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Abstract 

Over the past few decades, satellite radar observations have developed into a powerful means 

of monitoring geohazards. What makes it distinguishable is that both transient and long-term 

deformation involved in geohazards are measurable in detail using the well-established 

interferometric synthetic aperture radar (InSAR) technique. However, recent and advanced 

applications encounter limitations due to the decorrelation problem of InSAR when observing 

large-gradient transient deformation and the lack of subsurface information. In addition, 

considering the large amount of InSAR observations and the widespread error sources, how to 

automatically and adaptively identify geohazard-related risk areas on a large spatial scale is 

also worthy of attention.  

 

This thesis aims to address the above-mentioned challenges and thereby improve the application 

of satellite radar observations to two typical geohazards: earthquakes and landslides, which 

occur frequently around the world and are interrelated in the sense that landslides can be 

triggered by earthquakes. Firstly, this thesis overcomes the InSAR decorrelation problem by 

combining InSAR with image offset tracking techniques so that the complete coseismic 

deformation of the 2019 Mw 7.5 New Ireland earthquake can be recovered and modelled. 

Secondly, this thesis incorporates seismic noise measurements to invert subsurface information 

(e.g., landslide depth) that is hard to obtain with InSAR alone and such a solution was used to 

investigate a landslide in Bolivia. Finally, a novel InSAR-based automated landslide detection 

method was developed to detect earthquake accelerated landslides (EALs) following the 2016-

2017 Central Italy earthquake sequence. These EALs responded to coseismic or post-seismic 

stress disturbances differently from extensively studied coseismic landslides and were typically 

activated with considerably accelerated ground displacement velocities compared to their pre-

earthquake levels, without acute failures/collapse. This is the first time that an inventory of 

EALs against catastrophic coseismic landslides was established, which enables a systematic 

analysis of the spatiotemporal characteristics of EALs and a comprehensive understanding of 

the prolonged legacy effects of earthquakes on landslides. 

 

These works in this thesis provide detailed solutions for monitoring geohazards of different 

spatial scales and magnitudes using satellite radar observations. Also, they open a new 

perspective for assessing long-term earthquake-induced landslide risks, which could have 

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

1.1 Background 

Geohazards refer to natural geological processes that can cause widespread damage to human 

life, economy, environment and landforms (McCall, 2012; Culshaw, 2018). They occur widely 

all over the world, representing solid Earth changes and in general characterised by the 

movement of Earth’s surface. According to the difference in the triggering process, the 

environmental conditions, or the property of hazardous materials, geohazards can be classified 

into five groups: earthquake/volcano-related hazards, geomorphological/geotechnical hazards, 

hydrogeological hazards, coastal/marine hazards and artificial hazards (Culshaw, 2018). The 

first group of geohazards includes earthquakes, volcanoes and related geological phenomena 

(e.g., soil liquefaction). The second group of geohazards, including landslides, avalanches, rock 

toppling and permafrost-related hazards, originates at or near the Earth's surface (Marston et al., 

2017), usually with vulnerable materials. The third group, hydrogeological hazards such as 

flooding, is associated with water occurrences, movements, and distributions (Trajkovic et al., 

2016). The fourth group of geohazards occurs in coastal and marine environments, including 

tsunamis, coastal erosion and submarine landslides, etc. The fifth group of geohazards, such as 

land subsidence and mining-induced sinkholes, is mainly caused by human activity.  

 

Among the five groups of geohazards, earthquakes and landslides are two relatively common 

types, which occur frequently on a global scale and result in ground movements in a transient 

period (seconds to days) or with long term (years) effects. The transient behaviour is typically 

a quick and strong response to energy release (e.g., coseismic ruptures and landslide failures), 

while the long-term behaviour is a relatively slow process that may last for many years (e.g., 

interseismic/postseismic deformation and motion of slow-moving landslides). The transient 

motion is usually catastrophic and fatal. For example, the coseismic motion of earthquakes 

worldwide (~2,200 fatal events) had caused a total of over 2.3 million casualties between 1900 

and 2015 (Daniell et al., 2017), and global landslide failures had killed over 130,000 people 

between 2004 and 2016 (Petley, 2012; Lacroix et al., 2015; Froude and Petley, 2018). The long-

term effect of earthquakes and landslides is continuously accumulating over time and can also 

cause major damage to infrastructures and may transform into fatal transient events (Lacroix et 

al., 2020).  

 

To capture both the transient and long-term motions of earthquakes and landslides, a number 

of monitoring techniques have been developed. In terms of earthquake monitoring, one of the 
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typical traditional instruments is the seismograph which records the seismic wave propagation 

at a high sampling rate (Boore and Bommer, 2005; Mousavi et al., 2020). Geodetic observations 

such as the levelling and Global Navigation Satellite System (GNSS) can measure accurate 

surface motions and have been widely used in seismic studies (e.g., Segall and Davis, 1997; 

Vigny et al., 2005; Yamagiwa et al., 2015). In terms of landslide monitoring, there are generally 

three categories of techniques: geotechnical, geodetic and geophysical surveys. The 

geotechnical technique relies on in-situ sensors, such as inclinometers, extensometers and 

piezometers, to measure both surface and subsurface deformation of landslides (e.g., Crosta et 

al., 2014a). Geodetic observations include those from levelling, total stations and GNSS, in 

which GNSS is more commonly used (Gili et al., 2000) due to its continuity and accuracy (a 

few millimetres, Li et al., 2017). The geophysical surveys such as micro-seismic and direct 

current geoelectric monitoring are usually used to measure the geometrical and physical 

properties of landslides (e.g., Pazzi et al., 2017) instead of measuring deformation as the 

geotechnical and geodetic techniques. 

 

Although the monitoring techniques mentioned above are capable of providing sensitive and 

effective observations, they are all point-based surveys that require the careful selection of 

proper locations of in-situ sensors and are labour-intensive and costly to install and maintain. 

Moreover, the point-based monitoring restricts the spatial coverage and resolution of 

investigation and may not fully characterise the deformation of earthquakes and landslides 

(Domingues et al., 2012; Scaioni et al., 2015). These drawbacks can be overcome by the use of 

remote sensing techniques including photogrammetry, laser scanning, and synthetic aperture 

radar (SAR), which provide surface-based remote measurements without the requirement of 

installing or maintaining in-situ sensors deep into the deforming and hazardous zones. The 

performance (e.g., spatial resolution and coverage) and applicable scenarios of remote sensing 

observations largely depend on the platform carrying the imaging sensors (Chen et al., 2016). 

For example, terrestrial or airborne photogrammetry, terrestrial or airborne laser scanning (TLS 

or ALS) and ground-based SAR (GBSAR) are limited by the platform sensing range and are 

more suitable to be utilized on a local or regional scale (up to hundreds of square kilometres, 

e.g., Glennie et al., 2014; Mezaal et al., 2018), despite its high spatial resolution (< 1 m, e.g., 

Haddad et al., 2012; Wang et al., 2018).  

 

Compared with terrestrial and airborne remote sensing, spaceborne remote sensing, such as 

satellite optical and radar imaging, is more capable to apply over a large spatial scale (tens of 

thousands of square kilometres) owing to the global observation capabilities of satellites. 
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Satellite optical imaging has been proven to be efficient in characterising the transient 

behaviours of large earthquakes (e.g., Leprince et al., 2007) and landslides (e.g, Ghorbanzadeh 

et al., 2019), but it can hardly capture small ground movements (centimetre level or smaller) in 

long terms, even by Very High Resolution (VHR) satellites (Stumpf et al., 2014), let alone the 

high cost of VHR for long-term monitoring. Satellite radar imaging (or named spaceborne SAR), 

on the other hand, is able to measure both transient deformations (e.g, Pathier et al., 2006; 

Hamling et al., 2017) and long-term subtle ground displacements (e.g., Elliott et al., 2016; 

Handwerger et al., 2019) so that is superior in earthquake and landslide studies. 

1.2 Satellite radar observations  

The first satellite platform equipped with a SAR sensor is SeaSat (Jordan, 1980) which was 

launched by NASA Jet Propulsion Laboratory (JPL) in June 1978. It was designed for global 

oceanographic monitoring and only operated for 110 days, but it inspired pioneering scientists 

to explore the use of satellite radar observations in topographic mapping through interferometry 

(e.g, Gabriel et al., 1989; Li and Goldstein, 1990). In July 1991, European Space Agency (ESA) 

launched European Remote-Sensing Satellite-1 (ERS-1) to provide regular monitoring of land 

and ocean surfaces (Attema, 1991). Based on this satellite’s SAR data, the powerful ability of 

spaceborne interferometric SAR (InSAR) in measuring surface deformation other than 

elevation was firstly revealed by the study of the Landers, California earthquake (Massonnet et 

al., 1993), which ushered in a new era of InSAR. The success of ERS-1 also promoted satellite 

radar observations to the forefront of Earth observation and since then more SAR satellites 

came into operation as shown in Figure 1.1. 

 

As of 2021, at least ten SAR missions are in operation, but their applicability varies due to 

differences in revisit time, spatial resolution, swath width and sensor wavelength (often referred 

to as bands). SAR satellites with less revisit time, higher spatial resolution and larger swath 

width (e.g., Sentinel-1A/B and ALOS-2) are generally more conducive to large-area, multi-

temporal and detailed deformation monitoring, while satellite radars in different bands (usually 

X, L- or C-bands) correspond to different advantageous application scenarios. X-band SAR 

(e.g., TerraSAR-X and COSMO-SkyMed) can provide high-resolution ( 1 m) images but 

operates at a short wavelength of about 3.1 cm, which has little penetration of vegetation and 

will cause strong decorrelation in vegetated areas (Sica et al., 2020). Therefore, it is more 

suitable for urban or ice/snow monitoring (e.g., Bonano et al., 2013; Berg et al., 2015) without 

dense vegetation cover. L-band SAR (e.g., ALOS-1/2), on the other hand, has a much longer 

wavelength (about 23.5 cm), enabling great penetration into vegetation, and its phase quality in 
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vegetated areas degrades much less than X-band SAR (Schlögel et al., 2015). But the spatial 

resolution of L-band SAR is usually lower than X-band SAR (Aoki et al., 2021) and its phase 

measurements tend to be less sensitive to small surface deformation (Wempen and McCarter, 

2017). The wavelength of C-band (about 5.6 cm) is between L-band and X-band, and thus C-

band SAR (e.g., Envisat and Sentinel-1A/B) is a good compromise for deformation monitoring 

in both urban and natural environment conditions (e.g., Osmanoğlu et al., 2011; Intrieri et al., 

2018) despite the lack of sub-metre resolution. 

 

Figure 1.1 An overview of SAR satellites launched since the 1990s. The red stars indicate operational 

SAR missions that are widely used due to their global coverage capability and better data accessibility 

than other missions. Note that the short revisit time of some SAR missions (e.g., COSMO-SkyMed) is 

achieved through a constellation of multiple satellites. Future SAR missions such as NASA-ISRO SAR 
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Mission (NISAR, L- and S-bands) that will be launched in 2023 are not included here. The figure was 

updated from Yu (2019). 

 

Among all the operational SAR satellite missions shown in Figure 1.1, Sentinel-1 is the only 

one capable of systematic global coverage every 6 or 12 days and providing open-access data. 

It is also the first SAR mission specifically designed for large-area (250 km wide) deformation 

monitoring, benefiting from the operation mode of Terrain Observation with Progressive Scans 

(Torres et al., 2012). Sentinel-1 performs C-band SAR imaging with a constellation of two 

satellites, Sentinel-1A and Sentinel-1B, running on the same orbital plane. Since the launch of 

the first satellite in April 2014, Sentinel-1 products have been widely applied to earthquake 

(e.g., Hamling et al., 2017; Bacques et al., 2020) and landslide studies (e.g., Dai et al., 2016; 

Carlà et al., 2019) due to the advantages of global coverage, regular acquisition, and open access. 

These advantages also prompted the use of Sentinel-1 as the main source of satellite radar 

observations in this thesis. 

1.3 Earthquake study using satellite radar observations  

Earthquakes result from the sudden release of energy in the Earth’s crust and cause the transient 

shaking and displacing of the Earth’s surface. The first application of satellite radar 

observations in the earthquake study can be traced back to the 1992 Landers, California 

earthquake. It was Massonnet et al. (1993) who first mapped the high-resolution coseismic 

displacement field with the differential InSAR technique based on ERS-1 images. This study 

was phenomenal and featured on the cover of Nature as it opened a new horizon for the 

earthquake study. Since then, researchers have imaged the coseismic deformation distribution 

of over 130 earthquakes (Funning and Garcia, 2018), such as the 1994 Northridge, U.S. 

earthquake (Massonnet et al., 1996), the 1999 Hector Mine, U.S. earthquake (Fialko et al., 

2001), the 2003 Bam, Iran earthquake (Funning et al., 2005), the 2008 Wenchuan, China 

earthquake (Feng et al., 2010), the 2011 Tohoku, Japan earthquake (Wang et al., 2012), the 

2016 Kaikoura, New Zealand earthquake (Xu et al., 2018) and the 2019 Ridgecrest, U.S. 

earthquake (Goldberg et al., 2020). Thanks to the systematic global coverage of Sentinel-1 data, 

the number of earthquakes studied using InSAR is increasing by 20–30 per year (Biggs and 

Wright, 2020). The short revisit time (6 days at minimum) of Sentinel-1 also highly improved 

the temporal resolution of InSAR and is beneficial in distinguishing between coseismic and 

early postseismic deformation (Sreejith et al., 2016), or the deformation of mainshocks and 

aftershocks.  
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Although InSAR is a powerful tool for coseismic monitoring, its phase measurements may 

significantly suffer from decorrelation under heavy vegetation, especially for X- and C-band 

satellite SAR as introduced in Section 1.2, which limits its use in tropical regions. For areas 

with large transient deformation, such as the epicentral areas of large earthquakes, the 

decorrelation problem will also occur (Socquet et al., 2019), along with serious unwrapping 

difficulties. In addition, InSAR can only measure the coseismic displacement in the Line of 

Sight (LOS), incapable of mapping 2D/3D deformation fields without assumption or 

combination with other sources of measurements. Therefore, to overcome the above 

shortcomings, it is reasonable to combine multiple satellite radar observations such as L-band 

SAR (e.g., ALOS-2) interferometric phases that are feasible over vegetated areas, and SAR 

pixel offsets that provide unambiguous deformation measurements regardless of the magnitude 

of the displacement gradient (Michel et al., 1999; Wang and Jónsson, 2015). Optical satellite 

image offsets can also be complementary to InSAR due to the direct estimation of displacement 

fields in the horizontal direction (north and east) (Leprince et al., 2007). Currently, the use of 

multiple-band InSAR phases (e.g, Wang et al., 2017), SAR pixel offsets (e.g., Elliott et al., 

2007) and optical satellite image offsets (e.g., Milliner et al., 2016) in earthquake study is 

mature, but the proper combination of all these measurements for joint earthquake modelling 

still needs to be explored. The major concerns are the availability of multiple satellite 

observations, the difference in observation accuracy and an efficient weighting strategy. In this 

thesis (Chapter 3), I explore the potential solution of these concerns by investigating a large 

earthquake in New Ireland, Papua New Guinea. 

1.4 Landslide study using satellite radar observations 

Landslides are defined as a type of mass wasting on the ground surface that could behave as 

transient failures or long-term slow sliding. They can be triggered by earthquakes (Keefer, 

2002), rainfalls (Guzzetti et al., 2007), snowmelt (Naudet et al., 2008), volcanism (de Vita et 

al., 2006) and anthropogenic activities (Lacroix et al., 2019). These triggers could activate 

dormant landslides, accelerate slow-moving landslides, and ultimately lead them to a 

catastrophic failure that is fatal to surrounding residents.  

 

Since the operation of the ERS-1 mission in 1991, landslide studies using satellite radar 

observations began to rise and develop vigorously. Scanvic et al. (1993) presented the first 

application of spaceborne InSAR in monitoring landslide motion by use of ERS-1 data, 

followed by a series of pioneering landslide studies (e.g., Carnec et al., 1996; Fruneau et al., 

1996) aiming at the retrieval of small-scale surface displacements. These studies all used the 
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conventional differential InSAR technique, but this technique is difficult to trace the small-scale 

landslide movements in long term due to the rising decorrelation issue over time (Agram and 

Simons, 2015) and the inevitable atmospheric disturb problem for small deformation 

(centimetre level) monitoring (Jolivet et al., 2014). To address these issues, Ferretti et al. (2001) 

proposed a time series InSAR method, i.e., Permanent Scatterers (PS) InSAR, and successfully 

applied it to measure the movement of a landslide in Ancona, Italy for more than five years. 

Berardino et al. (2002) developed another classic time series InSAR method, Small BAseline 

Subset (SBAS), which, together with PS InSAR greatly promotes the prosperity of using 

satellite radar observations to monitor landslides in long term (e.g., Hilley et al., 2004; Farina 

et al., 2006; Tomás et al., 2014; Dai et al., 2016; Zhang et al., 2020). 

 

Although satellite radar observations perform well in recording long-term surface deformation 

of landslides, they fail to directly reveal the subsurface information (e.g., landslide depth). 

Researchers have to rely on strong assumptions such as spatially uniform landslide rheology 

and a priori vertical variation of velocity to retrieve the depth of landslides (e.g., Booth et al., 

2013; Delbridge et al., 2016). However, these assumptions likely do not apply to compound 

landslides with spatially variable or unknown rheology (Booth et al., 2013). Another strategy 

to unravel the subsurface structure of landslides is to combine surface deformation from InSAR 

with measurements from geotechnical sensors (e.g., boreholes, Crosta et al., 2014a) or field 

surveys (Crippa et al., 2020), but the low spatial density of these measurements could be a 

limitation. The depth of landslides may also be obtained from geophysical techniques such as 

seismic noise measurement that is easy to deploy with high spatial density (Pazzi et al., 2017). 

Therefore, in this thesis (Chapter 4), I combine satellite radar and dense seismic observations 

to reveal both the long-term surface movement and subsurface characteristics of a landslide. 

 

In addition to monitoring landslides locally as described above, satellite radar observations can 

also be used to document landslides on a regional (Bonì et al., 2020), provincial (Rosi et al., 

2018), or even national scale (Dehls et al., 2019). The availability of Sentinel-1 data and the 

development of the time series InSAR technique have greatly improved the detectability of 

landslides (Raspini et al., 2019). However, there are still some challenges in automatically 

detecting very slow-moving landslides (a few centimetres per year or less). First, most detection 

methods employ an empirical InSAR velocity threshold (e.g., 2 mm/yr in Lu et al., 2019; 

10 mm/yr in Zhang et al., 2020) to define moving InSAR pixels, which may lack versatility, 

especially in the absence of prior knowledge of the background deformation level. Second, the 

threshold-based detection method ignores the spatial correlation and clustering effects among 
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pixels inside a landslide and is susceptible to noisy pixels. Third, the landslide signal shows the 

characteristics of high frequency but small scales (Huang et al., 2018), and it is often difficult 

to separate localised subtle landslide motion from ambient noise such as atmospheric 

disturbances (Dong et al., 2019). To address these challenges, I developed a new InSAR-based 

landslide detection method (see Chapter 5), which enables the separation of localised landslide 

signals, the adaptive identification of moving pixels without velocity threshold constraints, and 

the automated clustering of identified moving pixels into landslide bodies. 

1.5 Motivations, aims and objectives 

Geohazards that may occur in a transient period or long term seriously threaten human lives 

and properties. This thesis aims to study two typical geohazards: earthquakes and landslides, 

which can cause transient displacing or long-term slow sliding of the ground surface. 

Earthquakes and landslides occur frequently on a global scale and are interrelated in the sense 

that landslides can be triggered by earthquakes. To understand their behaviours and assess their 

risks, this thesis applied satellite radar observations capable of measuring both the transient and 

long-term deformation to study the coseismic slips of earthquakes and the dynamic of slow-

moving landslides. 

 

As introduced in Sections 1.3 and 1.4, satellite radar observations have been widely used in 

earthquake and landslide monitoring through the InSAR technique, with the advantages of large 

coverages, high temporal resolutions and long-term operations. However, they also encounter 

some challenges, such as (1) the decorrelation problem of InSAR when observing large 

transient deformation (such as caused by large earthquakes); (2) the lack of subsurface 

information when observing the long-term ground deformation; and (3) how to automatically 

identify deforming areas after capturing the deformation field. This thesis aims to address these 

challenges by (1) combining InSAR with other remote sensing techniques to fully capture large 

transient deformation; (2) combining InSAR and seismic noise measurement to capture both 

the long-term surface deformation and subsurface information; and (3) developing a new 

adaptive and automatic deforming area detection method based on long-term InSAR 

measurements. 

 

The specific objectives are as follows: 

 

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

observations.  
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InSAR, SAR pixel offset tracking and the optical image offset tracking measurements will be 

combined to investigate the large transient deformation caused by an earthquake (Mw 7.5) that 

occurred in New Ireland, Papua New Guinea in 2019. Such a combination can overcome the 

poor performance of only using InSAR when observing large-gradient displacements. An 

iterative weighting strategy will also be developed for joint earthquake modelling.  

 

Objective 2. To capture both the long-term surface deformation and subsurface 

information by combining InSAR and geophysical measurements. 

InSAR time series will be used to capture the long-term surface deformation of a landslide in 

Villa de la Independencia, Bolivia. Seismic noise measurements will be used to determine the 

depth of the sliding surface. Combining InSAR and seismic noise measurements will enable 

the identification of the 3D sliding geometry and the dynamic heterogeneity within the landslide. 

 

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

deformation by InSAR. 

A new InSAR-based automated deforming area detection method will be developed and it will 

be used to identify landslide risk areas after capturing long-term deformation. This method will 

adaptively identify moving pixels on InSAR velocity maps without threshold constraint and 

automatically cluster moving pixels into intact landslide bodies. By applying the method to 

detect post-earthquake landslides in Central Italy after 2016, an inventory of earthquake 

accelerated landslides (EALs) in this area will be established for the first time, based on which 

the spatial clustering features and sliding dynamics of these EALs will be quantified. 

1.6 Outline 

Chapter 2 provides an overview of SAR/InSAR principles, the SAR pixel offset tracking, 

InSAR stacking and time series InSAR methods. 

 

Chapter 3 describes the combination of multiple satellite observations to capture large transient 

deformation caused by an earthquake. L-band interferometry phases, SAR range/azimuth 

offsets and optical image offsets were combined to map the coseismic deformation field of the 

2019 New Ireland, Papua New Guinea earthquake, and a proper weighting strategy was 

developed to model the fault slips of the earthquake. 

 

Chapter 4 describes the combination of InSAR and geophysical measurements to capture both 

surface deformation and subsurface information of a landslide in Villa de la Independencia, 
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Bolivia. A new InSAR-based geometric inversion method was proposed to determine the 

geometry of the sliding planes and seismic noise measurements were used to estimate the 

sliding depth. The evolution of the landslide over time and its dynamic response to precipitation 

were also analysed. 

 

Chapter 5 develops a new InSAR-based automated deforming area detection method. By 

applying it to detect landslide risk areas in Central Italy after the 2016-2017 earthquake 

sequence, an inventory of earthquake accelerated landslides (EALs) was established. Based on 

the EAL inventory, the prominent conditioning factors of postseismic landslide acceleration, 

the postseismic dynamics of EALs and the difference in seismic response between EALs and 

coseismic landslides were revealed. 

 

Chapter 6 summarises the major findings and contributions of this thesis. 
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Chapter 2. SAR and InSAR techniques 

2.1 Principles of SAR and InSAR 

2.1.1 Principles of SAR  

Radar, standing for radio detection and ranging, is an active sensing technique (or instrument) 

that uses electromagnetic pulses in the radio or microwaves domain to detect distant objects 

and measure their distance to the radar sensor (Skolnik, 1962). The emitted pulses will be 

reflected by the detected objects in the radar’s LOS and their two-way travel time (𝑡) will be 

measured to determine the range (𝑟) between the objects and the radar (Hanssen, 2001) as 

shown in Equation (2.1). 

𝑟 =
𝑐𝑡

2
 (2.1) 

where, 𝑐 is the speed of light. The direction of 𝑟 is along the LOS, also referred to as the slant 

range direction. The resolution in the slant range (𝛿𝑟) represents the minimum distance at which 

two object pixels (assuming A and B, Figure 2.1b) can be distinguished, depending on the pulse 

length (𝐿𝑝). 

𝛿𝑟 =
𝐿𝑝

2
=  

𝑐𝜏

2
=  

𝑐

2𝐵
 (2.2) 

where, 𝜏 is the pulse duration in units of time, equal to 1/𝐵, and 𝐵 is the frequency bandwidth 

of the transmitted pulse. According to Equation (2.2), high range resolution (small ∆𝑟) can be 

achieved by decreasing pulse duration (e.g., pulse compression) or increasing the bandwidth. 

 

Azimuth direction is perpendicular to the range direction and parallel to the flight path of the 

radar platform (see Figure 2.1a). In the azimuth direction, the angular spread of the radar beam 

(𝜃𝑎) is equal to 𝜃𝑎 = 𝜆/𝐿𝑎 (Tomiyasu, 1978) where 𝜆 is the wavelength of the beam and 𝐿𝑎 is 

the along-azimuth length of the radar antenna. As shown in Figure 2.1c, the minimum distance 

at which C and D can be distinguished in the azimuth direction, i.e., the azimuth resolution, is 

approximately equal to (Bamler and Hartl, 1998): 

𝛿𝑎 = 𝑟𝜃𝑎 =
𝑟𝜆

𝐿𝑎
 (2.3) 
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Figure 2.1 Geometry of a side-looking satellite radar in (a) 3D view, (b) lateral view and (c) top view. 

Flight direction, slant range direction, ground range direction and azimuth direction are indicated in (a). 

(b) shows the range resolution and (c) illustrates the azimuth resolution. 

