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Abstract

Earthquakes and volcanic eruptions have long been documented and studied due to their dev-

astating effects on human lives. More recently, with the advancement of space geodesy, mainly

from Interferometric Synthetic Aperture Radar (InSAR), and the Global Positioning System

(GPS), observing the Earth’s surface deformation caused by earthquakes and volcanoes has

become another important and effective method to study these natural hazards. However, due

to the noise level within the InSAR observation, only a certain fraction of earthquakes that are

large or shallow enough (usually Mw > 5.0 or depth < 10 km) to transmit their energy to the

surface is readily observable. It is still unclear whether more advanced InSAR approaches (e.g.,

time series analysis) could push the limit and improve the resolving power of InSAR for earth-

quakes. And for volcanic activities, which might be triggered by earthquakes, require frequent

estimates of surface displacements to monitor the changes at a long-time scale and detect any

potential unrest or eruption, also making InSAR time series analysis essential to study them.

In this thesis, I first perform InSAR time series analysis to improve the detection and modelling

of continental earthquakes in the Iran-Iraq border area. I use several shallow moderate magni-

tude earthquakes (Mw 5.6–6.3, 2018–2019, centroid depth ∼10 km), which are the aftershocks

of the major Mw 7.3 Ezgeleh–Sarpolzahab earthquake in 2017, as case studies and process five

years of Sentinel-1 InSAR times data spanning Nov 2014 to Sep 2019 over that area. I find

that the coseismic displacement signals of these earthquakes, which might not be discernible

within single interferograms due to atmospheric noise, are better resolved using the time series

approach. Using a time-dependent parameterized model fitted to InSAR time series data, I sep-

arate the signals of postseismic deformation from the mainshock and the aftershocks occurring

close in time and space, reconstructing the coseismic deformation fields of the case studies. The

reconstructed coseismic deformation fields improve the detectability of earthquake signals and

the signal-to-noise ratios (SNR), yielding more robust and seismologically consistent earthquake
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modelling results when compared to single coseismic interferograms. My work in Iran suggests

that a time series approach is an effective way to improve the resolving power of InSAR for

shallow earthquake studies, leading to a more refined earthquake catalogue and fault rupture

definition.

I then try to apply the time series approach to detect large intraslab earthquakes (Mw > 6.5,

40-300 km depth) in subduction zones, given these special events could provide insight into

the property of slabs and the Earth’s structure, but are rarely the focus of geodetic work. I

choose a case study of a 112 km deep Mw 6.8 earthquake that occurred on 3rd June 2020

in Northern Chile, and processed about four years of Sentinel-1 InSAR time series data over

the deformation area. After applying both tropospheric and ionospheric noise correction, I

successfully retrieve the coseismic deformation field (with peak displacements only ∼6 mm),

using the Independent Component Analysis (ICA), a blind source separation approach, on time

series data. Combining InSAR and GPS data, I perform the earthquake modelling and get the

source parameters, which overall agree well with the independent observations from seismology.

I subsequently do a combined geodetic and seismic joint inversion, and achieve well-constrained

fault orientation, location, depth, and most importantly the size of the fault (with median value

of 7.9 km and 12.8 km for width and length, respectively). This case shows the potential of using

InSAR observation to study large intraslab earthquakes, leading to better understanding of their

rupture mechanism, the interplay between the sources of stresses, and possible improvements

of velocity structure.

Meanwhile, I report the first detection of unrest at Socompa volcano (Chile) and update the

volcanic monitoring in the Central Andes for the first time in over ten years, using the same

dataset used for the intraslab earthquake study, as numerous active volcanoes are also located

in this subduction zone. I find that the Socompa volcano, whilst initially undeforming and with

no recorded eruptions for 7.2 kyr, shows a steady uplift (17.5 mm/yr) since ∼2020. Although it

might be interesting to assume it is theMw 6.8 large intraslab earthquake on 3rd June 2020 that

triggered this unrest through seismic waves, the independent record by near-field continuous

GPS data suggests the onset of uplift dates back to Nov 2019, precluding the possible causal

relationship between them. I then test several numeric source models and find the deformation

pattern can be fitted with pressure increase in an ellipsoidal source region stretching from 2.1

to 10.5 km, with a volume change rate of ∼6.2 × 106 m3/yr. The deformation signal I detect
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indicates the initiation of unrest at Socompa (Nov 2019), after at least two decades without

measurable deformation, and many thousands of years without volcanic activity.

Finally, I conclude my work on the current detect limitation of C-band Sentinel-1 InSAR time

series on surface displacements caused by both shallow and deep earthquakes, as well as volcanic

activities. I summarise the benefits and implications of applying InSAR time series approaches

for studying these events, the remaining challenges regarding data processing, and outline po-

tential research questions for future work.
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Chapter 1

Introduction

1.1 Context and Motivation

Earthquakes and volcanic eruptions are two of the most devastating natural hazards that pose

great threats to human daily life and productivity. Throughout human history, the number of

casualties caused by earthquakes and volcanoes has been countless, and even cities have been

destroyed because of them (Tralli et al., 2005; Stein et al., 2012; White, 2019). To complicate

things, earthquakes and volcanic activities are sometimes associated with each other. Volcanic

unrest or eruption triggered by earthquakes, and vice versa, seismic activities produced by

the volcanic eruptions, are both commonly observed worldwide (Hill et al., 2002; McNutt and

Roman, 2015; Seropian et al., 2021). To understand their mechanisms and relationship, and

to further respond to these significant natural hazards, a critical starting point is to observe

geophysical phenomena associated with events.

Currently, two common main physical phenomena caused by earthquakes and volcanic activities

can be measured instrumentally. The first is seismic wavefield generated by earthquakes or

seismic activity triggered by a volcanic eruption, which propagates through the Earth and can be

recorded by seismometers (globally for large events). From the beginning of the 20th century to

the present, these seismological observations have been the primary tool to provide information

about earthquakes (such as the location of hypocentres and fault orientation, Shearer, 2019 ),

and to understand how magma and gases move towards the surface for volcanic study (Zobin,

2017). Another type of phenomenon observable is the static displacement of the Earth’s surface,

due to the sudden slip across the fault surface resulting in permanent elastic deformation caused
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by earthquakes (e.g., Massonnet et al., 1993; Johanson et al., 2006), or the accumulation and

ascent of magma under volcanoes (e.g., Hooper et al., 2004; Pritchard and Simons, 2004a; Poland

et al., 2006). With the rapid advancement of geodetic observations in recent decades, here

mainly refers to the data from Interferometric Synthetic Aperture Radar (InSAR, Figure 1.1)

and Global Positioning System (GPS, and other global navigation satellite system as well), such

displacements can be accurately measured over global landmasses (Rott, 2009; Bock and Melgar,

2016; Pepe and Calò, 2017). Geodetic data offer measurements independent from seismology to

obtain the properties of the deformation source (including location, orientation, and geometry),

significantly improving our ability to observe active tectonic and volcanic activities (Rucci et al.,

2012; Di Traglia et al., 2014; Elliott et al., 2016). Since geodetic and seismological measurements

are independent and can complement each other, they can be used together to achieve more

comprehensive results of the temporal evolution of rupture and spatial distribution of faulting,

or history of pressure change in a magma reservoir (e.g., Fernández et al., 2012; Elliott et al.,

2010; Grandin et al., 2017; etc.).

Figure 1.1: Schematic diagram showing the basic principle of InSAR measurements. The pri-
mary and secondary represent the locations of the SAR satellite at different acquisition times,
and their spatial distance of baseline B. The path difference δρ between the satellites to the
ground target P determines the phase value on the interferogram, which contains the topog-
raphy information of the Earth’s surface, and any changes on the ground in the line-of-sight
direction (LOS, defined by look angle θ and flight direction during the revisit time). The geom-
etry of the baseline, including the perpendicular baseline B⊥, parallel baseline B∥, and angle
α, affects the coherence, sensitivity, and the error from certain sources of the observation.
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However, such observations are not always feasible or accurate enough due to the limitations of

each dataset. The noise within the InSAR data, such as decorrelation and atmospheric delay

(Zebker et al., 1997; Agram and Simons, 2015), result in only certain earthquakes and volcanoes

whose deformation signals at the surface are large enough to be observed (e.g., Funning and

Garcia, 2019, Figure 1.2). Yet we are still unclear about the detectability limits of current InSAR

data, and what magnitude of signals can be robustly observed. While GPS could provide more

precise measurements, the sparse spatial distribution of GPS stations prevents the capture of

full deformation patterns caused by earthquakes, and not all active volcanoes are monitored by

a nearby GPS stations (Bock and Melgar, 2016). On the other hand, the constraints of precise

fault location by seismological observations are restricted in regions of low instrumentation, and

are also affected by the processing approaches and used velocity model of the subsurface (Kagan,

2003; Husen and Hardebeck, 2010; Karasözen and Karasözen, 2020). In addition, earthquakes

generated by volcanic activity generally have a small magnitude (generallyMw < 5.0) and often

require dense local seismic networks to capture their signals, which is not available everywhere

worldwide (Traversa and Grasso, 2010; McNutt and Roman, 2015).

Figure 1.2: Examples of atmospheric and decorrelation noise within a single interferogram that
impede robust earthquake detection. a) Detected case where apparent coseismic deformation is
captured by a single interferogram; b) Ambiguous case due to atmospheric noise; c) Undetected
case where no clear signal could be identified due to strong decorrelation noise. In all three
cases, the epicentre is near the centre of the map. Reproduced from Funning and Garcia, 2019.

In this thesis, I will mainly focus on using InSAR observations to measure the static displace-

ments caused by earthquakes or volcanic activities, although GPS and seismological data will

also be used for providing ground truth, comparison, and joint inversion. I will try to answer

the question of how small surface deformation caused by earthquakes and volcanic activities,
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mainly coseismic deformation and linear deformation which contains in part the interseismic

deformation, can be robustly captured by current InSAR observations, and push the measure-

ment limits of InSAR using advanced time series approaches. I choose the C-band Sentinel-1

constellation as the test dataset, given it is one of the latest InSAR missions, which has good

orbit control (spatial baseline usually ¡ 150 m), advanced imaging mode(Terrain Observation

with Progressive Scans, TOPS), and short revisit time (6-24 days)(Geudtner et al., 2014). More

importantly, Sentinel-1 by far is the most widely used InSAR dataset in geophysics as it provides

global coverage and is open to use (Li et al., 2016), making it especially beneficial to study the

characteristics of the data systematically (Figure 1.3).

Figure 1.3: Global coverage and repeat time of the Sentinel-1 missions (map based on when
Sentinel-1A and Sentinel-1B both were working). Reproduced from the European Space Agency
(“Sentinel-1 Observation Scenario”, 2023).

For InSAR earthquake study, in general, larger magnitude and shallower depth earthquakes show

more significant surface displacement near the epicentre as the released energy is more likely

to be transmitted to the surface. Therefore, two types of earthquakes that I am particularly

interested to see if they are detectable by InSAR, namely shallow continental earthquakes (Mw

5.0-6.5, 0-40 km depth) in fault zones of plate boundaries, and large intraslab earthquakes
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(Mw > 6.5, 40-300 km depth) at subduction zones. Surface deformations of these two types

of earthquakes are relatively small and could be the ideal targets for testing the measurement

limits of InSAR. Considering the different physical properties of these earthquakes and volcanic

activities, I will introduce the motivation of my work individually for each type of event.

1.1.1 Shallow Continental Earthquakes (Mw 5.0-6.5, 0-40 km depth)

There are several advantages of studying shallow continental earthquakes using InSAR. Firstly,

in contrast to subduction zones where the location of seismic events is predominantly controlled

by the subduction zone and a single major fault interface, deformation for continental zones

is very widely distributed, and thus so are the earthquakes that may occur relatively far from

the known fault(Jackson, 2001; Hayes et al., 2018). Accordingly, we often do not know the

location of active faults that well before the seismic events for continental interiors. InSAR can

provide the precise location of these small earthquakes, which could help us better identify and

define the (hidden) fault ruptures that are potentially capable of proclaiming larger earthquakes.

This is particularly important in the region where seismology provides poor constraints on the

fault location due to the lack of dense seismic instrumentation coverage. Secondly, the depth

estimation from seismology regarding the shallow continental earthquakes sometimes contains

large uncertainty, and even cannot give a reliable value thus fixed depth is given (such as 10

km depth from the United States Geological Survey, USGS, catalogue). While InSAR could

provide depth measurements with more realistic uncertainties, potentially giving us important

information about the Earth’s structure by observing multiple events (Weston et al., 2012) and

the tectonic setting of the local region. Finally, the number of small magnitude earthquakes are

much bigger than that of large ones. We can draw inferences from small earthquakes to better

understand the occurrence and even mechanism of major events by increasing the sensitivity of

our observations, if we assume their behaviour are similar (Ide, 2019).

1.1.2 Large Intraslab Earthquakes (Mw > 6.5, 40-300 km depth)

Although simply deeper and larger, the detection of large intraslab earthquakes at Earth’s

surface by InSAR is significantly different from the shallow continental ones when taken the

velocity structure into account. The velocity structure of the subsurface, which makes a massive

difference to the source parameters derived from seismology (Kagan, 2003; Karasözen and

Karasözen, 2020), also decides the rigidity value (or shear modulus). And since the fault plane
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of large intraslab earthquake dipping deep into the mantle, the change of rigidity value with the

increase of depth must be considered. For the earthquake moment (M0) calculation, we have

M0 = µLWu, (1.1)

where µ is the rigidity, W and L are the width and length respectively that define the rupture

size, and u is the average slip value on rupture area. We can see that, for a given moment

value, the value of LWu is proportional to the inverse of the rigidity value, suggesting a larger

value of LWu (or equivalent surface displacement) can be achieved if a smaller rigidity value

is provided. The empirical rigidity value we commonly used is 32 GPa for shallow continental

earthquakes occurring in the crust, and 75 GPa is used for large intraslab earthquakes occurring

in the mantle in comparison (all values from USGS). However, these empirical may be wrong

from the truth, especially for the intraslab events, and we may need to calculate the rigidity

value for individual case if velocity structure is given in that specific area.

The velocity structure brings in another question that we may need to consider, which is the

impact of using layered space when doing earthquake modelling. When modelling shallow

earthquakes using InSAR observation, we often assume a uniform elastic half-space to retrieve

the source parameters. Although it is not the case in real world, the impact of using a uniform

half-space for InSAR data is relatively small (e.g., Lohman et al., 2002; Lohman and Simons,

2005a; Lohman and Simons, 2005b; Weston et al., 2012) given their shallow depth. However, it

is still unclear how large it will affect the surface displacement observations and source modelling

by InSAR for large intraslab earthquakes. If the impact is still relatively small for large intraslab

earthquakes, it will allow us to obtain closer to real-world uncertainties regarding the constraints

on fault location. Conversely, if the impact could not be neglected, it would also provide a great

chance to refine the current velocity model, which would be more significant at a long-term

scale. In either case, it would be a great chance to explore the velocity structure using InSAR

data, thus worth investigating.

Additional difficulties are also aroused for the detection of large intraslab earthquakes regard-

ing the InSAR data processing. The larger magnitude also leads to a larger area of the sur-

face deformation pattern, which makes it harder to distinguish earthquake signals from other

long-wavelength noise on interferograms (e.g., orbit error, Fattahi and Amelung, 2014) and

significantly increases the data processing volume.
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However, the rewards of measuring the surface displacement caused by large intraslab earth-

quakes using InSAR could also be exceptionally high, considering our understanding of the

rupture mechanism of these events is still poor. Large intraslab earthquakes have commonly

been observed to divide into two layers within the subducting slab, which are so-called Double

Seismic Zones (DSZ, e.g., Kawakatsu, 1985; Dorbath et al., 2008; Wei et al., 2017). These two

layers are separated by a 10-40 km width aseismic region, with the upper seismicity layer (USL)

of the DSZ located in the oceanic crust, and the lower seismicity layer (LSL) in the lithospheric

mantle (Sippl et al., 2018). For the events that occurred in the USL, it is generally thought

that the dehydration embrittlement (Hacker et al., 2003), which involves releasing free fluid into

the slab and causing overpressures, explains the rupture mechanism. However, the mechanism

for the LSL events remains controversial. The thermal runaway model (e.g., Schmidt and Poli,

1998; Karato et al., 2001; John et al., 2009), which relies on the internal generation of heat in the

deforming material through shear heating, could also be the answer to explain the occurrence

of LSL events. To understand the rupture mechanism of large intraslab earthquakes, one of the

most critical problems here is the determination of the hypocentre (Florez and Prieto, 2019;

Zhan, 2020). In addition, the location of the hypocentre and focal mechanism of the intraslab

events provide essential information regarding the geometry and stress orientation within slabs,

providing insight into the interplay between the sources of stress and even the properties of

slabs such as temperature, hydrous state, and phase changes (Frohlich, 2006; Thielmann et al.,

2015; Hasegawa and Nakajima, 2017; Hosseinzadehsabeti et al., 2021).

Currently, the location of large intraslab earthquakes heavily relies on seismology. However,

achieving accurate, bias-free earthquake locations from seismology for these events remains to

be challenging tasks for several reasons: 1) phase picking errors (Billings et al., 1994; Shearer,

1997; Richards-Dinger and Shearer, 2000); 2) the inaccuracy contained in the used average

1-D velocity structures, which is especially in subduction zones where lateral velocity variations

can be significant (Engdahl et al., 1998); 3) the processing approaches from the linear to non-

linear inversion (e.g., Pavlis et al., 2004; Lin and Shearer, 2006; Lomax et al., 2009), grid

search to probabilistic algorithms (e.g., Rodi, 2006; Myers et al., 2007; Myers et al., 2009),

etc. will also affect the result. Overall, it would enormously enrich our dataset and lead to

a better understanding of large intraslab earthquakes and slabs if InSAR could observe the

surface deformation from these events, and provide additional constraints on the fault location

and geometry.

7



1.1. Context and Motivation Chapter 1. Introduction

1.1.3 Volcanic Activities

The majority of the volcanoes are located above active subduction zones, and additionally it

is also the place where large intraslab earthquakes occur (McGuire, 1996). This is not sim-

ply a coincidence, and the interactions between volcanic activities and earthquakes have been

widely observed (e.g., Hill et al., 2002; Lemarchand and Grasso, 2007; Eggert and Walter, 2009;

Seropian et al., 2021). However, such interactions tend to involve either megathrust earthquakes

(Mw ≥ 7.0) or shallow moderate earthquakes (Mw 5.0-6.5, 0-30 km depth) very close to the

volcanoes in the brittle crust (e.g., Ebmeier, 2016; Nishimura, 2017; Prejean and Hill, 2018).

Large intraslab earthquakes have not generally been linked to volcanic unrest or deformation.

In addition, when using InSAR to measure the surface displacement by large intraslab earth-

quakes, it requires processing a large area as mentioned above, which will inevitably cover many

Holocene volcanoes near the epicentre. Exploring the potential connections between intraslab

earthquakes and nearby volcanic activities, and evaluating the impact of volcanic activities on

seismic deformation, is one of the main reasons why I am monitoring volcanic activities in this

thesis.

For volcanic monitoring, due to the remote location and high topography, only a small portion

of the Holocene volcanoes are currently actively monitored using ground-based instrumentation

(e.g., Chien et al., 2020; Di Traglia et al., 2021; Aguilera et al., 2022). Since InSAR provides

remote measurements of the surface displacement at the millimetre level, it has increased the

number of volcanoes where deformation has been studied by order of magnitude (e.g., Biggs et

al., 2014; Poland and Zebker, 2022). The main difference in using InSAR observations between

volcanoes and earthquakes is that the location of volcanoes is already known, but they require

constant observations to monitor the change of behaviours, making InSAR time series analysis

a perfect tool for studying them (e.g., Ofeigsson et al., 2011; Henderson and Pritchard, 2013;

Pritchard et al., 2018; Wang et al., 2018). This is also the point of pushing the accuracy

of InSAR measurements on volcanoes. The surface deformation rate associated with volcanic

activity generally is non-linear at a long-time scale (> 10 years, Biggs and Pritchard, 2017).

Precisely detecting and measuring the change of deformation rate could help us better calculate

and understand the volume and pressure change, and the movement of magma, and inform us of

the possibility of chamber wall failure and eventually eruption, which are all critical for hazard

assessment (Paton et al., 2008; Wilson et al., 2014).
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1.2 Previous InSAR Studies

Despite a large amount of InSAR-based earthquake studies, most studied earthquakes are shal-

low events (Mw > 4.0, 0-40 km depth, Merryman Boncori, 2019). In addition, single inter-

ferograms are used in the first instance to capture the coseismic deformation in most cases.

However, recent studies suggest that the overall detectability of earthquakes by this approach

is inconsistent and non-robust, and subject to extremely high failure rates even using the latest

SAR missions (49% failure for Sentinel-1 and 23% failure for ALOS-2, Funning and Garcia,

2019; Morishita, 2019). This mainly due to the decorrelation and atmospheric noise, and some

other factors such as snow coverage (e.g., Kumar and Venkataraman, 2011) and seasonal effects

(e.g., Tomás et al., 2016), while ALOS-2 is less affected by decorrelation noise and has lower

failure detection rate because of using L-band microwave. The circumstance is even worse for

shallow continental earthquakes (Mw 5.0-6.5, 0-40 km depth) due to their relatively weak sig-

nals. On the other hand, large intraslab earthquakes (Mw > 6.5, 40-300 km depth) are rarely

the focus of InSAR work, and the coseismic deformation of only two large events have been

recorded (Khash, Iran, Mw 7.7, 80 km depth, Barnhart et al., 2014; Navarro, Peru, Mw 8.0,

112 km depth, Vallée et al., 2023), therefore it is unknown whether events at such depth are

as readily observable as shallow events, and additional efforts are required to distinguish their

surface deformation from noise.

