to-decadal signals (Chapter 5 — Section
5.2.2). With the ORA-S4 predictand data sets, the variance percentages replicated by the MLR
model and by the wind stress curl proxy are on comparable scales (~ 10% difference on avg.;
compare Chapter 5 — Table 5.5 and Appendix A.2). Indeed, the wind driven steric variation plays

a critical role in climate and oceanic changes across the region and can be used to successfully
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model the timing of ENSO and decadal variability (Hill et al. 2011; Holbrook et al. 2011; Qiu and
Chen 2006; Sasaki et al. 2008). Given that practical applications for interannual-to-decadal scale
variability projections would typically be based on long-term mean sea levels, unlike for a forecast
model, the MLR model would still be able to provide highly valuable information despite the
limitations mentioned since a maximum range can easily be extrapolated from the modeled time
series (or even the dominant regressor). L.e. a good estimate of island sea level variations can be

obtained with information of the regional driver. This is the focus of the next two subsections.

6.1.4 Basin-wide comparison of the thermosteric sea level and the Rossby wave

modeled output

The use of a linear Rossby wave model converting wind stress vectors into pycnocline (thermocline)
depth anomalies and resultant thermosteric change was an integral component of the experiment
design (Chapter 3 — Section 3.5). This section presents a basin-wide comparison of the thermosteric
sea level and the Rossby wave modeled thermosteric change, both of which have been correlated

with the island sea levels for each site (Figure 6.1).

On the western side of the Pacific, the thermosteric sea level and the Rossby wave modeled
thermosteric change exhibit close resemblance to each other, demonstrating the former as
essentially wind driven (Figure 6.1). They also portray the slowly varying, large-scale signature of
the thermosteric component closer to the equatorial region. Towards the eastern end of the basin,
for the Fiji sites, correlations between island sea levels and the thermosteric component become
negative (Figure 6.1 —a, ¢), consistent with Walker circulation dynamics, where the coupled ocean-
atmosphere pile-up warm waters in the western tropical Pacific as cold, nutrient rich waters upwell
in the east (Gill 1982; Lau and Yang 2015; Chang and Zebiak 2015). The basin-wide pattern also
corresponds to the signature east-west dipole in recent sea level trends in the Pacific (McGregor et
al. 2012; Becker et al. 2012; Nidheesh et al. 2013; Stammer et al. 2013; Palanisamy et al. 2015a,
Marcos et al. 2017).

Correlations between island sea levels and the Rossby wave modeled thermosteric change remain
positive, but decline notably in magnitude moving eastwards (Figure 6.1 — b, d). The contrast
between the two (a, c and b, d) strongly indicates differences between driving mechanisms for steric
change at the western and eastern ends of the tropical Pacific. Indeed, while sea levels in the western
Pacific are predominated by wind-driven westward propagation of Rossby waves, sea levels in the
eastern Pacific vary primarily under the influence of the eastern boundary forcing, with some
contribution from local surface heat fluxes and Ekman pumping (Fu and Qiu 2002; Qiu and Chen
2006; Lu et al. 2013).

The case of Nouméa, on the other hand, is quite different from Fiji’s as it lies along the margins of

spatial signatures characteristic of the acting climate modes in the southwest Pacific (Figure 6.1 —e,
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Figure 6.1: Island sea level for the study sites (ORA-S4) correlated with the basin-wide thermosteric sea level (a, c,
e) and the Rossby wave modeled thermosteric change (b, d, f) at interannual-to-decadal timescales over 1988-2014
(undetrended).

f). Thus, as observed throughout the results of this study and of several others (e.g. Wang et al. 2000;
Lee and Fukumori 2003; Sasaki et al. 2008; Ganachaud et al. 2011; Forget and Ponte 2015), sea
level variations at Nouméa and Fiji appear somewhat opposite in phasing. In addition to the east-
west dipole pattern (interannual variability related), Figure 6.1 — e also highlights the lower portion
of the other distinctive sea level trend signature in the Pacific (decadal variability related), which is
the broad-scale V-shaped positive trend pattern spreading from about 30°-50° N in the central
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basin to the western equatorial Pacific and then to 30°-50° S in the central—eastern basin (England
et al. 2014; Hamlington et al. 2014; Han et al. 2014; Palanisamy et al. 2015a; Marcos et al. 2017)
(Chapter 2 — Section 2.16).

Correlation with the Rossby wave determined thermosteric sea level at Nouméa is somewhat
weaker relative to the Fiji sites, with the region of maximum values not completely extending to
New Caledonia (Figure 6.1 — f). This is consistent with a lower Rossby wave energy moving away
from the tropical zone, which translates into a reduced level of thermosteric change emanating
from modulations to the thermocline depth. Wind driven interannual and longer-term steric sea
level variations, including the trend, in fact, have been found to be largest within 15° of the equator
(e.g. White at al. 1985; Rebert et al. 1985; Palanisamy et al. 2015a). Polewards beyond this zone,
the thermocline starts weakening and the ocean no longer resembles a two-layer system. The
relationship between the dynamic steric component and sea level has been found to be optimum
where the ocean most closely bears resemblance to a two-layer system, which ideally has a single
baroclinic mode with maximum vertical displacements at the interface (Rebert et al. 1985;
McGregor et al. 2012). Large scale baroclinic waves are furthermore observed at low latitudes only,
where the ratio of the crossing time to the unstable growth time (baroclinic instability) is small; the
critical latitude is about 20° (Isachsen et al. 2007). Thus, the combined effect on model precision at
the Fiji sites, which lie between 17-18° S, would be lower than that at Nouméa, which lies at 22° S.
On the other hand, surface buoyancy induced steric variations, particularly heat fluxes, are
relatively higher at Nouméa (Piecuch and Ponte 2011; Meyssignac et al. 2017); this is congruent
with the continual selection of SST as a significant regressor in all of the MLR experiments for
Noumeéa (Chapter 5 — Sections 5.2.2, 5.2.3). Similarly, contributions from low frequency intrinsic
ocean variability around Nouméa are also higher in comparison to Fiji (Penduff et al. 2011; Sérazin
et al. 2015).

6.1.5 Simplified approximation method MLR models

The simplified approximation method MLR experiments omitted the use of a Rossby wave model
and estimated the dominant regressor as remotely located and leading wind stress curl anomalies
eastwards of the study site via a correlation-based selection. In essence, the approximation method
attempted to test if and the extent to which wind stress curl anomalies per se could be used to obtain

some level of viable information on island sea level variations.

In the approximation method, the regression function attempts to calibrate a directly proportional
relationship between proxy box wind stress curl anomalies and island sea level. Analyzing the
results, this estimate can in fact be identified as the main limitation in the approximation method

since the relationship between the two variables is more complex.
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The mechanism responsible for conveying wind forcing into sea level are baroclinic Rossby waves,
which have spatially varying speeds determined to a great extent by the level of stratification,
change in Coriolis parameter with latitude, and the Rossby radius of deformation (e.g. White et al.
1985; Chelton etal. 1998; Holbrook et al. 2011; McGregor et al. 2012; Kessler and Cravatte 2013b)
(see Chapter 3 — Equation 3.3). An attempt to define a relationship between wind stress curl and
sea level using the approximation technique overlooks these deterministic parameters thereby

resulting in a compromised estimate.

The approximation approach used a leading time of 6 months for wind stress curl (i.e. sea level
lagging), which was determined heuristically from a set of correlations performed with island sea
level from consecutively increasing lead periods from 1 to 12 months. At the 6-month estimate, the
approximate speeds of the propagating Rossby waves (¢;) towards Fiji and Nouméa, based on the
distance between the proxy boxes and the study sites, equated to 0.19 m/s and 0.12 m/s
respectively. These values are on a comparable range with those in existing literature, e.g. White et
al. 1985, Chelton and Schlax 1996, Palanisamy et al. 2015a, and when using the relationship
between the long Rossby wave speed (¢;) and the internal long gravity wave speed (¢) (see Chapter
3 — Equation 3.3), they yield a first baroclinic gravity wave speed of 2.8 m/s, in agreement with
reported values in the focus area (Chelton et al. 1998). Propagation speeds in the western basin are
higher compared to the eastern as a result of variations in stratification, which is much stronger at
the western end. For example, the Rossby wave speed in the equatorial Pacific increases from about
2.2 m/s off the coast of Ecuador to about 3 m/s near the dateline (e.g. Chelton et al. 1988; Lu et
al. 2013). Zonal averages are therefore often used to describe propagation speeds or determine east-
to-west transit periods. At the aforementioned speeds, the Rossby waves would take 3-4 years to
cross the Pacific basin from its eastern boundary before reaching Fiji and 5-6 years before reaching
Noumeéa (Qiu and Chen 2006), which would be the duration for the associated sea level changes to
manifest at the islands. A 6-month lead period thus represents a Rossby wave on the ending segment

of its cross-basin transit.

Compared to the main experiments employing the Rossby wave model, correlation between the
dominant regressor and the thermosteric sea level reduces from high to a medium range, and the
percentage variance of the predictand replicated declines from majority to less than 50% (Chapter
6— Table 6.8). These statistics lie within a similar range as those between the dominant regressor
and the predictand for the main and the approximation method MLR experiments (Appendix —

A.2) as the predictand is dominated by the thermosteric component.

A potentially compensating advantage of the approximation method MLR models, on the other
hand, is consistency in the selected set of regressors in the calibrated model, which is absent in the
main Rossby wave model experiments. This feature certainly does not balance out the overall
variance lost in using the wind stress curl proxy box over the Rossby wave model, but is a key

element for robustness in any regression model.
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Despite these limitations, the approximation method is able to model sea levels with overall high
correlation with the predictand and explaining the larger majority of the predictand variance (70-
80%, ~ 10%< main MLR models) (Chapter 6 — Table 6.5), optimizing the MLR technique upon
the limited skill of the dominant regressor and a more representative set of local regressors.
However, while the approximation method MLR models exhibit this level of skill, their limitations
become more obvious in the stationarity tests (Chapter 5 — Section 5.3). Thus, other than for

comparative purposes, the use of a Rossby wave model is always recommended for similar studies.

6.2 Stationarity

Results from the stationarity tests illustrated the MLR models’ capacity to retain fair skill when
being applied to a different period from the one used for calibration (Chapter 5 — Section 5.3). As
the study focused on interannual-to-decadal scale sea level variability, the stationarity was test was
conducted on a dataset spanning just above the minimum two decades required (26 years — 1988-
2014). Given a longer duration of the predictand/regressor datasets spanning several decades, it

would have been possible to perform a more robust test of stationarity.

Aside from possible evolutions in predictand-regressor relationships over time, model stationarity
depends on the robustness of the calibration between the predictand/regressor datasets. The
reconstructions also demonstrated particular sensitivity to trends, which vary with the time frame
selected and acting climate modes, and determine offsets between the calibrated and reconstructed

time series (applicable only when temporal mean over the calibration period is not equal to zero).

This section discusses the concept of stationarity in the broader sense of statistical downscaling,
particularly with regards to sea level rise in the context of its components, plus their evolution over
time. Note that the discussion does not cover vertical land motion (both natural and anthropogenic),

which may be aptly incorporated as a correction to the modeled time series for future projections.

In this study, the MLR model represents (1) the deterministic regional component and (2) relatively
minor local drivers. The rising GMSL, which is the product of thermal expansion and mass change,
is effectively removed from the MLR by removing the GMSL trend from the predictand time series
(Chapter 3 — Section 3.6.2.1). Assuming little-to-insignificant adjustments in predictand-regressor
relationships over extended periods (decadal-to-century scale), a robust model can be presumed to
simulate the combined regionally and locally defined part of island sea level changes with practically
the same success rates for future scenarios. However, land-ice mass loss (from glaciers and ice sheets)
is projected to increase continuously in response to ongoing warming trajectories. Thermal
expansion 18 also committed to continue for centuries, and is projected to remain the dominant
contributor to GMSL rise over the 21st century (e.g. Church et al. 2013, Golledge et al. 2015).
However, unlike for the barystatic component, the regional signatures of steric component are

heterogeneous and may overlap with regional variability (e.g. Fukumori and Wang 2013; Slangen

138



et al. 2014b; Forget and Ponte 2015). As the island sea levels result from the global, regional and
local components of sea level changes and their interactions, an increasing GMSL would explain a
larger proportion of total sea level, and the relative proportion of the combined regional and local
components to total sea level is set to decline accordingly. In other words, an MLR model calibrated
robustly over a given timespan at the start of the 21st century and then applied towards the end of
the century, even when hypothetically retaining the maximum of its simulation skills, would
produce a simulation with a reduced percentage of explained variance of the total island sea level
(including the GMSL). The MLR model would be simulating precisely what it has been designed
to, and the time-evolution of unrepresented components should not break the stationarity
hypothesis of the model. Hence, if the only significant change in the predictand over two periods is
the relative proportion of the global component, the modeled (regional + local) plus adjusted global

component should remain more or less equivalent.