 

Equation (2.3) shows that the improvement of the azimuth resolution depends on the 

enlargement of 𝐿𝑎, but it is unattainable for a resolution of several metres by increasing the 

physical size of the radar antenna. For example, the wavelength and orbit height of Sentinel-1 

are approximately 0.056 m and 693,000 m, so to achieve an azimuth resolution of 15 m, 𝐿𝑎 

needs to exceed 2,500 m which is impractical. Therefore, SAR was proposed to increase the 

virtual length of the antenna aperture (synthetic aperture size) by utilizing the Doppler effect of 

the pulse echo (Hovanessian, 1980). As shown in Figure 2.2a, with the constant motion of the 

radar, the equivalent length of the along-track beamwidth is 2𝛿𝑎. Thus, the synthetic angular 

spread of the beam is equal to 

𝜃𝑎 ′ =
𝜆

2𝛿𝑎
=  

𝐿𝑎

2𝑟
 (2.4) 

It determines the azimuth resolution of SAR: 

𝛿𝑎′ = 𝑟𝜃𝑎 ′ =
𝐿𝑎

2
 (2.5) 
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This is the theoretical resolution obtainable, implying that a smaller antenna can achieve better 

azimuth resolution (Chan and Koo, 2008). But to produce an appropriate interference pattern 

between the dipoles of the antenna, the length of the antenna is generally not designed to be too 

small (e.g., 12.3 m for Sentinel-1, Torres et al., 2012). 

 

Figure 2.2 Geometry of SAR imaging. (a) Top view illustrating the constant motion of the radar. (b) 

Lateral view of SAR geometry. 𝜽 is the local incidence angle that is defined as the angle between the 

slant range direction and the normal direction of the ground surface. The SAR amplitude and phase are 

from the Sentinel-1 image acquired near the Lindu Lake in Central Sulawesi, Indonesia on 7 June 2018. 

 

SAR measurements consist of two kinds of observations: amplitude and phase, as shown in 

Figure 2.2b. The amplitude (𝑎) is the strength of the backscattered electromagnetic wave, which 

is related to the reflectivity of ground targets (Deledalle et al., 2011). The phase (𝜑) is the 

fraction of a single SAR wavelength, related to the distance between the radar antenna and the 

ground targets, and varies between −𝜋 to 𝜋 radians (Osmanoğlu et al., 2016). A pair of phase 

and amplitude forms a complex value (𝑧 = 𝑎𝑒𝜑) and each pixel on a SAR image will have such 

a value.  

 

Due to the side-looking geometry of SAR (Figures 2.1 and 2.2b) and the terrain effect, the SAR 

measurements are inevitably affected by geometric distortions. As shown in Figure 2.3, the 

distance of pixels on a small slope facing the satellite radar will have a shorter distance in the 

SAR image (such as A’B’) than the actual distance on the ground (such as AB), which is called 

the foreshortening effect. This effect requires the slope angle to be smaller than the local 

incidence angle (Colesanti and Wasowski, 2006), otherwise the layover effect, i.e., the top and 

bottom of the slope are reversed in the SAR image (such as DE and E’D’ in Figure 2.3), will 

occur. In addition, steep slopes facing away from the satellite will be prevented from receiving 

SAR signals (Chen et al., 2018), resulting in the shadow effect (such as B’C’ and D’F’) in the 

SAR image. To deal with these geometric distortions, a digital elevation model (DEM) is 

usually used in SAR image formation processing to correct the foreshortening errors (Loew and 
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Mauser, 2007) and identify the layover and shadow areas for masking (Pairman and McNeill, 

1997). Also, descending- and ascending-track SAR images, if available, can be used jointly to 

compensate for the geometric distortions caused by a single imaging geometry (Sansosti et al., 

1999). 

 

Figure 2.3 Diagram illustration of geometric distortions: foreshortening, shadow and layover. 

2.1.2 Principles of InSAR 

InSAR, representing interferometric SAR, measures the phase shifts between two repeat-pass 

SAR acquisitions (primary and secondary acquisitions as shown in Figure 2.4) using 

interferometry. The process of interferometry is complex multiplication of the SAR pixel values 

from the first and second acquisitions (assuming 𝑧1 and 𝑧2): 

𝑧1𝑧2
∗ = (𝑎1𝑒𝜑1)(𝑎2𝑒𝜑2)∗ = 𝑎1𝑎2𝑒(𝜑1−𝜑2) (2.6) 

The measured phase change ∆𝜑 (i.e., 𝜑1 − 𝜑2) is wrapped between −𝜋 to 𝜋 radians and the 

map of ∆𝜑 is called an interferogram. It is a sum of phases related to many factors such as 

topography, ground deformation and combined noise (e.g., from atmospheric delays and orbital 

errors), which can be expressed as: 

∆𝜑 = 𝜑𝑓𝑙𝑎𝑡 + 𝜑𝑡𝑜𝑝𝑜 + 𝜑𝑑𝑒𝑓𝑜𝑟 + 𝜑𝑛𝑜𝑖𝑠𝑒 (2.7) 

where, 𝜑𝑓𝑙𝑎𝑡 is the flat earth phase due to the shape of the Earth; 𝜑𝑡𝑜𝑝𝑜 is the topographic phase 

related to the topography of the ground surface; 𝜑𝑑𝑒𝑓𝑜𝑟  is the phase related to the ground 

deformation, if any; 𝜑𝑛𝑜𝑖𝑠𝑒 is the combined term of noise such as orbital errors, ionospheric 

and tropospheric delay errors. The flat earth phase (𝜑𝑓𝑙𝑎𝑡 ), topographic phase (𝜑𝑡𝑜𝑝𝑜 ) and 

ground deformation phase (𝜑𝑑𝑒𝑓𝑜𝑟) are all related to the range difference ∆𝑅 between the two 
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passes of the SAR satellite. Considering the two-way travel of the SAR signal, ∆𝑅 can be 

converted to the phase of 4𝜋/𝜆 ∙ ∆𝑅 (Bamler and Hartl, 1998).  

 

Figure 2.4 Geometry of InSAR based on primary and secondary SAR acquisitions. 

 

The flat earth phase (𝜑𝑓𝑙𝑎𝑡) can be estimated based on the SAR satellite orbits because it is 

proportional to the parallel baseline (𝐵∥ shown in Figure 2.4) as follows (Pepe and Calò, 2017): 

𝜑𝑓𝑙𝑎𝑡 =
4𝜋

𝜆
∙ 𝐵∥ (2.8) 

The topographic phase (𝜑𝑡𝑜𝑝𝑜 ) is related to the altitude of the ground targets and can be 

calculated given the terrain height (ℎ) and the perpendicular baseline (𝐵⊥ shown in Figure 2.4) 

(Hanssen, 2001): 

𝜑𝑡𝑜𝑝𝑜 = −
4𝜋

𝜆
∙

𝐵⊥

𝑟𝑠𝑖𝑛𝜃
ℎ (2.9) 

where, 𝜃 is the look angle as indicated in Figure 2.4. 

 

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

displacement (𝑑𝐿𝑂𝑆) between the primary and secondary SAR acquisitions:  

𝜑𝑑𝑒𝑓𝑜𝑟 =
4𝜋

𝜆
∙ 𝑑𝐿𝑂𝑆 (2.10) 

For the phase noise, in addition to the orbit determination and atmosphere delays, it can also be 

caused by the temporal change of ground scatterers or volume scattering (e.g., scattering from 

tree branches) (Dall, 2007). The temporal change of scatterers in watersheds or vegetation areas 

is usually very intense, resulting in strong phase noise in these areas. The effect of phase noise 

on InSAR phase measurements can be estimated by the local coherence, which is the cross-
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correlation coefficient of the two repeat-pass SAR images estimated over a small moving spatial 

window (Ferretti et al., 2007) and is useful for generally assessing the InSAR phase quality. 

For two complex signals 𝑧1 and 𝑧2, their complex coherence 𝛾 is defined as (Touzi et al., 1999): 

𝛾 =
𝐸(𝑧1𝑧2

∗)

√𝐸(|𝑧1|2)√𝐸(|𝑧2|2)
 (2.11) 

where, 𝐸(𝑥) represents the expected value of 𝑥. In practice, the maximum likelihood estimator 

of the coherence magnitude |�̂�|, as the degree of the sample coherence, is more feasible to use 

than 𝛾. |�̂�| can be estimated over a window of a few pixels in range and azimuth. Assuming 

that the total number of pixels in the window is 𝑁, then (Seymour and Cumming, 1994) 

|�̂�| =
|∑ 𝑧1𝑖𝑧2𝑖

∗𝑁
𝑖=1 |

√∑ |𝑧1𝑖|2𝑁
𝑖=1 √∑ |𝑧2𝑖|2𝑁

𝑖=1

 
(2.12) 

According to Equation (2.12), each pixel in an interferogram will be assigned a coherence value 

(0 to 1). Figure 2.5a shows an example of a coherence map in the radar coordinate system, 

where the estimation window size is 77 (hence, 𝑁 = 49). The primary and secondary SAR 

images for estimating the coherence were acquired on 20 and 26 May 2021, respectively, during 

which a large earthquake occurred in Maduo, Qinghai Province, China (Mw 7.4, 22 May 2021). 

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

of ground scatterers caused by the earthquake. 

 

Figure 2.5 Examples of (a) a coherence map, (b) a wrapped interferogram and (c) an unwrapped phase 

map. The primary and secondary SAR images were acquired on 20 and 26 May 2021, respectively. Note 

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

 

Regardless of the coherence, the phase on an interferogram is always wrapped between −𝜋 to 

𝜋, so it is necessary to unwrap the interferogram to obtain continuous phase values. The process 

of phase unwrapping is an integral of the phase derivative with the initial condition of zero 

phase at the reference point (Tribolet, 1977), which determines that the InSAR phase 
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measurements are relative. After phase unwrapping, each phase value on the interferogram will 

add an integer multiple of 2. Figures 2.5b and 2.5c show an example of the phase unwrapping, 

where Figure 2.5b is the wrapped phase of the interferogram as displayed by a repeating colour 

scale of −𝜋 to 𝜋, whilst Figure 2.5c is the unwrapped phase without ambiguity (between -150 

to 150 radians) relative to the reference point indicated by a black triangle. Note that the InSAR 

phase in this example is mainly due to the ground deformation because the first two terms in 

Equation (2.7) have been removed based on the known satellite orbit and DEM. 

 

Another feature of InSAR phase measurement is that its direction is along the LOS. Therefore, 

when using InSAR to measure the ground deformation, the measured displacement is only a 

LOS projection component of the actual surface displacement. If the direction of the ground 

motion is nearly normal to the LOS direction, then its projection in the LOS will be negligibly 

small, leading to the unavailability of InSAR. Such defect in InSAR projection geometry can 

be improved by combining satellite radar observations from two different tracks: ascending and 

descending tracks. When the satellite travels from the south pole to the north pole, it is in the 

ascending track, while the opposite is in the descending track. Using both ascending- and 

descending-track InSAR will produce two projection components of the ground movement, as 

shown in Figure 2.6, which expands the terrain applicability of InSAR.  

 

Figure 2.6 Illustration of ascending- and descending-track InSAR geometries (schematic modified from 

Highland and Bobrowsky, 2008). The black arrow indicates the actual ground movement of a 

hypothetical landslide. The red and purple arrows indicate the projection components in the descending 

and ascending LOS, respectively.  



 18 

2.1.3 Error sources of InSAR and countermeasures 

As pointed out in Section 2.1.2, the phase noise of InSAR is related to multiple error sources. 

In this section, the effect of six major error sources (i.e., orbital errors, DEM residual errors, 

ionospheric effect, tropospheric delays, decorrelation effect and unwrapping errors) on the 

InSAR phase measurement and the corresponding countermeasures to mitigate their effect will 

be introduced. 

 

1. Orbital errors 

Orbital errors refer to the errors in the SAR satellite state vectors, resulting in long-wavelength 

(> 50 km) phase disturbs on interferograms (Massonnet and Feigl, 1998). Their spatial pattern 

may bias the estimation of long-wavelength surface deformation (e.g, interseismic deformation 

and far-field coseismic deformation of large earthquakes) (Lohman and Simons, 2005). The 

conventional method of correcting the orbital errors is to estimate a linear or quadratic surface 

fitted to the InSAR phase (Massonnet and Feigl, 1998) or re-estimate baseline components 

(Kohlhase et al., 2003; Rosen et al., 2004). These methods are relatively simple but less accurate 

than consistently estimating surfaces fitted to the InSAR phase based on a network of 

interferograms (Biggs et al., 2007) or correcting satellite orbits in the time domain by small-

baseline time series inversion (Pepe et al., 2011).  

 

All these methods that treat long-wavelength interferometric phases as orbital errors have the 

risk of weakening the actual long-wavelength deformation signal (Fattahi and Amelung, 2014). 

A more reliable way to handle orbital errors is to use the precise orbital products, especially for 

the recent operational SAR satellite (e.g., Sentinel-1 and ALOS-2) with GNSS receivers on 

board. For example, the accuracy of Sentinel-1’s precise orbital data is typically about 0.5 cm 

in 3D 1-sigma (Sentinel Online, 2021), which determines very small InSAR uncertainty caused 

by orbital errors (∼0.2 mm/yr/100 km for velocity estimation, Fattahi and Amelung, 2014). 

 

2. DEM residual errors 

In the estimation of ground deformation, the topographic phase component (i.e., the second 

term of Equation 2.7) should be removed by using a DEM. As shown in Equation (2.9), the 

topographic phase is proportional to the perpendicular baseline and the terrain height, so errors 

in the DEM (∆ℎ) will lead to the following residual errors ∆𝜑𝑡𝑜𝑝𝑜 in the interferometric phase. 
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∆𝜑𝑡𝑜𝑝𝑜 = −
4𝜋

𝜆
∙

𝐵⊥

𝑟𝑠𝑖𝑛𝜃
∆ℎ (2.13) 

It is impractical to correct topographic residual errors based on a single interferogram, but with 

a set of interferograms, DEM errors can be estimated by the InSAR time series inversion. 

Equation (2.13) shows that the topographic residual errors are baseline-dependent and longer 

baseline separation between the two SAR acquisitions for interferometry will generate larger 

DEM residual phases on interferograms. Therefore, the phase due to the DEM errors can be 

minimised by selecting interferograms with small baselines to produce the InSAR time series. 

A group of small baseline interferograms also enable the estimation of DEM errors via the least-

squares inversion in the interferogram domain that treats temporal low-pass components of the 

deformation signal and topographic artefacts as unknown parameters, and the InSAR phase on 

each interferogram as the observation vector (Berardino et al., 2002). After InSAR time series 

inversion, the obtained phase velocity history further allows the re-estimation of DEM errors 

via the least-squares inversion in the time domain that treats the phase velocity at each SAR 

acquisition as the observation vector. The re-estimation is independent of the interferogram 

network and more accurate in the case of retrieving complex time-variable deformation 

histories (Fattahi and Amelung, 2013). 

 

3. Ionospheric effects 

Microwaves emitted from satellite SAR are affected by the ionosphere during their propagation, 

resulting in ionospheric distortions in the InSAR phase measurements. The ionospheric 

distortions cause the group delay and phase advance on the SAR signal due to dispersive 

ionospheric propagation (Gomba et al., 2017). The magnitude of the distortions depends on the 

total electron content (TEC) experienced in the propagation of the SAR signal and is inversely 

proportional to the carrier frequency of the SAR, as shown in Equation (2.14) (Belcher, 2008). 

𝜑𝑖𝑜𝑛𝑜 =
4𝜋𝐾

𝑐𝑓0
∙ 𝑇𝐸𝐶 (2.14) 

where, 𝜑𝑖𝑜𝑛𝑜 is the phase shift due to the ionospheric effects, 𝐾 is a constant 40.28 𝑚3/𝑠2, 𝑐 is 

the speed of light and 𝑓0 is the carrier frequency. This equation indicates that L-band SAR 

systems with lower frequency such as ALOS-1/2 suffer greater ionospheric effects than C-band 

SAR systems such as Sentinel-1.  
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To mitigate the ionospheric effects on interferograms, especially for L-band interferometry, 

ionospheric differential TEC should be estimated precisely. GNSS systems can provide TEC 

estimates between GNSS satellites and ground receivers (Jakowski et al., 2011), but due to the 

limitation of spatial measurement density, they are not detailed enough to directly correct the 

ionospheric delay in SAR interferograms (Meyer, 2011). A more detailed and precise solution 

is to estimate the differential TEC from SAR data, such as the range split-spectrum method 

(Rosen et al., 2010), azimuth shift method (Raucoules and Michele, 2010) and Faraday rotation 

method (Meyer and Nicoll, 2008). Among these methods, the range split-spectrum method that 

takes advantages of the dispersive feature of the ionosphere and separates the ionospheric phase 

component from the nondispersive component (e.g., ground deformation related phase) in 

interferograms is the most applicable on a global scale (Gomba et al., 2016). Therefore, this 

method is recommended for correcting ionosphere-induced errors if observed in the 

interferograms, especially for L-band interferograms in polar and tropical areas or under 

ionospheric anomalies. 

 

4. Tropospheric delays 

Tropospheric delays occur during the propagation of satellite SAR microwaves in the 

troposphere, as a nondispersive component of the interferometric phase in contrast to dispersive 

ionospheric effects. They are usually expressed in the direction of the zenith, referred to as 

Zenith Tropospheric Delay (ZTD), and projected to the LOS when used in InSAR. ZTD is 

composed of two components: Zenith Hydrostatic Delay (ZHD) proportional to the surface 

pressure and Zenith Wet Delay (ZWD) generated by the tropospheric water vapour 

(Saastamoinen, 1972). The magnitude of ZTD is related to the temperature, pressure and water 

vapour content of the troposphere, which can be calculated by integrating the refractivity 

𝑁 between the surface height (ℎ0) and the top of the troposphere (ℎ𝑡𝑜𝑝) (Askne and Nordius, 

1987). 

𝑍𝑇𝐷 = 10−6 ∫ 𝑁𝑑ℎ
ℎ𝑡𝑜𝑝

ℎ0

= 10−6 ∫ (𝑁ℎ𝑦𝑑𝑟 + 𝑁𝑤𝑒𝑡)𝑑ℎ
ℎ𝑡𝑜𝑝

ℎ0

 (2.15) 

where, 𝑁ℎ𝑦𝑑𝑟 and 𝑁𝑤𝑒𝑡 are the hydrostatic and wet components of the refractivity, respectively. 

𝑁ℎ𝑦𝑑𝑟 = 𝑘1

𝑃

𝑇
 (2.16) 

𝑁ℎ𝑦𝑑𝑟 = 𝑘2
′

𝑒

𝑇
+ 𝑘3

𝑒

𝑇2
 (2.17) 
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where, 𝑃 is the total atmospheric pressure, 𝑇 is the temperature, 𝑒 is the water vapour pressure, 

𝑘1 , 𝑘2
′  and 𝑘3  are empirical constants: 𝑘1 = 77.6 𝐾 ℎ𝑃𝑎−1 , 𝑘2

′ = 23.3 𝐾 ℎ𝑃𝑎−1  and 𝑘3 =

3.75 ∙ 105 𝐾2 ℎ𝑃𝑎−1, according to Smith and Weintraub (1953). 

 

The tropospheric phase delay (𝜑𝑡𝑟𝑜𝑝𝑜) of SAR signals is converted from ZTD: 

𝜑𝑡𝑟𝑜𝑝𝑜 = −
4𝜋

𝜆𝑐𝑜𝑠𝜃
𝑍𝑇𝐷 (2.18) 

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

 

For InSAR, the tropospheric phase delay on the interferogram (∆𝜑𝑡𝑟𝑜𝑝𝑜 ) is the difference 

between 𝜑𝑡𝑟𝑜𝑝𝑜 at the primary and secondary SAR acquisition times. According to the physical 

origin of ∆𝜑𝑡𝑟𝑜𝑝𝑜 , its signal can be divided into two types: turbulent mixing and vertical 

stratification. The turbulent mixing results from turbulent processes in the troposphere and 

causes spatial heterogeneities in the refractivity (Hanssen, 2001). The vertical stratification 

results from different vertical refractivity profiles and is correlated with topography (Massonnet 

and Feigl, 1998). These two types of tropospheric effects can greatly contaminate the InSAR 

measurement of surface deformation, causing signals of up to 15-20 cm in the interferogram 

(Bekaert et al., 2015b), which highlights the necessity of InSAR tropospheric correction. 

 

There are two categories of InSAR tropospheric correction methods: correction without and 

with external data. The tropospheric correction without external data is based on the 

interferogram itself and usually requires the assumption of a spatial frequency that is insensitive 

to deformation (Lin et al., 2010) or the functional relationship between the tropospheric phase 

and the topography. The assumed relationship for an individual interferogram could be a linear 

function (Wicks et al., 2002) or a power-law model (Bekaert et al., 2015a). For multi-temporal 

interferograms, tropospheric delays can be corrected in time series InSAR analysis by using 

spatiotemporal filters to extract signals with high spatial and low temporal correlation (Ferretti 

et al., 2001; Hooper et al., 2012). These methods depend on the empirical characteristics of 

InSAR tropospheric phases and may sometimes not be accurate enough due to the complexity 

of tropospheric variations (Xiao et al., 2021). On the other hand, the tropospheric correction 

with external data is independent of InSAR phases and is based on auxiliary tropospheric delay 

fields estimated from GNSS measurements (e.g., Onn and Zebker, 2006), spaceborne multi-

spectral observations (e.g., from the Moderate Resolution Imaging Spectroradiometer 

(MODIS), Li et al., 2005), or numerical weather models (e.g., Jolivet et al., 2014). The quality 
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of the correction depends on the precision and availability of those auxiliary models that need 

to be interpolated in space and time to match the interferogram (Bekaert et al., 2015b). 

 

5. Decorrelation effects 

As introduced in Section 2.1.2, coherence (𝛾) is usually used to assess the phase quality of 

InSAR as a cross-correlation measurement. The magnitude of the coherence could be reduced 

due to various factors, which is called InSAR decorrelation. These factors are summarized into 

four decorrelation terms: spatial baseline decorrelation ( 𝛾𝑠𝑝𝑎𝑡𝑖𝑎𝑙 ), temporal decorrelation 

(𝛾𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙 ), Doppler centroid decorrelation (𝛾𝐷𝑜𝑝𝑝𝑙𝑒𝑟) and thermal decorrelation (𝛾𝑡ℎ𝑒𝑟𝑚𝑎𝑙 ) 

(Zebker and Villasenor, 1992). 

𝛾 = 𝛾𝑠𝑝𝑎𝑡𝑖𝑎𝑙 ⋅ 𝛾𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙 ⋅ 𝛾𝐷𝑜𝑝𝑝𝑙𝑒𝑟 ⋅ 𝛾𝑡ℎ𝑒𝑟𝑚𝑎𝑙  (2.19) 

where, 𝛾𝑠𝑝𝑎𝑡𝑖𝑎𝑙  is due to the spatial separation between the orbits of the primary and secondary 

SAR satellites, 𝛾𝑡𝑒𝑚𝑝𝑜𝑟𝑎𝑙  is related to the temporal change of ground scatterers and 𝛾𝐷𝑜𝑝𝑝𝑙𝑒𝑟  is 

due to the difference in the attitude (e.g., yaw and pitch) of the primary and secondary SAR 

satellites. 𝛾𝑡ℎ𝑒𝑟𝑚𝑎𝑙  is caused by the thermal noise of the satellite radar, which is usually 

neglected for InSAR (Osmanoğlu et al., 2016). 

 

To suppress decorrelation effects on InSAR, it is better to generate interferograms from two 

SAR images with relatively small spatial baselines and a short time span (i.e., small temporal 

baselines). Long-wavelength SAR systems (e.g., L-band) are more suitable for use in vegetated 

areas due to the stronger resistance to temporal decorrelation than short to medium-wavelength 

SAR (e.g., X-band and C-band) benefiting from the greater penetration into vegetation. In 

addition, incoherent pixels that are greatly affected by decorrelation should be masked from 

interferograms to avoid their interference in the unwrapping and interpretation of InSAR phases. 

 

6. Unwrapping errors 

The process of InSAR phase unwrapping recovers the wrapped interferometric phase between 

−𝜋 to 𝜋 radians at each pixel to the unwrapped phase by adding integer multiples of 2. Several 

mature phase unwrapping methods have been developed for decades, such as the branch-cut 

method (Goldstein et al., 1988; Zheng and Da, 2011) which follows a local path to unwrap 

pixels from a reference point and the minimum cost flow (MCF) method (Costantini, 1998) that 

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

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

interferograms.  

 

It is possible to detect and correct unwrapping errors after the process of phase unwrapping. 

The unwrapping errors that cause phase inconsistencies (or jumps) in the unwrapped phase map 

can sometimes be manually recognised and masked from interferograms (e.g., Jolivet et al., 

2012), but a more efficient method is based on the phase closure of interferometric triplets 

(Biggs et al., 2007). The closure is expressed as follows: 

∆𝜑𝑐𝑙𝑜𝑠𝑢𝑟𝑒 = ∆𝜑12 + ∆𝜑23 − ∆𝜑13 (2.20) 

where, ∆𝜑12 , ∆𝜑23  and ∆𝜑13  are three unwrapped InSAR phases generated from SAR 

acquisitions at 𝑡1, 𝑡2 and 𝑡3. According to the magnitude of the phase closure, InSAR pixels 

with considerable unwrapping errors should be masked from interferograms. Their unwrapping 

errors can be further corrected by solving the integer ambiguity using the L1-norm regularized 

least-squares approximation if a redundant network of interferograms is available (Zhang et al., 

2019b).  

2.2 Procedures of InSAR processing 

This section introduces the standard processing procedures of InSAR. Since this thesis aims at 

deformation monitoring rather than topographic mapping, the two-pass differential InSAR 

processing was performed by the GAMMA software (Wegmüller et al., 2016) after collecting 

primary and secondary SAR Single Look Complex (SLC) data. The specific procedures are as 

follows. 

1. Co-registration. The primary and secondary SAR images must be firstly co-registered to 

within a small fraction of a pixel (Just and Bamler, 1994), which includes the modelling of the 

geometric difference between the two SAR images and the resampling of the secondary SAR 

image to follow the primary SAR geometry. 

2. Geocoding. This step will register the SAR images in absolute geographic coordinates 

(Massonnet and Feigl, 1998) based on a DEM from the Shuttle Radar Topography Mission 

(SRTM) (Farr et al., 2007). 

3. Interferometry following Equation (2.6). In this step, multi-looking that averages the pixel 

phase in range and azimuth can be used to suppress phase noise. 
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4. Flat-earth phase removal. This step requires precise orbital data as shown in Equation (2.8). 

The use of precise orbits can also mitigate orbital errors in generating interferograms. 

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

subtracted from the generated interferogram, which is the key step of differential InSAR. 

