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ABSTRACT

The most continuous and ubiquitous seismic signal on Earth is the microseism,
closely related to oceamave energy coupling with the solid Ear®n the basis of
the spectral content, it is possible to distinguish three typesicafoseism: primary
(PM), secodary (SM), and shorperiod secondary microseism (SPSM). this
thesis,we characterise microseism in terms of amplitude and spectral coateht
explorethe relationship between microseism and sea biatesing seismic signal
recorded in two differerdreas: Antarctica and Eastern SiclRegarding the seismic
signals, data recorded by 20 stations during 8%/ and by 6 stations during 2010
2017 were used in the former and latter sresspectivelyConcerning thesea state
along theAntarctica coats, we used sea ice concentratitoapscoming from satellite
datain the whole Southern Ocea@n the other hand, regarding the Eastern Sicily,
sea wave heigltatg provided by both buoys ithelonian and Tyrrhenian Seas and
hindcast maps othe Mediterranean Seawere used As for the microseism
characterizationmost of its energyurned out to beontained in th&PSM and SM
bands while theband 1320 s (PM)showeda much weakeenergy Microseism
exhibited seasonal variabiltin both Eastern Sicily and Antarctica. In the former
area,the amplitudemaximawere observedluring winterand theminima during
summer as expected in all the temperate latitude regions. Conversely, in Antarctica
the sea icempedes themicroseism generatioand thusnakesthe temporal pattern
of microseism amplitudeslifferent with respecto the microseism recorded in
temperate latitude region¥he resultoobtainedby the correlation analysis showed

clearanti-correlation pattermbetweersea iceandSPSMrecordel in Antarcticaand



high correlation values betweesPSM and sea wave height ithe lonian and
Tyrrhenian SeasFinally, we preseed algorithms, based on machin&arning
techniques, allowing tepatially and temporallyreconstruct the sea state both
Antarctica andeastern Sicilyvith fairly low error.This technique will allovinferring

the seastatein periods when the satellite imagasbuoy dataroutinely used for sea
statemonitoring, are not available, with wide applications in many fields, first of all
climate studiesCombining the results coming from the correlation maps and the
machine learning technigues, we showaedlecrease in sestate sensitivity of
microseism, de to the increasing distance frdime station recording the seismic
signal This is particularlyimportant for thefuture development of an experimental

monitoring system of the sea state conditibased on microseism recordings.

Keywords: microseism, sea ice, sea wave height, correlation analysis, machine

learning



Studio delle relazioni tra microseism e stato del mare mediante analisi
statistiche e di machine learning: casi di studio in Antartide e Sicilia

orientale

SINTESI IN ITALIANO

Il segnale sismico piu continuo e onnipresertgstratosulla Terra € il micrassm,
generato dal trasferimentizll'energia delle onde oceanichiéa Terra solida. Sulla
base del contenuto spettrale, & possibile distinguere trdi tipicrosism: primario

(PM), secondario (SM) e secondamocorto periodo (SPSM). In questa tesil
microsism € stato inizialmentearatterizzeo in termini di ampiezza e contenuto
spettrale successivamentestata studiata relazione tra micr@sm e stato del mare
utilizzando segnali sismici registrati in due diverse aree: I'Antartide e la Sicilia
orientale. Per quanto riguarda i segnali sismici, sono stati utilizzati i dati registrati da
20 stazioni nel periodo 1993917 e da 6 stazioni nel periodo 202017
rispettivamente nella prima e reeBecondareaPer quanto riguarda lo stato del mare
lungo le coste dell’Antartide, abbiamo utilizzato mappe di concentrazione di ghiaccio
marino provenienti da dati satellitaritutto I'Oceano Antartico. Per quanto riguarda
invece la Siciliaorientale, sono stati utilizzati i dati sull'altezza delle onde marine,
forniti sia da boenstallate neMar Ionio enel Tirreno, sia dalle mapp& hindcast

del Mar Mediterraneo. Per quamntiguarda la caratterizzazione del miciss, la
maggior parte della sua energia & contenuta nelle bande SPSM e SM, mentre la banda
PM ha mostrato un‘energia molto piu debole. Il mieiss presenta ungariabilita
stagionale sia nella Sicilia orientaleecin Antartide. Nella prima area, i massimi di

ampiezza sono stati osservati durante l'inverno e i minimi durante |'estate, come



previsto in tutte le regioni di latitudine temperata. Al contrario, in Antartide il
ghiaccio marino impedisce la generazioeerdicrogism, dando luogo quindi ad una
diversa variabilitatemporale delle ampiezze del micEssn rispetto aquanto
osservatonelle regioni di latitudine temperata. | risultati ottenuti dall'analisi di
correlazione hanno mostrathiare anticorrelaziom tra ghiaccio marino e SPSM
registrati in Antartidee alti valori di correlazione tra SPSM e altezza delle onde del
mare nel Mar lonio e nel Tirreno. Infingpno stati applicatalgoritmi basati su
tecniche di machine learning, che consentono di rigmstrspazialmente e
temporalmente lo stato del mare sia in Antartide che in Sicilia orientale con un errore
piuttosto basso. Questa tecnica permettedesiimerdo stato del mare nei periodi

in cui le immagini satellitari o dati delle boe, abitualmentatilizzati per |l
monitoraggio dello stato del mare, non sono disponibili, con ampie applicazioni in
molti campi, primo fra tuttio studo sul clima. Combinando i risultati provenienti
dalle mappe di correlazionedalle tecniche di machine learning gata evidenziata

una diminuzione dell e f fdello tstato del maresu microsism, dovuta alla
crescente distanza dalla stazione che registra il segnale sidalicoare Cio €
particolarmente importante pdrfuturo sviluppo di un sistema di monitoraggio
sperimentale delle condizioniellio stato del mare basato su registrazioni di

micros|ism.

Parole chiave mi cr osei s m, ghiacci o mar glisidli, al

correlazionemachine learning

[



PREFACE

Modern seismology is able @itain plenty of information by the analyses of signals,
that until a couple of decadago were considered to be noise, such as microseism.
This is considered as the most continuous and ubiquiseismic signal on Earth,
generated by oceanwawen er gy coupl i ng wlonghetHighirs, Ear t |
1950; Hasselmann, 1963; Ardhuin et al., 2005).the basis of its source mechanism
and spectral content, it is classified as: primary microseism (hereafter referred to as
PM), secondarynicroseism(SM), and shorperiod secondary microseism (SPSM)
(Haubrich& McCamy, 1969 Bromirski et al., 200p Because of the microseism
source nature, such a signal has been used to make inferences onatiengies
(Grevemeyer et al., 2000; Aster et al., 200&it8nann et al., 2009)ndeed, the
microseismfeaturesclosely depend on thesea state, andheir link has been
empiricallyand theoreticallgxplored by several authges.g.Bromirski et al., 1999;
Bromirski & Duennebier, 2002; Ardhuiet al., 2012; Feetti et al., 2013, 2018).
Furthermore, necroseism investigations and, more generally, seismologtoalies

are currently undergoing a rapid increase in datasates (e.g. Kong et al., 2018;
Jiao & Alavi, 2019). For thisreason, nowadayspplications of machine learning
techniqueqhereafter referred to as MLTs) on seismological dataramreasing in
number day by day

In the following chapters of this thesis the results, obtaihgghlighting the
relationship between microseism and segeswill be presentedn particular, the
Chapter 1 will deal with the fundamentals of microseism, an overview of microseism
source location methods and the applications, with a final focus on machine learning

applications in seismology. Successivel tiiesiswill consider the seismic signals



recorded in two different areas, Antarctica and Eastern Sicily. Chapter 2 describes
the first study, where the link between microseism recorded around Antarctica
coastline and sea ice will be investigated. Chafend 4, instead, will consider the
second study, focusing on the link between microseism recorded on Eastern Sicily
and the sea wave height data coming from both buoys and hindcast maps in the
Mediterranean Se&pecifically, each of théhree chapterswill be divided into
sections concerning general introduction, methods of analysis, description of the
results, discussion and conclusioRmally, Chapter 5 willgive an overview of the
mainconclusionobtained in the thesis.

The initial stepsof both the above mentionesudeswill concern thenvestigation

of seismic signals recorded, focusing the attention omtbseism characterization

in terms offrequency conterandamplitude The followingwork, on the other hand,

will be articulatel in two different types of analyses:adrrelationanalyses between
microseismandsea statéime series, to highlight any relationship betwésmand
improve the knowledge omicroseism sourcesi) machine learning applications,

with the fnal aim to reconstruct the spati@mporal distribution of the sea state
features starting from microseisiproviding essential information on trseismic
stationlocations and the microseisperiod bandd4o be usedo achieve the best
results.

The ideaof theAntarcticastudy arises from thavestigatiors performed byAnthony

et al. (2017)whoquantitatively studietherelationshipgbetween microseism and sea
icein the Antarctic Peninsulédowever to date no technique hbasen found to infer

the sea ice distribution in the Southern Ocean, based on microseism recoByings

using 20 seismic stations intane interval from 1993 to 201 7he quantitative



relationship between microseismecorded along thAntarctic coasts and sea ice
concentrationwill be discussed and the capabilities of machine learderyed
models tanfer the sea ice distribution in the Southern Ocean, based on microseism
recordingswill be explored

The Eastern Sicily study will consider the quantitative relationship betwa
microseism recorded on coastline of Eastern Sicily and significant sea wave height
recorded in the Mediterranean Sea from 2010 to 2AXfevious study has already
shownthe spectral features of the microseissnorded in this are@e Caro et al.,
2014), and Ferretti et al.(2013, 2018) found empirical relations to predict the
significant wave height along the Ligurian coast (IfalyOn the basis othe
availability of seismic and buoy data in fle@ian and Tyrrhenian Seas and coastlines
together with the hindcast maps of sea wave heiggatlink between sesaves and
microseism as well adocations ofmicroseismsourceswill be highlighted for the

first time in this area. Also in this case, regression models, obtaineg-toydate
madiine learningalgorithms, will be constrained iofer sea wave height information

from the microseism.



1. BACKGROUND AND STATE OF THE ART
1.1 SEISMICAMBIENT NOISEAND MICROSEISM

The first seismic ambient noise study has been carried out in tH®tateentunpy
Bertelli (1872, 185, 1879 whorecognizé these small oscillations of ground motion
recorded by a seismometer and related digealto meteorological phenomenas
well asidentifiedtheir seasonality.

Milne in 1883 observed these oscillations worldwidecorrelating them to
barometrical and tidal variations, even him indicating a natural origin.
TheseEarth Pulsationsas Milne called them, however, were no longer stutlied
detail until the second half of the twentieth centupyimarily because the most
important seismological stigb werefocused on earthquakeAs consequence, the
continuous background signal reded in seismic trace was discarded and considered
asnoise.

The continuous technology innovation in seismonsgfer instance long period and
broadband seismic stations), data storage and computational capacity therefore led to
the first studies on ambienoisewavefield, its source mechanisms and locations
(Longuet-Higgins, 1950; Hasselmann, 1963)

It has been widely observed (e.@utenberg,1958; Asten, 1978; Asten and
Henstridge, 1984) thaambient noisesourceshave frequencies lower than 1 Hz;
above this limit, sources aresually related to anthrop{cultural) sourcesncluding
traffic and industrial operations that are related to economic cond(ttorgy et al.,
2020; Lecocq et al., 2020QbAlso, the instrumental noisghe noise created bye
equalizerfilter and amplifiercircuitry), have frequencies lower than 1 Hz pugvails

at frequencies outside of the seismometer's perforntarwhvidth, where the signal



is strongly attenuate@.g. Peterson, 1993; Barzilai et al., 1998yskov& Alguacil,
2016)

Amplitudes of thismambient noise below 1 Hzere so overwhelminthat, before the
development of higldynamicrange digital seismic instruments, seismologists
recorded seismic waves separatily high-frequency range (above about 0.8)H
and forlow-frequency range (below 0.1 Hz) in order to avoid mhisroseismic noise
(Tanimoto et al.,, 2015)World-Wide Standard Seismograph Netwdnkd such
separatgshortperiod and longperiod) instrumentdviodern instruments with high
dynamicrange and digitarecordingsacquireseismic signals frorabout 1 mHz to

10 Hz using the same sensoausing that microseisms are now recorded
continuously

Peterson (1993) collected seismic data from a network of 75 worldwide seismograph
stations in order toefine models of seismic background noise. The most important
result of this study is thearameterized modehlled the new lovand new higmoise
model (NLNM - NHNM). This model is referring only on vertical component of
seismometers and it is represehby power spectral density amplitude (PSD) over
frequency (Fig. 1.1). The Figure Ishowsdifferentpeaksand amplitude variations:
from the lowfrequency end, the decreasiagplitudetrend with frequency upo
about 2 mH4zs clearly recognize(correlated with atmosphere effect®llowed by

a small peak at about Y0 mHz (denoted as hymorrelated with infragravity wavgs
andtwo amplitude peakatabout0.1i 0.4 Hz (referred to asnicroseisms).

