GeohazardMonitoring with Satellite
Radar Observations: Applications to

Earthquakes andL andslides

Chuang Song

Thesis submitted for the degree of

Doctor of Philosophy

A,

T4

Newcastle
University

School of Engineering, Newcastle University
August 2022



Abstract

Over the past few decades, satellite radar observations have developed into a powerful means
of monitoring geohazards. What makes it distinguishabtbat both transient and lotigrm
deformation involved in geohazardseameasurable in detausing the wellestablished
interferometric synthetic aperture radar (INSAR) technique. However, recent and advanced
applications encounter limitations due to thexzorrelation problem of INSAR when observing
largegradient transientleformation and the lack of subsurface information. In addition,
considering the large amount of InSABservationsand the widespread error sources, how to
automatically and adaptivelgentify geohazardelatedrisk areason a large spatial scale

also worthy of attention.

This thesis aims to address the abowentioned challenges and thereby improve the application
of satellite radar observations to two typical geohazards: earthquakes and landslides, which
occur frequently around the world and an¢errelated in the sense that landslides can be
triggered by earthquakes. Firstly, this thesis ow@ies the INSARdecorrelation problem by
combining INSAR withimage offset tracking techniques so that the complete coseismic
deformation of the2019 Mw 7.5New Ireland earthquake can be recovered and modelled.
Secondly, this thesis incorporatsmic noise measuremetdsnvertsubsurface information
(e.g., landslide depth) that is hard to obtain with INSAR alone andassahtionwasused to
investigatea landslide irBolivia. Finally, a novel InNSARbased automated landslide detection
methodwasdeveloped to detect earthqualezelerated landslides (EAL®Illowing the 2016

2017 Central Italy earthquake sequenideese EAL S responeéd to coseismicor postseismic
stress disturbances differently fr@mtensivelystudiedcoseismic landslides ameeretypically
activated with consierably accelerated ground displacement velocities compared to their pre
earthquake levelswithout acute failures/collaps@his is the first time that an inventory of
EALs against catastrophic coseismic landslides was established, which ensjpétsm#c
analysis of thespatiotemporal characteristio§ EALs anda comprehensive understandiofg

the prolonged legaosffects of earthquakes on landslides

These work in this thesis provide detailed solutions for monitoring geohazards of different
spatial scales and magnitudes using satellite radar observations. Also, they open a new
perspective forassessindong-term earthquakénduced landslide risks, whicbould have

important implications for hazard management in seismically active areas.
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Chapter 1. Introduction

1.1 Background

Geohazards refer tmatural geological processes that can cause widespread demmagean

life, econony, environmentnd landformgMcCall, 2012 Culshaw, 2018 They occur widely

all over the world,representing solid Earthhanges and in generaharactesed by the

mo v e ment of EAeccortdingdosthe differeica o eéhetriggering process the
environmental conditions, or the property of hazardous materials, geohazards can be classified
into five groupsearthquakefolcancrelatedhazards, geomorphological/geotechnical hazards,
hydrogeological hazards, coastal/marine hazards and artificial hggargfiaw, 2018 The

first group of geohazardacludes earthquakes, volcanoes and related geological phenomena
(e.g., soil liquefaction)The second group of geohazardsludinglandslides, avalanches, rock
toppling and permafrostlated hazardsyriginates at oneartheEarth's surfacéMarston et al.,
2017, usually with vulnerablematerials The third group, hydrogeological hazardach as
flooding, is associated with water occurregamovemers, and distribution (Trajkovic et al.,
2016. The fourth group of geohazardscurs in coastal and marine environments, including
tsunamis coastal erosion and submarine landslides;Téte fifth group of geohazasdsuch as

land subsidence and minugduced sinkholess mainly caused by human activity

Among the five groups of geohazards, earthquakes and landslides are two relatively common
types, which occur frequently on a global scabelresult in ground movements in a transient
period(seconds to days) evith long term(years)effects The transienbehaviouris typically

a quickand strongesponse to energy releggeg.,coseismiauptures and landslide failures),
while the longterm behaviouris a relatively slow process that maast for many years (e.g.,
interseismic/postseismideformationand motion of slow-moving landslides)The transient
motion is usually catastrophic and fat&br example, th&oseismic motion oearthquakes
worldwide (~2,200 fatal eventd)ad caused total ofover 2.3 millioncasualtiebetween 1900
and 2015 Daniell et al., 201), andglobal landslide failureadkilled over 130,000 people
between 2004nd2016(Petley, 2012Lacroix et al., 2015-roude and Petley, 2018 he long
termeffectof earthquakes and landslidesontinuously accumulating over time acahalso
cause major damage to infrastructures raagt transforminto fatal transieneventgLacroix et
al., 2020.

To capture both the transient and lelegm motiors of earthquakes and landslidesnumber
of monitoring technique have been developdd.terms ofearthquakenonitoring,one ofthe

1



typicaltraditional instrumentss the seismographvhich recordsthe seismic wave propagation

at a high sampling ra®oore and Bommer, 2005 ousavi et al., 2020 Geodéc observations
such aghe levelling andGlobal Navigation Satellite System (GNSS) can meaauaoerate
surfacemotiorns and have been widely used in seismic studies @eagall and Davis, 1997
Vigny et al., 2005Yamagiwa et al., 20)5In terms otandslidemonitoring, there argenerally
three categories otechniques geotechnical, geodetiand geophysical surveys. The
geotechnical technique relies onditu sensors, such as inclinometers, extensometers and
piezometers, to measure both surface and subsurface deformation of landslidEso&ay et

al., 20143 Geodeticobservationsnclude those fromlevelling, total stations and GNSS, in
which GNSS is more commonly use@ilj et al., 2000 due to itscontinuity andaccuracy(a

few millimetres,Li et al., 201%. The geophyisal surveys such as mieseismic and direct
current geoelectric monitoring are usually used to measure the geometrical and physical
properties of landslides (e.g?azzi et al., 20)7instead of measuring deformation as the

geotechnical and geodetic techniques.

Although the monitoring techniques mentioned abovecagable of providing sensitive and
effective observatias, they are all poirbased surveythat requirethe careful selectiorof
properlocatiors of in-situ sensorand are labouintensive and costly to install and maintain.
Moreover, thepointbased monitoring restricts the spatial coveraged resolutionof
investigationand maynot fully characterisghe deformationof earthquakes anthndslides
(Domingues et al., 2013caioni et al., 200)5Thesedrawbacksan be overcome liheuseof
remote sensingechniques including photogrammetry, laser scanning, and synépsliture
radar (SAR), which provide surfatmsedremotemeasurements withotithe requirement of
installing or maintainingin-situ sensors deep into the defamgnand hazardougones The
performance (e.gspatialresolution and coverayand applicable scenariof remote sensing
observations largely depend on the platform carrying the imaging s€@$wns et al., 2016
For example, terrestrial or airborne photogrammaeégryestrial or airbornkaser scanningrLS

or ALS) and grounebased SAR (GBSARarelimited by the platform sensing range aae
more suitabldo beutilized on a local or regionacale (up tdwundreds of square kilometres
e.g.,Glennie et al., 203AMezaal et b, 2019, despiteits high spatial resolution (< t, e.g,
Haddad et al., 2012Vang et al., 2018

Compared with terrestrial and airborne remote sensing, spaceborne remote sensing, such as
satellite optical and radar imaging,nerecapableto apply wer a large spatial scaleefs of

thousands of squarklometreg owing to theglobal observation capdities of satellites



Satellite optical imaginghas been proven to be efficient aharacterising the transient
behaviours ofargeearthquake(e.g.,Leprince et al., 20Q7andlandslides (e.g,Ghorkanzadeh
et al., 2019, but it can hardly capture smglloundmovements (centimetre level or smallier)
long terns, even by Very High Resolution (VHR) satellit€dmpf et al., 2014 let alonethe
high cosbf VHR for long-term monitoringSatellite radar imagin@r namedspaceborne SAR)
on the other hands able to measurboth transientleformations(e.g, Pathier et al., 2006
Hamling et al., 201)7and long-term subtleground displacement®.g., Elliott et al., 2016

Handwerger et al., 20190 thatis superiorin earthquake and landslidéudies
1.2 Satellite radarobservations

The first satellite platform equipped with a SAR sensobeaSafJordan,1980 which was
launchedby NASA Jet Propulsion Laboratory (JPin) June 1978It wasdesigned for global
oceanographic monitorirgndonly operated for 11@ays, buit inspired pioneering scientists
to exploretheuseof satellite radaobservationgn topographic mappintiproughinterferometry
(e.g,Gabriel et al., 1989.i and Goldstein, 1990In July 1991, European Space Agency (ESA)
launched European RemeBensing Satellitd (ERS1) to provide regular monitoring of land
and ocean surfacéAttema, 199) Based ort hi s s SAR eldtathiegowedfld ability of
spaceborneinterferometric SAR (InSAR)in measuring surface deformatiosther than
elevationwasfirstly revealedy thestudy of the Landers, California earthquakéassonnet et
al., 1993, whichushered ira new era of INSARThe success of ERSalsopromotel satellite
radar observathsto the forefront of Earth observati@and since then more SAR satellites

came into operatioas shown irFigure 1.1

As of 2021, at least ten SAR missions are in operation, but their applicafaitigsdue to
differences irrevisit time, spatial resolution, swath width and sensor wavelength (often referred
to as bands). SAR satellites with less revisit time, higheisdpasolution and larger swath
width (e.g., SentinelA/B and ALOS2) are generally more conducive to lai@ea, mult
temporal and detailed deformation monitoring, while satellite radars in different bands (usually
X, L- or C-bands) correspond to difent advantageous application scenariosaxd SAR

(e.g., TerraSARX and COSMGSkyMed) can provide highesolution ¢ 1 m) images but
operates at a short wavelength of aboutc@]l which has little penetration of vegetation and
will cause strong decorr@ion in vegetated areaSi¢a et al., 2020 Therefore, it is more
suitable for urban or ice/snow monitoring (eBpnano et al., 201 Berg et al., 201pwithout
dense vegetation cover-dand SAR (e.g., ALOS/2), on the other hand, has a much longer

wavelength (about 23&m), enabling great penetration into vegetation, and its phase quality in
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vegetated areas degrades mleds than Xband SAR $chldgel et al., 20)5But the spatial
resolution of lband SAR is usually lower than-BandSAR (Aoki et al., 202) and its phase
measurements tend to be less sensitive to small surface deformd@mpén and McCarter,
2017. The wavelength of ®and (about 5.6m) is between iband and Xband, and thus-C
band SAR (e.g., Envisat and Sentiddl/B) is a good compromise for deformation monitoring
in both urban and natural environment conditiong.(©s ma n o] | u ; nttieri atlal., ,
2018 despie the lack of sumete resolution.

Y& Operational SAR in wide use & Open access to SAR data ¥_) Revisit time (days)
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Figure 1.1 An overview of SAR satellites launched since the 19%8s.red stas indicateoperational
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SAR missions that are widelyseddue to their global coveragapabilityand bettedataaccessibility
than other mission$lote that the short revisit time of some SAR missions (e.g., COSKiMed) is

achieved through a constellation of multiple satellites. FuBd@ missiols such adlASA-ISRO SAR
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Mission (NISAR, L- and Sbands)that will be launched in 2028re not includedhere.The figure was
updatedrom Yu (2019)

Among all theoperationalSAR satellitemissionsshown in Figure 1,1Sentinell is the only
onecapable okystematiglobal coveragevery6 or 12 daysand providingopenaccessiata.

It is also the first SAR missiospecificallydesignedor largearea(250km wide) deformation
monitoring benefiting from the operation modeTdrrain Observation with Progressive Scans
(Torres et al., 2002 Sentinell performs Gband SAR imaging with a constellation of two
satellites, Sentinel A and SentinellB, running on the same orbital plaistnce the launch of
the first satellite in April 2014Sentinell productshave been widely applied to earthquake
(e.g.,Hamling et al., 20L7Bacques et al., 202@nd landslide studies (e.dpai et al., 2016
Carla et al., 2013due to theadvantagesf global coverage, regular acquisition, and open access
These advantages alpoomptedthe useof Sentinell as the main source shtellite radar

observations in this thesis.
1.3 Earthquake study using satellite radar observations

Earthquakes result from the sudden traeiknt as e
shaking and di spl aci nThe fistfapplicatian ofEsatelltehrédar s ur
observationsn the earthquake stydcan be traced back to the 1992 Landers, California
earthquake. It wadassonnet et al. (1993yho first mappedthe high-resolutioncoseismic
displacement field with thdifferential INSAR technique based on ERSmages.This study

was phenomenal and featured on the covemNature as it openeda new horizon for the
earthquake studySince thenresearchers have imaged the coseismic deformation distribution
of over 130earthquakegFunning and Garcia, 20}8such as the 1994 Northridge.S.
earthquake Nlassonnet et al., 1996the 1999 Hector MineU.S. earthquakgFialko et al.,

2001, the 2003 Bamlran earthquake Kunning et al., 2005 the 2008 WenchuarChina
earthquakdgFeng et al., 200)0Qthe 2011Tohoky Japan earthquak&Mang et al., 2012 the

2016 Kaikourg New Zealandearthquake Xu et al., 2018 and the 209 RidgecrestU.S.
earthquakéGoldberg et al., 2090Thanks to theystematic globatoverage oEentinell datg

the number of earthquakssudiedusingInSAR isincreasing by 2030 per yealBiggs and
Wright, 2020. Theshort revisit timg6 daysat minimun) of Sentinell alsohighly improved

the temporal resoliion of INSAR andis beneficialin distinguishingbetweencoseismicand

early postseismic deformatiosreejith et al., 2016 or the deformationof mainshocks and

aftershocks



Although InSAR isa powerful tool for coseismicmonitoring its phase measurementgy
significantly suffer from decorrelation under heavy vegetation, especially-fan Gband
satellite SAR as introduced in Section 1.&hich limits its use irtropical regions.For areas
with large transient deformatignsuch as the epicentral areaf large earthquakeghe
decorrelation problenwill also occur(Socquet et al., 20)9along with serious unwrapping
difficulties In addition, INSAR can only measuthe coseismic displacement in the Line of
Sight (LOS), incapable of mapping 2D/3D deformation fields without assumption or
combination with other sources of measuremeritserefore, to overcome the above
shortcomingsit is reasonable to combine mulgp$atellite radar observations such asaind
SAR (e.g., ALOS?) interferometric phasethat arefeasible over vegetated areasnd SAR
pixel offsets thaprovideunambiguous deformation measuremeaggardless of the magnitude
of the displacement gradie(Michel et al., 1999Wang and Jonsson, 201®ptical satellite
image offsetgan also be complementary to InSA&e to the direct estimation displacement
fields in the horizontal directiomérthandeasj (Leprince et al., 2007 Currently,the use of
multiple-bandINSAR phasege.g, Wang et al., 201)7 SAR pixel offsetqe.g.,Elliott et al.,
2007 and optial satellite image offsetée.g., Milliner et al., 2016 in earthquakestudy is
mature,but thepropercombinationof all thesemeasurementsor joint earthquake modelling
still needs to beexplored The major concerns are the availability of multigatellite
observationsthe difference in observation accuraryd a efficientweighting strategylin this
thesis (ChapteB), | explore thepotentialsolution of these concerns yestigatinga large

earthquakén New Ireland, Papua New Guinea
1.4Landslide study using satellite radar observations

Landslides are defined as a type of maasting on the ground surat¢hat could behave as
transient failures or lonrterm slow sliding They can be triggered by earthquakiéegfer,
2002, rainfalls (Guzzetti et al., 2007 snowmelt Naudet et al., 20Q8volcanism e Vita et
al., 200§ and anthropogenic activitiefgcroix et al., 201P These triggers could activate
dormant landslidesaccelerate slownoving landslides, and ultimately lead them do

catastrophic failure thas fatal to surrounding residents.

Since the operation of the ERSmission in 1991, landslide sied using satellite radar
observationdegan to rise and develop vigorousBcanvic et al. (1993presentedhe first
application ofspaceborne INSARN monitoring landslide motion by use of ERSdata
followed by a series gbioneering landslide studies (e.Garnec et al., 1996-runeau et al.,

1996 aiming at the retrieval of smadcale surface displacementfese studis all used the
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conventionatlifferential InNSARtechniquebut this technique is difficult to trace the srrsdhle
landslide movements in long term due to tiséng decorrelatiorissueover time(Agram and
Simons, 201p and the inevitable atmospheric disturbproblem for small deformation
(centimete level) monitoring(Jolivet et al, 2019. To addresshesessuesFerretti et al. (2001)
proposed a time series INSAR method, i.e., Permanent Scatterers (PS) amn8ARccessfully
applied it tomeasurgehe movemenof a landslide in Ancona, Italfor more than five years
Berardino et al. (2002Jevelopedanother classic time series INSAR method, Small BAseline
Subset (SBAS)which, togetherwith PS InNSAR greatlypromotesthe prospety of using
satellite radar observations monitor landslidesn long term(e.g.,Hilley et al., 2004 Farina

et al., 2006 Tomas et al., 20t/ai et al., 2016Zhang et al., 2020

Althoughsatellite radar observatiopgrform well in recordingong-term surface deformation

of landslides they fail todirectly reveal thesubsurface information (e.g., landslide depth)
Researchers have to rely on strong assumptions such as spatially uniform landslide rheology
and a priori vertical variation of velocity to retrieve the depth of lands(eles,Booth et al.,
2013 Delbridge et al., 2006 However, these assumptions likely do not apply to compound
landslides with spatially variable or unknown rheoldBwoth et al., 2018 Another strategy

to unravel the subsurface structure of landslides is to combine surface defofroatiémSAR

with measurementBom geotetinical sensorqe.g.,boreholes Crosta et al., 2014 ar field
surveys(Crippa etal., 2020, but the low spatial density ahesemeasurementsould be a
limitation. The depth of landslides may also bbtainedfrom geophysical techniquesich as
seismic noise measuremehat is easy to deployith high spatiadensity(Pazzi et al., 2017
Therefore,in this thesi{Chapter4), | combinesatellite radaanddenseseismic observations

to revealboth the longterm surfacanovementand subsurfaceharacteristicef a landslide

In addition tomonitoringlandslides locally as described aboysatellite radar observationan
also be usetb document landslidesn a regional Boni et al., 202)) provincial Rosi et al.,
2018, or even national scal®éhls et al., 2019 The availability of Sentinell dataand the
development of the time series InSA&hniquehavegreatly improved the detectability of
landslides Raspini et al., 2019 However,there are still some challengesantomatically
detectingvery slowmovinglandslides (a few centimetreper yearor less) First, most detection
methods employ an empiricthSAR velocity threshold (e.g., @m/yr in Lu et al., 2019
10 mml/yr inZhang et al., 2020to define movingnSAR pixels which may lack versatility
especially in the absence of prior knowledge of the background deformatiorSesehd, the

thresholdbaseddetection method ignores the spatial correlation and clustering effects among
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pixels inside a landslide amslsusceptible tmoisy pixels. Thirdthelandslide signal shosthe
characteristics of high frequency but small ss@ituang et al., 200)8andit is often difficult
to separatelocalised subtle landslide motiorfrom ambient noisesuch asatmosphec
disturbanceg¢Dong et al., 201P To address these challenges, | developed a new IH&&BRd
landslide detection methoddeChapters), which enableshe separation of locaded landslide
signalstheadaptive identification afnoving pixelswithoutvelocity threshold constraistand

theautomaed clusteing of identified moving pixels into landslide bodies
1.5Motivations, aimsand objectives

Geohazards that may occur iriransient period or long terseriously threaten human lives

and propertiesThis thesis aims to study two typical geohazards: earthquakes and landslides
which can cause transient displacingr longterm slow slidingof the ground surface.
Earthquakes anldndslides occur frequently on a glolsahle andhre interrelated ithe sense

that landslides can be triggered by earthquakes. To understand their behaviours and assess their
risks, this thesis applied satellite radar observations capable of measithrigeotransient and
long-term deformation to study the coseismic slips of earthquakes and the dynamic-of slow

moving landslides.

As introducedin Sections 1.3 and 1.4, satellite radar observatimve been widely used in
earthquake and landslide momitg through the INSAR techniqueith the advantages of large
coverage, hightemporalresolutiors and longterm operatioa However,they alsoencounter
some challenges such as (1) thelecorrelationproblem of INSAR when observingarge
transientdeformation guch as caused bkarge earthquakegs (2) the lack of subsurface
information when observing tHeng-term grounddeformation and(3) how to automatically
identify deforming areaafter capturinghedeformatiorfield. This thesisaims toaddresshese
challengedy (1) combining INSARwith other remote sensing technique$ully capture large
transient deformatign(2) combiningInSAR and seismic noise measuremintapture both
the longterm surface deformation andibsurfaceinformation and (3) developing a new
adaptive and automatideforming areadetection method based on longerm InSAR

measuremenis

The specific objectives are as follows:

Objective 1. To fully capture large transient deformation by combining multiple satellite

observations



INSAR, SAR pixel offset tracking and the optical image offset tracking measurements will be
combined to investigate the large transient deformation caused by an earthquake (Wat 7.5)
occurred in New Ireland,d&pua New Guinea in 2019. Sualtombination can overcome the
poor performance of only using INSAR when observing krgelient displacement®n

iterative weighting strategy willlsobe developedbr joint earthquakenodeling.

Objective 2. To capture both the longterm surface deformation and subsurface
information by combining INSAR and geophysical measurements.

INSAR time series will be used to capture the loegn surface deformation of a landslide in
Villa de la Independencia, Bolivia. Senic noise measurements will be used to determine the
depth of the sliding surfac€ombiningInSAR and seismic noise measurersemill enable

the identification othe3D sliding geometry and the dynamic heterogeneitlyin the landslide

Objective 3. To automatically identify landslide risk areas after capturing long-term
deformation by INSAR.

A new InSARbasedautomatedieforming arealetection method will be developadd it will
beusedto identify landslide risk areaafter capturing longerm deformationThis method will
adaptively identifymoving pixels on INSAR velocity mapsithout threshold constrairgnd
automaticallyclustermoving pixels into intact landslide bodieBy applying the method to
detect postearthquake landslides in Central Itadyter 205, an inventory of earthquake
accelerated landslidéEALS) in this areawill be establishedor the first time based on which

thespatial clustering featuresdsliding dynamis of these EALswill be quantified.
1.6 Outline

Chapter 2provides an overview of SAR/INSAR principlehe SAR pixel offset tracking,
INSAR stacking and time series INSAR methods.

Chapter3 describes the combination of multiple satellite observations to capture large transient
deformation caused by an earthquakebdnd interferometry phases, SAR range/azimuth
offsets and optical image offsets were combined to mapabeismialeformation feld of the

2019 New Ireland, Papua New Guinea earthquake, aapdoper weighting strategyas

developedo model the fault slipsf the earthquake

Chapter4 describes the combination of INSAR aggbphysicameasurements tcaptureboth
surface deformabdn and subsurface information of a landslide in Villa de la Independencia,
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Bolivia. A new InSARbased geometric inversion method was proposed to determine the
geometry of the sliding planes and seismic noise measurements were used to estimate the
sliding depth.The evolution othelandslideover timeand its dynamic response to precipitation

werealsoanalysed

Chapter5 develops a new InSARasedautomateddeforming area detectiomethod By
applying it to detectlandslide risk areas in Central Italy after the 2@D87 earthquake
sequence, an inventoof earthquake accelerated landslides (EAka¥establishedBased on

the EAL inventory,the prominent conditioning factors of postseismic landslide acceleration,
the postseismidynamicsof EALs and the difference in seismiesponsédetween EALs and

coseismidandslideswere revealed.