Regarding the barystatic component in particular, its relatively uniform signature and predictable
fingerprint in future sea level projections (Bamber and Riva 2010; Slangen et al 2014a) make it an
unsophisticated adjustment to apply to the MLR model simulated sea level output for future
scenarios (as an a-posteriorns addition). For the steric component of the global mean, the adjustment
may be more difficult to apply due to its uneven signature and overlap with the regional climate

modes.

The other aspect to consider with regards to stationarity is nonlinearities arising within the ocean
over extended periods. The concept of nonlinearities in the ocean is quite broad, with
manifestations in different forms or features pertaining to sea level, and often with overlaps amongst
the constituents. Non-linearities can occur, for example, in the thermosteric component (e.g.
Rugenstein et al. 2016; Yin et al. 2010, as well as in variations in strengths of individual regressor-
predictand relationships (Han et al. 2017), or in the proportionate mechanisms inducing sea level
change during different ENSO and decadal variability events (Moon et al. 2015; Han et al. 2017).
Note that the latter two may also be perceived as limitations of the linear regression technique itself
(Section 6.1).

Of special importance is the evolution of thermosteric sea level over time and depth. While ocean
heat uptake dominates the sequestration of the planet’s excess heat due to global warming (e.g.
Church etal. 2011), the perturbed ocean can take up to millennia to reach a full equilibrium (Rhein
et al. 2013; Goosse 2015). On timescales of centuries to millennia, thermal expansion becomes
nonlinearly dependent on forcing levels and surface warming. Nonlinearity results from (1) the
nonlinearity of the equation of state, whereby the expansion coefficient of seawater increases with
temperature and lowered pressure (e.g. Vallis et al. 2005; Palter et al. 2014), (2) the transient effects
of higher heat uptake with time, but with simultaneous transfer of larger fractions into the deep
ocean layers, where thermal expansion is lesser (e.g. Boé et al. 2009; Winton et al. 2010; Rose and
Rayborn 2016), and (3) forcing level and ocean circulation/mixing dependent heat uptake (e.g.
Rugenstein et al. 2016; Kuhlbrodt and Gregory 2012 ). Consequently, it becomes increasingly
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complex to distinguish short and long-term heat uptake patterns. Heat uptake by the ocean is
confined primarily to the upper ocean, however, the fraction that penetrates to the deeper layers
can comprise notable proportions of the total amplitude of thermosteric change, visible within
decades of the perturbation (Kuhlbrodt and Gregory 2012; Marshall et al. 2015).

Elaborating further on factor (2) from above, while historical and present day steric sea level rise is
essentially from the upper 1000 m of the ocean, studies on future sea level projections have found
significantly higher contributions from the layers below, which become quite distinct towards the
2nd half of the 21t century (Yin et al. 2010; Yin 2012). Considering the formulation of a statistical
model of the type presented in this study, the ocean layers used for the calibration and future
projection models thus becomes an important matter. So while the present MLR models have been
calibrated with steric components from the upper 700 m of the ocean (Chapter 4 — Section 4.2),
the same models applied in downscaling future sea level projections may need to incorporate deeper
layers to simulate the same proportion of variance, or acknowledge a higher contribution from the

unrepresented layers.

In summary, the evolution of the represented components of sea level relative to each other (e.g.
local, regional, global) over time 1s a key factor in determining the success rate of the MLR model
for future projections. Even if a skillful model retains its robustness for simulating, say the regional
and local components, the total percentage variance simulated would be lower if the global mean
undergoes a comparative marked increase. In addition, particularly considering nonlinearities in
the thermosteric expansion of sea water, it should be noted that the MLR model designed here is
intended for applications typically in decadal-to-century scale projections. Depending on the
intended use, it 1s critical to separate decadal and century scale GCM simulations which would
function as input datasets for the statistical model (different GCM runs for different timescales).
Similarly, depth-specific contributions to the total steric rise over these time frames should be
adjusted for accordingly. As the nonlinearities discussed are beyond the scope of the MLR model,
it is recommended that time and region dependent (e.g. Dewar et al. 2003) nonlinearity estimates,
even in the form of uncertainty ranges, are incorporated in the downscaled sea level time series for

more reliable projections.

6.3 Comparison with ENSO, IPO indices

ENSO and IPO/PDO are the leading modes of climate variability in the Pacific region on
interannual and decadal timescales respectively (Chapter 2 — Section 2.1.6). While these frequencies
are of focus in the present study, the primary analysis does not separately examine ENSO and
IPO/PDO in the context of the MLR model, concentrating rather on the manifestation of
interannual-to-decadal variability in regional wind forcing (leading driver). This section presents a

correlation analysis between the Nifio 3.4 (ENSO), IPO indices and (1) the dominant wind stress
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Figure 6.2: Time series of the Nifio 3.4, IPO indices versus the dominant wind stress curl regressor for the main
(Rossby wave model) MLR experiments over 1988-2014. Nifio 3.4 time series are shown as green lines, IPO as
orange lines, and dominant regressor as blue lines. Note the change of sign between the index time series between
the Fiji sites and Nouméa. An arbitrary vertical offset has been added for the different curves for clarity reasons.
+ive stands for positive, -ive stands for negative.

curl regressor in the MLR experiments, plus (2) the predictand sea levels over the study period
(detrended). Here, IPO has been used over PDO to represent decadal variability in the study region
as the former extends across the entire Pacific basin while the latter is mostly confined to the North
Pacific (Chapter 2 — Section 2.1.6.3) (Mantua et al. 1997; Zhang et al. 1997; Folland et al. 1999;
2002; Mantua and Hare 2002). Figure 6.2 illustrates how the Nino 3.4, IPO indices and the
dominant regressor vary with respect to each other. Here, 10-12 month lags have been applied to
the regressor time series for the Fiji sites and 7-9 month lags for Nouméa for correlations with the
Nino 3.4 index (i.e. indices leading; note that the Nino 3.4 and IPO index time series are shown
over concurrent times). For correlations with the IPO index, the lag times were extended to
approximately 3 years for the Fiji sites, and 3.5-4 years for Nouméa (e.g. Holbrook et al. 2011;
Dong and Dai 2015). The Nifio 3.4 index, consistent with the rest of the datasets used throughout
this study, has been processed using the same filters described in Chapter 3 — Section 3.2
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r - Nifo 3.4 index vs. r - IPO index vs.
e 13;;;?;? Island sea level 13;;;?;? Island sea level
Wind stress curl dominated MLRs — ORA-S4

Suva -0.74 -0.74 -0.50 -0.28
Lautoka -0.72 -0.71 -0.52 -0.26
Nouméa 0.44 0.36 0.41 0.40

Wind stress curl dominated MLRs — Tide gauge

Suva -0.74 -0.55 -0.53 0.01
Lautoka* -0.74 -0.66 0.25 -0.14
Nouméa 0.53 0.22 0.33 0.32

Table 6.1: Correlation coefficient (r) between the Nifio 3.4, IPO indices and the (1) dominant wind stress curl
regressor, (2) island sea level for the main (Rossby wave model) MLR experiments over 1988-2014.

Correlation coefficients are significant at the 95% level.

*Note that the Lautoka tide gauge covers the period 1993-2014 only

(detrended, deseasonalized, 1.2 year low-pass filtered), preserving interannual-to-decadal scale

variability.

For the IPO index, the cut-off frequency in the low-pass filter was changed to 13 years to isolate
decadal-to-multidecadal scale variability (e.g. Power et al. 1999; Folland et al. 2002; Henley et al.
2015). For convenience of illustration, the indices time series have been inversed to match the
regressor’s where appropriate (Fiji sites; note aforementioned opposite phasing between Fiji and

Nouméa sea levels).

Table 6.1 provides correlation coeflicients between the indices and regressor time series presented
in Figure 6.2, as well as island sea level. At common frequencies, the Nifio 3.4 and IPO indices are
highly correlated with each other (r = 0.92-0.95) (e.g. Zhang and Church 2012), with some extent
of modulation of ENSO events by decadal variability (Power et al. 1999; 2006; Verdon and Franks
2006).

Consistent with ENSO signatures in the western Pacific (Chapter 2 — Section 2.1.6.2), the Nino 3.4
index has a relatively strong negative correlation with island sea levels at Fiji (Table 6.1 — ORA-
S4). The Nouméa time series, whose sea level patterns are in opposite phasing to Fiji’s, has a low
positive correlation with the Nino 3.4 index. Correlations with tide gauge sea levels and the
simplified approximation method wind stress curl proxies, produce comparatively lower coeflicient

values than the others, as expected (Chapter 6).

Where both the island sea levels and the dominant regressor datasets are known to be more robust

(e.g. main ORA-S4 experiments), the Nifo 3.4/island sea level and Nifio 3.4/dominant regressor
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correlation coefficients are similar (T'able 6.1), indicating corresponding responses in wind forcing

and in sea level to the phases of ENSO.

In regards to possible modulating effects of IPO on the effects of ENSO, as has been observed for
variables such as rainfall and sea level in certain areas (e.g. Power et al. 1999; Moon et al. 2015),
the present results do not reveal any discernible patterns between the magnitude of the ENSO
influence on island sea level and the phases of IPO (Figure 6.2). Moon et al. 2015, for example,
demonstrated the modulated behavior of tropical Pacific sea levels under interannual and decadal
oscillations. However, their results reflect the averaged regional response and not necessarily sea

level at individual stations, especially those outside the 15° equatorial band.

Correlation values with the IPO index are generally much lower in comparison to Nino 3.4,
especially for Fiji sites (Table 6.1). Yet, the IPO statistics are limited by the length of the time series

for analyzing decadal variability (26 years), as is the determination of precise lag periods.

Additionally, it is important to note that the statistics obtained in Table 6.1 are sensitive to the
datasets used as well. As observed earlier with the MLR results (Chapter 5 — Section 5.2), evaluation
metrics are generally higher when there is underlying consistency between the datasets involved
(ORA-S4 predictands), and are compromised in the presence of biased datasets (e.g. tide gauge

records for Suva and Nouméa — Chapter 5 — Section 5.1) or ineflicient proxies.

6.4 Global warming and regional variability

Most sea level studies focusing on regional or local scales effectively remove the GMSL in order to
separate the different signals acting at these scales (e.g. Timmerman et al. 2010; Suzuki and Ishii
2011; Meyssignac et al. 2012; Palanisamy et al. 2015a, b; Sterlini et al. 2016; Han et al. 2017). The
same practice has been adopted in this study as well; the MLR model has a regional component
(dominant regressor) and a local component (combination of minor regressors), while the global
global component is left out and adjusted for by removing the GMSL trend from the predictand
time series (Chapter 3 — Section 3.6.2.1). This section discusses the implications of removing the

GMSL from the island sea level time series as such.

Firstly, the leading climate variability modes in the Pacific, ENSO and IPO/PDO, have been
shown to modulate the GMSL trend (e.g. Zhang and Church 2012; Hamlington et al. 2014;
Palanisamy et al. 2015b; Han et al. 2017). Thus, removing the GMSL also intrinsically removes a
small internal climate variability signature, which is still being incorporated into the MLR model

as the regional component.

The second point of perspective arises from the distinct spatial heterogeneity of dynamic
contributors to sea level rise in response to external forcing, both historically and in projections of
future sea level rise (e.g. Yin et al. 2010; 2012; Becker et al. 2012; Bouttes and Gregory 2014;
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Bordbar et al. 2015; Slangen et al. 2014a, b; Slangen et al. 2015). The GMSL then translates into
a rather uniform barystatic component (at least in the tropical band, far from ice sheets) (e.g.
Bamber and Riva 2010; Slangen et al 2014a) and a steric component that varies highly across the
world’s oceans. Considering that the thermosteric component is dominant in the tropical Pacific,
and that it is regionally driven, there might be a lack of clear distinction as to how much of the
thermosteric change is induced by natural climate variability modes and how much by
anthropogenic warming. If most of the total thermosteric change in tropical Pacific is indeed
attributable to internal climate variability, it is plausible that removing a full, uniform GMSL trend

is removing part of the regional signal (non-anthropogenic) as well.

Accordingly, the study of Merrifield 2011 implies that the western Pacific displays negligible GMSL
increase, with recent trends driven primarily by wind stress curl changes. Others, using hindcast
experiments have obtained results closer to the observed patterns when the full GMSL trend has
been incorporated into the simulations (McGregor et al. 2012). Thus, more research is needed to
better quantify the relative extents of internal variability and thermal expansion in regional steric

sea level changes.

6.5 Comparison with other sea level downscaling experiments

Sea level downscaling, especially at local scales, is a relatively new domain. This section will
compare the success rate of the MLR model developed here to other statistical and dynamical

models from recent years, assessing its relative potential for practical applications.