Sea waves are the pringasource of noise observed on broadband seismometers at

all Earth sites (Webb, 2002)hile high frequency noise (> 1 Hz) is often correlated



to anthropogenic (cultural) sources (Hong et al., 2020; Lecocq et al.,

seismic coupling due to the wind.

Acceleration PSD (m**2/s**3)

NLNM (Peterson 1 993)
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Figure 1.1:The new lownoise model (NLNM) by Peterson (1993). Powpectral density

(PSD) in unit for acceleration is used for this pkrtequency range is frot0* to 10 Hz

(from Tanimoto et al., 2015)

The longperiod band is controllegither by seawater currents or by the effect of the

low-frequencysea waves, infragravity waves (Webb, 1998). iiffimgravity waves

are longwavelength surface gravity wavgsnerated by a nonlinear superposition of

wind-driven wavesand swell (Webb et g11991).The hum is associated with ocean

wavesfor periods shorter than 30 Banimoto et al., 2005).
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Microseismsaarise from atmosphergnergy converted t@@rimarily) Rayleigh waves
via the intermediargf wind-driven oceanic swelle.g.Haubrichet al., 1963 Their
predominant frequency range varies from region to rediahjt can be bracketed
within the frequency band 0.09.4 Hz almost anywhere in the war{Tanimoto et

al., 20Q@).

The strong relationship betweencmoseism and seaaves led to correlate this kind
of noise with the storm activity (e.g. Gutenberg, 1947; Ardhuin et al., 2012) and with
the coastal sea wave interaction using buoy data at@hehseismometers (e.g.
Bromirski et al., 1999, 2002; Ferretti et al., 201312®018; Cannata et al., 2020).
Microseism amplitudes at temperate latitudes in both northern and southern
hemispheres show strong annpatiodicity with maxima during the winter seasons,
when the oceans are stormier, and minima during sumfagysAser et al.,2008;
Cannata et al., 2020)lowever, such a pattern is different in Antarctica where during
the winter, because of the sea ice, the ocasaes cannot efficiently excite seismic
energy(e.g. Grob et al., 2011; Anthony et al., 2014, 2016; Caneizal., 2019).
Thewide spreading odeismic stations and the availability of historical seismic data,
that can integrateahe sparser buoy datded to several studies on lorigne
microseismgecord (e.g.Grevemeyer et gl200Q Aster et al., 2010gttemping an
interesting reconstruction of the wave climedenparing microseisms data with wave
records and numericalave modelas well as continuous monitoring climate change
(e.g. Stutzmann et al., 2009; Lecocq et al., 2020a).

It is well knownthat microseism spectra have two pemlentified as primaryor
single frequencyand secondary (or doudiequency) microseisnm($laubrich et al.

1963 Haubrich& McCamy, 1969 These microseism peaks are evident in spectra

11



from any site, even far frorthe coast; this close similarity is a consequence of the
effi cient propagation of Rayleigh waves at periods larger than few se@iedd,
1998). Primary microseisn{PM) has a spectral content equal to the oceame
frequency (period betweer8 And 20 spnd its source is associated with the energy
transfer of ocean wavdseaking/shoaling against the shorel{rasselmann, 1963)
Secondary microseisifM), with most energy between 5 and 10 s (roughige

the frequency of ocean waves), is generally ati@rised by higher amplitude than
primary microseism According to the most accredited theories, secondary
microseism is generated by interactidmstween wave®f the same frequency
travelling in opposite directions.onguetand Higgins, 1950; Ardhuin et al., 2012)
Finally, there is a short period secondary microsefSfASM) characterized by
period shorter than § and sources generally linked to local sea state and wave
activity, andinfluenced by local wind@Bromirski € al., 2005; Chen et al., 2011)

In Figure 1.2 the characteristics of microseism recorded in one of the seismic stations
located on Eastern Sicily coast (EFIU station, part of INGYtuto Nazionale di

Geofisica e Vulcanologjaeismic monitoring netwoylare shown.
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correspondingnedian spectmm (b) and the RMS amplitude time series filtered in the three
different microseism periobandg (PM, SM and SPSMjc) for EFIU seismic station,

located in Eastern Sicily coast and part of the INGV seismic network.

1.11 PRIMARY MICROSEISM (PM)

Primary microseisnfPM) is known to be generated in shallevater bynorinear
coupling of ocean gravity wave energy into secsiwave energy at the same
frequency(Hasselmann, 19634aubrich & McCamy 1969) Ardhuin et al. (2015)
made a detailed quantitative estimaik seismic noise levels due to pressure
variations generated bgcean gravity waves propagating in shallexter in the
presencef seafloor slopes, as proposed by Hasselmann (1Ble&yesultingseismic
waves have the same signal period as the ocean waatesause them, typically

between 10 and0 s (see the weakef the two peaks in the NLNM curve in Fig.

13



1.1). According to Airy first-order wave theory approximation the firstorder
pressure variations associateth the orbital motion of water particles decrease

exponentiallywith depth(Fig. 1.3).

Deep Water Wave:

L. = wavelength

Orbital motion of
water particles due

to the passage of
= '\ f waves
=% \ f
g J
a Q
| |' \ 'l
L/2
‘ 1| ‘. ‘||
0 0
l\ || | |‘|
| l' |/
y |'l
N

Figurel.3 Airy06 snedrtheory of orbital motion of water particles that decreases with depth

(modifiedfrom Burley and Suddeth, 2013

Gravity waves begin toteract appreciably with the seafloor when the water depth,
h, is lessthan half thedeepwaterwavelength L, determnedusing the Airy linear

wave theoryapproximation as

; "Q"y o
I Y

whereg is the gravitational acceleration ahd thewave period. Intermediate depths

fall in the rangd/20 <h < L/4,whereh < L/20is considered thshallow water zone
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andh > L/4 is the deepvater zone.This suggests that most primary microseism
generation probably occurswaater depths less than th& bound(Bromirski et al.,
2002).

In Figure 1.4, an illustration of primary microseigeneration mechanism is shown.

< STORM ENERGY > ATMOSPHERE

Wave train
frequency @

Interaction of waves
and shoaling sea floor

primary microseisms
generated with frequency w

CRUST

Figurel.4: Primary microseisms are generated through nonlinear coupling of ocean wave
energy into the seafloor by the shoaling action of waves in shallow (kasselmann,

1963. Primary microseism frequenty is that ofthe ocean waves responsible for their
generation, which may travel great distances before primary microseisms are generated

(from Ebeling, 2012

A theoretical frameworkof PM has mainly evolved for Rayleigh wavesly.
However, in previoustudies, the contribution of Love waviesthe PM wavdield

was found to be comparabie or even larger than those of Rayleigh waves (e.g.
Friedrichet al, 1998; Lin et al. 2008; Nishida et al. 20Q08uretzek et al., 20)6
leading to a souramechanisrmorelikely to be interactions of ocean waves with the
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solid Earth inshallow oceanghusproducinghorizontal forcing througkopographic
coupling (Saito, 2010Ardhuin et al. (2015) highlighted thansil-scale topographic
features on the shallow parft continental shelves are the likely dominsotirceof

the PM peak

PMs source areas are often spread out along the coast (Friedrich et al., 1998;
Bromirski et al., 2001)Moéllhoff and Bean (2016), for instance, detected source
regions of PMs along westoast of Ireland in water shallower than 150 m,
considering a PM average period peak of 14 s.

PM locationshave shown a seasonal variability (s¢ehly et al., 2006Stutzmann

et al., 2009; Gulatieri et al., 20t%or the NorthernHemisphere, the sources are
mainly located in the northern Oceans during wingergd southern Oceans during
summer This seasonality is explaindmd/ the seasonal increase of nearby oceanic
storms(e.g. Aster et al., 2008). Gualtieri et al. (2019), foranse, showed that a
low frequency(i.e. 0.05 Hz), the dominant source regions lbarlocated thousands
of kilometres away from the stations.

The link between microseism and ocean wpaeametergsuch as the significant
wave height)has been gquantitatiyelexplored(e.g. Bromirski et al., 1999, 2002;
Ferretti et al., 2013, 2016, 2018jowever, such a pattern is different in Antarctica
where during the winter, because of the sea ice, the ocganés cannot efficiently
excite seismic energhAster et al.2008; Anthony et al., 2015, 2017; Cannata et al.,

2019; Turner et al., 2020)
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1.12 SECONDARY MICROSEISM (SM)

The secondaryor double frequencyiicroseism (SM) is commonly generated by
oceanic waves reflecting off trmastline andnteracting with incoming waves to
form standing pressufeictuationsof the oceanic wavefiela(g.coastal reflections,
storni storm,or intrastorm wave interactions; Ardhuin et aD11)that oscillate and
couple with the seafloor at hallhie period ofthe oceaniovaves(e.g. Longuet
Higgins, 1950; Tanimoto, 2007

SMwith most energy between 5 and 1(@$ver & Page, 1963daubrich et al.1963
Haubrich& McCamy, 1969 is generally characterised by highemplitude than
primary microseisnisee thestrongespeak in the NLNM curve in FidL.1).

The wavéwave interactions basically a vertical forcing, which exct®ayleigh
waves much better than Loweaves.This mechanism for the&SM showed that
interactions of two ocean waves in oppoditection can create the doulflequency
microseismgFig.1.5)through the nonlinear (advection) term in thavieir Stokes

equation(LonguetHiggins,1950)
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Figurel.5 Secondary microseisnase generated only when ocean wave trains of the same
frequency traveling in opposite directions meet. Under these conditions, drtigyibndent
secondorder pressure variation arises, with amplitude proportional to the product of wave
amplitudes ¢ and 6») and its frequency2) double that of the ocean wav@®m Ebeling,

2012).

Bromirski (2001) clearly showed th#te dominant source area for tM was not

in the open ocean, where the highest waves occunuéayas near the coast. It seems
therefore that standing oceavaves that occur near the coasts, even at the time of
large low-pressuresystem, are the source &M. Other studies suggested the
existence of pelagic sourgelsasedon a comparison between seismic data and
hindcas oceanwavespectral data from the North Atlantic Ocgang.Kedar et al.
2008) Mollhoff and Bean (2016), for instance, detected source regions ofigg/
west and northwest of Irelapsuggesng that SMsources are frequently located
regions thatdid na coincidewith thearea of strongest storm activitghevrot et al.
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(2007), using array analysis, detected SM source anreamstal regions where the
swell reaches steep rocky coasts with nonmetience, in goo@dgreement with the
LonguetHiggins modé for the generation ofecondary microseisms. In addition,
they foundevidence of occasional pelagic sourcesjch areclosely related to
moving storms, suggesting that nonlinear interaction betwa®e components can
also generate secondary microseisms

Stutzmann et al. (2009) show#tht the secondary microseism amplitude variations
are global and depend predominantly on the staéibtude and season. Maximum
amplitudes are observedring local autumn and winter for station$ggh latitudes.
Moreover,SM sources generated by ocean waves fromSiwethern Hemisphere
highest wave areas can becorded by Northern Hemisphere stations wiueal
sources are weak, that is during local sumi&utzmann et al., 2009Finally,
variaions in SM power at specific stations iintarctica are known to be strongly
sensitive to both neamoastalstorms and to wave state.. MacAyeal et al., 2006)
and are amplitudenodulated by the annual formation dme@akup of sea ice (Aster
etal., 20082010; Grob et al., 201 Anthony et al., 2014, 2016; Cannata et al., 2019
Finally, Bromirski et al (2009 pointed out thathe SM can often split in two different
peaks:the first onethe longperiod secondary microseir(LPSM), is found atD
0.08571 0. 20 Hz the second peak, shegueriodsecondary microseisfsPSM), is

found at 0.20 0.50 Hz, and it is associatewith wavesinduced by local winds.
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1.13 SHORT PERIOD SECONDARY MICROSEISM (SPSM)

Bromirski et al. (2005) highlighted that SPSM recorded at epegan seismic
stations comes from local wawveave interaction, strongly correlated with abrupt
changes in wind direction. SPSM, recorded in the horizontal components of
nearshore seismic stationsproducednearbythe coastlines blocal storm activity

and therefore by local wave activigyropagating inland as Rayleigh wavBscause

of its high frequency range, SIM doesnotpropagatalonglong distancéBromirski

et al., 2005)

De Caro et al. (2014)bserve a strong relationship between timerease in wind
speed recordely a Cataniameteorologicaktation andhe increase in energy levels

of the SFBSM during thewintertime recorded by an Ocean Bottom Seismometer
(OBS) instaléd in lonian deep sea.