The volcanic studies using InSAR data are numerous. Since the location of volcanoes is readily

known, the main issue here for InSAR-based volcanic study is not the accuracy of the obser-

vation, but rather the lack of monitoring (Pritchard et al., 2018). Further discussion regarding

global volcanic data processing is beyond the scope of this thesis, and I will focus on how we can

improve the quality of InSAR data on volcanic monitoring, and the triggering of volcanic unrest

or eruption by nearby earthquakes. Recent research using statistical approaches or case studies

suggests that, according to the magnitude of earthquakes, there are mainly two classic scenarios

for earthquake-volcano interaction (Seropian et al., 2021). The first one is volcanic activities

triggered by large megathrust earthquakes (Mw ≥ 7.0), mostly in subduction zones. These

earthquakes emit large amounts of seismic energy and cause pressure changes, and volcanoes

within hundred kilometres can be triggered. Either by static stress changes, dynamic seismic

waves, or both, depending on the distance from the volcano to the epicentre (e.g., Pritchard et

al., 2013; Takada and Fukushima, 2013). Another category is related to moderate earthquakes
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(Mw 5.0-6.5), and these earthquakes need to be very close to the volcanoes (within 0-50 km) to

trigger them by mainly static stress changes (e.g., Nishimura, 2018; Gregg et al., 2018). Overall,

in both cases, the earthquakes occurred first and then triggered volcanic activities. Therefore,

for exploring the interaction between large intraslab earthquakes and nearby volcanic activities,

one of the most important things is the determination of the onset time of volcanic unrest and

eruption, which requires high temporal resolution InSAR (or even GPS) data (Figure 1.4).

Figure 1.4: An example of applying InSAR time series data to determine the onset time of
volcanic unrest and compare it to the earthquake event time. The InSAR time series data is
fitted by two different linear velocities separated by the onset time (the ‘Fitting time’ indicated
by the red dashed vertical line), with additional annual terms. Data is from chapter 5, using
descending track pixels that close the deformation source.

InSAR time series analysis has been proposed (Hooper et al., 2012; Jolivet et al., 2012; Crosetto

et al., 2016; Osmanoğlu et al., 2016), to obtain the frequent estimation of surface displacements,

achieving more accurate and robust measurements by repeated observations and systematic

error removal. For earthquake study, InSAR time series can be used to measure long-time

deformation signals, such as interseismic strain rate or postseismic deformation (Hilley et al.,

2004; Fialko, 2006; Ryder et al., 2007). The better noise resilience of time series data also

suggests a potential way for enhancing earthquake detection using InSAR (e.g., Fielding et al.,

2017; Grandin et al., 2017). More details of InSAR data processing and time series analysis will
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be introduced in chapter 2.

1.3 Surface Deformation Models

To better understand the physical process behind earthquakes and volcanic activities using

InSAR time series data, we need appropriate deformation models to explain the evolution of

surface displacements through time. Although they share some common characteristics, the

different mechanisms of the earthquake and volcanic activities illustrate specific deformation

patterns, and I will discuss them separately here.

1.3.1 The Seismic Cycle

The observation of earthquake events in time can be divided into three repeated periods, namely

coseismic, postseismic, and interseismic, which is also called the seismic cycle. The coseismic pe-

riod, caused by the sudden stress release along a fault rupture, normally occurs very quickly (on

the order of several seconds to minutes) and represents an abrupt surface displacement in time

series data. The postseismic period (vary from seconds to decades) describes the subsequent

viscoelastic and poroelastic relaxation after the mainshock, and usually indicate a logarithm

decay in time (Ingleby and Wright, 2017). The interseismic deformation is a slow stress accu-

mulation process (decades to centuries) and generally represents a linear deformation in time.

Overall, the surface displacements Θ(t) associated with the seismic cycle can be decomposed as

follows:

Θ(t) = H(t− t0)[C +A ln (1 +
t

τ
)] + V t+ b, (1.2)

where H(t− t0) is the step function at the earthquake event time t0 (it equals zero when t < t0,

and one when t > t0), C represents the coseismic deformation, A and τ are the parameters in the

logarithm function, which represents the postseismic deformation (Ingleby and Wright, 2017),

V is the linear deformation rate which represents the longer-term interseismic deformation, and

b stands for the constant reference offset in observations.

For InSAR coseismic measurements, in addition to the detectability, another main issue here is

the latency of SAR observations (0-24 days for Sentinel-1 data), and the diversity of deformation

associated with the postseismic period, which will cause part of the postseismic deformation
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to be contained within the single coseismic interferograms(Figure 1.5), causing the earthquake

magnitudes modelled by InSAR being biased to larger values than that constrained by seismo-

logical observations (e.g., Weston et al., 2012; Floyd et al., 2016). Furthermore, many shallow

continental earthquakes are actually the aftershocks of nearby much larger mainshocks (Mw >

7.0), and the postseismic signal from the mainshock might be the dominant signal that mixed

with the coseismic signals in the InSAR data, which also requires consideration in the model.

Figure 1.5: The conceptive view of the deformation in the seismic cycle when measured by
InSAR observation. Since the earthquake happened between two SAR image acquisitions, a
single interferogram usually contains both coseismic and part of early postseismic deformation
(the ‘Apparent Coseismic Offset’).

Resolving the postseismic deformation is also not easy because the movement is non-linear and

affected by the property of that surface material near the epicentre. The postseismic decay time

of parameter τ varies case by case, and might be different across the area even for the same event

(e.g., Hearn, 2003; Perfettini and Avouac, 2004; Gonzalez-Ortega et al., 2014; Gratier et al.,

2014). In addition, we also need to consider the magnitude of the postseismic signals, especially

for the shallow continental and deep intraslab earthquakes I studied here. The postseismic

deformation from these events could be very difficult for InSAR observations to capture due

to their weak signal. And in many cases, we might simply ignore the insignificant postseismic
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deformations due to the difficulty of robustly measuring them by InSAR data. While on the

other hand, in the scenario when significant displacements of aftershocks are observed, we

might need to determine if deformations of multiple postseismic deformation processes could be

incorporated into the model.

Lastly, the measurement of interseismic deformation contained in the long-term linear deforma-

tion rate observed by InSAR also faces some challenges. The primary issue is the non-tectonic

linear deformation in InSAR measurements, such as subsidence, landslide, soil moisture change

(e.g., Osmanoğlu et al., 2011; Scott et al., 2017; Solari et al., 2020), etc. It usually requires

additional information, for example, optical images or field data, regarding the property of the

surface to identify the deformation mechanisms (e.g., Gutiérrez et al., 2011; Zhao and Lu, 2018).

In addition, it is also challenging to separate interseismic deformation from these non-tectonic

signals, especially when they have a similar magnitude of deformation rate (e.g., Lin et al.,

2015; Xu et al., 2021). And one interesting question we also need to consider here is the change

of interseismic rate itself after an earthquake, which might be the case after large events (Mw >

7.0, e.g., Melnick et al., 2017). Another problem is that due to the decorrelation noise within

InSAR data, we may lose some or even a wide area of coverage, leaving blanks in our datasets

(Wei and Sandwell, 2010; Ahmed et al., 2011; Malinverni et al., 2014). The same problem also

exists for the measurement of coseismic and postseismic deformation, however not as impactful

as the interseismic rate if the deformation area is large enough to preserve the main deformation

features.

1.3.2 Volcanic Activities

The classical model of the ‘volcanic deformation cycle’ describes a process in which magma

gradually inflates a chamber directly beneath the volcano that uplifts the surface, and then

erupts until the pressure threshold is reached, accompanied by rapid subsidence. However,

volcanic activity and their corresponding surface deformations are much more complicated in

the real world, and this oversimplified model does not apply to many volcanoes (Biggs and

Pritchard, 2017). The surface deformation of a specific volcano depends on the physical process

occurring. For example, a dyke instruction, cooling lava flow, or pressure increase of a magma

chamber all have distinct deformation patterns (e.g., Yun et al., 2006; Morishita et al., 2016;

Wittmann et al., 2017). Therefore, I will focus more on the behaviour changes of volcanic surface

deformation, explore the causal relationship between such changes and nearby earthquakes, and
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explain the physical processes accordingly.

1.4 Thesis Outline

1.4.1 Aims and Objectives

I aim to explore the full potential of using C-band Sentinel-1 InSAR time series analysis to detect

and measure the small coseismic deformation on Earth’s surface caused by shallow continental

earthquakes (Mw 5.0-6.5, > 40 km depth) or large intraslab earthquakes (Mw > 6.5, 40-300

km depth), and combine these with seismological observations to improve our understanding of

the nature of these seismic events. In addition, I also aim to explore the potential relationship

between volcanic activities and large intraslab earthquakes in the subduction zones. My specific

objectives are as follows:

1. Processing long-time, large-scale, Sentinel-1 InSAR time series data to measure surface

deformation associated with shallow continental or large intraslab earthquakes over the

active tectonic region (such as Iran or Chile), and improving the quality of data using

state-of-the-art InSAR processing approaches and atmospheric corrections.

2. Using a time-dependent model of surface displacements during the seismic cycle to fit

InSAR time series data, or other methods, such as blind source separation, to improve

the SNR and better retrieve the coseismic deformation fields.

3. Using InSAR alone or with other datasets (GPS or seismic waveforms) to obtain earth-

quake source parameters by numeric modelling, and evaluating the contribution of InSAR

to studying these events.

4. Updating the volcanic monitoring in subduction zone, and exploring the potential causal

relationship between volcanic activities and intraslab earthquakes.
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Figure 1.6: Different workflow between single interferograms and InSAR time series approaches.
The InSAR time series approaches have more acquisitions to remove the systematic errors within
the data (including atmospheric noise, DEM and orbit errors, etc.), and more importantly can
better retrieve the deformation signals and improve the subsequent modelling.

1.4.2 Outline of Work

This thesis is structured as follows: In chapter 2, I introduce the methodology of InSAR time

series analysis, including the noise source characteristics and how time series data can be ap-

plied to better measure the surface displacements associated with earthquakes and volcanic

activities. In chapter 3, I apply the InSAR time series approach to measure the shallow conti-

nental earthquake in Iran, which extracts higher SNR coseismic deformation fields, and achieves

better-constrained source parameters. In chapter 4, I study a 112 km depth, Mw 6.8 intraslab

earthquake in Northern Chile, combing datasets from InSAR time series, GPS, and seismology.

I perform joint inversion of multiple datasets to better determine the fault location and geom-

etry, providing insights into the rupture mechanism of intraslab events. In chapter 5, I update

the volcanic monitoring in Northern Chile, and report the first detection of unrest at Socompa

volcano. I test and find that it is unlikely that the Socompa unrest is triggered by the Mw 6.8

earthquake described in chapter 4. And finally in chapter 6, I summarize my research findings

and outline the possible future work directions for the field.
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Chapter 2

InSAR Time Series Analysis

2.1 Introduction

A single interferogram, generated by two Single Look Complex (SLC) images at different ac-

quisition times (or called two epochs), with a suitably large perpendicular baseline, is initially

used to generate the Digital Elevation Model of the coverage area (e.g., Ferretti et al., 1999;

Crosetto, 2002; Gao et al., 2017). Moreover, if the DEM of the coverage area is provided from

additional sources, we could also obtain the surface displacements during this period by dif-

ferencing the DEM derived from InSAR and that from additional sources. This technique is

called Differential InSAR (DInSAR, e.g., Stramondo et al., 2005; Lanari et al., 2007; Ishwar

and Kumar, 2017) and can also be applied by using three or four epochs without additional

DEM to obtain surface displacements during a certain period.

InSAR time series analysis is an extension of the DInSAR technique, by using multiple epochs

rather than just three or four, to obtain frequent estimates of surface displacements across

years or decades (Osmanoğlu et al., 2016; Xue et al., 2020; Li et al., 2022). For current InSAR

time series processing, we use additional DEM (for example, the most commonly used is DEM

from the Shuttle Radar Topography Mission, or SRTM (van Zyl, 2001)) to assist coregistration

during the interferogram generation and remove the topography-related phases to focus on the

deformation signals of interest (e.g., Bürgmann, 2002; Zebker et al., 2010; Das et al., 2014). It

is natural that time series analysis is more appealing for long-term observations regarding the

displacements associated with the seismic loading cycle or volcanic activity. With the launch of

the Sentinel-1 mission in 2014, it became possible to observe the tectonic or volcanic movements
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regularly (every 6-24 days depends on the region, 1.3) at a global scale (onshore), making time

series analysis more applicable for long-time, large-scale displacements monitoring (Geudtner

et al., 2014; Potin et al., 2018).

Since I only use Sentinel-1 InSAR data in my thesis, in this chapter, I will focus on the analysis

and application of C-band Sentinel-1 data, although different satellites share many common

characteristics and processing difficulties.

2.2 Phase Composition and Noise Sources

After removing the topography-related signals in an interferogram, the unwrapped phase con-

tains several terms which can be expressed by the following formula (Agram and Simons, 2015):

ψ = ψdefo + ψdcoh + ψatm + ψother + 2kπ (2.1)

where ψdefo, ψdoch, and ψatm are the displacement in the Line of Sight (LOS) direction, the

decorrelation signal, and the atmospheric delay, respectively. ψother represents all the other

terms, including plate motion, solid earth tide, other noise sources (e.g., DEM and orbit errors,

thermal noise of the radar sensor), etc. 2kπ is the phase ambiguity that may include Phase

Unwrapping (PU) errors (Yu et al., 2019). For the following part, I will go through each term

in Equation (2.1) and explain how it affects the results of InSAR measurement.

2.2.1 Decorrelation Signal

Coherence expresses the similarity of the radar reflection between two epochs, and it is the most

important factor in InSAR measurement (Bamler and Hartl, 1998; Moreira et al., 2013). The

loss of coherence, or decorrelation, will introduce errors into the data, severely affecting the

reliability of the measured phase values. In the extreme case, when the data are totally decor-

related, the whole interferogram will be overwhelmed by the noise and we cannot obtain any

useful information. Maintaining coherence is crucial, and several factors control the magnitude

of the decorrelation signals.

1. The observed objects. It greatly depends on the scattering characteristics of the object’s

surface to determine the level of coherence. Usually, man-made structure or bare soil

can keep its surface property unchanged for quite a long time and therefore have high
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coherence (Sousa et al., 2011; Crosetto et al., 2016). In contrast, other objects like water

or vegetation change rapidly and can hardly keep coherence after several days.

2. Satellite geometry and revisit time. The change of look angle and the length of revisit

time also have a large impact on the coherence (Pepe and Calò, 2017). The shorter the

perpendicular baseline and revisit time, the higher the coherence. Sentinel-1 has a revisit

time of 6, 12, or 24 days depending on the location (also acquisition time due to the failure

of Sentinel-1B in 2021), and the length of perpendicular baselines is usually less than 150

m, making it feasible to maintain coherence in most cases (Potin et al., 2018).

3. The wavelength of the radar. The wavelength of the microwave determines its penetration,

and how severe the signal is affected by vegetation (Pepe and Calò, 2017). Therefore,

the L-band (wavelength of 24 cm) instrument overall can achieve higher coherence than

that C-band and X-band (wavelength of 5.6 cm and 3 cm, respectively) due to better

penetration (Rignot et al., 2001).

Since the decorrelation signal is more related to the imaging condition and hardware, this can

hardly be overcome after the interferogram formation. The practical way to deal with this issue

is simply discarding the decorrelated pixels, which will inevitably cause the loss of coverage.

2.2.2 Atmospheric Delay

Atmospheric delay refers to the refraction of the signal as it transits the atmosphere, resulting in

a change in the trajectory of the radar waves and introducing extra noise in the interferogram.

It can be further divided into tropospheric and ionospheric delays with different properties and

should be treated differently (Ding et al., 2008).

The tropospheric delay contains two components: the one determined by the pressure and

temperature, called the dry component and affected by topography, and the wet component

expressed by a function of the partial pressure of water vapour (Jolivet et al., 2011; Bekaert

et al., 2015; Zebker, 2021). The magnitude of tropospheric delay highly depends on the weather

conditions and varies case by case, and generally show displacements of the order of a few

centimetres in the interferogram (Bekaert et al., 2015). Its impact therefore depends on the

relative strength between the deformation signal and the tropospheric delay.

The ionospheric delay is determined by the LOS vertical Total Electron Content (TEC) in the
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ionosphere (Wegmuller et al., 2006; Jung et al., 2012). Unlike tropospheric delay, which is

almost independent of radar wavelength, ionospheric noise is typically considered to be small

at the shorter-wavelength C-band (only one-sixteenth of those of the L-band, considering the

typical wavelength ratio of four between them, Ishimaru et al., 1999; Belcher and Rogers, 2009).

In addition, since TEC is directly linked to the sun’s activities, the acquisition time (dust or

dawn) and latitude also play important roles here (Pi, 2015). For Sentinel-1 data, lower latitude

regions have a higher delay as they are closer to the sun, and the ascending track generally suffers

more ionospheric delay due to the acquisition at ∼6 pm, compared to ∼6 am of descending (all

local time, Hobbs et al., 2014, Figure 2.1, Figure 2.2). The ionospheric delay on the Sentinel-1

interferogram shows long-wavelength deformation signals and generally can be ignored except

for the ascending track data in the low magnitude region (like Northern Chile, e.g., Liang et al.,

2019; Zhang et al., 2021).

Figure 2.1: An example of applying tropospheric and ionospheric correction of a single interfer-
ogram on ascending track. It shows the original interferogram (Ifg), the ionospheric delay (Ion,
estimated by split spectrum method), the tropospheric delay (Tropo, provided by GACOS), and
the corresponding removals. The SNR of the interferogram significantly improved after both
corrections, especially the removal of dominant longwave signals from the ionospheric delay.
Data from a single interferogram with particularly strong ionospheric delay in chapter 4.
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Figure 2.2: Same as Figure 2.1 but for descending track data. The ionospheric delay is signifi-
cantly smaller than that from the ascending track, mainly due to the different acquisition times.
The tropospheric delay is the primary noise source and has been well corrected by GACOS.

The correction methods for atmospheric delay can be broadly divided into two categories. The

first category uses information in the data to perform the correction, for example, the power-

law method (e.g., Bekaert et al., 2015; Zhu et al., 2017) for tropospheric correction and the

split-spectrum method for ionospheric correction (e.g., Gomba et al., 2016; Fattahi et al., 2017;

Liang et al., 2019; Luo et al., 2019). While another one is more atmosphere model-based, and

usually needs data from additional sources to know the key parameters in the model and then

perform the correction (e.g., GACOS correction for the tropospheric delay, Yu et al., 2018).

For Sentinel-1 InSAR time series analysis, although frequent estimations could alleviate the

situation, it is always recommended to perform the tropospheric corrections to reduce the

uncertainties of estimated linear velocity or coseismic deformations given the substantial noise

level. However, the magnitude of ionospheric delay depends on the latitude of the experimental

area and the acquisition time, which affects sun activity and the TEC, and therefore is more

worth doing in low latitude region on ascending track data (Figure 2.3, 2.4, 2.5).
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Figure 2.3: An example of applying ionospheric corrections on ascending time series data. The
data shows the standard deviation reduction after ionospheric corrections, and becoming more
feasible to fit the seasonal term. Data from chapter 4 with tropospheric correction (by GACOS)
already been applied.
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Figure 2.4: The impact of the ionospheric correction on the velocity field estimation. It shows
although ionospheric correction has only a minor effect on absolute values of the velocity field
(panel a,b), the standard deviations of the estimated value are significantly reduced (panel c,d).
The low standard deviation values in the north indicate the location of the reference point on
the tropospheric correction only panel, as errors will become smaller when get closer to the
reference point. While on the contrary, the noise level remains low across the whole map after
the ionospheric correction. Data from the ascending track in chapter 4
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Figure 2.5: The comparison between ascending and descending ionospheric correction, using
data from chapter 4 It shows the standard deviation comparison of individual interferograms
after ionospheric correction, in addition to the tropospheric correction. It shows that although
ascending track data is much improved after applying the ionospheric correction, the descending
track data get worse. This is mainly due to the relatively small magnitude of the ionospheric
delay on descending track data, the sensitivity and the introduced noise of the split spectrum
method.

2.2.3 Phase Unwrapping Errors

Phase Unwrapping (PU) is another major error source for InSAR data processing. The PU error

will add or subtract additional modulo 2π to the phase value of pixels, causing misinterpretation

of at least half of the wavelength (for one 2π), or 28 mm for C-band InSAR data. PU errors could

occur on individual pixels, but more often affect a broad area of pixels due to the integrating

nature of the PU process (Goldstein et al., 1988). Similarly, since the InSAR time series

represents cumulative deformation, the PU errors on the time series will propagate from where

they occurred and affect all subsequent acquisitions, making it an even more pressing issue

(Hooper et al., 2007; Osmanoğlu et al., 2011).

Unfortunately, currently, there is no ideal solution for correcting PU errors. Checking the phase

consistency by adding up the unwrapped phase values in a phase closure could sometimes help

identify or even correct the PU errors (e.g., Yunjun et al., 2019). However, this approach

requires an epoch to present in multiple phase closures to identify whether the errors come from

it. In addition, phase consistency is only the necessary, but not sufficient condition for correct

PU solutions, and therefore cannot solve the problem entirely (Liu and Pan, 2019). While

visually detecting and correcting PU errors manually could work, it requires experience and is

23



2.2. Phase Composition and Noise Sources Chapter 2. InSAR Time Series Analysis

too time-consuming for large datasets. Overall, since the quality of PU is directly related to

the coherence, obtaining high coherence or masking out low coherence pixels is still the primary

way to guarantee the quality of phase unwrapping results.

2.2.4 Other Noise Sources

There are also some other error sources contained in the interferograms, including orbit error,

DEM error, plate motion, phase closure residual, etc.

The orbit error will affect the perpendicular baseline estimation, which is typically small given

the precision of the Sentinel-1 orbit, and will cause a long wavelength ramp on the interfero-

gram that can be removed by polynomial fitting (e.g., Shirzaei and Walter, 2011; Fattahi and

Amelung, 2014).

The DEM error comes from the inaccuracy of the DEM from external sources, and the look

angle change due to the difference between the geometric and signal centroid of a pixel (Hooper,

2008). It is proportional to the length of the perpendicular baseline, and can be estimated and

then removed when generating the velocity map (e.g., Ducret et al., 2013; Fattahi and Amelung,

2013).