Of the various downscaling experiments considered here, the statistical model presented in Sterlini
et al. 2016 bears closest comparison to that in this study. Both studies feature MLR models identical
in formulation, with Sterlini et al. 2016 targeting an area of the North Sea off the Danish coast over
the altimetry era (compared to individual stations presented here). The study uses satellite altimetry
sea level observations as the predictand and local (wind, SST) plus remote (SLP, NAO index)
drivers as regressors. The MLR model of Sterlini et al. 2016 was able to explain at least 80% of
sub-decadal variability in the Danish North Sea, which is along the same range as the MLLR model
presented here. In comparison with the direct use of the NAO index in Sterlini et al., the Pacific
ENSO and IPO/PDO indices can be regarded as being represented here by their manifestation
through the dominant wind forcing, the thermosteric component and local SST. To select optimal
regressors, Sterlini et al. uses an objective hierarchical selection method based on variance inflation
factors, analogous to our stepwise regression function (Chapter 3 — Section 3.1.2). While Sterlini
uses the MLR to concomitantly identify major contributors to sea level variability in their study
area (local wind, SST, SLP), the MLR in this thesis is based on long-established knowledge that

tropical Pacific sea levels are largely governed by regional variability.
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The stepwise and MLR technique are also used in Dangendorf et al. 2013a, who characterize sea
level variability at Cuxhaven, also in the North Sea, at different frequencies in terms of
atmospheric/oceanic variables (wind stress, SLP, precipitation). The Cuxhaven tide gauge record
is amongst the longest available worldwide and the study analyzes 138 years of data to find seasonal
sea level variability driven mainly by meteorological forcing, where zonal wind stress was dominant,
and decadal variability modulated by the NAO and a relatively weakened meteorological influence.
The strength of the models developed in Dangendorf et al. 2013a varied season-wise, explaining
between 54% (spring) and 90% (winter) of the observed sea level variance. During the model
validation and sensitivity analysis, it was shown that at least 60-80 years of data was needed to
estimate robust and time independent regression coeflicients at seasonal timescales. Similar MLR
models are used in Dangendorf et al. 2014, extending the focus area to the broader North Sea with
22 tide gauge records spanning 140 years (late 19t century to early 21s). The study examines intra-
annual to decadal scale sea level variability, and consistent with the findings of the earlier study
(Dangendorf et al. 2013a) shows intra-to-interannual sea level variability driven mainly by local
atmospheric forcing (sub-region specific — IB effect and wind) and decadal variability by remote
forcing (steric). Performance of the MLR models developed varied by site, the percentage variance
explained ranging from approximately 30% to 90% (avg. R2 = 65-70% avg.). The study also
illustrated how information from statistical downscaling can be applied in various other ways than
for future sea level projections only (e.g. linear trends, possible acceleration, time of emergence,

related planning/adaptation works).

Dangendorf et al. 2013b used EOF derived atmospheric proxies as main regressors in an MLR
model for sea level in the German Bight (southeastern North Sea), similar to Albrecht and Weisse
2012. The model is based on the hypothesis that seasonal to decadal sea level variations in the focus
area are dominated by atmosphere-ocean interactions, and the proxy regressors are computed as
the leading principal components of SLP anomalies over (1) Scandinavia and (2) the Iberian
Peninsula. This approach is similar to the use of climate indices as regressors. The PDO index, for
example, is described as the leading principal component of monthly SSTs in the North Pacific
(Chapter 2 — Section 2.1.6.3). Based on 13 tide gauge records spanning between 56 and 166 years
(mid 19t century to early 21+) as predictands, MLR models presented in Dangendorf et al. 2013b
were able to reproduce a high 72-81% of the observed sea level variance at the study sites. The
study further proceeded to generate downscaled GCM projections for sea level up till 2100, finding
an increasing contribution of atmospheric forcing. It is envisaged that the island sea level MLR
models developed in the present study would be employed in the same way to extract future

projections for planning and adaptation.

A particularly robust element in the aforementioned downscaling works (Dangendorf et al. 2013a,
b) is the model validation technique, analogous to the stationarity test employed in the present
study. Here, the researchers investigate two specific aspects: (1) whether the calibrated regression

coeflicients remain constant over time, i.e. independent of calibration period, and (2) the minimum
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duration of the data record required to calibrated robust, time independent regression coefficients.
This 1s achieved by means of splitting the data into sub-samples of different possible window sizes
and each sub-sample then used to calibrate a separate regression model. Starting from the bottom
of the dataset, each window is moved up consecutively to cover the entire period as a test of
stationarity. The window method is used to determine a realistic threshold after which the RMSE
remains below a set value, which gives both a specific range of regressor coeflicients and a minimum
data duration needed to estimate them. Encompassing different areas of the southeastern North
Sea and using quite different regressors, the two studies find slightly different mmimum data
durations for robust coeflicient calibration - 60-80 years in Dangendorfet al. 2013a and 40-60 years
in Dangendorf et al. 2013b. This validation test can be perceived as a more rigorous and efficient
alternate to the stationarity test used in the present MLR study, where the study period is divided
into halves without any a priori knowledge of a minimum calibration period. It would certainly be
useful in identifying more robust relationships between island sea level and the local regressors
(especially SST — surface heat flux) and overall calibrating a more precise MLR model. However,
the window method could not be used in this study due to a very limited data span (26 years).

The second type of downscaling — dynamical, engages a regional model to generate high resolution
simulations from a parent GCM (Chapter 2 - Section 2.2.1). For example, in Wolf et al. 2015, a
nested regional atmospheric model is combined with other specialized models to simulate local
mean sea level, surge, and waves over the north west European continental shelf, and generate
projections under different emission scenarios. Hamon et al. 2016 uses an ocean model with the
regional climate model Aladin-Climate (12 km resolution) to create a reanalysis product,
MEDRYS, for the Mediterranean sea. Few others, such as Adloff et al. 2018, have focused
specifically on sea level. Prompted by the lack of consensus amongst GCMs on future sea level
change in the Mediterranean, Adloff et al. 2018 uses an ensemble of 4 ocean regional models
(LMDZ-MED, CNRM-RCSM4, MORCE-MED, MED-12) to simulate seasonal to multidecadal
variability over 1980-2012. The results show substantial improvement in the downscaled sea level
signal in the Mediterranean Sea. Sasaki et al. 2017 uses a regional ocean model together with
observations and historical CMIP3 simulations to examine interdecadal sea level variability around
Japan between 1906 and 2010. The model was able to successfully simulate main variability
patterns and trends over this period, revealing the latter to be driven by wind stress curl and the
former by heat and freshwater flux forcings. These results re-emphasized the significance of natural
internal variability vs. recent rising trends in assessing regional sea level change. The same regional
model is used with different parent GCMs by Liu et al. 2016 to simulate historical runs for the sea
level in the western North Pacific, and then generate future projections over the 21st century. They
find projected changes to the Kuroshio extension in the downscaled simulations to be related to

northward shifts in its position or its intensification under climatic changes

The evaluation schemes for dynamically downscaled output are more diverse than those typically

used for statistical, with comparisons drawn not only against observations but against simulations
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from parent and GCM ensembles as well (model spread) (Adloff et al. 2018; Wolf et al. 2015;
Hamon et al. 2016; Liu et al. 2016; Sasaki et al. 2017).

From the various studies cited in this section, it is quite evident that most downscaling research
projects on sea level have been conducted outside the Pacific islands region, despite being a region
where vulnerability to climate change and sea level rise is amongst the highest across the globe (e.g.
Mimura 1999; Barnett & Campbell 2010; Webb and Kench 2010; Nurse et al. 2014; Wong et al.
2014; Garschagen et al. 2016). It is thus recommended that the Pacific becomes the focus of more
downscaling studies, which would not only cover for the lack of information at local scales but allow
for more comprehensive inter-model comparisons. Given a more extensive array of both statistical
and dynamical downscaling studies on the same variables (e.g. Hanssen-Bauer et al. 2003; Fowler
et al. 2007; Spak et al. 2007), uncertainties in projections can be reduced to much narrower margins

and thus be applied in developing more efficient adaptation measures.

6.6 Practical concerns for future applications

The end use of a statistical model of the type developed in this study is for applications in extracting
future island sea level projections. The use of the statistical model for such purposes is typically with
GCMs, whose simulated outputs would function as input regressors in the MLR formulation.
However, applying the MLR model in this way would not always be a straight-forward process,
with several aspects to be considered/verified before proceeding to the projections. This section

discusses such aspects in light of existing literature and formulation specifics of the MLR model.

A key concern in using GCMs for downscaling applications is the presence of bias in simulations
(e.g. Flato et al. 2013; Wang et al. 2014). While coupled climate models have progressed greatly in
terms of resolution, parametrizations, and overall understanding of the climate system since the
first generation, the existing models are not perfect. Known biases in models include errors in large-
scale precipitation patterns (e.g. Christensen et al. 2008), cloud processes (e.g. Kay et al. 2012;
Lauer and Hamilton 2013), and sea ice extent (e.g. Collins et al. 2011; Bracegirdle 2015), and the
more pervasive ones for the Pacific region are the equatorial cold tongue (e.g. Zheng et al. 2012; L1
et al. 2016b), zonal SPCZ (e.g. Brown et al. 2013; Niznik et al. 2015), double I'TCZ (e.g. Hirota et
al. 2011; Oueslati and Bellon 2015; Zhang et al. 2015; Xiang et al. 2017) and biases in the tropical
mean state (e.g. Li and Xie 2014; Zhou and Xie 2015; Richter et al. 2016).

The biases are interrelated due to strong interactions between the processes involved, where either
errors or improvements in the representation of a particular parameter are reflected in the
simulation of another associated parameter (e.g. McDonald 2011; Woollings et al. 2012; Wang et
al. 2014; Oueslati and Bellon 2015). Both the double ITCZ and the zonal SPCZ, for example, have
been linked either directly or indirectly to the tropical Pacific SST biases in GCMs (Bellucci et al.
2010; Brown et al. 2013; Oueslati and Bellon 2015).
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For the MLR model in the present study, the relevant variable for applications with GCMs would
be wind stress, which in turn would be used to force a linear Rossby wave model. An example of
this has already been shown in Timmerman et al. 2010, who use such a model to quantify the direct
forcing effects of wind on past and future regional sea levels in the southern Indo-Pacific. The study
is one of the many illustrating the importance of understanding wind stress trend evolution with
greenhouse warming to estimate future regional sea level rise in the tropics (e.g. Lowe and Gregory
2006; McGregor et al., 2012; Timmerman et al. 2012; Nidheesh et al., 2013). Wind stress anomaly
patterns in the tropical oceans are largely determined by SST changes in response to greenhouse
warming. The induced SST changes generate local and remote wind stress curl anomalies, which
drive westward propagating Rossby waves and Ekman pumping and subsequently produce
thermocline depth and sea level change (Gill 1980; Timmerman 2010). Yet, SST biases are indeed
present amongst coupled GCM simulations over the tropical Pacific (e.g. Bellucci et al. 2010; L1
and Xie 2012; Oueslati and Bellon 2015) and biases noted in wind stress simulations as well (Swart
and Fyfe 2012). In this way, GCM limitations can still infiltrate downscaled simulations,
compromising the primary objective of downscaling. Biases in climate models could be partially
compensated for in the MLR models in the calibration phase, where each variable is assigned a
specific proportion of the island sea level variance. However, non-stationarity of biases would affect
MLR predictions over future periods. More coupled GCM experiments and/or flux-corrections
are certainly needed to improve current estimates. The latter, however, has been noted to affect
the stability of the coupled atmosphere-ocean system and thus may not always be an optimum
option (Neelin and Dijsktra 1995; Timmerman et al. 2010). Hence, considering the strengths and
limitations of resources existing in the climate modelling domain, it is important to use GCM
simulations for downscaling applications with caution, and with appropriate uncertainty ranges

included in the final projections.

In terms of reference baselines and future scenarios for which projections are generated, note that
with the ocean-atmosphere system being chaotic, climate models cannot reproduce the exact
phasing of climate mode variability as in observations (e.g. Knutti et al. 2010; Dangendorf et al.
2013b). However, even with different phasing in temporal evolutions, the GCM simulated time
series bear similar statistical characteristics to the observed time series, and statistical distributions
of observations and simulations can be used to identify corresponding periods. Thus, for refined
projections based on specific baseline periods, quantile-quantile plots can be used to match MLR

model calibration periods and GCM hindcast slices (e.g. Dangendorf et al. 2013b).

Moreover, a crucial aspect to take into account for practical uses with sea level projections is vertical
land motion affecting the site of interest. Typically, any vertical land motion, natural or
anthropogenic, is not incorporated in the MLR model formulation. Yet, the observed sea level is
relative to land (relative and absolute sea level — Chapter 2, Section 2.1.5), which can undergo uplift
or subsidence from various causes. Vertical land motion along coastal zones can locally exacerbate

(subsidence) or dampen (uplift) the global and regional sea level rise signals (Day 2004; Hanson et
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al. 2011; Woppelmann and Marcos 2016). It is therefore strongly recommended that estimates of
vertical land motion at the sites of interest are considered in any MLR model formulation. In the
absence of GNSS/GPS records, the combination of altimetric and tide gauge sea levels can be used
to yield vertical land motion estimates (Cazenave et al. 1999) (e.g. Chapter 5 — Section 5.1). While
acknowledging the general unpredictability of vertical land motion rates, or even future occurrence
at previously stable sites, known estimates must indeed be integrated in the final sea level projection,

or the projection given with an associated uncertainty band.