Chapter6 summarises the major findings and contributions ofttiesis.
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Chapter 2. SAR and InSAR techniques

2.1 Principles of SARand InSAR
2.1.1Principles of SAR

Radar standing foradio detection and ranging, an active sensing technique (or instrument)
that uses electromagnetic pulseghe radio or microwaves domain detectdistant objects
and measure thetlistance to the radar semg&kolnik, 1962. The emitted pulses will be
reflected by theletectedo b j ect s i KOS &and éheirrtvanhy travektime ¢ will be
measured to determine the rar({@@ between the objects artle radar(Hanssen, 20Qlas

shown in Equatin (2.1).

N E
04

2.1)

where is the speed of lighThe direction of is along the LOS, also referréalas the slant
range directionThe resolutionn the slant rangé ) representthe minimum distance at which
two object pixelgassumingd andB, Figure 2.b) can bedistinguisheddependhg on the pulse
length(0 ).

5

11 =
C

2.2)

N | S
—-|-
8=| e

where T is the pulse duration in units of tanequal t@¥6, andd is the frequency bandwidth
of the transmitted pulséccording toEquation (2.2)high range resolution (smafi ) can be

achievel by decreasin@ulse duratiorfe.g., pulse compressioa) increasing the bandwidth.

Azimuth direction isperpendicular to the range direction and parallel to the flight path of the
radar platform (see Figure 2.1a). In the azimuth direction, the angular spread of the radar beam
(—)is equalto— _J0 (Tomiyasu, 197Bwhere_ is the wavelength of the beam aindis

the alongazimuth length of the dar antenna. As shown in Figure 2.1c, the minimum distance

at which C and D can be distinguished in the azimuth direction, i.e., the azimuth resolution, is
approximately equal td@mler and Hartl, 1998

. 1 _
1= (2.3)
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Figure 2.1 Geometry of a sidéooking satellite radar in (a) 3D view, (b) lateral view and (c) top view.
Flight direction, slant range direction, ground range direction and azimuth direction are indicated in (a).

(b) showsthe range resolutioand(c) illustrates the azimuth resolution.

Equation (2.3) shows thahe improvement of the azimuth resolution depends on the
enlargement ob , butit is unattainable fom resolution of several metres by increadimg
physical size of the radar antenkar examplethe wavelength andrbit heightof Sentinell
areappoximately 0.056 m and 693,000 m, so to achieve an azimuth resolution of (15 m,
needs teexceed2,500 m which isimpractical Therefore, SAR was proposed to increase the
virtual length of the antenna aperture (synthetic apesiageby utilizing the Doppler effecof

the pulse ech@Hovanessian, 1980As shown in Figure 2& with the constanimotion of the
radar theequivalentiength of the alongrack beanwidth is ¢] Thus, the synthetic angular

spread of the beais equal to
5
e = 2.4
® G (2.4)

It determines thazimuth resolution of SAR

L 0
| @ i—ee 3 (2.5)
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This is the theoretical resolution obtainable, implying that a smaller antenna can achieve better
azimuthresolution Chan and Koo, 2008But to produce an appropriate interference pattern
between the dipoles of the antenna, the length of the antege@arallynot designed to be too

small €.9., 12.3 m for Sentindl, Torres et al., 2012

(a) Top view (b) Lateral view Amplitude Phase
%- WA NG
Satellite radar moving direction &
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Figure 2.2 Geometry of SAR imaginga) Top view illustréing the constant motion of the radar. (b)

Lateral view of SAR geometrf is the local incidence angle that is defined as the angle between the
slart rangedirectionand thenormaldirectionof the ground surfac&he SAR amplitude and phase are

from the Sentinel image acquired near the Lindu Lake in Central Sulawesi, Indonesia on 7 June 2018.

SAR measurementsonsistof two kinds of observations: amplitude and phaseshown in

Figure 22b. The amplitud€c) is the strength of the backscattered electromagnetic wave, which

is related to the reflectivity of groundrgets(Deledalle et al., 2001 The phas€e ) is the

fraction of a single SAR wavelength, related to the distance between the radar antenna and the
ground tagets andvariesbetween “ to“ radians(lOs manoj | u ).Atpairafiphase 2 0 1 |
and amplitude forms a complex valige X2 ) and each pixel on a SAR image will have such

a value.

Due to the siddéooking geometry of SARFigures 2.1and 22b) and the terrain effecthe SAR
measurementare inevitably affected bygeometric distortionsAs shown in Figure 3, the

distance opixels ona smallslopefacing the satellite radavill have a shorter distance in the
SARimagg s u c h thanthéattBabdistance on the groysdch asAB), whichis called

the foreshortening effectThis effect requires the slope angte be smaller than the local
incidence angl€Colesanti and Wasowski, 200®therwise the layover effedte.,thetop and

bottom of the slope aneversedn the SARimagf such as DE an@®,wBEO DO i
occur In addition, steep slopes facing away from gheellite will be prevented from receiving

SAR signalgChen et al., 20)8resultinginthes hadow ef f ect DOJFuthér as
SAR image.To deal withthesegeometric distortionsa digital elevation model (DEM) is

usually used in SAR image formation processing to correct the foreshorteninglevesvsand
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Mauser, 200yandidentify the layover and shadow areas for masKigirman and McNeill,
1997. Also, descendingand ascendingrack SAR images, if available, can be used jointly to
compensate for the geometric distortions catmsed single imaging geomet($ansosti et al.,
1999.

’ —— Foreshortening =——— Shadow - Layover ’

-@7- Projection line A B CED F
< S i :

Ground

A C D F
Figure 2.3 Diagram illustration ofjeometric distortions: foreshortening, shadow and layover.

2.1.2 Principles of INSAR

INSAR, representinghterferometric SARmeasures the phase shifts betweenrepeatpass
SAR acquisitions(primaly and secondary acquisitions as shown in Figure 2.4) using
interferometryThe process of interferometiyycomplex multiplication ofhe SAR pixel values

from the first and secoratquisitions g¢ssumingx andd ):
G OQ OQ ° vQ (2.6)

The measuredhasechangeYs (i.e.,s * ) is wrapped between“ to*“ radians andhe
map ofYe is calledan interferogram It is asum of phases related manyfactors such as
topography, ground deformation acwimbined noise (e.g., from atmospheric dekays orbital
errorg, whichcan be expressed as:

9]

Ye . . . . (2 7)

where,e is the flat earth phase due to the shape of the jEarth is the topographic phase
related to the topographgf the ground surface is the phase related to the ground
deformation,if any; ¢ is thecombinedterm of noisesudh asorbital errors, ionospheric

and tropospheric delay errorghe flat earth phase (), topographic phase ( ) and

ground deformation phase () are all related to the range differen¢¥ between théwo
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passes of the SAR sHife. Considering the twavay travel ofthe SAR signal,Y'Y can be
convertedo thephaseof t“ 7_ Y'Y (Bamler and Hartl, 1998

}:’Secondary

Orbit
height

Ground

Figure 2.4 Geometry of InNSARbased on primary and secondary SAR acquisitions

The flat earth phase () can beestimated based on the SAR satellite orb#sause it is

proportional to the parallel baselit@ shown inFigure 2.4 as follows(Pepe and @10, 2017:
. % (2.8)

The topographic phase () is related to thealtitude of the ground targetand can be
calculated given the terrain heigi@@nd the perpendicular baselifte shown in Figure 2.4)
(Hanssen, 2001

T 0
. 30 (2.9)
11 Qe —

where,—is the look anglas indicated in Figure 2.4.

The deformation phases ( ) is measured in the LOS and determined by the ground

displacement® ) between the primary and secondary SAR acquisitions:
T
. - (2.10

For the phase noise, in addition to the orbit determination and atmosphere delays, it can also be
caused byhetemporal change @jroundscatterers or volume scatteri(egg., scattering from

tree branchegPall, 2007). The temporal change of scatterers in watersheds or vegetation areas
is usually very intense, resulting in strong phase noise in these Hneadfectof phase noise

on INSAR phase measurements can be estimatekeblpcal coherence, which is the cross
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correlationcoefficientof thetwo repeajpass SAR imagesstimated over a smafovingspatial
window (Ferretti et al., 2007and is useful for generally assessing the INSAR phase quality

For two complex signald anda , theircomplexcoherencé is definedas(Touzi et al., 1999

‘O(:] dz

Oxs Oxws

(2.11)

where,O w represents the expected valuew practice themaximum likelihood estimator
of the coherence magnituges as thedegree of the sample coherence, is more feasible to use
thanl . § scan be estimated over a window of a few pixels in range and dzissuming
that the total number of pixels in the windowisthen(Seymour and Cumming, 1994
B &d&

¥3 ; ; 2.12)
B s B s

According to Equation (2.12¢ach pixeln an interferogramwill be assigned a coherence value
(0 to 1) Figure 2.5a shows an examml&a coherence maip the radar coordinate system
wherethe estimation window size i$ 7 (hence0  49). The primary ad secondary SAR
images for estimating the coheremgreacquired on 20 and 26 May 2021, respectively, during
which a large earthquake occurred in Maduo, Qinghai Province, (Mwm& .4, 22 May 2021)

In the middle of the map, the coherence is very low (< 0.3) due trdheaticcemporal change

of ground scatterers caused by the earthquake.

d-’v‘-f'”/‘ '.”"A"é‘f » G4
&/ﬁr \‘i‘?‘/?‘-’
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0 05 1 - 0  rad -150 0 150rad

Figure 2.5 Examples ofa) a coherence mafh) a wrapped interferogram aic) an unwrapped phase
map.The primary and secondary SAR images were acquired on 20 and 26 May 2021, respdotisely.

that empty areas in (c) represent masiexhs with low coherence (< 0.3)

Regardlessf the coherencehe phase oan interferogram iaalwayswrappedbetween “ to
“, soitis necessary to unwrdpe interferogram to obtain continuous phase vallies process
of phase unwrapping ian integral ofthe phase derivative with the initial condition of zero

phase at the reference poinkripolet, 1977, which determines that the INSAR phase
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measurements are relatividter phase unwrappingach phase value on the interferogram will
add annteger multiple oRp. Figures 2.5b and 2.5¢ show an example of the phase unwrapping,
whereFigure 2.5hs thewrapped phase of theterferogramasdisplayedoy a repeating colour
scaleof “ to“, whilst Figure 2.5c is the unwrapped phase without ambidbeywveen150

to 150 radiangrelative to the reference point indicatedadylack triangle Note that thenSAR
phasein this examplas mainly due tothe ground deformation because the first two terms in
Equation (2.7) e been removed based on the known satellite orbit and DEM.

Another feature of INSAR phase measurement isitthdirection is along the LOS herefore,
when using INSAR to measure the ground deformati@measuredlisplacements only a
LOS projectioncomponent othe actuakurfacedisplacement. If the direction of the ground
motion is nearly normal to the LOS direction, thesrprojection in the LOSvill be negligibly
small, leading to the unavailability of InSABuchdefect inInSAR projection geometry can
be improved by combiningatellite radar observatisfrom two different tracksascending and
descendingracks. When the satellite travels from the south pole to the north polenitihe
ascending trackwhile the oppose is in the descendingrack. Using bothascending and
descendingrack INSARwill producetwo projection components of the ground movemast
shown in Figure 2.6, whicbxpands the terrain applicability of INSAR.

Ascending-track satellite

Descending-track satellite

N

-
-
-
----
-
-

Along-slope
displacement

Figure 2.6 lllustration ofascendingand descendingack INSAR geometrigschematic modified from
Highland and Bobrowsky, 2008The black arrow indicates the actual ground movement of a
hypothetical landslideél'he red ad purple arrows indicate the projection componémtse descending
and ascendingOS, respectively.
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2.13 Error sources of INSARand countermeasures

As pointed out in Section 2.1.2, the phase noise of InSA8ased to multiple error sources.
In this sectionthe effect of six major error sourc@<e., orbital erras, DEM residual errors,
ionosphericeffect tropospheric delaygjecorrelation effecand unwrapping erronson the
INSAR phase measurement dhd corresponding countermeasures to mitigate their effect will

be introduced.

1. Orbital errors

Orbital errors refer to the errors in the SAR satellite state vecesglfing inlong-wavelength

(> 50km) phasddisturbson interferogramsMassonnet and Feigl, 1998 heir spatial pattern
may bias the estimation of loiwgavelength surface deformation (e.g, interseismic deformation
and farfield coseismic dmrmation of large earthquaked)ahman and Simons, 20P5The
conventionaimethodof correcing the orbital errors isto estimate a linear or quadratic surface
fitted to the INSAR phaseMassonnet and Feigl, 1998r reestimate baseline compongnt
(Kohlhase et al., 200Rosen et al., 2004These methods are relatively simple but less accurate
than consistently estimating surfaces fitted to tSAR phasebased on a network of
interferogramgBiggs et al., 200)7or correcting satellite orbits in the time domaynsmalt

baseline time series inversiodgpe et al., 20)1

All these methodshattreatlong-wavelengthinterferometric phases as orbital errors have the
risk of weakening the actual losvgavelength deformation signatdttahi and Amelung, 2@).

A more reliablevay to handle orbital errors is to use the precise orbital products, especially for
the recent operational SAR satell{ezg., Sentinell and ALOS2) with GNSS receivers on
board For examplethe accuracy of Sentinél Opsecise dbital data isypically about0.5cm

in 3D l-sigma Sentinel Online, 2021 whichdetermines very smdihSAR uncertaintycaused

by orbital errordD0 . 2 /ymi@®km for velocity estimation Fattahi and Amelung, 2014

2. DEM residual errors

In the estimation of ground deformation, the topographic pbasgonent(i.e., the second
term of Equation 2.7) should be removed by using a DEMshown inEquation (2.9)the
topographic phase is proportional to the perpendicular baselineatetthin height, serrors

in the DEM ¢"Q will lead to the following residual errob® in the interferometric phase.
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It is impracticalto correctopographiaesidual errorbased o single interferogram, butith

a set of interferogram®EM errorscan be estimatelly the INSAR time series inversion
Equation (2.13) shows th#te topographic residual erraase baselinglependent and longer
baseline separation between the two S#dquisitions for interferometry will generate larger
DEM residual phasesn interferogramsTherefore, the phase due to the DEM ericas be
minimisedby selecting interferograms with small baselineprmducethe INSAR time series.
A group of small baseline interferograalso enable the estimation@EM errorsvia the least
squarsinversionin the interferogram domathattreatstemporal lowpass componesitf the
deformation signal and topograplaidefactsas unknown parametemndthe INSAR phaseon
each interferograras the observatiovector(Berardino et al., 20Q2After INSAR time series
inversion,the obtained phase velocity history further allows thestamation of DEM errors
via the leassquares inversiom the time domairthattreats the phase velocigt each SAR
acquisitionas the observationector There-estimation is independent of tlmterferogram
network and more accurate in the case of retriedamplex timevariable deformation
histories(Fattahi and Amelung, 2013

3. lonospheric effects

Microwaves emitted froreatelliteSAR areaffectedby theionosphere during their propagation,
resulting inionospheric distortions in the INSAR phase measuremdits. ionospheric
distortionscause the group delaegnd phase advance on the SAR signal due to dispersive
ionospheric propagatioiGomba et al., 20)7The magnitudef the distortions depends on the
total electron content (TE@xperienced in the propagation of the S#ignal ands inversely
proportional to thearrierfrequency of th&AR, as shown in Equation (2.18d]|cher, 2008

! l‘)C)'Y'O 0 2.14
o) (2.14)
where, is the phase shift due to the ionospheric effecis a constant 40.28 7i , qis

the speed of light an®2is the carrier frequency. This equatimdicates that L-band SAR
systems with lower frequency such as AL-O@ suffergreater ionospheric effexthan Gband

SAR systems such as Sentiiel
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To mitigate the ionospheric effects on interferograms, especially-fmand interferometry
lonospheric differential TEC should be estimated precisely. GNSS systems can provide TEC
estimates between GNSS sateflis@dgroundreceivers Jakowski et al., 20)1butdue to the
limitation of spatial measurement densiiyey are not detailed enough to directly correct the
ionospheric delay in SAR interferograrfideyer, 201). A more detailed and precise solution
is to estimate the differential TEC from SAR datach asthe range splispectrum method
(Rosen et al., 2030azimuth shift metho(Raucoules and Michele, 2018ndFaraday rotation
method(Meyer and Nicoll, 2008 Among these methods, the range sgiéctrum methothat
takes advantages of the disperdeatureof the ionosphere argkparatethe ionospheriphase
componentfrom the nondisersive componente(g., ground deformationrelated phasein
interferogramgs the most applicable on a global scaomba et al., 2096 Therefore this
method is recommended for coriegt ionospheranduced errorsif observed in the
interferograms especially forL-band interferograms in polar and tropical areasumder

ionospheric anomalies

4. Tropospheric delays

Tropospheric delays occur during the propagation of satellite SAR microwaves in the
troposphereasanondispersiveomponent ofheinterferometric phas@ contrast taispersive
lonospheric effest They are usuallexpressedn the direction of the zenithreferredto as
Zenith Tropospheric Delay (ZTDpand projected to the LOS when used in INSZERD is
composed of two components: Zenith Hydrostatic Delay (ZHD) proportional to the surface
pressure and Zenith Wet Delay (ZWDQeneratedby the tropospheric water vapour
(Saastamoinen, 19Y.Zr'he magnitude of ZTD is related to the temperature, pressure and water
vapour content of the troposphekehich can be calculated by integrating the refractivity

0 betweenthe surface heightQ) and the top of the troposphdif@ ) (Askne and Nordius,

1987).
OYOpTm 0 pm Ogy0i Uy 0dQ (2.15)
where,0 and0  are the hydrostatic and wet components of the refractivity, respectively.

o Q (2.16)

0
=

) 'Q' Q Q 2.17
0 - o (2.17)
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where U is the total atmospheric pressupés thetemperatureQis the water vapour pressure,
0, Q and™Q are empirical constant® X WO D @ ,Q ¢ @&0'D © andQ
o Wp v "D & , according tBmith and Weintraub (1953)

The tropospheric phagielay ¢ ) of SAR signals is converted from ZTD:
. ——®"YO (2.18)

where,—is the incidence angle as indicated in Figure 2.2b.

For INSAR, the tropospheric phase delaytbe interferogram(Ye ) is thedifference
betweerr at the primary and secondary SAR acquisition tivAesording to the physical
origin of Ye , its signal can be divided into two types: turbulent mixing and vertical

stratification. The turbulent mixing results from turbulent processes in the troposphere and
causes spatial heterogeneities in the refractiHsingsen, 2Q1). The vertical stratification
results frondifferent vertical refractivity profileand is correlated with topographHyiéssonnet

and Feigl, 1998 These two types of tropospheric effecgsgreatlycontaminate the INSAR
measuremenf surface deformation, causisggnals of up to 120cm in the interferogram
(Bekaert et al., 2015pwhich highlights theecessity ofnSAR tropospheric correction.

There are two categories bfSAR tropospheric correctiomethods correction witlout and
with external data The tropospheric correction without external data is based on the
interferogramitself and usually requiretheassumptiorof a spatial frequency that is insensitive
to deformation(Lin et al., 2010 or the functionatelationship between the troposphegitase
and the topogphy. Theassumedelationshipfor an individual interferograroould be a linear
function Wicks et al., 200Ror a powetflaw model Bekaert et al., 201%aFor multi-temporal
interferograms, tropospheric delays cancberectedin time series INSAR analysis sing
spatigdemporal filtes to extract signals with high spatial and low temporal correlat@nrétti

et al., 2001 Hooper et al., 2012 Thesemethods depend on the empirical characteristics of
INSAR tropospheric phases amdy sometimgnot be accuratenough due to the complexity
of tropospheric variationsX{ao et al., 202). On the other handh& tropospheric correction
with external daté independent of INSAR phasasdis based orauxiliary tropospheric delay
fields estimatedrom GNSSmeasurementé.g.,Onn and Zebker, 2006spacebornenulti-
spectral observationge.g., from the Moderate Resolution Imaging Spectroradiometer
(MODIS), Li et al., 2003, or numerical weather mots(e.g.,Jolivet et al., 2014 The quality
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of the correction depends on the precision and availabiiitioseauxiliary modelghatneed

to be interpolated in space and timenrtatchtheinterferogram(Bekaert et al., 2015b

5. Decorrelation effects

As introduced in Section 2.1.2pherencef() is usually used to assess the phase quality of
INSAR as a crossorrelation measurement. The magnitudéhefcoherence coultde reduced
due to variousactors which is called InSARlecorrelationThese factors are summarizetb

four decorrelation termsspatial baseline decorrelation ( ), temporal decorrelation

C ), Doppler centroid decorrelatiof ) and thermal decorrelationi ( )

(Zebker and Villasenor, 1992

ror tr fr fr (2.19)
where/ is due to the spatial separation betwtenorbits of the primary and secondary
SAR satellits, [ is related tdhetemporal change of grod scattererand; is

due to the differencen the attitude €.9.,yaw andpitch) of the primary and secondary SAR
satellites| is caused by the thermal noise of the satellite radduch is usually
neglected for INSAR@s manoj |l u )et al ., 2016

To suppresslecorrelation effects on INSAR,is better to generataterferograms from two
SAR images with relatively small spatial baselines astort time span (i.e., small temporal
baselines)Long-wavelength SAR systems (e.g-pbhnd)are moresuitablefor use in vegetated
areas due to the strongesistageto temporaldecorrelation thashortto mediumwavelength
SAR (e.g.,X-band andC-band)benefiting from the greater penetration into vegetation
addition, incoherent pixelthat aregreatly affectedby decorrelation should be masked from

interferograms tavoid their interference ithe unwrapping and interpretation of INSAR phases.

6. Unwrapping errors

The process of INSAR phase unwrapping recovers the wrapped interferometric phase between
“ to* radiansat each pixeio the unwrapped phase by addinigger multiples of @. Several

mature phase unwrapping methods have been developed for decadessthechranckcut

method(Goldstein et al., 198&heng and Da, 20)which follows alocal path to unwrap

pixels from a referengaointand the minimum cost flow (MCF) meth¢@ostantini, 1998that

finds a global optimisation of the misfit between the wrapped phase gradient and unwrapped

gradient Yu et al., 2019 However, inaccurate estimain of the 2p ambiguities (i.e.,
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unwrapping errors) is still difficult to completely avoid due to thgcontinuous phase noise in

interferograms

It is possible tadetectand correct unwrapping erroagter the process of phase unwrapping
The wtnwrapping errorghat cause phase inconsistencies (or jumps) in the unwrapped phase map
cansometimesbe manuallyrecognised and masked from interferogrgjeg., Jolivet et al.,

2012, but a more efficient gthod isbasedon the phase closure afterferometric triplet

(Biggs et al., 200/ Theclosure $ expressed as follows
Ye Ye Ye Ye (2.20)

where,¥s |, Yo andYe are three unwrapped InSAR phases generated from SAR
acquisitions ab , 0 ando . According to the magnitude of the phase clostt8AR pixels
with considerable unwrapping errabould be masked from interferogrambeir tnwrapping
errors can béurthercorrectedoy solving the integer ambiguitysingthe L1-normregularized
leastsquaresapproximationf a redundant network of interferogramsvailable(Zhang et al.,
2019h.