The plate motion will cause a long wavelength signal on the InSAR velocity map, and it could

be estimated and corrected by projecting the speed of local plate motion into the LOS direction

(Figure 2.6, 2.7; Stephenson et al., 2022).
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Figure 2.6: The plate motion correction on the velocity field. It shows the small magnitude
of plate motion in the LOS direction due to the movement being mainly in the north-south
direction which Sentinel-1 is less sensitive. Data from the ascending track in chapter 4.

Figure 2.7: Same as Figure 2.6 but for the descending track data. The velocity in the southwest
direction is faster due to the smaller angle of plate motion and LOS.

The phase closure residual refers to the non-modulo 2π residual of the sum of phases around a

loop of three or more interferograms (De Zan et al., 2015; Zheng et al., 2022). It is caused by

multilooking and non-linear filtering during the interferogram generation, and therefore should
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be zero for non-filtered full-resolution interferogram (Liu and Pan, 2019). Recent studies suggest

that this residual may cause the bias of velocity estimation, and could be associated with soil

moisture (De Zan and Gomba, 2018). It is still not fully understood how the phase closure

residual works, but it shows a clear connection to the quality of the pixel (or coherence) and

should not have a large impact on the time series analysis of high coherence region (Maghsoudi

et al., 2022).

Figure 2.8: Phase closure residual due to multilooking or phase filtering. It shows the histogram
of the non-zero sum of unwrapped phases on phase closures. When the data quality is good
enough, these values should be concentrated on zero (which means that they all are unwrapped
correctly). Data from the ascending track in chapter 3.

There are also other terms like solid earth tide or thermal noise (Agram and Simons, 2015; Xu

and Sandwell, 2019; Wu et al., 2020), I simply ignore them due to the small magnitude of these

signals and minor impacts on the results.

2.3 Time-Dependent Parameterized Fitting

For earthquake studies, InSAR time series analysis can obtain frequent estimations of the surface

displacement thus provide better noise resilience. In addition, if I assume a time-dependent
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deformation model appropriate for displacements caused by earthquakes, and fit it to the InSAR

time series data, I can separate these signals and reconstruct the deformation (or velocity) fields

for each of them. Considering deformation associated with the seismic cycle in Equation 1.2 and

other non-tectonic signals within InSAR time series data, I assume that surface deformation at

time t following a major earthquake at a time t1 can be decomposed as follows:

ψ(t) = V1t+H(t− t1)[C1 +A1 ln (1 +
t

τ
) + V2t] +

n∑
i=2

H(t− ti)Ci

+A2 sin 2πt+A3 cos 2πt+ b, (2.2)

where V1 is the long-term linear deformation rate through the whole time period which contains

in part the interseismic displacement, A1 and τ are the parameters for a logarithmic function

representing the postseismic deformation (Ingleby and Wright, 2017; Liu and Xu, 2019), C1

represents the coseismic displacement from the mainshock, V2 is the potential linear deformation

rate change after the earthquake event time, ti and Ci represent the event time and the amplitude

of aftershocks sorted by time, and A2 and A3 represent amplitude of the seasonal terms given

the unit of t is year.

The deformation terms in the model may vary under different circumstances, depending on

the magnitude and depth of the earthquake, the existence of aftershocks, and the noise level

within the InSAR data. For large earthquakes occurring in the crust (Mw > 7.0) that can

produce centimetre or even higher levels of displacements on Earth’s surface, the coseismic and

postseismic deformation signals are both significant and can be well captured if the coherence

of InSAR data is good enough. I then can disentangle coseismic signals from the postseismic

signal that occurred before the first post-acquisition due to the latency of SAR acquisition,

and reconstruct less noisy coseismic and postseismic deformation fields, which is useful for the

analysis of both coseismic and postseismic deformations and avoiding any possible systematic

bias. Meanwhile, I can split up complex sequences of aftershocks by counting the coseismic

deformations of these events into the model and solving them jointly with the mainshock.

While for shallow small (Mw ∼5.0, depth < 10 km), or large deep (Mw > 6.5, depth > 40

km) earthquakes, whose coseismic deformations on Earth’s surface are barely observed, not to

mention the postseismic signals, the model could be simplified by removing the postseismic

deformation, the potential linear velocity changes, and all the aftershocks after the event. Then
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the primary use of the time series fitting approach in this case is to improve the earthquake

detectability and refine the deformation signal of earthquakes with low SNR. As for the seasonal

terms, it usually depends on the magnitude of atmospheric noise (or how well they are corrected)

and also the length of time series data, and I find that it is more feasible to fit the seasonal

terms after better atmospheric noise removal.

Figure 2.9: Example of the reconstruction of the coseismic deformation fields affected by iono-
spheric noise (the Mw 6.8 earthquake in chapter 4) when corrections are not applied. From
left to right, the forward modelling from the USGS solution (strike: 332°, Dip: 59°, Rake: -94°,
centroid depth: 112 km, Moment: 2.29×1019 N-m), the reconstructed coseismic deformation
field, and the average InSAR time series of peak displacement pixels. The data does not include
ionospheric correction so we cannot see clear coseismic signals on the ascending track. For the
forward modelling, I assume a uniform dislocation embedded in an isotropic elastic half-space,
faults are equal in width and length, the slip-to-length ratio is set to 1.5×10−5 for this interplate
earthquake (Scholz, 2002), and an empirical rigidity value of 75 GPa (from USGS) is used here
for moment calculation. The epicentre of the earthquake and the location of peak displacement
pixel are indicated by the black focal mechanism, and the plus symbols. The red patch close
to the southeastern point of the epicentre marked (which is observed on both tracks) indicates
the shape of Salar de Atacama, and has different behaviour in the time series. In all figures,
positive values mean movements towards the satellite.

Equation 2.2 can become a linear equation if the value of postseismic time τ is determined or

assumed, which is important for performing least square inversion and evaluating the uncer-

tainties of each solved parameter. This can be achieved by solving a few pixels near the field

using a non-linear method like the Bayesian approach, and using their solution of τ for all the

other pixels for quick parameterised fitting.
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Similar models can also be used to simulate the surface displacements caused by volcanic ac-

tivities on the InSAR time series. The sudden offsets on time series now can be explained by

the volcanic eruption instead of the coseismic deformation, and the linear velocity change might

be triggered by volcanic unrest. Taking the Socompa volcano unrest in chapter 5 for example,

I observed the linear velocity change after the onset time of the unrest, and use the following

model to fit the time series data:

ψ(t) = V1t+H(t− t0)V2t+ b, (2.3)

where t0 indicates the onset time of the volcanic unrest. In this scenario, I did not need to fit

any deformations that related to earthquakes in Equation 2.2, and the seasonal terms due to

the noise level.

Figure 2.10: The example of the change of velocity after the Socompa unrest onset time. (a)
The cumulative displacements pre- and post-onset time on ascending track data, and the time
series data of the peak displacement pixels, using data from chapter 5 The green dashed vertical
line indicates the event time of the nearby Mw 6.8 earthquake. (b) Same as (a) but for the
descending track data.

Naturally, the processes of volcanic activities and earthquakes differ, and their displacement on

Earth’s surface in time varies case by case. Still, suppose a proper time-dependent model could

be applied, and the InSAR time series data is well processed; in that case, we can perform

the parameterised fitting and solve each deformation component for subsequent analysis and
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modelling.

2.4 Independent Component Analysis (ICA)

Although parameterised fitting can retrieve different components, and reconstruct the deforma-

tion field or velocity maps from InSAR time series data, the noise level within the InSAR data

could not always give robust solutions. In addition, parameterised fitting might suffer from the

overfitting issue, especially when taking multiple aftershocks into account while the pixels are

away from the earthquake or volcanic deformation source. The displacement signals of these

far field pixels should be minor or neglectable, while the parameterised fitting will still provide

a solution which might be unreasonable and far from the truth. A straightforward solution to

this overfitting issue is trying to use different models based on the uncertainty of the solution,

or the spatial distance to the deformation source (e.g., do not solve the coseismic offsets for the

pixels at a given distance from the epicentre and set their values to zero), which however will

produce inhomogeneous deformation field and might misinterpret some signals.

ICA is another frequently used approach to extract desired signals from various noises, which

allows decomposing a mixed signal into a set of linear, additive components (Hyvärinen and

Oja, 1997). A typical example of ICA is to identify one person’s speech in a noisy room, which

is based on the assumption that all the subcomponents are statistically independent of each

other, and at most, one is Gaussian (Hyvärinen and Oja, 2000).

The deformation sources on InSAR time series data are either temporally or spatially inde-

pendent of each other (Hetland et al., 2012), making it ideal for performing ICA approaches

to extract earthquake or volcanic signals of interest (e.g., Ebmeier, 2016; Gaddes et al., 2018;

Maubant et al., 2020). Generally, when we use multiple interferograms or InSAR time series

data as input, ICA is capable to separate the data into several independent sources sources,

including but not limited to linear deformation rate, topographic related signal, earthquake or

volcanic signals, and random noise that contains in part the atmospheric delay, that all have

the same dimension of a single interferogram. Since ICA is performed based on multiple images

rather than pixels by pixels, it does not have the overfitting issue like the parameterised fit-

ting and supposes to achieve less noisy deformation pattern of earthquake and volcanic signals

(especially on the far field).
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Depends on the temporal and spatial properties of deformation signals, and the size of input

dataset, there are several different approaches to performing ICA on the same dataset (e.g.,

Cohen-Waeber et al., 2018; Zhu et al., 2022): 1) Using the time series data (cumulative dis-

placements) and assuming the components are independent in space to perform spatial ICA

(sICA). 2) Same as 1) but assuming components are independent in time to perform temporal

ICA (tICA). 3) Using individual interferograms that span the deformation period to perform

sICA or tICA. In this thesis, I apply ICA to retrieve the coseismic deformation of the Mw 6.8

intraslab earthquake in Northern Chile from 4 years InSAR observations as a case study. Due

to the coseismic deformation is spatially independent to other sources and its relatively weak

signal, sICA on the time series data shows superior performance over other ICA approaches

using my dataset and successfully retrieve the coseismic signals (see more in chapter 4).

Figure 2.11: Cartoon illustrating the geometry of decomposition for InSAR time series data X,
with m interferograms, each made up of npixel pixels. For sICA, rows of the mixing matrix,
A, capture the relative contribution of each independent spatial component (rows of S). For
tICA, spatial patterns are retrieved in the rows of A, while independent temporal components
are retrieved in rows of S. Figure reproduced from Ebmeier, 2016

In my case study, when applying sICA for the InSAR time series dataset (matrix X, size of

nepoch × npixel, where nepoch and npixel are the number of epochs and pixels in each epoch,

respectively), it can be decomposed into statistically independent components (matrix S, size
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of nncomp × npixel, where nncomp is the number of components that you would like the dataset

to be decomposed), and the mixing matrix A (size of nepoch × nncomp) which describes the

strength of each independent spatial component at each time step to restore the input datasets

(X=A·S, Figure 2.11). Given the coseismic signal is spatially independent of other sources, I can

apply sICA to extract the coseismic deformation pattern as an independent component from the

input time series of cumulative displacements. More importantly, since the permanent coseismic

spatial deformation pattern will remain on the time series data (the cumulative displacements)

after the earthquake, we see a “coseismic offset” in the corresponding column of the mixing

matrix, at the epoch near the earthquake event time. I then can solve for this “coseismic offset”

using Equation 2.2 and use it to scale the deformation pattern retrieved in the corresponding

independent component to estimate the coseismic deformation field.

However, despite ICA is a powerful tool to extract independent deformation signals from InSAR

data, one major concern is how to determine the number of independent components. We would

over-decompose the signal of interest into more local features and miss the complete signal if

the number is too large, and the other hand, the data would be not fully decomposed the signal

of interest would be covered by other more dominant components if the number is too small.

The key factor here is the relative strength of signal of interest compared to other independent

sources, and the random noise level within the input dataset (e.g., Gualandi and Liu, 2021; Peng

et al., 2022). If the signal of interest is relatively strong, such as the linear deformation in InSAR

data, then a small number of input components should work (e.g., less than 5) and probably

no extra noise corrections are required. Otherwise, for very weak signal like the intraslab

earthquake in my case, the number of components should be relatively high (e.g., larger than

10) to fully decompose the data and retrieve the signal of interest, and some corrections might

have to be done to reduce the random noise level within the data before applying the ICA.

Therefore, for the real world application, we need to know the spatiotemporal characteristics

of the main deformation sources, which includes the relative magnitude of signal of interest,

and also the random noise level (mainly from atmospheric delay for InSAR data). However,

such information may know or not before applying the ICA, and normally multiple iterates and

adjustments are required to test the robustness of the algorithm performance before determining

the optimal number of components (e.g., Gaddes et al., 2019), which however sometime could

be subjective (Hyvärinen, 2013).
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In my case study in chapter 4, since the coseismic signal is very weak and long wavelength

from InSAR perspective, I do the atmospheric correction (both troposphere and ionosphere)

before ICA is applied, which greatly reduce the level of random noise within InSAR data that

otherwise ICA may fail to retrieve the coseismic signal. In addition, I also mask out some areas

that show different behaviours in response to the earthquake, or still have strong remaining

atmospheric turbulence near the coast, that may impede the robustness and effectiveness of

the algorithm performance. Then I apply the sICA on time series data, and manually adjust

the number of components until robust coseismic signals can be retrieved (obtaining the same

results by running multiple times). Finally, nine components in ascending and ten components

in descending are selected, respectively, to perform sICA and retrieve the coseismic deformation

field using the method mentioned above.

Figure 2.12: A comparison between parameterized fitting and sICA using InSAR time series
data. It shows the retrieved coseismic deformation fields of theMw 6.8 earthquake using different
approaches on ascending track data (both tropospheric and ionospheric delays are corrected). It
shows that sICA achieves higher SNR signals compared to that from the parameterized fitting.
More details are described in chapter 4.

2.5 Conclusion

Overall, InSAR time series analysis utilises multiple observations to provides frequent estimation

of surface displacement through time, improving our ability to measure the seismic cycle and

monitor volcanic activities. It also boosts the accuracy and robustness of measurements by

mitigating some systematic errors within the InSAR data (for example, atmospheric delay,

DEM errors, etc). Furthermore, by applying the time-dependent parameterised fitting or blind

source separation approaches like ICA to the time series data, it is possible to better retrieve

the deformation field and improve the SNR and subsequent modelling results.Although some

challenging issues like PU or quality control remain to be difficult to deal with, the performance
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of InSAR time series have been improving with developed algorithms and new SAR missions

(e.g., forthcoming NISAR, Kellogg et al., 2020), leading to fully automated processing flow in

the future (Feng et al., 2016).
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Key Points

• Using time series analysis, we can detect small coseismic displacements that are not readily

visible or ambiguous in single interferograms

• Earthquakes occurring close in time and space can be separated by a time-dependent

parameterized model fitted to InSAR time series analysis

• We can achieve more robust and seismologically consistent earthquake modelling results

by using a time series approach
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3.1 Abstract

Interferometric Synthetic Aperture Radar (InSAR) is an established method to measure earth-

quake surface displacements. However, due to decorrelation and atmospheric noise, only a

certain fraction of earthquakes is readily observable with single interferograms. To enhance the

potential of retrieving InSAR earthquake observations, we apply InSAR time series analysis and

use several recent earthquakes (Mw 5.6-6.3, 2018-2019) in Iran as case studies. We find that

the coseismic displacement signals of these earthquakes, which might not be discernible within

single interferograms, are better resolved using our approach. We reconstruct the coseismic

deformation fields by fitting surface displacements using a time-series approach. We find that

the reconstructed coseismic deformation fields yield more robust and seismologically consistent

earthquake modelling results when compared to single coseismic interferograms. Our work sug-

gests that a time-series approach is an effective way to improve the resolving power of InSAR

for earthquake studies.

Plain Language Summary

Earthquakes cause the ground to temporarily shake, but also result in permanent movement

of the surface of the Earth. This surface displacement can be detected using sensitive radar

echoes from satellites when it is large enough. By differencing phases of radar images from

before and after the earthquake (a technique known as interferometry), it is possible to detect

where an earthquake has happened and determine its source parameters. However, the atmo-

sphere and different imaging conditions cause noise in individual interferogram images, masking

the earthquake movement. Here, we use a method involving a time series of multiple images

before and after the earthquake to improve the picture of the earthquake by observing how the

estimates of ground movement change through time. We therefore improve measurement of the

distribution and amount of ground movement, allowing the detection of smaller earthquakes

than before. Using a sequence of recent earthquakes in Iran as a test case, our method improves

the assessment of the type and the location of detected earthquakes compared with single image

interferogram data (average 36% uncertainty reduction), with the validation from seismic data.

Our work demonstrates the enhancement of this time series approach and its potential in future

earthquake studies.
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3.2 Introduction

With the advancement of Synthetic Aperture Radar (SAR) satellite missions, Interferometric

SAR (InSAR) has become an established method to measure the Earth’s surface deformation

caused by earthquakes, greatly improving our ability to observe active tectonic processes (Mas-

sonnet et al., 1993; Peltzer and Rosen, 1995; Salvi et al., 2012; Elliott et al., 2016). InSAR

offers an alternative approach, other than seismology, to provide independent measures of fault

location, depth and orientation (e.g., Pedersen et al., 2003; Lohman and Simons, 2005a). Unfor-

tunately, due to the dominant error sources within InSAR data of decorrelation and atmospheric

noise (Zebker et al., 1997; Agram and Simons, 2015), only earthquakes above a certain size or

that are shallow enough can be observed. Recent studies exploit the potential of the latest SAR

satellites using single interferograms to detect earthquakes in the first instance (e.g., Funning

and Garcia, 2019; Morishita, 2019), but the overall detectability of earthquakes by this ap-

proach is inconsistent and non-robust, and subject to extremely high failure rates (49% failure

for Sentinel-1 and 23% failure for ALOS-2).

This circumstance makes using InSAR for earthquake studies challenging, especially for small

earthquakes (Mw 5.0-6.5, from a geodetic point of view) due to their weak signals, despite in

some cases still causing fatalities when close to population centres (England and Jackson, 2011).

However, there is merit in trying to increase the sensitivity of our observations, as we can draw

inferences from a huge number of small earthquakes assuming their behavior scales similarly

with large ones (Ide, 2019). Additionally, by precisely locating these small earthquakes, it may

be possible to link seismic activity directly with active fault structures that are capable of larger

earthquakes.

To achieve more accurate and robust measurements, InSAR time series analysis has previously

been proposed (Hooper et al., 2012; Jolivet et al., 2012; Crosetto et al., 2016; Osmanoğlu

et al., 2016). Phase-stable or high-coherence pixels are identified to reduce the decorrelation

noise (e.g., Ferretti et al., 2011; Samiei-Esfahany et al., 2016), and spatiotemporal filtering is

applied with the optional implementation of a tropospheric correction to lower the impact of

atmospheric noise (e.g., Goldstein et al., 1988; Li et al., 2005; Doin et al., 2009; Pepe et al., 2015;

Dalaison and Jolivet, 2020). Some recent cases show that InSAR time series analysis, which

has been used to measure small amplitude, long duration ground displacements associated with

interseismic strain accumulation, postseismic deformation, and shallow creep (Hilley et al., 2004;
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Fialko, 2006; Ryder et al., 2007), has the capability to extract coseismic signals from various

sources of noise (Fielding et al., 2017; Grandin et al., 2017), suggesting a promising way for

enhancing earthquake detection using InSAR.

To fully exploit the potential of InSAR in earthquake detection and modelling, we perform

InSAR time series analysis of Sentinel-1 data and focus on three recent earthquakes (Mw 5.6-

6.3, ∼10 km depth) in south-western Iran as case studies. The Arabia-Eurasia collision causes

numerous large earthquakes that have been recorded in history (Ambraseys, 2001) and long-

lived postseismic afterslip from more recent observed events in this broad deformation zone

(Copley and Reynolds, 2014; Copley et al., 2015). On 12 November 2017, the large Mw 7.3

Ezgeleh-Sarpolzahab earthquake struck this region, triggering many aftershocks and long-lived

post-seismic deformation in the area surrounding the mainshock (Feng et al., 2018; Barnhart

et al., 2018; Nissen et al., 2019). We focus on three notable late aftershocks as examples (Mw

6.0, Mw 6.3, and Mw 5.6 earthquakes, which happened on 25 August 2018, 25 November 2018,

and 6 January 2019 respectively). We process five years of Sentinel-1 observations over this

area, from November 2014 to September 2019 to ensure enough data is available to constrain

potential secular and annual deformation (Figure 3.1), and reconstruct the enhanced coseismic

deformation field using a parameterized function describing surface displacement to time series

data. We use independent seismological observations and a recent geodetic solution (Fathian

et al., 2021) to validate our approach. We find that our deformation fields better constrain the

source models and are more consistent with seismological data compared to those using single

interferograms.
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Figure 3.1: Topographic map of the Iran-Iraq border area. The epicentre of the large Mw 7.3
earthquake from 12 November 2017 is shown by the red star, the three study cases are indicated
by focal mechanisms, and all other Mw ≥ 5.0 earthquakes from the United States Geological
Survey (USGS) catalog are represented by gray circles (spanning Nov 2014 to Sep 2019). The
white and black dashed rectangle boxes show the area of processed Sentinel-1 data from two
ascending tracks (A072 and A174) and two descending tracks (D079 and D006). Red lines show
major active faults (Styron and Pagani, 2020).

3.3 Methodology

Using Sentinel-1 Single Look Complex (SLC) images we form interferograms with multilooking

(4 in azimuth and 20 in range yielding a pixel size of ∼50×60 m2) and spatial filtering using the

LiCSAR processor chain (Lazeckỳ et al., 2020). The DEM used during the processing is Shuttle

Radar Topography Mission (SRTM) 3 sec. We form interferogram networks by connecting each

image to three subsequent acquisitions and use the StaMPS software (Hooper et al., 2007) to
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perform time series analysis, including GACOS corrections for tropospheric artefacts using the

TRAIN software (Bekaert et al., 2015; Yu et al., 2018).