Finally, while the Rossby wave model MLR method presented in this study can be directly applied
to other sites in the western Pacific, the technique can be easily adapted to other areas as well,
where the dominant regressor is different. In the eastern Pacific, for example, the dominant
regressor could be the eastern boundary forcing) (Fu and Qiu 2002; Qiu and Chen 2006; Lu et al.
2013). Similarly, the MLR method can be used for local sea level studies across the globe, with the

dominant and minor regressor combinations adjusted accordingly.
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7. Conclusion and recommendations

7.1 Summary and conclusions

Motivated by recent sea level rise trends in the western Pacific and the growing vulnerability of
islands in the region, this thesis focused on constructing a statistical model for island sea levels at 3
selected sites — Suva and Lautoka (Fiji), and Nouméa (New Caledonia). A multiple linear regression
approach was used to construct a statistical model for sea level on interannual-to-decadal timescales
over the period 1988-2014, where the regressors comprised of a set of selected oceanic and
atmospheric variables. Here, wind stress curl functioned as the dominant regressor or predictor for
island sea level, based on the knowledge that wind stress curl anomalies drive the westward
propagation of Rossby waves, which in turn modulate the thermocline depth and hence the
dominating thermosteric component in the region (thermosteric change proportional to
thermocline displacement in the tropical zone). Wind stress curl represented the governing regional
component of island sea level, while the local component was represented by the minor regressors
— halosteric sea level (salinity, freshwater fluxes), zonal and meridional wind stress (wind set-up),
and SST (surface heat flux). The MLR model did not incorporate the global mean sea level
(GMSL), with the GMSL trend removed from the predictand sea level time series before model
formulation. A linear, reduced gravity shallow water model (Rossby wave model) functioned as
integral constituent in the MLR methodology, simulating the wind forced response of the ocean as

Rossby wave modulated thermocline displacement.

The MLR model was successfully able to reproduce the larger majority of predictand sea level
variances, with high correlations between the modeled and predictand time series (avg. R2 = 80%,
avg. r = 90%; Chapter 5 — Section 5.2.2). The evaluation metrics were on a similar range as those
of other statistical downscaling models for sea level in different regions (Chapter 6 — Section 6.5),
evidencing that the skill of the developed MLR model matches up with established standards of

others in the domain of statistical sea level downscaling.

Using the MLR downscaling approach, the study presented a practical illustration of existing
knowledge that western tropical Pacific sea level variations are governed by regional wind forcing
on interannual-to-decadal timescales. A particularly important result is that the governing wind
forcing, being large-scale, can be simulated by the latest ocean-atmosphere coupled GCMs, with
the MLR model bridging the gap between high resolution, local scale information and low
resolution climate models. While this indeed holds great potential for refining sea level projections
for vulnerable islands, known GCM biases over the tropical Pacific must be acknowledged as a
major source of uncertainty and GCM output should be used with caution. Particular caution must
be exercised when using gradient bands/areas of GCM simulated variables as a source of
information (proxy boxes, etc.), as minor deflections would result in large differences in the final

result.
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The mass contribution to sea level changes from glaciers and ice sheets is much smaller relative to
the dominant steric component in the study area, as stated in previous studies and demonstrated in
the preliminary steric plus mass MLR experiments (Chapter 5 — Section 5.2.1). Owing to its low
overall contribution to island sea level variations over the past and unavailability of the GRACE
mass dataset over the full 1988-2014 study period, the mass contribution was not included in the
main set of MLR experiments. However, despite its low contribution, mass constitutes a statistically
significant portion of the total variance, and is expected to increase markedly with warming trends
over future decades (1.e. proportion of mass change relative to the steric increases significantly). This
does not render the MLR model mapplicable to future projections sea level, since the mass
contribution can be applied as an a-posterior: correction (addition) to the simulated output. Unlike
the dynamic steric sea level component, projections for the mass change component have a largely
uniform signature across the globe and a generally predictable fingerprint, which makes it a fairly

uncomplicated adjustment to incorporate in the MLR simulation.

As the ultimate aim for developing a such a statistical model is to apply it to future projections of
island sea level, a stationarity test was incorporated into the study. The skill of the MLR model was
indeed compromised to some extent when applied to a period other than which it was calibrated
over, yet the model still retained potential for future projections (Chapter 5 — Section 5.3). Since
the study focused on interannual-to-decadal sea level variability, the 1988-2014 period provided
just over the minimum two decades of data needed to conduct such a stationarity test. It is also
worth acknowledging that assumption of stationarity is one of the main limitations of statistical
downscaling. Provided a more extensive data span, however, stationarity testing of the MLR
method can be optimized via more robust model validation techniques, which test the consistency
of regression coeflicients over time and simultaneously determine a minimum data duration

required to calibrate such coeflicients (Chapter 6 — Section 6.5).

When applying the MLR methodology either for calibrating a new model or for generating
projections, it is crucial to take into account any vertical land motion affecting the site/(s) of interest.
In the current study, MLR models calibrated with ORA-S4 sea levels produced better agreement
with the predictands (r, R2), while those calibrated with subsidence or uplift inflicted tide gauge
records naturally resulted in lower metrics. The MLR model does not incorporate vertical land
motion in its formulation. Thus, where tide gauge records serve as the sole predictands for MLR
models, it is critical that any form of vertical land motion is assessed and corrected for prior to
model calibration. Similarly, in projections generated with the MLR model, estimates of uplift
and/or subsidence rates need to be included in the final value or in the uncertainty range where

possible.

Overall, despite any current limitations and potential GCM-related uncertainties in future
projection applications, the MLR model is indeed a step forward in refining climate/sea level

information for adaptation planning and risk reduction in the Pacific islands.
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7.2 Recommendations for future research

Given that high resolution sea level simulations and future projections for vulnerable islands across
the Pacific are quite scarce, a foremost recommendation is for more downscaling studies in the
region. Even for the present MLR study, the vast majority of reference experiments are from
Europe, with no local or regional downscaling studies for comparison. With development of
initiatives in both statistical and dynamical downscaling of island sea level, not only will the
knowledge gap be filled but projections can be further refined from inter-comparison of future sea

level estimates.

Secondly, having presented a detailed MLR model calibration process in this study, the primary
follow-up experiment would be deriving projections for future sea levels using GCM simulated wind
stress curl as the dominant regressor. With the island sea level projections generated, it would be
interesting to compare the changes projected to estimates of future regional and global sea level
change from other studies. A projection-aimed study based on the present MLR models is a

befitting follow-up project.

The final recommendation from this study is to extend the MLR methodology to other vulnerable
sites across the Pacific, adjusting the dominant and minor regressors combinations as necessary to
best represent the predictand sea level. Given the overall simple and computationally inexpensive
procedures, the MLR model can be applied easily to other islands, producing valuable information

on both past and future sea level variations.
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Conclusion générale (en francais)
Résumé et conclusions

Motivée par les tendances récentes de la hausse du niveau de la mer dans le Pacifique tropical ouest
et 'augmentation de la vulnérabilité associés aux iles de la région, cette these se focalise sur la
construction d'un modele de descente d’échelle statistique du niveau de la mer sur trois sites cotiers
insulaires sélectionnés - Suva et Lautoka (Fidji), et Nouméa (Nouvelle-Calédonie). Une approche
de régression linéaire multiple (MLR) a été utilisée pour construire un modele statistique des
variations interannuelles a décennales du niveau de la mer sur la période 1988-2014, en utilisant
un ensemble de variables océaniques et atmosphériques pour les régresseurs du niveau de la mer
local. Le rotationnel de la tension de vent est identifié comme régresseur (également appelé
prédicteur) dominant du niveau de la mer local cotier sur les trois sites insulaires. Ce choix se justifie
par le fait que les anomalies du rotationnel de tension de vent génerent des ondes de Rossby longues
se propageant vers ’ouest. Ces ondes modulentla profondeur de la thermocline et, les changements
du niveau de la mer thermostérique étant proportionnels au déplacement de la thermocline dans
les tropiques, les ondes de Rossby longues modulent également le niveau de la mer. Le rotationnel
de la tension de vent représente donc la composante régionale majeure du niveau de la mer des
iles, tandis que les régresseurs locaux sont des variables régressives mineures : le niveau de la mer
halostérique (induit par des changements de densité liés a des changements de salinité, flux d'eau
douce), la tension de vent zonale et méridienne et la température de surface de 'océan (SST, flux
thermique en surface). Le modele MLR ne tient pas compte des évolutions du niveau moyen global
de la mer (GMSL), la tendance GMSL ayant été retirée de la série temporelle du prédictand du
niveau de la mer (observation du niveau de la mer sur laquelle le modele est calibré et qu’il cherche
a reproduire) avant la calibration du modele. Un modéle linéaire a gravité réduite en
approximation d’eau peu profonde (modele d’ondes de Rossby) fait partie intégrante de la
méthodologie MLR, simulant la réponse de I'océan a la tension de vent sous forme de déplacements

de la thermocline modulés par les ondes de Rossby.

Le modele MLR parvient a reproduire la grande majorité de la variance du niveau de la mer, avec
de fortes corrélations entre les séries temporelles prédites par le modele MLR et les prédictands
(moy. R2 = 80%, moy. r = 90%; Chapitre 5 — Section 5.2.2). Les performances du modele MLR
sont comparables a celle d'autres modeles statistiques de descente d'échelle du niveau de la mer
dans différentes régions (Chapitre 6 — Section 6.5), démontrant que le modele MLR développé
correspond aux normes établies par d’autres méthodes dans le domaine de la réduction d'échelle

statistique du niveau de la mer.

En utilisant l'approche de descente d'échelle MLR, I'étude a présenté une illustration pratique des
connaissances actuelles selon lesquelles les variations du niveau de la mer dans le Pacifique tropical
ouest aux échelles de temps interannuelles a décennales sont dominées par le forcage régional du

vent. Un résultat particulicrement important est que le forcage du vent a grande échelle peut étre
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simulé par les modéles de climat (modéle de circulation général —GCM- couplés océan-
atmosphere), avec le modele MLR comblant I'écart entre les informations a haute résolution a

I'échelle locale et les modeles climatiques a basse résolution.

S'l est vrai que cela offre des possibilités d'affiner les projections du niveau de la mer pour les iles
vulnérables, les biais des GCM sur le Pacifique tropical doivent étre reconnus comme une source
d'incertitude et les résultats des GCM doivent étre utilisés avec prudence et éventuellement corrigés.
Une attention particuliere doit étre exercée lors de l'utilisation de bandes / zones de gradient de
variables simulées GCM comme source d'information (boites proxy, etc.), car des déviations

mineures entraineraient de grandes différences dans le résultat final.

La contribution de la masse aux changements du niveau de la mer provenant des glaciers et des
calottes glaciaires est beaucoup plus faible par rapport a la composante stérique dominante dans la
zone d'étude, comme indiqué dans les études précédentes et démontré dans les expériences
préliminaires MLR (stérique plus masse) (Chapitre 5 - Section 5.2.1). En raison de sa faible
contribution globale aux variations du niveau de la mer des iles au cours du passé et de
I'indisponibilit¢ des données de masse GRACE sur toute la période d'étude 1988-2014, la
contribution de la masse n'a pas été incluse dans le groupe principal d'expériences MLR.
Cependant, malgré sa faible contribution, la masse constitue une partie statistiquement significative
de la variance totale et devrait augmenter sensiblement avec les tendances au réchauffement au
cours des prochaines décennies (c'est-a-dire que la proportion de changement de masse par rapport
a l'augmentation stérique augmente de manicre significative). Cela ne rend pas le modeéle MLR
inapplicable aux projections futures du niveau de la mer, car la contribution de la masse peut étre
appliquée comme une correction (addition) a posteriori a la sortie simulée. Contrairement a la
composante dynamique du niveau de la mer stérique, les projections de la composante de
changement de masse ont une signature largement uniforme a travers le monde et une empreinte
digitale généralement prévisible, ce qui en fait un ajustement assez simple a intégrer dans la
simulation MLR.

L'objectif ultime de I'élaboration du modé¢le statistique développé au cours de cette these étant de
I'appliquer aux projections futures du niveau de la mer pour les trois sites étudiés, un test de
stationnarit¢ du modele MLR a été intégré a 1'étude. La performance du modele MLR a
effectivement été réduite dans une certaine mesure lorsqu'll a été appliqué a une période autre que
celle pour laquelle il a été calibré, mais le modéle a néanmoins conservé son potentiel pour les
projections futures (Chapitre 5 - Section 5.3). Etant donné que I'¢tude s'est concentrée sur la
variabilité interannuelle a décennale du niveau de la mer, la période 1988-2014 a fourni un peu
plus du minimum de deux décennies de données nécessaires pour effectuer un tel test de
stationnarité. Il convient également de reconnaitre que 'hypothése de stationnarité est I'une des
principales limites de la réduction d'échelle statistique. Toutefois, si l'on dispose des données plus
¢tendues, les tests de stationnarité de la méthode MLR peuvent étre optimisés via des techniques

de validation de modele plus robustes, qui testent la cohérence des coeflicients de régression dans
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le temps et déterminent simultanément une durée de données minimale requise pour calibrer ces

coetlicients (Chapitre 6 - Section 6.5).