Regarding source locations &FPSM, Chen et al. (2011)or instance,analysed
microseism dataollected in Taiwan and showed how stronger excitation in SPSM
takes place in the narrow Taiw8trait where water depth is very shallow, while the
excitations are relatively weak in the easternsbibre area, an open sea with water
depth increasing rapidly off the coaMollhoff and Bean (2016) detected source
regions of SPSM coincident with the Irelaodastlinewhere surf iggenerated and
sea waves breakOther investigatios found that SPSM could be effectively
generated by resonance of tenmpression waves at favourable depth in deep oceans

as well(Kedar et al., 2008
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1.20VERVIEW ON MICROSEI$ SOURCE LOCATION METHODS

While the nonlinear interactions of ocean wava® nhecessary to generate
microseism, there is some confusias to exady locae the excitation sources
(Tanimoto et al., 2015)There has been a lomtebate aboubhearcoastal sources
versus pelagic sources (in theep oceans). Neapastal sources seem common but
thereseems to be a strong case for some pelagic soi@ge€essaro, 1994; Kedar
et al., 2008). What we know for sueethe fact that a source mugtin a place where
oceanwavecollisions occur.

Studies early inXX century proposed their associatisith meteorological storm
systems in the ocea@essaro (1994) pointed out thathaugh pelagic stormesan
provide the source of microseismia@ve engyy, it is the interplay among (1) the
pelagic storm parameters, such as tracking velocity, peal speed, location,
effective area, and ocean surfgcessure variation, (2) the resulting storm waves and
their frequency distribution, (3) the directioh storm wavepropagation, and (4) the
nearshore and deepcean processegthat control the production of microseism.
Analysis of microseism recorded by seismic array has provided a better
understanding of the naturef the lowfrequency noisgseismic and acoustic)
generated by large pelagic storms tpabpagate intahe continental interior as
microseism surface wavé8essaro, 1994 Capon (1972) suggestdtk coincidence
of an atmospheritow-pressuraegion with a microseism source detemad from
simultaneoudrequencywavenumber (k) analysis oftwo different arraydatasets
Cessaro and Chan (1982)d Cessaro (19949und two nearshorsource locations
that were associated with neadyll the coherent primary microseism propagating

acrasstwo arraysJuretzek and Hadziioannou (2016, 2017), for instance, applied the
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beamforming approach to threemponent seismic data of different arrays
distributed in Europe to investigate the directionality of PM ad SM sources and
seasonal variationgrom the perspective of a seisnagay, at any given moment
only the most energetic coherguatrtion of the noise field is detected bl &nalysis,
i.e., a peak in the frequengyavenumber powerepresents the most energetic
coherent portion of the micresmicwave field at that instarfCessaro, 1994).

Other source location methods use the polarizations analysis of the three components
of the ground motion (e.gudkevics 1988. Stutzmanret al. (2009), for instance,
determiné the back azimuth of th8M as a function of time and frequency as well
as thedegree of polarizatigrshowing thathe source azimuthare predominantly
toward the closest ocedamyt with azimuthvariations between winter and summer.
Another kind of approach, useditovestigatethe source locations ahicroseismis
thecorrelatonwith ocean waveata coming from buoys or hindcast maps. Bromirski
(2001) computed therasscorrelation coefficients between wavespectra from
widely sepaated buoy measurementsm North America East Coastand
correspondingM spectra ahearcoastal seismic station. The results shothatithe
dominant source area &M during theintense storm activitys near thesouthern
Massachusetts coast, not in tpen ocean where the highest wawesurred. Essen

et al. (2003 pppliedtwo methods to determine the generaaoeas. Firstcomputed
crosscorrelation coefficients between square root ofrtheroseism amplitudesnd
modeled ocean wave heights in the North Atlantic OceAreaswith maximum
correlationcoefficients, assumed agneration areas of microseism in theean
were determined. Second, an attempt is made to locate generatiorfranedhe

azimuthal direction of thenicroseism at differendcations using array analysBoth

22



techniques revedhat the main generation areas are in specific regions off the coast
of SouthwesNorway and North Scotland

Other authors (e.g. Dham et at., 2006; Chevrot et al., 2007;t@Gal 2015) used
array analyses and correlation between microseism amplitude and sea wave height,
obtaining distinct source location areas for different microseism bands.

Other approaches are based dmaracterizingor simulating the wavefield of
microsesms (e.g. Tanimotoet al, 2006; Tanimotp 2007; Brooks et al.2009;
Gualtieri et al. 2013, 2014, 2005and modelling microseisms from obsenesd
simulated ocean waves (e.g. Kedar et28l08; Graham et al2010; Ardhuin et a).

2011, 2012, 2014, 2®; Ardhuin & Roland2012; Stutzmann et aR012; Ardhuin

& Herbers 2013).

Another method, used to estimate the microseism source direction, is the cross
correlation functions (CCF) of seismic signal between station paosip@&tible
amplitudes for cawd and acausal signals are less common, and it is because the
source strengthef background noises are not spatidilynogeneou¢Chen et al.,
2011) Because the causal and acawssghalsof CCFs are mainly excited by the
sources from oppositdirections along théne of the station pair, the characteristics

of CCF amplitudes has become a useful meaegptore the source heterogeneities

of ambient noiseg.g.Gu et al., 2007; Brzak et al., 2Q0%hen et al., 2011)

Chen et al. (2011), for stance, usinghte temporal variations of th@éCF for the
observedSPSMindicate local sources generated from widdven ocean waves
around offshore Taiwan

Guo et al. (2020) appliegigridsearch procedure to explore the frequedegendent

source locatins of the PM and SMby the asymmetric crossrrelationfunction
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(CCF) between sufficiently long ambient noise recordatgsairs of station®cated

in eastern North American margin.

1.3MICROSEISM AND APPLICATIONS

One of the most importarapplications of microseism is the correlation with the
ocean and the atmosphgrarameters for the climate change studidseady in the

19th century,Bertelli emphasized a correlation between the signal recorded
Florence by a Galileo pendulum (knows atromometerandbarometric lows, and

he suspected the influenaecoastal sea waves (Bernard, 1990). The relation between
microseismic noise and storms or hurricanes hasdddensively investigated for the
purpose of locating storn{&ilmore, 1946; Gutenberg1947; Gilmoreand Hubert
1948 Hjortenbergand Nikolaev, 1990) and the noise source ageg Friedrich et

al., 1998).

Microseism amplitudes show strong seasonal modulaBtutzmann et al. (2000),

for instancepbserve an increasenda shift toward longer periods autumn and
winter than in spring and summer of thecroseisnc amplitude,explaining this
phenomenonvith the increase of the numband the amplitude of oceanic storms in
autumn and winterlndeed, at temperate latdes, microseism shows periodicity,
with maxima during the winter seasons, when the ocearst@maier, and minima
during the summers (Aster et al., 2008% above mentionedhis modulation is
different along the coastlines of the Gladattic Sea anthe Southern Ocean where,
during the wintershecause of the sea ice, the oceanic waves cannot efficiently excite
seismic energy (Aster et al., 2008; Stutzmann et al., 269 .andMcNamara, 2011;

Cannata et al., 2019).
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One possible consequence ofclanate change andf an anthropogenic global
warmingover the paseveral decades is artrease irmcearwave heightand power
caused byipperocean warmingReugero et al., 2019). Tly@antitative link between
wave climateand seismic noise has bestudiedby Bromirski et al.(1999 for
California,and Essen et g11999 for the NorthEast Atlantic Theanalysis of many
seismic records around the webindicateupward trends iseismic noise levels that
was interpreted aanindication of theincrease in ocean wave heiglisster et al.,
2010. Besides, Grevemayer et al. (200@palysed a 4§earlong record of
wintertime microseism and observed an increase in the nuiohbwnthly days with
strong microseism activity, headnferring an increase over tima surface air
temperatures and storminesisthe northeast Atlantic Oceabecocq et al. (2020)
usedanalog seismograms tmprove the database of ocestorms before the 1980s
by providing additional datbor the quantétive validationof ocean wave modeling
for extremeevents

The link between microseism amplitudes and the ocean \waight has been
empirically explored by several authoesg. Bromirski et al., 1999; Bromirski and
Duennebier, 2002; Ardhuiet al., 2012; Ferretti et al.,, 2013016, 2018). For
instance, Bromirsket al. (1999) determined sipecific seismig¢o-wave transfer
functions inthe San Francisco Bay area (California). Ferretti ¢281.3,2016,2018)
found empirical relations tpredictwave parameters as period ahe significant
wave height along the Ligurian coast (ItaBg a function of the spectralenergy
contentof the microseism In addition, otherauthors have derived physibased
models of the generation tife different kinds of microseism from the sea staay(

Gualtierietal., 2013; Ardhuin et al., 2015; Gualtieri et al., 208%opa et al., 2029
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Recent studies investigated the relationships between microseism and sea ice
concentration in the polar regions (Smiann et al., 2009; Grob et al., 2011; Tsai and
McNamara, 2011; Anthony et al., 2015, 2017; Cannata et al., 2017a, 2019).

Another application of microseism and seismic nassds potential use for Earth
structure study. Many techniques haaendeveloped, each focusing on different
aspects of dataxamples include, in historical order, spatial variation of correlation
amplitudes, array analysis f&ayleigh wave phaseelocity measurements, use of
horizontal vertical amplituderatios for Rayleiy wave signals, and thgeismic
interferometrythat istwo-station correlation e c hni que t o recover
between a pair dftations(Tanimoto et al., 2015). Recentiypplementations othis
technique used passivecordings at individual stans to detect changes sfismic
velocity in the crust bphasecrosscorrelaton ofeach componeifior eachindividual

station with itself(e.g. De Plaen et al., 201®pplicationsof seismic interferometry
started with Campillo& Paul (2003) that recowered signalscoming from cross
correlation of seismic coda between station ppadicularly inthe microseismic
frequency bands . The technique was soon appieed local to regionatscale
problems such as Southern California (Sa#tral., 2005;Shapro et al., 2005).
Typical seismidnterferometrya ppl i cati ons f i r stbycressover
correlation of seismograms at two statio®snce dataare mainly from vertical
components and are dominated ayleigh waves, traditionaldispersion
measurements for growmelocity are often used to retrieve Earth structli@nimoto

et al., 2015). Applicationsinclude the evaluation of building responses to seismic
waves, tomography for crustal properties, changes in crpsipkrties ovetime,

groundroll removal from seismic datand wavefornmodelling (Curtis et al., 2006).
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Other applications on seismic interferometry in the microseism frequency range
allows toinvestigate for instancethe relationships between crustalocity chaiges

and volcanetectonic activities at Mt. Etna volcaiiGannata et al., 2017b).

1.4MACHINE LEARNING TECHNIQUES IN SEISMOLOGY

Machine Learning (ML) is the subfield of computer science that gwesputers

the abilitytolearrwi t hout being explicitly program
(and/or mathematical) techniquese used in order to construct a model from
observed dataather than codifying a specific setidtructions that define the model
for that data (Bishop, 2006) he era of big data calls for automated methods of data
analysiswhich is what machingarning providesin particular,machine learnings

a set ofmethodsable toautomatically detect patterns in data, and then use the
uncovered patterns to predict futudata, or to perform other kinds of decision
making under uncertain(Murphy, 2012).

Most ML algorithms can be grouped iMi@wo main categoriesupervised learning
and unsupervisel@arning depending on whether the data have target ladretst

(Fig. 1.6).
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Yes Labeled No
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Supervised Unsupervised
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Classification Regression Clustering y

reduction
Neural network Support vector machine K-means
Logistic regression Neural network Gaussian mixture PCA
Random forest Ridge regression DBSCAN LDA
Naive Bayes Random forest Spectral clustering Isomap
Support vector machine Lasso Hierarchical clustering Autoencoder

Figurel.6: Types of machine learning (ML) algorithms. Supervised ML operattbelied
datasets with the objective to develmpdels that predict either categoricalquantitative
target variables. Unsupervised ML operates on unlabeled datétbetise objective to group
data by similarity or reduce the dimensionality of the ingatiasets. Some common ML

algorithms are listedt the bottom for each categoffrom Kong et al. 2018)

Supervisedearning, which comprises predictive modeling and ope@telsbeled
datasets, can be further subdivided into classificanmhregression algorithms based
on whether the target outputare categorical (classification) or quantitative
(regression). Unsupervisésarning is subdivided into clustering and dimensionality
reduction, depending on whether we are intereistggtouping data into categories

based on similarity, or simphgducing the input data dimensidiong et al., 2018).
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Further more, another type of ML approach

|l earningo, where the machine | earns i

nfexternal environment 0.

ML algorithms, although diverse in their implementaticiend to follow a basic

workflow that includes the following stefikong et al., 2018):

1.

4.

5.

data collection: data are collected and partitioned into training and testing sets.
A key aspect of ML is training the model arrandom subset of the dataset,
and then verifying the model on independent testing data;

preprocessing: data are cleaned and formatted, and missing data are removed
or repaired. Feature extraction, which increases the performance of many ML
algorithms bytransforming the raw data into a more useful state for a given
task, may also be performed;

model training: numerical optimization algorithms are used to iteratively tune
the model parameters based on a cost function specific to the learning task of
the poblem

model evaluation: model performance is evaluated on test data

production: the finished ML model is applied in production mode to new data.