For earthquake studies, InSAR time series analysis leads to frequent estimates of surface dis-

placement through time, providing better noise resilience. Compared to single interferograms,

we can improve earthquake detection and the quality of coseismic surface deformation mea-

surements in time series, especially when the deformation signals are obscured by decorrelation

or atmospheric noise. Additionally, we can separate multiple earthquakes which occur close in

time and space (e.g., the Mw 6.3 and Mw 5.6 earthquakes are separated by only 42 days and

30 km) through data fitting to time series (Figure 3.2).
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Figure 3.2: InSAR time series analysis improvements to earthquake detection, using theMw 6.3
and Mw 5.6 earthquakes on track D006 as examples. The tropospheric noise has been corrected
using GACOS. (a) Left: the shortest (6 days) interferogram covering the Mw 6.3 earthquake,
and three longer interferograms (acquisition dates are indicated by the title) of the area covering
the earthquake deformation marked by the dashed rectangle. Right: time series analysis for a
representative peak displacement pixel P1. Blue vertical dashed line represents the event time
of the Mw 6.3 earthquake. Red horizontal dashed lines show a simple step function fitting of
the data, and the values of the offsets (∆) and error bars are shown at the lower-left corner. (b)
Same as (a) but for the Mw 5.6 earthquake and pixel P2, green vertical dashed line represents
the event time of the Mw 5.6 earthquake.

Having established that a coseismic signal is discernable in time series, further improvements

can be made if we assume a deformation model appropriate for displacements due to the seismic

cycle. We can reconstruct the coseismic deformation field via a time series approach similar to

that used in GNSS (Tobita, 2016; Heflin et al., 2020). Considering deformation associated with

the seismic loading cycle, we assume that surface deformation at time t following an earthquake
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at time t0 can be decomposed as follows:

Θ(t) = H(t− t0)[C +A ln (1 +
t

τ
)] + V t+ b, (3.1)

where H(t− t0) is a Heaviside step function, C represents the coseismic displacement, A and τ

are the parameters for a logarithmic function representing the postseismic deformation (Ingleby

and Wright, 2017; Liu and Xu, 2019), V is the long-term linear deformation rate which contains

in part the interseismic displacement, and b is a constant reference offset in observations.

Whilst postseismic deformation may occur following all earthquakes, we only consider the dom-

inant postseismic deformation of the Mw 7.3 mainshock, as the three aftershocks we focus on

are either relatively small in magnitude or occurred too close in time or space, impeding for

robust postseismic fitting. Although this simplification will lead to the inclusion of some early

post-seismic motion into the reconstructed coseismic deformation fields, the InSAR derived

magnitude and moment from our approach (Table A.1) is consistent with seismological obser-

vations, illustrating this effect is limited in these cases. Other smaller events occurred close to

our study cases but cannot be distinguished in time series either because they are too small or

too close to other larger-magnitude earthquakes. Additionally, since the deformation signals of

the three study cases are coincident in time (Figure 3.2b), we fit all three aftershocks in one

equation. The model we used in this study is then:

ψ(t) = H(t− t1)[C1 +A ln (1 +
t

τ
)] +

n∑
i=2

H(t− ti)Ci + V t+ b, (3.2)

where ti and Ci represent the event time and the coseismic deformation of each earthquake

sorted by time (n = 4 in this study, with first event at t1 denoting the mainshock).

We first use maximum likelihood approach to determine the postseismic time τ and find it can

be a constant value (∼ 6 days) in our study (Figure A.1). We then reduce the fitting of Equa-

tion 3.2 to a linear inverse problem and evaluate the other parameters and their uncertainties

(Figures A.2-A.4).

42



Chapter 3. Shallow Continental Earthquakes in Iran 3.4. Results

3.4 Results

3.4.1 Coseismic Deformation Reconstruction

Our reconstructed coseismic deformation fields improve the detectability of earthquakes (Fig-

ure 3.3 and A.5), and obtain higher signal-to-noise ratios (SNR) as indicated by the reduced

noise observed in the semi-variogram fitting (Figure A.6). The coseismic deformation signals

are clearer and more easily recognizable after reconstruction, especially on the ascending track.

Here we take the most challenging Mw 5.6 earthquake (given its small magnitude) as an exam-

ple. On both ascending and descending tracks, the deformation signals in the interferograms

are masked by strong atmospheric noise, but are not quite weak enough to be completely in-

visible upon examination of multiple interferograms (Figure 3.2b). After reconstruction, we

successfully make the earthquake signal more readily apparent for identification, resolving the

ambiguity of whether it is associated with an earthquake deformation signal or solely atmo-

spheric noise. Additionally, we can see that the deformation pattern in the reconstructed signal

becomes more similar to the expected deformation, shown in the forward modelling (based

upon the seismological catalog focal plane solution), implying a more seismologically consistent

earthquake model.
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Figure 3.3: Comparison between the shortest interferograms and the reconstructed deformation
fields. For the prediction from USGS solution, we assume a uniform dislocation embedded in
an isotropic elastic half-space (Okada, 1985), faults are equal in width and length, and the
slip-to-length ratio is set to 6×10−5 for these intraplate earthquakes (Scholz, 2002). The plus
symbols indicate the epicentre of the focal mechanism from USGS solution. (a) Data from
track A072. From top to bottom, the rows represent the predictions from USGS solution, the
single interferograms, the reconstructed deformation fields, predictions from GBIS inversion
(Bagnardi and Hooper, 2018), and the residuals between the reconstructed deformation fields
and the predictions from GBIS inversion, respectively. (b) Same as for (a) but for track D006.

3.4.2 Earthquake Modelling

We first downsample the data, reducing the number of pixels to ∼ 500, with a greater pixel den-

sity in the nearfield (Figure A.7). Then we use the GBIS software (Bagnardi and Hooper, 2018)

to provide a uniform fault plane slip solution with uncertainties to ascertain the improvement
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gain in constraining fault parameters from our reconstructed deformation fields, and compared

to independent seismological observations and a recent InSAR solution (Fathian et al., 2021).

A common issue when modelling small or buried earthquakes that do not rupture up to the

surface, is that a focal plane ambiguity remains in InSAR solutions (as it does in seismologically

determined solutions). Here we try to model both focal planes and select the one which provides

a normally distributed output of strike values (Mw 6.0 and Mw 6.3) or more seismologically

consistent solution (Mw 5.6).

The geodetic solutions from our data (Figure 3.4 and Table A.1) show that although there are

some discrepancies (e.g., rake value for the Mw 6.0 earthquake), they agree well with the seis-

mological observations, and the modelling results from our time series approach are more seis-

mologically consistent (average 18% vs 22% relative changes). More importantly, reconstructed

deformation fields provide better-constrained solutions, with an average of 36% narrower con-

fidence interval (CI) for all three earthquake parameters. The Mw 6.0 earthquake achieved the

most obvious gains (average 56% CI reduction) as the deformation signals are more distinct after

reconstruction. The Mw 6.3 earthquake, whose signals are already clear before reconstruction,

has the least difference modelling results (1% relative change) while our approach gives signif-

icant CI reduction (average 26%). Conversely, the solution of the Mw 5.6 earthquake, whose

signals have been greatly enhanced following our approach, is still relatively poorly constrained.

With only one elliptical lobe being clearly observed, it becomes difficult to constrain the fault

geometry well (large uncertainties for strike and rake values). This reemphasizes the limitation

of surface displacements in constraining geometry and resolving the focal plane rupture ambigu-

ity when the rupture is buried and does not break the surface, even with improved SNR (Biggs

et al., 2006; Elliott et al., 2010). Additionally, our approach achieves similar fault parameters

and uncertainties as that from Fathian et al., 2021 for the already visible Mw 6.3 earthquake,

whilst also providing significant improvements for the Mw 6.0 earthquake (Table A.1).

The better constrained result from depth and location measurements shows the advantage of

InSAR observations (especially for time series, Figure A.8). Routine depth measurements for

shallow continental earthquakes from the seismological observations contain values probably

fixed a priori (such as 10 km depth for the Mw 6.0 earthquake from USGS catalog). Although

the true values cannot be known without additional near-field constraints such as a dense

aftershock survey, our approach provides better-constrained locations, and more informative
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depth measurements with uncertainties for shallow events.

Figure 3.4: Modelling outputs for selected fault parameters. Red and blue bins represent
the distributions from the reconstructed deformation fields and the shortest interferograms
respectively. Green lines are the USGS solutions (note the rake value for the Mw 6.0 event
is -31º). (a) Earthquake moment magnitude. (b) Relative location, the horizontal distance
between the InSAR derived source location and the epicentre of USGS (not indicated by green
lines as zero reference value). (c-f) Fault plane centre depth, Strike, Dip and Rake values.
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3.4.3 Comparison with Stacking

Stacking is another method to improve the SNR of InSAR data, which can also be helpful in

extracting the coseismic deformation of small earthquakes (e.g., Qian et al., 2019; Luo et al.,

2019; Luo et al., 2021). We perform stacking using all reconstructed pairs of pre- and post-

event acquisitions to derive the coseismic deformation (Text S1), and compare it to our approach

(Figure A.9, A.10).

Overall, stacking achieves a similar SNR to our reconstructed deformation fields, while our

approach provides more robust earthquake modelling (average 17% CI reduction). Noticeably,

the magnitude of the Mw 6.0 earthquake from stacking is biased larger than our approach,

compared to the results of the other two earthquakes. We think this is because the post-seismic

deformation of the mainshock is contained in the stacked results (Figure A.11), although we use

observations six months later than the mainshock to perform stacking. This shows the larger

impact from the post-seismic deformation of the mainshock than the early post-seismic motions

of the aftershock in our model, and highlights a significant advantage of our approach that such

bias can be reduced when modelling the aftershocks.

3.5 Discussion

3.5.1 Post-observation Numbers and Atmospheric Correction

As the reconstruction requires multiple observations either side of the event time, it is important

to know how many acquisitions are required to achieve a reliable estimation of coseismic offset

within uncertainty. Given the large archive of Sentinel-1 data that is being amassed, the required

pre-observations can be flexible (depending on the noise characteristic, or the time series fitting

model used) and may vary for different scenarios and study purposes. What we consider here

is the number of post-earthquake observations required for a stable earthquake solution. Due

to the long revisit time (≥ 6 days now), it would be of little value if we needed to wait many

months or even years to collect enough images to obtain a high SNR reconstruction. A key factor

here is the magnitude of atmospheric noise, as it is one of the main error sources of InSAR. To

determine the relationship between the quality of reconstruction, the post-observations numbers,

and the level of atmospheric noise, we calculate the change of standard errors (SEs) of the fitted

coseismic displacements as we increase the use of post-observations during fitting for both tracks,
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with and without applying GACOS corrections first.

Figure 3.5: The impact of the number of post-observations used in time series and application
of GACOS corrections on the quality of coseismic displacement reconstruction. For each row we
show the optimal reconstructed deformation fields (using all our data) from two tracks without
GACOS correction, and the corresponding decrease (proportional to 1/

√
N) of the SEs as the

post-observation numbers increase (using all pre-observations, ∼ 100 images). We show the
mean SE values of all pixels within the black rectangle that cover the peak displacements.

The quality of reconstruction improves both with the application of GACOS corrections (average

24.1% SEs reduction) and the increase of post-observation numbers used (Figure 3.5). The Mw

6.3 earthquake is a special case as subsequent data are also used to fit the Mw 5.6 earthquake

from the seventh post-observation onwards (the green dash line on Figure 3.5), causing its SEs

to be fixed from that point forward. The low SEs at that point indicates the good quality of the

reconstruction and also explains why these two earthquakes can be separated, although they

are close in time and space. We determine the average number of post-observations for reaching
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a threshold, where the SE is 10% above its minimum value, is 14 acquisitions. This suggests

our approach will achieve a stable output after around 3 months from the event time (assuming

the revisit time is 6 days) in our study area. The number of acquisitions for other areas, with

different noise characteristics, may vary somewhat.

3.5.2 Long-term Linear Deformation Rate

For most of the pixels, the obtained long-term linear deformation rates are less than 10 mm/year

(Figure A.12). However, considering InSAR can only acquire relative displacements to the

reference point, the long-term deformation rates we measured are noticeably above the level of

interseismic deformation rate expected from the recent strain-rate map of our study area derived

from GNSS data (Khorrami et al., 2019). One of the main reasons for this difference may come

from using a constant linear rate in Equation 3.2. The linear deformation rate may be markedly

changed after the mainshock according to time series, which potentially biases the estimation of

the interseismic deformation rate and consequently the coseismic offset. Additionally, the long-

term rates may be associated with several other sources. Firstly, non-tectonic deformation, such

as that from hydrologically-driven subsidence within basins is likely in this region. Secondly,

topographically correlated atmosphere can map in as we do not include a seasonal term in the

fitting. Thirdly, a cumulated bias for linear rate estimation in time series may be expected

from the use of short period interferograms (Ansari et al., 2020). Lastly, discontinuities from

phase unwrapping errors or any observation gap can have a significant impact on linear rate

evaluation.

3.5.3 Implications of Our Approach

The primary use of our approach is to improve the InSAR detectability such that very small

earthquakes (Mw < 5.0) may be observed when they reach to the surface (e.g., Qian et al.,

2019; Lohman and Simons, 2005a), and refine the deformation signal of earthquakes with low

SNR. Due to the poor constraints of precise fault location by seismological observations in

regions of low instrumentation (Husen and Hardebeck, 2010), this will be useful for improving

the identification of active faults within continental areas lacking dense seismic coverage.

Our approach can also be used to enhance the complex signals of large earthquakes (Mw ≥ 6.5),

reducing extra noise as we have done with smaller earthquakes. Additionally, it can disentangle

coseismic signals from the postseismic signal that occurred before the first post-acquisition due
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to the latency of SAR acquisition (Zinke et al., 2014; Floyd et al., 2016; Twardzik et al., 2019),

useful for the analysis of both coseismic and postseismic deformations and avoiding any possible

systematic bias in subsequent earthquake modelling (Weston et al., 2012).

Further applications of our approach include splitting up complex sequences of earthquakes

(especially aftershock sequences as we have done here), and possibly studying small-amplitude

signals from large, deep earthquakes within subduction zones (Barnhart et al., 2014).

3.6 Conclusion

We demonstrate the use of InSAR time series analysis for detecting and modelling aftershocks

in the presence of the postseismic signal following a major earthquake that otherwise might go

undetected within single interferograms. We develop an approach using reconstructed coseis-

mic deformation fields to enhance the surface displacement signals and subsequently to better

constrain the earthquake modelling, in particular location and depth. We show that our time

series approach improves on noise reduction using additional acquisitions following an earth-

quake, and achieves a stable result with 14 post-observations in this study area. We conclude

that a time series approach is effective for enhancing the InSAR resolving power for earthquake

studies, and outline its possible applications for the future.
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4.1 Abstract

The driving factors behind large intraslab earthquakes (Mw > 6.5, 40-300 km depth), along

with their potential seismic hazards, are poorly understood due to limited observational data

of such events. Here, we present a case study of a 112 km deep Mw 6.8 earthquake on 3rd June

2020 under Northern Chile, supplementing seismological data with additional constraints from

space geodesy. We retrieve the sub-centimetre coseismic deformation field (with peak surface

displacements ∼ 6 mm) from four years of Sentinel-1 Interferometric Synthetic Aperture Radar

(InSAR) time series analysis with atmospheric corrections, pushing the detectability limits of

the technique for such deep events. Modelling this with combined Global Positioning System

(GPS) and seismic data, we obtain a well-constrained fault plane and high average rupture

speed (3.5 km/s rupture speed on 12.8 km length). Our work demonstrates the potential of

using geodetic data to measure intraslab events, and the insights such data can add into the

rupture mechanism and geodynamics of intraslab events.

4.2 Introduction

Large intermediate depth earthquakes (Mw > 6.5, 40-300 km depth) occurring within sub-

ducting slabs (hereafter referred to as intraslab events), are relatively infrequent (∼ 500 events

worldwide since 1976) and comprise only a small portion of the total moment release at sub-

duction zones (Frohlich, 2006). However, they can be particularly devastating as they typically

occur beneath coastal onshore areas, often with large population centres and have caused signif-

icant casualties in the past (e.g., Beck et al., 1998; Nakajima and Hasegawa, 2010; Singh et al.,

2018). In the example case of South America, intraslab events comprise only ∼ 5% of the total

moment release since 1918, which however are responsible for ∼80% of all earthquake-derived

fatalities over the same period (Di Giacomo et al., 2018), predominantly in two catastrophic

intraslab events in 1939 (Chillán, Chile, Astiz et al., 1988) and 1970 (Ancash, Peru, Abe, 1972).

Due to the low frequency of intraslab earthquakes occurrence, we only have a short incom-

plete catalogue of the potential for these events to occur (e.g., Astiz et al., 1988), making it

challenging to anticipate where and how large further earthquakes will be. Furthermore, the

high topography of the volcanic arcs below which intraslab events mainly occur, is dominated

by steep slopes and rapid erosion, leading to a higher probability of triggering secondary haz-

ards (particularly landslides, Keefer, 2002), which themselves make the hazard assessment of
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intraslab seismicity even more challenging.

Our understanding of intraslab earthquakes remains narrow in part due to a relative paucity of

observational data, which heavily relies on seismology. With limited observations, it is difficult

to grasp the physical process behind the occurrence of intraslab earthquakes. Since the brittle

failure of intraslab events cannot be explained by a simple frictional model (Frohlich, 2006),

different assumptions are raised regarding the additional processes, commonly inferred to be

either through fluid overpressure linked to dehydration reactions (dehydration embrittlement,

e.g., Hacker et al., 2003), or a rheological weakening of the fault zone (thermal runaway, e.g.,

Schmidt and Poli, 1998; Karato et al., 2001). These two hypotheses are still being debated, given

the resolution of observational data and the accuracy of comparable models for the downdip

evolution of the slab (such as thermal structure). In addition, the location of the hypocentre and

focal mechanism of the intraslab events provide essential information regarding the geometry

and stress orientation within slabs, which provide insight into the interplay between the sources

of stress and even the properties of slabs such as temperature, hydrous state, and phase changes

(Zhan, 2020; Hosseinzadehsabeti et al., 2021). However, this information is not always accurate

and hard to evaluate from seismology, due to the quality of data, different processing approaches,

and inherent uncertainty within the velocity model, particularly for the hypocentre depth due

to the lack of vertical resolution (Engdahl et al., 1998). Overall, innovative ways are needed to

explore and extract additional information from existing global multi-source observations, for a

physics-based characterisation of the seismic potential of subducted slabs.

The development of space geodetic observations, mainly from Interferometric Synthetic Aper-

ture Radar (InSAR), allows us to measure at a large scale the Earth’s land surface deformation

at the millimetre level, significantly improving our ability to observe and study active tectonic

processes (Fielding et al., 2013; Hu et al., 2014; Elliott et al., 2016). InSAR offers measurements

independent from seismology to obtain the properties of the source rupture (including location,

orientation, and even geometry), yielding a potential for use in intraslab earthquake studies.

Currently, the majority of earthquakes measured with InSAR are shallow events (depth < 40

km, e.g., Weston et al., 2012; Funning and Garcia, 2019) whose surface displacement signals

are relatively large (centimetre level or higher) and easy to capture, even for smaller magni-

tude (Mw ∼5.0) when these are very shallow (e.g., Békési et al., 2021). Conversely, intraslab

earthquakes are rarely the focus of geodetic work, and only a few of the largest events have
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been studied (Khash, Iran, Mw 7.7, 80 km depth, Barnhart et al., 2014; Navarro, Peru, Mw

8.0, 112 km depth, Vallée et al., 2023), due to the efforts required to distinguish ground defor-

mation from noise. Global Positioning System (GPS) observations also provide high-precision

surface displacement measurements, which are used to capture the signal of intraslab events

(e.g., Wiseman et al., 2012; Steblov et al., 2014; Alif et al., 2021; etc.). Still, their sparse spatial

distribution prevents the detection of the full extent of deformation patterns, and instead, they

are commonly used as control points providing ground truth for InSAR (e.g., Del Soldato et al.,

2021).

To demonstrate the potential of geodetic observations in intraslab earthquake studies, we focus

on the 112 km deep Mw 6.8 earthquake that occurred on 3rd June 2020 in Northern Chile as a

case study, using the geodetic data from both InSAR and GPS (Figure 4.1). We process ∼ 4

years of Sentinel-1 radar data to perform InSAR time series analysis (spanning Jan 2018 to Nov

2021) over the potential deformation area to better resolve the coseismic deformation that may

otherwise be masked by atmospheric noise in individual interferograms (Methods 4.5.2). After

correcting for both ionospheric and tropospheric noise, we successfully retrieve the coseismic

deformation field (with peak displacements of ∼ 6 mm), and compare the difference in esti-

mated surface displacements retrieved by using Independent Component Analysis (ICA) and

model-based parameterised fitting approaches to the time series (Liu et al., 2021). Combined

with the independent observations from several GPS stations in the near-field region and global

seismology, we obtain a well-constrained subsurface fault plane (7.9 km and 12.8 km for me-

dian width and length, respectively), with high rupture speed (median value of 3.5 km/s) and

centroid depth value of 110 km, using numeric models (e.g., Hutchings, 1994). We discuss the

source characterisation and possible rupture mechanism of this event, and finally the potential

contribution of geodesy, especially InSAR, for future study of intraslab events.
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Figure 4.1: Seismotectonic setting of the epicentral region, Northern Chile. The Mw 6.8 earth-
quake epicentre (3rd Jun 2020 with a 112 km centroid depth) is marked by the focal mechanism,
while all theMw > 6.0 historical earthquakes since 1976 (where a precise global seismic network
was established) in this region are shown by circles coloured by centroid depth (records from
the United States Geological Survey, USGS). White and black dashed rectangle boxes show
the Sentinel-1 data coverage from two tracks (149 ascending and 156 descending, spanning Jan
2018 to Oct 2021). Green boxes are the GPS stations used in our study (Blewitt et al., 2018),
and their names are labelled. The background topographic map comes from Shuttle Radar
Topography Mission (SRTM). The red line presents the plate boundary (Bird, 2003), and the
red arrows indicate the relative velocities of Pacific plate motion with respect to South America.
All Holocene volcanoes in this region are also marked by red triangles (Aguilera et al., 2022).
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4.3 Results

4.3.1 Coseismic Deformation Field Captured from InSAR Time Series Anal-

ysis

Even after atmospheric corrections, signal-to-noise ratio (SNR) within single coseismic inter-

ferograms remains low given the magnitude of the expected deformation signals. We therefore

apply two different approaches to recover the coseismic deformation from the InSAR time series:

(1) spatial ICA (sICA) and (2) parametrised fitting (Figure 4.2).