2.2 Procedures ofInSAR processing

This section introduces the standard processiagaalures of INSARSince this thesis aims at
deformation monitoring rather than topographic mappthg,two-passdifferential INSAR
processing was performed by the GAMMA softwanéegmuller et al., 200)6after collecting
primary and secondary SAR Single Look Complex (SLC) ddta.specific procedures are as

follows.

1. Coregistration The primary and secondary SAR images must be firstiyegpsteredto
within a small fraction of a pixel(ust and Bamler, 1994which includes thenodellingof the
geometric difference between the two SAR insaged the resampling of the secondary SAR
image tofollow the primary SAR geometry.

2. Geocoding This stepwill register the SAR images in absolute geographic coordinates
(Massonnet and Feigl, 19pBased on a DEMrom the Shuttle Rdar Topography Mission
(SRTM) (Farr et al., 200y

3. Interferometryfollowing Equation (2.6)In this step, multiooking that averages the pixel

phase in range and azimuthn beusedto suppresphasenoise.
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4. Flat-earth phase removarhis steprequires precise orbital data as showkdguation (2.8)

The use of precise orbits calsomitigate orbital errors igeneratingnterferograms

5. Topographic phaseemoval The topographic phase calculated from the DEM will be

subtracted from thgeneratednterferogram, which is the key stepdifferential INSAR.

6. Phase filteringand unwrappingThe interferogranwill be filtered by the daptive spectral
filtering method(Goldstein and Werner, 1998nd unwrapped witthe MCF methodChen
and Zebker, 2000In the step of phase unwrappjngSAR pixels withlow coherence (e.g., <

0.3) could be masked teduceunwrapping errors caused the deorrelation effect.

7. Tropospheric delay correctioseneric Atmospheric Correction Online Service (GACOS)
for INSAR (Yu et al., 2017 Yu et al., 2018pYu et al., 2018cthat provideshigh-resolution
ZTD mapsbased on ECMWF weather modelgl be used to corréadropospheric delays on
the unwrapped phase map.

8. Output of displacement maprhe corrected phase map in radian can be easily converted to
a displacement map bgnultiplying by _Tt* . If strong ionospheric effestand unwrapping
errors are observed in the displacement rttagcorresponding countermeasuriscribedn
Section 2.1.3 can be further applied.

2.3 SAR pixel offset tracking

Pixel offsets refer to the difference in the position of a given ground pawbilSAR images
(Michel et al., 1998 which can be measured in both the LOS and azimuth directions using the
SAR pixel offset trackingechnique This technique isadvantageous over INSAR fmoviding
unambiguousground deformationmeasurementsithout the limiation of displacement
gradient Thestandard SAR pixel offset tracking method uses ecosselation(Equation 2.21)
between image windows of SAR amplitude to estimmatege and azimutbffsets(Hu et al.,
2014).

€
€

(2.21)

where @ as the crossorrelation between two spatial windows in the primary and secondary
SAR amplitude images) is the number of pixels in the spatial windows (&igis equalto

1024 for a 3232 window), (s the pixel index in the windowg, and‘ arethe amplitude of
the '@h pixel and the average amplitude of all pixafsthe primary SAR image windgw
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respectively, whilé and‘ are theth and averagamplitudes in the secondary SAR image

window.

For each pixel SAR offset tracking will firstly search for the maximum crassrelation
betweenmoving windows of the ceaegistered primaryand secondarnySAR images and then
calculatethe correspondingixel offsetaccording to the location of the search windows in the
two SAR imagesThe precision is around 1/10 of one singlek pixel (up to 1/20 given cross
correlation close to,Bamler and Eineder, 20D5~or example, the pixel spacing of Sentinel

1 in the range direction is abdiBm, so the precision of offset trackingalout0.2 m.

Figures 2.7 and 2.8 show the results of SAR pixel offset trackirenfidiw 7.8 earthquakéhat
occurred in New Zealand on 13 November 20%& primary and seconda®entinell images
usedwere acquired ob Septembeand16 November 2016&espectively Threedimensional
Global Positioning SystenGPS) displacements frordlamling et al. (201 Ayverealso collected
andprojected to th& OS direction for comparisorAs shown in the blue rectangles in Figures
2.7aand 2.8, large neafield deformation is completely retrieved the range and azimuth
direction. The average difference between GNSS and range offset measurements and its
standard deviation (STD) aapprximately 0.52m and 0.36n, respectively (Figure 2.7b).
Since the pixel spacing of Sentirfetiata in the azimuth direction is aboutriSthe theoretical
precisionof azimuth offsets is only aboutrd, whichwas validatedn Figure 2.8bln the near
field, the performanceof azimuth offsetrackingis better Theinsetof Figure 2.8a (with the
same axes as Figure 2.85))owsan average difference of 0.88 m auSTD differenceof

0.5m between the nedield GNSS and azimuth offset measurements
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Figure 2.7 Range offset tracking results of the 2016 Mw 7.8 New Zealand eakihda) Range offset

displacemeninap, where thasetis the comparison result of GPS aadgeoffset tracking in the near
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field (blue rectangle)(b) ComparisorbetweenGPS andangeoffsettrackingresultswith a correlation
of 0.89, a averagdifferenceof 0.52m andan STD difference of 0.36m.
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Figure 2.8 Azimuth offset tracking results of the 2016 Mw 7.8 New Zealand eaaftleq(a) Azimuth
offset displacement majb) Comparison between GPS and azimuth offset tracking re3uiesr
correlationis 0.47, with an average difference of 1.tlandan STD difference of 1.3in. Nearfield

comparison is the inset of (a).

SAR pixel offset tracking is also powerful iretrieving the deformation of fastoving
landslides On 11 October 2018, a large landslide occurred in Baige dlendginsha River,
China (iu et al., 202). The landslide without prior detection blocked the rived threatened
the downstream hydropower statioms.figure out whether such a large landslide had obvious
deformation before the main failurés prefailure displacements were estimatgdSAR pixel
offset tracking after collectingn ALOS2 ascendingrackimage pairon 24 July 2017 and 23
July 2018 Offset tracking results (Figure 2.8how that the accumulated deformation in the

range and azimuth direction one year befibre landslide failureeached 30 m and 10,m

respectively.
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Figure 2.9 Cumulative displacements one year before the failure a2@i8Baige landslide in théa)

rangeand(b) azimuth directioemeasured by SAR pixel offset tracking.
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24 InSAR stacking technique

INSAR stacking is the simplest technique to estimate the linear vetdgtpund deformation
based on a network of unwrapped interferograms generated following Sectiomh&2.
techniqueassumes the ground deformation follows a linear model and aveaaggrses of
interferograms in timésee Equation 2.22)vhich carsignificantly reduce random phase noise
(Wright et al., 2001

B « Y0
= o (2.22)
B Yo
where,® is the mean velocity estimated fany pixel in the imagey is the number of
interferograms’(s the interferogram index, is the unwrapped phase tbie pixel in the @

interferogram Yo is the temporal baseline in days of tfile interferogram This equation

indicatesthat the individualinterferometic phase are weighted by the time interval of

interferometry.
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Figure 2.10 Application of INSAR stacking in investigating landslides in the Al@ag. Sentinell
acquisitions (blue stars) andenerated interferometric pairgréy lines). Y-axis indicates the
perpendicular baseline length (m) of these pairs. (b) Map of mean InSAR velocity in the LOS. The inset
is a zoomin view of the INSAR velocity, where black polygons are historical landsligeorded in the

Italian national landslide inventory and black circles are potential new landslides detected.

An example othe application of thinSAR stackingnethodin investigatinglandslidesin the
Alpsis shown in Figur.10 A total of 235 Sentinel images in the descending track from 15
April 2015 to 13 March 2020 were collectaald paired intd 137 interferogram@-igure 2.10a)
Figure 2.10b shows the mean velocity derived from InSAR stacking applied to these
interferogramsThe velocity map enables thvestigation of landslide activity in the study
areaAs shown in the zoofim insetof Figure 2.10bblack polygons outlinkistorical landslides
recorded in the Italian national landslide inventang their activitieeanbe updated according

to theaveragevelocity of pixelsinside the landslide bads Also, potential new landslides

(black circles in the inset) with considerable velocity can be identified from the velocity map.

This example shows the feasibility of using INSAR stacking to perfoganeral survey of
ground deformation over a large spatial scale due to the simplicity of computation (i.e.,
Equation 2.22). However, it only provides linear velocity estimates and thektemporal
informationondeformation. Such information is important to track the l@rgn development

of deformation and can be obtained using INSAR time series methods.

25InSAR time series method

INSAR time seriesanalysis is the advanced InSARBchnique tor et ri eve Eart hi
deformation over timeancluding mean velocity and displacemdithe seriesbased on a
network ofmulti-temporalinterferogramsSome INSAR phase noise terms such as DEM and
atmospheric residual errors are also mitigdtedhe time series inversio&ince 2000, many
INSAR time series analysis methods have been develspeld a®SINSARM (Ferretti et al.,
2007), Small BAseline Subset (SBASBérardino et al., 2002Interferometric Point Target
Analysis (IPTA) (Werner et al., 2003 Stanford Method for Persistent Scatterers (StaMPS)
(Hooper et al., 20Q4ooper et al., 2007 Coherent Riels Technique (CPTBlancoSanchez

et al., 2008 SqueeSAR (Ferretti et al., 20)landQuasi Persistent Scatterers (QFEr(ssin

and Wang, 2012 All these methoddollow the theory of two basic INSAR time series
techniques: Persistent Scatterers INSAR (PSI) and SBAS.
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25.1 Persistent ScatterelsaSAR (PSI)

Persistent Scattere(®S) refers toground reflectors with strong backscatpgppertiesand
constant response to radarer time Crosetto et al., 20)&nd theirdimension is smaller than
the SAR resolution cellFerretti et al., 2001 Since PScanreman coherent over long time
intervak without spatial baseline andmporal decorrelation, the interferogram network af PS
is allowed to include longpaseline interferogranisased on a single primary SAR acquisition
This meansll single SAR imagesare connectedo the samerimary SAR image to form

interferogramsaused in PSI

After generating a stack of singbgimary interferogramghe next step of PSI is to seldt®
candidategPSC)according to predefined criteria such as amplitude dispe(Berretti et al.,
200]). The amplitude dispersio® of anInSAR pixel is equal to the ratio of the standard

deviation(, ) to the mean valug¢ ) of its amplitude.
o , 7T (2.23)

INSAR pixels with & of less than 0.25 are typically selectedP&C Theyare rarely affected

by decorrelation noise arttieir DEM errors and velocitiesan becomputed by an iterative
approximatioralgorithm starting from interferograms with small spatial and temporal baselines
(Ferretti et al., 2001 After removingthe estimatedEM errors and constant velocity tesm
from theinterferometric phasef PSC phase residuals are mainly contributedaliyjospheric
delays(defined astmospheric phase scre&iPS) and phase noise. By spatially smoothing the
phase residualshe phase noise could be filtered out @hd APSis estimatedor each PSC
consideringthe strong spatial correlation &PS. The APS on the sparse PSC grid is then

interpolated ortheuniformgrid of the interferogramising Kriging interpolation

After APS interpolation and removal from the interferograDEM errors anddeformation
velocity of INSAR pixelsare estimated on a pixbl-pixel basisby maximising the muki
interferogram coherence of each pix€b(esanti et al., 2003This is a nodinear inversion
processand theoutputcoherenceralueindicates the accuracy of the estimati®hose pixels
with high coherence (e.g., > 0.7&)ethusselected ashe PSthat arecharacterized by high
phase stability in timeThen, phase unwrapping on a grid of PS will be performed taking
advantage of the estimateglocity and DEM errordifferences between neighbouring PS
(Ferretti et al., 2000 Finally, based on the unwrapped phasah in space and time, the

displacement time series for eachWwigh respecto a reference will be obtained.
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In conclusionPSlovercomes the spatial baseline and temporal decorrelation probleasnand
preciselyretrieve longterm continuous deformatiasf PSby mitigating DEM errors and ARS
However, the performance of PSImonurbanareas is poor due to the low PS densityl
quality in vegetatedr low-reflectivity areagCrosetto et al., 20)6which limits its application

in monitoringearthquakes or landslidésatare prone toccurin complex natural environments
Such limitation of PSI highlights the usefulnesslistributed scattere(®S)thatarecomposed
of small random scatterers without doeing dominantbecause D&re widely distributed in

natural environmentsuch as bare soil, sparsely vegetated or desert (Bag et al., 2018

2.5.2 Small Baseline Subset meth¢8BAS)

SBAS is the first typical D$nethod,which uses a multprimary interferogram network with
small baselines to targBS and analyse their temporal movemetrighe process of generating
interferograms, SAR images are-m@gistered to a single image apdired with multiple
temporally adjacent ima&g for interferometry(as shown in Figur.10a) The baselines of
interferograms can bémited to less than 400 m in space and less than 1 year in time
(Os manoj | u)teminirmide InSAR2€cdrr@lation. These nypitimarysmall baseline
interferogramswith flat-earth and topographic phasemovedwill be unwrappedo be used

in SBAS (Berardino et al., 2002and they mainly include deformation and atmospheric phase

components in addition to phase noise

Assuming that) + 1 coregistered SAR images fortn differential interferogramdget %o

%00 MO M MO be the unknown phasectorof § images(notl + 1due to the need
of one reference imag&.0 ) and Y%  Y%Y%. B Y% be thevector of the
knownunwrapped phase of interferogramsAccordingly, the interferogram network can be

expressed as
Y% O %o (2.24)
where,0 is a0 0 design matrixrelated to the network structure andsitin theform of

Equation (2.25)f Y%0 %00 %00 ,Y%0 %00 %0 andY% %0 = %00 .

If all the SAR acquisitions are grouped in a single small baseline subset (such a2 Biga)e
thend 0 and the rank ob is 0. Therefore, Equation (2.24) can be solved in the Jeast

squares sense as Equation (2.26).

3C



(-1 1 0 0 |
-1 0 1 0

A=l 0 1 0 0 - (2.25)
% OO0 0O Y% (2.26)

On the other hand, itis possible that SAR acquisitions are separated into different small baseline
subset due tthe existence darge baselinegesulting in a rank deficiency of (Lanari et al.,
20049). In suchacase Equation (2.2) should beconverted to mobservation equatictmat takes
the mean phase velocity between temporally adjacent acquisitions as the input observations and

solvedvia the single value decomposition (SVD) metitBdrardino et al., 2002

SBAS also accoustfor the estimation of DEM residua&rrors by addingthe topographic

residual termY"Qto Equation (2.2) according to Equation (2.13)

%0

Y% O 70 (2.27)

wheren

™o .16 . .1

0 _ i "(pé=—i i (yg h—'= i Qs — (228)

where 6 M MM are the perpendicular baseline of the first, seceadd th

interferogramsThe estimate@ois a combination ofleformation andAPS componentsTo
separate thenSBAS uses lowpass filtering performed in 2Bpaceand highpass filtering
performedin timeto extract the AP$Lanari et al., 200)7consideringts high spatial and low
temporal correlatior(Ferretti et al., 2000 andfinally obtainsthe deformation signal by
subtractinghe APS from%e.

2.5.3 StaMPS

StaMPSis an operaccess INSAR time series software that wginally developeds a new

PS methodHooper et al., 2004ut also suppostSBASIn its later \ersion(Hooper, 2008

1. PS mode
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StaMPSredefinesPS as scatterers with high phase stability in space and Aimplitude
dispersionproposed in PSis alsoused for the initial selection &SCin StaMPS$ but its
threshold (0.4) is set higher thrat inPSI(0.25) to include more PSC for subsequent phase
analysis In the phase analysisince the input interferograms have been flattened and
topographically corrected, the wrapped phasgof theath PSCin the@h interferogram can

be expressed gblooper et al., 2007

e 5 0 %opn Y%orp Y%orn Y%orr %orr (2.29)

where,® t is the wrapping operatdi j, ; is the phase change due to deformation oPBE
%of i IS the APS termy%o i, is the residual phase due to the orbital errors of the satellite
Y%or, i is the residual phase due to the look angle erFansDS pixelsY%or, ; is equalto DEM
errors but for PS pixels, it ialso contributed by the range difference between the position of
thedominant scatterer antdeground patch centre resolved tne pixel Hooper et al., @Q07).

%o 1 is @ mixed term of other noise such as coregistration errors and thesiselo f; 1,

%or i, Y%o i i, and part oY%, ; are spatially correlateavhich can be estimated by calculating
the averag@hase of a PSC aritd surrounding PSQHooper et al., 2004or by combiningan
adaptivebandpass filter and a lovpass filter(Hooper et al., 2007 After subtracting these
spatially correlaté termsfrom « , the remaining phas@xceptfor %o, is the spatially
uncorrelated part &¥%o;,, which is approximately linear to the look angle errors (mainly
DEM errors) and perpendicular baselarelcan be estimated iheleastsquars senseThus,

a measure of theSCphase stabilitythe temporal coherence, is defiraifollows(Hooper et

al., 2007%.

= AGD pe i oo Yo (2.30)

where] is the temporal coherence of ttih PSC pixels f is a wrapped estimate of the
spatially correlated term¥%o 1, is an estimate of the spatially uncorrelated pai¥%f;

and0 is the number of interferogramBhe calculation of is an iterative processhereeach

iteration will discard lowcoherence PSC and recalculate the cohenamiiiet stabilises

Then, StaMPSelecs thefinal PS based on titemporalcoherence im probabilistic fashion,

in which a coherence threshol$ determined tamaximise the number of real PS while

suppressinghe fraction of random phase pixéidooper et al., 2004The amplitude dispersion

Is also considered in this step for a more accurate estimation of PS probEloiofye( et al.,
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2007). After the selection of PShe wrapped interferometric phase of theseAtB spatially
uncorrelated noise (mainly DEM errors) remoweil be unwrapped by a 3D unwrapping
method(Hooper and Zebker, 20Pthatrelies on first unwrapping in time (1D), theatimaing
the probability density functions in spaaad using costnaps(Chen and Zebker, 20D10

optimize spatial unwrapping (2D).

After 3D unwrapping spatially correlated noise such ABS residuals, orbital residual errors
and thespatially correlategart of look angle errors will bidtered from the unwrappkephase
using a combination of spatial and tempdifedrs based on a Delaunay network connecting all
PS pixels Hooper et al., 2007 Finally, the velocity and displacement time series in the LOS

will be obtainedfrom the filtered unwrapped phase.

2.SBASmode

If a multi-primary small baseline interferogram network is available, StaMPS also sapport
SBAS processingut on the bass of singlelook wrapped interferogramehich is incontrast
with standard SBAS methodBdrardino et al., 20Q2hat usually works with multi-looked
unwrapped phasdn StaMPSSBAS, the pixeld¢o be processedre referred to as slowly
decorrelating filtered phase (SDFP) pix@tooper, 2008 The SDFP pixelarealsoinitially
selected through the amplitude analysis, as in PS moddhéundicator is the amplitude

difference dispersiol®; rather than the amplitude dispersion in PSI.

(O § (2.31)

where, ,,y is the standard deviation of the amplitude difference between primary and
secondary SAR acquisitions at a pixel ands the mean amplitude value of the piXeixels
with'Q;  mi@ are selected as the SDFP candidates.

SDFP pixels are selected fromncidates using the same phase analysis algordbiRS
selection(asdescribed in the PS mod&hen,the wrapped phasd# SDFP pixelsvith spatially
uncorrelated errors corrected will be unwrapped in three dimensions and the unwrapped phase
will be filtered out of spatially correlated errors as in the PS médwally, the filtered
unwrapped phase of each SDFP pixel will be inverted to a time series of phase chahges by

leastsquaresnversion.

This thesis choosethe SBAS mode of StaMPSas the IISAR time series analysis method
considering its comprehensive advantages ovestakIPSPS mode anthe standard SBAS.
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Compared to the PS mode, StaM8BAS can analyse more coherent pixels in natural terrains
and reduce spatial aliasing in the case off dgformation velocityHooper, 2008due to the

use of small baseline interferogran@mpared to standard SBAS\et StaMPSSBAS has
advantage in full-resolutionprocessing(singlelook without loss of spatial resolution) and

more robust 3D phase unwrappififpoper et al., 2012
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Chapter 3. Combining multi ple satellite observationgo modelthe 2019
Mw 7.5 New Ireland earthquake

This chapter aims to fully capture large transient deformation by combining multiple satellite
observations, which overcomése decorrelation problem of INSAR when observiage
magnitudecoseismic deformatioriThe study in this chapter has been pulddhn Remote
Sensinghttps://doi.org/10.3390/rs11232767

The case studied this chapters the 2019 Mw 7.5 New Ireland earthquakatoccurredn an
equatorial area where the dense vegetatmhlarge gradient of coseismic deformapoavent

C- or X-bandInSAR from acquiring coherent phase measurements. Therefore, multiple remote
sensing techniques including thebandInSAR, the range and azintubffset tracking of SAR
intensities and theptical imageoffset tracking were employedgetherto mapthe co-seismic
deformation field and to determine the slip distribution. The surface rupture was clearly and
consistently captured by all offset obsations, with the ground fault trace striking ataargle

of 315° and extending over 10 km. An iterative weighting strategy based on the residual root
mean square of inversions using individual datasets was developed to determine the relative
weight of eacldataset, allowing for the joint inversion of the fault geometry, the refinement of
the dip angle and the determination of the best fitting slip distributionelé@@onship between

theaftershocksand Coulomb failure stress changes was also discussed.

3.1 Introduction

On 14 May 2019 (UTC 12:58:25), an Mw 7.5 earthquake occurred in New Ireland, eastern
Papua New Guinea (Figure 3.1). It ruptured the Weitin fault, a sthigdault across the south

of New lIreland, along the boundary between the South Bismarck and NumarBk
microplates. The epicentre initially estimated by U.S. Geological Survey (USGS) was 4.081°S,
152.569°E, with a focal depth d»10.0 km, indicating shallow strikglip faulting. The
earthquake was followed by 43 aftershocks with magnitude > MfrédOdots in Figure 3)1
within five days of themainshock Two moderate aftershocks on 14 May, both with a
magnitude of Mb 5.0, respectively occur@d0 min andD100 min after the main event and
were located18 km southeast arigl70 km northwest of themainshock However, the largest
aftershocl(purple beach ball in Figure 3.&ccurred on 17 May 2019 with a magnitude of Mb
5.9, located74 km southeast of the main evenhte earthquakeatalogue from USGShows

that the focal deptof the three aftershocks is 10.0, 12.1 and 21.0 km, respectively.
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Figure 3.1 Seismotectonisettingof the2019 New Ireland earthquak@) Tectonicbackgroundf the
study areaTheinsetglobal mappshowsthe relative location between New Ireland, the PaBikiteand
the AustralianPlate, where the red star denotes the location of this earthquake. The red beach ball
represents the focal mechanism of the 2019 New Ireland earthquake 8G1& While the purple one
represents its largest aftershock. The red dots denote all other aftershocks five days after the main event
recorded by USGS. The black beach balls represent three large historical earthquakes in this region that
occurred in Novenmdr 2000. The solid black lines denote the major active faults in the region. The black
line above thenainshocks the offshore extension of the Weitin fault. The yellow rectangles outline the
spatial coverage of Sentingél(descending track 16) and Sesti (track 116) frames. The purple
rectangles outline the spatial coverage of AL®DScanSAR (descending track 6) and AL@Strip
map (track 108) frames. (b) Natumdlour display of SentineR data imaged on 26 May 2019. (c)
Normalized Difference Vegation Index (NDVI) map calculated from the naafrared spectrum (band
8) and red range of the spectrum (band 4) of Ser®inelage, where large values (from 0.6 to 0.8)

indicate temperate or tropical forests.