6. Phase filtering and unwrapping. The interferogram will be filtered by the adaptive spectral 

filtering method (Goldstein and Werner, 1998) and unwrapped with the MCF method (Chen 

and Zebker, 2000). In the step of phase unwrapping, InSAR pixels with low coherence (e.g., < 

0.3) could be masked to reduce unwrapping errors caused by the decorrelation effect. 

7. Tropospheric delay correction. Generic Atmospheric Correction Online Service (GACOS) 

for InSAR (Yu et al., 2017; Yu et al., 2018b; Yu et al., 2018c) that provides high-resolution 

ZTD maps based on ECMWF weather models will be used to correct tropospheric delays on 

the unwrapped phase map. 

8. Output of displacement maps. The corrected phase map in radian can be easily converted to 

a displacement map by multiplying by 𝜆/4𝜋. If strong ionospheric effects and unwrapping 

errors are observed in the displacement map, the corresponding countermeasures described in 

Section 2.1.3 can be further applied. 

2.3 SAR pixel offset tracking 

Pixel offsets refer to the difference in the position of a given ground point in two SAR images 

(Michel et al., 1999), which can be measured in both the LOS and azimuth directions using the 

SAR pixel offset tracking technique. This technique is advantageous over InSAR in providing 

unambiguous ground deformation measurements without the limitation of displacement 

gradient. The standard SAR pixel offset tracking method uses cross-correlation (Equation 2.21) 

between image windows of SAR amplitude to estimate range and azimuth offsets (Hu et al., 

2014).  

𝑐𝑐 =
∑ (𝑝𝑖 − 𝜇𝑝)(𝑠𝑖 − 𝜇𝑠)𝑁

𝑖=1

√∑ (𝑝𝑖 − 𝜇𝑝)2𝑁
𝑖=1 √∑ (𝑠𝑖 − 𝜇𝑠)2𝑁

𝑖=1

 
(2.21) 

where, 𝑐𝑐 is the cross-correlation between two spatial windows in the primary and secondary 

SAR amplitude images, 𝑁 is the number of pixels in the spatial windows (e.g., 𝑁 is equal to 

1024 for a 3232 window), 𝑖 is the pixel index in the windows, 𝑝𝑖 and 𝜇𝑝 are the amplitude of 

the 𝑖 th pixel and the average amplitude of all pixels in the primary SAR image window, 
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respectively, while 𝑠𝑖 and 𝜇𝑠 are the 𝑖th and average amplitudes in the secondary SAR image 

window.  

 

For each pixel, SAR offset tracking will firstly search for the maximum cross-correlation 

between moving windows of the co-registered primary and secondary SAR images and then 

calculate the corresponding pixel offset according to the location of the search windows in the 

two SAR images. The precision is around 1/10 of one single-look pixel (up to 1/20 given cross-

correlation close to 1, Bamler and Eineder, 2005). For example, the pixel spacing of Sentinel-

1 in the range direction is about 2.3 m, so the precision of offset tracking is about 0.2 m. 

 

Figures 2.7 and 2.8 show the results of SAR pixel offset tracking for an Mw 7.8 earthquake that 

occurred in New Zealand on 13 November 2016. The primary and secondary Sentinel-1 images 

used were acquired on 5 September and 16 November 2016, respectively. Three-dimensional 

Global Positioning System (GPS) displacements from Hamling et al. (2017) were also collected 

and projected to the LOS direction for comparison. As shown in the blue rectangles in Figures 

2.7a and 2.8a, large near-field deformation is completely retrieved in the range and azimuth 

direction. The average difference between GNSS and range offset measurements and its 

standard deviation (STD) are approximately 0.52 m and 0.36 m, respectively (Figure 2.7b). 

Since the pixel spacing of Sentinel-1 data in the azimuth direction is about 15 m, the theoretical 

precision of azimuth offsets is only about 1 m, which was validated in Figure 2.8b. In the near 

field, the performance of azimuth offset tracking is better. The inset of Figure 2.8a (with the 

same axes as Figure 2.8b) shows an average difference of 0.88 m and an STD difference of 

0.5 m between the near-field GNSS and azimuth offset measurements. 

 
Figure 2.7 Range offset tracking results of the 2016 Mw 7.8 New Zealand earthquake. (a) Range offset 

displacement map, where the inset is the comparison result of GPS and range offset tracking in the near 
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field (blue rectangle). (b) Comparison between GPS and range offset tracking results with a correlation 

of 0.89, an average difference of 0.52 m and an STD difference of 0.36 m. 

 
Figure 2.8 Azimuth offset tracking results of the 2016 Mw 7.8 New Zealand earthquake. (a) Azimuth 

offset displacement map. (b) Comparison between GPS and azimuth offset tracking results. Their 

correlation is 0.47, with an average difference of 1.14 m and an STD difference of 1.31 m. Near-field 

comparison is the inset of (a). 

 

SAR pixel offset tracking is also powerful in retrieving the deformation of fast-moving 

landslides. On 11 October 2018, a large landslide occurred in Baige along the Jinsha River, 

China (Liu et al., 2020). The landslide without prior detection blocked the river and threatened 

the downstream hydropower stations. To figure out whether such a large landslide had obvious 

deformation before the main failure, its pre-failure displacements were estimated by SAR pixel 

offset tracking after collecting an ALOS-2 ascending-track image pair on 24 July 2017 and 23 

July 2018. Offset tracking results (Figure 2.9) show that the accumulated deformation in the 

range and azimuth direction one year before the landslide failure reached 30 m and 10 m, 

respectively. 

 

Figure 2.9 Cumulative displacements one year before the failure of the 2018 Baige landslide in the (a) 

range and (b) azimuth directions measured by SAR pixel offset tracking. 
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2.4 InSAR stacking technique 

InSAR stacking is the simplest technique to estimate the linear velocity of ground deformation 

based on a network of unwrapped interferograms generated following Section 2.2. This 

technique assumes the ground deformation follows a linear model and averages a series of 

interferograms in time (see Equation 2.22), which can significantly reduce random phase noise 

(Wright et al., 2001).  

𝑉𝑚𝑒𝑎𝑛 =
∑ 𝜑𝑖∆𝑡𝑖

𝑁
𝑖=1

∑ ∆𝑡𝑖
2𝑁

𝑖=1

 (2.22) 

where, 𝑉𝑚𝑒𝑎𝑛 is the mean velocity estimated for any pixel in the image, 𝑁 is the number of 

interferograms, 𝑖 is the interferogram index, 𝜑𝑖 is the unwrapped phase of the pixel in the 𝑖th 

interferogram, ∆𝑡𝑖  is the temporal baseline in days of the 𝑖 th interferogram. This equation 

indicates that the individual interferometric phases are weighted by the time interval of 

interferometry.  
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Figure 2.10 Application of InSAR stacking in investigating landslides in the Alps. (a) Sentinel-1 

acquisitions (blue stars) and generated interferometric pairs (grey lines). Y-axis indicates the 

perpendicular baseline length (m) of these pairs. (b) Map of mean InSAR velocity in the LOS. The inset 

is a zoom-in view of the InSAR velocity, where black polygons are historical landslides recorded in the 

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

 

An example of the application of the InSAR stacking method in investigating landslides in the 

Alps is shown in Figure 2.10. A total of 235 Sentinel-1 images in the descending track from 15 

April 2015 to 13 March 2020 were collected and paired into 1137 interferograms (Figure 2.10a). 

Figure 2.10b shows the mean velocity derived from InSAR stacking applied to these 

interferograms. The velocity map enables the investigation of landslide activity in the study 

area. As shown in the zoom-in inset of Figure 2.10b, black polygons outline historical landslides 

recorded in the Italian national landslide inventory and their activities can be updated according 

to the average velocity of pixels inside the landslide bodies. Also, potential new landslides 

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

 

This example shows the feasibility of using InSAR stacking to perform a general survey of 

ground deformation over a large spatial scale due to the simplicity of computation (i.e., 

Equation 2.22). However, it only provides linear velocity estimates and lacks the temporal 

information on deformation. Such information is important to track the long-term development 

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

2.5 InSAR time series methods 

InSAR time series analysis is the advanced InSAR technique to retrieve Earth’s surface 

deformation over time including mean velocity and displacement time series based on a 

network of multi-temporal interferograms. Some InSAR phase noise terms such as DEM and 

atmospheric residual errors are also mitigated by the time series inversion. Since 2000, many 

InSAR time series analysis methods have been developed, such as PSInSARTM (Ferretti et al., 

2001), Small BAseline Subset (SBAS) (Berardino et al., 2002), Interferometric Point Target 

Analysis (IPTA) (Werner et al., 2003), Stanford Method for Persistent Scatterers (StaMPS) 

(Hooper et al., 2004; Hooper et al., 2007), Coherent Pixels Technique (CPT) (Blanco-Sánchez 

et al., 2008), SqueeSARTM (Ferretti et al., 2011) and Quasi Persistent Scatterers (QPS) (Perissin 

and Wang, 2012). All these methods follow the theory of two basic InSAR time series 

techniques: Persistent Scatterers InSAR (PSI) and SBAS.  
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2.5.1 Persistent Scatterers InSAR (PSI) 

Persistent Scatterers (PS) refers to ground reflectors with strong backscatter properties and 

constant response to radar over time (Crosetto et al., 2016) and their dimension is smaller than 

the SAR resolution cell (Ferretti et al., 2001). Since PS can remain coherent over long time 

intervals without spatial baseline and temporal decorrelation, the interferogram network of PSI 

is allowed to include long-baseline interferograms based on a single primary SAR acquisition. 

This means all single SAR images are connected to the same primary SAR image to form 

interferograms used in PSI.  

 

After generating a stack of single-primary interferograms, the next step of PSI is to select PS 

candidates (PSC) according to predefined criteria such as amplitude dispersion (Ferretti et al., 

2001). The amplitude dispersion 𝐷𝐴 of an InSAR pixel is equal to the ratio of the standard 

deviation (𝜎𝐴) to the mean value (𝜇𝐴) of its amplitude. 

𝐷𝐴 = 𝜎𝐴/𝜇𝐴 (2.23) 

InSAR pixels with a 𝐷𝐴 of less than 0.25 are typically selected as PSC. They are rarely affected 

by decorrelation noise and their DEM errors and velocities can be computed by an iterative 

approximation algorithm starting from interferograms with small spatial and temporal baselines 

(Ferretti et al., 2001). After removing the estimated DEM errors and constant velocity terms 

from the interferometric phase of PSC, phase residuals are mainly contributed by atmospheric 

delays (defined as atmospheric phase screen, APS) and phase noise. By spatially smoothing the 

phase residuals, the phase noise could be filtered out and the APS is estimated for each PSC, 

considering the strong spatial correlation of APS. The APS on the sparse PSC grid is then 

interpolated on the uniform grid of the interferogram using Kriging interpolation. 

 

After APS interpolation and removal from the interferograms, DEM errors and deformation 

velocity of InSAR pixels are estimated on a pixel-by-pixel basis by maximising the multi-

interferogram coherence of each pixel (Colesanti et al., 2003). This is a non-linear inversion 

process, and the output coherence value indicates the accuracy of the estimation. Those pixels 

with high coherence (e.g., > 0.75) are thus selected as the PS that are characterized by high 

phase stability in time. Then, phase unwrapping on a grid of PS will be performed taking 

advantage of the estimated velocity and DEM error differences between neighbouring PS 

(Ferretti et al., 2000). Finally, based on the unwrapped phase both in space and time, the 

displacement time series for each PS with respect to a reference PS will be obtained. 
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In conclusion, PSI overcomes the spatial baseline and temporal decorrelation problems and can 

precisely retrieve long-term continuous deformation of PS by mitigating DEM errors and APS. 

However, the performance of PSI in non-urban areas is poor due to the low PS density and 

quality in vegetated or low-reflectivity areas (Crosetto et al., 2016), which limits its application 

in monitoring earthquakes or landslides that are prone to occur in complex natural environments. 

Such limitation of PSI highlights the usefulness of distributed scatterers (DS) that are composed 

of small random scatterers without one being dominant, because DS are widely distributed in 

natural environments such as bare soil, sparsely vegetated or desert lands (Dong et al., 2018). 

2.5.2 Small Baseline Subset method (SBAS) 

SBAS is the first typical DS method, which uses a multi-primary interferogram network with 

small baselines to target DS and analyse their temporal movements. In the process of generating 

interferograms, SAR images are co-registered to a single image and paired with multiple 

temporally adjacent images for interferometry (as shown in Figure 2.10a). The baselines of 

interferograms can be limited to less than 400 m in space and less than 1 year in time 

(Osmanoğlu et al., 2016) to minimise InSAR decorrelation. These multi-primary small baseline 

interferograms with flat-earth and topographic phases removed will be unwrapped to be used 

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

components in addition to phase noise. 

 

Assuming that 𝑁 + 1 co-registered SAR images form 𝑀 differential interferograms, let 𝜙𝑇 =

[𝜙(𝑡1), 𝜙(𝑡2), … , 𝜙(𝑡𝑁)] be the unknown phase vector of 𝑁 images (not 𝑁 + 1 due to the need 

of one reference image, 𝜙(𝑡0) = 0 ) and ∆𝜙𝑇 = [∆𝜙1, ∆𝜙2, … , ∆𝜙𝑀]  be the vector of the 

known unwrapped phase of 𝑀 interferograms. Accordingly, the interferogram network can be 

expressed as: 

∆𝜙 = 𝐴𝜙 (2.24) 

where, 𝐴 is a 𝑀 × 𝑁 design matrix related to the network structure and it is in the form of 

Equation (2.25) if ∆𝜙1 = 𝜙(𝑡2) − 𝜙(𝑡1), ∆𝜙2 = 𝜙(𝑡3) − 𝜙(𝑡1) and ∆𝜙3 = 𝜙(𝑡2) − 𝜙(𝑡0).  

 

If all the SAR acquisitions are grouped in a single small baseline subset (such as Figure 2.10a), 

then 𝑀 ≥ 𝑁  and the rank of 𝐴 is 𝑁. Therefore, Equation (2.24) can be solved in the least-

squares sense as Equation (2.26). 
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 (2.25) 

�̂� = (𝐴𝑇𝐴)−1𝐴𝑇∆𝜙

 

(2.26) 

On the other hand, it is possible that SAR acquisitions are separated into different small baseline 

subset due to the existence of large baselines, resulting in a rank deficiency of 𝐴 (Lanari et al., 

2004). In such a case, Equation (2.24) should be converted to an observation equation that takes 

the mean phase velocity between temporally adjacent acquisitions as the input observations and 

solved via the single value decomposition (SVD) method (Berardino et al., 2002). 

 

SBAS also accounts for the estimation of DEM residual errors by adding the topographic 

residual term ∆ℎ to Equation (2.24) according to Equation (2.13). 

∆𝜙 = [𝐴, 𝐴𝑡𝑜𝑝𝑜][
𝜙

∆ℎ
] (2.27) 

wherein  

𝐴𝑡𝑜𝑝𝑜
𝑇 = [

−4𝜋

𝜆

𝐵⊥1

𝑟𝑠𝑖𝑛𝜃
,
−4𝜋

𝜆

𝐵⊥2

𝑟𝑠𝑖𝑛𝜃
, … ,

−4𝜋

𝜆

𝐵⊥𝑀

𝑟𝑠𝑖𝑛𝜃
] (2.28) 

where, 𝐵⊥1, 𝐵⊥2, … , 𝐵⊥𝑀 are the perpendicular baseline of the first, second to 𝑀 th 

interferograms. The estimated �̂� is a combination of deformation and APS components. To 

separate them, SBAS uses low-pass filtering performed in 2D space and high-pass filtering 

performed in time to extract the APS (Lanari et al., 2007) considering its high spatial and low 

temporal correlation (Ferretti et al., 2000), and finally obtains the deformation signals by 

subtracting the APS from �̂�. 

2.5.3 StaMPS 

StaMPS is an open-access InSAR time series software that was originally developed as a new 

PS method (Hooper et al., 2004) but also supports SBAS in its later version (Hooper, 2008). 

 

1. PS mode 
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StaMPS redefines PS as scatterers with high phase stability in space and time. Amplitude 

dispersion proposed in PSI is also used for the initial selection of PSC in StaMPS, but its 

threshold (0.4) is set higher than that in PSI (0.25) to include more PSC for subsequent phase 

analysis. In the phase analysis, since the input interferograms have been flattened and 

topographically corrected, the wrapped phase 𝜑𝑥,𝑖  of the 𝑥th PSC in the 𝑖th interferogram can 

be expressed as (Hooper et al., 2007): 

𝜑𝑥,𝑖 = 𝑊{𝜙𝐷,𝑥,𝑖 + 𝜙𝐴,𝑥,𝑖 + ∆𝜙𝑂,𝑥,𝑖 + ∆𝜙𝜃,𝑥,𝑖 + 𝜙𝑁,𝑥,𝑖} (2.29) 

where, 𝑊{⋅} is the wrapping operator, 𝜙𝐷,𝑥,𝑖 is the phase change due to deformation of the PSC, 

𝜙𝐴,𝑥,𝑖 is the APS term, ∆𝜙𝑂,𝑥,𝑖 is the residual phase due to the orbital errors of the satellite, 

∆𝜙𝜃,𝑥,𝑖 is the residual phase due to the look angle errors. For DS pixels, ∆𝜙𝜃,𝑥,𝑖 is equal to DEM 

errors, but for PS pixels, it is also contributed by the range difference between the position of 

the dominant scatterer and the ground patch centre resolved by the pixel (Hooper et al., 2007). 

𝜙𝑁,𝑥,𝑖 is a mixed term of other noise such as coregistration errors and thermal noise. 𝜙𝐷,𝑥,𝑖 , 

𝜙𝐴,𝑥,𝑖,∆𝜙𝑂,𝑥,𝑖 and part of ∆𝜙𝜃,𝑥,𝑖 are spatially correlated, which can be estimated by calculating 

the average phase of a PSC and its surrounding PSC (Hooper et al., 2004) or by combining an 

adaptive band-pass filter and a low-pass filter (Hooper et al., 2007). After subtracting these 

spatially correlated terms from 𝜑𝑥,𝑖 , the remaining phase except for 𝜙𝑁,𝑥,𝑖  is the spatially 

uncorrelated part of ∆𝜙𝜃,𝑥,𝑖 , which is approximately linear to the look angle errors (mainly 

DEM errors) and perpendicular baseline and can be estimated in the least-squares sense. Thus, 

a measure of the PSC phase stability, the temporal coherence, is defined as follows (Hooper et 

al., 2007). 

𝛾𝑥 =
1

𝑀
|∑ exp {√−1(𝜑𝑥,𝑖 − �̃�𝑥,𝑖 − ∆�̂�𝜃,𝑥,𝑖

𝑢 )}

𝑀

𝑖=1

| (2.30) 

where, 𝛾𝑥  is the temporal coherence of the 𝑥th PSC pixel, �̃�𝑥,𝑖  is a wrapped estimate of the 

spatially correlated terms, ∆�̂�𝜃,𝑥,𝑖
𝑢  is an estimate of the spatially uncorrelated part of ∆𝜙𝜃,𝑥,𝑖, 

and 𝑀 is the number of interferograms. The calculation of 𝛾𝑥  is an iterative process, where each 

iteration will discard low-coherence PSC and recalculate the coherence until it stabilises.  

 

Then, StaMPS selects the final PS based on the temporal coherence in a probabilistic fashion, 

in which a coherence threshold is determined to maximise the number of real PS while 

suppressing the fraction of random phase pixels (Hooper et al., 2004). The amplitude dispersion 

is also considered in this step for a more accurate estimation of PS probability (Hooper et al., 
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2007). After the selection of PS, the wrapped interferometric phase of these PS with spatially 

uncorrelated noise (mainly DEM errors) removed will be unwrapped by a 3D unwrapping 

method (Hooper and Zebker, 2007) that relies on first unwrapping in time (1D), then estimating 

the probability density functions in space and using cost-maps (Chen and Zebker, 2001) to 

optimize spatial unwrapping (2D).  

 

After 3D unwrapping, spatially correlated noise such as APS residuals, orbital residual errors 

and the spatially correlated part of look angle errors will be filtered from the unwrapped phase 

using a combination of spatial and temporal filters based on a Delaunay network connecting all 

PS pixels (Hooper et al., 2007). Finally, the velocity and displacement time series in the LOS 

will be obtained from the filtered unwrapped phase. 

 

2. SBAS mode 

If a multi-primary small baseline interferogram network is available, StaMPS also supports 

SBAS processing but on the basis of single-look wrapped interferograms, which is in contrast 

with standard SBAS methods (Berardino et al., 2002) that usually works with multi-looked 

unwrapped phase. In StaMPS-SBAS, the pixels to be processed are referred to as slowly-

decorrelating filtered phase (SDFP) pixels (Hooper, 2008). The SDFP pixels are also initially 

selected through the amplitude analysis, as in PS mode, but the indicator is the amplitude 

difference dispersion 𝐷∆𝐴 rather than the amplitude dispersion in PSI.  

𝐷∆𝐴 = 𝜎∆𝐴/𝜇𝐴 (2.31) 

where, 𝜎∆𝐴  is the standard deviation of the amplitude difference between primary and 

secondary SAR acquisitions at a pixel and 𝜇𝐴 is the mean amplitude value of the pixel. Pixels 

with 𝐷∆𝐴 ≤ 0.6 are selected as the SDFP candidates. 

 

SDFP pixels are selected from candidates using the same phase analysis algorithm as PS 

selection (as described in the PS mode). Then, the wrapped phase of SDFP pixels with spatially 

uncorrelated errors corrected will be unwrapped in three dimensions and the unwrapped phase 

will be filtered out of spatially correlated errors as in the PS mode. Finally, the filtered 

unwrapped phase of each SDFP pixel will be inverted to a time series of phase changes by the 

least-squares inversion. 

This thesis chooses the SBAS mode of StaMPS as the InSAR time series analysis method 

considering its comprehensive advantages over the StaMPS-PS mode and the standard SBAS. 



 34 

Compared to the PS mode, StaMPS-SBAS can analyse more coherent pixels in natural terrains 

and reduce spatial aliasing in the case of high deformation velocity (Hooper, 2008) due to the 

use of small baseline interferograms. Compared to standard SBAS, the StaMPS-SBAS has 

advantages in full-resolution processing (single-look without loss of spatial resolution) and 

more robust 3D phase unwrapping (Hooper et al., 2012). 
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Chapter 3. Combining multiple satellite observations to model the 2019 

Mw 7.5 New Ireland earthquake 

This chapter aims to fully capture large transient deformation by combining multiple satellite 

observations, which overcomes the decorrelation problem of InSAR when observing large 

magnitude coseismic deformation. The study in this chapter has been published in Remote 

Sensing (https://doi.org/10.3390/rs11232767).  

 

The case studied in this chapter is the 2019 Mw 7.5 New Ireland earthquake that occurred in an 

equatorial area where the dense vegetation and large gradient of coseismic deformation prevent 

C- or X-band InSAR from acquiring coherent phase measurements. Therefore, multiple remote 

sensing techniques including the L-band InSAR, the range and azimuth offset tracking of SAR 

intensities and the optical image offset tracking were employed together to map the co-seismic 

deformation field and to determine the slip distribution. The surface rupture was clearly and 

consistently captured by all offset observations, with the ground fault trace striking at an angle 

of 315° and extending over 10 km. An iterative weighting strategy based on the residual root 

mean square of inversions using individual datasets was developed to determine the relative 

weight of each dataset, allowing for the joint inversion of the fault geometry, the refinement of 

the dip angle and the determination of the best fitting slip distribution. The relationship between 

the aftershocks and Coulomb failure stress changes was also discussed. 

3.1 Introduction 

On 14 May 2019 (UTC 12:58:25), an Mw 7.5 earthquake occurred in New Ireland, eastern 

Papua New Guinea (Figure 3.1). It ruptured the Weitin fault, a strike-slip fault across the south 

of New Ireland, along the boundary between the South Bismarck and North Bismarck 

microplates. The epicentre initially estimated by U.S. Geological Survey (USGS) was 4.081°S, 

152.569°E, with a focal depth of ∼10.0 km, indicating shallow strike-slip faulting. The 

earthquake was followed by 43 aftershocks with magnitude > Mb 4.0 (red dots in Figure 3.1) 

within five days of the mainshock. Two moderate aftershocks on 14 May, both with a 

magnitude of Mb 5.0, respectively occurred ∼40 min and ∼100 min after the main event and 

were located ∼18 km southeast and ∼70 km northwest of the mainshock. However, the largest 

aftershock (purple beach ball in Figure 3.1) occurred on 17 May 2019 with a magnitude of Mb 

5.9, located ∼74 km southeast of the main event. The earthquake catalogue from USGS shows 

that the focal depth of the three aftershocks is 10.0, 12.1 and 21.0 km, respectively. 

https://doi.org/10.3390/rs11232767
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Figure 3.1 Seismotectonic setting of the 2019 New Ireland earthquake. (a) Tectonic background of the 

study area. The inset global map shows the relative location between New Ireland, the Pacific Plate and 

the Australian Plate, where the red star denotes the location of this earthquake. The red beach ball 

represents the focal mechanism of the 2019 New Ireland earthquake from USGS while the purple one 

represents its largest aftershock. The red dots denote all other aftershocks five days after the main event 

recorded by USGS. The black beach balls represent three large historical earthquakes in this region that 

occurred in November 2000. The solid black lines denote the major active faults in the region. The black 

line above the mainshock is the offshore extension of the Weitin fault. The yellow rectangles outline the 

spatial coverage of Sentinel-1 (descending track 16) and Sentinel-2 (track 116) frames. The purple 

rectangles outline the spatial coverage of ALOS-2 ScanSAR (descending track 6) and ALOS-2 strip 

map (track 108) frames. (b) Natural colour display of Sentinel-2 data imaged on 26 May 2019. (c) 

Normalized Difference Vegetation Index (NDVI) map calculated from the near-infrared spectrum (band 

8) and red range of the spectrum (band 4) of Sentinel-2 image, where large values (from 0.6 to 0.8) 

indicate temperate or tropical forests. 

 

Papua New Guinea, located in a complex tectonic setting between the Pacific Plate and the 

Australian Plate, is one of the most seismically active regions in the world. Its eastern areas 

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

North Bismarck microplates) composing part of the edge of the Pacific and Australian plates 

(Llanes et al., 2009; Holm et al., 2016). As a transform boundary (Baldwin et al., 2012), more 

than 35 earthquakes with a magnitude greater than Mw 7 occurred since 1970. These include a 

0 50
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well-documented Mw 8.0 earthquake that occurred on 16 November 2000, 45 km to the 

northwest of the 14 May 2019 event, which was followed by two Mw 7.8 aftershocks on the 

subduction zone between the Solomon Sea and Pacific plates (Figure 3.1a). Tregoning et al. 