Lors de I'application de la méthodologie MLR pour calibrer un nouveau modele ou pour générer
des projections, 1l est crucial de prendre en compte tout mouvement vertical du terrain affectant le
(s) site (s) d'intérét. Dans la présente étude, les modeles MLR calibrés avec le niveau de la mer
ORA-S4 ont produit un meilleur accord avec les prédictands (r, R2), tandis que ceux calibrés avec
des enregistrements de marégraphie infligés par affaissement ou soulévement ont naturellement
entrainé des valeurs plus basses. Le modéle MLR n'inteégre pas le mouvement vertical du terrain
dans sa formulation. Ainsi, lorsque les enregistrements marégraphiques sont les seuls prédicteurs
des modeles MLR, 1l est essentiel que toute forme de mouvement vertical du terrain soit évaluée et
corrigée avant la calibration du modéle. De méme, dans les projections générées avec le modele
MLR, les estimations des taux de soulévement et / ou de subsidence doivent étre incluses dans la

valeur finale ou dans la plage d'incertitude si possible.

Dans I'ensemble, malgré les limites actuelles et les incertitudes potentielles liées aux GCM dans les
futures applications de projection, le modéele MLR constitue un pas en avant dans le raffinement
de I''nformation sur le climat / niveau de la mer pour la planification de I'adaptation et la réduction

des risques dans les iles du Pacifique.

Recommandations pour les recherches futures

Etant donné que les simulations a haute résolution du niveau de la mer et les projections futures
pour les iles vulnérables du Pacifique sont assez rares, une recommandation forte est de poursuivre
les études de réduction d'échelle dans la région. Méme pour la présente étude MLR, la grande
majorité¢ des expériences de référence proviennent d'Europe, sans la présence des études de
réduction d'échelle locale ou régionale pour comparaison. Avec le développement d'initiatives de
réduction a la fois statistique et dynamique du niveau de la mer insulaire, non seulement le déficit
de connaissances sera comblé, mais les projections pourront étre affinées par I'inter-comparaison

des futures estimations du niveau de la mer.

Deuxiémement, apres avoir présenté un processus de calibration détaillé du modele MLR dans
cette étude, le principal suivi de cette expérience serait de dériver des projections pour les niveaux
futurs de la mer en utilisant la courbe de contrainte de vent simulée par GCM comme régresseur
dominant. Apres avoir extrait les projections du niveau de la mer insulaire, il serait intéressant de
comparer les changements projetés aux estimations des changements régionaux et mondiaux futurs
du niveau de la mer d'autres études. Une étude basée sur les projections basée sur les modeles MLR

actuels est un suivi convenable du projet.

La derniére recommandation de cette étude est d'étendre la méthodologie MLR a d'autres sites

vulnérables a travers le Pacifique, en ajustant les combinaisons de régresseurs dominants et mineurs
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selon les besoins pour représenter au mieux le niveau de la mer prévu. Compte tenu des procédures
globales simples et peu cotiteuses en termes de calcul, le modele MLR peut étre facilement appliqué
a d'autres iles, produisant des informations précieuses sur les variations passées et futures du niveau

de la mer.
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Reftlection
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Reflection

Many would agree that the most challenging aspects of an academic thesis are the analysis and
the manuscript compilation. In retrospect, if there is any other part of the thesis journey that
calls for similar brainstorming and passion, albeit for a few months rather than years, it is
finalizing the thesis topic itself.

For me, downscaling was a concept that had captivated my interest since I was first introduced
to it during my Masters. The particular appeal of downscaling is that it is as interesting a
research method as it is a practical tool for responding to the climate challenges of today. As
we finalized the topic in our thesis committee, I looked forward to pursue downscaling in a
new direction — sea level.

Conducting the MLR experiments, it was fascinating to see how a technique so relatively
simple could have so much potential. In the Pacific region, where the need for practical
information on climate and ocean changes is paramount, this thesis is amongst the few studies
to focus on sea level downscaling, and amongst the first to use a statistical approach.

Today, as one small chapter of MLR downscaling closes with this thesis, more questions now
emerge: How would island sea levels reconstructed with a dynamical model compare to ours?
To what extent can the spread in sea level projections be reduced when the MLR model is
applied with CMIP5 models? These are just some of the many questions that can be followed
up after the MLR model has been put forward.

Embarking on this thesis was my first step into the world of oceanography. So engaging is this
field that a first step is enough to inspire many like myself for future endeavors in the big blue.

I conclude with this thought:

The wonders of the ocean are countless. Yet, what a sense of joy and satisfaction it is to uncover
one little mystery at a time.
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Appendix

A.1 Explained Variance formulations

The total (percentage) variance explained £V by a variable x with respect to another variable y 1is
defined as:

£V, = 100<1_m>

var(y)

where:
var = variance operator
x = component or reconstructed (modeled) series

y = total or predictand series

(Richter et al. 2012; Calafat et al. 2013; Storto et al. 2015; Sterlini et al. 2016).
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A.2 Potential regressor and predictand metrics

. Rossby SLA halosteric SLA T Ty SST
e r R2 (%) r R2 (%) r R2 (%) r R2 (%) r R2 (%)
ORA-54 - detrended
Suva 0.86 74.6 0.57 32.6 0.19 3.7 0.27 7.5 0.21 4.6
Lautoka 0.87 75.0 0.62 38.5 0.20 3.8 0.26 6.6 0.20 4.1
Nouméa 0.84 70.7 0.16 2.7 0.01 0.0 0.26 6.7 0.31 9.6
ORA-S4 - undetrended
Suva 0.85 73.0 0.46 21.5 0.22 5.0 0.29 8.2 0.25 6.2
Lautoka 0.84 70.0 0.53 27.7 0.10 1.0 0.26 6.6 0.19 3.4
Nouméa 0.84 70.0 0.22 4.9 0.03 0.1 0.23 5.3 0.41 16.5
Tide gauge - detrended
Suva 0.79 61.8 0.54 29.7 0.36 13.1 0.24 5.6 0.21 4.2
Lautoka™ 0.83 69.5 0.45 20.5 0.19 3.6 0.20 3.9 0.10 1.1
Nouméa 0.76 58.0 0.40 15.8 0.09 0.8 0.20 4.1 0.14 1.9
Tide gauge - undetrended
Suva 0.85 71.9 0.68 46.1 0.25 6.4 0.33 10.9 0.43 18.8
Lautoka 0.82 66.9 0.46 20.8 0.24 8.0 0.17 2.8 0.18 3.2
Nouméa 0.64 40.4 0.28 7.8 0.25 6.4 0.41 16.5 0.01 0.02

Table A.2.1: Correlation coefficient (r) between the predictand and individual linearly fitted regressors (Rossby wave SLA, halosteric SLA, zonal and meridional wind stress, and
SST), and percentage variance (R?) explained by each for the wind stress curl dominated MLR experiments over 1988-2014.

"Note that the Lautoka tide gauge covers the period 1993-2014 only
Correlation coefficients are significant at the 95% level.
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. curl, T halosteric SLA T Ty SST
e r R2 (%) r R2 (%) r R2 (%) r R2 (%) r R2 (%)
ORA-S4 - detrended

Suva 0.53 28.3 0.76 58.3 0.21 4.3 0.34 11.4 0.15 2.3
Lautoka 0.59 35.4 0.80 63.8 0.26 6.5 0.33 10.6 0.14 1.8
Nouméa 0.62 38.3 0.35 12.0 0.06 0.3 0.23 5.4 0.51 25.6

ORA-S4 - undetrended

Suva 0.53 28.4 0.78 61.2 0.26 6.6 0.38 14.2 0.27 7.2
Lautoka 0.59 35.0 0.80 64.5 0.29 8.1 0.36 13.2 0.23 5.5
Nouméa 0.59 34.7 0.35 12.3 0.03 0.1 0.19 3.7 0.48 23.5

Table A.2.2: Correlation coefficient (r) between the predictand and individual linearly fitted regressors (wind stress curl, halosteric SLA, zonal and meridional wind stress, and SST),
and percentage variance (R?) explained by each for the MLR experiments using the simplified approximation of the wind stress curl proxy over 1988-2014.
Correlation coefficients are significant at the 95% level.
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A.3 Wind stress curl (Rossby wave model) dominated MLR

experiments with tide gauge sea levels (undetrended) — 1993-2014

(Control experiments with GMSL trend obtained from altimetry data)

Suva g

50
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Year

Lautoka tg

50
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2 0
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Figure A.3.1: MLR modeled and predictand sea level time series for the main wind stress curl (Rossby wave
model) dominated MLR experiments over 1993-2014 —undetrended tide gauge sea-level predictands. The

modeled time series are shown as red line and the predictand time series as blue lines
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Trend (mm/yr)

Site r R2 (%)
predictand MLR
Wind stress curl dominated MLRs — Tide gauge undetrended (1933-2014)
Suva 0.88 78.7 5.3+0.3 52%0.3
Lautoka 0.88 76.9 24 +0.1 3.5+0.2
Nouméa 0.79 62.4 -0.6 £ 0.03 0.7 £ 0.04

Table A.3.1: Correlation coefficient (r) between the predictand and MLR modeled sea-levels, percentage
variance (R?) explained by the MLR model, and trends for the wind stress curl dominated experiments over

1993-2014 — undetrended tide gauge sea-level predictands.

Correlation coefficients are significant at the 95% level.
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A.4 Stationarity test MLR equations

Coeflicient
Site coman) | Reshy T
SLA halo Tx Ty SST
ORA-S4 — detrended — 15t half (Aug 1988 — Jul 2001)

Suva 0.55 0.73 0.48 -997.95 -1.64¢+3 X
Lautoka 1.22 0.69 0.57 -785.17 X 14.17
Nouméa 1.00 0.72 0.43 -309.15 X 15.46

ORA-S4 — detrended — 214 half (Aug 2001 — Jul 2014)

Suva -1.34 0.74 1.02 -1.51e+3 -1.77e+3 X
Lautoka -0.82 0.73 0.45 -1.53e+3 X 18.80
Nouméa -0.57 0.85 0.16 -2.65¢+3 X 3.17

ORA-S4 — undetrended — 1t half (Aug 1988 — Jul 2001)

Suva 3.14 0.71 0.59 -934.76 -1.80e+3 -13.51
Lautoka 4.34 0.61 0.76 -907.58 X X
Nouméa 6.10 0.70 0.53 X 96.70 21.93

ORA-S4 — undetrended — 2 half (Aug 2001 — Jul 2014)

Suva -4.62 0.73 0.92 -1.82e+3 -1.81e+3 10.09
Lautoka -3.34 0.58 0.60 -1.38e+3 X X
Nouméa -0.24 0.85 0.10 X -2.67¢+3 10.09

Tide gauge — detrended — 15t half (Aug 1988 — Jul 2001)

Suva 4.13 0.57 -0.97 1.28e+3 X 16.47
Lautoka® 2.58 0.90 0.26 2.81 -791.76 X
Nouméa 2.56 0.70 0.86 X X 22.05

Tide gauge — detrended — 24 half (Aug 2001 — Jul 2014)

Suva -3.55 0.71 -0.40 -805.70 X 32.72
Lautoka® -1.09 0.80 0.52 -1.33e+3 -2.05¢+3 X
Nouméa -2.67 0.77 1.05 X X 16.05

Tide gauge — undetrended — 15t half (Aug 1988 — Jul 2001)

Suva 7.15 0.65 -0.81 1.13e+3 561.77 30.51
Lautoka™ 9.89 0.68 0.75 -658.96 -661.18 X
Nouméa 8.77 0.71 0.79 -2.38¢+3 X -33.23

Tide gauge — undetrended — 22 half (Aug 2001 — Jul 2014

Suva -5.06 0.69 -0.53 -839.5 -1.30e+3 18.60
Lautoka® -13.37 0.85 0.83 -1.02¢+3 -1.67¢+3 X
Nouméa -19.23 0.78 0.79 X -2.35¢+3 1.25

Table A4.1: Stationarity test MLR model equations for the main wind stress curl (Rossby wave model)
dominated experiments over 1988-2014. x marks regressors not included in the MLR model.
“Note that for the Lautoka tide gauge (1993-2014), 15 half covers Jan 1993 — Oct 2003 and 2"¢ half covers

Nov 2003 — Jul 2014.
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Coeflicient

Site Intercept
(constant) |y, ¢ halo T T SST
ORA-S4 — detrended — 1% half (Aug 1988 — Jul 2001)