Papua New Guinea, located in a complexadeict setting between the Paciftate andthe

AustralianPlate, is one of the most seismically active regions in the whddeastern areas

(Figure 3.1a) accommodate sevearatroplates(e.g.,the Solomon Sea, South Bismarck, and

North Bismarck microplat@composng part of the edge of the Pacific and Australian plates

(Llanes et al., 20QHolm et al., 201% As a transform boundafBaldwin et al., 201L more

than 35 earthquakes wilmagnitude greater than Mw 7 occurred since 1970. These include a
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well-documented Mw 8.0 earthqualteat occurred on 16 November 2000, 45 km to the
northwest of the 14 May 2019 event, which was followed by two Mw 7.8 aftershodke on
subduction zone between the Solomon Sea and Pacific pfagese 3.1a) Tregoning et al.

(2005) used teleseismic data to relocate the aftershocks and concluded that the accumulated
strain on the Weitin fault was fully released duringrie@nshockoecause no aftershocks were
located in the upper 15 km of the Weitin fault. Determining the coseidipidistribution of

the 16 November 2000 event constrained by the teleseismic waveGagdh,and Parsons
(2005)modelled the changes the Coulomb failure stress which they inferred had contributed

to the first Mw 7.8 thrust aftershock. Howeveark and Mori (2007%arried out inversions

using teleseismic P waveforms and showed tthestatic stress triggering mechanism hardly
explains all of the triggered events in the earthquakees®gu To conclude, uncertainties exist

due to limited observations for the investigation of the interaction of the faults in New Ireland
and subduction trenches (e.g., New Britain trenaygpecially during large strikdip
earthquakeshatoccurred on th Weitin fault. Therefore, the 14 May 2019 event, covered for
the first time by abundant geodetic observations with a high spatial resolution, provides a great
opportunity to study the detailed fault behaviour and potential seismic baranthd New

Ireland.

Interferometric Synthetic Aperture Radar (INSAR) has been widely used for tectonic and
coseismicstudies since the early 199084ssonnet et al., 199Barks et al., 2032Hamling et

al., 2017. However, their phase measurements may significantly lose coherence in tlyis heav
vegetation areéFigures 3.1b and 3.1,c@specially for sensors with short wavelengths such as
X-and G bands, limiting theiusagen the tropical region. The decorrelation and unwrapping
problems intensify for areas with large displacengratlients |t is, therefore reasonable to
employ multiple remote sensing observations which are feasible over vegetatened areas
such as the dband interferometric phase measurermény., fromALOS-2), the Gband SAR

pixel offses (e.g., from Sentinel) and the optical image pixel offsge.g., from Sentinel).

SAR pixel offset tracking based on SAR amplitude imagedlustrated in Section 2.3lso
referredto as incoherent speckle tracking, can provide unambiguous surfgalacdiment in

both the Line of Sight (LOS) and azimuth directions by crmsselating intensitiefMichel et

al., 1999 De Zan, 2014Wang and Jonsson, 201®ptical based offset trackingith a sub

pixel precisioncan also measure ground deformatiaoegardless of displacementagiient
(Leprince et al.,, 2007in cloudless areas. Observations from these methods have been
individually used for earthquake modellifdy/ang et al., 201,7Xu et al., 2018Socquet et al.,

2019, butresearch combining them all forifd modelling still needs to be exploregiyen
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their different satellite geometries and observation accurasesell aghe requiremenfor a

proper weighting strategy

In this study, the observations mentioned above are combined usiteyaive weighting
strategy for joint earthquake modelling. Firstly, satellite data from Sesdtjrieéntine2 and
ALOS-2 PALSAR2 in both ScanSAR and strip map (SM) mederecollected and processed

to map the coseismic deformation field and deternttieesurface trace of the ruptured fault.
With the assumption that the earthustmodel is elastic halpace homogeneou®Kada,
1989, finite-fault slips for the earthquakeerethen jointly inverted from these satellite images.
Coulomb failure stres changes were finally calculated and discussed for the uncertainty of the

interaction between the Weitin fault and subduction trenches.

3.2 Data andprocessingstrategy
3.2.1Sentinell dataand interferometry

Sentinel is a series of earth observation missions developed and operated by the European Space
Agency (ESA)for the Copernicus initiativelhe Sentinel missions are operated day and night,
providing complete, free and oparcess products through the Capeus Open Access Hub

(https://scihub.copernicus.elAs the first of five Sentinel missions, Sentiieperforms €

band SAR imaging with a constellation of two satellites, SenfiAehnd Sentinel B, running

on the same orbital plane. Since the launch of the first satellite in April 2014, Sdntael
offer repeated wide swatB250 km) coverage and acquire imagery globally eGeny12 days
regardless of the weather with the mode of Ter@bservation with Progressive Scans (TOPS)
(Torres et al., 2012

The Sentinell image pair used in this study was captured on 13 May 2019 and 25 May 2019
from descending track l#hdthe Sentinell datawas mosaicked from two consecutive frames

to cover a largespatial extent. Considering the ruptured fault is al&géiral northwesstriking

fault with longstanding motior§Tregoning et al., 1999l discarded the usage of the ascending
track of Sentinell. The GAMMA software(Werner et al., 2000was used to process SAR
images in the Single Look Complex format (level 1). To suppress speckle noise, a 20 x 4 multi
looking factor was applied in range and azimuth. CompartttraditionalnSAR as described

in Section 2.2 processing Sentindl TOPS data requires a much more stringent image
registration due to the rotationthieantenna during the observation of each burst. The accuracy
of coregistration in azimuth should be better than 0.001 of a pixel to avoid phase jumps at the

interface between adjacent burgtagiie-Martinez et al., 2006 To achieve such high accuracy,
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an iterative amplitude matching procedure was conducted on the SLC after estimating terrain
induced pixel offsets with precise orbits from ESA and a 30 m digital elevation model (DEM)
from Shutte Radar Topography Mission (SRTKBarr et al., 207). Once the azimuth offset
correction is smaller than 0.02 pixéksu, 2017, a spectral diversity method considerihg

interferometric phase in the burst overlap areas was used to further reduce coregistration errors.

Upon the completion of highccuracy coregistration, the conventional{pasdnSAR method

was followed. The first step was to simul#itetopographic phase with the SRTM DEM, from
which the differential interferogram was generated. The second step owéklet the
interferogram using adaptive spectral filterif@oldstein and Werner, 199&nd unwrap it
using the Minimum Cost Flow (MCF) methd@€hen and Zebker200Q. After the above
processing, howevelt, found that the low coherence in this region made the unwrapping
extremely difficult. Thestrong decorrelatiors mainly caused by the heavy vegetation from
tropical rainforests and the large coseismic ldispment gradient in the near fieltherefore,
Sentinell INSAR in C-bandis not suitable for measurinthe coseismic deformation of this
strong New Ireland earthquakand other techniques such as SAR pixel offset tracking and

other longwavelength SAR data such as ALQ$latashould be considered.

Table 3.1 Satellite data used in thishapter

Satellite Flight direction Re;e;;nce Repeat Date PBe:;zlr;:leCl(Jrlna)r
Sentinell Descending, right looking 13 May 2019 25 May 2019 1.1
Serinel2 Orthogonalooking 11 May 2019 26 May 2019 -
ALOS-2 Descending, right looking 12 May 2019 23 June 2019 114.6
ALOS-2 Ascending, right looking 09 March 2019 01 June 2019 598.9

3.2.2Sentinell offset tracking

As illustrated in Section 2.5AR pixel offset trackingwill firstly search for the maximum
crosscorrelation betweemprimary and secondaryimage windows after the higdiccuracy
coregistration, and then it will calculate the offsets betwamrespondingixels. Following
the offset tracking module in GAMMA sofare(Wegmdiller et al., 20061 usedanSLC offset
search window of 300 x 60 pixels and a crosgelation function window of 32 x 32 pixels.
The crosscorreltion coherence threshold for acceptance of offsets was set as 0.1. After the
offset tracking] further used a median filter (9 x 9) to reduce the noise. FRjRaeshows the
Sentinell range offsets, where the red star indicates the epicentral location. Although the
offsets are not clean enough and terrailated residuals still seem to exisarfield coseismic
deformation can be clearly seen. The maximumaserfdisplacement in the range direction
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reaches 2 m. Another finding is that the ground trace of the ruptured fault, extending over 10

km, can be easily recognized from the offset map.
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Figure 3.2 Coseisnt displacement maps of the 2019 New Ireland earthquake from Sentinel and ALOS
2 data.(a) Observed offsets in the range direction from descending Sehtssellite track 16. (b)
Observed offsets in the north direction from Sentihshtellitetrack 116. (c) Observed offsets in the
east direction from the same Senti@dmages. The ctand areas covered by the cloud are masked in
(b) and (c). (d) INSAR deformation in the LOS from descending A2GAtellite track 6 (ScanSAR
mode). (e) Observedffsets in the azimuth direction from ascending AL-@Satellite track 108 (SM
mode). The red star denotes the epicentre of this event estimated by USGS.

3.23 Sentinel2 data andoffset tracking

Sentinel2 is the Sentinel missiothat aims at providing miti-spectral and highesolution

optical imagery, carrying an optical instrument payload that samples 13 spectral bands: four
bands at 10 m, six bands at 20 m and three bands at 60 m spatial resBBfio2@19. With

the launch of the first Sentinglsatellite in June 2015, the mission can affestematic global
coverage of land surfaces with an orbital swath width of 290 km and a high revisit frequency

(e.g., five days at the equatoDr(sch et al., 20102

The pre and postarthquake Sentin@ images (11 May 2019 and 26 May 2019) used in the
study are relatively clouttee in thenearfield. | chose two images in band 8 with a resolution

of 10 m and processed them using the CO&ir software packaggeprince et al., 20071
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used a sliding mukscale window (initial 64 x 64 and final 32 x 32 pixels), a step size of four
pixels andfour robustness iterations to optimize the masking of noise frequdSaeguet et

al.,, 2019. To further reduce noisd, discarded outliers greater than 5 m, detrended the
displacement map with a linear ramp estimated from a spatial subset that excluded the area near

the rupture, and denoised theuklts with a noflocal means filte(Buades et al., 2008
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Figure 3.3 Horizontal deformation of the 2019 New Ireland earthquake decomposed from Sgntinel
offsets.(a) Coseismic deformation map in the north and (b) east. (c) Coseismic displacement in the north
from Sentinell and Sentine? dfsets along Profile 1 and (e) Profile 2. (d) Coseismic displacement in
the east along Profile 1 and (f) Profile 2.

Figures3.2b and3.2c show the final displacement map in the north and east direction,
respectively, where cloudovered areas on land are masked. The surface trace of the fault
rupture is visible on both maps and is consistent with that displayed in the Séntareje
offset map (Figur8.2a). To compare Sentingland Sentine deformation measurements in

the same directioh converted Sentin€l range and azimuth offsets to horizontal displacements
with Equation 8.1), where—and| are the incidence and heading asglof Sentinel,
respectively.The vertical component is not included in the equation since the fault rupture is
mainly controlled by strikeslip motion. As shown irFigures3.3a and3.3b, the horizontal

deformation map from Sentinél offsets is noisy deito the added azimuth offsets. But the
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deformation pattern approximately matches those in the Se@tuheflormation maps (Figuse
3.2b and3.2c). | further compared deformation on two profiles (denoted in FigBa) as
shown in Figure3.3c to 3.3f and found that the dispersion of Sentilebffsets is higher,
indicating a lower precision compared to Sentihel

(East ) _ (—cosasinB sinasinﬂ)_l( Range )

\
North Azimuth (3.1

sina cosa

3.2.4 ALOS?2 data and interferometry

Inherited from the Advanced Land Observing Satellite (ALOS) in 2014, ARQS@rries a
Phased Aray type Lband Synthetic Aperture Radar(PALSAR-2) sensor to acquire SAR
images. PALSAR2 has three observatianodes spotlight, strip map (SM) and ScanSAR,
where the resolution successively decreases from 3 m to 100 m while the observation width
increases from 25 km to 350 km. The revisit time also varies from several months to two weeks
depending on the observation mode and sensing areas. Comparie: @ithand wavethelL -

band wave can better penetrate vegetation to obtain ground informatiom alenger radar
wavelengthLindsey et al., 2015 which facilitates the maintenance of coherence in rainforest

areas.

According to the data availability féhe study area, one descending ALQ8nage pair from

track 6 (12 May 2019 to 23 June 2019) in ScanSAR mode and one ascending image pair from
track 108 (09 March 2019 to 01 June 2019) in SM mode were collected and processed. The
processing for ALOS ScanSAR images follows the conventional ARStwo-pass method

after the mosaic of different swatihsmasked out those decorrelation areas with a coherence
threshold of 0.4 to conduct phase unwrapping. The unwrapped displacement map, as shown in
Figure 3.2d, is difficult to completelyinterpret the coseismic deformation in the near field
because of coherence loss. As for those isolated areas, such as the island to the southwest of the
epicentre, phase unwrapping may not work well due to the lack of effective phase linking.
Coherent pixks in the map can still be used in slip modelling considering the high precision of

SAR interferometry.

3.25 ALOS-2 offset tracking

The ALOS2 SM images covering the seismic regamrin an ascending track, so the azimuth
observations that are almost parallel with the ruptured fault shoulddi®e | measured the
azimuth offsets with the offset tracking module in GAMMA, where the sizbe$LC offset
search window was set as 12828 pixels. The fault trace can also be seen from the AROS
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azimuth offsets (Figur8.2e) although within a smaller spatial extent. However, the offsets
seem to be noisier than Sentiietange offsets, especialbn the northeast edge, which may

be cause by the larger azimuth pixel spacing (3.8 m) in ALO@SM images.

3.3 Geophysical modelling

The UGSSmoment tensor solutiofUSGS, 2019 based on teleseismic waveforms suggests
two nodal planes. Investigating thfalenation patterns from the above images indicates-a left
lateral slip component. Therefoteysed a fault plane dipping to the northeast foirkiersion

of the detailed fault geometry and its slip distribution. According to Settifeigure3.2a),
Sentinel 2 (Figures 3.2b and3.2c) and ALOS2 (Figure3.2e) offset mapd, estimated a surface
trace with a strike angle of 315°, as shown in Figdi8e which best separates the direction of

deformation.

Before inversion, each dataset was subsampled with different downsampling methasised

the island in the southwest of the epicentre to avoid possible unwrapping errors and used the
guadtree methoflonsson et al., 20p% downsample the ALO8 ScanSAR measurements.

For the remaining four offset sets, only pixels around the ruptured fault were extracted to retain
a high signato-noise ratio.l then used the quadtree timed to downsample Sentingéland
ALOS-2 SM offsets and applied a subsampling scheme depending on the distance to the fault
trace to Sentine2 measurements. The sampling interval for pixels within 5 km was only 1,
then increased to 2 for those pixels frénkm to 20 km, and finally increased to 4 for those

with a distance farther than 20 km.

3.3.1 Inversion method

Assuming an elastic homogeneous fsdéce with a Poisson ratio of 0.2btypical value used

in the seismic studyfeng et al., 200Nen et al., 201R a twostep invesion strategy can be

used to invert the fault geometry and the slip distribution. The first step is a nonlinear inversion
which estimates the fault geometry by assuming a uniform slip on a rectangular fault plane
(Feng et al., 2013 The second step is a linear inversion to solve for the itk slip
distribution inthe leastsquares sense. In this study,fixed the strike angle of the fault based

on its surface rupture and then used multipeak particle swarm optimizati®sMwith a

hybrid minimization algorithm(Feng and Li, 2010to search for the other fault geometry
parameters, including the dip angle, the width, length and depth of the fault plane, and the upper
boundary of the nptured fault. After the determination of the optimal fault geomsditry,

discretized the fault plane into rectangular-paliches (2 km x 2 km). Since the fault dip angle
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from the uniform model may not be optimal for spatiatiable slip distributiorfBurgmann et
al., 2002 Fukahata and Wright, 2008 refined the dip angle based on the relationship between
weighted model misfits and multiple dip angles. To limit variations in the slip solution, the
Laplacian smoothing was applied with a smoothing factor determined from eoffadeve

between slip wighted misfit and roughness (as in FigGréa).
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Figure 3.4 Determination of the smoothing factor and dip ang#g. Tradeoff curve between the
weighted misfit and roughness of the slip model basedifterent smoothing factors (k), where the
solid red circle indicates the preferred smoothing factor used in the joint inversion. (b) The relationship
between the weighted misfit of the slip model and the dip angle of the modelled fault. The dip angle

corresponding to the minimum model misfit is marked by a red dot.

3.3.2 Weighting strategy

Following the above inversion stratedyinitially performed individual inversions using each

of the five datasets (i.e., ALOB ScanSAR interferometric phag@dd. OS2-InSAR), Sentinel

1 range offset§SI1-range) ALOS-2 SM azimuth offset§ALOS2-azimuth) Sentinel2 north

south offset{S2=NS) and SentineR eastwest offset€S2EW)). The residuals of individual
inversion were used to estimate the initial weights of tdesa sets in the joint inversidthe
smaller theesidua) thegreatetheweight and the weightatiois 1:0.35:0.16:0.06:0.06.then

used MPSO to obtain an optimal fault geometry with a length of 68 km, a width of 16 km, a
dip angle of 89° and a strike angle of 315°.

Then, the fault planevas fixedto be 100 km x 20 km and the joint linear inversigas
performed The Laplaciarsmoothing factowas determineds 2.0 where the fault modelt&t

observations well and exera relatively small roughnessgardless of the setting of dip angles
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(Figure 34a).1 further refined the dip angle to be 88.5° which corresponds to a least model
misfit (Figure 34b). To better balance the contributions of multiple datasets, the weight ratio
was iteratively updatedsing the residual roaheansquare (RMS) of each datasitbe weight

of ALOS2-InSAR wasalways set as 1.df Strange, ALOS2azimuth, S2NS andS2-EW, the
square of the residual RMS reciprocal was calcula¢spectively,and its ratio to that of
ALOS2-InSAR (calledtheresidual RMS ratiojvas set as theeight in the next iterationAs
shown inFigure 35, after three iterations of joint inversion, the data weight and residual
RMS ratio of each datasestabilised and the final weight ratiwas1:0.14:0.07:0.04:0.05.
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Figure 3.5 Iterative weighting ofSlrange, ALOS2azimuth, S2NS and SZEW. Black bars are the

weight ratio of the four datasets to ALE2SScanSAR (weight 1). Red bars #ne residual RMS ratio
defined as theatio of thesquare of the residual RMS reciprocal to ALAIB3AR. Three groups of

bars for each datasedrrespondo three iterations of joint inversion.

3.4 Results

Figure 36 shows the inverted slip distribution on the fault plane from the jowarsion and
individual inversion. It can be found that compared to the slip distribution from joint inversion
(Figure 36a), the slip distribution inverted from ALGBScanSAR data only{gure 36b) can

hardly illustrate the onshore surface rupturd)a2 km along strike) while that inverted from
Sentinell (Figure 36¢), ALOS2 SM (Figure 36d) and Sentine? (Figure 36e) offsets seems

to overestimate the length of the offshore surface rupture. The checkerboard test is further used
to examine the resation of these slip solutionsl. firstly generated synthetic ground
observations based on checkerbeld«e slip distributions Figure 37a) and then inverted the

slip solution from these synthetic observations using the same inversion method. Results show
that the joint inversion Kigure 37b) retrieved the fault slip slightly better than ALQS
ScanSARonly (Figure 37c) in the onshore part D31 km along strikepnd performs much

better than the other three datasEtgyres 37d t03.7f) especially inhe offshore part (>31 km

along strike). However, the dowdip slip (>10 km alonghe dip) of the offshore region is to
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some extenunderestimated and smeared since no deformation can be captured offshore by

satelliteremotesensing.

The results from joint inversion which offers a comprehensive geophysical interpretation
suggesthat the earthquake is mainly controlled by a-leféral strikeslip component. The
maximum strikeslip and dipslip are 6.07 m and 0.49 m, respectively, with a rake angle of 4.6°.
This preferred model indicates the fault ruptures to the surface with a length beyond 50 km and
a maximum surface slip of ovemd. The main slip area extends 18 km along the ddiwrand

the peak sliding patches with a slip of 6.10 m locates at a depth of about 10 km, where the
rupture propagates mostly along the strike direction. The estimated geodetic moment is 1.03 x

10°° N-m, corresponding to a magnitude of Mw 7.31.
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Figure 3.6 Slip distribution on the fault plane from joint and individual inversioa) The slip

distribution from joint inversiomisingthe five datasets. (b) to (e) are the slip distribution from individual
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inversion of ALOS2 ScanSAR interferometric phases, Sentlhehnge offsets, ALO2 SM azimuth
offsets and Sentinél offsets, regectively. The black arrows on the fault patches denote the slip
direction. The upper boundary of the fault model corresponds to the surface trace skmuneir38

and the strike direction is from southeast to northwest. The star denotes the sotimefloca USGS.
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location of the intersection of the fault surface trace and coastline.

47



-4°00' -3°30'

—-4°30'

152°30'

153°00'

152700 152°30' 153°00' 1

<

<

152°30' 152°50"

b <

B =% <+ "‘ % Y
AN -2 1] X BL ~ o) o] V-2
152°45' 153°00' 152°15' 152°30" 152°45' 153°00'

vm2

RO 1]

2

B e 92
152°45' 153°00
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respectively. The solid black line denotes the surface trace of the ruptured faulitezsjiomtly from
SAR (Sentinell and ALOS2) and optical satellite (Sentin2) offset maps.

The predicted displacements from the slip maoalell fit the observations. The RMS of the
misfits is respectively 8.7 cm, 23.8 cm, 33.8 cm, 45.6 cm and 41.DcRlfOS-2 ScanSAR
interferometric phases, Sentirietange offsets, ALO2 SM azimuth offsets, Sentir2inorth

south (NS) offsets and Sentireleastwest (EW) offsetsl further calculated the model
predictions on the ground within each data set and acgdphem with original observations.

As shown in Figure 3.8, the deforming pattern of models basically follows that of five data sets,
and the residuals theSentinell range offset map have the most uniform distribution although
not the smoothest. Imeé residual map of INSAR data from ALESScanSAR (Figure 3.8c),
there are two asperities on the west side of the fault trace, possibly caused by unwrapping errors
in the original data. But the causes of unwrapping errors are different. The island asperity
caused by pixel isolation while the other one is causedebyprrelation The relatively large
residuals of ALOS SM and Sentine? (Figure 3.8i, 8| and 8agrepredictable because their
data quality is limited by resolution. Another reason for neddyilarge residuals in the edges

of these images is that only the néiatd observations are used in the joint inversion. Moreover,
the atmospheriartefactsand early posseismic deformation may also contribute to the

residuals.