(2005) used teleseismic data to relocate the aftershocks and concluded that the accumulated 

strain on the Weitin fault was fully released during the mainshock because no aftershocks were 

located in the upper 15 km of the Weitin fault. Determining the coseismic slip distribution of 

the 16 November 2000 event constrained by the teleseismic wave data, Geist and Parsons 

(2005) modelled the changes in the Coulomb failure stress which they inferred had contributed 

to the first Mw 7.8 thrust aftershock. However, Park and Mori (2007) carried out inversions 

using teleseismic P waveforms and showed that the static stress triggering mechanism hardly 

explains all of the triggered events in the earthquake sequence. To conclude, uncertainties exist 

due to limited observations for the investigation of the interaction of the faults in New Ireland 

and subduction trenches (e.g., New Britain trench), especially during large strike-slip 

earthquakes that occurred on the Weitin fault. Therefore, the 14 May 2019 event, covered for 

the first time by abundant geodetic observations with a high spatial resolution, provides a great 

opportunity to study the detailed fault behaviour and potential seismic hazards around New 

Ireland.   

 

Interferometric Synthetic Aperture Radar (InSAR) has been widely used for tectonic and 

coseismic studies since the early 1990s (Massonnet et al., 1993; Parks et al., 2012; Hamling et 

al., 2017). However, their phase measurements may significantly lose coherence in this heavy 

vegetation area (Figures 3.1b and 3.1c), especially for sensors with short wavelengths such as 

X- and C- bands, limiting their usage in the tropical region. The decorrelation and unwrapping 

problems intensify for areas with large displacement gradients. It is, therefore, reasonable to 

employ multiple remote sensing observations which are feasible over vegetation-covered areas 

such as the L-band interferometric phase measurements (e.g., from ALOS-2), the C-band SAR 

pixel offsets (e.g., from Sentinel-1) and the optical image pixel offsets (e.g., from Sentinel-2). 

SAR pixel offset tracking based on SAR amplitude images as illustrated in Section 2.3, also 

referred to as incoherent speckle tracking, can provide unambiguous surface displacement in 

both the Line of Sight (LOS) and azimuth directions by cross-correlating intensities (Michel et 

al., 1999; De Zan, 2014; Wang and Jónsson, 2015). Optical based offset tracking with a sub-

pixel precision can also measure ground deformation regardless of displacement gradient 

(Leprince et al., 2007) in cloudless areas. Observations from these methods have been 

individually used for earthquake modelling (Wang et al., 2017; Xu et al., 2018; Socquet et al., 

2019), but research combining them all for joint modelling still needs to be explored, given 
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their different satellite geometries and observation accuracies, as well as the requirement for a 

proper weighting strategy. 

 

In this study, the observations mentioned above are combined using an iterative weighting 

strategy for joint earthquake modelling. Firstly, satellite data from Sentinel-1, Sentinel-2 and 

ALOS-2 PALSAR-2 in both ScanSAR and strip map (SM) modes were collected and processed 

to map the coseismic deformation field and determine the surface trace of the ruptured fault. 

With the assumption that the earth crust model is elastic half-space homogeneous (Okada, 

1985), finite-fault slips for the earthquake were then jointly inverted from these satellite images. 

Coulomb failure stress changes were finally calculated and discussed for the uncertainty of the 

interaction between the Weitin fault and subduction trenches. 

3.2 Data and processing strategy 

3.2.1 Sentinel-1 data and interferometry 

Sentinel is a series of earth observation missions developed and operated by the European Space 

Agency (ESA) for the Copernicus initiative. The Sentinel missions are operated day and night, 

providing complete, free and open-access products through the Copernicus Open Access Hub 

(https://scihub.copernicus.eu). As the first of five Sentinel missions, Sentinel-1 performs C-

band SAR imaging with a constellation of two satellites, Sentinel-1A and Sentinel-1B, running 

on the same orbital plane. Since the launch of the first satellite in April 2014, Sentinel-1 can 

offer repeated wide swath (∼250 km) coverage and acquire imagery globally every 6 or 12 days 

regardless of the weather with the mode of Terrain Observation with Progressive Scans (TOPS) 

(Torres et al., 2012).  

 

The Sentinel-1 image pair used in this study was captured on 13 May 2019 and 25 May 2019 

from descending track 16 and the Sentinel-1 data was mosaicked from two consecutive frames 

to cover a larger spatial extent. Considering the ruptured fault is a left-lateral northwest-striking 

fault with long-standing motion (Tregoning et al., 1999), I discarded the usage of the ascending 

track of Sentinel-1. The GAMMA software (Werner et al., 2000) was used to process SAR 

images in the Single Look Complex format (level 1). To suppress speckle noise, a 20 × 4 multi-

looking factor was applied in range and azimuth. Compared with traditional InSAR as described 

in Section 2.2, processing Sentinel-1 TOPS data requires a much more stringent image 

registration due to the rotation of the antenna during the observation of each burst. The accuracy 

of coregistration in azimuth should be better than 0.001 of a pixel to avoid phase jumps at the 

interface between adjacent bursts (Yagüe-Martínez et al., 2016). To achieve such high accuracy, 

https://scihub.copernicus.eu/
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an iterative amplitude matching procedure was conducted on the SLC after estimating terrain-

induced pixel offsets with precise orbits from ESA and a 30 m digital elevation model (DEM) 

from Shuttle Radar Topography Mission (SRTM) (Farr et al., 2007). Once the azimuth offset 

correction is smaller than 0.02 pixels (Xu, 2017), a spectral diversity method considering the 

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

 

Upon the completion of high-accuracy coregistration, the conventional two-pass InSAR method 

was followed. The first step was to simulate the topographic phase with the SRTM DEM, from 

which the differential interferogram was generated. The second step was to filter the 

interferogram using adaptive spectral filtering (Goldstein and Werner, 1998) and unwrap it 

using the Minimum Cost Flow (MCF) method (Chen and Zebker, 2000). After the above 

processing, however, I found that the low coherence in this region made the unwrapping 

extremely difficult. The strong decorrelation is mainly caused by the heavy vegetation from 

tropical rainforests and the large coseismic displacement gradient in the near field. Therefore, 

Sentinel-1 InSAR in C-band is not suitable for measuring the coseismic deformation of this 

strong New Ireland earthquake, and other techniques such as SAR pixel offset tracking and 

other long-wavelength SAR data such as ALOS-2 data should be considered. 

Table 3.1 Satellite data used in this chapter 

Satellite Flight direction 
Reference 

Date 
Repeat Date 

Perpendicular 

Baseline (m) 

Sentinel-1 Descending, right looking 13 May 2019 25 May 2019 1.1 

Sentinel-2 Orthogonal looking 11 May 2019  26 May 2019 - 

ALOS-2 Descending, right looking 12 May 2019  23 June 2019 114.6 

ALOS-2 Ascending, right looking 09 March 2019  01 June 2019 598.9 

3.2.2 Sentinel-1 offset tracking 

As illustrated in Section 2.3, SAR pixel offset tracking will firstly search for the maximum 

cross-correlation between primary and secondary image windows after the high-accuracy 

coregistration, and then it will calculate the offsets between corresponding pixels. Following 

the offset tracking module in GAMMA software (Wegmüller et al., 2016), I used an SLC offset 

search window of 300 × 60 pixels and a cross-correlation function window of 32 × 32 pixels. 

The cross-correlation coherence threshold for acceptance of offsets was set as 0.1. After the 

offset tracking, I further used a median filter (9 × 9) to reduce the noise. Figure 3.2a shows the 

Sentinel-1 range offsets, where the red star indicates the epicentral location. Although the 

offsets are not clean enough and terrain-related residuals still seem to exist, near-field coseismic 

deformation can be clearly seen. The maximum surface displacement in the range direction 
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reaches 2 m. Another finding is that the ground trace of the ruptured fault, extending over 10 

km, can be easily recognized from the offset map.   

 

Figure 3.2 Coseismic displacement maps of the 2019 New Ireland earthquake from Sentinel and ALOS-

2 data. (a) Observed offsets in the range direction from descending Sentinel-1 satellite track 16. (b) 

Observed offsets in the north direction from Sentinel-2 satellite track 116. (c) Observed offsets in the 

east direction from the same Sentinel-2 images. The on-land areas covered by the cloud are masked in 

(b) and (c). (d) InSAR deformation in the LOS from descending ALOS-2 satellite track 6 (ScanSAR 

mode). (e) Observed offsets in the azimuth direction from ascending ALOS-2 satellite track 108 (SM 

mode). The red star denotes the epicentre of this event estimated by USGS. 

3.2.3 Sentinel-2 data and offset tracking 

Sentinel-2 is the Sentinel mission that aims at providing multi-spectral and high-resolution 

optical imagery, carrying an optical instrument payload that samples 13 spectral bands: four 

bands at 10 m, six bands at 20 m and three bands at 60 m spatial resolution (ESA, 2019). With 

the launch of the first Sentinel-2 satellite in June 2015, the mission can offer systematic global 

coverage of land surfaces with an orbital swath width of 290 km and a high revisit frequency 

(e.g., five days at the equator) (Drusch et al., 2012).  

 

The pre- and post-earthquake Sentinel-2 images (11 May 2019 and 26 May 2019) used in the 

study are relatively cloud-free in the near field. I chose two images in band 8 with a resolution 

of 10 m and processed them using the COSI-Corr software package (Leprince et al., 2007). I 

(a) (b) (c)

(d) (e)

Flight directionFlight direction
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used a sliding multi-scale window (initial 64 × 64 and final 32 × 32 pixels), a step size of four 

pixels and four robustness iterations to optimize the masking of noise frequencies (Socquet et 

al., 2019). To further reduce noise, I discarded outliers greater than 5 m, detrended the 

displacement map with a linear ramp estimated from a spatial subset that excluded the area near 

the rupture, and denoised the results with a non-local means filter (Buades et al., 2008).  

 

 

Figure 3.3 Horizontal deformation of the 2019 New Ireland earthquake decomposed from Sentinel-1 

offsets. (a) Coseismic deformation map in the north and (b) east. (c) Coseismic displacement in the north 

from Sentinel-1 and Sentinel-2 offsets along Profile 1 and (e) Profile 2. (d) Coseismic displacement in 

the east along Profile 1 and (f) Profile 2. 

 

Figures 3.2b and 3.2c show the final displacement map in the north and east direction, 

respectively, where cloud-covered areas on land are masked. The surface trace of the fault 

rupture is visible on both maps and is consistent with that displayed in the Sentinel-1 range 

offset map (Figure 3.2a). To compare Sentinel-1 and Sentinel-2 deformation measurements in 

the same direction, I converted Sentinel-1 range and azimuth offsets to horizontal displacements 

with Equation (3.1), where 𝜃  and 𝛼  are the incidence and heading angles of Sentinel-1, 

respectively. The vertical component is not included in the equation since the fault rupture is 

mainly controlled by strike-slip motion. As shown in Figures 3.3a and 3.3b, the horizontal 

deformation map from Sentinel-1 offsets is noisy due to the added azimuth offsets. But the 
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deformation pattern approximately matches those in the Sentinel-2 deformation maps (Figures 

3.2b and 3.2c). I further compared deformation on two profiles (denoted in Figure 3.3a) as 

shown in Figure 3.3c to 3.3f and found that the dispersion of Sentinel-2 offsets is higher, 

indicating a lower precision compared to Sentinel-1. 

 
(3.1) 

3.2.4 ALOS-2 data and interferometry 

Inherited from the Advanced Land Observing Satellite (ALOS) in 2014, ALOS-2 carries a 

Phased Array type L-band Synthetic Aperture Radar-2 (PALSAR-2) sensor to acquire SAR 

images. PALSAR-2 has three observation modes: spotlight, strip map (SM) and ScanSAR, 

where the resolution successively decreases from 3 m to 100 m while the observation width 

increases from 25 km to 350 km. The revisit time also varies from several months to two weeks 

depending on the observation mode and sensing areas. Compared with the C-band wave, the L-

band wave can better penetrate vegetation to obtain ground information due to a longer radar 

wavelength (Lindsey et al., 2015), which facilitates the maintenance of coherence in rainforest 

areas. 

 

According to the data availability for the study area, one descending ALOS-2 image pair from 

track 6 (12 May 2019 to 23 June 2019) in ScanSAR mode and one ascending image pair from 

track 108 (09 March 2019 to 01 June 2019) in SM mode were collected and processed. The 

processing for ALOS-2 ScanSAR images follows the conventional InSAR two-pass method 

after the mosaic of different swaths. I masked out those decorrelation areas with a coherence 

threshold of 0.4 to conduct phase unwrapping. The unwrapped displacement map, as shown in 

Figure 3.2d, is difficult to completely interpret the coseismic deformation in the near field 

because of coherence loss. As for those isolated areas, such as the island to the southwest of the 

epicentre, phase unwrapping may not work well due to the lack of effective phase linking. 

Coherent pixels in the map can still be used in slip modelling considering the high precision of 

SAR interferometry. 

3.2.5 ALOS-2 offset tracking 

The ALOS-2 SM images covering the seismic region are in an ascending track, so the azimuth 

observations that are almost parallel with the ruptured fault should be usable. I measured the 

azimuth offsets with the offset tracking module in GAMMA, where the size of the SLC offset 

search window was set as 128 × 128 pixels. The fault trace can also be seen from the ALOS-2 
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azimuth offsets (Figure 3.2e) although within a smaller spatial extent. However, the offsets 

seem to be noisier than Sentinel-1 range offsets, especially on the northeast edge, which may 

be caused by the larger azimuth pixel spacing (3.8 m) in ALOS-2 SM images. 

3.3 Geophysical modelling 

The UGSS moment tensor solution (USGS, 2019) based on teleseismic waveforms suggests 

two nodal planes. Investigating the deformation patterns from the above images indicates a left-

lateral slip component. Therefore, I used a fault plane dipping to the northeast for the inversion 

of the detailed fault geometry and its slip distribution. According to Sentinel-1 (Figure 3.2a), 

Sentinel-2 (Figures 3.2b and 3.2c) and ALOS-2 (Figure 3.2e) offset maps, I estimated a surface 

trace with a strike angle of 315°, as shown in Figure 3.8, which best separates the direction of 

deformation. 

 

Before inversion, each dataset was subsampled with different downsampling methods. I masked 

the island in the southwest of the epicentre to avoid possible unwrapping errors and used the 

quadtree method (Jónsson et al., 2002) to downsample the ALOS-2 ScanSAR measurements. 

For the remaining four offset sets, only pixels around the ruptured fault were extracted to retain 

a high signal-to-noise ratio. I then used the quadtree method to downsample Sentinel-1 and 

ALOS-2 SM offsets and applied a subsampling scheme depending on the distance to the fault 

trace to Sentinel-2 measurements. The sampling interval for pixels within 5 km was only 1, 

then increased to 2 for those pixels from 5 km to 20 km, and finally increased to 4 for those 

with a distance farther than 20 km. 

3.3.1 Inversion method 

Assuming an elastic homogeneous half-space with a Poisson ratio of 0.25 (a typical value used 

in the seismic study, Feng et al., 2010; Wen et al., 2012), a two-step inversion strategy can be 

used to invert the fault geometry and the slip distribution. The first step is a nonlinear inversion 

which estimates the fault geometry by assuming a uniform slip on a rectangular fault plane 

(Feng et al., 2013). The second step is a linear inversion to solve for the finite-fault slip 

distribution in the least-squares sense. In this study, I fixed the strike angle of the fault based 

on its surface rupture and then used multipeak particle swarm optimization (M-PSO) with a 

hybrid minimization algorithm (Feng and Li, 2010) to search for the other fault geometry 

parameters, including the dip angle, the width, length and depth of the fault plane, and the upper 

boundary of the ruptured fault. After the determination of the optimal fault geometry, I 

discretized the fault plane into rectangular sub-patches (2 km × 2 km). Since the fault dip angle 
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from the uniform model may not be optimal for spatial-variable slip distribution (Burgmann et 

al., 2002; Fukahata and Wright, 2008), I refined the dip angle based on the relationship between 

weighted model misfits and multiple dip angles. To limit variations in the slip solution, the 

Laplacian smoothing was applied with a smoothing factor determined from a trade-off curve 

between slip weighted misfit and roughness (as in Figure 3.4a). 

 

Figure 3.4 Determination of the smoothing factor and dip angle. (a) Trade-off curve between the 

weighted misfit and roughness of the slip model based on different smoothing factors (k), where the 

solid red circle indicates the preferred smoothing factor used in the joint inversion. (b) The relationship 

between the weighted misfit of the slip model and the dip angle of the modelled fault. The dip angle 

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

3.3.2 Weighting strategy 

Following the above inversion strategy, I initially performed individual inversions using each 

of the five datasets (i.e., ALOS-2 ScanSAR interferometric phases (ALOS2-InSAR), Sentinel-

1 range offsets (S1-range), ALOS-2 SM azimuth offsets (ALOS2-azimuth), Sentinel-2 north-

south offsets (S2-NS) and Sentinel-2 east-west offsets(S2-EW)). The residuals of individual 

inversion were used to estimate the initial weights of these data sets in the joint inversion (the 

smaller the residual, the greater the weight) and the weight ratio is 1:0.35:0.16:0.06:0.06. I then 

used M-PSO to obtain an optimal fault geometry with a length of 68 km, a width of 16 km, a 

dip angle of 89° and a strike angle of 315°. 

 

Then, the fault plane was fixed to be 100 km × 20 km and the joint linear inversion was 

performed. The Laplacian smoothing factor was determined as 2.0 where the fault model fitted 

observations well and exerted a relatively small roughness regardless of the setting of dip angles 
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(Figure 3.4a). I further refined the dip angle to be 88.5° which corresponds to a least model 

misfit (Figure 3.4b). To better balance the contributions of multiple datasets, the weight ratio 

was iteratively updated using the residual root-mean-square (RMS) of each dataset. The weight 

of ALOS2-InSAR was always set as 1. For S1-range, ALOS2-azimuth, S2-NS and S2-EW, the 

square of the residual RMS reciprocal was calculated respectively, and its ratio to that of 

ALOS2-InSAR (called the residual RMS ratio) was set as the weight in the next iteration. As 

shown in Figure 3.5, after three iterations of joint inversion, the data weight ratio and residual 

RMS ratio of each dataset stabilised, and the final weight ratio was 1:0.14:0.07:0.04:0.05. 

 
Figure 3.5 Iterative weighting of S1-range, ALOS2-azimuth, S2-NS and S2-EW. Black bars are the 

weight ratio of the four datasets to ALOS-2 ScanSAR (weight 1). Red bars are the residual RMS ratio 

defined as the ratio of the square of the residual RMS reciprocal to ALOS2-InSAR. Three groups of 

bars for each dataset correspond to three iterations of joint inversion. 

3.4 Results 

Figure 3.6 shows the inverted slip distribution on the fault plane from the joint inversion and 

individual inversion. It can be found that compared to the slip distribution from joint inversion 

(Figure 3.6a), the slip distribution inverted from ALOS-2 ScanSAR data only (Figure 3.6b) can 

hardly illustrate the onshore surface rupture (12∼24 km along strike) while that inverted from 

Sentinel-1 (Figure 3.6c), ALOS-2 SM (Figure 3.6d) and Sentinel-2 (Figure 3.6e) offsets seems 

to overestimate the length of the offshore surface rupture. The checkerboard test is further used 

to examine the resolution of these slip solutions. I firstly generated synthetic ground 

observations based on checkerboard-like slip distributions (Figure 3.7a) and then inverted the 

slip solution from these synthetic observations using the same inversion method. Results show 

that the joint inversion (Figure 3.7b) retrieved the fault slip slightly better than ALOS-2 

ScanSAR-only (Figure 3.7c) in the onshore part (0∼31 km along strike) and performs much 

better than the other three datasets (Figures 3.7d to 3.7f) especially in the offshore part (>31 km 

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

satellite remote sensing. 

 

The results from joint inversion which offers a comprehensive geophysical interpretation 

suggest that the earthquake is mainly controlled by a left-lateral strike-slip component. The 

maximum strike-slip and dip-slip are 6.07 m and 0.49 m, respectively, with a rake angle of 4.6°. 

This preferred model indicates the fault ruptures to the surface with a length beyond 50 km and 

a maximum surface slip of over 5 m. The main slip area extends 18 km along the down-dip and 

the peak sliding patches with a slip of 6.10 m locates at a depth of about 10 km, where the 

rupture propagates mostly along the strike direction. The estimated geodetic moment is 1.03 × 

1020 N·m, corresponding to a magnitude of Mw 7.31. 

 

Figure 3.6 Slip distribution on the fault plane from joint and individual inversions. (a) The slip 

distribution from joint inversion using the five datasets. (b) to (e) are the slip distribution from individual 
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inversion of ALOS-2 ScanSAR interferometric phases, Sentinel-1 range offsets, ALOS-2 SM azimuth 

offsets and Sentinel-2 offsets, respectively. The black arrows on the fault patches denote the slip 

direction. The upper boundary of the fault model corresponds to the surface trace shown in Figure 3.8 

and the strike direction is from southeast to northwest. The star denotes the source location from USGS. 

 

Figure 3.7 Results of checkerboard tests. (a) The synthetic slip distribution. (b) to (f) are the slip solution 

inverted from the synthetic ground deformation. The red downward-pointing triangles denote the 

location of the intersection of the fault surface trace and coastline. 
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Figure 3.8 Coseismic satellite observations (left), predictions from slip models (middle) and residuals 

between them (right). (a), (d), (g), (j) and (m) are deformation maps from ALOS-2 ScanSAR 

interferometry, Sentinel-1 range offsets, ALOS-2 SM azimuth offsets, Sentinel-2 NS and EW offsets, 

(a) (b) (c)

(d) (e) (f)

(g) (h) (i)

(j) (k) (l)

(m) (n) (o)
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respectively. The solid black line denotes the surface trace of the ruptured fault, estimated jointly from 

SAR (Sentinel-1 and ALOS-2) and optical satellite (Sentinel-2) offset maps. 

 

The predicted displacements from the slip model well fit the observations. The RMS of the 

misfits is respectively 8.7 cm, 23.8 cm, 33.8 cm, 45.6 cm and 41.2 cm for ALOS-2 ScanSAR 

interferometric phases, Sentinel-1 range offsets, ALOS-2 SM azimuth offsets, Sentinel-2 north-

south (NS) offsets and Sentinel-2 east-west (EW) offsets. I further calculated the model 

predictions on the ground within each data set and compared them with original observations. 

As shown in Figure 3.8, the deforming pattern of models basically follows that of five data sets, 

and the residuals in the Sentinel-1 range offset map have the most uniform distribution although 

not the smoothest. In the residual map of InSAR data from ALOS-2 ScanSAR (Figure 3.8c), 

there are two asperities on the west side of the fault trace, possibly caused by unwrapping errors 

in the original data. But the causes of unwrapping errors are different. The island asperity is 

caused by pixel isolation while the other one is caused by decorrelation. The relatively large 

residuals of ALOS-2 SM and Sentinel-2 (Figure 3.8i, 8l and 8o) are predictable because their 

data quality is limited by resolution. Another reason for relatively large residuals in the edges 

of these images is that only the near-field observations are used in the joint inversion. Moreover, 

the atmospheric artefacts and early post-seismic deformation may also contribute to the 

residuals. 

3.5 Discussion 

Due to heavy vegetation in the study area, the C-band SAR interferometry hardly contributes 

to the mapping of the coseismic deformation field. The L-band ALOS-2 SAR images generate 

better interferograms but still suffer coherence loss in areas along the ruptured fault. Such 

decorrelation may be caused by heavy vegetation or a large deformation gradient. SAR and 

optical offset fields that can be calculated from Sentinel-1 and Sentinel-2 data are free from 

coherence loss. Despite the lower precision, offset maps can provide enough near-field data 

constraints for slip inversion. Moreover, the surface trace of the ruptured fault is consistently 

displayed in these offset maps, which fixes the strike direction of the fault model. This study 

has demonstrated the possibility of combining them for a joint inversion, which is beneficial in 

areas with limited InSAR measurability. I also attempted to jointly use satellite radar 

interferograms both in descending and ascending, but the coseismic deformation projected in 

the LOS of ascending ALOS-2/Sentinel-1 interferograms is limited because the direction of the 

fault rupture is almost perpendicular to the ascending LOS. In addition, there are no ascending 

ALOS-2 ScanSAR images available spanning the coseismic period. 
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For the joint inversion with multiple datasets, the determination of the weight of each dataset 

imposes a large impact on the slip solution. If the data quality is ignored and each data set is 

weighed equally, a slip distribution with different motion patterns would be generated even 

with the same fault model and smoothing factor. The relative weight ratio estimated in this 

study shows that the contributions of SAR and optical offsets are lower than 25%. Although 

this study combines multiple satellite observations, most data points are still distributed on one 

side of the fault, which makes the model constraint unbalanced. The checkerboard test also 

verified that these satellite data hardly provide good constraints for the offshore slip. This is 

probably the reason for the geodetic moment magnitude being lower than Mw 7.5. 

 

Figure 3.9 Static Coulomb failure stress changes due to the 2019 New Ireland earthquake. The yellow 

star denotes the epicentre. The solid white line is the surface trace of the fault model used in this study. 

The solid grey line is the offshore extension of the Weitin fault. The magenta dots represent the 

aftershocks (M > 3.0) three months after the main event recorded by USGS. 

 

The slip distribution results indicate a lengthy rupture on the surface. To evaluate the effect of 

such fault rupture on the surrounding seismogenic environment, I calculated the Coulomb 

failure stress (CFS) changes resulting from this event. The CFS changes representing the 

transfer of stress have been widely used to characterize the evolution of seismicity and quantify 

the triggering effect of medium/large earthquakes (e.g., Lin and Stein, 2004; Toda et al., 2005; 

Xu et al., 2010; Yu et al., 2018a). The CFS was estimated on an optimally oriented fault at a 

depth of 10 km with a friction coefficient of 0.4. The shear modulus is assumed as 33 GPa for 
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a Poisson’s ratio of 0.25. The aftershocks (M > 3.0) three months after the main event were 

collected from USGS and superposed on the map of CFS changes (Figure 3.9). Although the 

number of recorded aftershocks (55) is few, most of the aftershocks (∼70%) are located in the 

area with increased CFS. The map also shows that the 2019 New Ireland earthquake increases 

CFS by more than 5.0 bars along the strike of the ruptured fault, except for the northwest and 

southeast edges of the faults. 