Nowadays, all these approaches find applications in many sectors including medical,

social and financial dciplines. The number of applications of ML is growing

impressively in geosciences too, including geophysics (Aminz&eate Groot,

2006) Examples of applications are seismic facies recognition and classifitagon

Wrona et al., 2018)automatic intgsretation of geophysical data, well log analysis

and risk mitigation Another field where ML can find useful applications is
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integration of multidisciplinary information, like seismic, electromagnetic, gravity
andmagnetic data (Dell 6Aversana, 2014).
Microseism investigations and, more generally, seismologicalies are currently
undergoing a rapid increase in dataggtimes (e.g. Kong et al., 2018; Ji&dAlavi,
2019). For thisreason, nowadays, applications of machine learm@uipniques
(hereafte referred to as MLTS) on seismological dataiameeasing in number day

by day. Such techniques are usedxtract information directly from data using well
defined optimization rules and help unravel hidden relationships betwestimct
parameters, agell as build predictive models (elguhn & Johnson, 2013; Kong et
al., 2018). Examples of trepplications of MLTs to seismology include earthquake
detectiorand phase picking (e.w/iszniowski et al., 2014 earthquakearly warning

(e.g. Kong et al.,2016) atomatic waveform detectiorior amplitudebased
microseismic imaging methods.g. Chen, 2018 improvement of Signab-Noise

ratio (SNR) in processing of seismic reflection imaging (Chen et al., 2¢d8)nd
motion predictionfor seismic hazar@ssessment (e.drugman& Shearer2018)
waveform correlation for detecgpeating seismic events in an aftershock sequence
(Bergman & Rabin, 2019)scanned image®f old analog seismogramsor
earthquakedetecion (e.g. Wang et al., 2019improvement on seismic tomography
and earthquake geodesy (Kong et al., 2018).

Focusing on supervised learning and in particular on regression analgsisade

use of the following MLTs tduild predictive modelthat will be shown in chapters

3 and 4 (i) random forest (RF) regression; (iK-nearest neighbors (KNN)
regression; (iii) linear regressiofiy) support vector machine (SVM) regressamd

(v) extremelyrandomizedreesregression
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As for the RF technique, it is based on decision trees oftehfor classification and
regression (Ho, 1995). One of the manmoblems with decision trees is the need to
increase accuracy amvoid overfitting at the same time (Ho, 1998). RF overcomes
such a limitation by generating many decision trees and outputiirey mean
prediction of the individual trees (Lia& Wiener, 2002). Recently, RF has hadny
applications in geosciences, such as geochemical mafiirkgvood et al., 2016)
and the lithological classification oihderexplored areas by geophysical andotem
sensing datéKuhn et al., 2018).

K-nearest neighbors is a nparametric technique appliéatr both classification and
regression tasks (Altman, 1992). KNégression simply predicts a new sample using
the K-closestsamples from the training set (Altman, 1992; Kéhdohnson2013).
Hence, for a new input, the output is the averagéhefvalues of its Khearest
neighbors in the feature spacdtfud training set. Such a method has been extensively
usedto classify remte sensing images (e.g.&iCheng, 2009Noi & Kappas2018).
Concerning linear regressions, relationships raelled using linear predictor
functions; that is, the relationship betwearedictors and responses falls along a
hyperplane (Kuh& Johnson2013).Similar tothe two previous machine learning
methods, linear regressiohave been used in many fields of Earth Sciences, such as
iron mineral resource potential mapping (Mansouri et al., 2018t atothmerdevel

base cation weathering rates (Poeaal., 2014).

SVMs are supervised learning models for bd#ssification and regression analysis
(e.g. Druckeretal., 199Ruhn&J ohnson, 2013). As for reg
is tofind a function that deviates from each training point by aesatugreater than

a chosen constant, and at the same time is asffaissible (e.g. Vapnik, 200Qghn
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& Johnson, 2013). Als&VM has been applied in Earth Sciences, for instance to
maplandslide susceptibility (Reza Pourghasemi et al., 2013) aakdsify remote
sensing data (Jia et al., 2019).

Finally, extremely randomizedtreesregressionis based on random foreand it
applies a fully random selection to spldta in the test nodé&eurts et al., 2006)
Each of theabovementionedtechniques has its owadvantages and disadvantages
(e.g. Kuhn&Johnson, 2013yang et al., 2019). The main advantages of RF are its
high accuracyand robustness to outliers and noise; also, RF parameter tloesg
not have a drastic effeon performance. The disadvantagee the expensive
training time and overfitting in the case of snddtasets. KNN is effective and non
parametric, but it is not robust the presence of noise and it is not easy to identify
the besK value. As for Inear regressions, they require short trairtinggs, and the
results are easy to visualize and understandthayt are not suited to model ron
linear relationships. FinallyVMs are easy to implement and show good efficiency
in training and generalizatig but the tuning of parameters candoie difficult.

In the last decade there have been rapid advanceslass of ML methods called
deep neural networksr deep learningeCun et al., 2015; Jordan & Mitchell, 2015)
Given enough data, thes#geep negworks can learn very complex, nonlinear
relationships between input data ampdediction targets,leading to accurate
predictions on a number of challenging tagBergen et al., 2019)Deep neural
network architectures, sues convolutional neuraletworks (CNNs) and recurrent
neural networks (RNNSs), are widely applied in imageognition, natural language
processing, and roboticontrol tasks(Bergen et al., 2019). Their application in

seismology includeevent detection, phase picking and idadtion, phase
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association, hypocenter location and edraracterizatiolffor reference see Bergen

et al., 2019)
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2. MICROSEISM AND SEA ICE RELATIONSHIP IN
ANTARCTICA

2.1 INTRODUCTION

Microseism amplitudes at temperalatitudes in both northern and southern
hemispheres show strong annpatiodicity with maxima during the winter seasons,
when the oceans are stormier, and minima during sunm@siar et al., 2008)
However, such a pattern is different in Antarctica whikreng the winter, because
of the sea ice, the oceam@ves cannot efficiently excite seismic ene(ggter et
al., 2008; Stutzmann et al., 2009; Grob et al., 2011; Anthony et al., 2015, 2017; Turner
et al., 2020)Although the link between microseismdancean wav@arameters has
been quantitatively explorgd.g. Ardhuin et al., 2012; Bromirski et al., 1999, 2002)
the relationship between sea ice concentration and microssismnded in Antarctica
has only been qualitatively treated.

An exception is tb investigation performed bynthony et al. (2017) who
guantitatively studied such a relationship only in the Antarctic Penirfsudang that
primary microseisnfPM) energy is both morsensitive to sea ice and more capable
of propagating across oceaasins thansecondary microseism (SMdnergy.In
addition, to date no technique Haseen found to try to infer the sea ice distribution in
the Southern Ocean, based on microseism recordings.

In the following sectiors, we quantitatively investigate the retatship between
microseismrecorded along thAntarctic coastsand filtered inthree distinct period
bands(primary microseisnPM: 13/ 20 s,secondary microseism SNsi 10 s and

shortperiod secondary microseism SPSAM5 5.0 s) and sea ice concentratidy
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means of statistical analysis and machine learning applicatiboajng to spatially
and temporally reconstruct the sea ice distribution ardAmtdrctica based on the

microseism amplitudes

2.2DATA
2.2.1 SEISMIC DATA

All the available seismic data, recorded by the vertical compon@otsiations from
1993 to 2017, were used. These stations, chosen because located close to the
Antarctica groundingines (maximundistance equal to ~260 km for SILY) and then

to those microseism sources, mainly relatedhe energy transfer of ocean waves
breaking/shoaling against the shoreliR&l Hasselmann, 1968} to localnearshore
wavewave interaction $PSM, Bromirski et al 2005) (Fig. 2.1), belong to the
following seismicnetworks(Table 2.1) Antarctic Seismographic Argentinean Italian
Network (BELA, ESPZ, ORCD, SMAI), POLENETBEAR, CLRK, DNTW,
HOWD, MECK, MPAT, SILY, THUR), Global Seismograph Network (CASY,
PMSA, SBA, VNDA), GEOSCOPE (DRV), Geoscience Australia (MAW),
GEOFON (SNAA), Pacific21 (SYO).

The datawere acquired at a sampling rate of 20 or 40(Hable 2.1)by seismic
stations equipped with different broadband seismome(&usralp CMGS3T,
Streckeisen STS2, $tkeisen STS1, Nanometrics Trillium 240, Geotech- KS
54000). Thedata were downloaded from the website of Incorporated Research
Institutions for Seismology (IRIS; https://ds.iris.edu/SeismiQuery/station.htm).
Although the considered time interval rangesnfrd993 to 2017, the temporal

coverage of the acquired data significantly varies from station to s{&imr.2)
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Station Name Latitude Longitude Altitude (ma.s.l) Netwark Sensor SamplingRate(Hz)
BELA -77.875 -34.6269 262 ASAIN Gurdp CMG-3T 20
ESPZ -63.3981 -56.9964 31 ASAIN Gurdp CMG-3T 20
SMAI -68.1302 -67.1059 9 ASAIN Gurdp CMG-3T 20
ORCD -60.7381 -44.7361 20 ASAIN Gurdp CMG-3T 20
MAW -67.604 62.871 12 Geoscience Australia Streckeisen STQ 40
DRV -66.664908 140.002069 40 GEOSCOPE Streckeisen ST3 20
SNAA -71.6707 -2.8379 846 GEOFON Streckeisen ST8 20
VNDA -77.517275 161.852758 51 (100 m depth) Global SeismograpNetwork Geotech KS54000 40
CASY -66.2792 110.53554 5 Global SeismograpNetwork Streckeisen ST 20
PMSA 67.7744 -64.0489 40 Global SeismograpNetwork Streckeisen ST 40
SBA -77.8492 166.7572 48 Global SeismograpNetwork Gurdp CMG-3T 40
SYo -69.0067 39.585 20 Pacific21 Streckeisen ST3 20
BEAR -74.5476 -111.8511 384 POLENET Gurdp CMG-3T 40
CLRK -77.3231 -141.8485 1042 POLENET Nanometrics Trillium 240 40
DNTW -76.4512 -107.7769 1031 POLENET Nanometrics Trillium 240 40
HOWD -77.5286 -86.7694 1495 POLENET Nanometrics Trillium 240 40
MECK -75.2808 -72.185 1085 POLENET Nanometrics Trillium 240 40
MPAT -78.0297 -155.0221 539 POLENET Nanometrics Trillium 240 40
SILY -77.1332 -125.966 2092 POLENET Nanometrics Trillium 240 40
THUR -72.5301 -97.5606 238 POLENET Gurdp CMG-3T 40

Table 2.1: List of seismic stations used in this work. The data are coming from IRIS website.

g T T T T T 4000
WEDDELL
eoRreo L INDIAN
2 [y & |
e 3000
G SMAI i
© )
b Bellingshausen ©
Sea
S 0 . 2000 £
o= (0]
- $
o =
Z 1t ] <
A-B 1000
-2 i ’o by DRV i
. B WEST
3 ' ‘ * ' ' 0

-3 = -1 0 1 2 3

Eastings (10° m)
Figure 2.1:Antarctica map. Digitalelevation model of Antarctica (data derived from
CryoSat2 altimetry Slater et al., 20)8plotted by the Antarctic Mapping Todl&reene et
al., 2017) showing the locations of the seismic stations used in this studylaShed black
lines divide Antartica into 5 sectors named Weddell, Indian, West Pacific, Ross &hd A

(acronymof AmundserBellinghausenjHolland, 2014)
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2.2.2 SEA ICE DATA

Information about temporal and spana@riability of sea ice concentration, defined

as the percentage of ice cover within each 25 x 25dethof a gridcomprising the

entire Antarctic polar sea ice cover, are obtained by brightness temperature data
(Fetterer et al., 2017puch datavere downloaded as GeoTIFF files, providing the
daily sea ice concentration data in a georeferenced féFigaR.19bc). In particular,

the version 2.1 files were used for the period 2@006, the version 3.0 files for the
period 19981999and 2017. The two versions have no difference in terms of daily
sea ice concentratiofWindnagel et al., 2017)The sea ice concentratias
represented with a scale ranging from 0 to 1000. We divided this value by 10 to get
data in percent. It has to peted that values lower than 150 (15%) are considered
statistically irrelevant because of instrumental limits. Suplrameter is affeady

larger uncertainty during summer, because of the thinner s€astetten et al., 1992)

23 METHODS OF ANALYSIS
2.3.1 SPECTRAL AND RMS AMPLITUDE ANALYSES

Once the data were downloaded, they were corrected for the instrument reapdnse,
the Short Time Fourier Transform (STFT) of the data recortgdthe vertical
component of the 20 statiofshown in Fig.2.1) was calculated as follows: spectra
over 81.92secondong sliding window were computed, and all the spectra falling in
the same day wee a v er a g e overlapped\sbgmenthadiesaging estimator

(Welch, 1967)and visualised as spectrograms (BEi§).