3.5Discussion

Due to heavy vegetation in the study area, tHe|f@d SAR interferometry hardly contributes
to the mapping ofhecoseismic deformation field. Thelkand ALOS2 SAR images generate
better interferograms but still suffer coherence loss in areag @¢he ruptured fault. Such
decorrelation may be caused by heavy vegetatiomlarge deformation gradient. SAR and
optical offset fields that can be calculated from Sentlnehd Sentine? data are free from
coherence losdespitethe lower precisio, offset maps can provide enough riaid data
constraints for slip inversion. Moreover, the surface trace of the ruptured fault is consistently
displayed in these offset maps, which fixes the strike directidhedault model.This study

has demonsaited the possibility of combining them for a joint inversion, which is beneficial in
areaswith limited INSAR measurability | also attemptedto jointly use satellite radar
interferograms both in descending and ascending, budodeismicdeformationprojectedin

the LOS of ascending ALOZ/Sentinell interferograms is limitedecausd¢he direction othe
fault ruptureis almost perpendicular to the ascending LdSaddition, there are no ascending

ALOS-2 ScanSAR images available spanningabgeismic period.
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For the joint inversion with multiple datats the determination of the weight of each dataset
imposes a large impact on the slip solution. If the data qualignoredand each data sest
weighedequally, a slip distribution with different motion patterns would be generated even
with the same fdtimodel and smoothing factor. The relative weight ratio estimatetis
studyshows that the contributions of SAR and optical offsets are lower than 25%. Although
this study combines multiple satellite observations, most data points are still digtobutee

side of the fault, which makes the model constraint unbalanced. Theediwakl test also
verified that these satellite data hardly provide good constrfainthe offshore slip. This is

probably the reason for the geodetic moment magnhedwy lower thatMw 7.5.

Ibar "

3°30'S 3°00'S

4°00'S

4°30'S

5°00'S

151'50E  152'00E 15230E 15300 153'30€
Figure 3.9 Static Coulomb failurstresschanges due to the 2019 New Ireland earthquEtke yellow
star denotes the epicentre. The solid white line is the surface trace of the fault model used in this study.
The solid grey line is the offshore extension of the Weitin fault. The magenta dots represent the

aftershockgM > 3.0) three months aft the main evemecorded by USGS.

The slip distribution results indicate a lengthy rupture on the surface. To evaluate the effect of
such fault rupture on the surrounding seismogenic environrheraticulated the Coulomb
failure stress (CFS) changes ultisig from this event. The CFS changes representing the
transfer of stress have been widely used to characterize the evolution of seismicity and quantify
the triggering effect of medium/large earthquafesg.,Lin and Stein, 2004Toda et al., 2005

Xu et al., 2010Yu et al., 2018a The CFSwas estimatedn an optimally oriented fault at a
depth of 10 km with a friction coefficient of 0.4. The shear modulus is assumed as 33 GPa for
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a Poissonbs r ati o (MXf3.00hre2 honthsTdfter theanain ewvers Wevec k s
collected from USG&ndsuperposedn the map of CFS changdadure 39). Although the

number of recorded aftershogld) is few, mosof theaftershocksP70%) are located in the

area with increased CFS. The map also shows that the 2019 New Ireland earthquake increases
CFS by mordhan 5.0 bars along the strike of the ruptured fault, except for the northwest and

southeast edges of the faults.

The 16 November 2000 Mw 8.0 event shares the same fault structure and initiates from a similar
location to this event. Also, their aftershogldo not delimit a linear zone of seismicity as
expected for neavertical strikeslip eventgTregoning et al., 2005But the aftershocks of the

2000 Mw 8.0 event are clustered to the east of the Weitin fault while that of this event are more
scattered around the fault. The shallow rupture of the 2000 Mw 8.0 event may have reactivated
many older subduction fracturestire upper plat€Tregoning et al., 20Q05which can explain

the static stress changes triggering the two 2000 Mw 7.8 thrust earthdBakiesand Mori,

2007). But in this event, no strong subducti@lated atvities to the south of the Weitin fault

are triggered! could not deny that the seismicity history repeats on the Weitin faultawith
similar rupture mechanism, but the triggering effect of this event is more limited along plate
boundaries and associdtstructures compared to the 2000 earthquake sequence, which reflects

the uncertainty of the interaction between the Weitin fault and the subduction trenches.

3.6 Summary

This chapterprovides a solution to fully capture large transient deformation caused by
geohazards such as earthquakes. The solatiercomes the decorrelation problem of INSAR
when observing larggradient deformation byombining multiple satellite observations
including L-bandinterferometric phaseSAR pixel offsets and optical image offselbe case
usedto verify this solutionis a large earthquakihat occurred in New Ireland, Papua New
Guinea in 2019Therefore ALOS-2 ScanSAR interferometric phases, ALQSM azimuth
offsets, Sentinel range offsets and Sentireloffsets wergrocessednd combinedo map

the coseismic deformation field of this earthquake.

Thesesatelliteobservations were furth@intly usedin the earthquake modelling to invert the

slip distribution. Firstly, the surface traseof the ruptured faultvere obtained from SAR
(Sentinell and ALOS2 SM) and optical (Sentind) offset fields, whiclagreewell with each

other. Then, an iterative weighting method based on the residual RMS of each dataset was

proposedand usedo better balance the contributions of multiple data sets, with the Laplacian
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smoothing factor as 2.0 and the fault dip angle as’8&hg successively determined along
with the best fitting slip model. The preferred slip distribution suggests a nearly puatdedt
strike-slip motion (maximum 6.10m) on the Weitin fault and a surface rupture length of
D50km. It was also found #t nost aftershocksvere located in the area with increased
Coulomb failure streswhile no strong subductierelated activities to the south of the Weitin

fault were triggeredby this earthquake
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Chapter 4. Combining INSAR and seismic noisaneasurementgo monitor
a landslide in Villa de la Independencia (Bolivia)

This chapter aims tcapture both the lontgrm surface deformation and subsurface information
by combining INSAR and geophysical measurementsch highlghts the feasibility of the
combination in revealing landslide geometry in three dimensions apadwWerof INSAR time
series in tracing landslide motion in detdihe study in this chapter has been published in
Landslideghttps://doi.org/10.1007/s1034321-016599).

Thecasestudyis a complex landslidevolving a town of around 6,000 inhabitantsVilla de

la Independencia (Bolivia), where extensive damages to buildings have been observed. To
investigate the spati@émporal characteristics of the landslide motion, Senfirgstafrom
October 2014 to December 2019 wprecessedsingthe INSAR time series techniqué new
geometric inversion methodias proposed to determine the béstsliding direction and
inclination of the landslideThe landslide movements over time were further analysed by
projecting the INSAR time series to the sliding ditemn, andtheir acceleration possibly
triggered by increased precipitation was observdthough InSARenablessucha detailed
investigation of surface landslide movemeittgannot provide information about subsurface
structuresTherefore, sismic noie® measurementigere collected t@nalyse the properties of

slip surface®f the landslide and estimate the overall landslide voldrmes study reveals the
potential of integrating INSAR and seismic noise technigques to understand the landslide

mechanism fom ground to subsurface.

4.1 Introduction

As introduced in Section 1.landslides can resuih fatalities and monetary losses across
numerous mountainous regions worldwide. Therefore, -teng landslide monitoring is
necessary to track the development of mass activities and potentially predict when the landslide
occurs(Utili et al., 2015 Del Soldato et al., 2018I5trozzi et al., 201,8_acroix et al., 201

The movement of landslides generally behares small spatial scale but may follow fractured
surfaces due to the internal subdivision of landslide nifasstini et al., 2018 leading to
multiple sliding directions on a single landslide body. Sspatiotemporal features make it
difficult for conventional pointwise landslide monitoring sensors to provide continuous
measurements with sufficient spatial coveragerasdlution. Furthermore, the proper location
of such sensors is difficult to choose for newly detected landsiiies considering multiple
failure surface¢Barla and Antolini, 201f and the installation and mainteca of the sensors

are labowintensive and expensive.
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To overcome this, numerous researchers have saughiilise the spaceborne InSAR
measurement which can map an entire landslide body continuously at a high spatial resolution
(Hilley et al., 2004 Calabro et al., 2010romas et al., 20t4Raspini et al., 201PDai et al.,

202Q Solari et al., 2020and enables the investigation of the spatiotemporal features of multi
surface failureg¢Dai et al., 2016Hu et al., 2018Intrieri et al., 202]. Since INSAR can only
measure surface landslide movements without the subsurface information (e.qg., landslide depth),
researchers have proposed strong assumpiaisas spatially uniform landslide rheology and

a priori vertical variation of velocity to retrieve the depth of landsli@oth et al., 2013
Delbridge et al., 2016 However, thes assumptions likely do not apply to compound landslides
with spatially variable or unknown rheologBooth et al., 2013 Another strategy to unravel

the subsurface structure of landslides is to combine surface deformation with various ground
sensors or field surveys, where available. For exantiesta et al. (2014gpintly used
borehole,GPS optical targets and INSAR data to comprehensively analyse the movements,
depth and volume of the La Saxe rockslide (Courmayeur, l@ba et al. (20193ombined

INSAR and GPS displacements with a borehole survey to retrieve both deformation fields and
stratigraphic information of the Bosmatto landslide (Gressoney St. Jean, @Gafppa et al.
(2020)reconstructed the morpfsatructures and basal shear zones of the Mt. Mater landslide
(Valle Spluga, Italy) by integrating INSAR measurements with field evidence (e.g., persistent

scarps).

Knowledgeof thelanddide depth may also be retrieved from geophysical techni(Rezzi et

al., 2019, and among these, seismic noise measurements can be implemented with a high
spatial density. For examplBazzi et al. (201 7W)sedthe Horizontal to Vertical Spectral Ratio

(H/V) technique(Nakamura, 1989to identify the depths of slip surfaces on the basis of
substantial changes in the seismic impedance between teenaglss andnweatheredhaterial.
Therefore, combining INSAR and a dense network of seismic stations can effectively reveal
detailed landslide sliding geometry and in principle can enable an accurate estimation of the

landslide volume.

In this study, in order to characterise the landslide motion with high resolution ant&tong
observations| used a combination of$ear Sentinell images, with a temporal baseline of 6

to 24 days from 2014 to 2019, and a dense seismic noise netvitbrk 28 observation stations
carried out between August and September 2017 (dry season). A geometric inversion method

combining INSAR descending and ascending measurements to determine -itesheistg

54



geometry of the landslide body was proposed. @hddlide geometry was further investigated

by 120 seismic noise measurements in terms of slip interface depth, and, to therbgst of
knowledge, such dense seismic noise measurements were employed for the first time together
with INSAR to investigate a laslide. The temporal evolution of the landslide has also been
traced, and a comparative analysis of INSAR deformation and accumulated precipitation time

series has been performed to reveal the impact of rainfall on the landslide.

4.2 Study area

Bolivia is a country highly vulnerable to landslides with roughly one third of its territory located

in the Andes and subjected to complex hydrogeological conditions. With the rapid growing
population and the expanding settlement areas on unstable slopes sinadytteeantieth
century, Bolivia now suffers from destructive landslides almost every Reaefts eal., 2014,

leading to severe human and economic losses. In Bolivia, landslides are most frequent in the
late rainy season (January to March) and usually occur after several weeks of continuous wet
periods, indicating a clear hydmeteorological contibng mechanismRoberts, 2016 This
mechanism mainly originates from orographically enhanced precipitation which drives the
increase of hillslope erosion in steep terrain cstivgy of highrelief V-shaped valleys. One of

such examples is Villa de la Independenéimre 41), the capital of Ayopaya Province, in

the Cochabamba Department. Although there has been no written record of landslide
occurrences in the town, inhabitaneport that the first movement dates back thirty years. In
addition, the observed cracks and damage on edifices and struligess4.1d to 4.1))

indicate that the landslide motion in the town deserves atteitmmever the town lacks an
up-to-datesystematic monitoring of the slope stability, resulting in a lack of understanding of

the landslide dynamic and the safety condition of the population.

From a geological point of view, the town is settled on an ancient alluvial terrace formed by the
dissection of the River Palca and surrounded by large river deposits, where the presence of
erosion landforms in furrows and gullies reflects strong erosive activity (Figure 4.1). The
deposits of terraces (Qd, as pebbles, gravel, sand, silt, and clay) awdtbdlivial sediments

(Qcf, mainly gravel, sand, silt and clay) rest on the AnzBddwoation (Oan, as siltstones, shales,

and greenistgrey to light brown sandstones). On the east side of the landslide area outcrops
are the Capinota formation (Ocp, dark grey shales with horizons of light brown sandstones at
the top), while on the west side outcrops are the Amutara formation (Oam, as quartziti
sandstones and grey sandstones and grey sandstones with shales and siRstoee)s(et

al., 2017. The rock and soil properties are summarised in Table 4.1, while the location of the
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samples is shown in Rige 4.1b. The soil exhibits a texture that varies from "fine dgr&n
"very fine grain”. Figure 4.1c shows the stratigraphy as inferred from three boreholes performed
in the landslide body whose locations are indicated in Figure 4.1b. The average annual rainfall
in the municipality recorded by Servicio Nacional de Mettagia e Hidrologia (SENAMHI)
of Bolivia is 789.3 mm, where the precipitation reaches an average of 189.4 mm in the dry

season (April to October) and of 599.9 mm in the wet season (November to March).
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outline the spatial coverage of Sentideframes ofpaths 156 (descending track) and 76 (ascending
track). The solid blue line represents the River Palca close to the town. The solidegéydicate the
silhouette otthe Cordillera Oriental Mountains. (}eological map of the study area (by Julio Torres
Navarro, August 2017, abei nt er nal and unpublished output o]
Estudios de Movimientos en Masa PIEM )  w i -indire cbritadir lines (in grey). The landslide
boundaries are in red, tlseismic noiseneasurements are black dots, the soil samples are yellow dots,
the rock samples are blue dots, and the boreholes are purple triangles. (¢) The stratighaptinyeae
boreholes. (d) to (j) are seven photos took at the locations indicated by yellow rounded rectangles in (b),
showing the damage on edifices and structures. All the photos were taken during the 2017 field survey

(between the last days of Augusidahe first days of September).

Table 4.1 Properties ofack and soil sampewhosdocatiors areshown inFigure 41b.

Hardness b |
ID Rock Type Texture (Mohs) (KN/m?)
RSO01 Mudstone Very fine grain 3 23.04
low metamorphic
RS02 .Sandstone : Fine grain 3 24.41
medium metamorphic
Limonite . .
RSO3 high metamorphic Fine grain 3 23.44
Mudstone , .
Rock RS04 medium metamorphic Very fine grain 3 23.66
samples RS05 | Mudstone , Very fine grain 3 25.53
ow metamorphic
RS06 Slate Very fine grain 3 24.87
RS07 _Mudstone Fine grain 3 2559
medium metamorphic
RS08 Mudstone , Very fine grain 3 23.52
low metamorphic
Limonite . .
RS09 high metamorphic Fine grain 3 22.75
RS10 - - - 25.58
. - gravel sand silt
P Solype (NmMY 6 8 (%)
[ .
samples SS01 clayey gravel with sand 21.55 45.25 26.62 28.13
P SS02 clayey gravel with sand 20.13 36.36 29.45 34.19
SS03 silt with sand - 5.82 10.44 83.75
Note that missing values imply measurements were unaldadoat the time of observation.
[ (KN/m3): unit weights of samples in the dry condition.

On a broad scale, the landslide mass includes three s@epuige 4.1b): (i) Mass: the main
one affecting the town centre and the upper portion with a length of aboutrn2,Z66 an
average width of about 950; (ii) Mass II: a second one affecting the eastern portion of the

municipality with a length of approximately 1,760 and a with, in the lower portion, of
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approximately 1,106n (such as the eastern bus station and the cemetery shown in Figure 4.1h
and4.1i); (iii) Mass llI: the smallest one affecting the western basin close to the main landslide
with a length of approximately 200 m and a width, in the lower portion, of approximately
250m. This work focuses on the investigation of the surface deformations in the town centre
and its closest surroundings (i.e., town centre, upper block, and east block as shown in Figure
4.1b) whee INSAR can maintain sufficient coherent pixels and the risk for the population is the
highest. In addition, since the seismic noise measurement has a larger coverage than the INSAR

measurement, the volume of the entire landslide body can also be estimated

4.3 Data and methodology
43.1 InSAR

The SAR images processed &entinell Terrain Observation by Progressive Scans (TOPS)
(Torres et al., 20)data in Interferometric Wide (IW) swath mode with a spatial resolution of
about4 m in range and 2fh in azimuth. One hundrezhdsixty-two Sentinell images in the
descending track from 16 October 2014 to 31 December 2019 and 135 images in the ascending
track from 3 November 2014 to 25 December 2019 with a minimum temporal badedine

days were collected. In the procesguping interferogram pairs, each image was connected
with at least three acquisitions. After excluding image pairs with a long temporal baseline
(beyond three months), 510 and 503 interferograms respectively for the descending and
ascending datasets weretained Figure 42).
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To keep the original spatial resolution of Sentihednd reduce atmospheric disturbance, a
singlelook Small BA®line Subset (SBAS) INSAR method integrated with tropospheric delay
correction to Sentinel images was applied. As shown in the workflawg(re 43), the
GAMMA software Wegmiuiller et al., 200)6vas used to generate interferograms which started
with the coregistration of Single Look Complex (SLC) images to a common primary image (2
June 2017 for ascending and 9 April 2017 for desecepdihosen as they are in the middle of
the time series). After the aegistration, a network of interferogramsfull resolutionwas
generated and geocoded based on the resampled SLC images amdZdgs@al Elevation
Model (DEM) from the Shuttle Raddropography Mission (SRTM)Farr et al., 200)7 The
tropospheric delay correction from Generic Atmospheric Correction Online Service (GACOS)
for INSAR was then applied to these interferogrévset al., 2017Yu et al., 2018pYu et al.,
20189. It should be noted that the tropospheric effect was generally ignored by previous
researchers in the study of localale landslides (e.g.jn et al., 2019 Zhang et al., 2020
However, in steep terrains, the stratified tropospheric delay usually presents seasonal
oscillations Gamsonov et al., 2014vhich may be misinterpreted as rairialtluced periodic
movements [Pong et al., 201P After manual inspection of the interferograms corrected by
GACQOS, it emerged that longave and terraimelated tropospheric delays were reduced after

the tropospheric correction, so these corrected interferograms were used $artesanalysis.

The interferograms with tropospheric correction were imported into the StaMPS software
(Hooper et al., 2002to perform the singkook SBAS analysis. Pixels with an amplitude
dispersion indeFerrettietal., 2000 ower t han 0. 6 werroeu nsdedl eccotheed
pi xels. Thanfidecomerent pixels were identif
phase noise. After correctiarf spatially uncorrelated noise (mainly DEM error), the wrapped
phase was unwrapped with a 3D unwrapping metthtabper and Zebker, 20pand the

spatially correlated noise, including the residual tropospheric sjddd§M erros, and orbital

errors were removed from the unwrapped phase. The velocity and displacemesetiggein

the Line of Sight (LOS) were then estimated from the filtered unwrapped phtse least

square sense The spatial reference value in time series INSAR processing was initially set as
the mean phase value in the study area. Then a stablenefearea R1 (marked by a black
triangle inFigure 44) close to the town was selected with which the final displacement time

series were rgenerated.
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Figure 4.3 Workflow of time series INSARrocessing with tropospheric delay correction.

To discuss the relationship between INSAR time series and other external factors (e.g.,
precipitation and residual atmospheric delays), the wavelet tools including Continuous Wavelet
Transform (CWT), cross Walet Transform (XWT) and Wavelet Coherence (WTG)ilisted

et al., 2004 were used. CWT can identify localised intermittent periodicities of a single time
series, while XWT and WTC help identify the common power and relative phase between two

time series in timdrequency spacelbmas et al., 2096

4.3.2 Determination of the sliding geonrgt

A geometric inversion method was designed to determine thefibetitling direction
(clockwise from thenorth) and inclination (from horizontal to vertical) of the landslide motion
according to the combination of descendiagd ascendingrack INSAR observations. The
method is based on the assumption that the basal failure plane moves approximately but not
strictly along the slope surfadd|{ et al., 201pand may have slight deviatiofiem the existing

slope geometry.

For a given single landslide sifock, | assume that it is driven by only one sliding plane with
an inclination of and a sliding direction ¢f . For each pixel inside this landslide shbibck,

a displacement@ ) along the sliding direction and inclination can be projected to the

descending@ ) and ascendind ) LOS directions following Egations(4.1) and 4.2).

[ Rt O O il Mk
o) | Q¢ i Qe 0 HhgidEl O (4.1)
Gii— i i
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W E—+ i Qe
where,— and— are the incidence angles of the descending and asceddRgatellites,
respectively} and| are the heading angles of the descending and ascending satellite

respectively.

According toEquatiors (4.1) and §.2), the ratio () between the descending and ascending
LOS displacements can be expressedqgation(4.3), from whichO is eliminated.
Therefore, the descendhtg-ascending ratio is only constrained by the satellite radar and
sliding geometries. As a scalar, the ratio represents the relative size of the projection of landslide
motion on the descending and ascending L®8,thereby, reflects the relative sensitivity of

the descending arascendingnSAR geometries to landslide motion.

[ Q¢ 0§l W& il e
|9§le O Qingi
i ML 1 B (43)
i Q¢ wgi we il Qe
[ Q€ i Q¢ D OFgIingi
0 E— i &

With the descending and ascending INSAR observations available, the ratio ( ) between
the observed descendin@®( ) and ascendingd ) LOS displacements can be calculated

according tdequation(4.4) for each pixel inside the stdbock.
i O 70 (4.4)

CombiningEquation(4.3) and 4.4),] andf can be solved itheleastsquares seng&rant

and Boyd, 208, 2013. Since the assumption is that one landslideldabk has only one

sliding surface, pixels inside each dhblbck share the same valueg ofandl . Afterf and

[ are estimated, they cée substituted intequation(4.3) to obtain the model predictions of

1 and then the relative root mean square (RMS) of the geometric inversion can be calculated by

Equation(5) to measure the misfit of the determined sliding geometry.
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wheret is the number of pixels inside the landslide-bldxk.

4.3.3Seismic noise measuremengsmd H/V technique

Seismic noiseefers tobackground noise in seismic data duedlatively persistent ground
vibration, mostly consisting of elastic surface wa@ssmic noise measurements can be used

to estimate landslide depth by the H/V technique bedesslip surface of landslidesualy

generats shear wave velocity contrasts apdlarises seismic noig®azzi et al., 2007 The

H/V technigue analysdke spectral ratio between horizontal and vertical components of motion
recorded by a single seismic station and allows the estimation of the fundamental frequency of
soft soils Nakamura, 1989 According to a simplified equation, the frequency of the upper
layer is directly proportional to the average shear wabecity and inversely proportional to

four times the layer thicknes€dstellaro, 2016 In practice, H/V curves show a number of
peaks (n) equal to (n+1) alternating layers of different lithologies or horizontal stratifications in
homogeneous layers. As a rule of thumb, a trace recorded on a homogenous soidwithreut

layer (a secalled seismic bedrock) has a flat H/V curve, and no seismic wave amplification is
expected. According to the SESANdEDject guideline S ESAME, 2004, a peak has to be &k

i nto account if its amplitude is at | east 2
seismic impedance contrast and can also indicate the presence of seismic velocity reversals
when its value is lower than 1 for a wide range of frequeri€iastellaro and Mulargia, 2009
Therefore, knowing the shear velocity (Vs) of the upper lagdria resonant frequency (i.e.,

an initial constraint is necessary), itis possible to reconstruct the depth (z) of the irffeaizze

et al., 2017Del Soldato et al., 2018a

At the Villa de la Independencia landslide, the seismic noise measurements were designed to
cover the entire landslide areBiqure 41b) and toobtain alignments across the two main
directions to generate vertical cressctions of H/V Pazzi et al., 2017 In total 120
measurements were collected by means of four triaxial seismometers of the series Tromino®
(a 3directional, compact, alh-one, and 25it digital tromometer developed by MoHo s.r.1.).