Suva 2.95 2.36c+8 1.56 2.923e+3 | -2.20e+3 x
Lautoka 2.97 3.99¢+8 1.58 1.82e+3 | -2.04e+3 x
Nouméa 2.36 1.11e+9 0.88 -4.01 x 48.96

ORA-S4 — detrended — 2 half (Aug 2001 — Jul 2014)

Suva -5.74 7.30¢+8 2.99 3.59¢+3 | -3.75¢+3 x
Lautoka -3.33 9.93¢+8 1.85 25243 | -3.05¢+3 x
Nouméa -3.49 1.22¢+9 2.00 -391.90 x 8.36

ORA-S4 — undetrended — 1% half (Aug 1988 — Jul 2001)

Suva 1.40 9.79¢+8 1.47 2.26e+3 | -2.46e+3 x
Lautoka 1.64 5.69¢+8 1.40 1.70e+3 | -2.24e+3 x
Nouméa 2.97 1.18¢+9 0.81 85.02 x 45.93

ORA-S4 — undetrended — 2 half (Aug 2001 — Jul 2014)

Suva -8.19 7.49¢+8 2.03 2.97¢+3 | 3.77¢+3 x
Lautoka -5.36 9.57¢+8 1.74 2.39e+3 | -3.26e+3 x
Nouméa -6.27 1.12¢+9 1.95 -636.95 x 18.00

Table A.4.2: Stationarity test MLR model equations for experiments constructed using the simplified
approximation of the wind stress curl proxy over 1988-2014. x marks regressors not included in the MLR

model.
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Abstract Rising sea levels are a critical concern in small island nations. The problem is especially serious
in the western south Pacific, where the total sea level rise over the last 60 years has been up to 3 times the
global average. In this study, we aim at reconstructing sea levels at selected sites in the region (Suva,
Lautoka—Fiji, and Nouméa—New Caledonia) as a multilinear regression (MLR) of atmospheric and oceanic
variables. We focus on sea level variability at interannual-to-interdecadal time scales, and trend over the
1988-2014 period. Local sea levels are first expressed as a sum of steric and mass changes. Then a dynami-
cal approach is used based on wind stress curl as a proxy for the thermosteric component, as wind stress
curl anomalies can modulate the thermocline depth and resultant sea levels via Rossby wave propagation.
Statistically significant predictors among wind stress curl, halosteric sea level, zonal/meridional wind stress
components, and sea surface temperature are used to construct a MLR model simulating local sea levels.
Although we are focusing on the local scale, the global mean sea level needs to be adjusted for. Our recon-
structions provide insights on key drivers of sea level variability at the selected sites, showing that while
local dynamics and the global signal modulate sea level to a given extent, most of the variance is driven by
regional factors. On average, the MLR model is able to reproduce 82% of the variance in island sea level,
and could be used to derive local sea level projections via downscaling of climate models.

1. Introduction

Sea level rise is one of the most important threats related to global warming and associated climate change
in the Pacific islands. Unlike other long-term climate-related threats, rising sea levels are no longer a distant
hazard, but present reality in many coastal communities (Hallegatte et al., 2013; Neumann et al., 2015;
Wong et al., 2014). Most Pacific islands have a high population density and infrastructure concentrated
along the coastal zones (Nurse et al., 2014; Webb & Kench, 2010; Wong et al., 2014). These factors, combined
with others, such as geographical isolation, limited financial resources, and technical expertise, make the
islands among the most vulnerable in the world to the growing threats of sea level rise (Barnett & Campbell,
2010; Garschagen et al.,, 2016; Mimura, 1999; Wong et al,, 2014).

The Pacific islands are characterized by high-rise volcanic formations and low-lying reef atolls. While the lat-
ter are more endangered, and face the likelihood of inundation by the end of the 21st century, even the
mountainous islands have had communities forced to relocate due to saltwater intrusion, perigean spring
tide events, and flash floods during extreme events (Albert et al, 2016; McNamara & Jacot Des Combes,
2015; Nurse et al., 2014; OCHA—United Nations, 2014). As warming continues, sea level will continue to rise
(Church et al,, 2013), further exacerbating coastal impacts. Thus, there is a compelling need for information
on regional sea level variability and its key drivers to help plan proper adaptation measures and build
capacity for climate resilience.

According to analysis of tide gauge records, the global mean sea level (GMSL) rose at a rate of ~1.5 *
0.4 mm/yr between 1901 and 2010, accounting for a total rise of around 0.17 m during that period (Church
& White, 2011; Hay et al., 2015; Jevrejeva et al., 2008; Ray & Douglas, 2011). Satellite altimetry reports a faster
global mean rate of 3.1 = 0.5 mm/yr over 1993-2016. Yet, sea level rise is far from being spatially uniform.
During the satellite altimetry era, for example, sea levels in the western tropical Pacific rose at rates up to
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Figure 1. Sea level trends in the Pacific region over the 1993-2014 period from altimetry observations (GMSL trend
included). The inset shows the study sites—Suva, Lautoka, and Nouméa.

3-4 times the global mean, reaching trends of up to 10 mm/yr (Figure 1) (Cazenave & Llovel, 2010; Merri-
field & Maltrud, 2011; Nerem et al., 2010). In contrast, sea level rise rates in the eastern tropical Pacific were
lower (Bromirski et al.,, 2011; Thompson et al., 2014).

Global mean sea level variations, interpreted in terms of the volume of the global ocean, are essentially due
to the thermal expansion of oceans with rising global/ocean temperatures resulting from the Earth’s net
energy imbalance, and mass loss from glaciers and ice sheets, i.e., steric and mass changes (Church et al,,
2013; Church & White, 2011).

Regional sea level variations, on the other hand, are driven by dynamical changes associated with ocean cir-
culation and atmospheric interactions. Sea level variations are essentially a change in the volume of the
water column, which in turn is the sum of changes in mass and seawater density (steric component). Steric
sea level changes are due to heat content variations (thermosteric component), and salinity changes (halos-
teric component). They derive from complex changes in heat, mass, density spatial distribution, and cur-
rents, and are mostly controlled via coupled-climate variability. The observed pattern of sea level rise in the
tropical Pacific over the altimetry era (Figure 1), having a strong dipole-like pattern with positive trends in
the western Pacific and negative trends in the eastern Pacific, has been related to climate modes such as El
Nino Southern Oscillation (ENSO) and the Pacific Decadal Oscillation (PDO) (Becker et al., 2012; Levitus et al,,
2009; Lombard et al., 2005; Meyssignac et al., 2012; Stammer et al., 2013; Zhang & Church, 2012). This pat-
tern directly corresponds to the strengthening of trade winds in the central and eastern tropical Pacific,
with piling up of waters in the western Pacific basin (Merrifield & Maltrud, 2011; Nidheesh et al., 2013; Tim-
mermann et al,, 2010). Intensification of the trade winds has also been directly linked to the deepening of
the thermocline and heat redistribution in the ocean, all consistent with ENSO dynamics (McGregor et al.,
2012; Merrifield, 2011; Merrifield & Maltrud, 2011; Palanisamy et al., 2015a).

Dynamical changes such as these are therefore dominated by steric variations (density-related), particularly
the thermosteric component, which are nonuniform across the ocean (Church et al.,, 2013; Fukumori &
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Wang, 2013; Gregory & Lowe, 2000; Levitus et al.,, 2005, 2012; Lombard et al., 2005, 2009; Meyssignac &
Cazenave, 2012; Stammer et al., 2013).

Thermosteric sea level trends in the tropical Pacific have been shown to be driven by surface wind stress
and related changes in circulation patterns in ocean numerical models (Carton et al., 2005; Kohl et al., 2007;
McGregor et al., 2012; Nidheesh et al., 2013; Timmermann et al., 2010). Wind stress curl anomalies can con-
trol the thermocline depth and the resultant sea levels in the tropical Pacific by modulating the near-
surface Ekman transport, Ekman pumping, and consequent oceanic Rossby waves. As such, wind stress
plays a critical role in determining and/or reproducing regional sea level trends.

Additionally, regional sea level change also includes other processes, such as the inverted barometer effect
(atmospheric loading) (Wunsch & Stammer, 1997), and the glacial isostatic adjustment (GIA) (Peltier, 2004).
However, their effects relative to thermosteric and halosteric changes, especially in the tropics, are small,
and can be described as a larger scale signature in terms of sea level.

In coastal zones, sea level change is a composite of the global mean sea level, regional processes, and
local modulations (Melet et al.,, 2016a; Milne et al., 2009; Stammer et al., 2013). At local scales, sea level
variations can be induced by atmospheric surges due to wind and pressure effects, wave-induced setup
and run up, and tides. Relative sea level at the coast can further be influenced by site-specific geographic
features associated with vertical land motion. This can be in the form of land subsidence, or even uplift
due to natural causes such as earthquakes, volcanic activity, other tectonic processes, and sedimentation,
or due to anthropogenic activities such as groundwater pumping (Ballu et al., 2011; Stammer et al., 2013;
Wong et al,, 2014).

Based on this knowledge of processes determining local sea level changes, we aim to simulate sea level at
selected sites in the southwest Pacific. Our objective is to express sea level as a multiple linear regression
(MLR) of statistically determined variables, representing remote and local drivers. For this study, we focus
on interannual-to-interdecadal time scale sea level variability and trend. The MLR we develop provides
insights and a better understanding of the different drivers of sea level variations in the region. With a sta-
tistical model such as this, projections from coarse resolution climate models can be refined on the local
scale for future applications (Church et al., 2013).

Our study sites are (1) Suva and (2) Lautoka in Fiji, and (3) Nouméa in New Caledonia (Figure 1). These sites
have been selected based on their vulnerability to sea level rise (Garschagen et al., 2016; Wong et al., 2014).
The selection can be perceived as a preliminary step to research that can be applied at more extensive
scales, covering more sites in future projections of sea level trends in the region. Having such information
available on local scales in vulnerable regions, more effective adaptation and risk minimization measures
could be developed.

2. Data Sets

2.1. Tide Gauge Records

Monthly mean Revised Local Reference (RLR) tide gauge records for Suva and Lautoka were retrieved from
the Permanent Service for Mean Sea level (PSMSL, http://www.psmsl.org) (Holgate et al., 2013). For Nouméa,
a merged sea level series from sites Chaleix and Numbo was used (Aucan et al., 2017).

Details on the tide gauge records used are shown in Table 1.

Table 1
Tide Gauge Station Data for Suva, Lautoka, and Noumea, With Longitude/Latitude Coordinates, Data Duration, and
Percentage of Missing Data

PSMSL % of gap (max. length
Site Grid location station ID? Duration in consecutive months)
Suva 178.42°E, 18.14°S 1327 Oct 1972 to Dec 2014 6 (6)
Lautoka 177 44°E, 17.60°S 1805 Nov 1992 to Dec 2014 0.4 (1)
Nouméa 166.43°E, 22.30°S Feb 1967 to Dec 2014 2(11)
“For Suva and Lautoka only.
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All missing values were filled in using linear interpolation to obtain continuous time series, and anomalies
were computed with respect to the 1993-2012 period (as for satellite altimetry). Anomalies were adjusted
for the inverted barometer (IB) effect (Wunsch & Stammer, 1997) using sea level pressure anomalies from
the ERA-Interim data set. Site-specific anomalies were computed by removing the mean over the global
ocean of the sea level pressure anomalies from the local pressure time series, and then divided by the local
gravity to obtain the net IB effect acting on a particular grid point.

No additional correction was applied to the tide gauge sea level time series for vertical land motion, but
information provided by PSMSL and related literature (Aucan et al., 2017) were used to explain inconsisten-
cies in trends relative to altimetry, reanalysis data, and to the overall performance of the model developed
(see section 4.1).
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Figure 2. 2-D correlation maps generated to select proxy boxes for the wind stress curl dominated MLR experiments for
Suva (ORAS4) over 1988-2014. Top figure shows correlation between local sea level and wind stress curl-driven SLAs, bot-
tom figures show correlation between the residual and the halosteric, 1y, 7,, and SST at 0 month lag. The outlines mark
the proxy box bounds, and the study site is marked by a black dot. For concision reasons, proxy boxes are only shown for
this experiment. They slightly differ for each experiment.
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Figure 3. Sea level time series at (top) Suva, (middle) Lautoka, and (bottom)

2.2, Altimetric Sea Level

To compare the tide gauge records with altimetry data, 2-D gridded sea surface height delayed time
anomalies produced by the Ssalto/DUACS system and distributed by the Copernicus Marine and Environ-
ment Monitoring Service (CMEMS, product 008-027, Retrieved from http://marine.copernicus.eu/,
accessed 20 January 2016) were used over the period 1993-2014. The data set is provided at weekly inter-
vals on a 1/4° regular grid as anomalies computed with reference to the 1993-2012 period. Sea level
anomalies for the study sites were extracted from the global data set using distance weighted remapping
for the corresponding longitude/latitude coordinates in the tide gauge records.