38



As for the root mean square (RMS) amplitudes, three distinct period bands were taken
into account:PM (13/ 20 s),SM (5110 s), andSPSM(2.5'5.0 s)(Anthony et al.,

2017)

If s,,n=0, 1.,N- 1is a segment of the signal encompass$impints, the RMS in a

specified frequency band is calculated from the filtered signal

wnoe, B

YOYY ——— ¢P
It is also possible to calculate the RMS without filtening i ng Par seval 0s
we apply thediscrete Fourietransform to the signah, we get its spectrurfi, k=
0,1.., Ni 1. The RMS of the unfiltered signal is then

P

YOUY 5+
0

SYS c8&

If we wish to consider a specific frequency band, we oalgulate the suraver the
chosen part of the spectrum. Fammtinuous signals, the RMS value is much more
stable thanhe peakio-peak amplitude which may be strongifluenced by a single
peak in the signal or by a glitctue to a technical proble(Battaglia & Aki, 2003.

The RMS amplitude time series were obtaineg gathering median daily RMS
amplitudes, computed on valussculatedver consecutive 81.9%clong windows
(Fig. 2.4). Successively, the RMS amplitude time series were smoothed byay90
long moving median, split iyearlong windows, that were stacked and normalised

by subtracting the minimum value and dividing by m@ximum value (Fig2.59.
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Figure 2.4RMS amplitudes of the seismic signal recorded by the vertical component of the
20 considered stations and filtered in the band (ab2% SPSM), (b) 510 s SM) and (c)

1320 s PM).

Then, allthese stacked normalised RMS amplitudes of all the stations were again
stacked to have the overall seasonal trends in the three distinct period bands (Fig.
2.90). Finally, the three curvegere stacked, thus obtaining a single curve (Efsg).

The highesand lowest peaks in Fig.5c indicate theonset time of the 9@ay-long
windows, characterised by the strongest (Febiugyil) and weakest (Octobier
December) microseism, respectively.

Furthermore, a median value of RMS amplitude was obtained pestdicim in the

three considered periodands and, by applying a triangulatbased natural
neighbour interpolatiorfSibson, 1981)a map showing the spatial distributioh

RMS amplitude values was plotted per each period band ZFg.c). Following
Mollhoff & Bean (2016),to remove interpolatedformation from poorly constrained
regions, we masked interpolated data for areas farther than 10@0rkrany station

(distance chosen to evidence the unreliable interpolated microseism amplitude
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information in the inner part of Antarctica). The same technique was applied to
generate maps focused on the periods witlmiwemum (FebruaiiyApril; Fig. 2.6di

f) and minimum (Octobé&bDecember; Fig2.6gi i) microseism amplitudes.
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Figure 2.5(a) RMS amplitude time series, smoothed by-@&@long moving median, split

in yearlong windows, stacked and normalised for all the considered seismic stations (see
the legends on the right). In particular, left plots regard the period babda 5entral plot

5-10 s and right plot 220 s. The time series are gathered in different plots, according to the
different Antarctic sector, where the station is located (see FRjlifer sector view). (b)
Overall seasonal trend of microseism for the pebaad 2.55.0s, 510 s and 120 s (left,

central and right plot, respectively), obtained by stacking the RMS amplitudes of all the
stations, smoothed and normalised, shown in (a). (c) Overall seasonal trend of microseism
in Antarctica obtained by stackinige time series in (b). The time iraxis in (ac) indicates

the window onset of the 9flay-long moving median.
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Figure 2.6:Microseism amplitude maps. Spatial distribution of the median values of RMS
amplitude timeseries in the bands 2%0s (SPSM a,d,g), 510 s 8M; b,e,h)and 1320 s

(PM; c,f,i), obtained by applying a triangulatitsased natural neighboumterpolation
(Sibson, 1981)The plots (ac) were obtained by taking into account the whole year, while
the plots (@f) and (g i) arefocused on the periods with the strongest (Febiugsil) and
weakest (Octob&ébecember) microseism, respectively. The black dots indicate the
locations of the considered stationshdis to be noted th#tte color scale used f&M 13

20 s (c,f,i) is diferent from the color scales used & 5i 10 s (b,e,h) an&PSM2.5'5 s

(a,d,g).
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2.3.2 CORRELATION ANALYSIS

Following the idea byAnthony et al. (2017)we quantitatively investigated the
relationship betweemicroseism and sea ice distributifmn the tiree different period
band: 2.55.0 s, 510 s and 1320 s Time series of daily sea ice concentration values
per each grid nodeere obtained and compared with the RMS amplipateerns by
Spearman correlation coefficient.

Following Craig et al. (2016) and Xiao et al. (20,1L8) place of using the more
common Pearson correlation coefficient, we masie of the Spearman correlation
coefficient. This coefficient, defined as a nonparametric measure ofa@m&lation,

was preferred with respect to the more widely used cross correlation coefficient,
whose applicationis limited to explore linear dependsn between normally
distributed parameter@dyers & Well, 2003; Kaniji, 2006)In addition, unlike the
Pearsorcorrelation coefficient, the Spearman correlation coefficient is less affected
by outliers. The Spearmaworrelation coefficientan be computedsdollows (Craig

et al., 2016)

@BQ
€ € p

”

P C®

wheredi is the difference between the ranks of the two parametersiatide number
of observationsThen, spatial distributiorsf the Spearman correlati@oefficient in
the portion of Southern Ocean, seasonally covered bycegavereobtained (Fig
2.7a,c,0.

In addition, we repeated the same correlation analysis by filteringpiiggoeriod

component®ut in both seismikRMS amplitude and sea ice time seriés obtain
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these filtered time series, we tested two methods: (i) we computed smoothed time
series of RMS amplitude and sea ice by using-@la@ydong moving median, and
subtiacted from each value tife original RMS amplitude and sea ice series, the value
of the smoothed series shifted back by one year; (iifliwided the RMS amplitude

and sea ice time series inteyéarlong windows, stacked them and smoothed them
by using al5-day-long movingmedian, and then we subtracted from each sample of
the original time series theorresponding sample of the yearly stacked series. By
using both methods, we obtained very similar time seAé& in this case, we
obtained maps of spati distribution of Spearman correlation coefficient (Fig

2.7b,d,j.
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Figure 2.7: Maps of Antarctica showing the space distribution of the Spearman correlation coefficient computed betweeorsganication time series and RMS amplitudes,
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As both seismic RMS amplitudes aséa ice concentratiorsse characterized by a
sampling period o024 h (much longer than any physically possible delays between
the two time seriesp simple zerdag correlation was computed.

To test whether the observed values of Spearman correlation coefficient are
significantly different from zeroor not (null hypothsis), the itest, taking into
account the different number of samples in the distinct Riglitude time series,
was performed and the space distribution efajue (probability value) was
calculated; inparticular, pvalues lower than the significance é&wf 0.05 were
considered sufficient to reject the null hypothdBig. 2.8) Such a threshold means
that the probability, that the result of the statistical test is due to chanceisliess,
than 5%, so it would occur once out of 20 times the stsidgpeated. The value of
0.05 is a commonlyaccepted significance level used for this statistic test (e.g.
Anthony et al., 201)/

Focusing on the filtered RMS amplitude and sea ice time series, we collected all the
Spearman correlatiomalues and theorresponding distances for all the stations and
the three period bands. A cumulative 3D denglbt was obtained per each period
band, showing the distance in thexis, the Spearman correlation valuehe y

axis, and the normalised number of Speargc@relation estimations with the color
scale (Fig. 2.9a, 2.10a, 2.11d&urthermore, 2D histograms, gathering the Spearman
correlation values within given ranges of distaffcem 0 to 6000 kmwith step of
125, 250500 Figs. 2.12&, 2.13ac, 2.14ac and1000 kn), were obtained. Figuse

2.9bg, 2.10bg and 2.11kpy show the results for the 10@@n step.
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Figure 2.9:Density plots of Spearman correlation coefficient $bortperiod secondary
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Figure 2.10:Density plots of Spearman correlation coefficient for secondary microseism.
(a) 3D normalised density plot obtained for the bariD s, showing the distance seaice
seismic station in the-axis, the Spearman correlation value in thaxis, and the nunds

of correlation estimations with the color scalegt2D normalised histograms showing the
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2.3.3 CALCULATION OF SEA ICE CONCENTRATION BY USING
MICROSEISM AND MACHINE LEARNING

In this section we apply a new methodology able to predict the spatial daily sea ice
concentration starting from microseism sigrniethe method iscomposed of three
steps (Fig2.19: (i) data preparation; (ii) training; (iii) crosalidation.

As for the step (i), the time intervals characterized by an almost complete coverage
of seismic data from 18ut of 20 stations were selected (202012 and 201i&2017),

and the corresponding RMS amplitude data we&teacted. SYO and DNTW stations
were not useddrause of the total lack of data during the most recentititer/al

(2016 2017). We applied the following transformations on all the RMS amplitude
time series:

1 Probability Integral Transformation (PlTDodge, 2008 to maximize the
distribution regularit of the data in a range. The technique attempts to convert
a random variable with any given continuous distribution into a random
variable having a standard uniform distribut{@mgus, 1994)

1 The Linear Discriminant Analysis (LDAVicLachlan, 200% to maimize the
classseparability of clustered data. The goal of LDA is to project the dataset
onto a lowerdimensional space with better cleseparability. To define the
classes of sea ice space distribution, we firstly found the best number of
clusters thatan separate the sea ice space distribution images by using the
CalinskiHarabasZC a | | &Harkbasz1974)and the SilhouettRousseuw
& Silhouettes 1987)indexes in the range between 2 and 365. We found the
optimum number of 32 different classes for the sea ice space distribution

dataset, that we clusterized byreans algorithnfMacQueen, 1967)Then,
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we applied the LDA to the seismic features correspanthnthese classes.

With an explained variance greater than 95%, we found the transformed and
reduced seismic features that better separate the sea ice space distribution
classes.

1 Time Smoothing (SMT): to reduce the time variability of the seismic data, we
applied a sliding window smoothing the signal. The mean autocorrelation
function of the RMS amplitude time series shows a fast decay of more than
60% after only 2 days, thus we considered a caxmadistent smoothing
window of 3 days.

As potential inputfeatures (IF) for machine learning modeling, we tested all the
possible ordered selectiongthout repetition of any subset (included the empty one)

of the described transformations (PIT, LDA, SMT)tbe RMS amplitude data. To

be sure that the model pretid the sea ice concentration from the information carried

by microseism signals and not from the implicit seasonality, we compared the results
obtained by using onlg variable linked to the period of the year as input (see rows
with AT 0 i acolunnefTBoRL)iwih thibse bbtained by the whole set

of microseismr el at ed data (see rows withoffAmicr
Table2.2). The timerelated feature was defined as a sinusoidal oscillator between 0

and 1 with annual periodnd with O corresponding to the time with the maximum

peak of the sea ice concentrati@efined as the measurement of #rea of ocean

where there is at least 15% of sea ice concentra#édirthe potential setef IFs were

tested both in presence (seevr® wi t h Ax0 i n the TR2ne f ea
and in absence diis timerelated feature that indicated the day of the year (see rows

without fAXxO0 I n thd&ablE22dne feature col umn c
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Concerning the training step (ii), the supervised machine learning techniques (MLT),
taken into accourto predict the sea ice concentration, were:

1 Linear Regressio(Kutner et al., 2004)the relationships are modeled using
linear predictor functions, whose unknown model parameters are estimated
from the input/output data.

1 Random Forest Regressiinaw & Wiener,2002) it operates by constructing
a multitude of decision trees at training time, outputting the mean prediction
of the individual trees.

1 K-Neighbors RegressiqAltman, 1992) average of the values of its k nearest
neighbors.

1 Extremely Randomized Trees Regress{@eurts et al., 2006)based on
random forest, it applies a fully random selection to split data in the test nodes.