 

The 16 November 2000 Mw 8.0 event shares the same fault structure and initiates from a similar 

location to this event. Also, their aftershocks do not delimit a linear zone of seismicity as 

expected for near-vertical strike-slip events (Tregoning et al., 2005). But the aftershocks of the 

2000 Mw 8.0 event are clustered to the east of the Weitin fault while that of this event are more 

scattered around the fault. The shallow rupture of the 2000 Mw 8.0 event may have reactivated 

many older subduction fractures in the upper plate (Tregoning et al., 2005), which can explain 

the static stress changes triggering the two 2000 Mw 7.8 thrust earthquakes (Park and Mori, 

2007). But in this event, no strong subduction-related activities to the south of the Weitin fault 

are triggered. I could not deny that the seismicity history repeats on the Weitin fault with a 

similar rupture mechanism, but the triggering effect of this event is more limited along plate 

boundaries and associated structures compared to the 2000 earthquake sequence, which reflects 

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

3.6 Summary 

This chapter provides a solution to fully capture large transient deformation caused by 

geohazards such as earthquakes. The solution overcomes the decorrelation problem of InSAR 

when observing large-gradient deformation by combining multiple satellite observations 

including L-band interferometric phases, SAR pixel offsets and optical image offsets. The case 

used to verify this solution is a large earthquake that occurred in New Ireland, Papua New 

Guinea in 2019. Therefore, ALOS-2 ScanSAR interferometric phases, ALOS-2 SM azimuth 

offsets, Sentinel-1 range offsets and Sentinel-2 offsets were processed and combined to map 

the coseismic deformation field of this earthquake. 

 

These satellite observations were further jointly used in the earthquake modelling to invert the 

slip distribution. Firstly, the surface traces of the ruptured fault were obtained from SAR 

(Sentinel-1 and ALOS-2 SM) and optical (Sentinel-2) offset fields, which agree well with each 

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

proposed and used to better balance the contributions of multiple data sets, with the Laplacian 
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smoothing factor as 2.0 and the fault dip angle as 88.5° being successively determined along 

with the best fitting slip model. The preferred slip distribution suggests a nearly pure left-lateral 

strike-slip motion (maximum 6.10 m) on the Weitin fault and a surface rupture length of 

∼50 km. It was also found that most aftershocks were located in the area with increased 

Coulomb failure stress while no strong subduction-related activities to the south of the Weitin 

fault were triggered by this earthquake. 
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Chapter 4. Combining InSAR and seismic noise measurements to monitor 

a landslide in Villa de la Independencia (Bolivia) 

This chapter aims to capture both the long-term surface deformation and subsurface information 

by combining InSAR and geophysical measurements, which highlights the feasibility of the 

combination in revealing landslide geometry in three dimensions and the power of InSAR time 

series in tracing landslide motion in detail. The study in this chapter has been published in 

Landslides (https://doi.org/10.1007/s10346-021-01659-9).  

 

The case study is a complex landslide involving a town of around 6,000 inhabitants in Villa de 

la Independencia (Bolivia), where extensive damages to buildings have been observed. To 

investigate the spatial-temporal characteristics of the landslide motion, Sentinel-1 data from 

October 2014 to December 2019 were processed using the InSAR time series technique. A new 

geometric inversion method was proposed to determine the best-fit sliding direction and 

inclination of the landslide. The landslide movements over time were further analysed by 

projecting the InSAR time series to the sliding direction, and their acceleration possibly 

triggered by increased precipitation was observed. Although InSAR enables such a detailed 

investigation of surface landslide movements, it cannot provide information about subsurface 

structures. Therefore, seismic noise measurements were collected to analyse the properties of 

slip surfaces of the landslide and estimate the overall landslide volume. This study reveals the 

potential of integrating InSAR and seismic noise techniques to understand the landslide 

mechanism from ground to subsurface. 

4.1 Introduction 

As introduced in Section 1.1, landslides can result in fatalities and monetary losses across 

numerous mountainous regions worldwide. Therefore, long-term landslide monitoring is 

necessary to track the development of mass activities and potentially predict when the landslide 

occurs (Utili et al., 2015; Del Soldato et al., 2018b; Strozzi et al., 2018; Lacroix et al., 2019). 

The movement of landslides generally behaves on a small spatial scale but may follow fractured 

surfaces due to the internal subdivision of landslide mass (Frattini et al., 2018), leading to 

multiple sliding directions on a single landslide body. Such spatiotemporal features make it 

difficult for conventional pointwise landslide monitoring sensors to provide continuous 

measurements with sufficient spatial coverage and resolution. Furthermore, the proper location 

of such sensors is difficult to choose for newly detected landslides when considering multiple 

failure surfaces (Barla and Antolini, 2016), and the installation and maintenance of the sensors 

are labour-intensive and expensive.  

https://doi.org/10.1007/s10346-021-01659-9
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To overcome this, numerous researchers have sought to utilise the spaceborne InSAR 

measurement which can map an entire landslide body continuously at a high spatial resolution 

(Hilley et al., 2004; Calabro et al., 2010; Tomás et al., 2014; Raspini et al., 2019; Dai et al., 

2020; Solari et al., 2020) and enables the investigation of the spatiotemporal features of multi-

surface failures (Dai et al., 2016; Hu et al., 2018; Intrieri et al., 2020). Since InSAR can only 

measure surface landslide movements without the subsurface information (e.g., landslide depth), 

researchers have proposed strong assumptions such as spatially uniform landslide rheology and 

a priori vertical variation of velocity to retrieve the depth of landslides (Booth et al., 2013; 

Delbridge et al., 2016). However, these assumptions likely do not apply to compound landslides 

with spatially variable or unknown rheology (Booth et al., 2013). Another strategy to unravel 

the subsurface structure of landslides is to combine surface deformation with various ground 

sensors or field surveys, where available. For example, Crosta et al. (2014a) jointly used 

borehole, GPS, optical targets and InSAR data to comprehensively analyse the movements, 

depth and volume of the La Saxe rockslide (Courmayeur, Italy). Carlà et al. (2019) combined 

InSAR and GPS displacements with a borehole survey to retrieve both deformation fields and 

stratigraphic information of the Bosmatto landslide (Gressoney St. Jean, Italy). Crippa et al. 

(2020) reconstructed the morpho-structures and basal shear zones of the Mt. Mater landslide 

(Valle Spluga, Italy) by integrating InSAR measurements with field evidence (e.g., persistent 

scarps).  

 

Knowledge of the landslide depth may also be retrieved from geophysical techniques (Pazzi et 

al., 2019), and among these, seismic noise measurements can be implemented with a high 

spatial density. For example, Pazzi et al. (2017) used the Horizontal to Vertical Spectral Ratio 

(H/V) technique (Nakamura, 1989) to identify the depths of slip surfaces on the basis of 

substantial changes in the seismic impedance between landslide mass and unweathered material. 

Therefore, combining InSAR and a dense network of seismic stations can effectively reveal 

detailed landslide sliding geometry and in principle can enable an accurate estimation of the 

landslide volume.  

 

In this study, in order to characterise the landslide motion with high resolution and long-term 

observations, I used a combination of 5-year Sentinel-1 images, with a temporal baseline of 6 

to 24 days from 2014 to 2019, and a dense seismic noise network, with 120 observation stations 

carried out between August and September 2017 (dry season). A geometric inversion method 

combining InSAR descending and ascending measurements to determine the best-fit sliding 
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geometry of the landslide body was proposed. The landslide geometry was further investigated 

by 120 seismic noise measurements in terms of slip interface depth, and, to the best of my 

knowledge, such dense seismic noise measurements were employed for the first time together 

with InSAR to investigate a landslide. The temporal evolution of the landslide has also been 

traced, and a comparative analysis of InSAR deformation and accumulated precipitation time 

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

4.2 Study area  

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

in the Andes and subjected to complex hydrogeological conditions. With the rapid growing 

population and the expanding settlement areas on unstable slopes since the early twentieth 

century, Bolivia now suffers from destructive landslides almost every year (Roberts et al., 2014), 

leading to severe human and economic losses. In Bolivia, landslides are most frequent in the 

late rainy season (January to March) and usually occur after several weeks of continuous wet 

periods, indicating a clear hydro-meteorological controlling mechanism (Roberts, 2016). This 

mechanism mainly originates from orographically enhanced precipitation which drives the 

increase of hillslope erosion in steep terrain consisting of high-relief V-shaped valleys. One of 

such examples is Villa de la Independencia (Figure 4.1), the capital of Ayopaya Province, in 

the Cochabamba Department. Although there has been no written record of landslide 

occurrences in the town, inhabitants report that the first movement dates back thirty years. In 

addition, the observed cracks and damage on edifices and structures (Figures 4.1d to 4.1j) 

indicate that the landslide motion in the town deserves attention. However, the town lacks an 

up-to-date systematic monitoring of the slope stability, resulting in a lack of understanding of 

the landslide dynamic and the safety condition of the population. 

 

From a geological point of view, the town is settled on an ancient alluvial terrace formed by the 

dissection of the River Palca and surrounded by large river deposits, where the presence of 

erosion landforms in furrows and gullies reflects strong erosive activity (Figure 4.1). The 

deposits of terraces (Qd, as pebbles, gravel, sand, silt, and clay) and colluvial-fluvial sediments 

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

and greenish-grey to light brown sandstones). On the east side of the landslide area outcrops 

are the Capinota formation (Ocp, dark grey shales with horizons of light brown sandstones at 

the top), while on the west side outcrops are the Amutara formation (Oam, as quartzitic 

sandstones and grey sandstones and grey sandstones with shales and siltstones) (Raventós et 

al., 2017). The rock and soil properties are summarised in Table 4.1, while the location of the 
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samples is shown in Figure 4.1b. The soil exhibits a texture that varies from "fine grain" to 

"very fine grain". Figure 4.1c shows the stratigraphy as inferred from three boreholes performed 

in the landslide body whose locations are indicated in Figure 4.1b. The average annual rainfall 

in the municipality recorded by Servicio Nacional de Meteorología e Hidrología (SENAMHI) 

of Bolivia is 789.3 mm, where the precipitation reaches an average of 189.4 mm in the dry 

season (April to October) and of 599.9 mm in the wet season (November to March). 

 

Figure 4.1 Location, geological setting and field photos of Villa de la Independencia, Bolivia. (a) 

Location of the study area (red star) and the coverage of satellite radar imagery. The purple rectangles 
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outline the spatial coverage of Sentinel-1 frames of paths 156 (descending track) and 76 (ascending 

track). The solid blue line represents the River Palca close to the town. The solid grey lines indicate the 

silhouette of the Cordillera Oriental Mountains. (b) Geological map of the study area (by Julio Torres 

Navarro, August 2017, as the internal and unpublished output of the project “Proyecto Integral de 

Estudios de Movimientos en Masa PIEMM”) with 100-metre contour lines (in grey). The landslide 

boundaries are in red, the seismic noise measurements are black dots, the soil samples are yellow dots, 

the rock samples are blue dots, and the boreholes are purple triangles. (c) The stratigraphy of the three 

boreholes. (d) to (j) are seven photos took at the locations indicated by yellow rounded rectangles in (b), 

showing the damage on edifices and structures. All the photos were taken during the 2017 field survey 

(between the last days of August and the first days of September). 

Table 4.1 Properties of rock and soil samples whose locations are shown in Figure 4.1b. 

Rock 

samples 

ID Rock Type Texture 
Hardness 

(Mohs) 

𝜸𝒅 

(kN/m3) 

RS01 
Mudstone 

low metamorphic 
Very fine grain 3 23.04 

RS02 
Sandstone 

medium metamorphic 
Fine grain 3 24.41 

RS03 
Limonite 

high metamorphic 
Fine grain 3 23.44 

RS04 
Mudstone 

medium metamorphic 
Very fine grain 3 23.66 

RS05 
Mudstone 

low metamorphic 
Very fine grain 3 25.53 

RS06 Slate Very fine grain 3 24.87 

RS07 
Mudstone 

medium metamorphic 
Fine grain 3 25.59 

RS08 
Mudstone 

low metamorphic 
Very fine grain 3 23.52 

RS09 
Limonite 

high metamorphic 
Fine grain 3 22.75 

RS10 - - - 25.58 

Soil 

samples 

ID  Soil type 
𝜸𝒅 

(kN/m3) 

gravel 

(%) 

sand 

(%) 

silt 

(%) 

SS01 clayey gravel with sand 21.55 45.25 26.62 28.13 

SS02 clayey gravel with sand 20.13 36.36 29.45 34.19 

SS03 silt with sand - 5.82 10.44 83.75 

Note that missing values imply measurements were unable to read at the time of observation. 

𝛾𝑑 (kN/m3): unit weights of samples in the dry condition. 

 

On a broad scale, the landslide mass includes three sectors (Figure 4.1b): (i) Mass I: the main 

one affecting the town centre and the upper portion with a length of about 2,700 m and an 

average width of about 950 m; (ii) Mass II: a second one affecting the eastern portion of the 

municipality with a length of approximately 1,700 m and a width, in the lower portion, of 
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approximately 1,100 m (such as the eastern bus station and the cemetery shown in Figure 4.1h 

and 4.1i); (iii) Mass III: the smallest one affecting the western basin close to the main landslide 

with a length of approximately 2,000 m and a width, in the lower portion, of approximately 

250 m. This work focuses on the investigation of the surface deformations in the town centre 

and its closest surroundings (i.e., town centre, upper block, and east block as shown in Figure 

4.1b) where InSAR can maintain sufficient coherent pixels and the risk for the population is the 

highest. In addition, since the seismic noise measurement has a larger coverage than the InSAR 

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

4.3 Data and methodology  

4.3.1 InSAR  

The SAR images processed are Sentinel-1 Terrain Observation by Progressive Scans (TOPS) 

(Torres et al., 2012) data in Interferometric Wide (IW) swath mode with a spatial resolution of 

about 4 m in range and 20 m in azimuth. One hundred and sixty-two Sentinel-1 images in the 

descending track from 16 October 2014 to 31 December 2019 and 135 images in the ascending 

track from 3 November 2014 to 25 December 2019 with a minimum temporal baseline of six 

days were collected. In the process of grouping interferogram pairs, each image was connected 

with at least three acquisitions. After excluding image pairs with a long temporal baseline 

(beyond three months), 510 and 503 interferograms respectively for the descending and 

ascending datasets were obtained (Figure 4.2).  

 

Figure 4.2 Acquisition dates and interferometric pairs of Sentinel-1 imagery in the (a) descending and 

(b) ascending tracks. Sentinel-1 acquisitions are denoted by blue stars. Y-axis shows the length of 

perpendicular baselines.  
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To keep the original spatial resolution of Sentinel-1 and reduce atmospheric disturbance, a 

single-look Small BAseline Subset (SBAS) InSAR method integrated with tropospheric delay 

correction to Sentinel-1 images was applied. As shown in the workflow (Figure 4.3), the 

GAMMA software (Wegmüller et al., 2016) was used to generate interferograms which started 

with the co-registration of Single Look Complex (SLC) images to a common primary image (2 

June 2017 for ascending and 9 April 2017 for descending, chosen as they are in the middle of 

the time series). After the co-registration, a network of interferograms in full resolution was 

generated and geocoded based on the resampled SLC images and a 30 m Digital Elevation 

Model (DEM) from the Shuttle Radar Topography Mission (SRTM) (Farr et al., 2007). The 

tropospheric delay correction from Generic Atmospheric Correction Online Service (GACOS) 

for InSAR was then applied to these interferograms (Yu et al., 2017; Yu et al., 2018b; Yu et al., 

2018c). It should be noted that the tropospheric effect was generally ignored by previous 

researchers in the study of local-scale landslides (e.g., Lin et al., 2019; Zhang et al., 2020). 

However, in steep terrains, the stratified tropospheric delay usually presents seasonal 

oscillations (Samsonov et al., 2014) which may be misinterpreted as rainfall-induced periodic 

movements (Dong et al., 2019). After manual inspection of the interferograms corrected by 

GACOS, it emerged that long-wave and terrain-related tropospheric delays were reduced after 

the tropospheric correction, so these corrected interferograms were used for time series analysis.  

 

The interferograms with tropospheric correction were imported into the StaMPS software 

(Hooper et al., 2012) to perform the single-look SBAS analysis. Pixels with an amplitude 

dispersion index (Ferretti et al., 2001) lower than 0.6 were selected as the “first-round” coherent 

pixels. The “second-round” coherent pixels were identified based on the characteristics of their 

phase noise. After correction of spatially uncorrelated noise (mainly DEM error), the wrapped 

phase was unwrapped with a 3D unwrapping method (Hooper and Zebker, 2007) and the 

spatially correlated noise, including the residual tropospheric delays, DEM errors, and orbital 

errors were removed from the unwrapped phase. The velocity and displacement time series in 

the Line of Sight (LOS) were then estimated from the filtered unwrapped phase in the least-

squares sense. The spatial reference value in time series InSAR processing was initially set as 

the mean phase value in the study area. Then a stable reference area R1 (marked by a black 

triangle in Figure 4.4) close to the town was selected with which the final displacement time 

series were re-generated. 
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Figure 4.3 Workflow of time series InSAR processing with tropospheric delay correction. 

 

To discuss the relationship between InSAR time series and other external factors (e.g., 

precipitation and residual atmospheric delays), the wavelet tools including Continuous Wavelet 

Transform (CWT), cross Wavelet Transform (XWT) and Wavelet Coherence (WTC) (Grinsted 

et al., 2004) were used. CWT can identify localised intermittent periodicities of a single time 

series, while XWT and WTC help identify the common power and relative phase between two 

time series in time-frequency space (Tomás et al., 2016).  

4.3.2 Determination of the sliding geometry  

A geometric inversion method was designed to determine the best-fit sliding direction 

(clockwise from the north) and inclination (from horizontal to vertical) of the landslide motion 

according to the combination of descending- and ascending-track InSAR observations. The 

method is based on the assumption that the basal failure plane moves approximately but not 

strictly along the slope surface (Hu et al., 2016) and may have slight deviations from the existing 

slope geometry.  

 

For a given single landslide sub-block, I assume that it is driven by only one sliding plane with 

an inclination of 𝛽1 and a sliding direction of 𝛽2. For each pixel inside this landslide sub-block, 

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

descending (𝐷𝑑𝑒𝑠) and ascending (𝐷𝑎𝑠𝑐) LOS directions following Equations (4.1) and (4.2). 

𝐷𝑑𝑒𝑠 = [

−𝑠𝑖𝑛𝜃𝑑𝑒𝑠𝑐𝑜𝑠𝛼𝑑𝑒𝑠   
𝑠𝑖𝑛𝜃𝑑𝑒𝑠𝑠𝑖𝑛𝛼𝑑𝑒𝑠  

𝑐𝑜𝑠𝜃𝑑𝑒𝑠

]

𝑇

∙   [

𝑐𝑜𝑠𝛽1𝑠𝑖𝑛𝛽2

𝑐𝑜𝑠𝛽1𝑐𝑜𝑠𝛽2

−𝑠𝑖𝑛𝛽1

] ∙ 𝐷𝑠𝑙𝑖𝑑𝑖𝑛𝑔  (4.1) 
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𝐷𝑎𝑠𝑐 = [

−𝑠𝑖𝑛𝜃𝑎𝑠𝑐𝑐𝑜𝑠𝛼𝑎𝑠𝑐    
𝑠𝑖𝑛𝜃𝑎𝑠𝑐𝑠𝑖𝑛𝛼𝑎𝑠𝑐  

𝑐𝑜𝑠𝜃𝑎𝑠𝑐

]

𝑇

∙   [

𝑐𝑜𝑠𝛽1𝑠𝑖𝑛𝛽2

𝑐𝑜𝑠𝛽1𝑐𝑜𝑠𝛽2

−𝑠𝑖𝑛𝛽1

] ∙ 𝐷𝑠𝑙𝑖𝑑𝑖𝑛𝑔 (4.2) 

where, 𝜃𝑑𝑒𝑠 and 𝜃𝑎𝑠𝑐  are the incidence angles of the descending and ascending SAR satellites, 

respectively; 𝛼𝑑𝑒𝑠 and 𝛼𝑎𝑠𝑐  are the heading angles of the descending and ascending satellites, 

respectively. 

 

According to Equations (4.1) and (4.2), the ratio (𝑟) between the descending and ascending 

LOS displacements can be expressed as Equation (4.3), from which 𝐷𝑠𝑙𝑖𝑑𝑖𝑛𝑔  is eliminated. 

Therefore, the descending-to-ascending ratio is only constrained by the satellite radar and 

sliding geometries. As a scalar, the ratio represents the relative size of the projection of landslide 

motion on the descending and ascending LOS, and thereby, reflects the relative sensitivity of 

the descending and ascending InSAR geometries to landslide motion. 

 

𝑟𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 =

[

−𝑠𝑖𝑛𝜃𝑑𝑒𝑠𝑐𝑜𝑠𝛼𝑑𝑒𝑠   
𝑠𝑖𝑛𝜃𝑑𝑒𝑠𝑠𝑖𝑛𝛼𝑑𝑒𝑠  

𝑐𝑜𝑠𝜃𝑑𝑒𝑠

]

𝑇

∙   [

𝑐𝑜𝑠𝛽1𝑠𝑖𝑛𝛽2

𝑐𝑜𝑠𝛽1𝑐𝑜𝑠𝛽2

−𝑠𝑖𝑛𝛽1

]

[
−𝑠𝑖𝑛𝜃𝑎𝑠𝑐𝑐𝑜𝑠𝛼𝑎𝑠𝑐    

𝑠𝑖𝑛𝜃𝑎𝑠𝑐𝑠𝑖𝑛𝛼𝑎𝑠𝑐   
𝑐𝑜𝑠𝜃𝑎𝑠𝑐

]

𝑇

∙   [

𝑐𝑜𝑠𝛽1𝑠𝑖𝑛𝛽2

𝑐𝑜𝑠𝛽1𝑐𝑜𝑠𝛽2

−𝑠𝑖𝑛𝛽1

]

 (4.3) 

With the descending and ascending InSAR observations available, the ratio (𝑟𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑) between 

the observed descending (𝐷𝑑𝑒𝑠) and ascending (𝐷𝑎𝑠𝑐) LOS displacements can be calculated 

according to Equation (4.4) for each pixel inside the sub-block.  

𝑟𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑 = 𝐷𝑑𝑒𝑠/𝐷𝑎𝑠𝑐   (4.4) 

Combining Equation (4.3) and (4.4), 𝛽1 and 𝛽2 can be solved in the least-squares sense (Grant 

and Boyd, 2008, 2013). Since the assumption is that one landslide sub-block has only one 

sliding surface, pixels inside each sub-block share the same values of 𝛽1 and 𝛽2. After 𝛽1 and 

𝛽2 are estimated, they can be substituted into Equation (4.3) to obtain the model predictions of 

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

Equation (5) to measure the misfit of the determined sliding geometry. 
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𝑟𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝑅𝑀𝑆 =  √
1

𝑛
∑ |

𝑟𝑝𝑟𝑒𝑑𝑖𝑐𝑡𝑒𝑑 − 𝑟𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑

𝑟𝑜𝑏𝑠𝑒𝑟𝑣𝑒𝑑
|

2
𝑛

𝑖=1

 (4.5) 

where 𝑛 is the number of pixels inside the landslide sub-block. 

4.3.3 Seismic noise measurements and H/V technique 

Seismic noise refers to background noise in seismic data due to relatively persistent ground 

vibration, mostly consisting of elastic surface waves. Seismic noise measurements can be used 

to estimate landslide depth by the H/V technique because the slip surface of landslides usually 

generates shear wave velocity contrasts and polarises seismic noise (Pazzi et al., 2017). The 

H/V technique analyses the spectral ratio between horizontal and vertical components of motion 

recorded by a single seismic station and allows the estimation of the fundamental frequency of 

soft soils (Nakamura, 1989). According to a simplified equation, the frequency of the upper 

layer is directly proportional to the average shear wave velocity and inversely proportional to 

four times the layer thickness (Castellaro, 2016). In practice, H/V curves show a number of 

peaks (n) equal to (n+1) alternating layers of different lithologies or horizontal stratifications in 

homogeneous layers. As a rule of thumb, a trace recorded on a homogenous soil without a cover 

layer (a so-called seismic bedrock) has a flat H/V curve, and no seismic wave amplification is 

expected. According to the SESAME project guideline (SESAME, 2004), a peak has to be taken 

into account if its amplitude is at least 2. The H/V peak amplitude is proportional to the layers’ 

seismic impedance contrast and can also indicate the presence of seismic velocity reversals 

when its value is lower than 1 for a wide range of frequencies (Castellaro and Mulargia, 2009). 

Therefore, knowing the shear velocity (Vs) of the upper layer and its resonant frequency (i.e., 

an initial constraint is necessary), it is possible to reconstruct the depth (z) of the interface (Pazzi 

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

 

At the Villa de la Independencia landslide, the seismic noise measurements were designed to 

cover the entire landslide area (Figure 4.1b) and to obtain alignments across the two main 

directions to generate vertical cross-sections of H/V (Pazzi et al., 2017). In total 120 

measurements were collected by means of four triaxial seismometers of the series Tromino® 

(a 3-directional, compact, all-in-one, and 24-bit digital tromometer developed by MoHo s.r.l.). 

Each acquisition ran for 20 min at 256 Hz and was processed using the commercial software 

Grilla® (provided by MoHo s.r.l.), which applied the guideline for processing ambient vibration 

data according to the H/V technique and SESAME project standards. To reconstruct the local 
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seismic stratigraphy model (Vs-z profiles), the H/V curves were constrained in terms of velocity. 

These velocity values were obtained not only by a direct method (Pazzi et al., 2017) but also 

from a Multichannel Analysis of Surface Waves (MASW) and a seismic refraction survey 

carried out along the road that passes through the town (Highway 25, Figure 4.1b). After the 

H/V data processing, the depth of slip surfaces and the landslide volume were estimated. 

Furthermore, InSAR and H/V measurements were integrated to reveal the diverse sliding 

characteristics between landslide sub-blocks during multi-surface fracturing sliding. 