The parametrised fitting uses a time-dependent model appropriate for expected surface displace-

ments due to the seismic cycle, and fits the InSAR time series data pixel by pixel to reconstruct

the coseismic deformation field (Liu et al., 2021). Contrastingly sICA is a blind source separa-

tion based on maximising signal independence (Hyvärinen and Oja, 1997; Hyvärinen and Oja,

2000), and here we apply it to identify the coseismic spatial component, using contributions to

the corresponding column in the mixing matrix to identify and scale the appropriate component

(e.g., Ebmeier, 2016).

Although both methods successfully retrieve the sub-centimetre coseismic deformation signals

over a spatial scale of 100 km, sICA provides a much cleaner deformation pattern in both the

near and far field, after masking out some non-tectonic signals (Salars/salt pans, volcanoes,

remaining atmospheric artefacts, etc.). The derived deformation pattern from InSAR is in

general similar to the predicted deformation pattern from forward modelling using the USGS

bodywave solution, suggesting the consistency between these independent observations.
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Figure 4.2: Spatiotemporal evolution of deformation from InSAR observations of the Mw 6.8
earthquake. (a) Ascending track data (track 149). The deformation panels on the left-hand side
show the coseismic deformation fields from the forward modelling using the USGS bodywave
solution (strike: 335°, dip: 67°, rake: -96°, centroid depth: 112 km, Moment: 2.141019 N-m),
the time-dependent parameterised fitting, and the sICA, respectively. While the time series
panels on the right-hand side show one of the columns in the mixing matrix corresponding
to the coseismic component when using sICA, and the average time series plot of the peak
displacement pixels in line of sight (LOS) direction. (b) Same as (a) but for descending track
data (track 156). Earthquake is indicated by the black focal mechanism, and the location of
plotted peak InSAR displacement pixels and the GPS stations are marked by a black plus
symbol and green rectangles, respectively. For the forward modelling, we assume a dislocation
embedded in an isotropic elastic layered half-space, faults are equal in width and length, the
slip-to-length ratio is set to 1.510−5 for this interplate earthquake, and then calculate these
parameters using a rigidity value of 75 GPa. The Salar de Atacama and the Socompa volcano,
shown as red patches close to the epicentre and further south on parameterised fitting results,
have different behaviour in the time series (Liu et al., 2023), and thus are masked out when
using sICA. In all figures, positive values mean movements towards the satellite.
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4.3.2 Independent Observations from GPS and Seismology

We also extract the coseismic deformation offsets recorded from five GPS stations near the

epicentre (e.g., SPTA station shown in Figure 4.3) using a trajectory model fitting (e.g., Heflin

et al., 2020). Although there are just a few GPS stations and not all of them have captured

significant coseismic deformation, it is critical in our study to incorporate these datasets for the

following two reasons: 1) It is a strong validation of InSAR observations and helps constrain

where the deformation occurred (near field) and where not (far field). 2) It provides accurate

three-dimensional measurements, especially in the North-South direction where InSAR is less

sensitive due to the sub-polar orbits of the Sentinel-1 constellation, which is important for the

constraint of some fault parameters during the modelling.

Lastly, the seismological observations provide essential information on the location of hypocen-

tres and focal mechanisms extracted from seismic waveforms, measuring intraslab earthquakes

from another angle. We use the bodywave data from seismic stations near the epicentre of this

Mw 6.8 earthquake (from 3, 300 to 10, 000 km) downloaded from the international Federation of

Digital Seismograph Networks (FDSN). For modelling, we use Greens functions calculated using

a locally-constrained 1-D velocity model under Northern Chile (Husen et al., 1999), merged into

the global velocity model ak135 below 200 km depth.
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Figure 4.3: GPS time series fitting of the SPAT station. This station is closest to the epicentre
(∼ 45 km) and captures the most significant coseismic deformation (total displacement of 5.4
mm). It plots the daily GPS time series on three components, parameterised fitting curves, and
corresponding residuals. We only use partial datasets to perform fitting to minimise the impact
from steps caused by other nearby earthquakes or equipment changes, and the data have been
detrended using the Median Interannual Difference Adjusted for Skewness (MIDAS) algorithm
before fitting (Blewitt et al., 2016).

4.3.3 Numerical Modelling

We use the Bayesian Earthquake Analysis Tool (BEAT, Vasyura-Bathke et al., 2020) to perform

earthquake source modelling, which allows the inversion of multiple datasets and provides the

posterior probability density functions of fault rupture source parameters. We have run various

inversions using different datasets and settings, to test the factors that affect the modelling

output.

We initially perform a seismic inversion (using data from seismological stations only, Figure

B.1-B.6) to evaluate the quality of input seismological data and compare the model outputs

to publicly available earthquake catalogues. We find that it provides confident solutions and
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achieves high consistency with source parameters from routine global catalogues (the USGS,

GCMT, etc.; Table B.1) that use similar datasets.

We then run a geodetic inversion, using InSAR (derived from sICA) and GPS data, using a

layered elastic model based on the same velocity structure as that employed for the seismic

inversion (Figure B.7-B.22). We achieve a relatively wide posterior distribution of some source

parameters (98 ± 8 km depth, a margin of error < 5° for strike, dip, and rake) compared to

seismic inversion, and poor constraints on length, width, and slip due to the trade-off between

these parameters (Figure B.17). We find that the modelling outputs from geodetic inversion

generally agree well with those from seismic inversion, despite some discrepancies (e.g., rake val-

ues and slightly shallower depth). The relatively large displacements of 2.8 ± 0.1 mm observed

by GPS in the North direction (Figure 4.3) contribute a higher rake value (-137° compared

to -96° from seismic inversion), implying a significant strike-slip motion. In addition, we also

test the impact of using a uniform elastic half-space, with parameters based on averaging the

properties between the earthquake source and the surface. We find that using layered half-space

achieves smaller values (though differences < 10%) of moment but deeper depth, and the source

parameters are also slightly better constrained and more seismologically consistent than those

from uniform half-space (Figure B.21).

Finally, we perform a joint inversion combining all three datasets that complement each other,

and show the modelling results and the trade-off between some selected source parameters

(Figure 4.4, 4.5, and B.23-B.25). We find that parameters in the joint inversion are better

constrained, in terms of narrower posterior distributions and reduced trade-offs, compared to

employing each dataset separately. Overall, the model fits the observations well for all datasets,

and only marginal differences are found between the solved parameters and those of seismic

inversion. The main adjustment here compared to the geodetic inversion is the change in the

hypocentre location. With the additional constraints from seismological data, the model adjusts

the location of the epicentre and the depth to compensate for the north displacements captured

by GPS and the higher rake value in geodetic inversion.
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Figure 4.4: Modelling results from joint inversion. (a) Modelling results of the InSAR coseismic
displacement field (derived from sICA), which shows the observation, synthesis, and the residual
between them on downsampled ascending (746 points) and descending tracks data (576 points),
respectively. The best-fit solution from joint inversion is marked by the focal mechanisms,
and the green boxes on the synthetic panels represent the locations of GPS stations. (b) GPS
modelling results, labelled by their ID, in vertical and horizontal directions, respectively. (c)
Seismic waveform, and their fitting (including time shift and cross-correlation panels) of some
best fit stations from vertical (Z) and (transverse) T components.
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Figure 4.5: Fault parameter trade-offs and uncertainties. Correlation histogram of some se-
lected source parameters derived from the joint modelling results using InSAR displacements
(derived from sICA), GPS, and seismology, which shows the posterior distributions and trade-
offs between different parameters during the inversion (red dot and line depict the maximum
likelihood solution).

4.4 Discussion

4.4.1 Source Characterisation

Although the coseismic surface deformation signal of the study case is close to the limit of what

can be detected by either InSAR or GPS, as a result of its moderate magnitude and intermediate

depth, the contribution from geodetic data is significant as it provides supplementary constraints

on fault geometry and, importantly, the spatial extent of the rupture.

We find that despite the length, width, and slip of the fault being poorly constrained in the

geodetic-only inversion due to their large trade-offs against other parameters, and that the

seismic-only inversion struggles to provide any information regarding these parameters at the

frequencies used, they instead exhibit a relatively narrow Gaussian posterior distribution when

we perform the joint inversion. The median values of the width and length of the fault from
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joint inversion are 7.9 km and 12.8 km, respectively, which suggests an aspect ratio of ∼ 1.6.

This width value, and the resulting rupture area, are relatively small compared to the empirical

source-scaling values (width > 10 km for the same magnitude, Strasser et al., 2010; Thingbaijam

et al., 2017), implying different rupture mechanisms of this intraslab event.

In addition, the posterior distributions of the centroid depth and fault orientation are also very

narrow (110.1 ± 0.6 km depth, a margin of error < 3° for strike, dip, and rake). Note that the

depth variation is a formal uncertainty from the inversion scheme and does not consider, for

example, the bias contained in the choice of velocity model of the subsurface. However, it still

provides more refined information regarding the fault location and further helps us to better

understand its rupture mechanism.

4.4.2 Implications for Understanding the Mechanism of Intraslab Events

Intraslab earthquakes, including the events in Northern Chile, have commonly been observed

to divide into two layers within the subducting slab, which are so-called Double Seismic Zones

(DSZ, e.g., Kawakatsu, 1985; Dorbath et al., 2008; Wei et al., 2017). These two layers are

separated by a 10-40 km width aseismic region, with the upper seismicity layer (USL) of the

DSZ located in the oceanic crust, and the lower one in the lithospheric mantle (Sippl et al.,

2018).

The centroid depth of this study event, considering all the modelling outputs and uncertainties,

and the already well-known DSZ geometry in Northern Chile (e.g., Lu et al., 2021) indicate that

rupture is more likely to occur in the lower seismicity layer (LSL). For the events that occurred

in the USL, it is generally thought that the dehydration embrittlement, which involves releasing

free fluid into the slab and causing overpressures, is the explanation for the rupture mechanism.

However, the mechanism for the LSL events remains controversial due to the relatively dry

conditions indicated by the small b values observed in earthquake populations (Florez and

Prieto, 2019). Previous work from the laboratory and the field suggests that dehydration-

driven stress transfer mechanism could trigger rupture without a highly hydrated lithospheric

mantle (e.g., Ferrand et al., 2017). Although the thermal runaway model, which relies on the

internal generation of heat in the deforming material through shear heating (e.g., John et al.,

2009), could also be the answer to explain the occurrence of LSL events.

For the triggering of this Mw 6.8 earthquake, we prefer the dehydration-driven stress transfer
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mechanism for mainly two reasons. Firstly, the width range of the fault plane, from the posterior

distribution, is only 6-10 km. This unusually narrow width is consistent with the idea of a clear

boundary existing between hydrous and anhydrous peridotite at LSL, which is explained by

the depth of hydration of the incoming slab due to penetration (Ranero et al., 2003). In

addition, the recent 3-D tomographic model of this event (Herrera et al., 2022) also indicates

the potential occurrence of massive dehydration reactions at this depth. Secondly, although

the thermal runaway model is thought to be at least part of the intraslab earthquake rupture

process, it generally expects low rupture speed and radiation efficiency (Kanamori et al., 1998),

while here we obtain a short duration time (median value of 3.5s) that indicates high rupture

speed (median value of 3.6 km/s).

4.4.3 Prospects and Future Work

Here, we present an example of using space geodesy to measure the static displacements at

the Earth’s surface caused by a 112 km deep Mw 6.8 intraslab earthquake. By applying sICA

or parameterised fitting with atmospheric corrections, we show that a large scale (> 100 km)

coseismic deformation pattern caused by intraslab on the order of a few millimetres could be

precisely retrieved from InSAR time series data.

Using this case example, we show approximate the minimum magnitude and maximum depth of

intraslab earthquakes to be detectable by InSAR. By forward modelling, we find that in addition

to the magnitude and depth of the earthquakes, the velocity structure (and the value of shear

modulus) of the subsurface also plays important roles in deciding the anticipated coseismic

deformation signals on the surface (Figure 4.6). For real-world observations, more complicated

circumstances need to be considered. For example, the quality of InSAR data (coherence,

atmospheric noise, etc), only onshore observations, and the material property of the surface

(e.g., the Salars shown here) will also significantly affect the observed signals. Nevertheless, we

demonstrate the capability of existing, and presumably better of the forthcoming (e.g., NISAR),

InSAR observations for measuring intraslab earthquakes, making InSAR data more viable when

measuring stronger signals, greatly enriching the data sources for studying these events.
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Figure 4.6: Impact of velocity structure on intraslab earthquake detectability. a) Shear modulus
(rigidity value) change with the increase of depth, using the 1-D velocity structure under North-
ern Chile (Husen et al., 1999). b) Peak surface displacements in the LOS direction of ascending
track (incident angle 39°) for a range of magnitudes and centroid depths in Northern Chile,
simulated by forward modelling (negative values mean movements away from the satellite). We
use the same focal mechanism of the Mw 6.8 from the USGS bodywave solution (strike: 335°,
dip: 67°, rake: -96°), assume faults are equal in width and length, and the slip-to-length ratio
is set to 1.5×10−5.

More importantly, we show that the additional constraints from InSAR data, combined with

those from GPS and seismological data, could help us better determine the source of intraslab

earthquakes, including depth, focal mechanisms, fault geometry, etc., leading to a better un-

derstanding of the rupture mechanism and the properties of slabs. In addition, the surface

deformation observed by geodesy, which is associated with the velocity model and rigidity val-

ues, could also in turn provide insight into the better resolving of them. Although more data

processing and systematic analysis are required, this could make huge impact on the accuracy

of seismological modelling (e.g., Craig et al., 2023), and further improving our understanding

of Earth’s structure in the long term.

4.5 Method

4.5.1 GPS Processing

There are several GPS stations near the epicentre whose observation periods cover the earth-

quake event time and capture the coseismic deformation. To calculate the coseismic deformation

recorded by these stations and later to tie the velocity field with InSAR, we use a time series
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with average daily positions processed by the Nevada Geodetic Laboratory in a South American

Plate reference frame (Blewitt et al., 2018) to do a time-dependent parameterised fitting, using

a trajectory model that is appropriate for the anticipated types of displacements due to the

seismic cycle:

ψ(t) = H(t− t0)C + V t+A1 sin 2πt+A2 cos 2πt+A3 sin 4πt+A4 cos 4πt+ b, (4.1)

where the unit of time t is year, H(∗) is a Heaviside step function, C represents the coseismic

deformation at the earthquake event time t0, V is the background long-term linear deformation

rate which contains in part the interseismic displacement, A1, A2 and A3, A4 represent the

annual and semi-annual terms, respectively, and b is a constant reference offset in observations.

We do not model the post-seismic deformation here as the observed surface deformation of the

earthquake is relatively weak (< 5 mm), and no clear post-seismic signals are captured by visual

checks.

4.5.2 InSAR Time Series Analysis

Using the European Space Agency (ESA) Sentinel-1 Interferometric Wide (IW) swath mode

Single Look Complex (SLC) images, we form interferograms with multilooking (10 in azimuth

and 40 in range, yielding a pixel size of ∼ 140 m × 93 m) but no spatial filtering using the

InSAR Scientific Computing Environment (ISCE) software (Rosen et al., 2012). We use the

Copernicus Digital Elevation Model (DEM) with global coverage at 30 m resolution (GLO-

30) during the processing. We form interferogram networks by connecting each image to 10

subsequent acquisitions (6-60 days temporal interferogram, assuming a revisit time of 6 days

for combined Sentinel-1A and 1B acquisitions). Meanwhile, the ionospheric phase variation

across the acquisition area for each epoch is also obtained and later removed from time series

data using the range split-spectrum method (Liang et al., 2019).

We then use the Stanford Method for Persistent Scatterers (StaMPS) software (Hooper et al.,

2007) to perform time series analysis, which includes a) resampling pixels to 500 m resolution

to reduce data volume, b) unwrapping all the interferograms iteratively to reduce unwrapping

errors by checking for phase consistency (Hussain et al., 2016), c) application of Generic Atmo-

spheric Correction Online Service (GACOS, Yu et al., 2018) for tropospheric artefacts using the

Toolbox for Reducing Atmospheric InSAR Noise (TRAIN) software (Bekaert et al., 2015), and
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further refine this correction using a spatially varying scaling method (Shen et al., 2019), and

finally d) using only longer temporal interferograms (48-60 days) to do small baseline subset

inversion to reduce the potential impact of the fading signal (Ansari et al., 2020).

4.5.3 Noise within InSAR data

As the vast majority of Northern Chile lacks vegetation, the coherence in our experimental

area is very high, which significantly lowers the impact of unwrapping errors and fading signals

(Agram and Simons, 2015; Ansari et al., 2020). The main source of uncertainty in our InSAR

data comes from atmospheric noise, including both tropospheric and ionospheric components.

We evaluate the improvements in the quality of data after the tropospheric (GACOS, Yu et al.,

2018) and ionospheric (split spectrum method, Liang et al., 2019) correction, by checking the

reduction of the standard deviation of interferograms, the SNR of interferograms, or the root

mean square error of parameterised fitting of InSAR time series (Table B.2). Due to the high

vertical Total Electron Content (TEC) in Northern Chile at the acquisition time of the ascending

track (Fattahi et al., 2017), we find that for the ascending track, the GACOS correction alone

did not work very well, but quality of data is significantly improved after incorporating the

ionospheric correction, showing the complementarity between these corrections. While for the

descending track, the GACOS alone reduces the noise level a lot. However, little refinements

are observed after ionospheric correction since the ionospheric delay is less significant than that

of the ascending track, and the split spectrum method is not sensitive enough to work well. As

a result, the noise level within the ascending track data is lower than that of descending track

data after all these atmospheric corrections.

4.5.4 Parameterised Fitting and Independent Component Analysis (ICA)

Compared to single interferograms, InSAR time series analysis provides frequent estimates of

surface displacement through time, providing better noise resilience. Furthermore, if we assume

a deformation model appropriate for displacements due to the seismic cycle as is the case for

GPS, we can reconstruct the coseismic deformation field via a time-dependent parameterized

model fitted to InSAR time series data (Liu et al., 2021). We use the same model as (1) except

removing the semi-annual term to avoid over-fitting, given the high noise level within the InSAR
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data:

ψ(t) = H(t− t0)C + V t+A1 sin 2πt+A2 cos 2πt+ b, (4.2)

We can fit the InSAR time series data using Equation 4.2 pixel by pixel, and obtain the re-

constructed coseismic deformation field using the values of solved coseismic deformation (Fig-

ure 4.2).

ICA is another frequently used approach to extract independent signals from mixtures of vari-

ables, which allows the decomposition of a mixed signal into a set of linear, additive components.

Since the signals within InSAR data (individual interferograms or time series) are either spa-

tially or temporally independent, ICA has been applied to extract deformation signals from

various noise sources (e.g., Ebmeier, 2016; Cohen-Waeber et al., 2018). For example, when

applying spatial ICA (sICA) for a given InSAR time series dataset (matrix X, size of nepoch ×

npixel, where nepoch and npixel are the number of epochs and pixels in each epoch, respectively),

it can be decomposed into statistically independent components (matrix S, size of nncomp ×

npixel, where nncomp is the number of components that you would like the dataset to be decom-

posed), and the mixing matrix A (size of nepoch × nncomp) which describes the strength of each

independent spatial component at each time step to restore the input datasets (X=A·S). Given

the coseismic signal is spatially independent of other sources (e.g., interseismic deformation re-

lated to the Chilean subduction megathrust, topographic-related signal, residual atmospheric

noise, etc), we can apply sICA to extract the coseismic deformation pattern as an independent

component from the input time series of cumulative displacements. More importantly, since

the permanent coseismic spatial deformation pattern will remain on the time series data (the

cumulative displacements) after the earthquake, we see a “coseismic offset” in the correspond-

ing column of the mixing matrix, at the epoch near the earthquake event time. We then can

solve for this “coseismic offset” using Equation 4.2 and use it to scale the deformation pattern

retrieved in the corresponding independent component to estimate the coseismic deformation

field (Figure 4.2).

We apply sICA using the InSAR time series data, with tropospheric and ionospheric noise

already corrected, on both tracks. We first whiten and reduce the number of dimensions of the

data using principal component analysis, and then manually adjust the number of independent

components to test the performance, and find that nine and ten are the most suitable number of
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components (too many or too few will cause the coseismic deformation to be either dismantled

or buried by other signals or noise), for ascending and descending track data, respectively. We

masked out the Salar de Atacama due to different time series behaviours that might be related to

lithium mining and groundwater movements, and Socompa volcanic unrest that caused velocity

changes since Nov 2019 (Liu et al., 2023). We also mask out some coverage on the west of

descending track data due to still strong remaining atmospheric turbulence near the coast. All

these strong signals in these regions impede the robustness and effectiveness of retrieving the

coseismic deformation pattern from the algorithm.

4.5.5 Seismological Observations

We downloaded the bodywave data from the international Federation of Digital Seismograph

Networks (FDSN), using the command implemented in BEAT software (69 stations for Z com-

ponent, and 37 for T component, aiming to achieve good azimuth and epicentral coverage, note

the deficiency due to the Pacific and Atlantic Ocean). We choose the seismic stations near the

epicentre of this Mw 6.8 earthquake (from 3, 300 to 10, 000 km). We manually identify and

remove some low-quality data from P and S waves, respectively, to improve the subsequent mod-

elling outputs. When perform inversion, we use a filter range of 0.025-0.25 Hz, with a window

from 20s before to 130s after the P-wave onset with 20s taper either end, and a window from

20s before and 150s after S-wave onset with the same taper as the P-wave. The optimization

is done in the T (S waves window) and Z (P waves window) rotated coordinate system, with

alignment allows 15s for synthetic and observed seismic wave by cross correlation.