The step (iii), croswalidation, consisted of eltating the unbiased generalization
capacity of each pair MLT/IF by calculating the prediction performance through K
fold crossvalidation(Kuhn & Johnson2013) We considered K = 10 with partially
overlapped subsets of 365 timagnsecutive daily datdhe choice to consider 365
consecutive daily dat@ar testing was due to the slow dynamics of sea ice formation
and melting. In a completely random selection of th&t set, results could be
optimistically biased for the presence of clas¢ime (and hece similar) patterns in
thelearning set. Considering an annual (i.e. 365 daily data) test set, we avoided biases
in results du¢o such seasonabrrelations. The performance indexes used to compare

the models were:
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1 The mean absolute error (MAE) betweée bbserved sea ice concentration
and the predicted one, calculated in a mask where the ice concentration is not
null for the whole period.
T The percentage (UG) of the cells in tfF
defined as the absolute value of thi#erence between predicted and true sea
ice concentration, lower than 50% (threshold chosen to discriminate gross
errors).
Crossval i dation all owed us to estimate the
of the performancendexes. Tabl@.2shows he crossvalidated performances of the

different pairs MLT/IF sorted by ascendivjA E  wae. U

2.4RESULTS
2.4.1 RESULTS OF THE SPECTRAL AND RMS AMPLITUDE ANALYSES

Microseism exhibits seasonal variability with maxima during Febiudemwl (austral

fall) and minima during OctobebDecember (austral sprirgummer)as shown in the
yearly smoothed and stacked RM@&plitude time series (Fig.5). There are slight
differences inthe seasonal pattern, regarding both the times of maxima and minima
(indeed,there are clear lags between thiferent time series) and the shape of the
patterns (Fig2.5a). Such a variability to a first approximation depeoxdshe sector
where the stations are located (see Bid@.for sector view). For instance, stations
falling in the Weddelkector show RMS amplitude maxima for the band 2® s
during the period end of Januargnd of April, whilestations in Ross sector exhibit

maxima slightly before, midanuaryi mid-April.
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In addition, stations located in the West Hadector (and in particular CASY) show

a shorter period of minimuRMS amplitudes, with respect to the stations located in
the Ross sector. Finally, a certain variability can dlsambserved among stations
belonging to the same sector. The anpadlerns of ESPZ and ORCD are evidently
different from the patterns shown by the other stations of the Weddell sector.

The spectrograms show how most microseism energy is comprised in the bands 2.5
5.0 and 510 s SPSMandSM, respectively) at all the coidered stations (Fig.3).
Thedifferent energy content in the distinct period bands is also evident in the maps,
showing the spatial distributioof the median value of RMS amplitudes (F2geal

c). Moreover, these maps highlight that the area with maxinmicroseism
amplitude is the West Antarctica, and in particular the Antarctic Peninsula. This
feature has also beemwted byAnthony et al. (2015)who analysed a shorter time
period between 2007 and 2052d interpreted this feature as due todineumpolar
westerlies, making Drake Passage and Bellingshausen Sea very stormy. Strong
microseism sourcdscated in this area have also been reported in other p@eers
etal., 2011; Prat et al., 201®Joreover, the maps, displaying the spatial distrilbutio

of the median value of RMS amplitudes in the three investigated period barids (2.5
5.0, 510 and 1820 s)during FebruaryApril (Fig. 2.6di f) and OctobdérDecember

(Fig. 2.6gii), confirm the strong seasonal modulatiohthe microseism: higher

amplitude dung austral fall, and lower amplitude during austral spgagmer.
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2.4.2 RESULTS OF THE CORRELATION ANALYSIS

The results of the correlation analysis highlight clear-emtielation patterns for all

the bandsif Fig. 2.7a the Spearman correlatiaetficient map for period band 2.5

5.0 s is shown The values of Spearman correlation strongly depend on the
considered station anderiod band. In particular, the period band showing the
strongest antcorrelation is 2.65.0 s SPSM Fig. 2.7a). Indeed, the median value
calculated on the Spearman correlation minima obtdmedll the stations is equal

to 1T0.68. ® os Ramd, whil e i1t I s and 1Ba | t o
20 s(SM andPM), respectively. Furthermore, the estimatedspdistribution of the
p-values highlights how the amtorrelation obtained for most of the stations is
significantly different from zero in widareas, in some cases coinciding with almost

the whole Southern Ocean (FR&8a,c,e). This is becaud®th the parameters show
strong seasonal periodicity.

In addition, to seek a prospective spatial dependence between sea ice concentration
and the location of thetation recording microseism, the lepgriod components
(among which the seasonal modulation) wéterédout and the correlation analysis

was performed again between the filtered time series g-iggd,f and2.80,d,f).

The correlation maps show less strong-aantrelations: the median value calculated

on the Spearman correlatiomnima obtained foa | | the stations is
1T 0.28 and 156.0,5209ndf1820 s, BspéctivelyMore importantly, in

most cases the Spearman correlation coefficient displays the lowest values in the
areaglose to the stations where the microseism ierce. This is evident in many
regions, such as the Drake PassBgdingshausen Sea and Weddell Sea (i.e. stations

ESPZ, HOWD, ORCD, PMSA, SMAI), and the Ross Seagtations MPAT, SBA,
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VNDA) (Figs 2.1 and 2.6h). According toAnthony et al. (2017)in regions with
strong anticorrelation weexpect that sea ice interferes with the microseism
generation.

In a few cases, it is also possible to note low values of Spearman correlation
coefficient in areas far away frothe stations recording thmicroseism. This is
especially evident for stations located on or nearby the AntaR#inasula, such as
ORCD, ESPZ and DNTW (see Figsland2.7b), whose Spearman correlation maps
showanticorrelation both close to the stations (Weddell Sea and/¢tin@shusen
Sea) and far away (mostly WestdRoss Sea). However, such an apparent link
between microseism and very distant sea ice is due to the fact thatetieeof sea
ice concentration in areas far away from each other can have similar patterns

To verify the dependence of the antrrelation from the distance between the sea
ice and the seismic statioecording microseism, a cumulative 3D density plot of all
the correlation maps was obtained per gaatod band, showing the distance in the
x-axis, the Spearman correlation value in thaxys, and the numbef Spearman
correlation estimations, performed on the filtered deseasonalized time series, with the
color scalgFigs. 2.9a, 2.10a, 2.1)a ' hese 3D density plots have the aim to highlight
comnon patterns among the 20 masd reduce the contribution of features
regarding single stations or a small number of stations, such as thenafttiened
apparent link between microseism and very distant seaHgghermore, 2D
histograms, gatheringhe Spearman correlation values within given ranges of
distance (from 0 to 6000 km, with stepld@b, 250, 500 antilO00 km), wer@btained
(Figs. 2.9kg, 2.10bhg, 2.11bg, 2.12ac, 2.13ac, 2.14ac). Both the 3D density plots

and the 2D histograms show a BRairsymmetric shape with maxima in
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correspondence with zero correlation values, that is what we expect in case of
unrelatedrandom signals. However, if we focus on the short distances (<1000 km;
Figs. 2.9b, 2.10b, 2.11b, 2.12a2.13ac, 2.14ac), the distibutionsshow a clear
asymmetry with higher number of negative correlation values with respect to the
positive correlatioivalues. This feature, evident for all the investigated period bands,
suggests that microseism is mostly affectedheysea ice comntration within 1000

km from the station recording the seismic signal. Such a decrease in sea

ice sensitivity of microseism, due to the increasing distance from the seismic station,
has never been observedAntarctica. In the Arctic, similar observat®ihed(Tsai

& McNamara, 2011)o build an equation linking sea ice and microseism amplitudes

in Bering Sea.

2.4.3 RESULTS OF THE MICROSEINSEA ICE LINK BY MEANS OF
MACHINE LEARNING

The observed decrease in sea ice sensitofitgnicroseism, due to thicreasing
distance from the seismic station, paves the way to implement an algdothm
spatially and temporally reconstruct the sea ice distribution around Antarctica on the
basis of the microseismamplitudes. However, to do that, an analytical approach,
based on microseism wave propagation, seems tmfr@acticable for the few and
sparse data available in a highly heterogeneous and complex environmeaiutiolat
conduct to a strongly underdetermineepidised inversion problem. For this reason,
we explated thecapabilities of the newest regression algorithms in machine learning
to reconstruct the sea ice field starting fribra knowledge of the microseism features

or their transformations. In particular, the method we used is compbaee main

63



stes (summarized in Fig2.15 and explained in detail in the section 2:3i3 data
preparation; (i) training; (iii) crossalidation.

By listing the croswalidated performances of the different pairs MLT/IF sorted by
ascending MAE pluis standard deviai owne) (Table2.2), we found that the best
performance is obtained by the ExtremRgndomized Trees Regression applied on
RMS amplitude data sequentially pgsbcessed by PIT, LDA and SMW,ith the
addition of the timeelated featureThe analysiof the results also shows that the
time-related featureby t sel f (see rows with RPD3B in c.
not able to give performance comparable with thob&ined with microseism
features.

Figure2.16 f shows two cases of actual anegicted sea ice concentratibogether

with the corresponding error, obtained by using the Extremely Randomized Trees
model trained on thabovementioned optimal IFs, acquired during 202012 and

from the beginning of 2016 to half year before ¢basidered day.

For the identified optimal pair MLT/IF, we also estimated and mapped the unbiased
spatial MAE througtK-fold crossvalidation (Fig.2.17a). It is evident how the area
characterized by the lowest prediction error isdbethern part of Weddl Sea, that

is shielded from the westerlies by the Antarctica Penir{gulthony et al., 2017and

for this reasorit is characterized by almost permanent sea ice (see an example of sea
ice concentration map during a period witlry low sea ice extentiFig.2.16d).

In addition, we computed the seasonal trend of the predictiontarourgh kfold
crossvalidation. The error for each day was computed as the average of the absolute
values of thalifference between the true sea ice concentration andddeted one.

Then, the median of all the errors concernihg same day during the year was
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computed to get the seasonal trend of prediction error ZFigh). It isevident how

the error is higher during the time periods characterised by high seaantation.

Sequence of Sequence of

# Regression Model Basic data Time feature MAE (%) yae(%) %) a! 9 %)l # Regression Model Basic data Time feature MAE (%) ad%)

b (%6)al 9 %)