4.4 Results 

 

Figure 4.4 Maps of InSAR deformation velocity and its standard deviation. (a) Descending- and (b) 

ascending-track Sentinel-1 LOS velocity maps. Positive values indicate the surface is moving toward 

the satellite. The black rectangle covers the location of Independencia (including the town centre, upper 

block and east block as shown in Figure 4.1b) and the purple line represents Highway 25 that crosses 

the town. The red oval delimits the approximate extent of a priori unknown deforming area. The black 

triangle (R1) denotes the location of the reference area. (c) and (d) are the standard deviation maps of 

descending and ascending LOS velocity, respectively. 
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The resultant InSAR velocity maps shown in Figures 4.4a and 4.4b reveal considerable 

deformation (∼10 mm/yr) in Independencia (enclosed by a black rectangle) which exerts a 

direct threat to the lives and properties of the residents. Figures 4.4c and 4.4d show 0.4 and 0.5 

mm/yr average standard deviations of the estimated InSAR mean velocity respectively for the 

descending and ascending satellites, revealing the millimetre-level precision of time series 

InSAR. The sign of the LOS deformation rate in Independencia is opposite between the 

descending and ascending tracks, implying the movement has a considerable east-west 

component. A previously unknown deforming area (red oval circle in Figure 4.4) located 2.5 

km southeast of Independencia is also identified, with a LOS velocity of ~30 mm/yr. Its 

instability could threaten public transit safety due to the nearby Highway 25 (solid purple line 

in Figure 4.4). In this section, the focus is on the Independencia landslide and the InSAR 

deformation maps and seismic H/V measurements covering the landslide as shown in Figure 

4.1b will be used to investigate its 3D geometry and the spatiotemporal characteristics of its 

movements in great detail.  

4.4.1 Identification of the fractured sliding surfaces from InSAR 

Three sub-blocks were identified in Independencia as shown in Figures 4.1b and 4.5, namely 

“town centre”, “upper block” and “east block”, according to their overall slope aspects and the 

field investigation in 2017 that found a ridgeline and a road inside the town (shown in 

Figures 4.5a and 4.5b) roughly separating the three sub-blocks from each other. The InSAR 

measurements were then used to analyse the sliding geometry of each sub-block. As shown in 

Figures 4.5a and 4.5b, the town centre block has more InSAR coherent pixels than the upper 

and east blocks due to the presence of optimal scatterers (e.g., buildings). To check whether the 

landslide generally moves along the slope, as is the assumption of the geometric inversion 

method in Section 4.3.2, firstly a simulated along-slope displacement (100 mm) of each pixel 

was projected onto the descending and ascending Sentinel-1 LOS directions and was plotted in 

Figures 4.5c and 4.5d. It can be seen that the observed InSAR cumulative displacement and the 

simulated displacement are largely consistent, with correlations of 0.71 and 0.70 for the 

descending and ascending tracks, respectively (Figures 4.5e and 4.5f). The residual 

discrepancies could be due to the fact that each pixel may not necessarily move with the same 

magnitude as simulated. But in general, the consistency between observation and simulation 

verifies the assumption of the geometric inversion method. Note that the purpose of this step is 

to compare the relative spatial distribution of the simulated and observed displacements and the 

correlation is calculated from normalised displacements. Therefore, the value of the simulated 

along-slope displacement is insignificant to the results.  
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Figure 4.5 Observed and simulated LOS cumulative displacements in Independencia. (a) and (b) are 

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

ascending Sentinel-1, respectively. (c) and (d) are the simulated descending and ascending LOS 

displacements, respectively, which are projected from the 100 mm displacement along the slope. The 

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

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

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

observed and simulated LOS displacements for the descending and ascending, respectively. Note that 

the displacements are normalised between 0 and 1. 
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The InSAR measurements within each sub-block were used to execute the geometric inversion 

method described in Section 4.3.2, and to determine a uniform geometry for each of the three 

sub-blocks. Results are shown in Figure 4.6. The basal sliding plane of the upper block has an 

inclination of about 8° with a sliding direction of about 228°, while that of the flatter town 

centre has an inclination of about 3° with a sliding direction of about 167°. The inclination of 

the east block is steeper (~14°) than the above two sub-blocks and its sliding direction is about 

131°. According to Equation (4.5), the relative RMS of the geometric inversion misfit for the 

town centre, east block, and upper block is calculated to be 0.35, 0.26, and 0.33, respectively. 

Despite these misfits that could be caused by InSAR outliers, the inversion results can show 

that most InSAR pixels in each sub-block share the uniform sliding surface. Therefore, the three 

sub-blocks move downward along three different planar surfaces, suggesting the type of the 

landslide in Independencia should be classified as a compound type according to the 

classification of landslides by Hungr et al. (2014).  

 

Figure 4.6 Determined sliding geometries of the three landslide sub-blocks. (a) Sliding directions (white 

arrows) of the three sub-blocks (clockwise from the north). The magenta line represents part of a 

ridgeline that distinguishes the upper block and the east block, while red lines are part of the landslide 

boundaries shown in Figure 4.1b. The white line represents the road inside the town. The optical base 

map is from Google Earth, on which the descending InSAR displacements shown in Figure 4.5a are also 

superimposed. (b) Sectional views of the determined sliding directions. The black vector 𝒔 indicates the 

sliding displacement 𝑫𝒔𝒍𝒊𝒅𝒊𝒏𝒈, the purple vector 𝒅 represents the descending LOS displacement 𝑫𝒅𝒆𝒔 

and the red vector 𝒂 represents the ascending LOS displacement 𝑫𝒂𝒔𝒄. The angle between the sliding 

direction and LOS is calculated by 𝐚𝐫𝐜𝐜𝐨𝐬 (𝑫𝒅𝒆𝒔/𝑫𝒔𝒍𝒊𝒅𝒊𝒏𝒈) and 𝐚𝐫𝐜𝐜𝐨𝐬 (𝑫𝒂𝒔𝒄/𝑫𝒔𝒍𝒊𝒅𝒊𝒏𝒈) according to 

Equations (4.1) and (4.2).  
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4.4.2 Sliding interface depth obtained from H/V measurements 

Regardless of the seismic shear wave velocity, high-frequency peaks of the H/V curves are 

associated with the shallower interfaces, while low-frequency peaks with the deeper interfaces 

(Castellaro, 2016; Pazzi et al., 2017). Figure 4.7 shows the H/V curves of the measurements in 

the three sub-blocks identified in Section 4.4.1. Three main frequency ranges associated with 

natural discontinuities can be recognised. On the basis of the geological map of the area (Figure 

4.1b) and the results of the three boreholes shown in Figure 4.1c, the highest H/V peak (with a 

frequency range of 40.0-80.0 Hz) can be related to the shallowest discontinuity between the 

organic/weathered surface layer (Vs range of 90-200 m/s, Vs mean value 100 m/s) and the 

unconsolidated soil deposits (i.e., silty clay with or without shale fragments, sandstones 

boulders, and sand with clay)  (Vs range of 150-370 m/s, Vs mean value 250 m/s) at a mean 

depth (z0) of approximately 0.2-0.4 m. The second interface is identified at depths (z1) ranging 

from 1.5 to 15.0 m (at a frequency of 8.0-40.0 Hz), corresponding to the transition from the 

unconsolidated soil deposits to the shale and sandstone fragments in clay and silty matrix/highly 

weathered shale and sandstones (Vs range of 300-900 m/s, Vs mean value 450 m/s). These z1 

peaks are not as high as z0, but their amplitudes are significantly higher than 2 and should 

therefore be considered in accordance with the SESAME project guideline (SESAME, 2004). 

The third peak is characterised by the frequency range of 2.0-8.0 Hz, identifying the seismic 

interface between the highly weathered shale and sandstones and the slightly weathered shale 

and sandstones/unweathered shales (the seismic bedrock) (Vs higher than 1,000 m/s), at a depth 

(z2) of approximately 15.0-75.0 m.  

 

From Figure 4.7 it can also be seen that the H/V curves of the three landslide sub-blocks behave 

at different amplitudes, especially in the frequency range of z1 and z2, implying different 

seismic impedance contrasts. As the impedance contrast indicates the presence of seismic 

velocity reversals (Castellaro and Mulargia, 2009) and is possibly affected by an interface on 

which movement has occurred, the effects of sliding interfaces at different depths can be 

inferred from H/V amplitudes. Specifically, the H/V curves of the upper block are more similar 

to the east block rather than the town centre, with a sliding direction of about (±)130° relative 

to the north revealed by InSAR (Figure 4.6a). Compared to them, the H/V curves of the town 

centre are characterised by the presence of peaks in the frequency range of 2–4 Hz with a higher 

amplitude. This suggests that in the town centre the z2 interface between the 

gravel/consolidated material and the meteorized rock is characterised by a higher seismic 

impedance contrast, and therefore the town centre is more significantly influenced by this 

deeper z2 interface than the other two sub-blocks. 
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Figure 4.7 A representative selection of H/V curves for the seismic noise measurements carried out in 

the three landslide sub-blocks (town centre, upper block, and east block). 

 

Figure 4.8 Reconstructed z depth values for seismic noise acquisitions located in the town centre 

(asterisks in yellow), upper block (in purple) and east block (in green). Blue points are all the other 

measurements carried out in the landslide area that faces to the West (L1) and red points are those in the 

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

in all the streets of the surveyed area (that allowed to carry out H/V measures without amplitude 

limitations), the identified z0 surface can generate only shallow sliding involving limited 

volumes. Therefore, this interface is not significant from a geological point of view. 

Considering that the maximum depth of the houses’ foundations in the whole landslide area is 

~2 m, it is possible to assess that the z1-related slip surface with depths around 5.0 m (see Figure 

4.8) is mainly responsible for the buildings’ cracks.  

 

Figure 4.9 Distribution and profiles of z2 depths. (a) Deeper interface depths (z2 values) shown as dots 

of different dimensions. White lines are z2 profile lines on the ground. (b)-(g) Altitude of ground surface 

profiles (blue lines) highlighted in (a) and z2 slip interfaces (red dot-lines) derived from the H/V 

measurements along the profiles.  

 

Figure 4.8 also shows that the deepest interface z2 exhibits a larger range. To observe its spatial 

distribution, the widely varying z2 values are mapped as dots of different dimensions in Figure 

4.9a. It can be seen that in the central landslide body they are randomly distributed, whereas on 

the east side of the landslide the deeper values are mainly localised near the toe. This is further 
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confirmed by six slip surface profiles (Figures 4.9b to 4.9g, three in the central landslide and 

three in the right one) extracted along the slope. Such depth distribution suggests that the eastern 

part seems to be affected by a rotational movement, while the central one, also considering the 

slope inclination, is more likely to be controlled by a combination of rotational and translational 

movements. Figures 4.9b to 4.9d also show that slip surfaces at the toe of the central landslide 

(> 2,100 m from the head) are thin and approximately parallel with the ground surface (as 

indicated by dot-rectangles), which cross validates the planar motion in the residential areas of 

the town observed by InSAR (see Section 4.4.1). In conclusion, considering the above slip 

characteristics and the mixture of Qd and Oan in the landslide area (Figure 4.1b), the landslide 

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

soil/rock) and depths.  

4.4.3 Landslide volume estimation 

The simplest and most commonly used method to calculate the volume is by multiplying the 

surface area with the average landslide depth (Jaboyedoff et al., 2020). Calculating first the z2 

depth average, the volume of the Villa de la Independencia landslide was estimated as 1.35108 

m3. All other methods presented in the literature review (Jaboyedoff et al., 2020) were applied 

to cross-sections, so they highlighted the need to assume a slip surface mechanism.  

 

Figure 4.10 Estimation of the sliding surface depth of the entire landslide body. (a) Experimental (points) 

and theoretical (line) semivariogram of the z2 values. (b) Interpolated z2 sliding surface depths of the 

entire landslide body. The black dashed lines are the landslide boundaries shown in Figure 4.1b. Note 

that the distortion of the interpolation boundary is due to the planar visualisation of three-dimensional 

geometry. 

 

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

depth over the whole landslide area, not just along some cross-sections. Therefore, considering 
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the deeper interface (z2), the volume mobilised between the DEM and the interpolated surfaces 

of z2 depths was estimated by the tool Compute2.5 Volume in CloudCompare2.10.2 software 

(http://www.danielgm.net/cc/release/). The interpolation was made by means of the Rstudio 

software adopting the Kriging procedure (Bivand et al., 2013). The best-fitting semivariogram 

(Figure 4.10a) was assessed considering a spherical model for designing the sliding surface 

depths for the entire area of interest (Figure 4.10b). The volume estimated by the software is 

9.18107 m3. This implies that the simplified method that assumes a single sliding plane of 

average depth would largely overestimate the volume by 46.7%. 

4.4.4 Temporal evolution of the landslide 

Coherent pixels within the three sub-blocks shown in Figure 4.6a were spatially averaged to 

generate displacement time series for each of the sub-blocks. The 30-day accumulated 

precipitation was also produced according to the Global Precipitation Measurement (GPM) 

daily records (Hou et al., 2014; Huffman et al., 2019) to investigate the relationship between 

deformation and precipitation. Figures 4.11a and 4.11b show how the deformation time series 

actively respond to precipitation, with notable displacement acceleration observed during the 

late rainy seasons (January to March) in both 2018 and 2019, as indicated by blue dot-rectangles.  

 

In the town centre sub-block, the descending and ascending LOS displacements exhibit 

different sensitivity to the landslide motion. The observed deformation in the ascending track 

(black dots in Figure 4.11a) shows stronger fluctuations but a weaker response to the increase 

of precipitation than the descending track. This is because the sliding direction in the town 

centre is nearly perpendicular to the ascending LOS vector, as shown in Figure 4.6b, resulting 

in its insensitivity to the displacement on the sliding plane. The insensitivity can be further 

evidenced by the Sentinel-1 unwrapped interferograms spanning the rainy season from January 

2018 to April 2018, where the ascending LOS displacement (Figure 4.11e) is smaller in the 

town centre compared to the descending one (Figure 4.11d).  

 

The deformation magnitudes along the descending and ascending LOS in the upper block are 

similar, which is evidenced by their nearly identical decomposition angle on the sliding plane 

shown in Figure 4.6b. The starting points of the accelerations in the descending and ascending 

LOS are also close. Compared to the upper block and town centre, the area of the east block is 

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

series in both descending and ascending modes during the past five years. However, there were 

http://www.danielgm.net/cc/release/
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still oscillations in early 2018 and 2019 marked with blue dot-rectangles in Figure 4.11c which 

occurred exactly within the time interval of the late rainy season. 

 

Figure 4.11 InSAR-derived descending- and ascending-track Sentinel-1 time series of (a) town centre, 

(b) upper block and (c) east block, compared with precipitation data. The red and black dot lines 

represent displacement time series in the descending and ascending LOS, respectively. The green 

shading in (a), (b) and (c) corresponds to the late rainy season in 2018 and 2019. The blue dot-rectangles 

circle the position of the acceleration phase. The parts enclosed by grey dot-rectangles in (a) reveal the 

insensitivity of descending-track Sentinel-1 observation in the town centre. (d) Sentinel-1 unwrapped 

interferograms of two descending-track images acquired on 22 January 2018 and 16 April 2018. (e) 
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Sentinel-1 unwrapped interferograms of two ascending-track images acquired on 16 January 2018 and 

22 April 2018. The black circles denote the location of the town centre with high coherence (> 0.6). 

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

 

The acceleration of the LOS displacement during early 2018 and 2019 presents a precursor 

signal of the landslide risk. To observe the acceleration of the landslide motion more intuitively, 

Sentinel-1 LOS displacements were projected onto the sliding surface using a reverse form of 

Equation (4.1) and plotted in Figure 4.12. It can be seen that the deformation in the town centre 

has the largest acceleration compared to the upper and east blocks. Interestingly, the H/V curves 

shown in Figure 4.7 also reveal their difference by presenting a significantly higher seismic 

impedance contrast of the deeper z2 interface in the town centre. Therefore, combining InSAR 

and H/V results, it is possible to assess that the town centre could be more affected by a deeper 

sliding interface compared to the other two sub-blocks. 

 

Figure 4.12 Time series InSAR-derived movements along the sliding surface and 30-day accumulated 

precipitation from GPM. The green shading corresponds to the late rainy season in 2018 and 2019. The 

blue dot-rectangles circle the two acceleration phases of landslide motion with the same time span.  

 

Despite the fact that there was no increase in rainfall during the 2019 rainy season compared to 

previous years, the deformation in the study area had been accelerating during this period. The 

deformation time series projected onto the sliding surface (Figure 4.12) reveal that the 

acceleration signal in 2019 shared the similar starting time and duration (the late rainy season) 

as in 2018. Within the period from 2018 to 2019, the displacement presented a seasonally 

dominated process, especially in the town centre. This leads to the speculation that further 

accelerations could recur in the future in the case of substantial precipitation during the late 

rainy season. 
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4.5 Discussion 

The Sentinel-1 data in this study enables us to identify a linear deforming of the landslide before 

2018 and then two sudden accelerations during the rainy seasons of 2018 and 2019. It should 

be noted that the acceleration manifested by the landslide sub-block in the town centre is larger 

than the acceleration manifested by the other two sub-blocks. On the other hand, the slope 

aspect in the town centre is nearly parallel to the flight direction of the ascending satellite so 

that the ascending LOS observations are insensitive to the along-slope displacement. This may 

result in an underestimation of displacements as only a small portion of the along-slope 

displacement is observable by the ascending satellite (~5% compared to ~23% by the 

descending satellite). However, considering the millimetre-level precision of time series InSAR 

shown in Figures 4.4c and 4.4d, the InSAR-observed acceleration of the landslide movement 

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

4.5.1 Seasonal oscillations in InSAR time series 

The displacement time series before 2018 show a stable linear trend but there are also seasonal 

oscillations in the time series. Two possible causes, precipitation and residual stratified 

tropospheric delays, may contribute to the oscillations as both of them have a similar seasonal 

variation. To analyse their relationships and identify the most likely factor, the methods of CWT, 

XWT and WTC were applied to the detrended time series of the town centre before the 2018 

acceleration. Figure 4.13a shows i) the detrended Sentinel-1 descending-track LOS 

displacement time series, which is more sensitive to the landslide movement than the ascending 

track as discussed in Section 4.4, ii) the differential Zenith Tropospheric Delays (dZTD, 

obtained from GACOS as described in Section 4.3.1), and iii) the precipitation. From the CWT 

results of the InSAR time series (Figure 4.13b), an annual (365 days) cycle with strong power 

over the entire recording time can be observed. Substantial half-year and 3-month cycle signals 

can also be identified around 2016 and 2017.  

 

Figures 4.13c and 4.13d show the WTC and XWT relationship between InSAR and dZTD time 

series, while Figures 4.13e and 4.13f the relationship between InSAR and precipitation. From 

these figures, it emerges that the annual cycle signal of the InSAR time series is more 

significantly correlated with the precipitation than dZTD at the 5% significance level (black 

contour as shown in Figure 4.13f). Figures 4.13e and 4.13f also show that InSAR time series 

are in-phase with precipitation, presenting significant common power in both annual and half-

year cycles. The in-phase relationship is dominated by a phase shift of about 40° as indicated 

by black arrows in Figure 4.13f. This means the onset of deformation in the town centre is 
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normally more than a month ahead of the arrival of precipitation peak because the sliding 

oscillation tends to initiate after the start of the rainy season (Hu et al., 2016) that is before 

reaching rainwater peak. Here the InSAR times series used for the analysis of seasonal 

oscillations is before 2018. From Figure 4.12, it can be seen that the landslide motion during 

this time period showed only a moderate response to precipitation (< 30 mm). But after the 

precipitation peaks in 2018 and 2019, the two observed accelerations represent strong responses 

(> 70 mm) to the increased precipitation, which were substantially different from the seasonal 

oscillations before 2018.  

 

Figure 4.13 Relationship between InSAR time series and differential zenith tropospheric delays (dZTD) 

and 30-day accumulated precipitation analysed with wavelet tools. (a) Time series of InSAR 

displacement, dZTD and precipitation. (b) Continuous wavelet power (CWT) of InSAR time series. The 

black contour designates the 5% significance level against noise. The lighter shadow denotes the cone 

of influence by potential edge effects. (c) and (d) are wavelet coherence (WTC) and cross wavelet 

transform (XWT) between InSAR time series and dZTD, respectively. (e) and (f) are WTC and XWT 

between InSAR time series and precipitation, respectively. The black arrows represent the relative phase 

shift, with the in-phase pointing right (0°) and the first series leading the second at 90° pointing down. 

4.5.2 Instability of the landslide 

The ground deformation observed had a dramatic effect on the residential buildings and 

infrastructures of the town. The examples of the identified damage within the three sub-blocks 

(Figures 4.1d to 4.1j) indicate that: i) almost all the buildings exhibit sparse cracks, fine and 

rarely open; ii) the church (Figure 4.1f) and the opposite garage (Figure 4.1g) exhibit big and 
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spread fractures showing open cracks up to 5 cm wide; iii) the bus station (Figure 4.1h) is 

completely distorted and partially collapsed with several open fractures; iv) widespread 

cracking caused by shear stresses induced by the landslide movement is found in several house 

walls and at the food market (Figure 4.1e). 

 

With InSAR, I further found that the landslide in Villa de la Independencia experienced 

accelerated deformation since 2018. Due to the increased precipitation in the late rainy season 

in 2018, more rainwater infiltrated and tended to saturate the landslide body at the base of the 

slope. This in turn leads to larger porewater pressures and reduces the frictional strength along 

the failure plane (Hu et al., 2016). Furthermore, the loading by the weight of water on the failure 

plane can increase the gravitational driving force (Saar and Manga, 2003; Schmidt and 

Bürgmann, 2003; Crosta et al., 2014b). These two effects lead to the acceleration of the 

landslide motion. It can be concluded that the landslide is seasonally active and controlled by 

precipitation, now with a higher risk of failure than before. It is recommended that an early 

warning system should be installed in this area with, as a minimum, a weather station and a 

ground total station (or a GPS station) for constant monitoring of precipitation and surface 

displacements, respectively. Also, any future construction of residential buildings and 

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

4.6 Summary  

This chapter provides a solution to capture both the long-term surface deformation and 

subsurface information of landslides. The solution combines InSAR time series and seismic 

noise measurements and thus enables the identification of 3D sliding geometry and the analysis 

of landslide evolution. The landslide case used to verify this solution was a complex landslide 

in Villa de la Independencia, Bolivia, where both descending and ascending Sentinel-1 data 

were collected and processed through the InSAR time series technique. A dense seismic noise 

observation network with 120 on-site measurements was also established and used to invert the 

slip surfaces of the landslide. 

 

InSAR observations reveal that the landslide in Independencia is featured by dominant along-

slope movements. Three sub-blocks, namely the town centre, upper block, and east block were 

identified, and their diverse sliding directions were determined by a new InSAR-based 

geometric inversion method. The seismic noise measurement analysis further reveals the sliding 

depth of each landslide sub-block and suggests that the town centre sub-block seems to be more 

affected by a deeper sliding surface (15 to 75 m) compared to the other two sub-blocks. The 
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combination of InSAR and seismic noise measurements determines the landslide as a 

compound sliding type with a volume of about 9.18107 m3.  

 

In terms of the temporal evolution of the landslide motion, seasonal precipitation contributes 

most to the seasonal oscillations in deformation time series. More importantly, the deformation 

time series from InSAR observations presented periodic accelerations in early 2018 and 2019. 

The two accelerations, which were greater in the town centre sub-block than in the other two 

sub-blocks, were found to occur from January to March and lasted for about one month. This 

was probably due to the sudden increase of precipitation in the late rainy season of 2018 and 

2019 compared to previous years as observed by GPM. This leads to speculation that the 

landslide could be subject to periodic accelerations in the future following periods of heavy 

rainfalls.  

 

This study showcases the great potential of combining InSAR with seismic noise measurements 

in characterising landslide motion. InSAR observations are directly related to the deformation 

on the ground surface while seismic noise measurements can determine the depth of the sliding 

surface. The combined use of the two techniques allows a full characterisation of landslide 

kinematics and a better assessment of landslide risks.  
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Chapter 5. Detection and characterisation of earthquake accelerated 

landslides in Central Italy with InSAR observations 

This chapter aims to automatically identify landslide risk areas after capturing long-term 

deformation by InSAR. A new InSAR-based automated deforming area detection method was 

developed and it was applied to identify landslide risk areas in Central Italy after the 2016-2017 

earthquake sequence. The application enabled the establishment of an inventory of earthquake 

accelerated landslides (EALs) in Central Italy for the first time, based on which the landslide 

conditioning factors and sliding dynamics of these detected EALs will be quantified. This work 

has been published in Nature Communications. 

 

Earthquake-induced landslides often pose a great threat to the safety of human life and property, 

of which coseismic landslides that are triggered by earthquakes mostly with failures or collapse 

are subject to transient/short-term seismic effects while EALs respond to long-term seismic 

effects. The movements of EALs are typically accelerated with increased sliding velocity after 

earthquakes and the acceleration phenomenon could be maintained for a long time. In other 

words, the earthquakes trigger EALs to accelerate rather than to fail/collapse, or only to move 

from immobility (i.e., EALs may also accelerate from moving). EALs are therefore a new type 

of landslides associated with earthquakes, distinctly different from the extensively studied 

coseismic landslides, but they have been largely neglected by the emerging research. 

 

Here, I used satellite radar observations to detect and investigate the acceleration and recovery 

of the EALs in Central Italy. As distinguished from previous studies based on single or discrete 

landslides, I established a complete EAL inventory and statistically quantified as a whole their 

spatial clustering features against a set of landslide conditioning factors, their distribution 

patterns against collapsed coseismic landslides, and their accelerating-to-recovering sliding 

dynamics. These investigations serve as an important supplement to the complete picture of the 

landslide inducing mechanism by earthquakes and contribute to a more comprehensive long-

term assessment of landslide risk. 