4.5.6 Modelling Settings

We calculate Green’s function based on the velocities of P and S waves under Northern Chile

(Husen et al., 1999) and global model ak135 (below 200 km depth), to set up the layered (for

both geodetic and seismic inversions) elastic half-space, and later the uniform one (for geodetic

inversion only) using parameters based on averaging the properties between the earthquake

source and the surface.

For geodetic inversion, we use a nested uniform downsampling of the coseismic deformation

fields (derived from parameterised fitting or sICA), with a greater pixel density in the near

field, and mask out the regions of Salar de Atacama and Socompa volcano due to different

behaviours in response to the earthquake (Liu et al., 2023). We use a rectangular source, solve
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for depth, length, width, slip, strike, dip, rake, east shift and north shift, and run 200 chains

and 500 steps. For seismic inversion, we use a double couple point source with no CLVD or

isotropic component, solve for magnitude, depth, strike, dip, rake, time, duration, east shift,

and north shift, and run 1000 chains and 300 steps. For joint inversion, we use a rectangular

source, additional solve for duration, time, nucleation parameters in length and width direction

of the fault plane compared to geodetic inversion, and run 1000 chains and 300 steps.

For all inversion, we use uniform priors for all parameters (initial value are from the USGS

or empirical numbers, with meaningful and wide enough boundaries). We also solve for sev-

eral hierarchical parameters, including ramp estimations for the InSAR data, and time shifts

for each seismic station to compensate for along-path variations in velocity structure. We do

not do noise scaling, but use four hyperparameters (one for GPS, one for InSAR, one for P

waves, and one for S waves) when multiple datasets are used, to adjust the relative weight

between different datasets automatically. However, when performing the inversion with GPS

data, since there are only five GPS stations so the GPS hyperparameter cannot be well con-

strained, we fix its value to zero to avoid any overweighted or underweighted of the GPS dataset.
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Key Points

• We combine InSAR and GPS data to survey the Central Andean volcanoes, some of which

have been updated for the first time in over 10 years
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• We show the first detection of unrest at Socompa volcano with steady uplift up to 17.5

mm/yr since Nov 2019

• Deformation patterns are consistent with an ellipsoidal source, stretching from 2.1 to 10.5

km and with a volume change of 6.2×106 m3/yr

5.1 Abstract

We report the first detection of unrest at Socompa volcano during our recent survey of Central

Andean volcanos in Northern Chile using Interferometric Synthetic Aperture Radar (InSAR)

measurements spanning Jan 2018 to Oct 2021. We find that Socompa volcano, whilst initially

undeforming and no recorded eruptions for 7.2 kyr, shows a steady uplift (17.5 mm/yr) from

Nov 2019, independently recorded by near-field continuous Global Positioning System (GPS)

data. The deformation pattern can be fitted with pressure increase in an ellipsoidal source

region stretching from 2.1 to 10.5 km, with a volume change rate of ∼6.2×106 m3/yr. Our

observations of the onset of uplift suggest it is unlikely that a nearby Mw 6.8 deep intraslab

earthquake on 3rd June 2020 triggered the unrest. The deformation signal we detect indicates

the initiation of unrest at Socompa, after at least two decades without measurable deformation,

and many thousands of years without volcanic activity.

Plain Language Summary

Here we report the first observation of unrest of the Socompa volcano, Northern Chile, which

is thought to have last erupted thousands of years ago. Using radar interferometry technique

and differencing radar images from two dates, it is possible to retrieve millimetre-level surface

displacements during this period. Here, we use a time series of multiple images spanning Jan

2018 to Jan 2023, over the Central Andean volcanoes in Northern Chile, to estimate the change

in ground movement through time. Combined with GPS data, we find Socompa volcano started

to uplift in Nov 2019 at a relatively stable speed (of 17.5 mm/yr) without any trace of slowing

down up to Dec 2021. Our analysis suggests that this volcanic deformation is unlikely to

have been triggered by a nearby 112 km depth, Mw 6.8 earthquake, which occurred in June

2020, and was thus after the onset time. Deformation at Socompa has similarities with other

volcanoes in the Central Andes, where low rates of magmatic uplift have been detected at other

apparently quiescent volcanoes. Such large-scale monitoring efforts using remote sensing data
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are important, as we can better understand the deformation style of these volcanoes in areas

that are poorly instrumented.

5.2 Introduction

Satellite Interferometric Synthetic Aperture Radar (InSAR) measures the Earth’s surface de-

formation at the millimetre-level and has increased the number of volcanoes where deformation

has been studied by an order of magnitude (e.g., Biggs et al., 2014; Ebmeier et al., 2018; Poland

and Zebker, 2022). InSAR can capture deformation caused by the movement of magma through

the Earth’s crust (e.g., Reath et al., 2019), by pressure changes within a zone of magma storage

(e.g., Chaussard and Amelung, 2012) or overlying hydrothermal system (e.g., Yunjun et al.,

2021). In Northern Chile (17.5-27°S), where only 10 of the region’s 42 Holocene volcanoes are

currently actively monitored using ground-based instrumentation (Aguilera et al., 2022), the

systematic displacement measurements possible with InSAR can provide the best record of tim-

ings of recent unrest and magmatic activity at Central Andean volcanoes (e.g., Pritchard and

Simons, 2004a; Henderson and Pritchard, 2013).

Survey-mode InSAR first detected magmatic deformation in the Central Andes at Uturuncu,

Lazufre, Cerro Blanco and Sabancaya-Hualca Hualca in the 1990s (Pritchard and Simons, 2002;

MacQueen et al., 2020). Uturuncu has been the subject of numerous subsequent studies (e.g.,

Fialko and Pearse, 2012; Hickey et al., 2013; Henderson and Pritchard, 2013; Henderson and

Pritchard, 2013; Henderson et al., 2017; Barone et al., 2019), showing a reservoir depth of

15-30 km and deformation potentially related to deeper magma movement associated with the

Altiplano-Puna Magma Body (APMB, Ward et al., 2014). The deformation signal near Cerro

Overo, which has no ground-based monitoring, is intriguing as it transitioned from subsidence

to uplift in ∼2003-2005, which involves fluid accumulation and loss within the crust at ∼10

km depth (Henderson and Pritchard, 2013). The deformation pattern of uplift at Lazufre

(Lastarria and Azufre) has been interpreted to represent magma accumulation in the mid-

upper crust with source depth < 10 km (Ruch and Walter, 2010; Pearse and Lundgren, 2013;

Remy et al., 2014; Dı́az et al., 2015; Henderson et al., 2017), in addition to a source ∼ 1

km under the Lastarria summit observed between 2003 and 2005 (Froger et al., 2007). Other

deformation, for example during the 2010 unrest at Lascar (which erupted in 2015-2017 without

deformation, Gaete et al., 2020, and most recently in Dec 2022) can be linked to crater evolution
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processes such as gravitational slumping or piston-like subsidence (Richter et al., 2018). Putana

and Sillajhuay showed short-lived, low-magnitude uplift in 2009 and 2007-2010, respectively,

related to hydrothermal or seismic activity (Henderson and Pritchard, 2013; Stebel et al., 2014;

Pritchard et al., 2014).

The triggers for episodes of magmatic uplift (or subsidence) in the Central Andes are obscure

but could potentially include (1) variations in flux from lower crustal bodies of melt (e.g., the

APMB) or (2) changes within shallow reservoirs such as crystal mushor degassing as inferred in

other settings (Pritchard et al., 2019). These processes cause pressure changes within reservoirs,

thus controlling the initiation and cessation of inflation and deflation (or even possible episodic

inflation and deflation as shown at Cerro Overo and Uturuncu, Walter and Motagh, 2014).

The initiation of deformation may be linked to external events like earthquakes. For example,

large subduction earthquakes in the Southern Andes and Japan caused stress field changes

that triggered episodes of subsidence at multiple volcanoes (Pritchard et al., 2013; Takada and

Fukushima, 2013), and regional earthquakes are also thought to have triggered delayed uplift

through surface waves (e.g., Lupi et al., 2017).

Here, we analyse ∼ 4 years of Sentinel-1 InSAR time series data, spanning Jan 2018 to Oct

2021, in the region of Antofagasta, Chile (Figure 5.1). Similarly to those previously reported,

we observe uplift at Uturuncu, and Cerro Overo and Azufre. However, we also find a previously

unreported deformation signal centred on the Socompa volcano, where no deformation has

previously been observed from regional InSAR studies (1992-2010, Henderson and Pritchard,

2013). We measure a steady linear uplift (rate of 17.5 ± 3.7 mm/yr) starting from Nov 2019,

which continues through the rest of our InSAR observation time (until Oct 2021).

Socompa is a large stratovolcano (peak elevation 6,031 m) and is the site of a trainline and

manned border control between Chile and Argentina. It is known for the failure of the north-

western flank that produced a 600 km2 debris-avalanche deposit and triggered post-collapse

eruptions ∼7, 200 years ago (Wadge et al., 1995). As a result of its remote location and pre-

sumed quiescence, it lacks targeted ground monitoring, although it was selected as the site

of a single Global Positioning System (GPS) station (SOCM) installed in 2011 as part of the

NSF PLUTONS network (Pritchard et al., 2018) due to its location halfway between Lazufre

and Uturuncu and previously used as a far-field non-deforming reference station. A small lake

at the foot, and several warmspots near the summit of the volcano form a complex microbial
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ecosystem (Halloy, 1991; Costello et al., 2009; Faŕıas et al., 2013) where both water and CO2

degassing have been observed during field studies (but not from a satellite IR survey; Jay et al.,

2013), implying the presence of active hydrothermal and therefore magmatic systems.

We determine the precise onset time of uplift at Socompa using a time-dependent parameter-

ized model fitting the GPS time series from SOCM, and investigate the temporal relationship

between the onset of Socompa uplift and nearby earthquakes to explore the potential trigger

mechanisms. We reconstruct the cumulative deformation fields using an InSAR time series

approach (Liu et al., 2021), and combine both InSAR and GPS data as inputs to assess several

potential geodetic source models to explain the Socompa deformation. Finally, we discuss the

sudden onset of uplift at Socompa in the context of the long timescales of unrest as observed

with InSAR in the Central Andean volcanoes since the 1990s.
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Figure 5.1: Topographic map of Northern Chile from Shuttle Radar Topography Mission
(SRTM). White and black dashed rectangle boxes show the Sentinel-1 data coverage from two
tracks (149A Ascending and 156D Descending, spanning Jan 2018 to Oct 2021). All Holocene
volcanoes are marked and some active volcanoes with larger icons are labelled by their name.
The red dashed line roughly defines the extent of the APMB (Perkins et al., 2016). The Mw

6.8 earthquake epicentre (3rd Jun 2020 with a 112 km centroid depth), is marked by the focal
mechanism, while all the Mw > 6.0 historical earthquakes since 1976 (where a precise global
seismic network was established) in this region are shown by blue circles coloured by centroid
depth (records from the United States Geological Survey, USGS).
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5.3 InSAR Time Series Analysis

Here we process Sentinel-1 InSAR time series using the LiCSAR processing chain (Lazeckỳ et

al., 2020) and StaMPS software (Hooper et al., 2007, processing details in Text S1). Compared

to single interferograms, InSAR time series analysis provides frequent estimates of surface dis-

placement through time (every 6 or 12 days for Sentinel-1), reducing measurement uncertainties

from noise (Osmanoğlu et al., 2016). In addition, if we assume a deformation model appropri-

ate for displacements due to Socompa unrest, we can reconstruct the post-onset cumulative

deformation field via a time-dependent parameterized model fitted to the InSAR time series.

As the observed velocity change at Socompa is approximately linear, we assume that surface

displacement at time t following the onset time t0 can be decomposed as follows:

ψ(t) = V1t+H(t− t0)V2t+ b, (5.1)

where H(∗) is a Heaviside step function, V1 is the background long-term linear deformation

rate, V2 is the linear velocity change after the onset time, and b is a constant reference offset in

observations. We do not fit the seasonal signals because the already-applied GACOS correction

should suppress the seasonality, and it is also difficult to model it accurately considering the

noise level within the InSAR data in this region (particularly from ionospheric delay, Liang et

al., 2019). After fitting the data, we reconstruct the cumulative pre- and post-onset deformation

field in the line of sight (LOS) direction via the difference between the points at both ends of

the fitting lines (Figure 5.2).

As the Central Andes predominately lacks vegetation, coherence is very high, significantly low-

ering the impact of unwrapping errors and fading signals (Agram and Simons, 2015). The main

InSAR error sources arise from atmospheric noise, including both tropospheric and ionospheric

components. Although the applied GACOS corrections (Yu et al., 2018) improve the data qual-

ity (with average standard error reductions of 16.9% and 45.7% for ascending and descending

interferograms, respectively, Figure C.1), the ionospheric noise is very strong and could not be

ignored, especially on ascending track. We therefore remove a linear ramp that spans the whole

interferogram to reduce ionospheric noise, and other long wavelength signals associated with

orbit errors and plate motion. Overall, the noise level in the ascending data is much higher

than for descending, and noticeable atmospheric artefacts remain in high topography areas.
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Figure 5.2: Reconstructed pre- and post-onset cumulative deformation fields and corresponding
InSAR time series plots. (a) The pre- and post-onset cumulative deformation fields using
ascending track data. The focal mechanism, black dashed polygon, and green square represent
the epicentre of the Mw 6.8 earthquake, the approximate boundaries of the salar (salt pan)
regions (Text S2), and the InSAR reference points, respectively. The InSAR time series plots
of some peak displacement pixels near the volcanoes are shown in (c). (b) Same as (a) but
for descending track data. In all figures, positive values mean movement towards the satellite.
Note the displacement signal associated with Cerro Overo is ∼40 km southeast of the volcano
and falls outside of the data coverage on the descending frame.
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5.4 Socompa Uplift

5.4.1 Onset Time Implications

Determining the onset time for Socompa uplift is important not only for reconstructing the

cumulative deformation field, but also for investigating potential causes for initiating unrest at

Socompa. Due to historically lower temporal resolution satellite imagery and the typically long

duration of unrest, it has not previously been possible to determine precisely the initiation time

of deformation at a Central Andean volcano. For example, while uplift at Sabancaya is known

to have started in 2013, the distribution of SAR acquisitions means that it could have taken

place at any point over several months (MacQueen et al., 2020). Here we investigate potential

triggering mechanisms from earthquakes in this region by exploring all major historical events

(Mw > 6.0 since 1976, see Figure 5.1). We find the closest event in space and time is a Mw

6.8 intraslab earthquake with a 112 km centroid depth, which occurred on 3rd Jun 2020, and

whose epicentre is 120 km northwest of Socompa (Figure C.2). Initial visual inspection of the

deformation signal pointed to the potential for a causal relationship given the close correlation

in time, but the InSAR time series are noisy and contain seasonal signals that overprint changes

in long-term trends.

5.4.2 Onset Time Determination

To determine the exact onset time, we collect data from a previously installed GPS station

(SOCM, Henderson et al., 2017), which is located ∼8 km southwest of the Socompa volcano

and captures the deformation signal (Figure 5.3c). We use a time series with average daily

positions processed by the Nevada Geodetic Laboratory in a South American Plate reference

frame (Blewitt et al., 2018) to do a time-dependent parameterized fitting, using the trajectory

model:

δ(t) = V1t+H(t− t0)V2t+A1 sin (2πt+ φ1)

+A2 sin (4πt+ φ2) +
∑

H(t− teq(i))Ci + b, (5.2)

where the unit of time t is year, A1, A2 and φ1, φ2 are the amplitudes and phases of annual

and semi-annual terms respectively, teq(i) and Ci are historical earthquake event times and

corresponding coseismic offsets that are close to the station (based on the database of the
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Nevada Geodetic Laboratory). We use a Markov Chain Monte Carlo approach to determine

that the optimal onset time t0 is 19th Nov 2019 (197 ± 12 days ahead of the earthquake event

time, Text S3), using all three components of GPS time series data and weighting them by the

noise level within each component (Figure 5.3a).

Such analysis highlights strong seasonal effects in the GPS time series, especially in the North

direction, leaving some uncertainty about the onset time in the data fitting. To reduce the in-

fluence of seasonal signals, we further use a novel method of vector decomposition, transforming

the East-North vectors into another orthogonal coordinate system, aligned along the movements

parallel and perpendicular to the direction of seasonal motion (Text S4). The decomposition

results (Figure 5.3b) clearly show an onset time half a year ahead of the earthquake, suggesting

that unrest at Socompa was unlikely dynamically triggered by seismic waves induced by this

earthquake.
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Figure 5.3: GPS time series parameter fitting to determine the deformation onset at Socompa
volcano. (a) Daily GPS time series and parameterized fitting using Equation 5.2, and corre-
sponding residuals. The thick red vertical line shows the 95% confidence interval of the onset
time. The data have been detrended using the MIDAS algorithm before fitting (Blewitt et al.,
2016). (b) Decomposition of East and North directions of GPS data into movement perpendic-
ular and parallel to the direction of seasonal motion. (c) The relative location of this SOCM
GPS station, using the vertical post onset time cumulative deformation field decomposed from
ascending and descending as the background image. The green arrows indicate the rough di-
rection of movement perpendicular (V1) and parallel (V2) to the seasonal motion used in (b).
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5.4.3 Volcanic Geodetic Source Modelling

As we detect unrest at Socompa for the first time, we explore several source models to explain the

observed deformation, including a point pressure source (Mogi, 1958), prolate spheroid (Yang et

al., 1988), dipping dike with uniform opening (Okada, 1985), and a point Compound Dislocation

Model (pCDM, Nikkhoo et al., 2017; Lundgren et al., 2017). We use the reconstructed post-

onset cumulative deformation fields from the InSAR time series (Nov 2019 to Oct 2021), and

cumulative GPS deformation at SOCM station that has the same time scale as InSAR data,

as it improves the signal-to-noise ratio (SNR) of input data and subsequently provides more

robust modelling results.

We first use a nested uniform downsampling of the reconstructed post-onset cumulative de-

formation fields, with a greater pixel density in the deformation area (Figure C.3). Then we

use the GBIS software (Bagnardi and Hooper, 2018), a Bayesian approach for the inversion of

multiple geodetic data sets that provides the posterior probability density functions of source

model parameters, to invert the model parameters. We embed the code of pCDM (Nikkhoo

et al., 2017) into the GBIS software so that all models run in the same environment, and use the

data uncertainty within the InSAR and GPS observations to weight them during the inversion

(Figure C.4).

To obtain the equivalent volume change of pCDM, we further use the point Ellipsoidal Cavity

Model (pECM, Nikkhoo et al., 2017), a special case of pCDM that is constrained to represent

a pressurized ellipsoidal cavity, to perform the inversion using the inferred source location and

orientation from pCDM. Our modelling results show the Yang and pCDM (pECM) fits the

observations best (Figure 5.4, C.5-C.9, and Table C.1, the values of reduced chi-squared, Text

S5 are 0.42, 0.43, 0.48, and 0.65 for pCDM, Yang, Okada, and Mogi, respectively), and these two

models give similar source depth (6.3 and 7.3 km for pCDM and Yang, respectively), geometry,

and volume change (∼1.1×107 m3 for both models).
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Figure 5.4: (a) Volcanic source model of Socompa cumulative uplift (Nov 2019 – Oct 2021)
using pCDM. It shows the modelling results of InSAR and GPS observations. The green box
in InSAR observations indicates the location of the SOCM station. In the GPS panel, the
black vertical vector represents the up-component deformation (∼15 mm), while the blue vector
signifies the horizontal deformation in the east (∼-10 mm) and north (∼-20 mm) directions. (b)
Source geometry derived from pECM, which is defined by the source location (X0,Y0,Depth),
the rotation angles around three axes (ωX ,ωY ,ωZ), the semi-axes along three axes (a,b,c), and
the pressure on the cavity walls. Poisson’s ratio is 0.25 and shear modulus is 32GPa here. (c)
Cartoon depicting the magmatic systems in this region (approximate representation of relative
locations), and those timelines of surface deformations from 1992-2023 measured by InSAR
and GPS. Note the source depths vary based on different models and observation periods (e.g.,
Uturuncu 15-30 km, Lazufre < 10 km), and here we only plot the approximate depth of the
magma reservoir, including the shallow reservoirs reported at Lastarria and Uturuncu (Froger
et al., 2007; Lau et al., 2018; Gottsmann et al., 2022). We plot the rough depth of the Southern
Puna Magma Body under Lazufre from Stechern et al., 2017, the shape and depth of APMB
from Ward et al., 2014, and the extent of the high resistivity region from Ślezak et al., 2021.
Depth at 0 km means the earth’s surface at the local topography (summit elevations: 5, 706 m
at Lazufre, 6, 031 m at Socompa, ∼5, 000 m at Cerro Overo, and 6, 008 m at Uturuncu).
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5.5 Other Volcanic Deformations

Several volcanoes have been reported to be deforming in the past few decades (Figure 5.2) and

we tie our InSAR observation to the GPS network in this region (Text S6 and Figure C.10)

to compare our results to these earlier studies. Starting in the north, Uturuncu previously

showed a deformation rate of ∼15 mm/yr in the 1990s (Fialko and Pearse, 2012; Henderson and

Pritchard, 2013), but this gradually slowed in the 2010s (Gottsmann et al., 2017) to a rate of 3-5

mm/yr in ∼2017 (Lau et al., 2018) and ∼3 mm/yr in ∼2020 (Eiden et al., 2023). In agreement

with previous studies, we observe an uplift rate of 2.5 ± 1.8 mm/yr on Uturuncu (2018-2021,

Figure C.11a). Putana displayed short-lived uplift totaling 40 mm displacement in 2009-2010

(Henderson and Pritchard, 2013), whilst we find potential subsidence of -3.9 ± 2.1 mm/yr

(Nov 2019-Oct 2021), with an onset which seems coincident with the deformation at Socompa

(Figure C.11b). The deformation signal close to the Cerro Overo, which previously changed

from subsidence of -4 mm/yr (1992-2003) to uplift of 5 mm/yr through 2010 on descending track

(Henderson and Pritchard, 2013), continues to uplift at a rate of 3.8 ± 2.6 mm/yr (ascending

LOS velocity, 2018-2021). Lazufre volcano shows uplift rates of 11.2 ± 1.7 mm/yr (2018-

2021, Figure C.11c), consistent with the trend of surface deformation slowing at this volcano

(Henderson and Pritchard, 2013; Remy et al., 2014; Henderson et al., 2017).