transformations transformations
1 ExtraTrees microseism PIT SMT LDA X 1033 329 96.00 2.04 13.62 69 Linear microseism  SMT LDA PIT X 14.47 321 96.35 2.50 17.68
2 ExtraTrees  microseism PIT LDA SMT X 1028 334 9595 211 13.62 70 Linear microseism  SMT PIT LDA X 14.35 3.36 96.75 240 17.71
3 ExtraTrees microseism SMT PIT LDA X 1039 341 9589 222 13.79 71 Linear microseism  LDA PIT SMT 14.54 322 96.62 2.33 17.76
4 RandomForest microseism PIT LDA SMT X 10.38  3.46 95.44 226 13.84 72 Linear microseism  PIT LDA X 14.40 3.39 96.69 2.47 17.79
5 RandomForest microseism PIT SMT LDA X 10.49  3.49 95.35 234 13.99 73 Knn microseism  LDA PIT X 13.19 4.64 93.75 4.95 17.82
6 RandomForest microseism SMT PIT LDA X 10.47 352 95.39 248 13.99 74 Linear microseism  LDA SMT PIT 14.68 3.19 96.61 2.32 17.86
7 ExtraTrees microseism PIT LDA X 1052 354 95.65 2.37 14.06 75 Knn microseism  LDA PIT SMT 13.03 4.86 93.27 5.05 17.88
8 ExtraTrees  microseism PIT SMT X 1068 343 96.08 208 14.11 76 Linear microseism  PIT SMT LDA 14.60 3.30 96.68 237 17.90
9 ExtraTrees microseism LDA PIT SMT X 10.64 352 9575 205 14.16 7 Linear microseism  PIT LDA SMT 14.63 331 96.67 2.46 17.94
10 ExtraTrees microseism SMT PIT x 1071 3.47 96.10 205 14.18 78 Linear microseism  SMT LDA PIT 14.72 323 96.32 2.54 17.94
1 ExtraTrees microseism LDA SMT PIT X 10.66  3.55 95.76 213 14.21 79 Linear microseism  SMT PIT LDA 14.66 3.30 96.71 2.40 17.96
12 ExtraTrees microseism PIT X 1079  3.49 95.89 223 14.28 80 Knn microseism  SMT PIT 12.79 5.18 93.09 5.24 17.97
13 ExtraTrees microseism PIT LDA SMT 1079 351 9.12 249 14.30 81 Knn microseism  LDA 12.85 513 93.77 484 17.98
14 ExtraTrees  microseism PIT SMT LDA 1086 350 96.06 253 14.36 82 Linear microseism  LDA PIT X 14.56 3.48 96.43 261 18.04
15 ExtraTrees microseism SMT LDA PIT X 10.80  3.59 9577 216 14.39 83 Knn microseism  SMT LDA PIT X 13.23 4.89 93.12 550 18.12
16 RandomForest microseism PIT LDA x 10.67  3.76 9527 271 14.43 84 Knn microseism  PIT 1311 517 93.63 5.15 18.27
17 RandomForest microseism PIT SMT X 10.81  3.70 95.35 255 14.51 85 Linear microseism  PIT LDA 14.84 3.50 96.58 2.70 18.35
18 ExtraTrees microseism SMT PIT LDA 10.96  3.56 95.99 2.68 14.52 86 Linear microseism  PIT X 15.09 3.54 96.25 2.89 18.63
19 RandomForest microseism SMT PIT X 1084 372 9546 258 14.56 87 Linear microseism  SMT LDA X 15.10 3.55 95.69 3.24 18.64
20 ExtraTrees microseism SMT X 1096 3.62 95.77 239 14.58 88 RandomForest microseism X 13.36 5.36 9339 5.88 18.73
21 RandomForest microseism LDA SMT PIT x 10.83  3.80 9524 2.60 14.63 89 Linear microseism  LDA PIT 15.03 3.70 96.34 2.95 18.73
22 RandomForest microseism PIT LDA SMT 1093 3.70 95.45 290 14.63 90 Linear microseism  LDA SMT X 15.14 3.61 95.74 3.26 18.75
23 RandomForest microseism LDA PIT SMT X 10.84  3.80 9522 264 14.64 91 RandomForest microseism  SMT X 13.25 5.52 93.05 6.02 18.77
24 RandomForest microseism PIT X 10.86  3.80 9540 2.82 14.66 92 Linear microseism  PIT SMT X 15.37 3.57 96.01 3.12 18.94
25 RandomForest microseism PIT SMT LDA 1101 369 9545 289 14.70 93 Linear microseism  SMT PIT X 15.47 3.69 95.95 329 19.16
26 ExtraTrees microseism LDA PIT X 1096 3.79 9541 258 14.75 94 Linear microseism  PIT 15.54 3.66 96.07 3.11 19.20
27 RandomForest microseism SMT LDA PIT X 1091  3.86 9531 263 14.77 95 Linear microseism  PIT SMT 15.73 355 95.89 3.14 19.28
28 ExtraTrees microseism X 1113 365 95.59 250 14.78 96 Linear microseism  LDA X 15.44 3.85 95.65 3.35 19.29
29 RandomForest microseism SMT PIT LDA 1110 378 95.44 3.09 14.87 97 Linear microseism  SMT LDA 15.86 3.65 95.72 3.52 19.51
30 Knn microseism PIT LDA SMT X 10.88  4.00 94.47  3.02 14.88 98 Linear microseism  SMT PIT 15.82 371 95.82 3.36 19.53
31 Knn microseism PIT SMT LDA X 10.94 407 9453 317 15.00 99 Knn microseism  SMT LDA PIT 14.38 5.46 92.30 6.65 19.83
32 Knn microseism SMT PIT LDA X 10.97  4.10 94.45 326 15.07 100 Linear microseism  LDA SMT 16.06 378 95.68 3.77 19.84
33 ExtraTrees microseism PIT LDA 11.28 385 9579 3.01 15.13 101 Knn microseism  LDA SMT PIT 14.40 5.61 92.06 6.70 20.02
34 Knn microseism PIT LDA X 11.07  4.08 94.82 314 15.15 102 Knn microseism  LDA PIT 14.85 5.43 92.60 6.40 20.28
35 RandomForest microseism LDA PIT X 1117 4.08 95.03 313 15.25 103 Linear microseism  LDA 16.61 4.19 95.42 4.34 20.79
36 Knn microseism PIT LDA SMT 11.30 4.08 9450 348 15.38 104 Knn microseism  SMT 15.16 6.46 91.37 7.59 21.62
37 ExtraTrees microseism LDA PIT SMT 1143 4.06 9555 284 15.49 105 Linear microseism X 16.57 529 94.66 5.19 21.86
38 ExtraTrees microseism SMT LDA PIT 11.48  4.04 95.60 2.89 15.52 106  ExtraTrees microseism  LDA X 15.03 6.86 88.37 7.85 21.90
39 ExtraTrees microseism LDA SMT PIT 11.47 405 95.56 2.87 15.53 107  ExtraTrees microseism x 15.43 7.55 87.78 8.46 22.98
40 RandomForest microseism PIT LDA 11.48 412 9527 341 15.60 108  ExtraTrees - X 15.43 7.55 87.78 8.46 22.98
41 Knn microseism PIT SMT LDA 1161 420 9432 378 15.81 109  ExtraTrees microseism  SMT LDA X 15.44 7.55 87.77 8.47 22.99
42 RandomForest microseism LDA SMT PIT 1162 419 95.11 316 15.81 110 Knn microseism 16.16 6.84 90.95 838 22.99
43 RandomForest microseism LDA PIT SMT 1159 423 9512 326 15.82 111 ExtraTrees microseism  LDA SMT X 15.44 7.56 87.77 8.48 22.99
44 Knn microseism SMT PIT LDA 1162 427 9419 387 15.89 112 Knn microseism  LDA SMT X 16.88 6.63 91.06 8.20 2351
45 RandomForest microseism SMT LDA PIT 11.60 4.32 94.99 347 15.92 113 Knn microseism X 16.88 6.63 91.06 8.19 2351
46 ExtraTrees microseism SMT PIT 1186 4.15 95.99 3.07 16.01 114 Knn microseism X 16.88 6.63 91.06 8.20 2351
47 ExtraTrees microseism PIT SMT 1101 422 9593 314 16.13 115 Knn - X 16.88 6.63 91.06 8.20 2351
48 ExtraTrees  microseism SMT 1213 403 96.16 284 16.16 116 Knn microseism  SMT X 16.88 6.63 91.06 820 23,51
49 Knn microseism PIT SMT X 1191 441 93.96 3.95 16.32 117 Knn microseism  LDA X 16.88 6.63 91.06 8.20 2351
50 Knn microseism PIT LDA 1195 4.40 94.48 388 16.35 118 Knn microseism  SMT LDA x 16.88 6.63 91.06 8.20 2351
51 Knn microseism LDA PIT SMT X 12.09 438 93.87 421 16.47 119 Linear microseism  SMT X 17.46 6.12 93.77 6.26 23.58
52 ExtraTrees microseism LDA PIT 12.06 4.45 9531 348 16.51 120 Linear microseism X 17.73 6.06 9215 7.01 23.79
53 RandomForest microseism LDA PIT 1210 453 95.00 3.72 16.63 121 Linear - X 17.73 6.06 9215 7.01 23.79
54 ExtraTrees microseism PIT 1235 438 95.82 350 16.73 122 Linear microseism 17.75 6.27 94.06 6.66 24.02
55 Knn microseism SMT PIT X 1216 458 9365 4.26 16.74 123 RandomForest microseism  LDA SMT X 17.31 6.84 89.11 835 24.15
56 RandomForest microseism SMT PIT 1217 469 95.00 4.38 16.85 124 RandomForest microseism  SMT LDA x 17.30 6.86 89.10 8.39 2417
57 RandomForest microseism PIT SMT 1219 468 95.03 4.26 16.87 125 RandomForest microseism  LDA X 17.33 6.85 89.10 8.38 24.18
58 Knn microseism PIT X 1240 452 9413 4.07 16.92 126 RandomForest microseism X 17.32 6.87 89.10 8.37 24.19
59 Knn microseism LDA SMT 1219 484 9354 453 17.03 127 RandomForest - X 17.32 6.87 89.10 837 24.19
60 ExtraTrees microseism 1269 435 9591 347 17.03 128 Linear microseism  SMT 18.37 6.91 9324 7.44 25.29
61 RandomForest microseism PIT 1251 472 9530 4.31 17.24 129 RandomForest microseism 20.64 5.93 91.45 6.88 26.57
62 Knn microseism SMT LDA 1239 498 9368 4.71 17.37 130 RandomForest microseism  SMT 2212 5.43 90.60 6.67 27.55
63 Linear microseism LDA PIT SMT X 1423 316 96.58 219 17.39 131  ExtraTrees microseism  LDA 24.23 4.36 89.05 6.79 28.58
64 Linear microseism LDA SMT PIT X 1435 312 96.58 2.27 17.47 132 ExtraTrees microseism  LDA SMT 24.72 441 87.79 7.54 2913
65 Knn microseism PIT SMT 1256  4.98 93.44 485 17.54 133 ExtraTrees microseism  SMT LDA 24.72 4.41 87.79 7.54 29.13
66 Knn microseism LDA SMT PIT X 13.03 455 9316 4.92 17.58 134 RandomForest microseism  LDA SMT 24.72 4.41 87.80 7.54 29.14
67 Linear microseism PIT SMT LDA X 1427 332 96.74 2.36 17.58 135 RandomForest microseism  LDA 24.73 4.41 87.79 7.54 29.14
68 Linear microseism PIT LDA SMT X 1430 333 96.72 245 17.64 136 RandomForest microseism  SMT LDA 24.72 4.42 87.79 7.55 2914

Table 2.2.List of the crossvalidated performances of the different pairs MLT/IF sorted by
ascending MAE plus wbs dtExndarTd eésvi assttiammd
Randomi zed Trees RegressiboredsiRaRegméEDsiecn O
K-Nei ghbors Regression, and ALinearo for Lir
column means that the tintelated feature was included in the training and evasiglation
steps-0 Thetihe Basi tythdtaneralated éeatureswag incladed irtine

training and crossalidation steps (the microseism data were not used).
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Figure 2.16Sea ice concentration prediction. Examples of prediction based on microseism
features for differenpatterns of see concentration. In (c,f,i) the spatial distribution of the
prediction error (computed as tb#ference between the true sea ice concentration and the
predicted one) is plotted. The used model is obtamedExtremely Randomized Trees
techniques appliedn RMS amplitude data sequentially ppsbcessed byIT, LDA and

SMT, with the addition of the timeelated feature. The red areas in (g) and the grey areas in

(i) represent two extended coastal regions, where the sea ice satellite data were missing on

19 June 2016. The mapsere created by Matplotlib package for Pytliblunter, 2007)
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Figure 2.17:Map showing the unbiased spatial mean absolute error (MAE) obtained
through Kfold crossvalidation. The white dots indicate the locations of the seis@iioBs.
(b) Seasonal trend of the prediction error computed throufgthd<crossvalidation from the

1st January to the 31st December (see text for explanation about error computation). The

map in (a) was created by Matplotlib package for Py(iramter, 207).

The ability of the best identified model to predict the sea ice concentration could be
particularly useful wherthe satellite data are partial and present large uncovered
areas. As an example, we considered the microseisonded on 19 June 2016, when

satellite data of two extended coastal areas were missing (red areaitagiy.We

67



trained the model with microseism data collected during 22012 and predicted

the ®a ice concentration diat day. Figur@.16h shows the predicted ice field also

in the areas without satellite data coverage.

The Extremely Randomized Trees approach has the advantage to easily supply an
index of input importancé-ig. 2.18. Even if the timerelated feature shows a fairly

high importance score (~0.28), due to #easonalityof sea ice concentration, the

sum of the importance of the other microseirgtated features is much higher
(~0.72).

This demonstrates that microseism data carrghmaore information about sea ice
concentration thathe simple seasonality. Concerning microseismpPtkedata and

the SPSMdata roughly share the same importance for reconstructing the sea ice field,
while theSM shows a slightly smaller contributionttte same purpose (Fig.18,b).

This observation stronglsu pports the mostly near coast
in primary and shosperiod secondary bands,@sdenced by other authqiGessaro,

1994; Chen et al., 2011; Grob et al., 201d9¢nversel, SM shows the weakest link

with sea ice, testifyinghat its source is likely also influenced by wawave
interaction in deep ocean, as supposed by prewaotisors(Kedar et al., 2008;
Obrebski et al., 2012Moreover, the importance of each of thest&tions, used in

this analysis, was evaluated (FR1&).
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One of the factors that seeto mostly affect the station importance is the temporal
variability of sea ice extemm the coast nearby the station. In particular, we estimated
the linear extent of the sea ice, with direction approximatefynal to the coastline,
closest to the stiain during two time periods, September 2014 and March 2017,
characterized by the maximum and minimum sea ice extent during the investigated
time intervals, respectivelfFig. 2.1%i c). As shown in Fig2.19, there is a positive
correlation between the $itan importance and the differenogthe two linear sea ice
extents.

It has to be underlined that, since microseism can have distant sources unrelated to
Antarctic nearshoralynamics (hence theoretically not affected by the sea ice
presenceKoch etal., 2011; Gualtieri et al., 201,®ias in the microseisiretrieved
spacetime distribution of sea ice can occur in case of strong distant microseism
sources linked for instance dostant storms. A further issue, highlighted alsd'bgi

& McNamara (201}, could be related to the fact that sea ice concentratamsisned

to be directly linked to the sea ice strength and then to the decrease in the efficiency
of energy transfeirom ocean to solid earth. Such an assumption could be not entirely
verified. In spite of these issues, the predicteapability of the proposed model is
satisfying as testified by the MAE value equal to 10.3%, obtained lyptireal pair

MLT/IF.
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Figure 2.19:Temporal variation of sea ice extent during 12837 (a), computedoy
counting the daily number of grid cells with sea ice concentration higher than 15% and
multiplying it by the cell area. Map of sea ice extent during 15 September 2014 and 15 March
2017, respectivelyb,c). Station importance, derived by the MLT, plottgdrsus the
difference between maximum and minimum linear extent of the sea ice measured

approximately normal to the coastline closest to the station during September 2014 and

March 2017, respectiveld).
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2.5DISCUSSION AND CONCLUSIONS

In summary, we quantitatively investigated the relationship between microseism
recorded along the coasts Afitarctica and the sea ice concentration in the whole
Southern Ocean.