Each acquisition ran for 20 min at 256 Hz and was processed the commercial software
Grilla® (provided by MoHo s.r.1.), which applied the guideline for processing ambient vibration
data according to the H/V technique &BESAMEproject standards. To reconstruct the local
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seismic stratigraphy model (\é&sprofiles), the H/V curves were constrained in terms of velocity.
These velocity values were obtained not only by a direct methaziz{ et al., 20)7but also

from a Multichannel Analysis of Surface Waves (MASW) and a seismic refraction survey
carried out along the road that passes through the town (Highwd&ygebe 41b). After the

H/V data processing, the depth of slip sueg@nd the landslide volume were estimated.
Furthermore, INSAR and H/V measurements were integrated to reveal the diverse sliding

characteristics between landslide slbcks during multisurface fracturing sliding.

4. 4Results
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Figure 4.4 Maps of InSAR deformation velocityand its standard deviatiofa) Descendingand (b)
ascendingrack Sentinell LOS velocity maps Positive valuesndicatethe surface is moving toward

the satellite. The black rectangle covers the location of Independencia (including the town centre, upper
block and east block as shownRigure 41b) and the purple line represents Highway 25 that crosses

the town. The redwal delimits the approximate extent of a priori unknown deforming area. The black
triangle (R1) denotes the location of the reference area. (c) and (d) are the standard deviation maps of

descending and ascending LOS velocity, respectively.
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The resultant AISAR velocity maps shown in Figurésta and 4.4b reveal considerable
deformation D10 mm/yr) in Independencia (enclosed by a black rectangle) which exerts a
direct threato the lives and properties of the residents. Figures 4.4c and 4.4d show 0.4 and 0.5
mm/yr average standard deviations of the estimated INSAR mean velocity respectively for the
descending and ascending satellites, revealing the milliseate precision of time series
INSAR. The sign of the LOS deformation rate in Independencia is dppbstween the
descending and ascending tracks, implying the movement has a consic=astiest
component. A previously unknown deforming area (@edl circle in Figure 4.4) located 2.5

km southeast of Independencia is also identified, with a LOS itxelo€ ~30mm/yr. Its
instability could threaten public transiafety due to the nearby Highway 25 (solid purple line

in Figure 4.4). In this sectionthe focus is on the Independencia landslide tnedINSAR
deformation maps and seismic H/V measurements covering the landslide as shown in Figure
4.1b will be used to investigates 3D geometry and thepatiotemporatharacteristic®f its

movements in great detail.

4.4.1 Identification of the fracturd sliding surfaces from INSAR

Three sukblocks were identified in Independencia as showRigures4.1b and4.5, namely

At own centreo, fAupper blocko and Aeast bl oc
field investigation in 2017hat found a ridgeline anda road inside the town (shown in
Figures4.5a and4.5b) roughly separating the three solbcks from each other. The INSAR
measurements were then used to analyse the sliding geometry of edobbckulhs shown in
Figures4.5a and4.5b, thetown centre block has more INSAR coherent pixels than the upper
and east blocks due to the presence of optimal scatterers (e.g., buildings). To check whether the
landslide generally moves along the slope, as is the assumption of the geometric inversion
method in Sectior.3.2, firstly a simulated alonglope displacement (100 mm) of each pixel

was projected onto the descending and ascending Sehtiri@ directions and was plotted in
Figures4.5c and4.5d. It can be seen that the observed INSAR cumuldispgacement and the
simulated displacement are largely consistent, with correlations of 0.71 and 0.70 for the
descending and ascending tracks, respectivéigufes 45e and 4.5f). The residual
discrepancies could be due to the fact that each pixel otayecessarily move with the same
magnitude as simulated. But in general, the consistency between observation and simulation
verifies the assumption of the geometric inversion method. Note that the purpose of this step is
to compare the relative spatiasttibution of the simulated and observed displacements and the
correlation is calculated from normalised displacements. Therefore, the value of the simulated

alongslope displacement is insignificant to the results.
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Figure 4.5 Observed and simulated LOS cumulative displacements in Independeha@ad (b) are

the observed LOS cumulative displacements from October 2014 to December 2019 by descending and

ascending Sentindl, respectively. (c) ah (d) are the simulated descending and ascending LOS

displacements, respectively, which are projected from thartB@isplacement along the slope. The

white line represents a road inside the town that roughly separates the town centre and the upper block.

The thick magenta line represents a ridgeline separating the upper block and the east block, and the red

lines are part of the landslide boundaries shown in Figure 4.1b. (e) and (f) are scatter plots between

observed and simulated LOS displacements ferdénsscending and ascending, respectively. Note that

the displacements are normalised between 0 and 1.
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The INSAR measurements within each-sldick were used to execute the geometric inversion
method described in SectidB.2, and to determine a uniforne@metry for each of the three
subblocks. Results are shown in Figure 4.6. The basal sliding plane of the upper block has an
inclination of about 8° with a sliding direction of about 228°, while that of the flatter town
centre has an inclination of aboutWBith a sliding direction of about 167°. The inclination of

the east block is steeper (~14°) than the above twédkdis and its sliding direction is about
131°. According to Equatiof#4.5), the relative RMS of the geometric inversion misfit for the
town centre, east block, and upper bliskalculated to be 0.35, 0.26, and 0.33, respectively.
Despite these misfits that could be caused by INSAR outliers, the inversion results can show
that most INSAR pixels in each sbiock share the uniform sliding dace. Therefore, the three
subblocks move downward along three different planar surfaces, suggesting the type of the
landslide in Independencia should be classified as a compound type according to the

classification of landslides iyungr et al. (2014)
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Figure 4.6 Determined sliding geometries of the three landslideldobks.(a) Sliding directions (white
arrows) of the three stiilocks (clockwise from theorth). The magenta line represents part of a
ridgeline that distinguishes the upper block and the east block, while red lines are part of the landslide
boundaries shown iRigure 41b. The white line represents the road inside the town. The optical base
map is from Google Earth, on which the descending INSAR displacements sHeiguraé45a are also
superimposed. (b) Sectionaéws of the determined sliding directions. Thiack vectorvindicates the

sliding displacemenj-y : m,:thq purple vectdMrepresents the descending LOS displacernjeny v

and the red vecte}E represents the ascending LOS displacengn{..The angle between the sliding
direction and LOS is calculated byl “H“I—ﬁ—-‘l%ﬂ—" 1 ;;;;ar]j‘H "l "H“I—ﬁ—+"LIqHT" M ;;;;;acrording to
Equatiors (4.1) and 4.2).
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4.4.2 Sliding interface depth obtained from H/V measurements

Regardles®f the seismic shear wave velocity, hiffequency peaks of the H/V curves are
associatedavith the shallower interfaces, while lefkequency peakwith the deeper interfaces
(Castellaro, 2018Pazzi et al., 201)7Figure 47 shows the H/V curves of the measurements in

the three sulblocks identified in Section 4.1. Three main frequencynges associated with
natural discontinuities can be recognised. On the basis of the geological map of th&garea (
4.1b) and the results of the three boreholes shovigare 41c, the highest H/V peak (with a
frequency range of 40.80.0Hz) can be elated to the shallowest discontinuity between the
organic/weathered surface layer (Vs range o200 m/s, Vs mean value 100 m/s) and the
unconsolidated soil deposits (i.e., silty clay with or without shale fragments, sandstones
boulders, and sand withagl) (Vs range of 15370 m/s, Vs mean value 250 m/s) at a mean
depth (z0) of approximately 0@24 m. The second interface is identified at depths (z1) ranging
from 1.5 to 15.0nm (at a frequency of 8:80.0Hz), corresponding to the transition from the
unconsolidated soil deposits to the shale and sandstone fragments in clay and silty matrix/highly
weathered shale and sandstones (Vs range 6980f/s, Vs mean value 45@/s). These z1

peaks are not as high as z0, but their amplitudes are significaghigrhthan 2 and should
therefore be considered in accordance with the SESAME project guideBESAME, 2004

The third peak is characterised by the frequency range 8.@Hz, identifyingthe seismic
interface between the highly weathered shale and sandstones and the slightly weathered shale
and sandstones/unweathered shales (the seismic bedrock) (Vs highgd@dan/s), at a depth

(z2) of approximately 15-@5.0m.

FromFigure 47 it can also be seen that the H/V curves of the three landslidd@tids behave

at different amplitudes, especially in the frequency range of z1 andnglying different
seismic impedance contrasAs the impedance contrast indicates the presenceeisiic
velocity reversals@astellaro and Mulargia, 20p&nd is possiblaffectedby an interface on
which movementhas occured, the effect of sliding interfaces at different depths can be
inferred from H/V amplitudesSpecifically, the H/V curves of the updaock are more similar

to theeast blockatherthan the town centre, with a sliding elition of about (£)130° relative
to thenorthrevealed by INSARKigure 46a). Compared to them, the H/V curves of the town
centre are characterised by the presence of peaks in the frequency rdrgoith a higher
amplitude. This suggests thah the town centrethe z2 interface between the
gravel/consolidated material and the meteorized rock is characterised by a higher seismic
impedance contrasand therefore the town centre more significantly influenced by ith

deeper z2 interface tharetiother two suliblocks.

67



— tamrona Town centre

H/V amplitude
w [6)) ~

1§/

H/V amplitude

H/V amplitude
w $)) ~

-t

Frequency [Hz]
Figure 4.7 A representative selection of H/V curves for the seismic noise measurements carried out in
the three landslide stiflocks (town centre, upper block, and east block).
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Figure 4.8 Reconstructed z depth values for seismic noise acquisitions locatkd tiown centre

(asterisks in yellow), upper block (in purple) and east block (in gr&me. points are all the other
measuements carried out in the landslide area that faceeWest (L1) and red points are those in the

landslide area that facesttee east(L2).
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Considering the nature of the z0 interface, the landform of the area, and the absence of asphalt

in all the g¢reets of the surveyed area (that alloweedarry out H/V measures without amplitude

limitations), the identified zO surface can generate only shallow sliding involving limited

volumes. Therefore, this interface is not significant from a geological point of view.
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Figure 4.9 Distribution and profiles of z2 depth®) Deeper interface depths (z2 values) shown as dots

of different dimensions. White lines are z2 profile lines on the groundg)#ltitude of ground surface

profiles (blue lines) highlightedni(a) and z2 slip interfaces (red diokes) derived from the H/V

measurements along the profiles.

Figure 48 also shows that the deepest interface z2 exhibits a larger range. To observe its spatial

distribution, the widely varying z2 values are mappedats of different dimensions kigure

4 9a. It can be seen that in the central landslide body they are randomly distributed, whereas

the east side of the landslide the deeper values are mainly localised near the toe. This is further
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confirmed by sixslip surface profilesKigures4.9b to4.9q, three in the central landslide and

three in the right one) extracted along the slope. Such depth distribution suggests that the eastern
part seems to be affected by a rotational movement, while the central one, also considering the
slope inclination,3 more likely to be controlled by a combination of rotational and translational
movementsFigures4.9b t04.9d also show that slip surfaces at the toe ot#rgrallandslide

(> 2,100 m from the head) are thin and approximately parallel with the groufates (as
indicated by detectangles), which cross validates the planar motion in the residential areas of
the town observed by INSAR (see Sectioh . In conclusion, considering the above slip
characteristics and the mixture of Qd and Oan in theslatedareaigure 41b), the landslide

type can be determined as a compound slide with sliding at different interfaces (soil/saill,

soil/rock) and depths.

4 .4.3 Landslide volume estimation

The simplest andnostcommonly used method to calculate the volusnby multiplying the

surface area with the average landslide dgpboyedoff et al., 2020Calculating first the z2
depth average, the volume of the Villa de la Independencia landslide was estinlaB&d e

m?3. All othermethods presented in the literature revigaboyedoff et al., 2020vere applied
to crosssections, so they highlighted the need to assume a slip surface mechanism.

(b) 0 20 40 60
wn
600 ' (a) . ?\r
€ 500 /' VRS S AIh N
8 400 = TTe o 008
2 300 ../
g
€ 200 /-
9 100 f o
o
0 ~
0 500 1000 1500 2000 2500
Distance (m) 66°49'30" W 66°48'30" W

Figure 4.10Estimation of the sliding surface depth of the enérelslide body(a) Experimental (points)

and theoretical (line) semivariogramfithe z2 values. (b) Interpolated z2 sliding surface depths of the
entire landslide body. The black dashed lines are the landslide boundaries shown in Figure 4.1b. Note
that he distortion of the interpolation boundary is due to the planar visualisation ofihreasional

geometry.

The wide coverage of H/V measurements in the study area allows us to estimate the slip surface

depth over the whole landslide area, not just@kwrme crossections. Thereforepasidering
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the deeper interface (z2), the volume mobilised between the DEM and the interpolated surfaces
of z2 depths was estimated by the tGoimpute2.5 Volumia CloudCompare2.10.2 software
(http://www.danielgm.net/cc/relea3elhe interpolation was made by means of the Rstudio

software adopting the Kriging proceduiiand et al., 2013 The besfitting semivariogram

(Figure 4.10a) was assessed considering a spherical model for designing the sliding surface
depths for the entire area of interest (Figure 4.10b). The volume estimated by the software is
9.18320" me. This implies that theimplified method that assumes a single sliding plane of

average depth would largely overestimtiie volume by 46.7%.

4.4.4 Temporal evolution of the landslide

Coherent pixels within the three sblbcks shown irFigure 46a were spatially averaged to
gererate displacement time series for each of thebdwmiks. The 30-day accumulated
precipitation was also produced according to the Global Precipitation Measurement (GPM)
daily recordg(Hou et al., 2014Huffman et al., 201pto investigate the relationship between
deformation and precipitatiofrigures4.11a and4.11b show how the deformation time series
actively respondo precipitation, with notable displacement acceleration obsedueidg the

late rainy seasons (January to Marah)oth2018 and 2019, as indicated by blue-dittangles.

In the town centresubblock, the descending and ascending LOS displacements exhibit
different sensitivity to the landslide motion. The observed deformation in the ascending track
(black dots inFigure 411a) shows stronger fluctuat®hut a weaker response to the increase

of precipitation than the descending track. This is because the sliding direction in the town
centre is nearly perpendicular to the ascending LOS vector, as shéwguia 46b, resulting

in its insensitivity to the displacement on the sliding plane. Thengisaty can be further
evidenced by the Sentinglunwrapped interferograms spanning the rainy season from January
2018 to April 2018, where the ascending LOS displacentégtie 411e) is smaller in the

town centre compared to the descending &ingufe 411d).

The deformation magnitudes along the descending and ascending LOS in the upper block are
similar, which is evidenced by their nearly identical decomposition angle on the sliding plane
shown in Figure 4.6b. The starting poinfshe acceleratias in the descending and ascending

LOS are also close. Compared to the upper block and town céetiareta ofthe east block is

less affected by the increase of precipitation, with a relatively stable LOS deformation time

series in both descending andersding modes during the past fiugars However, there were
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still oscillations in early 2018 and 2019 marked with blueréatangles irFigure 411c which

occurredexactlywithin the time interval of the late rainy season.
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Figure 4.11 InSAR-deriveddescendingand ascendingrack Sentinell time serief (a) town centre,

(b) upper block and (c) east block, compared with precipitation dat.red and blackiot lines
represent dispicement time series in the descending and ascending LOS, respectively. The green
shading in (a), (b) and (c) corresponds to the late rainy season in 2018 and 2019. Therbtiartyies

circle the position of the acceleration phase. The parts encloggdyyotrectangles in (a) reveal the
insensitivity of descendingack Sentinell observation in the town centre. (d) Sentihelnwrapped
interferograms of two descenditigack images acquired on 22 January 2018 and 16 April 2018. (e)
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Sentinell unwrapged interferograms of two ascenditrgck images acquired on 16 January 2018 and
22 April 2018. The black circles denote the locatiortheftown centre with high coherence @6).

Note that a positive value in (d) and (e) means the surface is movingfotarsatellite radar.

The acceleration of the LOS displacement during early 2018 and 2019 presents a precursor
signal of the landslide risk. To observe the acceleration of the landslide motion more intuitively,
Sentinell LOS displacements were pradjed onto the sliding surface using a reverse form of
Equation(4.1) and plotted ifFigure 412. It can be seen that the deformation in the town centre
has the largest acceleration compared to the upper and east blocks. Interestingly, the H/V curves
shown n Figure 47 also reveal their difference by presenting a significantly higher seismic
impedance contrast of the deeper z2 interface in the town centre. Therefore, combining INSAR
and H/V results, it is possible to assess that the town centre comdrbaffected ly a deeper

sliding interface compared to the other two-fildicks.
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Figure 4.12 Time series InNSARlerived movements along the sliding surface andé@0accumulated
precipitation from GPMThe green shadingprresponds to the late rainy season in 2018 and 2019. The

blue dotrectangles circle the two acceleration phases of landslide motion with the same time span.

Despite the fact that there was no increase in rainfall during the 2019 rainy season ctenpared
previous years, the deformation in the study area had been accelerating during this period. The
deformation time series projected onto the sliding surf&igufe 412) reveal that the
acceleration signal in 2019 sharéeé similar starting time and dation (the late rainy season)

as in 2018. Within the period from 2018 to 2019, the displacement presented a seasonally
dominated process, especially in the town centre. This leads to the speculation that further
accelerations could recur in the future e tcase of substantial precipitation during the late

rainy season.

73



4.5 Discussion

The Sentinell data in this study enables us to identify a linear deforming of the landslide before
2018 and then two sudden accelerations during the rainy seasons of 2018 and 2019. It should
be noted that the acceleration manifested by the landsllgielock in the town centre is larger

than the acceleration manifested by the other twebdmiks. On the other hand, the slope
aspect in the town centre is nearly parallel to the flight direction of the ascending satellite so
that the ascending LOS obsereat are insensitive to the aleatppe displacement. This may

result in an underestimation of displacements as only a small portion of thesk&peg
displacement is observable by the ascending satellite (~5% compared to by2#%é
descending satellitefiowever, considering the millimettevel precision of time series INSAR
shown inFigures4.4c and4 4d, the InNSARobserved acceleration of the landslide movement

should be real and worthy of further close monitoring in the future.

4.5.1 Seasonal oscillamns in INSAR time series

The displacement time series before 2018 show a stable lineabtrehdre are also seasonal
oscillations in the time series. Two possible causes, precipitation and residual stratified
tropospheric delays, may contribute to tseillations as both of them have a similar seasonal
variation. To analyse their relationships and identify the most likely factor, the methods of CWT,
XWT and WTC were applied to the detrended time seridke town centrdefore the 2018
acceleration. Figure 413a shows i) the detrended Sentiheldescendingrack LOS
displacement time series, which is more sensitive to the landslide movement than the ascending
track as discussed in Sectiom4ii) the differential Zenith Tropospheric Delays (dZTD,
obtained from GACOS as described in Secddhl), and iii) the precipitation. From the CWT
results ofthe INSAR time seriesKigure 413b), an annual (36&ays) cycle with strong power
overthe entire recordingme can be observe&ubstantiahalf-year awl 3-monthcyclesignals

can alsdoe identifiedaround 2016 and 2017.

Figures4.13c and4.13d show the WTC and XWT relationship between INSAR and d#he
series, while Figures 4.13e and 4.13f the relationship between INSAR and precigfiatmn.
these figures it emerges thathe annual cycle signal ahe INSAR time series is more
significantly corelatedwith the precipitation than dZT@&t the 5% wgnificance level (black
contour as shown in Figure 4.13higures 4.13e and 4.13f also show tle8AR time series
arein-phase with precipitation, presentiagnificantcommon power irfbothannual and half
year cycles. The #phase relationshijg domnated bya phase shift of about 40° as indicated

by black arrows irFigure 413f. This means the onset of deformatiorthie town centre is
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normally more than a month ahead of the arrival of precipitation pealusehe sliding
oscillationtends to initiate after the start tife rainy seasorfHu et al., 201pthat is before
reaching rainwater pealkdere the INSAR times series used for the analysis of seasonal
oscillations is before 2018. FroRigure 412, it can be seen that the landslide motaning

this time periodshowed only a moderate response to precipitation (< 30 mm). But after the
precigtation peaks in 2018 and 2019, the two observed accelerations represent strong responses
(> 70 mm) to the increased precipitatiorhich were substantially different from the seasonal

oscillations before 2018.
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Figure 4.13 Relationship betweenSARtime serieanddifferential zenith tropospheric delays (dZTD)

and 30day accumulated precipitatioanalysed withwavelet tools.(a) Time series ofInSAR
displacement, dZTD amfecipitation. (b) Continuous wavelet power (CWT) of INSAR time seTias.

black contour designates the 5% significance level against noise. The lighter shadow denotes the cone
of influence by potential edge effects. (c) and (d) are wavelet coherence) (8¥itiG:ross wavelet
transform (XWT) between INSAR time series and dZTD, respectively. (e) and (f) are WTC and XWT
between INSAR time series and precipitation, respectively. The black arrows represent the relative phase

shift, withthein-phase pointing rigt (0°) and the first series leading the secatf@D° pointing down.

4.5.2 Instability of the landslide

The ground deformation observed had a dramatic effect on the residential buildings and
infrastructures of the town. The examples of the identified damathin the three sublocks
(Figures4.1d to4.1)) indicate that: i) almost all the buildings exhibit sparse cracks, fine and

rarely open; ii) the churchF{gure 41f) and the opposite garageidure 41g) exhibit big and
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spread fractures showing operacksup to 5 cm widgiii) the bus stationKigure 41h) is
completely distorted and partially collapsed with several open fractures; iv) widespread
cracking caused by shear stresses induced by the landslide movement is found in several house

walls and athe food marketKigure 41e).

With InSAR, | further found that the landslide in Villa de la Independencia experienced
accelerated deformation since 20D8ie tothe increase precipitation in thdaterainy season

in 2018, more rainwater infiltrated atehded to saturate the landslide body at the base of the
slope. This in turn leads to larger porewater pressures and reduces the frictional strength along
the failure plan€Hu et al., 201§ Furthermore, the loading by the weight of water on the failure
plane can increase the gravitational driving fo(&aar and Manga, 200%chmidt and
Burgmann, 2003Crosta et al., 2014b These two effects lead tibhe acceleration of the
landslide motion. It can be concluded that the landslide is seasonally activerdaralled by
precipitation, now with a higher risk of failure than before. It is recommended that an early
warning system should be installed in this area with, as a minimum, a weather station and a
ground total statiorfor a GPS stationfor constant moitoring of precipitation and surface
displacements, respectively. Also, any future construction of residential buildings and

infrastructure should be outside the areas identified as most subject to surface displacements.

4.6 Summary

This chapter provides solution tocapture both the loaterm surface deformation and
subsurface information of landslideBhe solutioncombines INSAR time series and seismic
noise measurements and thus enables the identification of 3D sliding geometry and the analysis
of landslide evolutionThe landslide case used to verify this solutiasa complex landslide

in Villa de la Independencia, Bolivia, wheb®th descending and ascending Sentindata

were collected and processed throtighinSAR time series technique. Artke seismic noise
observatiometwork with 120n-site measurements was also established and used to invert the

slip surfaces of the landslide.