5.6 Discussion

Since uplift at Socompa started months before the Mw 6.8 intraslab earthquake, we instead

consider a plausible explanation for the sudden uplift to be the ascent of magmatic fluids from

a deeper melt source into a shallower reservoir. A magnetotelluric study (Ślezak et al., 2021)

in the Atacama region found a high conductivity zone at Socompa (∼5 km west of the volcano

and spanning 2 km to over 30 km depth), although there is significant uncertainty on the

existence of the high conductivity zone as it is constrained by only one measurement point at

Socompa, whereas the high resistivity region suggests that Socompa is unlikely connected to

APMB (Figure 5.4c). The crust beneath Socompa and Cerro Overo has not been subject to

the same level of study as Uturuncu and the APMB (e.g., Comeau et al., 2016). Deformation

at Socompa has some first order similarities to that at Lazufre (∼90 km to the South): they

have similar source depth (< 10 km) and rate of volume change in order of 106 m3/yr (Remy

et al., 2014; Henderson et al., 2017). The shallow reservoir and hydrothermal system beneath
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Lazufre have been suggested to be linked to the Southern Puna Magma Body (Budach et al.,

2013; Stechern et al., 2017; Ward et al., 2017), but there is no independent evidence for this at

Socompa.

An interesting question here is whether the initiation of uplift at Socompa will maintain a linear

rate, decrease exponentially like at Lazufre or whether it will gradually slow and eventually

cease. The current geodetic observations show no trace of deceleration, which in a purely

elastic system would imply a constant pressure increase. Alternatively, it may be too early to

detect any decrease in magnitude of a hydraulic connection to a deeper magma supply. Note

that the current pressure we obtain from the model is ∼13.2 MPa, which is far less than the

overpressure required for chamber wall failure (Gerbault et al., 2018).

Deformation at Socompa is very consistent with other observations of unrest in the Central

Andes (e.g., Pritchard:2004; Henderson and Pritchard, 2013). The deformation rate is low

(usually < 30 mm/yr), and uplift started after an apparently very long period of quiescence

(like Lazufre), consistent with deformation taking place on much longer timescales that other

parts of the Andes (inter-eruptive and co-eruptive deformation rates are much higher in both

the Northern and Southern Andes, e.g., Pritchard and Simons, 2004b; Fournier et al., 2010;

Morales Rivera et al., 2016). This means that Holocene activity is not necessarily a good basis

for assessing whether Central Andean volcanoes have active magmatic systems or are likely

to enter a phase of unrest. InSAR measurements of deformation are therefore critical for the

detection of volcanic unrest. However, volcano deformation in the Central Andes is generally not

associated with eruption (except at Sabancaya and Lascar), reflecting lower rates of reservoir

pressurization and therefore lower rates of magma flux that are more conducive to intrusion

growth than brittle failure, dyke propagation and magma ascent (Biggs and Pritchard, 2017).

5.7 Conclusion

Our observations update the volcanic monitoring at Central Andean volcanoes in Northern

Chile. We first detected unrest at Socompa volcano, contribute to a picture of low-rate, episodic

deformation in this region, indicative of magmatic processes that take place on very long time

scales of decades. We determine the onset time of Socompa uplift in Nov 2019, with a linear rate

of 17.5 mm/yr up to Jan 2023, using InSAR and GPS observations. We test several geodetic

source models, finding the best-fit for an ellipsoidal source located at a depth of ∼6.3 km and
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volume change of ∼6.2×106 m3/yr. We capture the onset of deformation at a Central Andean

volcano for the first time at high temporal resolution, which suggests earthquake triggering is

unlikely in this case. This provides a potentially important dataset for assessing the temporal

development and therefore origin of such deformation.
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Chapter 6

Conclusion

6.1 Summary of Research Outcomes

In this thesis, I have applied InSAR time series approaches to detect and measure the surface

deformation of three shallow continental earthquakes (Mw 5.6-6.3, 0-20 km depth) in Iran, and

a large intraslab earthquake (Mw 6.8, 112 km depth), as well as the nearby volcanic activities,

in Northern Chile.

In chapter 3, I choose three shallow moderate magnitude earthquakes (Mw 6.0, 5 km depth, Aug

2018; Mw 6.3, 12 km depth, Nov 2018; and Mw 5.6, 11 km depth, Jan 2019) following the Mw

7.3 mainshock occurring in Nov 2017, Iran-Iraq border, as case studies to test the capability of

InSAR for shallow continental earthquakes. I perform (five years of Sentinel-1 data) InSAR time

series analysis to improve the detectability of these events that otherwise might go undetected

within single interferograms. I reconstruct the coseismic deformation fields of three study cases,

and remove the impact of the postseismic signals of the mainshock, using a time-dependent

parameterized model fitted to time series data. The reconstructed coseismic deformation fields

provide higher SNR and better signal identification, achieving more robust and seismologically

consistent source modelling results than single interferograms. My work in Iran proves the

better resolving power of InSAR time series approaches on shallow continental earthquakes.

In chapter 4, I further push the detectability limits of InSAR data on large intraslab earthquakes.

I select aMw 6.8, 112 km depth that occurred in Jun 2020, Northern Chile, as the case study, and

perform four years of Sentinel-1 InSAR time series analysis spanning the earthquake event time.
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I correct the ionospheric and tropospheric delay using split-spectrum and GACOS, respectively,

which significantly improves the quality of time series data and makes it possible to retrieve the

coseismic signals on both ascending and descending tracks. Due to the reconstructed coseismic

deformation field derived from parameterized fitting still being noisy, especially in the far field,

I use a blind source separation method, ICA, and successfully obtain an even ‘cleaner’ coseismic

deformation field (with peak displacement of only ∼6 mm). I then perform earthquake source

modelling using a combination of different datasets, including InSAR, GPS, and seismology. I

find that InSAR provides a key contribution regarding the determination of the width and length

of the fault, and a well-constrained fault plane can be achieved (7.9 km and 12.8 km for median

width and length, respectively) when using all the datasets. This is by far the deepest and

smallest earthquake observed by InSAR, which demonstrates the capability of using InSAR to

study large intraslab earthquakes, providing new tools to help us better understand the rupture

mechanisms of these events, and insights into the Earth’s structure and properties of slabs.

In chapter 5, I use the same dataset as chapter 4 to monitor the volcanic activities in Central

Andes. I report the first detection of unrest at Socompa, a volcano with no historical eruptions

or previous observations of unrest. Since the location of Socompa is very close to the epicentre

of the Mw 6.8 earthquake (∼120 km southeast), and the onset time of unrest is also close to

the earthquake event time (Jun 2020) by visual check of InSAR time series data, I suspect that

this deep intraslab event might trigger the Socompa unrest. I later use the continuous GPS

observations from the nearby SOCM site, and precisely determine the onset time in Nov 2019,

which suggests that the earthquake unlikely triggered the Socompa unrest. After determining

the onset time, I calculate a steady uplift rate of 17.5 ± 3.7 mm/yr from Nov 2019 up to our

observation end time. I then test several source models and find the deformation pattern can be

best fitted with pressure increase in an ellipsoidal source region stretching from 2.1 to 10.5 km,

with a volume change rate of 6.2×106 m3/yr. My work updates Central Andean volcanoes’

geodesy survey and explores their potential connections to intraslab earthquakes in this region.

6.2 Observational Limit of Sentinel-1 InSAR Observation

Back to the primary question in the introduction: how small surface deformation caused by

earthquakes/volcanic activities, can be robustly captured by current InSAR observations? My

short answer to this question is, for Sentinel-1 data, if time series approaches are applied, and
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atmospheric noise is properly corrected, then ideally, the observation of ∼5 mm abrupt offsets

(e.g., coseismic deformation) and linear velocity with an accuracy of standard deviation ∼1

mm/yr can be robustly achieved.

However, the actual situation is complicated, and it is very hard to tell how small signals could

be identified before processing the data. Here, I summarise some of the most important factors

that control the precision of Sentinel-1 InSAR time series measurements on earthquakes and

volcanic activities:

1. Good coherence. As mentioned in chapter 2, the direct impact of low coherence is the

loss of coverage, which seems not to affect the accurate measurements of the reserved

area. However, even for the pixels with relatively high coherence, the non-zero phase

closure residuals which are generally associated with the coherence (Michaelides et al.,

2019; Maghsoudi et al., 2022), will still cause phase bias and affect the velocity estimation

and its uncertainty (Ansari et al., 2020). While for estimating coseismic offsets, the loss

of coherence may affect the phase unwrapping results, eventually impeding the robust

estimation.

2. Atmospheric correction. The accuracy of InSAR measurements heavily depends on atmo-

spheric noise removal. In addition, the impact of ionospheric delay is increasing because

we are moving towards the next solar maximum, which is predicted to begin in 2025 (com-

pared to the solar minimum in 2020). Considering the Chile case in chapter 4, I suggest

that more attention should be paid to the correction of ionospheric delay, especially in

the low-latitude region. Since atmospheric noise is generally thought to be random in

time (Agram and Simons, 2015), it should not affect the optimal linear velocity values

estimated from InSAR, but the uncertainty of these values might increase significantly,

causing low SNR and making the coseismic deformation estimation more difficult.

3. Phase unwrapping. Since InSAR time series data is cumulative deformation, the main

problem of phase unwrapping is that it will propagate throughout the time series from

where it occurred. Therefore, it will severely bias the estimation of linear velocity, since

each 2π error will cause a 28 mm offset (act like coseismic offsets) on the time series. To

make things even worse, the small baseline subset inversion will use least square inversion

to further ‘optimise’ this error, making it even harder to be identified and corrected as it no

longer a 28 mm offset. This is also why many existing time series packages check the phase
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closure residuals, and even try to use it to correct some unwrapping errors (e.g., MintPy,

Yunjun et al., 2019; LiCSBAS, Morishita et al., 2020). However, as I have suggested in

chapter 2, this does not entirely solve the problem. As for the extraction of coseismic

offsets, phase unwrapping errors will be more about the misfit of the time series data due

to the unwrapping errors that will cause the miscalculation of the coseismic deformation.

In addition, the similar behaviour of coseismic deformation and phase unwrapping errors

might cause errors in visual and automatic interpretation.

In conclusion, my work suggests that time series approaches could be applied to overall improve

the quality of Sentinel-1 InSAR observation on surface deformation caused by earthquakes and

volcanic activities. However, it still depends on the specific application scenarios and the quality

of InSAR processing to determine the accuracy of the results.

6.3 Future Work

6.3.1 Application of InSAR Time Series Approaches

Given InSAR time series approaches can better retrieve coseismic deformation field, disentangle

early postseismic deformation, split up complex sequences of earthquakes, estimate the change

caused by volcanic unrest, etc. I make the following recommendations for the application of In-

SAR time series observations to the measurements related to earthquakes or volcanic activities:

1. Applying InSAR time series approaches (including parameterised fitting, ICA, etc.) to

extract the surface deformation signals associated with the seismic cycle, especially for

low SNR areas. More earthquake studies could be conducted in tectonically active re-

gion (such as Turkey, Japan, etc.) to validate and improve the overall performance of

time series approaches. In addition, more cases of improved source parameters derived

from InSAR would help to systematically evaluate the difference between InSAR and

seismology. Determining any systematic, potentially region-specific biases, generic cata-

logue uncertainties, and finally exploring possible ways to calibrate such biases and reduce

uncertainties.

2. Specifically, studying the intraslab earthquakes to better understand their rupture mech-

anisms and subsequent properties of slabs (Hosseinzadehsabeti et al., 2021). In addition,

systematically evaluating how the change of the velocity structure of the subsurface can
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affect InSAR observations, and exploring innovative approaches to use InSAR data to

retrieve the velocity structure (Weston et al., 2012) will improve the seismological obser-

vations and help us reveal the Earth’s structure.

3. Improving the state of the art of existing approaches (e.g., ICA), or deep learning meth-

ods to achieve automatic detection of the surface deformation caused by earthquakes and

volcanoes (e.g., Malfante et al., 2018). This could be achieved if we had better charac-

terisation of the deformation patterns of these events, and the rapid growth of data on

earthquake and volcanic deformation using InSAR data is making this progress a reality.

6.3.2 Further InSAR Advancement

There are several major issues for the current InSAR time series data processing, which I think

could potentially be the future work for better InSAR measurement:

1. Ionospheric correction approaches. Although the impact from ionospheric delay for C-

band data is not particularly strong compared to L-band data, my work in Chile suggests

that it still could greatly impact the accuracy of time series. In addition, considering

the current ionospheric correction approaches still have their limitations (for example,

the coherence issue and phase unwrapping errors for the split spectrum method) and the

upcoming L-band data of the NISAR mission (Kellogg et al., 2020), it will be worth the

effort to improve current existing approaches or develop new algorithms in the long run.

2. Phase bias caused by phase closure. It has been found that the combination of short (6-24

days) and long (> 6 months) temporal baseline interferograms could potentially alleviate

the effect of phase bias on linear velocity estimation (Purcell et al., 2022). However, such

a strategy can hardly be the final solution for this problem considering the decorrela-

tion noise and the large data volume required to be processed. Contrary to the idea of

compensating for this error (e.g., Maghsoudi et al., 2022), I recommend re-checking the

InSAR processing chain from the beginning, and re-evaluating if the current commonly

used multilooking strategy is the best way to improve the SNR of the interferograms. I

believe the proposal of new multilooking or filtering strategies could potentially be the

answer to solve the phase bias issue.

3. Phase unwrapping algorithm. Although challenging, the reward is potentially huge given

how severely current InSAR time series analysis suffers from this issue. Possible solutions
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include utilizing phase closure during the unwrapping to directly output phase consistency

results (Liu and Pan, 2019), machine learning approaches to better estimate the phase

gradients (Zhou et al., 2021), or combining both.
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Hetland, E. A., Musé, P., Simons, M., Lin, Y., Agram, P. S., & DiCaprio, C. J. (2012). Multiscale

InSAR time series (MInTS) analysis of surface deformation. Journal of Geophysical

Research: Solid Earth, 117 (B2). https://doi.org/10.1029/2011jb008731

Hickey, J., Gottsmann, J., & Del Potro, R. (2013). The large-scale surface uplift in the Altiplano-

Puna region of Bolivia: A parametric study of source characteristics and crustal rheology

106

https://doi.org/10.1186/s40645-017-0126-9
https://doi.org/10.1126/science.aat4723
https://doi.org/10.1111/j.1365-246x.2003.02030.x
https://doi.org/10.1111/j.1365-246x.2003.02030.x
https://doi.org/10.1029/2019ea000644
https://doi.org/10.1029/2019ea000644
https://doi.org/10.1130/ges01441.1
https://doi.org/10.1130/ges01441.1
https://doi.org/10.1002/ggge.20074
https://doi.org/10.1093/gji/ggac434
https://doi.org/10.1093/gji/ggac434
https://doi.org/10.1029/2011jb008731


REFERENCES REFERENCES

using finite element analysis. Geochemistry, Geophysics, Geosystems, 14 (3), 540–555.

https://doi.org/10.1002/ggge.20057

Hill, D. P., Pollitz, F., & Newhall, C. (2002). Earthquake–volcano interactions. Physics Today,

55 (11), 41–47. https://doi.org/10.1063/1.1535006

Hilley, G. E., Bürgmann, R., Ferretti, A., Novali, F., & Rocca, F. (2004). Dynamics of slow-

moving landslides from permanent scatterer analysis. Science, 304 (5679), 1952–1955.

https://doi.org/10.1126/science.1098821

Hobbs, S., Mitchell, C., Forte, B., Holley, R., Snapir, B., & Whittaker, P. (2014). System

design for Geosynchronous Synthetic Aperture Radar Missions. IEEE Transactions on

Geoscience and Remote Sensing, 52 (12), 7750–7763. https://doi.org/10.1109/tgrs.2014.

2318171

Hooper, A. (2008). A multi-temporal InSAR method incorporating both persistent scatterer

and small baseline approaches. Geophysical Research Letters, 35 (16). https://doi.org/

10.1029/2008gl034654

Hooper, A., Bekaert, D., Spaans, K., & Arıkan, M. (2012). Recent advances in SAR interfer-

ometry time series analysis for measuring crustal deformation. Tectonophysics, 514–517,

1–13. https://doi.org/10.1016/j.tecto.2011.10.013

Hooper, A., Segall, P., & Zebker, H. (2007). Persistent scatterer interferometric synthetic aper-

ture radar for crustal deformation analysis, with application to Volcán Alcedo, Galápagos.
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Text S1. Stacking strategy

Here we use the stacking method proposed by Luo et al., 2021. Suppose there are M images

(i = 1, 2, . . . ,M) before and N images (j = 1, 2, . . . , N) after an earthquake event time. Then
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the unwrapped stacked phase ψs which contains the coseismic deformation is obtained by

ψs =
1

N

N∑
j=1

ψMj −
1

M − 1

M−1∑
i=1

ψMi

Since there are several earthquakes that happened close in time in our study, we may use the ob-

servations that happened between events both as pre and post observations for different events.

For the Mw 6.3 earthquake, we use 10 pre and 10 post observations to avoid too much of the

post-seismic impact of the mainshock. For the Mw 6.0 and Mw 5.6 earthquakes, we use the

data between the events time (as pre or post observations) and similar time window on either

side to do stacking (see Table A.2 for more details).

Text S2. Calculation of standard error (SE)

The SEs are calculated by the mean of multiple linear regression. Suppose a linear equation

likes the following form:

y=Ax

then the least square solution and the root mean square error (RMSE) are obtained:

x = (A’A)−1A’y

RMSE =
1

n
(y− ŷ)2

where n is the observation number and ŷis the predicted values. So, the SE values of each

parameter are acquired by:

SE = RMSE ∗ diag(
√
(A’A)−1)

And the margin of error (uncertainty, or confidence interval) is obtained by multiplying a

constant value to SE through t test as follows:

xi±tα/2,DF ∗ SEi
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where α means a 100 ∗ (1− α) percent confidence interval, DF is the degrees of freedom which

equals to (n− k − 1), k is the number of unknown parameters.

Text S3. Details of Maximum Likelihood Approach

We use a maximum likelihood inversion to solve the non-linear Equation 2 and determine the

postseismic time τ . In this inversion, we assume the errors are multivariate Gaussian with zero

mean, which means the likelihood function is calculated as follows:

p(d|m) = (2π)−
N
2 ((|

∑
d

|)−
1
2 exp {−1

2
(d-Gm)T (|

∑
d

|)−1(d-Gm)}

where p(d|m) is the likelihood function of m given d based on residuals between the data and

the model (G) prediction of the observations, N is the number of epochs on time series, and

(|
∑

d |)−1 is the inverse of the variance-covariance matrix. We set (|
∑

d |)−1 to the identity

matrix as we assume each epoch is independent and we weight them equally. We apply a

Markov chain Monte Carlo method using the Metropolis-Hastings iterative algorithm to find

the maximum likelihood value for the model parameters.