Clear anticorrelation patterns between microseism and sea ice concentratien wer
found at all the investigatedicroseism bands$-(g. 2.7). Such a relationship depends

on the fact that microseism amplitudase influenced by ocean wave heights
(Ardhuin et al., 2012; Bromirski et al., 1999, 2002deed, if we assume that sea ice
corcentration is a proxy of sea iserength(Tsai & McNamara, 2011)he increase

in sea ice concentration: (i) prevents swell from reaching the coast, decreasing the
efficiency of PM generation and (ii) inhibits the swell reflection along the coast,
reducirg theSM energy(Stutzmann et al., 2009; Grob et al., 201h)particular, as

for the SPSM such a band is likelfo be generated by local nearshore waraee
interaction(Bromirski et al., 2005)heavily modulated by the presence of sea ice.

The microsesm bands, showing the strongest link with sea icePMend SPSM

(Fig. 2.18 ) , corroborating their mostly near

weakest link identifiedbetween sea ice concentration a8 (Fig. 2.18) is
indicative ofinfluences by wavewvaveinteraction in deep ocean on t881 source.

In addition, we clearly show a decrease in sea ice sensitivity of microseism, due to
the increasing distance frothe station recording the seismic signal. The influence
seems to disappeéor distances above 1,000 km (5ig.9- 2.14). Following the
reasoning ofTsai & McNamara (2011)such a distance could be related to the
attenuation length. Indeed, considering the entire period band of microseism (from

20 s to 2.5 s), attenuation cbeient of ~10° km'! can be found in literature
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(Mitchell, 1995; Prieto et al., 2009Hence, the corresponding attenuation lengths
turn out to have the same order of magnitagehe estimated maximum distance of
influence of sea ice on microseism. Moreq this distance couldlso be linked to

the temporal variability of sea ice extent in the coast nearby the station. Indeed, the
average valuef the difference between maximum and minimum linear extent of the
sea ice, measured approximately nortoadhe coastline closest to the station during
September 2014 and March 2017 (characterized by the maximumiaimium sea

ice extent during the investigated time intervals, respectively2Fi§b,c), is equal

to 850 km (averagef the xaxis values of Fig2.19d), and then very similar to the
estimated maximum distance of influence ofisean microseism. Furthermore, this
1,000 kmdistance does not seem to be related to the bathymetry. Ifoeesing on

PM at period of 20 s and following the Airy lineaave theory approximation, most
PM generation should occur at water depths less than ~1B@omirski et al., 2002)

As for theSPSM(the other microseism type showing the strongest link with sea ice),
its sources are mostly located even shallower ddm (e.g.Chen et al., 2011;
Juretzek& Hadziioannoy 20163. If we consider the 150 m depth, this limit
corresponds to distances from tptarctic coastline much shorter than 1,000 km
(Arndt et al., 2013)

It is worth noting that such a 1,00®n-threshold, that has to be considered as an
average value among the differstdtions, does not signify that microseism recorded
in Antarctica cannot have also distant sources, as highliglgtedveral authors (e.g.
Anthony et al., 2017; Pratt et &2017; Koch et al, 2011; Gualtieri et al., 201Bhis
study does not constrain the locations of the microseism sotlreegmplitudes and

the corresponding decay with distance, but rather suggests that sea ice with maximum

73



distanceof 1,000 km, on avegge, contributes to modulate the microseism amplitude.
Indeed, location of microseisgources is a hard task, as microseism signals are non
impulsive, and the sources are generally diffuse and variablee (Anthony et al.,
2017) Hence, the classicaldation algorithms, used in earthquake seismology and
based on the picking dhe different seismic phases, cannot be applied to locate
microseism sources. Array processing techniques, déwatovercome the above
mentioned difficulties, have provided logais of microseism source areas
surroundingAntarctic (Pratt et al., 2017)However, as the array data available in
Antarctica are sparse, the microseism array locations ba@se obtained only for
short time intervals (for instance a couple of montHratt et al., 201) Preliminary
information abouthe direction of the microseism sources, with less accuracy than by
using array data, can also come from polarizatinalysis of single -8omponent
station(Lee et al., 2011)

The microseism sensitivity isea ice is reflected in the slightly different annual
patterns of RMS amplitudi&me series observed among the stations @&f). Such
differences can be partly interpreted as due to the diffesmtor, where the stations
are located. Indeed, as stabgdZwally et al. (2002)here are regional changes in the
annual cycle of sei@e extent in the five Antarctic sectors. For instance, the least sea
ice cover observed in the West Pacific seatompared to the other sectors, justifies
the shorteduration of the time interval characterised by minimum Rivigplitudes
(particularly evident in CASY). In addition, it is also possible to observe peculiar
patterns of specifistations, such as ESPZ and ORCD. For these two stations, the

duration of the tima interval characterised lmgicroseism RMS amplitude minima is
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shorter compared to the others, likely reflecting the shbvied effect ofsea ice
modulation on microseism at the relatively lower latitudes of ESPZ and ORCD.
Finally, we propose an innove¢ method, based on #p-date machine learning
techniques, able to reconstruthe spatiakemporal distribution of sea ice
concentration by using microseism recorded in different pdyartts by distinct
seismic stations. The importance of each statiorthe prediction of sea ice
concentration wasvaluated (Fig2.18) and turned out to be mostly affected by the
temporal variability of sea ice extent in the coastarby the station (Fid2.19.
Hence, the wider the area, close to the station andatbes®d by intense sea ice
time variability, the stronger the modulation effect on the microseism amplitude
recorded by the station, and th#ére higher the station importance for sea ice

concentration prediction.

2.6 SUGGESTED FUTURE WORK

The quality d the modelling results, obtained by the machine learning techniques for
the relatively smaldimension of measured data, indicates that microseism signal
carries significant information about the surrounds®a ice concentration. This
technique willallow reconstructing the sea ice concentration in both Arctic and
Antarctica in periods when the satellite images, routinely used for sea ice monitoring
(Fetterer et al., 2017are not availablejsing the longedived seismic stationsvith

wide applicéions in many fields, first of all the climate studies.

A future development of this study will be the inclusion of time series of horizontal
seismic component amplitudas input in the machine learning modelling. While the

vertical component mainly brisginformation abouRayleigh waves composing
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microseism, the horizontal components allow taking into account both Rayleigh and
Love waves. Indeed, it has been highlighted by recent papers that the contribution of
Love waves in microseisman be significan{Juretzek& Hadziioannoy 20164,
2016b)

In the light of this, also the wavefield features (quantified by the polarization
parameters, i.@ncidence angle, azimuth angle, rectilinearity, planadtykevics,

1988 could add additional information to éhmachine learningnodelling, if
included as further inputs.

Moreover, as pointed out by Ferretti et al. (2018¢ teleseisms.€., earthquakes
localized at a distancgreater than 1000 km frorthe recording statiofswith
frequency contenthat issimilar to that of microseism recordingsuld affect the
results of the predicted sea ice concentration. Thereddtgure development of this
study will be the removal of the time windows that include teleseism signals.

The inclusion of these new infuwill likely improve the capabilityo reconstruct

the spatiakemporal distribution of sea ice concentration around Antarctica by the

microseism.
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3. MICROSEISM AND SEA WAVE HEIGHT RELATIONSHIP IN
EASTERN SICILY USING BUOY DATA

3.1 INTRODUCTION

The link between microseism amplitudes and the ocean \waight has been
empirically explored by several authors (eByomirski et al., 1999; Bromirsk&
Duennebier, 2002; Ardhuiset al., 2012; Ferretti et al., 2013, 201Bar instance,
Bromirskiet al. (1999) determined sigecific seismig¢o-wave transfefunctions in

the San Francisco Bay area (California). Ferretti gRfll3, 2018) found empirical
relations to predict the significamtave height along the Ligurian coast (ltaly). In
addition, otherauthors have derived physibased models of the generationtloé
different kinds of microseism from the sea state (e.g. Guadtiexi., 2013; Ardhuin

et al., 2015; Gualtieri et al., 2019).

In spite of the availability of seismic anddyudata in théonian and Tyrrhenian Seas
and coastlines, the link between seves and microseism has never been explored
in such areag-urthermore, although the spectral features of the microsemonded

in this area have been studied (e.g.d2eo et al.2014), the locations of its sources
have never been constrained.

In the following sectionsve will study the microseism recorded along tlastline

of Eastern Sicily in terms of spectral content, amplitsgl@sonal pattern, and source
location. In addition, we will preserg novel algorithm, based on-tipdate MLTS,
able to reconstrudignificant wave height time series in points located in both the

lonian and the Tyrrhenian Seas from the microseism recordings.
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3.2DATA
3.2.1 SEISMIC DATA

In order to investigate microseism, seismic signals recdided 2010 to 204 by
the vertical component ofxsstations belonging to the seismic permanent network
run by IstitutoNazionale di Geofisica e Vulcanologia, Osservatorio EinSezione

di Cat@nia (INGVOE), were used (Figur8.1a, Table 3)1 These stations are
equipped with broadband threemponent Trillium 40-s seismometers
(Nanometric&") recording at dampling rate of 100 Hz.

Moreover, to carry out array analysis, seismic signals redarddanuary 2010
February 2012 by the vertical componenttlid seven stations (equipped with the
same sensors as abovedmposing the summit ring of the Mt. Etna permanent
seismicnetwork, were used (Figurglb, Table 3.2. These stations were chosen
because of: (i) the availability of continuously recorded dating the time interval
2010 beginning of 2012 (in FebruaryMarch 2012, EBEL and ETFI stations were
destroyed by lavfilows); (ii) the ringshaped geometry; and (iii) the distance from
the coastline (and then from the prospective closest microssmmtes associated

with the nearshore waveoast or waviewave interaction).
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Figure 3.1:(a) Bathymetric and topographic map (EMODnet Bathymetry Consortium,
2018), with the locations of theeismic stations (black dots), used to perfgpactral and
amplitude analysis of the microseism and to investigate its relationship with significant wave
height, recorded by Catania and Cetraro buoy stafgmay squares). (b) Digital elevation
model ofMt. Etna, with the locations of the seismic stations (black dots), used to perform

array analysis.
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Station Name Latitude Longitude Altitude (m a.s.l.)

MSRU 38.2638 15.5083 401
EFIU 37.7897 15.2101 98
EPMN 37.820 15.177 541
EPOZ 37.6718 15.1885 119
HAGA 37.2853 15.1552 126
HLNI 37.3485 13.872 147

Table 3.1:Coordinates of the seismic stations ugadmicroseism and machine learning

analyses
Station Name Latitude Longitude Altitude (m a.s.l.)
EBCN 37.752 13.9858 3085
EBEL 37.7408 15.0091 2808
ECPN 37.7428 13.9885 2985
ECNE 37.7653 15.0018 2901
EPDN 37.7659 15.0168 2823
EPLC 37.7651 13.9857 2917
ETFI 37.7393 13.9979 2948

Table 3.2:Coordinates of the seismic stations uk®darray analysis
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3.2.2 BUOY DATA

Significant wave height data, recordédm 2010 to 2014 with a 3thin sampling
step by twostations (Catania and Cetraro; see Fidlifigd belonging tathe Italian
Data Buoy Network, managed by Istituto Superipee la Protezione e IRicerca
Ambientale (ISPRA), were uséBencivenga et al., 2012; Figuse?).

The significant wave heigld defined as:

O 1 0 oP

where Mo is the Omoment of the autgpectral correlation ofthe Fourier
transformations othe buoy displacements in tfrequency/time domain (Steele and

Mettlach, 1993):

0 Y'QQQ 0%,

where the sum of the spectral den§i{f)is over allfrequency bands, from the lowest

frequencyf to the highestfrequencyfy of the nondirectional wave spectrum

(calculatedbnly for the elevation of the sea surface), dfilis thebandwidth of each

band
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Figure 3.2:Significant wave height time series recorded by the Catania (A) and Cetraro (B)

buoys.

3.3 METHODS OF ANALYSIS
3.3.1 SPECTRAL AND AMPLITUDE ANALYSES

The spectral content of the seismic datzorded by the verticabmponent of the six
seismic stations shown in Figugela, wasanalysedollowing the same workflow
adopted in paragraph 2.3.1ll Ahe daily spectra wereollected and visualized as
spectrograms, which are 3D plots wittne on the xaxis, frequency onhe yaxis,
and power spectralensity (PSD) indicated by a color scéieg. 3.3a).In addition,

to obtain information on the spectral featureshef seismic signals recorded by the
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