2.3. ERA-Interim Data (Wind, SST, SLP Data)

ERA-Interim is the European Center for Medium-Range Weather Forecast's (ECMWF’s) global atmospheric
reanalysis product (Dee et al., 2011; retrieved in 2016). It extends back in time until 1988, and is continu-
ously updated in near real time.

Zonal and meridional surface wind stress fields (t,, 7,), mean sea level

pressure (SLP), and sea surface temperature (SST) data sets were

extracted from ERA-Interim for the duration of the data set, as
Nf\J monthly means and at a resolution of 1° X 1°.

2.4. ECMWF Ocean Reanalysis System 4—ORAS4

Local sea levels were taken from a reanalysis product, in addition to
tide gauge record observations. The main reason for doing this is that
tide gauge records typically have gaps, and may show biased trends
due to vertical land motion (as for the Suva tide gauge) (PSMSL,
Jan04 Jan09 Jan14  2016).

Year

We use ORAS4, which is among reanalysis products that have good

comparison with the tide gauge sea levels (Balmaseda et al., 2015)

used in this study (Figure 3), and have steric sea levels lying within the

A spread of a reanalysis ensemble (Storto et al.,, 2015), making it a repre-

M Al* sentative reanalysis product. ORAS4 spans a period from 1958 to pre-

ﬂ/‘ v L l 2 sent. From 1989 to 2010, the surface fluxes in the reanalysis are from

I\M\ A \ ERA-Interim (Balmaseda et al., 2013). Thus, there is consistency

between the wind, SST, and SLP data we are using for this study over

most of our period of interest (1988-2014). ORAS4 uses a Boussinesq

approximation, where the ocean model preserves volume. The steric

component of the global mean sea level is thus not represented by

Jan04 Jan09 Jan14  the model, but estimated by vertically integrating the density field of

Year the ocean analysis and added to the sea level output. ORAS4 does not

model land ice melt and thus does not represent directly the ocean

mass increase due to land ice loss. The ocean mass increase due to

land ice loss is estimated at each time step n from altimetry observa-

tions corrected for the thermosteric sea level from ORAS4 of time step

n-1. This land ice loss estimate is then added to the water flux from

the atmosphere in the form of a uniform water flux over the ocean. In

the end in the ORAS4 sea level output both components of the sea

level rise are present: the thermosteric and the ocean mass. For this

reason, the ORAS4 GMSL includes all terms and is consistent with the
GMSL from the altimeter data (Balmaseda et al., 2013).

Jan04 Jan09 Jani4  Ocean temperature, salinity, and sea surface height fields were
Year extracted from ORAS4 as monthly means, and at 1° X 1° resolution
for the period 1988-2014. Thermosteric, halosteric, and total steric sea

Nouméa over the 1988-2014 period. Blue lines represent tide gauges, green levels were computed for depths of 0-700 m using the Gibbs Seawa-
lines represent ORAS4, and magenta shows altimetry time series. ter Toolbox (McDougall & Barker, 2011). Sea surface heights at the
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Table 2
Sea Level Trends (mm/yr) From Tide Gauge, ORAS4 and Altimetry at Suva, Lautoka, and Nouméa Over the August 1988 to
July 2014 and January 1993 to July 2014 Periods

Trends (mm/yr)

Tide gauge ORAS4
Altimetry
Site 1988-2014 1993-2014 1988-2014 1993-2014 1993-2014
Suva 6.8+03 85*04 41%0.2 6.10.3 6.1£03
Lautoka 55*03 39+0.2 58+03 55+03
Nouméa 06+03 25*0.1 28*0.1 42+0.2 41+0.2

study sites were extracted using bilinear remapping, and anomalies were derived with respect to the 1993-
2012 period.

2.5. Mass Change Estimate

Mass changes estimates for Suva, Lautoka, and Nouméa over the 2003-2014 period were extracted from an
ensemble of 720 Gravity Recovery and Climate Experiment (GRACE) solutions computed from five raw
GRACE solutions (provided by CSR—Center for Space Research, GFZ—GeoforschungsZentrum, JPL—Jet
Propulsion Laboratory, GRGS—Groupe de Recherche de Geodesie Spatiale, and TUG—Graz University of
Technology) using different postprocessing parameters for the geocenter motion correction, earth oblate-
ness correction, filtering, leakage correction, and glacial isostatic correction (Carret et al., 2016). This data set
extends from the end of 2002 onward. We used the ensemble mean for the mass change estimates and the
spread around the ensemble mean (1.65 sigma) as an estimate of the uncertainty.

The global mean of the ensemble was taken as the mass change component for all three of the study sites.

3. Methodology

The methodology we use in this study to model sea level at the Pacific island sites is comparable to that in
Sterlini et al. (2016), who also use a multiple linear regression approach, combining local and remote drivers,
to model sea level variability in the North East Atlantic. We develop a similar model for the western tropical
Pacific region, and extend it by using “proxy” boxes to represent each of the predictor variables based on
areas having highest correlation with the local sea level, as in Sprintall and Révelard (2014). There is thus
one proxy box per variable and experiment configuration. The sea level time series we aim at modeling
(either the ORAS4 sea surface height anomaly, or the tide gauge record for each site) is called the predic-
tand or island sea level hereafter.

3.1. Interannual-to-Interdecadal Sea Level Variations and Trends

The study period was from August 1988 to July 2014. To extract the interannual-to-interdecadal variability
from the time series, all data sets were first detrended using a linear fit. The annual cycle was then removed
using a least squares fit of a 12 month cosine function. A low-pass Hamming filter of 1.2 years was then
used to isolate the interannual-to-interdecadal variability. The MLR analysis was performed on both
detrended (interannual-to-interdecadal time scale) and undetrended (interannual-to-interdecadal time
scale, and trend) time series data. For the latter case, the trend removed in the first step was readded to the
time series of interannual-to-interdecadal sea level time series.

Sea level trends at Suva, Lautoka, and Nouméa from the different data sets—tide gauge records, ORAS4,
and altimetry, were computed and time series shown. Uncertainties in trends were expressed as the formal
error of the least squares linear regression, as in Becker et al. (2012, 2014).

3.2. Multiple Linear Regression Analysis
In this study, the island sea level is expressed as a multiple linear regression of potential predictors (drivers
of sea level changes).

The MLR model used here for sea level anomalies, sla, at a given time, t, can be expressed as:
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sla(site, t) =Zio<,- Pi(Xi,y;, t—t;) +e(site, t) (1

where site is the geographical site studied (Suva, Lautoka or Nouméa), o; are the site-specific regression
coefficients, P; are the potential predictors (representing sea level change drivers) averaged over a spatial
area that is site-specific (x;y)), t; is a temporal lag, and ¢ is a site-specific residual (which is not part of the
MLR model, and represents the difference between the island and modeled sea level time series).

3.2.1. Preliminary Analysis—Steric Plus Mass MLR Models (2003-2014)

In the first set of MLR experiments, we demonstrate that the majority of the variance in sea level at the
study sites can be explained by the thermosteric and halosteric components, plus test the effect of mass
changes emanating from the melt of land ice and determine proxy boxes for the MLR. We are only able to
show this from 2003 onward because of limited duration of the mass change data.

Of the three potential predictors considered for this set of experiments (thermosteric, halosteric sea level,
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Figure 4. Time series of detrended ORAS4 sea levels (blue), plus potential pre-
dictors—thermosteric component (orange), halosteric component (cyan), and
mass (red) over 2003-2014—(top) Suva, (middle) Lautoka, (bottom) Nouméa.

and mass), the island sea level time series of each site shows the high-
est correlations with the local (located close to the study site) thermo-
steric sea level. Thus, spatial maps of the correlation between the
predictand (1-D) and the thermosteric sea level (2-D) were first com-
puted for each site. A “proxy box” for the thermosteric component is
selected as a small area having the highest correlation. Ideally, this
region would be directly encompassing the study site. However, the
Suva and Lautoka points in the ORAS4 land mask are not well
resolved, which is typical for smaller islands. The grid points of the Fiji
sites (Table 1) are thus located on the coasts of Fiji in the ORAS4 data
sets, and the regions of highest correlation between island sea level
and the thermosteric sea level are found in the close vicinity of the
study site (within 1-4°, similar to Figure 2).

Correlations are also higher in the deep ocean as the thermosteric
component is much closer to the total sea level, while our sites of
interest are located in the coastal, shallow ocean zones (Williams &
Hughes, 2013).

Field mean values over the selected proxy box were computed to
obtain the regressor time series for the thermosteric component. A
linear fit minimizing the root-mean-square difference was used to
determine the proportion of observed sea level explained by the ther-
mosteric component. The residual was then correlated with the halos-
teric sea level in order to avoid/minimize the covariance between the
regressors. The halosteric proxy box was determined from the area
having the highest correlation around the study site. As for the ther-
mosteric regressor, a field mean was taken over the proxy box to
extract the halosteric regressor time series. As all potential predictors
considered here have an immediate signature on sea level (steric and
mass), no temporal lags were considered.

With the thermosteric and halosteric regressors isolated, and the mass
change component taken as the global mean (section 2.5), a stepwise
regression was performed to determine the statistically significant var-
iables at 95% confidence interval. In this function, predictor terms can
be interactively added or removed to test the model performance
with a particular predictor. In the last step, a multiple linear regression
fit for the island sea level was computed using the set of predictors
selected in stepwise function.

3.2.2. Wind Stress Curl (Rossby Wave Model) Dominated MLR
Models (1988-2014)

The main set of wind stress curl dominated MLR experiments contin-
ues from the direct representation of local sea level as a composite of
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where site is the geographical site studied (Suva, Lautoka or Nouméa), o; are the site-specific regression
coefficients, P; are the potential predictors (representing sea level change drivers) averaged over a spatial
area that is site-specific (x;y)), t; is a temporal lag, and ¢ is a site-specific residual (which is not part of the
MLR model, and represents the difference between the island and modeled sea level time series).

3.2.1. Preliminary Analysis—Steric Plus Mass MLR Models (2003-2014)

In the first set of MLR experiments, we demonstrate that the majority of the variance in sea level at the
study sites can be explained by the thermosteric and halosteric components, plus test the effect of mass
changes emanating from the melt of land ice and determine proxy boxes for the MLR. We are only able to
show this from 2003 onward because of limited duration of the mass change data.

Of the three potential predictors considered for this set of experiments (thermosteric, halosteric sea level,
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Figure 4. Time series of detrended ORAS4 sea levels (blue), plus potential pre-
dictors—thermosteric component (orange), halosteric component (cyan), and
mass (red) over 2003-2014—(top) Suva, (middle) Lautoka, (bottom) Nouméa.

and mass), the island sea level time series of each site shows the high-
est correlations with the local (located close to the study site) thermo-
steric sea level. Thus, spatial maps of the correlation between the
predictand (1-D) and the thermosteric sea level (2-D) were first com-
puted for each site. A “proxy box” for the thermosteric component is
selected as a small area having the highest correlation. Ideally, this
region would be directly encompassing the study site. However, the
Suva and Lautoka points in the ORAS4 land mask are not well
resolved, which is typical for smaller islands. The grid points of the Fiji
sites (Table 1) are thus located on the coasts of Fiji in the ORAS4 data
sets, and the regions of highest correlation between island sea level
and the thermosteric sea level are found in the close vicinity of the
study site (within 1-4°, similar to Figure 2).

Correlations are also higher in the deep ocean as the thermosteric
component is much closer to the total sea level, while our sites of
interest are located in the coastal, shallow ocean zones (Williams &
Hughes, 2013).

Field mean values over the selected proxy box were computed to
obtain the regressor time series for the thermosteric component. A
linear fit minimizing the root-mean-square difference was used to
determine the proportion of observed sea level explained by the ther-
mosteric component. The residual was then correlated with the halos-
teric sea level in order to avoid/minimize the covariance between the
regressors. The halosteric proxy box was determined from the area
having the highest correlation around the study site. As for the ther-
mosteric regressor, a field mean was taken over the proxy box to
extract the halosteric regressor time series. As all potential predictors
considered here have an immediate signature on sea level (steric and
mass), no temporal lags were considered.

With the thermosteric and halosteric regressors isolated, and the mass
change component taken as the global mean (section 2.5), a stepwise
regression was performed to determine the statistically significant var-
iables at 95% confidence interval. In this function, predictor terms can
be interactively added or removed to test the model performance
with a particular predictor. In the last step, a multiple linear regression
fit for the island sea level was computed using the set of predictors
selected in stepwise function.

3.2.2. Wind Stress Curl (Rossby Wave Model) Dominated MLR
Models (1988-2014)

The main set of wind stress curl dominated MLR experiments contin-
ues from the direct representation of local sea level as a composite of
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average was taken over the proxy box to obtain the dominant predictor time series, and a linear fit minimiz-
ing the root mean square difference was computed to determine the proportion of local sea level
explained. The residual from this step was then correlated with the remaining potential predictors, halos-
teric sea level, 1,, 7, and SST (Figure 2). Local proxy boxes featuring the highest correlations were selected
as before, and field averages taken to obtain the regressor time series.