5.1 Introduction 

Landslides refer to mass wasting on the ground surface, causing severe casualties and economic 

losses each year either instantaneously from rapid slope failures (Petley, 2012) or 

accumulatively from slow-to-fast downslope movements of soil and/or rocks (Lacroix et al., 

2020). As introduced in Section 1.4, the slope instability of a landslide can be triggered by 

earthquakes (Marano et al., 2010; Xu et al., 2013), rainfall (Collins and Znidarcic, 2004), 
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snowmelt (Naudet et al., 2008), volcanic activities (de Vita et al., 2006) and disturbance from 

anthropogenic activities (Lacroix et al., 2019). Among them, the Earthquake Triggered 

Landslide (ETL) that occurs immediately following an earthquake (Chigira et al., 2010; Martino 

et al., 2019) or after a period of time (Fan et al., 2021) accounts for over 60% of landslide 

casualties between 2002 and 2010 (Lacroix et al., 2015), which is a major concern especially 

in seismic active regions. This has motivated plentiful studies with a focus on coseismic 

landslides that collapsed during an earthquake (e.g, Chigira et al., 2010; Fan et al., 2018b; 

Martino et al., 2019), new post-seismic landslides that were cracked slopes caused by an 

earthquake and developed into failures by aftershocks or post-seismic rainfalls (e.g., Marc et 

al., 2015a; Chen et al., 2021), and post-seismic reactivations/remobilizations that were 

coseismic landslide deposits reactivated or remobilized mostly during rainfall events after 

earthquakes (e.g., Fan et al., 2018a). However, long-term seismic effects that activated unstable 

landslides but without causing failures/collapse even after a long period since the earthquake 

(months to years) are typically ignored due to the minor, if any, ground changes caused 

compared to collapsed slopes. These landslides respond to coseismic or post-seismic stress 

disturbances differently from the coseismic landslides and other types of collapsed/cracked 

post-seismic landslides and are typically activated with considerably increased displacement 

rates compared to their pre-earthquake levels (hence referred to as Earthquake Accelerated 

Landslides, EALs). As a result, they may generate continuous damage to the ground or man-

made infrastructure above them and develop into catastrophic failures in the future. 

 

Preliminary attempts have located a single EAL (Lacroix et al., 2014; Bontemps et al., 2020) 

or several neighbouring EALs (Lacroix et al., 2015). For example, Bontemps et al. (2020) used 

3-year geodetic and seismic datasets to characterize a slow-moving landslide affected by local 

earthquakes and seasonal rainfalls and highlighted how small-shaking events had weakened the 

landslide rigidity. Lacroix et al. (2015) detected nine slow-moving landslides in the Colca 

valley (Peru) with Pléiades images and reported their accelerations were caused by a regional 

Mw 6.0 earthquake. However, due to the lack of a complete and consistent EAL inventory after 

earthquakes, these localized studies only characterized individual EALs and were unable to 

investigate collectively the landslide behaviours in the perspective of an integral EAL inventory. 

The spatial-temporal features of EALs such as the spatial pattern of landslide distribution, the 

different behaviours between EALs and coseismic landslides, and their overall evolution of the 

sliding velocity were largely unknown. These features may well explain the landslide inducing 

mechanisms and contribute to hazard early warning or prediction. 
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In this context, establishing a complete EAL inventory consistently over a sufficiently large 

spatial extent and a long period becomes superior, based on which various potential landslide 

conditioning factors (LCFs, e.g., seismic effects, slope, lithology) can be related statistically 

against the EAL occurrence and different temporal behaviours of EALs before and after the 

earthquake can be distinguished. However, this poses challenges for traditional field-based 

landslide investigation which faces difficulties such as labour-intensive, time-consuming and 

high cost. Remote sensing-based landslide mapping techniques have been proven to be efficient 

in detecting large-area ground changes, but they can hardly capture very small landslide 

movements (centimetre level or smaller), even by Very High Resolution (VHR) satellites 

(Stumpf et al., 2014), despite its high cost for long-term monitoring. 

 

Interferometric Synthetic Aperture Radar (InSAR) has been proven to be able to measure subtle 

ground displacements such as those induced by interseismic loading (Elliott et al., 2016; Daout 

et al., 2018), postseismic relaxation (Wen et al., 2012; Pousse-Beltran et al., 2020) and 

extremely slow-moving landslides (Handwerger et al., 2019; Bekaert et al., 2020; Kang et al., 

2021). Landslide inventories over a large area (e.g., Bonì et al., 2020) can be retrieved routinely 

using high spatial resolution InSAR observations with a short revisit interval (e.g., up to 5 m 

and 6 to 12 days for Sentinel-1). However, challenges remain in applying InSAR for post-

earthquake landslide detection. First, most InSAR-based landslide detection methods employ 

an empirical velocity threshold (e.g., 2 mm/yr in Lu et al., 2019; 10 mm/yr in Zhang et al., 2020) 

to define moving pixels which may lack versatility, especially in the absence of prior knowledge 

of the background deformation level. Second, the threshold-based detection method ignores the 

spatial correlation and clustering effects among pixels inside a landslide and is prone to be 

greatly affected by noisy pixels. Third, it is often difficult to distinguish between postseismic 

deformation and landslide-induced deformation from InSAR time series, especially in areas 

close to seismogenic faults (e.g., Lacroix et al., 2014).  

 

In this study, I proposed a novel InSAR-based EAL detection method to establish a complete 

EAL inventory of the 2016-2017 Central Italy earthquake sequence using six years of Sentinel-

1 data in both descending and ascending modes from 2014 to 2020. A spatial filter was applied 

on InSAR-derived velocity maps to reduce the spatially correlated noise and separate 

postseismic deformation so that localized landslide motion can be retrieved. The algorithms of 

Minimum Covariance Determinant (MCD) and Density-Based Spatial Clustering of 

Applications with Noise (DBSCAN) were utilized respectively to adaptively determine slipping 

pixels and cluster them into landslide bodies. By comparing with the landslides not accelerated 
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by earthquakes (non-EALs) established with the Italian national landslide inventory (IFFI) 

created prior to the earthquakes, I investigated 15 landslide conditioning factors (such as 

topographic, lithology and seismic factors), and quantitatively classified their impacts on 

landslide acceleration based on the Information Gain (IG) function (Hall and Holmes, 2003). I 

further investigated the different spatial patterns between EALs and coseismic landslides and 

the different temporal behaviours of EALs before and after the earthquakes using high temporal 

resolution InSAR time series. We hope that these investigations could complement a more 

complete picture of the landslide inducing mechanisms in addition to the extensively studied 

coseismic landslides and contribute to a more comprehensive long-term assessment of landslide 

risk. 

5.2 Study area and data 

5.2.1 Study area  

The 2016-2017 earthquake sequence in Italy included four main events that occurred 

respectively on 24 August 2016 (Mw 6.1), 26 October 2016 (Mw 5.9), 30 October 2016 

(Mw 6.6) and 18 January 2017 (Mw 5.5) and struck a wide area of Central Apennines. These 

four events caused about 300 casualties and severely damaged buildings and transportation 

routes (Hofer et al., 2018; Martino et al., 2019). The earthquake sequence mainly ruptured the 

Mt Gorzano-Vettore-Bove (MGVB) fault system in NW-SE trending, with normal fault 

slipping (Cheloni et al., 2017). According to the geodetic inversion and the relocation of 

aftershocks, an antithetic NE dipping normal fault near the Norcia area was additionally 

discovered to be ruptured during the 30 October 2016 event (Walters et al., 2018; Cheloni et 

al., 2019). The slip state of another inherited west-dipping thrust, the Olevano‐Antrodoco‐

Sibillini (OAS) thrust, was also widely discussed (e.g., Chiaraluce et al., 2017; Pizzi et al., 2017; 

Chiarabba et al., 2018; Walters et al., 2018) but its role in the rupture geometry and the 

reactivation mechanism remained unclear (Cheloni et al., 2019). In addition to the coseismic 

ruptures, postseismic surface deformation in a centimetre scale that followed a logarithmic 

temporal decay was also observed and the related shallow afterslip was revealed to likely halt 

the rupture propagation (Pousse-Beltran et al., 2020).  

 

Geologically, in the study area affected by the earthquake sequence, the tectonic stratigraphic 

evolution includes the NE-trending migration of the imbricate fold-and-thrust Apennines Chain 

from the Miocene to the Lower Pliocene, and the onset of an extensional tectonic wave 

associated with normal faulting from the Late Pliocene–Early Pleistocene, exhibiting the 

characteristic of long term and multi-phase (Bigi et al., 2011; Martino et al., 2019). The ongoing 
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extension is oriented toward ENE with a velocity of 2 to 4 mm/yr (D'Agostino, 2014; Pousse-

Beltran et al., 2020), currently accommodated through normal fault systems (e.g., the MGVB). 

In terms of the deposits, the sedimentary sequence includes Jurassic–Cenozoic limestones and 

marls of the Umbria–Marche pelagic basin (Martino et al., 2019), the limestones and dolomites 

of the Latium-Abruzzi carbonate platform (Pierantoni et al., 2013) and the foreland-deposited 

flysch of the Upper Miocene Laga Fm. (Falcini et al., 2009). 

 

Figure 5.1 Seismotectonic background of the study area and InSAR-derived velocity fields in the Line 

of Sight (LOS). (a) Seismotectonic background with the four 2016-2017 earthquakes. Solid black lines 

represent the major active faults while the grey barbed lines indicate the pre-existing compressional 

faults. The locations and moment tensor solutions of the four main earthquakes in Central Italy from 

2016 to 2017 (red beach balls) were obtained from the United States Geological Survey (USGS) 

(https://earthquake.usgs.gov). Orange dots represent aftershocks (M > 3.0). Black triangles mark GPS 

stations, and black solid circles represent cities in Italy. (b) Geographical location of the study area (red 

rectangle). Purple rectangles indicate the coverage of descending- and ascending-track Sentinel-1 

images. (c) and (d) are the filtered post-earthquake descending and ascending LOS velocity fields, with 

the positive value being toward the ground from the satellite. The inset (e) and (f) are examples of zoom-

in views of the InSAR velocity. 

5.2.2 InSAR time series  

Sentinel-1 Terrain Observation by Progressive Scans (TOPS) (Torres et al., 2012) data in 

Interferometric Wide (IW) swath mode was used to capture the deformation in the study area. 

https://earthquake.usgs.gov/
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The Sentinel-1 constellation operated by European Space Agency comprises two polar-orbiting 

satellites (Sentinel-1A and 1B) performing C-band SAR imaging and offers wide-area 

monitoring with a minimum 6-day revisit cycle. The spatial resolution of Sentinel-1 

acquisitions is about 5 m in range and 20 m in azimuth. I collected 280 Sentinel-1 images in the 

descending track (Path 22) spanning from 7 October 2014 to 30 August 2020 and 292 images 

in the ascending track (Path 117) from 13 October 2014 to 30 August 2020. Each SAR image 

was connected to at least 10 nearest images in time to generate interferometric pairs. 

Considering that a long temporal baseline could cause strong decorrelation, I excluded 

interferograms with a temporal baseline greater than three months and finally obtained 1,420 

and 1,507 interferometric pairs (Figure 5.2) for the descending and ascending tracks, 

respectively. 

 
Figure 5.2 Sentinel-1 acquisition dates and generated interferograms in the (a) descending and (b) 

ascending tracks. Sentinel-1 acquisitions are indicated by blue stars. The grey lines represent Sentinel-

1 interferometric pairs used in the time series analysis and Y-axis shows their perpendicular baseline 

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

 

The time series InSAR processing flow detailed in Song et al. (2021) was used to process the 

Sentinel-1 data. To generate interferograms, a 30 m Digital Elevation Model (DEM) from the 

Shuttle Radar Topography Mission (SRTM) (Farr et al., 2007) was used to remove topographic 

phases and geocode interferograms. Tropospheric delay corrections from Generic Atmospheric 

Correction Online Service (GACOS) for InSAR (Yu et al., 2017; Yu et al., 2018b; Yu et al., 

2018c) were applied to these interferograms to reduce the atmospheric effect. These corrected 

interferograms were then processed by the Small BAseline Subset (SBAS) mode of the Stanford 

Method for Persistent Scatterers (StaMPS) software (Hooper et al., 2012) to generate InSAR 



 84 

time series. During the time series processing, the spatial reference was set as the mean phase 

value in the study area, and InSAR coherent pixels after the phase correction of spatially 

uncorrelated noise were resampled to 30 m for 3D unwrapping (Hooper and Zebker, 2007) to 

improve the processing efficiency. Such SBAS method does not require a pre-defined 

deformation model to constrain time series and has been proved to be effective in retrieving the 

coseismic and postseismic displacements (e.g., Pousse-Beltran et al., 2020; Liu et al., 2021). 

 

The resultant InSAR time series was then validated by Global Positioning System (GPS) 

displacements from 19 stations (black triangles in Figure 5.1) in the Istituto Nazionale di 

Geofisica e Vulcanologia (INGV) network. GPS time series solutions provided by the Nevada 

Geodetic Laboratory (NGL) (Blewitt et al., 2018) were projected onto the radar Line of Sight 

(LOS) direction, following Equation (5.1). In the equation, 𝑁, 𝐸 and 𝑈 are GPS displacements 

in the north, east and vertical (up) directions; 𝜃𝑖𝑛𝑐  is the incidence angle of satellite radar and 

𝛼ℎ𝑒𝑎𝑑  is the heading angle; 𝐿𝑂𝑆 is the projected displacement along LOS. Then GPS LOS 

displacement time series were resampled to the SAR acquisition dates. As InSAR observations 

are relative measurements with a spatial reference, the GPS time series was referenced to AQUI 

located in Coppito, Province of L'Aquila, and the InSAR reference point was set to the location 

of AQUI (marked in Figure 5.1a). The reason for choosing AQUI is that it is relatively less 

affected by the coseismic deformation (< 5 mm) and has recorded the most complete GPS data 

in the past 10 years without interruption.  

𝐿𝑂𝑆 = [

−𝑠𝑖𝑛𝜃𝑖𝑛𝑐𝑠𝑖𝑛𝛼ℎ𝑒𝑎𝑑    
𝑠𝑖𝑛𝜃𝑖𝑛𝑐𝑐𝑜𝑠𝛼ℎ𝑒𝑎𝑑   

−𝑐𝑜𝑠𝜃𝑖𝑛𝑐

]

𝑇

∙   [
𝑁
𝐸
𝑈

] (5.1) 

 

Figure 5.3 Correlation analyses between InSAR and GPS displacements along the LOS in the 

(a) descending track and (b) ascending track. 
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The InSAR and GPS displacements were compared for each observation epoch before and after 

the earthquake sequence. The comparison results (Figures 5.3a and 5.3b) show that the root 

mean square (RMS) of the difference between GPS and Sentinel-1 InSAR displacements in 

descending and ascending modes are 6.2 mm and 7.0 mm, respectively. Figures 5.3a and 5.3b 

also show the linear fit between GPS and InSAR LOS displacements and their Pearson's linear 

correlations are 0.75 and 0.89 for descending and ascending LOS, respectively. The high 

correlation with GPS and the small RMS difference implies the reliability of InSAR 

observations. 

5.2.3 IFFI 

The Inventario dei Fenomeni Franosi (Inventory of Landslide Phenomena) in Italy (IFFI) 

project, implemented by Istituto Superiore per la Protezione e la Ricerca Ambientale (ISPRA) 

and regional environmental protection agencies, provides a basic national database on 

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

620,808 landslide sites (www.progettoiffi.isprambiente.it) have been updated by means of 

satellite images, airborne photos and field investigation. However, only a few landslides in IFFI 

remain active, for example, in the Piedmont region of Italy, only ~15% of landslides in IFFI 

were classified as active by InSAR (Bonì et al., 2018). In addition, different regions differ in 

the update time of the landslide inventory. The study area spans four regions, of which the 

Umbria Region has updated the inventory up to 2017 while the Marche, Lazio and Abruzzo 

Regions only updated up to 2007. In total, 9,509 landslides shown in Figure 5.5a have been 

documented in the study area, of which 3,615 (38.0% of the inventory) are classified as 

rotational/translational slides. The second most widely distributed type of landslides is slow 

earth flow, accounting for 25.7%, followed by shallow landslides (11.3%). Each of the other 

landslide types, including rapid debris flow (9.5%), rockfalls/topples (9.4%) and complex slides 

(4.0%), etc., only represents a small percentage of the entire inventory. Note that the types of 

these landslides in IFFI were determined according to their past failure/moving mechanics and 

may not be representative of their latest status. In this study, I used IFFI to locate non-EALs 

with the method described in Section 5.3.1 and compare the spatial characteristics of these non-

EALs with EALs to analyse the impact of different LCFs on landslide acceleration. Such 

comparison focuses on the present seismic-affected activity of landslides and would not be 

interfered by the original landslide types. 

http://www.progettoiffi.isprambiente.it/
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5.2.4 Geo-environmental data 

Environmental and earthquake-related data were also collected to statistically perform spatial 

analysis of geo-environmental factors controlling landslide behaviours. The 30 m SRTM DEM 

used in InSAR data processing was analysed to quantify topographic factors (e.g., slope, aspect, 

and curvature). A Sentinel-2 image with almost zero cloud cover (0.2%) on 14 August 2016 

was used to calculate the Normalized Difference Vegetation Index (NDVI) (Tucker, 1979) 

based on the near-infrared spectrum (band 8) and the red range of the spectrum (band 4). I also 

collected Global Precipitation Measurement (GPM) daily records (Hou et al., 2014; Huffman 

et al., 2019) from multi-satellite gauging to investigate hydro-climatic factors such as rainfall 

and snowfall. Regarding the seismic effect, Peak Ground Acceleration (PGA) and Peak Ground 

Velocity (PGV) of the four 2016-2017 earthquakes in Central Italy were extracted from the 

USGS ShakeMap products (https://earthquake.usgs.gov/data/shakemap). Note that the ground 

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

earthquake sequence. 

5.3 Methods 

5.3.1 EAL detection method 

In this work, InSAR derived velocity fields were used to locate active landslides and then to 

identify EALs by comparing landslide velocities before and after the earthquake sequence. The 

EAL detection method includes the following four steps. 

 

Step 1: Generation of pre- and post-earthquake InSAR velocity fields 

Based on the InSAR displacement time series processed in Section 5.2.2, I calculated LOS 

velocity fields respectively for periods before the first event (i.e., pre-earthquake velocity (𝑣𝑝𝑟𝑒
𝐿𝑂𝑆) 

from 13 October 2014 to 21 August 2016) and one year after the last event (i.e., post-earthquake 

velocity (𝑣𝑝𝑜𝑠𝑡
𝐿𝑂𝑆 ) from 24 January 2017 to 25 January 2018). Only one year of the displacement 

time series after the last event was included to highlight the immediate acceleration effect due 

to the earthquakes, which may fade away through time as will be discussed in Section 5.4.3, 

and to avoid possible velocity variations caused by non-seismic inducers (e.g., heavy rainfall) 

as noticed in Figure 5.9. The velocities during these two periods were obtained by linearly 

fitting the associated displacement time series (Selvakumaran et al., 2018). Comparing InSAR 

and co-located GPS derived LOS velocities, I estimated the RMS of their difference in the 

ascending and descending LOS was approximately 3.1 and 3.0 mm/yr, respectively. 

 

https://earthquake.usgs.gov/data/shakemap
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Landslide motion signals may be contaminated by long-wavelength deformation (e.g., post-

seismic deformation) or errors (atmospheric, orbital and ocean tide loading errors) on InSAR 

velocity fields. Therefore, to identify localized landslide motions, I first applied a local spatial 

filter on the velocity fields to reduce the effects of spatially correlated noise (e.g., residual long-

wavelength errors) and postseismic deformation, as shown in Figure 5.4a. Instead of using a 

fixed global reference point, the local spatial filter referenced the phase of each pixel against 

the local mean phase averaged within a kernel (i.e., a circular buffering area) surrounding that 

pixel (Bekaert et al., 2020). The radius of the kernel was fixed to 2 km as suggested by Bekaert 

et al. (2020) in double-difference phase analysis which minimized the effect of over-filtering 

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

beyond the kernel size can be largely cancelled out.  

 

Step 2: Location of post-earthquake moving pixels  

The filtered post-earthquake InSAR velocity fields (Figures 5.1c and 5.1d) were used to locate 

all moving pixels which may be clustered as active landslides in the follow-on steps. I used the 

LIBRA software (https://wis.kuleuven.be/stat/robust/LIBRAfiles/, Verboven and Hubert, 2005) 

to statistically identify moving pixels based on the Minimum Covariance Determinant (MCD) 

method (Rousseeuw, 1984; Hubert and Debruyne, 2010). The inputs of the software were 𝑣𝑝𝑜𝑠𝑡
𝐿𝑂𝑆  

of the InSAR pixels and the outputs were the locations of the identified moving pixels. This 

method does not require an empirical velocity threshold and the moving pixels can be detected 

adaptively in an automatic way.  

 

Step 3: Clustering moving pixels into landslide bodies 

After extracting moving pixels from post-earthquake InSAR velocity fields, I used the Density-

Based Spatial Clustering of Applications with Noise (DBSCAN) (Ester et al., 1996; Schubert 

et al., 2017) algorithm to automatically cluster these pixels into landslide bodies. DBSCAN is 

a powerful cluster algorithm in statistics but its application in the InSAR field is rare. Unlike 

the commonly used k-means partitioning algorithm, this algorithm is based on the pixel spatial 

density without the requirement of a pre-defined number of clusters, which improves the 

adaptability of clustering. Moreover, the k-means algorithm forcibly clusters all included pixels 

and is vulnerable to noise, while the DBSCAN algorithm is able to exclude noisy pixels that 

lack sufficient connected neighbourhoods (Ester et al., 1996).  

https://wis.kuleuven.be/stat/robust/LIBRAfiles/
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Figure 5.4 Workflow for EAL/non-EAL detection and information gain (IG) methods. (a) Workflow 

for developing the EAL inventory based on InSAR. (b) Workflow for detecting non-EALs based on 

InSAR and IFFI. (c) IG method for statistically analysing LCFs. (d) Conceptual diagram of gridding, 

landslide state definition and three types of pixels (i.e., core, border, and noisy pixels). 

 

DBSCAN defines three types of pixels: core pixels, border pixels and noisy pixels (Figure 5.4d). 

A core pixel is located inside a cluster that is surrounded by at least a minimum number (MinPts) 
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of moving pixels within a fixed radius (R). These moving pixels are called the neighbourhood 

moving pixels of the core pixel. In this study, MinPts was set to three to guarantee at least three 

moving pixels per cluster (Bonì et al., 2018; Crippa et al., 2021), and R was set to 60 m (twice 

the InSAR pixel spacing) to connect sufficient pixels. A border pixel is the neighbourhood pixel 

of at least one core pixel, but it has less than MinPts neighbourhood pixels. A noisy pixel is not 

neighbouring to any core pixel. DBSCAN starts with an arbitrary moving pixel 𝑝, 1) if 𝑝 is a 

core pixel, all neighbourhood moving pixels of 𝑝 will be assigned as the same cluster with 𝑝 

and their types (core or border pixel) will be evaluated; 2) repeat step 1) iteratively for all the 

neighbourhood moving pixels of core and border pixels in the cluster of 𝑝 until all moving 

pixels that should be clustered with 𝑝 are identified; 3) continue to the next moving pixels until 

all pixels were clustered. 

 

Step 4: Classification of EALs and non-EALs 

After clustering all moving pixels into active landslide bodies with DBSCAN, I then masked 

out those clusters with an average slope of less than 3 degrees, because landslides were unlikely 

to occur on such flat terrain. Note that since both descending and ascending Sentinel-1 data 

have been collected, two inventories of post-earthquake active landslides will be generated 

following the above procedure. Thus, I merged them by uniting overlapping landslide bodies 

and calculated their pre- and post-earthquake velocities along the slope (𝑣𝑝𝑟𝑒
𝑆𝑙𝑜𝑝𝑒

 and 𝑣𝑝𝑜𝑠𝑡
𝑆𝑙𝑜𝑝𝑒

) by 

averaging the along-slope velocities of all pixels inside the landslide body. The along-slope 

velocity 𝑣𝑆𝑙𝑜𝑝𝑒  of each pixel was calculated by projecting the LOS velocity 𝑣𝐿𝑂𝑆  onto the 

landslide slope direction, assuming that the landslide movements occurred along the steepest 

gradient of the slope (Notti et al., 2014; Bonì et al., 2018). The projection can be expressed as 

Equations (5.2) and (5.3), where 𝑠 and 𝑎 are the slope and aspect angles at the location of 

InSAR pixels, 𝜎  and 𝛼  are the incidence and heading angles of satellite radar, 𝐶  is the 

projection coefficient that converts 𝑣𝐿𝑂𝑆 to 𝑣𝑆𝑙𝑜𝑝𝑒 . It should be noted that 𝐶 is limited to 0.3 

when 0 < 𝐶 < 0.3 and to -0.3 when −0.3 < 𝐶 < 0 to avoid anomalous exaggeration caused 

by the projection (Herrera et al., 2013). Besides, for landslides containing both descending- and 

ascending-mode Sentinel-1 coherent pixels, the along-slope velocities projected from InSAR 

observations in these two modes are averaged to be representative. 

𝐶 = − cos(𝑠) cos(𝑎) sin(𝜎) sin(𝛼) + cos(𝑠) sin(𝑎) sin(𝜎) cos(𝛼) + sin(𝑠) cos(𝜎)  (5.2) 

𝑣𝑆𝑙𝑜𝑝𝑒 = 𝑣𝐿𝑂𝑆/𝐶  (5.3) 
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Then, 𝑣𝑝𝑟𝑒
𝑆𝑙𝑜𝑝𝑒

 and 𝑣𝑝𝑜𝑠𝑡
𝑆𝑙𝑜𝑝𝑒  of each candidate landslide were compared to identify the accelerated 

landslides of interest with sufficient velocity changes ( 𝑣𝑝𝑜𝑠𝑡
𝑆𝑙𝑜𝑝𝑒

/ 𝑣𝑝𝑟𝑒
𝑆𝑙𝑜𝑝𝑒

 1.2) and an EAL 

inventory was created. The ratio between 𝑣𝑝𝑟𝑒
𝑆𝑙𝑜𝑝𝑒

 and 𝑣𝑝𝑜𝑠𝑡
𝑆𝑙𝑜𝑝𝑒

 is referred to as the landslide 

acceleration ratio which represents the magnitude of the acceleration caused by the earthquakes. 

The active landslides that were not accelerated by the earthquake sequence (𝑣𝑝𝑜𝑠𝑡
𝑆𝑙𝑜𝑝𝑒

/𝑣𝑝𝑟𝑒
𝑆𝑙𝑜𝑝𝑒

 <1.2) 

were then classified as non-EALs (Figure 5.4a).  