Text S4. Details of GBIS Inversion

When using the GBIS software to do earthquake modelling with the Bayesian approach, we

assume the errors are multivariate Gaussian with zero mean and use same likelihood function in

Text S3. We characterize the errors in InSAR data by experimentally estimating variance and

covariance in each independent dataset (Figure A.6). We assume a uniform prior probability

for all source parameters (logarithmic for nonnegative parameters) between reasonable bounds,

and they are independent to each other. GBIS applies a Markov chain Monte Carlo method

using the Metropolis-Hastings iterative algorithm and will automictically adjust the step size

for optimal run times. We run 106 iterations and burn-in the first 20% iterations when doing

earthquake modelling. All these details regarding GBIS can be found in Bagnardi and Hooper,

2018.
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Figure A.1: Tradeoff between postseismic parameters for amplitude A and 1/τ time constant of
the maximum likelihood inversion results of Equation 3.2 following the 12 November 2017, Mw

7.3 Ezgeleh-Sarpolzahab earthquake. We assume a uniform prior distribution of the parameters
(-50-50 for A and 0-0.5 for 1/τ), and the initial values for A and 1/τ are 0 mm and 0.2 day−1,
respectively. Red star is the epicentre of the large Mw 7.3 earthquake from the USGS catalog.
(a) Map of A and 1/τ for track A072, and the contour map of the peak postseismic deformation
area marked by black rectangles. (b) Same as (a) but for track D006. We average the value of
1/τ in these rectangle areas and use this mean value ( 0.18 day−1, equivalent to ∼6 days for τ)
to transform Equation 3.2 into a linear problem.
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Figure A.2: Time series fitting of peak displacement pixels for the Mw 6.0 earthquake on three
different tracks. Green vertical dashed lines represent the event time (25 August 2018). Red plus
symbols show the fitted results. The values of fitted coseismic offsets and their 95% confidence
interval (CI) are shown at the lower-left corner, and marked by the error bars along with the
fitted data. Earthquake focal mechanisms are from the USGS solution.
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Figure A.3: Same as Figure A.2 but for theMw 6.3 earthquake (25 November 2018). In addition,
due to the long observation gap in track D079 (no acquisition from July 2015 to Oct 2017 over
this area), we cannot estimate the long-term linear deformation rate robustly by Equation 3.2,
with the existence of postseismic deformation of the large Mw 7.3 earthquake. Therefore, we
do not fit the linear deformation term and set its value to zero for this track.
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Figure A.4: Same as Figure A.2 but for the Mw 5.6 earthquake (06 January 2019).
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Figure A.5: Comparison between the single (the shortest temporal one) interferograms and the
reconstructed coseismic deformation fields for other track observations. Along with the results
shown in Figure 3.3, each earthquake is covered by three tracks and we use all these overlapping
reconstructed deformation fields to do the earthquake modelling with the GBIS software.
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Figure A.6: Semi-variogram fitting for all three earthquakes using the GBIS software. Errors
in the InSAR data can be simulated using an exponential function fitted to the isotropic exper-
imental semi-variogram (Webster and Oliver, 2007), and the lower sill value of the fitted result
indicates the higher the signal-to-noise ratio (SNR). We mask out the area showing surface
deformation and remove a linear ramp from the data before the fitting. The black circles, blue
lines (along with blue texts), green lines (along with green texts), and red lines (along with red
texts) represent the semi-variogram, the fitted result for single coseismic interferograms, stacked
deformation fields, and the reconstructed coseismic deformation fields, respectively. Overall, the
reconstructed coseismic deformation fields achieve similar sill values as the stacked ones, and
both greatly improve the SNR compared to the single interferograms.
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Figure A.7: Downsampled reconstructed deformation fields for different earthquakes and tracks,
with ∼500 pixels in the near field, and later are used for GBIS inversion.
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Figure A.8: Relative earthquake location from different sources. The coseismic displacements
are forward modelling according to the fault parameters from GBIS inversion, using our re-
constructed deformation fields. The black rectangles represent the projection of fault plane on
Earth surface. Black star, circle, plus, diamond, and triangle are the fault centroid location
from our reconstructed deformation fields, fault centroid location from Fathian et al., 2021,
epicentre from USGS catalog, centroid from Global Centroid-Moment-Tensor (GCMT) catalog,
and epicentre from International Seismological Centre catalog, respectively. Note that the Mw

5.6 event is not modelled by Fathian et al., 2021 and the epicentre of this event for the ISC was
not yet available by the time paper published.
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Figure A.9: Stacked deformation fields for the three study cases on different tracks with GACOS
correction applied. All these deformation fields are used for the subsequent GBIS inversion.
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Figure A.10: Modelling outputs for selected fault parameters, same as Figure 3.4 but for the
reconstructed and stacked deformation fields. Red and blue bins represent the distributions
from the reconstructed and the stacked deformation, respectively. Green lines are the USGS
solutions. (a) Earthquake moment magnitude. (b) Relative location, the horizontal distance
between the InSAR derived source location and the epicentre from USGS (not indicated by
green lines as zero reference value). (c-f) Fault plane centre depth, Strike, Dip and Rake values.
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Figure A.11: The impact of unmodelled post-seismic deformation from the 12 November 2017,
Mw 7.3 Ezgeleh-Sarpolzahab mainshock on the stacking result for the subsequentMw 6.0 earth-
quake. Here we simulate the stacking process using time series data rather than the real long
temporal interferograms. From left to right: the reconstructed deformation fields by our ap-
proach, the stacked deformation fields using all epochs, the result from dropping the first 10
epochs, and finally the result from dropping the first 20 epochs closest in time to the mainshock.
Although the real stacked deformation fields might be slightly different from the simulation
shown here, we consider it is clear that post-seismic deformation can greatly bias the stacking
results considering the post-seismic deformation pattern shown in Figure A.1.
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Figure A.12: Maps of estimated long-term linear rates. Black star is the epicentre of the Mw

7.3 earthquake from USGS catalog, and blue plus symbol is the reference point. (a) Data
from track A072. From left to right: map of velocity, standard error of velocity, elevation, and
elevation-velocity for all pixels. (b) Same as (a) but for track D006.
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Table A.1: Earthquake modelling comparison. When using the GBIS software, we apply a
uniform downsampling method and use the fault parameters from the USGS solutions (W-phase
Moment Tensor) as initial values (with a search range wider than the output distribution).
We ensure a search range wider than the initial output distribution. For each earthquake,
the fault parameters from different seismological catalogues (with uncertainties are given from
the USGS origin hypocentre depth, location, and magnitude), InSAR derived results from
recent study (for Mw 6.3 and Mw 6.0 earthquakes, Fathian et al., 2021, derived from the
reconstructed deformation fields, stacked deformation fields, and the single (shortest temporal
baseline) interferograms (optimal solution and 95% confidence interval) are given. The relative
location means the location uncertainties in the case of the USGS as provided in the catalog
solution, or the horizontal distance between the InSAR derived source location and the epicentre
from USGS. The rigidity value used for moment calculation in all studies is 32 GPa.
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Table A.2: Number of epochs and spanning date used for stacking. For each earthquake, the
numbers of epochs in each track and the spanning date are given.
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Figure B.1: The station map of used P waves dataset in global view. The epicentre of the
earthquake is indicated by the star.
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Figure B.2: Same as Figure B.1 but for the S waves datasets.
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Figure B.3: The posterior distributions of source parameters of the seismic inversion (use seis-
mological stations data only). Red and black vertical lines indicate the optimal solutions from
the model, and the prior values used as initial guess from the USGS, respectively.
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Figure B.4: Correlation histogram of the source parameters from the seismic inversion, which
shows the posterior distributions and trade-offs between different parameters during the inver-
sion (red dot and line depict the maximum likelihood solution).
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Figure B.5: Seismic waveform, and their fitting of some stations from vertical (Z) components,
when performing seismic inversion.
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Figure B.6: Seismic waveform, and their fitting of some stations from (transverse) T compo-
nents, when performing seismic inversion.
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Figure B.7: Geodetic inversion using InSAR data only (derived from sICA) on layered half-
space. Focal mechanisms indicate the location of epicentre.
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Figure B.8: The posterior distribution of source parameters, using InSAR data only (derived
from sICA) on layered half-space. The red lines indicate the bodywave solution from the USGS
for comparison.

Figure B.9: Correlation histogram of some selected parameters from the geodetic inversion
(using InSAR data only derived from sICA on layered half-space), which shows the posterior
distributions and trade-offs between different parameters during the inversion (red dot and line
depict the maximum likelihood solution).
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Figure B.10: Geodetic inversion using InSAR data (derived from parameterized fitting) and
GPS on layered half-space. Focal mechanism and green boxes indicate the epicentre and the
location of the GPS stations, respectively.

Figure B.11: The posterior distribution of source parameters, using InSAR (derived from pa-
rameterized fitting) and GPS data on layered half-space. The red lines indicate the bodywave
solution from the USGS for comparison.
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Figure B.12: Correlation histogram of some selected parameters from the geodetic inversion
(using InSAR data derived from parameterized fitting and GPS data on layered half-space),
which shows the posterior distributions and trade-offs between different parameters during the
inversion (red dot and line depict the maximum likelihood solution).

Figure B.13: Geodetic inversion using InSAR data (derived from parameterized fitting) and
GPS on uniform half-space. Focal mechanism and green boxes indicate the epicentre and the
location of the GPS stations, respectively.
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Figure B.14: The posterior distribution of source parameters, using InSAR (derived from pa-
rameterized fitting) and GPS data on uniform half-space. The red lines indicate the bodywave
solution from the USGS for comparison.

Figure B.15: The comparison of posterior distributions between the layered (Figure B.11) and
uniform half-space (Figure B.14), using InSAR data derived from parameterized fitting and
GPS.
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Figure B.16: Geodetic inversion using InSAR data (derived from sICA) and GPS on layered
half-space. Focal mechanism and green boxes indicate the epicentre and the location of the
GPS stations, respectively.

Figure B.17: The posterior distribution of source parameters, using InSAR (derived from sICA)
and GPS data on layered half-space. The red lines indicate the bodywave solution from the
USGS for comparison.
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Figure B.18: Correlation histogram of some selected parameters from the geodetic inversion
(using InSAR data derived from sICA and GPS data on layered half-space), which shows the
posterior distributions and trade-offs between different parameters during the inversion (red dot
and line depict the maximum likelihood solution).

Figure B.19: Geodetic inversion using InSAR data (derived from sICA) and GPS on uniform
half-space. Focal mechanism and green boxes indicate the epicentre and the location of the
GPS stations, respectively.
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Figure B.20: The posterior distribution of source parameters, using InSAR (derived from sICA)
and GPS data on uniform half-space. The red lines indicate the bodywave solution from the
USGS for comparison.

Figure B.21: The comparison of posterior distributions between the layered (Figure B.17) and
uniform half-space (Figure B.20), using InSAR derived from sICA and GPS data.
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Figure B.22: The geodetic inversion (InSAR and GPS) comparison of posterior distributions
between using the InSAR data derived from ICA (Figure S17) and parameterized fitting (Figure
S11), on layered half-space.

Figure B.23: Seismic waveform, and their fitting of some stations from vertical (Z) components,
when performing joint inversion using InSAR (derived from sICA), GPS, and seismology (part
of stations) on layered half-space.

161



Chapter B. Supplementary material for chapter 4

Figure B.24: Seismic waveform, and their fitting of some stations from (transverse) T compo-
nents, when performing joint inversion using InSAR (derived from sICA), GPS, and seismology
(part of stations) on layered half-space.

Figure B.25: The posterior distribution of source parameters, using InSAR (derived from sICA),
GPS, and seismological data on layered half-space for another focal plane. The red lines indicate
the bodywave solution from the USGS for comparison.
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Table B.1: Summary of the earthquake information from different catalogues and inversion
results. The geodetic inversion uses the InSAR (derived from sICA) and GPS dataset on a
layered elastic half-space, the seismic inversion uses data from seismological stations only, and
the joint inversion using all the dataset.

Table B.2: Quality of data improvements after tropospheric (GACOS) and ionospheric (split
spectrum) correction on ascending and descending tracks, respectively. It reports the average
standard deviation (of interferograms), the average sill values obtained by an exponential func-
tion fitted to the isotropic experimental semi-variogram (Webster and Oliver, 2007) to indicate
the noise level, and the average Root Mean Square Error (RMSE) for time series fitting using
Equation 4.2, on original interferograms (ifg), the interferograms with ionospheric correction
(ifg-ion), the interferograms with tropospheric correction (ifg-tropo), and the interferograms
with both ionospheric and tropospheric corrections (ifg-ion-tropo). The percentage numbers in
the brackets represent the relative changes to the original interferograms (ifg).
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Text S1. InSAR processing details

We use the LiCSAR processing chain (which is based on GAMMA) to form interferograms with

multilooking (4 in azimuth and 20 in range), but no further spatial filtering, using Sentinel-1

Interferometric Wide (IW) swath mode Single Look Complex (SLC) images and the Digital

Elevation Model (DEM) from the Shuttle Radar Topography Mission (SRTM) 1 arcsec. We

form interferogram networks by connecting each image to 10 subsequent acquisitions (6-60 days

temporal interferogram, assuming revisiting time is 6 days). We then use the StaMPS software

to perform time series analysis, which includes a) resampling pixels to 500 m resolution to

reduce data volume, b) application of GACOS correction for tropospheric artefacts using the

TRAIN software (Bekaert et al., 2015), c) unwrapping iteratively to reduce unwrapping errors by

checking for phase consistency (Hussain et al., 2016), and finally d) generating time series data

using only longer temporal interferograms (48-60 days) for the small baseline subset inversion

to reduce the potential impact of the fading signal (Ansari et al., 2020;Maghsoudi et al., 2022;

Purcell et al., 2022).

Text S2. Salar Deformation

The salar regions, principally the Salar de Atacama and Salar de, appear to show very different

behaviours on either side of the onset time (Figure 5.2). However, we find it is mainly due to

the misfit to Equation 1 since there no significant linear velocity changes occurred in salars.

However, we do find that there is an obvious InSAR phase change in the west of Salar de Ata-

cama and southwest of Salar de Arizaro region, from early to middle 2019 (Figure C.12). Since

the deforming area matches well with the salar boundaries on both ascending and descending

tracks (data are unfiltered) and some small salars in this region have been reported to be de-

forming in the 1990s and 2003-2008 (“Recent crustal deformation in west-central South America

(Doctoral dissertation)”, 2003; Ruch et al., 2012), these patterns indicate real signals instead

of artifacts that propagate in the processing chain. This deformation might be related to the

extraction of lithium brines (extraction plants have been built in this area), and large groundwa-

ter movements (extractions, recharge or caused by tides) in the salar regions during this period

(“Recent crustal deformation in west-central South America (Doctoral dissertation)”, 2003; Liu

et al., 2019).

Text S3. GPS time series fitting using the Markov Chain Monte Carlo approach
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We apply the Markov Chain Monte Carlo (MCMC) method using the Metropolis-Hastings

iterative algorithm to find the maximum likelihood values for the parameters of the trajectory

model (2), and then determine the precise onset time of the Socompa uplift. During this

inversion, we assume the errors are multivariate Gaussian with zero means, which means the

likelihood function is calculated as follows:

p(d|m) = (2π)−
N
2 ((|

∑
d

|)−
1
2 exp {−1

2
(d-Gm)T (|

∑
d

|)−1(d-Gm)}

where p(d|m) is the likelihood function of m given d based on residuals between the data

and the model (G) prediction of the observations, N is the number of epochs on time series,

and (|
∑

d |)−1 is the inverse of the variance-covariance matrix. We use the values of standard

errors and the correlation between three components in the GPS file to construct the covariance

matrix.

Text S4. GPS vector decomposition

We can decompose any vectors in a two-dimensional space into two orthogonal vectors. Consid-

ering the GPS horizontal displacement, we have the conventional orthogonal coordinates of the

North and East components, to indicate the GPS position. It is also possible to decompose an

arbitrary GPS observation into another orthogonal coordinate system instead of the North-East

one. As the figure shown here, we could decompose the vector V3, an arbitrary observation,

into the V1 (displacement parallel to the direction of seasonal motion), and V2 (displacement

perpendicular to the direction of seasonal motion) coordinates.
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After the decomposition, we have

δ1 =| V3 | cos (θ − ϕ)

δ2 =| V3 | sin (θ − ϕ)

where δ1 and δ2 represent the displacement parallel and perpendicular to the direction of sea-

sonal motion, respectively, θ is the angle between V1 and E, and ϕ is the angle between V3 and

E.

Since the direction of seasonal displacement varies throughout the year, to determine the angle

θ, we calculate the seasonal direction at time t using the following equation:

θ(t) = arctan (
| N(t) |
| E(t) |

As the first three years of the horizontal GPS time series of the SOCM site are dominated by

seasonal signals, we first calculate θ for each day in the first three years, then average the results

of the three years, and finally get the value of θ on each day throughout a year. After obtaining

the seasonal direction, we then decompose the horizontal GPS time series into the displacement

parallel and perpendicular to the direction of seasonal motion.
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Text S5. Calculation of Reduced chi squared (χ2)

The reduced chi squared (χ2) is used to evaluate the goodness of fit. Here we calculate the

values of (χ2) to indicate which source models fit the data best, using the following formula:

χ2 =
(RT

a

∑−1
a Ra +RT

d

∑−1
d Rd +RT

G

∑−1
G RG)

(Na +Nd +NG −Nparm)

where Ra, Rd, and RG are the residuals,
∑−1

a ,
∑−1

d , and
∑−1

G are the inverse of covariance

matrix, Na, Nd, and NG are the number of observations for InSAR ascending data, InSAR

descending data, and GPS data, respectively. Nparm is the number of source parameters (in-

cluding the parameters for estimating the ramp for InSAR dataset). The values of χ2 and Nparm

for the source models we used are 0.42 and 15 for pCDM, 0.43 and 14 for Yang, 0.48 and 14 for

Okada, and 0.65 and 10 for Mogi, respectively.

Text S6. Tying InSAR and GNSS observation

Here we use all available continuous GPS sites from the database of the Nevada Geodetic

Laboratory (Figure C.10). We adopt the linear velocity calculated by the Nevada Geodetic

Laboratory, using South America Plate as the reference frame.

We first derive the InSAR velocity map from the time series data, and average the values of the

pixels surrounding the GPS sites (a circle with a radius of 3 km centred on it, ∼120 pixels) as the

corresponding velocity value of InSAR data. We then remove a spatial linear ramp in the east

and north direction from the InSAR velocity map to minimize the relative difference between

InSAR and GNSS, on ascending and descending respectively. Finally, based on this deramped

InSAR velocity map and assuming no deformation signals on the north component, we can

obtain the uplifting velocity of any pixels that are covered by both tracks by decomposing the

InSAR velocity map into the east-west and vertical direction by solving the following formula:

Uasc Easc

Udsc Edsc


VU
VE

 =

Vasc
Vdsc



where U and E are the up and east components of the line of sight (LOS) vector, respectively.
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Figure C.1: Standard deviation reduction of interferograms after the GACOS correction on
ascending and descending track data, respectively. The red dots represent each epoch on time
series, and the blue line is the identity line where any dots above it means an improvement after
the GACOS correction. Here the average standard error reductions are 16.9% and 45.7% for
ascending and descending, respectively.
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Figure C.2: Coseismic deformation field of theMw 6.8 earthquake reconstruction by InSAR time
series fitting. (a) Data of ascending track. From left to right, the forward modelling from the
USGS solution (strike: 332°, Dip: 59°, Rake: -94°, centroid depth: 112 km, Moment: 2.29×1019

N-m), the reconstructed coseismic deformation field, and the average InSAR time series of peak
displacement pixels. (b) Same as (a) but for the descending track. For the forward modelling,
we assume a uniform dislocation embedded in an isotropic elastic half-space, faults are equal in
width and length, the slip-to-length ratio is set to 1.5×10−5 for this interplate earthquake, and
the rigidity value used here for moment calculation is 75 GPa. The epicentre of the earthquake
is indicated by the black focal mechanism, and volcanoes are marked by red triangles. On the
reconstructed coseismic deformation field, the location of peak displacement pixels is marked by
a plus symbol. The red patch close to the southeastern point of the epicentre marked (which is
observed on both tracks) indicates the shape of Salar de Atacama, and has different behaviour
in the time series. In all figures, positive values mean movements towards the satellite.
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Figure C.3: Uniform downsampling of the reconstructed post-onset cumulative deformation
fields for GBIS input. We use a larger pixel density over the Socompa deformation area (∼5
km in the near field and ∼10 km in the far field), resulting in 500 pixels on the ascending and
496 pixels on the descending tracks of data, respectively.

Figure C.4: Semi-variogram fitting for post-onset cumulative deformation fields on ascending
and descending tracks using the GBIS software. Errors in the InSAR data can be simulated
using an exponential function fitted to the isotropic experimental semi-variogram (Webster and
Oliver, 2007), and the lower sill value of the fitted results indicates the higher the signal-to-
noise ratio. We use this semi-variogram fitting to calculate the covariance matrix of the InSAR
data during the inversion. While for the GPS data covariance matrix, it is obtained from the
standard deviations by fitting the Equation 5.2 in the main text.
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Figure C.5: Volcanic source model of Socompa cumulative uplift (Nov 2019 – Oct 2021) using
the Mogi model. (a) Modelling results of InSAR observations. The green box indicates the
location of the SOCM site. (b) Modelling results of GPS observations. The black vertical
vector represents the up component of GPS deformation (∼15 mm), while the blue vector
signified the horizontal deformation in the east and north directions (here moving ∼10 mm
west and ∼20 mm south). (c) Posterior distributions for all parameters, where X, Y, and Depth
indicate the source location reference to the SOCM site (northeast direction), and V represents
the volume change (here 1.4×107 m3).

Figure C.6: Same as Figure C.5 but using the Yang model. (c) Semi-major and Semi-minor are
the lengths of the two axes, Strike value is the angle of major semi-axis with respect to North,
and the Plunge value is the inclination angle of major semi-axis with respect to horizontal. The
volume change of the Yang model is 1.1×107 m3.
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Figure C.7: Same as Figure C.5 but using the Okada model. The volume change of the Okada
model is 2.4×107 m3.

Figure C.8: Same as Figure C.5 but using the pCDM model. (c)OmegaX,Y,Z are the rotation
angles around three axes, and PotencyX,Y,Z are the potencies of the point dislocations on three
directions, respectively. Here the bimodal distribution of the rotation angles around the Z axes
indicates similar values of potency in the X and Y direction. The total potency of the pCDM,
which is defined as the product of dislocation surface area and opening and is a totally different
concept from volume change, is 1.9×107 m3 by summing the potency values in three directions.
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Figure C.9: Same as Figure C.5 but using the pECM model. We use the inferred source location
and orientation from pCDM to perform the inversion. The total potency and volume change of
the pECM are ∼2.0×107 m3 and ∼1.1×107 m3, respectively.
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Figure C.10: The locations of continuous GPS sites that were used to tie InSAR data, using the
descending post onset time cumulative deformation field and topography map as the background
image. All GPS data are obtained from the database of the Nevada Geodetic Laboratory.
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Figure C.11: The cumulative vertical deformations decomposed from ascending and descending
track data (see Text S5 for more details). a) The cumulative deformation map near the Uturuncu
volcano from Jan 2018 to Oct 2021. The summit of the volcano is marked by the black volcanic
icon. b) Same as a) but for Putana volcano from Nov 2019 to Oct 2021. c) Same as a) but for
Lazufre (Lastarria Azufre) volcano from Jan 2018 to Oct 2021.

Figure C.12: Average InSAR time series over Salar de Arizaro and Atacama region on ascending
and descending tracks data. Black dashed polygons, plus symbols, and green dashed lines
indicate the approximate boundaries of Salar regions, the location of pixels plot on the time
series panels, and the event time of earthquake Mw 6.8, respectively. It shows opposite surface
displacements occurrence on Salar de Arizaro and Atacama at the beginning of 2019.
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Table C.1: The comparison of some main parameters from different volcanic geodetic source
modelling results. The optimal values and corresponding 95% confidence intervals are provided.
Here X and Y represent the location reference to the SOCM station, where positive values mean
towards north or east.

Table C.2: Summary of volcanoes in our study area that have been reported to be deforming in
the past few decades from previous studies. It shows whether the volcanoes have been monitored
by ground observations. Here Cerro Overo presents a deformation area rather than a specific
volcano and thus is not marked.
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