These were passed into the stepwise regression function to extract the statistically significant predic-
tors (95% confidence interval), and used to construct a multilinear regression on the local sea level
predictand.

3.2.3. Stationarity Test

Stationarity of the wind stress curl dominated MLR models was tested by applying the model to periods
other than those over which it had been calibrated. This test served as a useful assessment of the potential
skill of the model for application to future projection of sea levels.

As we are focusing on interannual-to decadal time scale variability
and trend, at least two decades of data were needed to perform the
stationarity test. The test was conducted by calibrating an MLR model
equation using the same set of predictors as determined in section
3.2.2 over the first half of the time series (August 1988 to July 2001),
and then applying it to the second half of the time series (August
2001 to July 2014). The resulting predicted modeled sea level time
series was compared to that of the predictand, and the initial MLR
modeled time series covering the entire study period (1988-2014).
The test was also applied in the opposite direction, i.e., determining
an MLR model fit over August 2001 to July 2014, and applying it over
August 1988 to July 2001.

4. Results

4.1. Island Sea Level Trends

Sea level time series from tide gauge records, ORAS4 and altimetry at
the study sites over the 1988-2014 period are shown in Figure 3, and
trends listed in Table 2.

Trends are sensitive to the period over which they are computed (e.g.,
Singh et al, 2011). Of the three sites considered here, trends are
the highest at Suva over both the 1988-2014 and 1993-2014 periods.
The Suva tide gauge trend over 1993-2014 is the highest at 8.5 =
0.4 mm/yr (Table 2). This value is much higher than those in ORAS4
and altimetry (6.1 = 0.3 mm/yr), indicating possible biases in the Suva
tide gauge record. This is further evidenced in Figure 3 (top plot),
where the tide gauge time series exhibits a strong positive trend
before 1992 (Figure 3, top plot). Inconsistencies are also seen after
2010, where the tide gauge anomalies are higher than those in altime-
try and ORAS4. Additionally, the pronounced differences between the
trends in the tide gauge records for Suva and Lautoka over the 1993-
2014 period (Table 2) are larger than what would be expected from
ocean dynamics given the proximity of the two sites. Suva and Lau-
toka indeed exhibit comparable trends over both periods in ORAS4
and altimetry, as expected from their proximity. According to PSMSL,

Jan08  Jan10  Jan12  Jan14  |and subsidence at the Suva site accounts for the apparent higher

Year trend. In ORAS4, for both Suva and Lautoka, the trends increase by
approximately 50% moving from the 1988 to 2014 period to 1993 to

Figure 6. Detrended ORAS4 (blue) and MLR modeled (red) sea level time series
based on steric and mass predictors over the 2003-2014 period for (top) Suva,
(middle) Lautoka, and (bottom) Nouméa.

2014. This large regional pattern of sea level trends in the tropical
Pacific was attributed to internal climate variability, as the effect of
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any external anthropogenic signal is not yet significantly detectable (Bilbao et al., 2015; Meyssignac et al.,

2012; Palanisamy et al., 2015b).

The Nouméa tide gauge record exhibits a lower trend than the Suva and Lautoka records, with a trend of
0.6 = 0.3 mm/yr over the 1988-2014 period, increasing to 2.5 = 0.1 mm/yr over 1993-2014. In ORAS4, how-
ever, trends are much higher than in the tide gauge records: 2.8 = 0.1 and 4.2 = 0.2 mm/yr for the 1988-
2014 and 1993-2014 periods, respectively. As for Suva and Lautoka, the ORAS4 and altimetry trends are
close for Nouméa. The marked difference between the tide gauge record and ORAS4/altimetry may be
explained by uplift at the Nouméa site, leading to a lower ground-relative sea level rate (as seen by the tide
gauge) than the absolute sea level rate (as seen by altimetry and ORASA4). Indeed, according to earlier stud-
ies (Aucan et al., 2017; Nerem & Mitchum, 2002) uplift rates of 1.3-1.4 mm/yr over most of the duration of
the record can be inferred via comparisons with satellite altimetry and global sea level reconstructions.
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Figure 7. Same as Figure 6, but for undetrended ORAS4 (blue) and MLR (red)
modeled sea levels.

4.2, Multiple Linear Regression Model Results

The MLR analysis was performed using sea levels from both ORAS4
and tide gauge records as predictands. However, given the overall
good agreement between tide gauge records and ORAS4 sea levels
(Figure 3), evidential vertical land movement affecting the tide gauge
records and longer time series available for Lautoka in ORAS4, only
results using the ORAS4 sea levels will be shown here. We start with a
reconstruction using the thermosteric sea level from ORAS4 (section
3.2.1), and then introduce the dynamical component from the wind
field forcing (section 3.2.2).

4.2.1. Preliminary Analysis—Steric Plus Mass MLR Model Results
(2003-2014)

4.2.1.1. Steric Plus Mass Regressor Time Series

In the first group of MLR analyses, we used the local thermosteric sea
level, halosteric sea level, and ocean mass changes resulting from the
melt of ice sheets, glaciers and ice caps as potential predictors to
reconstruct the island sea level time series over 2003-2014.

Time series of sea level and potential predictors (averaged over the
proxy boxes for the steric components, taken as the global mean for
mass) are plotted in Figure 4 for the detrended time series, and in Fig-
ure 5 for undetrended time series.

The thermosteric sea level has a very high correlation with sea level at
all sites and explains most of the variance in island sea level (87-95%,
both detrended and undetrended series) and is therefore the domi-
nant predictor. This is consistent with previous studies that showed
that thermosteric effects dominate the interannual-to-interdecadal
sea level variations in the southwest Pacific (Meyssignac & Cazenave,
2012; Meyssignac et al., 2012; Fukumori & Wang, 2013; Stammer et al.,
2013; Storto et al.,, 2015). For the undetrended series, the thermosteric
component also captures the local sea level trend (Figure 5). The ther-
mosteric component was also selected as the prime regressor in the
stepwise regression function in all cases, confirming that local sea
level variability at the study sites is primarily thermosteric (not
shown).

Correlations of the local halosteric component and ocean mass with
the predictand are weaker. Nevertheless, the halosteric component
was selected as significant regressor across all the experiments (all
sites, both detrended and undetrended).

The contribution of the mass change component is in general much
smaller in comparison with the steric components. For the detrended
time series, the mass component shows low correlation (0.13-0.23)
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Table 3

Correlation Coefficients Between the ORAS4 and MLR Modeled Sea Levels, and

with the local sea levels, accounting for ~4% of the variance on aver-
age with a slight decrease on the undetrended time series. The mass

Percentage Variance Explained by the MLR Model for all Experiments component time series also exhibits a positive trend over this period

Site

R2

(Figure 5), concurrent with the increased correlation and percentage
% variance explained

Steric + Mass—Detrended (2003-2014)

variance. Over the last decade, sea level rise in the western tropical
Pacific from ice mass contribution was estimated at 1.4-1.6 mm/yr

Suva 0.94 89.0 (Bamber & Riva, 2010). In terms of the stepwise regression results,
Lautoka 0.96 93.0 v N 4ain the d ded . had ionifi
Nouméa 098 5.7 only Nouméa in the detrended experiments had mass as a significant
Steric + Mass—Undetrended (2003-2014) predictor. In the undetrended experiments, mass was selected as a
Suva 0.95 90.9 significant regressor in all three cases. This indicates that while contri-
Lautoka 0.97 92.6 bution from the mass component is still relatively small, it becomes
Notlmea 0.98 970 increasingly important when trends are considered

Wind Stress Curl Dominated—Detrended (1988-2014) gy . ’

Suva 092 853 4.2.1.2. Steric Plus Mass MLR Models

Leuiala 0.91 827 The ORAS4 and MLR modeled sea level time series are shown in
Nouméa 0.89 79.5 Figure 6 (detrended) and Figure 7 (undetrended). Correlation coeffi-
Wind Stress Curl Dominated—Undetrended, GMSL-Adjusted (1988-2014) cients between the predictand and MLR modeled sea levels, and the
Suva OB 54D percentage of variance explained by the MLR model are provided in
Lautoka 0.89 80.5 Table 3. and d h in Table 4

Nouméa 0.89 796 able 3, and trends are shown in Table 4.

Note. All values are significant at the 95% confidence interval.

The correlation coefficients between the ORAS4 and modeled sea lev-
els are very high (>0.94, both detrended and undetrended time
series). The MLR models are able to explain 90-97% of the variance in
the ORAS4 sea levels (Table 3). In addition, the models demonstrate very good skill in reproducing the
ORAS4 sea level trends over this period (0.2-0.6 mm/yr difference) (Table 4).

Overall, these results not only show the efficiency of the MLR model approach, but also illustrate that sea
level variability at the study sites is mainly steric, dominated by the thermosteric component.

4.2.2. Wind Stress Curl Dominated MLR Model Results (1988-2014)

From the steric plus mass MLR analysis results, it was seen that while local ocean mass change may be a sta-
tistically significant predictor for sea level change in the region in most cases, it explains a very small per-
centage of variance overall. This contribution was neglected in the following sections to allow the study
period to be extended into the past, with an estimate of the variance lost due to mass. Note that for future
projections, however, the mass contribution may most likely be higher with continued warming, and
becoming a larger, significant predictor in the MLR model.

The wind stress curl being the main dynamical ocean forcing, was used as the dominant remote predictor
of the thermosteric sea level in this set of experiments.

The relation between the wind stress curl and sea level will also be explored, without the dynamical
model, using a six-month lagged time series of the average wind stress curl in a proxy box east of the
island. We present here the Rossby wave model predictor MLR; the lagged curl approach is discussed
section 5.2.

4.2.2.1. Stepwise Regression of Potential Predictors

The stepwise regression systematically selected the wind stress curl as

Table 4 ) ) the dominant regressor for all experiments (all sites, detrended and
85,:;4 and MLR Modeled Sea Level Trends for Experiments With Undetrended undetrended time series), confirming its efficiency as a proxy for the
thermosteric sea level. The halosteric regressor was confirmed consis-
Trends (mm/yr) tently, while the relevance of the zonal and meridional wind stress,
Site ORAS4 MLR model and SST greatly depended on each different experiment. With the
detrended time series, for instance, SST did not qualify for Suva,
Steric + Mass—Undetrended (2003-2014) L X . q y ,
Suva 8.0+ 0.4 8.0+ 0.4 meridional wind stress for Lautoka, and zonal wind stress for Nouméa.
Lautoka 68+03 6.6=+03 With the undetrended runs, no regressor is rejected for Suva, while
Nouméa 84=*04 87+ 04 zonal wind stress and SST are rejected for Lautoka, and meridional
Wind Stress Curl Dominated—Undetrended, GMSL-Adjusted (1988-2014) wind stress for Nouméa.
Suva 1.6 = 0.08 1.8 £0.09 4.2.2.2. MLR Models
Lautoka 14 %007 1.6 = 0.08 . . i )
Nouméa 03+ 0.02 0.7+ 0.04 The ORAS4 and modeled sea level time series for the wind stress curl
dominated MLR experiments are shown in Figure 8 (detrended) and
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Table 3

Correlation Coefficients Between the ORAS4 and MLR Modeled Sea Levels, and

with the local sea levels, accounting for ~4% of the variance on aver-
age with a slight decrease on the undetrended time series. The mass

Percentage Variance Explained by the MLR Model for all Experiments component time series also exhibits a positive trend over this period

Site

R2

(Figure 5), concurrent with the increased correlation and percentage
% variance explained

Steric + Mass—Detrended (2003-2014)

variance. Over the last decade, sea level rise in the western tropical
Pacific from ice mass contribution was estimated at 1.4-1.6 mm/yr

Suva 0.94 89.0 (Bamber & Riva, 2010). In terms of the stepwise regression results,
Lautoka 0.96 93.0 v N 4ain the d ded . had ionifi
Nouméa 098 5.7 only Nouméa in the detrended experiments had mass as a significant
Steric + Mass—Undetrended (2003-2014) predictor. In the undetrended experiments, mass was selected as a
Suva 0.95 90.9 significant regressor in all three cases. This indicates that while contri-
Lautoka 0.97 92.6 bution from the mass component is still relatively small, it becomes
Notlmea 0.98 970 increasingly important when trends are considered

Wind Stress Curl Dominated—Detrended (1988-2014) gy . ’

Suva 092 853 4.2.1.2. Steric Plus Mass MLR Models

Leuiala 0.91 827 The ORAS4 and MLR modeled sea level time series are shown in
Nouméa 0.89 79.5 Figure 6 (detrended) and Figure 7 (undetrended). Correlation coeffi-
Wind Stress Curl Dominated—Undetrended, GMSL-Adjusted (1988-2014) cients between the predictand and MLR modeled sea levels, and the
Suva OB 54D percentage of variance explained by the MLR model are provided in
Lautoka 0.89 80.5 Table 3. and d h in Table 4

Nouméa 0.89 796 able 3, and trends are shown in Table 4.

Note. All