INSAR observations reveal ththite landslide in Independencia is featured by dominant along
slope movements. Tée subblocks, namely the town centre, upper block, and east block were
identified, and theirdiverse sliding directionswere determined by aew InSARbased
geometric inversion metho@heseismic noise measurement analjsitherreveasthe sliding
depth of each landslide sdtiock and suggesthatthe town centreubblock seems to beore

affected bya deepersliding surface (15 to 75) compared to the othéwvo subblocks. The
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combhation of INSAR and seismic noise measuremeatgerminesthe landslide as a

compound sliding typwith a volume ofabout 9.180" m3.

In terms of the temporal evolution of the landslide motion, seasonal precipitation costribute
most to the seasonal dtations in deformation time series. More importantly, the deformation
time series fromMnSAR observationpresenéd periodic accelerations in early 2018 and 2019.
The two accelerations, whickeregreater in the town centsabblock thanin the other two
subblocks, werdoundto occurfrom January to March and lastfor about one month. This
wasprobably due to the sudden increase of precipitation in the late rainy season ah@018
2019 compared to previous years as observed by GPM. [€hds tospeculationthat the
landslide could be subject to periodic accelerations in the future following periods of heavy

rainfalls.

This study showcases the great potentigbohbiningInSAR with seismic noise measurements

in characterising landslide motion. INSAR observations are directly related to the deformation
on the ground surface while seismic noise measurements can determine the deidofghe
surface. The combined use thie two techniquesllows a full characterisatiorof landslide

kinematicsand a betteassessmemf landsliderisks
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Chapter 5. Detection and charactersation of earthquake accelerated
landslides in Central Italy with INSAR observations

This chapter aimgo automatically identify landslide risk areas after capturing -kemngn
deformation by INSAR. A new InSARased automatatkeforming areaetection method was
developed and wasapplied to identify landslide risk areas in Central I&dter the 201€017
earthquake sequence. The applicagoabled the establishmentaf inventory of earthquake
accelerated landslides (EALS) in Central Italy for the first time, based on whiténteide
conditioning factorand sliding dynamics of ésedetectedEALs will be quantifiedThis work

has beemublished inNature Communications

Earthquakeinducedandslides often pose a great threat to the safety of human life and property
of whichcoseismic landslidethat are triggered by earthquakes mostly with failures or collapse
are subject to transient/shderm seismic effects whil&ALs respond tdong-term seismic
effects.Themovementof EALS are typicallyacceleratedvith increasedaliding velocityafter
eathquakes and thacceleration pknanenoncould be maintained for a lortgne. In other
words, the earthquakes trigg&ALs to accelerate rather than to fail/collapse, or only to move
from immobility (.e., EALsmay alscacceleratérom moving).EALs arethereforea new type

of landslides associated with earthquakaistinctly different from the extensivelystudied

coseismidandslides but they have been largely neglected by the emerging research

Here,l used satellite radar observations to detect and investigaaedbkeratiorand recovery

of theEALs in Central Italy. As distinguished from previous studies based on single or discrete
landslides] established a complete EAL inventory and statistically quantified as a whole their
spatial clustering features against a set of landslide conditioairtgr$,their distribution
patterns against collapsed coseismic landslides,tlagid acceleratingo-recovering sliding
dynamic. These investigations serve as an important supplement to the complete picture of the
landslideinducingmechanism by earthgkes and contribute to a more comprehensive-long

term assessment of landslide risk.

5.1 Introduction

Landslides refer to mass wasting on the ground surface, causing severe casualties and economic
losses each year either instantaneously from rapid sloparefilPetley, 201p or
accumulatively from slowo-fast downslope movements of soil and/or rodkacfoix et al.,

2020. As introduced in Section 1.4hé slope instability of a landslide can be triggered by
earthquakesMarano et al., 203,0Xu et al., 2018 rainfall (Collins and Znidarcic, 2004
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snowmelt Naudet et al., 20Q8volcanic activitiesde Vita et al., 2006and disturbance from
anthropogenic activitiesLacroix et al., 2012 Among them, the Earthquake Triggered
Landslideg(ETL) thatoccusimmediately following an earthquak€Hligira et al., 201Martino

et al.,, 2019 or after a paod of time Fan et al., 2021accounts for over 60% of landslide
casualties between 2002 and 20LA&cgfoix et al., 201 whichis a major concern especially

in seismic active regionsThis has motivated plentiful studies with a focus on
landslides that collapsed during an earthquake (&hgira et al., 2010Fan et al., 2018b
Martino et al., 2019 new postseismic landslides that were cracked slopes caused by an
earthquake and developed into failures by aftershocks oisp@shic rainfalls (e.gMarc et

al.,, 2015a Chen et al., 2021 and poskeismic reactivations/remobilizations that were
coseismic landslide deposits reactivated or remobilized mostly during rainfall events after
earthquakes (e.g=an et al., @183. However, longterm seismic effects that activated unstable
landslides but without causing failures/collapse even after a long period since the earthquake
(months to years) are typically ignored due to the minor, if any, ground changes caused
compared to collapsed slopes. These landslides respond to coseismic-seipost stress
disturbances differently from the coseismic landslides and other types of collapsed/cracked
postseismic landslides and are typically activated with considerably iremtedisplacement

rates compared to their pearthquake levelshéncereferred to as Earthquake Accelerated
Landslides, EALS. As a result, they may generate continuous damage to the ground-or man

made infrastructure above them and develop into catastriaploies in the future.

Preliminary attempts have located a single ER&dfoix et al., 2014Bontemps et al., 2020

or severaheighbouringeALs (Lacroix et al., 2015 For exampleBontemps et al. (202@)sed

3-year geodetic and seismic datasets to characterize arsdowg landslide affected by local
earthquakes and seasonal rainfalls and highligi@dsmalshaking events had weakened the
landslide rigidity.Lacroix et al. (2015deteceéd nine slowmoving landslides in the Colca
valley (Peru) with Pléiades images and reported their accelerations were caused by a regional
Mw 6.0 earthquakddowever, due to the lack of a complete and consistent EAL inventory after
earthquakes, these locad studies only characterized individual EALs and were unable to
investigate collectively the landslide behaviours in the perspective of an integral EAL inventory.
The spatiatemporal features of EALs such as the spatial pattern of landslide distrikthon
different behaviours between EALs and coseismic landslides, and their overall evolution of the
sliding velocity were largely unknown. These features may well explain the lanislidzng

mechanisms and contribute to hazard early warning or praalicti
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In this context, establishing a complete EAL inventory consistently over a sufficiently large
spatial extent and a long period becomes superior, based on which various potential landslide
conditioning factors (LCFs, e.g., seismic effects, slope, lithology) be related statistically
against the EAL occurrence and different tempbefiavioursof EALs before and after the
earthquake can be distinguished. However, this poses challenges for traditionbadgiedd
landslide investigation which faces diffitigls such asabourintensive time-consuming and

high cost. Remotsensingbasedandslide mapping techniqubave beeproven to be efficient

in detecting largaareaground changg but they can hardly capture very small landslide
movements dentimetrelevel or smaller), even by Very High Resolution (VHR) satellites

(Stumpf et al., 2014 despite its high cost for lortgrm monitoring.

Interferometric Synthetic Aperture Radar (INSAR) has been proven to hie albdasure subtle
ground displacements such as those induced by interseismic logthotg €t al., 2016 Daout

et al., 2018 postseismic relaxation\en et al., 2012PousseBeltran et al., 2020and
extremely slowmoving landslidesH{andwerger et al., 2018ekaert et al., 202Kang et al.,
202]). Landslide inventories over a large area (&gni et al., 202Dcan be retrieved routinely
using high spatial resolution INSAR observations with a short revisit interval (e.g., up to 5 m
and 6 to 12 days for Senting). However, challenges remain in applying INSAR for post
earthquake landslide detection. First, mostARSbased landslide detection methods employ
an empirical velocity threshold (e.g.nm/yrinLu et al., 201910 mm/yr inZhang et al., 2020

to define moving pixels tich may lack versatilityespecially in the absence of prior knowledge
of the background deformation level. Second, the thredteded detection method ignores the
spatial correlation and clustering effects among pixels inside a landslide and is pl@ne to
greatly affected by noisy pixels. Third, it is often difficult to distinguish between postseismic
deformation and landslid@duced deformation from INSAR time series, especially in areas

close to seismogenic faults (e.gacroix et al.2014).

In this study,| proposed a novel InNSABased EAL detection method to establish a complete
EAL inventory of the 2012017 Central Italy earthquake sequence using six years of Sentinel

1 data in both descending and ascending modes from 2@02@o A spatial filter was applied

on InSARderived velocity maps to reduce the spatially correlated noise and separate
postseismic deformation so that localized landslide motion can be retrieved. The algorithms of
Minimum Covariance Determinant (MCD) an@ensityBased Spatial Clustering of
Applications with Noise (DBSCAN) were utilized respectively to adaptively determine slipping

pixels and cluster them into landslide bodies. By comparing with the landslides not accelerated
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by earthquakes (neBALs) estabshed with the Italian national landslide inventory (IFFI)
created prior to the earthquakesinvestigated 15 landslide conditioning factors (such as
topographic, lithology and seismic factors), and quantitatively classified their impacts on
landslide aceleration based on the Information Gain (IG) functidal(and Holmes, 2003l
further investigated the different spatmtternsbetween EALs and coseismic landslides and
the different tempordlehaioursof EALs before and after the earthquakes using high temporal
resolution INSAR time series. We hope that these investigations could complement a
complete picture of the landslideducingmechanisms in addition to the extensively studied
coseismic landslides and contribute to a more comprehensivedong@ssessment of landslide

risk.

5.2 Study area and data
5.2.1 Study area

The 20162017 earthquake sequence in Itahcluded four main eventsthat occurred
respectively on 24 August 201@®Iw 6.1), 26 October 2016 (M&.9), 30 October 2016

(Mw 6.6) and 18 January 2017 (Mwb) andstruck a wide area of Central Apennines. These

four events caused about 300 casualties and severely damaged buildings and transportation
routes Hofer et al., 2018Martino et al., 201P The earthquake sequence mainly ruptured the

Mt GorzaneVettoreBove (MGVB) fault system in NWSE trending, with normafault

slipping Cheloni et al., 201)7 According to the geodetic inversion and the relocation of
aftershocks, an antithetic NE dipgimormal fault near the Norcia area was additionally
discovered to be ruptured during the 30 October 2016 eWsidtdrs et al., 201,8heloni et

al., 2019. The slip state of another inherited wdst ppi ng t hr ust, t he C
Sibillini (OAS) thrust, vas also widely discussed (e @hiaraluce et al., 201 Pizzi et al., 2017
Chiarabba et al., 2018Valters et al., 201)8but its role in the rupture geometry and the
reactivation mechanism remained uncle2héloni et al., 2019 In addition to the coseismic
ruptures, postseismic surface deformatioraicentimetrescale thatfollowed a logarithmic
temporal decay was also observed and the related shallow afterslip was revealed to likely halt

the rupture propagatio?ousseBeltran et al., 2020

Geologically, in the study area affected by the earthquake sequence, the tectonic stratigraphic
evolution includes the NfEending migration of the imbricate felahdthrust Apennines Chain

from the Miocene to theLower Pliocene, and the onset of an extensional tectonic wave
associated with normal faulting from the Late Pliodéteely Pleistocene, exhibiting the

characteristic of long term and mufthase Bigi et al., 2011 Martino et al., 201P The ongoing
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extension is oriented toward ENE with a velocity of 2 towh/yr (D'Agostino, 2014Pousse
Beltran et al., 2020 currently accommodated through normal fault systems (e.g., the MGVB).
In terms of the deposits, the sedimentary sequence includes Jugessizoic limestones and
marls of the UmbriéMarche pelagic basiMartino et al., 2019 the limestones and dolomites

of the LatiumAbruzzi carbonate platfornP{erantoni et al., 2033and the forelandeposited

flysch of the UppeMiocene Laga Fm.Halcini et al., 2009
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Figure 5.1 Seismotectonic background of the study area and In8&ed velocity fields in the Line

of Sight (LOS).(a) Seismotectonic background with the four 2@087 earthquakes. Solid black lines
represent the major active faults while trey barbed lines indicate the pexisting compressional
faults. The locations and moment tensor solutions of the four mehmaakes in Central Italy from

2016 to 2017 (red beach balls) were obtained from the United States Geological Survey (USGS)
(https://earthquake.usgs.gowrange dots represent aftershocks (M > 3.0). Blackgiearmark GPS

stations, and black solid circles represent cities in Italy. (b) Geographical location of the study area (red
rectangle). Purple rectangles indicate the coverage of descemdlidgascendingrack Sentinell

images. (c) and (d) are the fileet postearthquake descending and ascending LOS velocity fields, with
thepositive value being toward the ground from the satellite. The inset (e) and (f) are examples of zoom

in views of the INSAR velocity.

5.2.2 InSARtime series

Sentinell Terrain Obsevation by Progressive Scans (TOPS$pifes et al., 20)2data in
Interferometric Wide (IW) swath mode was used to capture the deformatioastudy area.
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The Sentinell constellation operated by European Space Agency comprises tworntarg
satellites (Setinelt1A and 1B) performing @and SAR imaging and offera/ide-area
monitoring with a minimum 4@lay revisit cycle. The spatial resolution of Sentihel
acquisitions is about B in range and 261 in azimuthl collected 280 Sentindl images in the
desceding track (Path 22) spanning from 7 October 2014 to 30 August 2020 and 292 images
in the ascending track (Path 117) from 13 October 2014 to 30 August 2020. Each SAR image
was connected to at least 10 nearest images in time to generate interferomedric pair
Considering that a long temporal baseline could cause strong decorrelaganluded
interferograms with a temporal baseline greater than three months and finally obtdRed 1

and 1507 interferometric pairs Hgure 52) for the descending andscending tracks,

respectively.
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Figure 5.2 Sentinell acquisition dates and generated interferograms in the (a) descending and (b)

ascending tracksSentinell acquisitions are indicated by blue stars. §reylines represent Sentinel
1 interferometric pairs used in the time series analysis aagis’shows their perpendicular baseline

length (m). The red dotted lines indicate the date of earthquakes (EQs).

The time series INSAR processifigw detailed inSong et al. (2021Was used to process the
Sentinell data. To generate interferograms, axBDigital Elevation Model (DEM) from the
Shuttle Radar Topography Mission (SRTNa(r et al., 200)/was used to remove topographic
phases and geocode interferograms. Tropospheric delay correctionsen@mocG\tmospheric
Correction Online Service (GACOS) for INSARY et al., 2017Yu et al., 2018pYu et al.,

20189 wereapplied to these interferograms to reduce the atmospheric effect. These corrected
interferograms were then processed by the Small BAseline Subset (SBAS) mode of the Stanford
Method for Persistent Scatterers (StaMPS) softWldooper et al., 20)2to generate INSAR
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time series. During the time series processing, the spatial reference was set as the mean phase
value in the study area, and InSAR coherent pixels after the phase correction of spatially
uncorrelated noise were resampled ta8€r 3D unwrappingHooper and Zebker, 20p7o

improve the processing efficiency. Such SBAS metlimes not require a poefined
deformation model to constrain time series and has been proved to be effective in retrieving the

coseismic and postseismic displacements (BausseBeltran et al., 2020iu et al., 202

The resultant INSAR time series was then validated by Global Positioning System (GPS)
displacements from 19 stationklgck triangles inFigure 5.1) in the Istituto Nazionale di
Geofisica e Vulcanologia (INGV) network. GPS time series solutions provided by the Nevada
Geodetic Laboratory (NGL)Blewitt et al., 2018 were projected onto the radar Line of Sight
(LOS) direction, followingEquation(5.1). In the equation() , Oand Yare GPS displacements
in thenorth eastandvertical (up) directions;.— is the incidence angle of satellite radar and
| is the heading anglé); U ¥ the projected displacement along LOS. Then GPS LOS
displacement time series were resampled to the SAR acquisition dates. As INSAR observations
are relative measurements with a spatial referehe&PS time series was referenced to AQUI
located in Coppito, Province of L'Aquila, and the INSAR reference point was set to the location
of AQUI (marked inFigure 5.13 Thereasonfor choosing AQUI is that it is relatively less
affected by the coseismic deformation (snB1) and has recorded the most complete GPS data
in the past 10 years without interruption.
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Figure5.3 Correlation analyses between INSAR and GPS displacements along the LOS in the
(a) descending track and (b) ascending track.
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ThelnSAR and GPS displacememisre comparetbr each observation epoch before and after

the earthquake sequence. The comparison restugjarés 53a and5.3b) show that the root

mean square (RMS) of the difference between GPS and Sehtin8IAR displacements in
descending and ascending modes areBrRand 7.0nm, respectivelyFigures 53a ands.3b
alsoshowthe linear fit between GPS and INSAR LOS displaents and their Pearson's linear
correlations are 0.75 and 0.89 for descending and ascending LOS, respectively. The high
correlation with GPS and the small RMS difference implies the reliability of INSAR

observations.

5.23IFFI

The Inventario dei Fenome Franosi (Inventory of Landslide Phenomena) in Italy (IFFI)
project, implemented by Istituto Superiore per la Protezione e la Ricerca Ambientale (ISPRA)
and regional environmental protection agencies, provides a basic national database on

landslides. Théandslide inventory was first published online by ISPRA in 2005. Since then,

620,808 landslide sitesvivw.progettoiffi.isprambiente)thave been updated by means of
satellite images, airborne photarsd field investigation. However, only a few landslides in IFFI
remain active, for example, in the Piedmont region of Italy, only ~15% of landslides in IFFI
were classified as active by INSARdni et al., 2018 In addition, different regions differ in

the update time of the landslide inventoie study area spans fouegions, of which the
Umbria Region has updated the inventory up to 2017 while the Marche, Lazio and Abruzzo
Regions only updated up to 2007. In totg§(® landslides shown iRigure 55a have been
documented in the study area, of whice1ld (38.0% of the inventory) are classified as
rotational/translational slides. The second most widely distributed type of landslides is slow
earth flow, accounting for 25.7%, followed by shallow landslides (11.3%). Each of the other
landslide types, incliling rapid debris flow (9.5%), rockfalls/topples (9.4%) and complex slides
(4.0%), etc., only represents a small percentage of the entire invexteythat the types of
thesdandslides in IFFI were determined according to their past failure/movingamiesand

may not be representative of their latest stdtushis study,| used IFFI to locate neBALS

with the method described in Sect®.1 and compare the spatial characteristics of these non
EALs with EALs to analysethe impact of different LCF®n landslide acceleratiorsuch
comparison focuses on tipeesentseismicaffected activity of landslides anglould not be

interfered by the original landslide types
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5.2 4 Geoenvironmental data

Environmental and earthquakelated data were also colledtto statistically perform spatial
analysis of geenvironmental factors controlling landslidehavioursThe 30m SRTM DEM
used in INSAR data processing veamlysedo quantify topographic factors (e.g., slope, aspect,
and curvature). A Sentin€l image with almost zero cloud cover (0.2%) on 14 August 2016
was used to calculatine Normalized Difference Vegetation Index (NDVITycker, 1979
based on the neamfrared spectrum (band 8) atitered range of the spectrum (bandl4lso
collected Global Precipitation Measurement (GPM) daily recdsdsi (et al., 2014Huffman

et al., 2019 from multisatellite gauging to investigate hyetbmatic factors such asinfall

and snowfall. Regarding the seismic effect, Peak Ground Acceleration (PGA) and Peak Ground
Velocity (PGV) of the four 2012017 earthquakes in Central Italy were extracted from the
USGSShakeMap productftps://earthquake.usgs.gov/data/shakentdpte that the ground

motions of the four earthquakes were accumulated to account for the overall impact of the

earthquake sequence.

5.3 Methods
5.3.1 EAL detectiormethod

In this work, INSAR derived velocity fieldsere usedo locate active landslides and then to
identify EALs by comparing landslide velocities before and after the earthquake sedlieace.

EAL detection method includes the following four steps.

Step 1:Generation of pre- and postearthquake INSAR velocity fields

Based on the INSAR displacement time series processed in Se&inl calculated LOS
velocity fields respectively for periods before the first event (i.e-epréhquake velocity )

from 13 October 2014 to 21 August 2016) and one year after the last event (earntiugtiake
velocity 0 ) from 24 January 2017 to 25 January 2018). Only one year of the displacement
time series after the last event was unlgd to highlight the immediate acceleration effect due

to the earthquakes, which may fade away through time as will be discussed in Sdc8on 5
and to avoid possible velocity variations caused by-s@smic inducers (e.g., heavy rainfall)

as noticedn Figure 59. The velocities during these two periods were obtained by linearly
fitting the associated displacement time ser@&s\akumaran et al., 2008 omparing INSAR

and celocated GPS derived LOS velocitidsestimated the RMS of their difference in the

ascading and descending LOS was approximately 3.1 anch@\@r, respectively.
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Landslide motion signals may be contaminateddmg-wavelengthdeformation (e.g., post
seismic deformation) or errors (atmospheric, orbital and ocean tide loading errors) ¢ InSA
velocity fields. Therefore, to identify localized landslide motidrig'st applied a local spatial

filter on the velocity fields to reduce the effects of spatially correlated noise (e.qg., résndpal
wavelengtherrors) and postseismic deformation,sa®wn inFigure 54a. Instead of using a

fixed global reference point, the local spatial filter referenced the phase of each pixel against
the local mean phase averaged within a kernel (i.e., a circular buffering area) surrounding that
pixel (Bekaert et al., 2030The radius of the kernelas fixedto 2km as suggested [Bekaert

et al. (2020)n doubledifference phase analysighich minimized the effect of oveifiltering

on the landslide signals. With this local spatial filter, spatially correlated signals at distances

beyond the kernel size can laegely cancelledbut.

Step 2: Location of postearthquake moving pixels

The filtered posearthquake INSAR velocity fields (Figures 5.1c and 5.1d) were used to locate
all moving pixels which may be clustered as active landslides iollbe/-on steps. | used the
LIBRA software fttps://wis.kuleuven.be/stat/robust/LIBRAfileSlerboven and Hubert, 20D5
to statistically identify moving pixels based on the Minimum Covariance Determinant (MCD)

method Rousseeuw, 1984ubert and Debruyne, 201.0rhe inputs of the software webe
of the INSAR pixels and the outputs were the locations of the identified moving pixels. This
method does not require an empirical velocity threshold and the moving pixels can be detected

adaptively in an automatic way.

Step 3: Clustering noving pixels into landslide bodies

After extracting moving pixels from poestarthquake INSAR velocity fields, | used the Density
Based Spatial Clustering of Applications with Noise (DBSCAERtér et al., 19965chubert

et al., 201Y algorithm to automatically cluster these pixels into landslide bodies. DBSCAN is
a powerful cluster algorithm in statistics but its application in the INnSAR field is rare. Unlike
the commonly used-neangartitioning algorithm, this algorithns based on the pixel spatial
density without the requirement of a mrefined number of clusters, which improves the
adaptability of clustering. Moreover, theteans algorithm forcibly clusters all included pixels
and is vulnerable to noise, while the DBSCAN algorithm is able to excloy pixels that

lack sufficient connected neighbourhoo#ster et al., 1996
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Figure 5.4 Workflow for EAL/nonEAL detection and information gain (IG) methoda) Workflow

for developing the EAL inventory based on InSAR. (b) Workflow for detectingE®ins based on
INSAR and IFFI. (c) IG méiod for statistically analysing LCFs. (d) Conceptual diagram of gridding,
landslide state definition and three types of pixels (i.e., core, border, and noisy pixels).

DBSCANdefines three types of pixels: core pixels, border pixels and noisy [ftgisg 54d).

A core pixel is located inside a clustbatis surrounded by at least a minimum numib&nPts)
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of moving pixels within a fixed radius}j. These moving pixels are called theighbourhood
moving pixels of the core pixel. In this studinPtswas set to three to guarantgdeast three
moving pixels per clusteBpni et al., 2018Crippa et al., 2021 andR was set to 60 m (twice

the INSAR pixel spacing) to connect sufficient pixels. A border pixel isgfghbourhoogbixel

of at least one core pixel, but it has less thamPts neighbourhoogbixels. A noisy pixel is not
neighbouringto any core pixel. DBSEN starts with an arbitrary moving pixgl 1) ifrjis a

core pixel, allneighbourhoodnoving pixels off} will be assigned as the same cluster wjth

and their types (core or border pixel) will be evaluated; 2) repeat step 1) iteratively for all the
neghbourhoodmoving pixels of core and border pixels in the clusten oftil all moving

pixels that should be clustered witare identified; 3) continue to the next moving pixels until

all pixels were clustered.

Step4: Classification of EALs and norEALSs

After clustering all moving pixels into active landslide bodies with DBSCRtien masked

out those clusters with an average slope of less than 3 degrees, because landslides were unlikely
to occur on such flat terrain. Note that since both descgratid ascending Sentirkldata

have been collectedwo inventories of postarthquake active landslides will be generated

following the above procedure. Thusnerged them by uniting overlapping landslide bodies
and calculated their prend postearthquake velocities along the slope (  andvu ) by

averaging the alonglope velocities of all pixels inside the landslide body. @lmmgslope

velocity U of each pixel was calculated by projecting the LOS velaeity onto the
landslide slope direction, assuming that the landslide movements occurred along the steepest
gradient of the slopeNptti et al., 2014Boni et al., 201B The projection can be expressed as
Equations(5.2) and 6.3), wherei andware the slope and aspect angles at the location of
INSAR pixels,, and| are the incience and heading angles of satellite radais the
projection coefficient that converts to L . It should be noted thatis limited to 0.3

whenmt 0 m@®and to-0.3 when @& O Trto avoid anomalous exaggeration caused

by the projectionHlerrera et al., 20)3Besides, for landslides containing both descendind
ascendig-mode Sentinel coherent pixels, the alorglope velocities projected from INSAR

observations in these two modes are averaged to be representative.
0 ATIOATOOE]T 0BT ATIOOE®D OE, ] AT|O OEIlAT O (5.2)

N o T8 (5.3)
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Then 0 andu of each candidate landsligeere comparetb identify the accelerated
landslides of interest with sufficient velocity changes ( /0 21.2) and an EAL

inventory was createdThe ratio betweenv andv is referred toas the landslide
acceleration ratio which represents the magnitude of the acceleration caused by the earthquakes.
The active landslides that were not accelerated by the earthquakeseqQu /0 <1.2)

were then classified as n&ALs (Figure 5.4a).

Since INSAR can only detect active landslides, the above procedure is unable to loeate non
EALs that arenactiveboth before and after the earthquakeusege As shown in Figure 5.4b,
IFFI was usedo find theseinactivenon-EALSs by 1) locating landslides documented by IFFI

on the INSAR velocity maps; 2) projecting of pixels in IFFHandslides ta with
Equations (5.2) and (5.3); 3) calculatidg  ando of each IFHIandslide by averaging
0 of pixels inside before and after the earthquakes; 4) identifiyawivelandslides whose
0 andou are both smaller than 5 mm/yr as defined@ygna et al. (2013)These

inactive norEALs andthe INSAR-detected active neBRALS, despite differences in activity,
areboth against EALs with respect to the presence of acceleration phen@mésiould be
amalgamatedbr comparisorwith EALs. Thefinal inventory of norREALs (1,625detected by
INSAR and 1,120 from IFFI), together with the EAL inventory, enabled the following statistical

analysis.

5.3.2 Statistical analysis method

Landslide Conditioning Factors (LCFs) are gmwironmental factors that control landslide
occurrence, eMvement and potential collapse. Hence, their spatial distribution may play a key
role in landslide susceptivity assessmdntised the Information Gain (IG) function to
guantitatively rank a set of LCFs linked to EALs in order to statistically investigate the main
controlling factors. 1G is one of the fastest and simplest attribute ranking mettaitisrid
Holmes, 2008 used to select features in a decision tree model (&3.2012 Alhaj et al.,
2016. The value of IG represents how much contributiorawl.CF can affect the EAL
occurrence. As shown faigure5.4c, the first step of implementing the IG method is to create
a dataset of LCF4\ large set of LCFs including topographic, lithologic, vegetation, hydrologic
and seismic factorg-an et al., 2021(Table5.1) was selected calculated higfresolution maps

for each LCF and resampled them into a 30 m uniform grid as the D&Motie map per LCF).

All the topographic factors were computed in the SAGA GIS softwete: {/www.sagagis.org
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using the 30n SRTM DEM.I additionally selected two other types of LCFs to represent the
pre-earthquake landslide activity and the size of the landslide body which may also explain the
governing mechanisms of EALs. The landslide activity factors included theapttequake
velocity (0 ) and the percentage of relatively fasbving pixels >10 mml/yr) inside

a landslide body.

To calculate the IG of each LCF, the concept of information entitdplf &nd Holmes, 2003

which was used to measure the uncertainty in the classification of the landslide (i.e., whether
the landslide is an EAL or neBAL), should be introduced first generated an inderap for

the study area with the same dimension as the LCF maps with its pixels inside EALs being
marked as 1 and pixels inside RBALSs as 0 (Figure 5.4dThen 1,000,000 pixels on the index

map (about 10% of the total)ere randomly selectahd the infomation entropyO ‘O 0 Owas
calculated usingequation (5.4), wherer] "Qis the percentage of the pixels belonging to
landslide classamong the total 1,000,000 pixel&)( p: EAL; 'Q 1 nonEAL) andé¢

represents the number of the class (thiacase).

Table 5.1 Landslide conditioninfriggeringfactors used in this study

Type Landslide conditioning factors Description
Topographic Elevation 30 m SRTM DEM(Farr et al., 200y
factors Slope Slope angles derived from the DEM
Aspect Orientation of the slope derived from the
DEM, clockwise from thenorth (0°/360°)
Planar curvature Curvature of the slopeelating to the
surface shape (>0: convex, <@ncave, O:
linear)
Positiveopenness Surface convexity, indicating how wide a

surface can be viewed from any position
(Yokoyama et al., 2002

Topographic Position Index Indicating whether the cell position is
(TPI) closer to ridges (>0), valleys (<0) or
constant slope (QGuisan et al., 1999

Morphometric Protection Index Index of how the surrounding relief

(MPI) protects the cell
Lithology Lithology Main lithology of the cell
Vegetation NDVI Normalized difference vegetation index

(Tucker, 1979

Hydro-climatic Precipitation Gridded 0.1° GPM records$lou et al.,

factors 2014 during the earthquake sequence,
unit: mm

Seismic factors PGA Peak ground acceleration, unit: g
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PGV Peak ground velocity, unit: cm/s

Landslide activity Pre-earthquake velocity Landslide velocity before the earthquake
unit; mm/yr
Activity proportion Proportion of pixels that are substantially
active (>10mm/yr) inside the landslide
Landslide size Landslide area Unit: m?
‘0000 n Qa € MQ (5.4)

The uncertainty of the landslide clagwen that the value of an LCF is known was then
guantified using the conditional entropyO'O0 ® 6 "O As shown inEquation(5.5), &
represents the value ahLCF, | & denotes the percentage of the sampled pixels whose value
is don the LCF map, and "@x represents the percentage of the sampled pixels belonging to
landslide clas¥when its value ision the LCF map. Thus, withquation(5.5), | computed the

conditional entropy of each LCF.

‘O0o6dw 060 na na@xaémax (5.5)
The IG ofanLCF is the difference between the information entropy of the landslide class and
the conditional entropy ohe LCF, as expressedHhguation(5.6), representing how much the
uncertainty of determining a landslide as EAL has been reduced after knowing the LCF. The
greater the IG, the stronger the relationship between the LCF and EAL and the more important
theLCF is to theEAL occurrence. Followingquations(5.4) to 6.6), the 1G of each LCF can

be calculated and ranked to find arthlysethe main influencing factors of EALSs.

‘00 60008 D 008D 6O (56)

5.4 Results

In this section] will first closely investigate the spatial distribution of the detected EALs, and
then statistically analyse the spatial correlation between the landslideegotgjuake
acceleration anthe 15 LCFs collectedTable 5.1)o quantify their impact on theeeleration,
by using the IG function. Finally, the temporal characteristics of EAL moverbefdse and

after the earthquake sequena# be analysed according to the INSAR time series results.
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5.4.1 Spatial distribution of EALS

The INSAR derived EAlinventory reveals a widspreading distribution of EAL$~{gure 55a)

around the source of the four earthquaketotal of 819 EALswvas detecteth the study area,
among which 684 (83.5%, red polygondigure 55a) were already documented by IFFI and

the remaining 135 (16.5%, purple polygon$igure 55a) were newly detected landslides. Not

all the landslides in IFFI were detected by INSAR as they were either not moving or not
accelerated by the earthquakes according to the criteria in S&Q&idn Note that the final
boundaries of EALs determined by INSAR may not entirely agree with IFFI due to their
different temporal coverageshe newly detected landslides by INSAR are mainly distributed
on the southwest side (Lazio Region) of the seismogenit; falich could be due to the low
density of the documented landslides in this area (IFFI only updated to 2007). The distribution
may also be due to the hanging wall effect, but this effect is not a decisive factor considering
the presence of a number ofinEAL clusters in the footwall as weAccording to IFFI, 40.3%

of the total 819 InSARJetected EALSs are rotational/translational landslides and 17.7% are slow
earth flow landslidesHigure 55b). These two types of landslides are also dominant in the
whale IFFI inventory within the study area. There are 17.0% of EALs whose types are unclear,
including four previously undefined landslides in IFFI and 135 newly detected landslides by
INSAR. Note that we cannot rule out the possibility that the detectedng®lopes are not
authentic landslides, but as the vast majority of EALs (83.5%) areviétifled landslides, the
portion of false detection is low and will not altee conclusion.
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Figure 5.5 InSAR-detected EALs and IFFI documented landslid@sSpatial distribution of landslides.

Grey polygons are landslides documented by IFFI. Red and purple polygons are respectively EALs
already in IFFI and EALs not in IFFI. Black dots indic#ite spatiad locations of six landslide cases
analysedn Section 4.3 (b) Proportion of different types of EALs. The codes of landslide types are,
0: not defined, 1: fall/topple, 2: rotational/translational, 3: slow earth flow, 4: rapid debris flow, 5:

complex, 6Deep Seated Gravitational Slope Deformations (DSGSD), 7: shallow landslides.

5.4.2Conditioning factors of EAL occurrence

The IG values of 15 LCFs were estimated according to Seefah and sorted ifigure 56a
from the largest to smalledt.classified the IG values of these LCFs into three categories:
prominent, moderate and negligible IG. Those LCFs with negligible IG contribute little to the

determination of EAL occurrence after the earthquake sequence.

Among the LCFs with nomegligible IG, the landslide area (representing the size of the
landside body) exerted the strongest effeéajifre 56a), which implies that the uncertainty in
determining whether a landslide had been accelerated by the earthgqulakesreduced by

13% (1G=0.13) by knowing the size of the landslide. Comparing the size of EALs and non
EALs (Figure 56b), | found that larger landslides were more likely to accelerate after the
earthquakes than smaller or{@é8.2% norEALSs are smallethan 0.3Q& compared to 30.8%

for EALS). Note that very small EALs and ndfALs (<wp 1 "Qa ) are not detectable this

case and some adjacent small landslides without clear boundaries could be joined together. This
is due to the spatial clustering effect of the InSB&sed (30 m spatial resolution) automated
landslide detection method and the principle that an EAL ofEfn need to contain at least
three INSAR pixels to ensure measurement reliability. The remarkable effect of landslide size
revealed here is consistent with other studies of failed coseismic angemsic landslides

(Fan et al., 2018&hen et al., 202which found thathe larger coseismic landslides tended to
remain active for longer after earthquakes, comparatively more susceptibleotilisation

than the smaller ones. Although EALs and the {sestmic remobilisations in coseismic
deposits are two different types of ETLs, they are both attributed tespsshic effects on
landsliding, and the landslide size could be a generic conmlijofactor of landslide
susceptibility after earthquakegloreover, in terms of the landslide nature, larger landslides
are typically composed of higher proportions of weak materials which lead to a decrease in
frictional strengthilandwerger et al., 2021indeed, such a landslide nature may be potentially
decisive for landslide activity, as has been observed in other studies. For extanpheerger

et al. (2021)reported the decreasing relationship between landslide size and strength by

analysingslow-moving landslidesn the northern California Coast RangBann et al. (2020)
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also found an inverse correlation between landslide size and friction angle, i.e., the shear
strength of landslides decreases with the increase of the landslide size. The reduced frictional
strength is ssential to theacceleratiorof landslides as the seismic induced stress changes may

be already weak at the distances where EALs occur, compared to the strong ground shaking

close to theepicentre
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Figure 5.6 IG ranking of 15 collected LCFs and histograms of four prominent L@$anking and
classification (three types: prominent, moderate and negligible) of the 15 LCFs according to their IG
values. (b) to (e) are histogramisthe four LCFs with prominent IG, i.e., landslide area, lithology, pre

earthquake velocity and positive openness.

The second place in the IG ranking is lithology. As shown in Figure 5.6c, the top three landslide
lithologies in the study area are sands®&/claystones (with limestones and evaporites), marl,
and limestones/marly limestones. There is a larger proportion of sandstones/claystones type
landslides among EALs than n&ALs (40% compared to 32%), suggesting this type of
landslide has a weak retsince to the postarthquake acceleration effect. In contrast, the marl

type landslide has a stronger resistance, with its proportion among EALs being smaller than the
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proportion among nei&ALs by 6%. The third place in the IG ranking is the landslideiati
indicator, i.e., the prearthquake velocity. Surprisingly, its proportion distribution in Figure
5.6d does not lean towards the higdocity side which means most EALs anactive or
extremely slowmoving landslides before the earthquakes. Actaredslides with velocities
greater than 1Bhm/yr before the earthquakes seem to be less affected by the earthquakes. One
possible explanation is that such landslides are largely dominated by their original driving
factors (e.g., gravity), rather than thede induced by earthquakes. Among the topographic
factors, the positive openness representing the surface convexity gains the most importance in
determining EAL occurrence and Figure 5.6e shows rii@dt EALs are composed of high

convexity.

The IG valuef PGV and PGA are relatively moderate (~0.01) and rank in the midd@g (7

of all LCFs, meaning that the magnitude of ground shaking has made a moderate contribution
in determining the occurrence of EALs. To further investigate their relationship, the PGA
counters, the earthquake epicentres, and the landslide acceleratioi ratidy , See step

4 in Section 5.3.1)vere displayedn Figure 5.7a. Unlike the coseismic landslides (collapsed
shortly after the mainshock, blacktd in Figure 5.7a, a total of 759 recordedvsrtino et al.,

2019 which were distributed mostly near the epicentres, EALs had a wide distribution and

were not concentrating inside the high PGA area (e.g., inside the purple PGA contour).
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Figure 5.7 Distribution of EAL \elocity, EAL density, EAL acceleration and coseismic landslif®s.
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indicate the cumulative PGA contours of the four earthquakes, where the purple chawsr0.6)
PGA. Black dots are coseismic landslides collected fvtartino et al. (2019)b) Number of EALs on

a resampled grid with a cell size 6f%km. (c) Average acceleration ratio of EALs on the grid.

A uniform grid map within the study areaas further constructedith acell size of 55 km,

and for each gridell, | counted the number of EALS, calculated the average acceleration ratio
of EALs and plotted them in Figures 5.7b and 5.7c. More EALs wsteldited in the northeast
which is consistent with the distribution of landslides in IFFI (Figure 5.5a) but the distribution
of the EAL acceleration ratio was almost uniform in spédices asserted that weak ground
shaking far away from thepicentrevasenough to cause notable accelerations to the landslide
movement and greater ground shaking did not necessarily mean larger potential to accelerate
landslides or larger accelerations. On the one hand, most unstable landslides ey@aette

had collapsd during the mainshock, leaving most EALSs being identified in the far field. On the
other hand, the landslide rigidity could be altered by relatively weak ground shaking and its
kinematic behaviourmay not bedirectly related to the magnitude of groundakimg. For
exampleBontemps et al. (202@pserved diverse responses of a sfoaving landslide in Peru

to a series of smatb-medium earthquakes (M| < 4.3)acroix et al. (2014found the post
seismic motion of a landslide triggered by an Mw 6.0 earthquake 20 km away was even 3 times

larger than the coseismic displacement.

The slope and aspeangles are commonly used topographic variables in assessing landslide
hazards and have a moderate influence on EAL occurrence according to the IG ranking. From
the histogram of slope angles (Figure 5.8a), it can be found that the slopeddrigfid.s are
concentratedetween 10 and 20 degrees (strong sloldeje that the plot here describes the
probability of slope bins conditional on landslide membership, not the probability of EALs
conditional on slope angles (i.e., we can say that more EALs haveg slapes, but not that
landslides with strong slope angles are likely to be EATBg rose diagram of aspect angles
(Figure 5.8b) shows that the orientations of EALs are concentrated in the South direction,
specifically from SE to SSW directions. In adaiit, EALS also exhibit an increased proportion

in the NNW and NNE directions compared to #i6ALs. Most of these directions are roughly
parallel to the strike direction of the seismogenic faults (§I8&V, solid black line in Figure

5.8b) and perpendiculdép the direction of the normal fault slips, suggesting the existence of a
directional effect. However, the cause of this effect is inconclusive. Although some previous
studies (e.gXu et al., 2013Xu et al., 2014Fan et al., 2018thave revealed landslides with a
slope aspect parallel to the fault slip direction could be more susceptible to failure during the
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earthquake, there are other studies (€higira et al., 201,0/on Specht et al., 20)@stimating

the prevalent landslide orientation to be normal to the fault ruptures. In addition, almost all
these studies focus on the coseismic landslidesdiapsed during the earthquake. Therefore,

at present, we are unable to determine a unified mechanism responsible for the slope aspect
effect of EALSs.
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Figure 5.8 Distribution of slope angles, aspectgles of EALs and neBALSs. (a) Distribution of slope
angles. The bin width is set as 2 degrees to include enough landslide samples for each bin. (b) Rose

diagram of aspect angles.

5.4.3 Postearthquake dynamics of EALsS

INSAR mean deformation velocityelids have enabled the detection and spatial analysis of
distributed EALs, in this section, will investigate further their temporal characteristics,
individually or as a whole, using high temporal resolution (6 to 12 days) INSAR deformation
time series raults.l will also incorporate precipitation and seismic activity datasesmatyse

the responding mechanisms of the landslide motion to these triggering factors, particularly the

differentbehavioursdefore and after the earthquakes.

Figure 59 showsthe sliding velocities of six example EALs together with the monthly
precipitation aggregated from daily GPM records. The six EALs were distributed on both sides
of the seismogenic faults (locations showfigure 55) and away from their respectinearest
epicentredy < 10km (A and B), 10 to 3@m (C and D) and > 3km (E and F), respectively.
The epockby-epoch velocity of each EAL was computed by linearly fitting the LOS InNSAR
displacement time series within a fixeeh®nth time window and pjected onto the slope
direction usingEquation(5.3), with their means before and after the earthquakes plotted as
dashed lines. Although being the closest tefhieentresEALs A and B only showed moderate
mean posearthquake velocities and accelematiatios compared to the other examples. EAL
C, 18km away from theepicentre exhibited the largest mean pestrthquake velocity (41.6
mm/yr) whilst EAL D (23km from theepicentrg¢ had the largest acceleration ratio (23.3).
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Although far away from thepcentre EALS E and F were also accelerated substantially after
the earthquakes, with an acceleration ratio greater than 3bdlmeviourof near and farfield

EALs is consistent with theesult analysetrom Figure 5.7¢
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Figure 5.9 Sliding velocity estimated every three months and the monthly precipitation of the six
landslide casega) to (f) represent landslides A to F, respectively. Black dashed lines indicate the mean
pre- or postearthquake veltty, and the acceleration ratio is marked at the bottom right of eaeh sub

figure. Red dotted rectangles indicate the velocity peaks after 2018.

Another notable feature shownHigure 59 is that all the six EALs were dominated by stronger
seasonal sigals after the earthquakes as compared to relatively flat variations before the
earthquakeslhe variation of the postarthquake velocity correlated with the precipitation time
series and most velocity peaks (red dotted rectangles) were accompanied pseltpéation

peaks. We should note that the correspondence is not in a perfect way since the precipitation
may not be the only force dominating the activity of these EALs after the earthquakes and other
factors (e.g., landslide depth, geomorphologietiirsg and soil properties) could collectively
affect the sensitivity of landslides to rainfall/precipitati@abal et al., 2008Bordoni et al.,

2015 Zhang et al.,, 2019aThese complex factors may lead to a delay or heterogeneous
response of landslides to the rainfall inputs and therefore the nature of the relation between
landslide activity and precipitation is possibly prone to llaféects Marc et al., 2015a
Nevertheless, compared to the jpaarthquake level, the response of velocity to precipitation
after the earthquakes clearly much stronger, implying that the accelerated landslides became
more susceptible to precipitation than before. Such changes may be caused by the generation

of preferential paths for water infiltration in landslide bodies due to soil damagetledter
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earthquake cheingross et al., 201l®arc et al., 2015pbBontemps et al., 2020 The soil
damage could be manifested as microfractuRegstaczer and Wolf, 1992which makes it

easier for water to penetrate the landslide body and increases the sensitivity of the landslide to
precipitation. Thus, the increase in sensitivity enlarges the velocity fluctuation in response to
precipitation, which, together with the pesarthquake sliding acceleration, have collectively
weakened the stability of EALSs.

Figure 5.10 Temporal evolution of EALYa) Average velocity of EALs and precipitation in the study

area estimated every three months. Red shading indicates the coverage period of {P@12016
earthquake sequence, and the vertigad in the shading indicate the specific time of the four
earthquakes. The coloured rectangles at the bottom of (a) represent the number of earthquakes (M > 3.0)
in their time windows. Note that the grey error bars are the standard deviations of aleEalties
representing the velocity dispersion between EALs rather than a measure of velocity accuracy. (b)
Average velocity of EALs on the grid during the phases of (btepréthquake, (b2) acceleration, (b3)

sliding stabilisation and (b4) recovery.

Having the benefit of a complete EAL inventoityis able to investigate the overall responding
mechanism of EALSs within the study area, rather than a single EAL as with previous studies.
calculated the -3nonth mean velocity of all detected EALs andtigd in Figure 510a their

averages together with the averaged GPM precipitation in the study areanidmt3mean

10C




















































