 

Since InSAR can only detect active landslides, the above procedure is unable to locate non-

EALs that are inactive both before and after the earthquake sequence. As shown in Figure 5.4b, 

IFFI was used to find these inactive non-EALs by 1) locating landslides documented by IFFI 

on the InSAR velocity maps; 2) projecting 𝑣𝐿𝑂𝑆  of pixels in IFFI-landslides to 𝑣𝑆𝑙𝑜𝑝𝑒  with 

Equations (5.2) and (5.3); 3) calculating 𝑣𝑝𝑟𝑒
𝑆𝑙𝑜𝑝𝑒

 and 𝑣𝑝𝑜𝑠𝑡
𝑆𝑙𝑜𝑝𝑒

 of each IFFI-landslide by averaging 

𝑣𝑆𝑙𝑜𝑝𝑒  of pixels inside before and after the earthquakes; 4) identifying inactive landslides whose 

𝑣𝑝𝑟𝑒
𝑆𝑙𝑜𝑝𝑒

 and 𝑣𝑝𝑜𝑠𝑡
𝑆𝑙𝑜𝑝𝑒

 are both smaller than 5 mm/yr as defined by Cigna et al. (2013). These 

inactive non-EALs and the InSAR-detected active non-EALs, despite differences in activity, 

are both against EALs with respect to the presence of acceleration phenomena and should be 

amalgamated for comparison with EALs. The final inventory of non-EALs (1,625 detected by 

InSAR and 1,120 from IFFI), together with the EAL inventory, enabled the following statistical 

analysis. 

5.3.2 Statistical analysis method 

Landslide Conditioning Factors (LCFs) are geo-environmental factors that control landslide 

occurrence, evolvement and potential collapse. Hence, their spatial distribution may play a key 

role in landslide susceptivity assessment. I used the Information Gain (IG) function to 

quantitatively rank a set of LCFs linked to EALs in order to statistically investigate the main 

controlling factors. IG is one of the fastest and simplest attribute ranking methods (Hall and 

Holmes, 2003) used to select features in a decision tree model (e.g., Lei, 2012; Alhaj et al., 

2016). The value of IG represents how much contribution of an LCF can affect the EAL 

occurrence. As shown in Figure 5.4c, the first step of implementing the IG method is to create 

a dataset of LCFs. A large set of LCFs including topographic, lithologic, vegetation, hydrologic 

and seismic factors (Fan et al., 2021) (Table 5.1) was selected. I calculated high-resolution maps 

for each LCF and resampled them into a 30 m uniform grid as the DEM (i.e., one map per LCF). 

All the topographic factors were computed in the SAGA GIS software (http://www.saga-gis.org) 

http://www.saga-gis.org/
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using the 30 m SRTM DEM. I additionally selected two other types of LCFs to represent the 

pre-earthquake landslide activity and the size of the landslide body which may also explain the 

governing mechanisms of EALs. The landslide activity factors included the pre-earthquake 

velocity (𝑣𝑝𝑟𝑒
𝑆𝑙𝑜𝑝𝑒

) and the percentage of relatively fast-moving pixels (𝑣𝑝𝑟𝑒
𝑆𝑙𝑜𝑝𝑒

>10 mm/yr) inside 

a landslide body.  

 

To calculate the IG of each LCF, the concept of information entropy (Hall and Holmes, 2003), 

which was used to measure the uncertainty in the classification of the landslide (i.e., whether 

the landslide is an EAL or non-EAL), should be introduced. I first generated an index map for 

the study area with the same dimension as the LCF maps with its pixels inside EALs being 

marked as 1 and pixels inside non-EALs as 0 (Figure 5.4d). Then 1,000,000 pixels on the index 

map (about 10% of the total) were randomly selected and the information entropy 𝐻(𝐸𝐴𝐿) was 

calculated using Equation (5.4), where 𝑝(𝑖)  is the percentage of the pixels belonging to 

landslide class 𝑖  among the total 1,000,000 pixels ( 𝑖 = 1 : EAL; 𝑖 = 0 : non-EAL) and 𝑛 

represents the number of the class (2 in this case).  

Table 5.1 Landslide conditioning/triggering factors used in this study 

Type Landslide conditioning factors Description 

Topographic 

factors 

Elevation 30 m SRTM DEM (Farr et al., 2007) 

Slope Slope angles derived from the DEM  

Aspect Orientation of the slope derived from the 

DEM, clockwise from the north (0°/360°) 

Planar curvature Curvature of the slope, relating to the 

surface shape (>0: convex, <0: concave, 0: 

linear) 

Positive openness Surface convexity, indicating how wide a 

surface can be viewed from any position 

(Yokoyama et al., 2002) 

Topographic Position Index 

(TPI) 

Indicating whether the cell position is 

closer to ridges (>0), valleys (<0) or 

constant slope (0) (Guisan et al., 1999) 

Morphometric Protection Index 

(MPI) 

Index of how the surrounding relief 

protects the cell 

Lithology Lithology Main lithology of the cell 

Vegetation NDVI Normalized difference vegetation index 

(Tucker, 1979) 

Hydro-climatic 

factors 

Precipitation Gridded 0.1° GPM records (Hou et al., 

2014) during the earthquake sequence, 

unit: mm 

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

Landslide activity  Pre-earthquake velocity Landslide velocity before the earthquakes, 

unit: mm/yr 

Activity proportion Proportion of pixels that are substantially 

active (>10 mm/yr) inside the landslide 

Landslide size  Landslide area Unit: m2 

 

𝐻(𝐸𝐴𝐿) = − ∑ 𝑝(𝑖)

𝑛

𝑖=1

𝑙𝑜𝑔2𝑝(𝑖) (5.4) 

The uncertainty of the landslide class given that the value of an LCF is known was then 

quantified using the conditional entropy 𝐻(𝐸𝐴𝐿|𝐿𝐶𝐹) . As shown in Equation (5.5), 𝑙 

represents the value of an LCF, 𝑝(𝑙) denotes the percentage of the sampled pixels whose value 

is 𝑙 on the LCF map, and 𝑝(𝑖|𝑙) represents the percentage of the sampled pixels belonging to 

landslide class 𝑖 when its value is 𝑙 on the LCF map. Thus, with Equation (5.5), I computed the 

conditional entropy of each LCF. 

𝐻(𝐸𝐴𝐿|𝐿𝐶𝐹) = − ∑ 𝑝(𝑙)

𝑙∈𝐿𝐶𝐹

∑ 𝑝(𝑖|𝑙)

𝑛

𝑖=1

𝑙𝑜𝑔2𝑝(𝑖|𝑙) (5.5) 

The IG of an LCF is the difference between the information entropy of the landslide class and 

the conditional entropy of the LCF, as expressed in Equation (5.6), representing how much the 

uncertainty of determining a landslide as EAL has been reduced after knowing the LCF. The 

greater the IG, the stronger the relationship between the LCF and EAL and the more important 

the LCF is to the EAL occurrence. Following Equations (5.4) to (5.6), the IG of each LCF can 

be calculated and ranked to find and analyse the main influencing factors of EALs. 

𝐼𝐺(𝐿𝐶𝐹) = 𝐻(𝐸𝐴𝐿) − 𝐻(𝐸𝐴𝐿|𝐿𝐶𝐹) (5.6) 

5.4 Results 

In this section, I will first closely investigate the spatial distribution of the detected EALs, and 

then statistically analyse the spatial correlation between the landslide post-earthquake 

acceleration and the 15 LCFs collected (Table 5.1) to quantify their impact on the acceleration, 

by using the IG function. Finally, the temporal characteristics of EAL movements before and 

after the earthquake sequence will be analysed according to the InSAR time series results. 
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5.4.1 Spatial distribution of EALs 

The InSAR derived EAL inventory reveals a wide-spreading distribution of EALs (Figure 5.5a) 

around the source of the four earthquakes. A total of 819 EALs was detected in the study area, 

among which 684 (83.5%, red polygons in Figure 5.5a) were already documented by IFFI and 

the remaining 135 (16.5%, purple polygons in Figure 5.5a) were newly detected landslides. Not 

all the landslides in IFFI were detected by InSAR as they were either not moving or not 

accelerated by the earthquakes according to the criteria in Section 5.3.1. Note that the final 

boundaries of EALs determined by InSAR may not entirely agree with IFFI due to their 

different temporal coverages. The newly detected landslides by InSAR are mainly distributed 

on the southwest side (Lazio Region) of the seismogenic fault, which could be due to the low 

density of the documented landslides in this area (IFFI only updated to 2007). The distribution 

may also be due to the hanging wall effect, but this effect is not a decisive factor considering 

the presence of a number of new EAL clusters in the footwall as well. According to IFFI, 40.3% 

of the total 819 InSAR-detected EALs are rotational/translational landslides and 17.7% are slow 

earth flow landslides (Figure 5.5b). These two types of landslides are also dominant in the 

whole IFFI inventory within the study area. There are 17.0% of EALs whose types are unclear, 

including four previously undefined landslides in IFFI and 135 newly detected landslides by 

InSAR. Note that we cannot rule out the possibility that the detected moving slopes are not 

authentic landslides, but as the vast majority of EALs (83.5%) are IFFI-verified landslides, the 

portion of false detection is low and will not alter the conclusion. 
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Figure 5.5 InSAR-detected EALs and IFFI documented landslides. (a) Spatial distribution of landslides. 

Grey polygons are landslides documented by IFFI. Red and purple polygons are respectively EALs 

already in IFFI and EALs not in IFFI. Black dots indicate the spatial locations of six landslide cases 

analysed in Section 5.4.3. (b) Proportion of different types of EALs. The codes of landslide types are, 

0: not defined, 1: fall/topple, 2: rotational/translational, 3: slow earth flow, 4: rapid debris flow, 5: 

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

5.4.2 Conditioning factors of EAL occurrence 

The IG values of 15 LCFs were estimated according to Section 5.3.2 and sorted in Figure 5.6a 

from the largest to smallest. I classified the IG values of these LCFs into three categories: 

prominent, moderate and negligible IG. Those LCFs with negligible IG contribute little to the 

determination of EAL occurrence after the earthquake sequence.  

 

Among the LCFs with non-negligible IG, the landslide area (representing the size of the 

landside body) exerted the strongest effect (Figure 5.6a), which implies that the uncertainty in 

determining whether a landslide had been accelerated by the earthquakes will be reduced by 

13% (IG=0.13) by knowing the size of the landslide. Comparing the size of EALs and non-

EALs (Figure 5.6b), I found that larger landslides were more likely to accelerate after the 

earthquakes than smaller ones (70.2% non-EALs are smaller than 0.3 𝑘𝑚2 compared to 30.8% 

for EALs). Note that very small EALs and non-EALs (< 9 ∙ 10−4𝑘𝑚2) are not detectable in this 

case and some adjacent small landslides without clear boundaries could be joined together. This 

is due to the spatial clustering effect of the InSAR-based (30 m spatial resolution) automated 

landslide detection method and the principle that an EAL or non-EAL need to contain at least 

three InSAR pixels to ensure measurement reliability. The remarkable effect of landslide size 

revealed here is consistent with other studies of failed coseismic and post-seismic landslides 

(Fan et al., 2018a; Chen et al., 2021) which found that the larger coseismic landslides tended to 

remain active for longer after earthquakes, comparatively more susceptible to remobilisation 

than the smaller ones. Although EALs and the post-seismic remobilisations in coseismic 

deposits are two different types of ETLs, they are both attributed to post-seismic effects on 

landsliding, and the landslide size could be a generic conditioning factor of landslide 

susceptibility after earthquakes. Moreover, in terms of the landslide nature, larger landslides 

are typically composed of higher proportions of weak materials which lead to a decrease in 

frictional strength (Handwerger et al., 2021). Indeed, such a landslide nature may be potentially 

decisive for landslide activity, as has been observed in other studies. For example, Handwerger 

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

analysing slow-moving landslides in the northern California Coast Ranges. Bunn et al. (2020) 
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also found an inverse correlation between landslide size and friction angle, i.e., the shear 

strength of landslides decreases with the increase of the landslide size. The reduced frictional 

strength is essential to the acceleration of landslides as the seismic induced stress changes may 

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

close to the epicentre. 

 

Figure 5.6 IG ranking of 15 collected LCFs and histograms of four prominent LCFs. (a) Ranking and 

classification (three types: prominent, moderate and negligible) of the 15 LCFs according to their IG 

values. (b) to (e) are histograms of the four LCFs with prominent IG, i.e., landslide area, lithology, pre-

earthquake velocity and positive openness. 

 

The second place in the IG ranking is lithology. As shown in Figure 5.6c, the top three landslide 

lithologies in the study area are sandstones/claystones (with limestones and evaporites), marl, 

and limestones/marly limestones. There is a larger proportion of sandstones/claystones type 

landslides among EALs than non-EALs (40% compared to 32%), suggesting this type of 

landslide has a weak resistance to the post-earthquake acceleration effect. In contrast, the marl 

type landslide has a stronger resistance, with its proportion among EALs being smaller than the 
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proportion among non-EALs by 6%. The third place in the IG ranking is the landslide activity 

indicator, i.e., the pre-earthquake velocity. Surprisingly, its proportion distribution in Figure 

5.6d does not lean towards the high-velocity side which means most EALs are inactive or 

extremely slow-moving landslides before the earthquakes. Active landslides with velocities 

greater than 12 mm/yr before the earthquakes seem to be less affected by the earthquakes. One 

possible explanation is that such landslides are largely dominated by their original driving 

factors (e.g., gravity), rather than the force induced by earthquakes. Among the topographic 

factors, the positive openness representing the surface convexity gains the most importance in 

determining EAL occurrence and Figure 5.6e shows that most EALs are composed of high 

convexity. 

 

The IG values of PGV and PGA are relatively moderate (~0.01) and rank in the middle (7-8) 

of all LCFs, meaning that the magnitude of ground shaking has made a moderate contribution 

in determining the occurrence of EALs. To further investigate their relationship, the PGA 

counters, the earthquake epicentres, and the landslide acceleration ratio (𝑣𝑝𝑜𝑠𝑡
𝑆𝑙𝑜𝑝𝑒

/𝑣𝑝𝑟𝑒
𝑆𝑙𝑜𝑝𝑒

, see step 

4 in Section 5.3.1) were displayed in Figure 5.7a. Unlike the coseismic landslides (collapsed 

shortly after the mainshock, black dots in Figure 5.7a, a total of 759 recorded by Martino et al., 

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

were not concentrating inside the high PGA area (e.g., inside the purple PGA contour).  

 

Figure 5.7 Distribution of EAL velocity, EAL density, EAL acceleration and coseismic landslides. (a) 

Post-earthquake deformation velocity of EALs and the ratio to pre-earthquake velocity. Solid lines 



 97 

indicate the cumulative PGA contours of the four earthquakes, where the purple contour shows 0.6 g 

PGA. Black dots are coseismic landslides collected from Martino et al. (2019). (b) Number of EALs on 

a resampled grid with a cell size of 55 km. (c) Average acceleration ratio of EALs on the grid. 

 

A uniform grid map within the study area was further constructed with a cell size of 55 km, 

and for each grid cell, I counted the number of EALs, calculated the average acceleration ratio 

of EALs and plotted them in Figures 5.7b and 5.7c. More EALs were distributed in the northeast 

which is consistent with the distribution of landslides in IFFI (Figure 5.5a) but the distribution 

of the EAL acceleration ratio was almost uniform in space. It is asserted that weak ground 

shaking far away from the epicentre was enough to cause notable accelerations to the landslide 

movement and greater ground shaking did not necessarily mean larger potential to accelerate 

landslides or larger accelerations. On the one hand, most unstable landslides near the epicentre 

had collapsed during the mainshock, leaving most EALs being identified in the far field. On the 

other hand, the landslide rigidity could be altered by relatively weak ground shaking and its 

kinematic behaviour may not be directly related to the magnitude of ground shaking. For 

example, Bontemps et al. (2020) observed diverse responses of a slow-moving landslide in Peru 

to a series of small-to-medium earthquakes (Ml < 4.5). Lacroix et al. (2014) found the post-

seismic motion of a landslide triggered by an Mw 6.0 earthquake 20 km away was even 3 times 

larger than the coseismic displacement. 

 

The slope and aspect angles are commonly used topographic variables in assessing landslide 

hazards and have a moderate influence on EAL occurrence according to the IG ranking. From 

the histogram of slope angles (Figure 5.8a), it can be found that the slope angles of EALs are 

concentrated between 10 and 20 degrees (strong slope). Note that the plot here describes the 

probability of slope bins conditional on landslide membership, not the probability of EALs 

conditional on slope angles (i.e., we can say that more EALs have strong slopes, but not that 

landslides with strong slope angles are likely to be EALs). The rose diagram of aspect angles 

(Figure 5.8b) shows that the orientations of EALs are concentrated in the South direction, 

specifically from SE to SSW directions. In addition, EALs also exhibit an increased proportion 

in the NNW and NNE directions compared to non-EALs. Most of these directions are roughly 

parallel to the strike direction of the seismogenic faults (SSE-NNW, solid black line in Figure 

5.8b) and perpendicular to the direction of the normal fault slips, suggesting the existence of a 

directional effect. However, the cause of this effect is inconclusive. Although some previous 

studies (e.g., Xu et al., 2013; Xu et al., 2014; Fan et al., 2018b) have revealed landslides with a 

slope aspect parallel to the fault slip direction could be more susceptible to failure during the 
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earthquake, there are other studies (e.g., Chigira et al., 2010; von Specht et al., 2019) estimating 

the prevalent landslide orientation to be normal to the fault ruptures. In addition, almost all 

these studies focus on the coseismic landslides that collapsed during the earthquake. Therefore, 

at present, we are unable to determine a unified mechanism responsible for the slope aspect 

effect of EALs.  

 

Figure 5.8 Distribution of slope angles, aspect angles of EALs and non-EALs. (a) Distribution of slope 

angles. The bin width is set as 2 degrees to include enough landslide samples for each bin. (b) Rose 

diagram of aspect angles. 

5.4.3 Post-earthquake dynamics of EALs 

InSAR mean deformation velocity fields have enabled the detection and spatial analysis of 

distributed EALs, in this section, I will investigate further their temporal characteristics, 

individually or as a whole, using high temporal resolution (6 to 12 days) InSAR deformation 

time series results. I will also incorporate precipitation and seismic activity datasets to analyse 

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

different behaviours before and after the earthquakes.  

 

Figure 5.9 shows the sliding velocities of six example EALs together with the monthly 

precipitation aggregated from daily GPM records. The six EALs were distributed on both sides 

of the seismogenic faults (locations shown in Figure 5.5) and away from their respective nearest 

epicentres by < 10 km (A and B), 10 to 30 km (C and D) and > 30 km (E and F), respectively. 

The epoch-by-epoch velocity of each EAL was computed by linearly fitting the LOS InSAR 

displacement time series within a fixed 3-month time window and projected onto the slope 

direction using Equation (5.3), with their means before and after the earthquakes plotted as 

dashed lines. Although being the closest to the epicentres, EALs A and B only showed moderate 

mean post-earthquake velocities and acceleration ratios compared to the other examples. EAL 

C, 18 km away from the epicentre, exhibited the largest mean post-earthquake velocity (41.6 

mm/yr) whilst EAL D (23 km from the epicentre) had the largest acceleration ratio (23.3). 
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Although far away from the epicentre, EALs E and F were also accelerated substantially after 

the earthquakes, with an acceleration ratio greater than 3. This behaviour of near- and far-field 

EALs is consistent with the result analysed from Figure 5.7c. 

 

Figure 5.9 Sliding velocity estimated every three months and the monthly precipitation of the six 

landslide cases. (a) to (f) represent landslides A to F, respectively. Black dashed lines indicate the mean 

pre- or post-earthquake velocity, and the acceleration ratio is marked at the bottom right of each sub-

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

 

Another notable feature shown in Figure 5.9 is that all the six EALs were dominated by stronger 

seasonal signals after the earthquakes as compared to relatively flat variations before the 

earthquakes. The variation of the post-earthquake velocity correlated with the precipitation time 

series and most velocity peaks (red dotted rectangles) were accompanied by local precipitation 

peaks. We should note that the correspondence is not in a perfect way since the precipitation 

may not be the only force dominating the activity of these EALs after the earthquakes and other 

factors (e.g., landslide depth, geomorphological setting and soil properties) could collectively 

affect the sensitivity of landslides to rainfall/precipitation (Dahal et al., 2008; Bordoni et al., 

2015; Zhang et al., 2019a). These complex factors may lead to a delay or heterogeneous 

response of landslides to the rainfall inputs and therefore the nature of the relation between 

landslide activity and precipitation is possibly prone to local effects (Marc et al., 2015a). 

Nevertheless, compared to the pre-earthquake level, the response of velocity to precipitation 

after the earthquakes is clearly much stronger, implying that the accelerated landslides became 

more susceptible to precipitation than before. Such changes may be caused by the generation 

of preferential paths for water infiltration in landslide bodies due to soil damage after the 
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earthquake (Scheingross et al., 2013; Marc et al., 2015b; Bontemps et al., 2020). The soil 

damage could be manifested as microfractures (Rojstaczer and Wolf, 1992), which makes it 

easier for water to penetrate the landslide body and increases the sensitivity of the landslide to 

precipitation. Thus, the increase in sensitivity enlarges the velocity fluctuation in response to 

precipitation, which, together with the post-earthquake sliding acceleration, have collectively 

weakened the stability of EALs.  

 

Figure 5.10 Temporal evolution of EALs. (a) Average velocity of EALs and precipitation in the study 

area estimated every three months. Red shading indicates the coverage period of the 2016-2017 

earthquake sequence, and the vertical lines in the shading indicate the specific time of the four 

earthquakes. The coloured rectangles at the bottom of (a) represent the number of earthquakes (M > 3.0) 

in their time windows. Note that the grey error bars are the standard deviations of all EAL velocities 

representing the velocity dispersion between EALs rather than a measure of velocity accuracy. (b) 

Average velocity of EALs on the grid during the phases of (b1) pre-earthquake, (b2) acceleration, (b3) 

sliding stabilisation and (b4) recovery. 

 

Having the benefit of a complete EAL inventory, it is able to investigate the overall responding 

mechanism of EALs within the study area, rather than a single EAL as with previous studies. I 

calculated the 3-month mean velocity of all detected EALs and plotted in Figure 5.10a their 

averages together with the averaged GPM precipitation in the study area. The 3-month mean 
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velocity of each EAL was computed in the same way as in Figure 5.9 and then averaged across 

the whole study area, with the standard deviation calculated (grey error bars in Figure 5.10a). 

It can be seen that the average velocities before the earthquake sequence were low and their 

standard deviations were much smaller compared to their post-earthquake counterparts, 

suggesting a low spatial velocity variability among all EALs. After the earthquakes, the velocity 

began to increase, with each EAL having its own acceleration ratio, reflected by the large 

velocity standard deviation among all EALs. According to the change of velocities, I identified 

three distinct responding phases and plotted in Figures 5.10b2 to 5.10b4 respectively their 

velocity distributions using the same method as in Figures 5.7b and 5.7c but within the 

corresponding time periods. The three identified phases were 1) the acceleration phase, from 

January 2017 to March 2018, during which the average velocity was continuously increasing, 

implying that most EALs were experiencing substantial accelerations; 2) the stabilisation phase, 

from March 2018 to September 2019, during which the number of aftershocks was decreasing 

rapidly and the spatially averaged velocity of EALs became steady, implying a recession of the 

acceleration effect; 3) the recovery phase, from September 2019, during which the average 

velocity began to decrease, suggesting the effect of the earthquake was fading away. The fully 

accelerated velocities were unable to sustain at a high level for long and started to recover (at 

least partially) ~3 years after the earthquakes. 

 

The phenomenon of landslide recovery was also observed for other earthquakes (e.g., the 1999 

Chi-Chi earthquake (Hovius et al., 2011), the 2008 Wenchuan earthquake (Fan et al., 2018a) 

and the 2015 Gorkha earthquake (Kincey et al., 2021)) although in perspective of landslide rate 

that represents the potential for new post-seismic landslides or post-seismic 

reactivations/remobilizations (the other two types of ETLs differing from EALs) to occur, 

mostly with surface failures. These studies and my work appear to be complementary, and they 

both shed light, albeit from different perspectives, on the prolonged seismic legacy in 

landsliding and, more importantly, on the recovery of post-earthquake landslides. This inspires 

the idea that there may also be similarities in the recovery mechanisms. For the new post-

seismic landslide failures or remobilizations, the progressive decay of energy from aftershocks, 

closure of fractures due to the settlement of shaken rock, re-establishment of plant root networks, 

and erosive removal of debris and weakened materials will, over time, reduce landslide rates to 

background levels (Hovius and Meunier, 2012). But for the EALs, due to the slow-moving 

feature without mass failure or fractures, the plant root networks would not suffer from seismic 

damage and there would be no significant erosive removal of landslide materials after 

earthquakes. Therefore, the recession of aftershocks and the closure of earthquake-generated 
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microfractures could be responsible for the recovery of EALs. Indeed, the number of 

aftershocks in the phases of stabilization and recovery is significantly reduced as shown in 

Figure 5.10a. The attribution of the microfracture closure is also justified since the healing 

process of slow-moving landslides after earthquakes is associated with the re-compaction of 

the soil as microfractures close and grains re-cement together, which reflects a viscoelastic 

response of the soil (Bontemps et al., 2020). Such a healing process could be considerably slow. 

For example, the landslide activity after the 2008 Wenchuan earthquake took 10 years to enter 

the recovery period and required further 15 years to be completely stable (Chen et al., 2020). 

For EALs in this Central Italy earthquake sequence, their recovery seems to be faster. Until 

August 2020 (4 years after the earthquakes), the average velocity has already shown the trend 

of returning to the pre-earthquake level. However, the spatial variability of the velocity among 

EALs remains high, suggesting the existence of non-recovering or permanent earthquake-

induced effects.   

5.5 Discussion 

In Section 5.4.2, the different spatial distributions between coseismic landslides and EALs have 

been observed. In this section, I will evaluate in detail their differences in the perspective of a 

set of LCFs including seismic, lithological and topographic conditions, which are often 

regarded as crucial triggering factors.  

 

The first notable difference is their relationship with earthquake-induced ground motions as 

described by PGA and PGV. Noticing in Section 5.4.2 that EALs and coseismic landslides are 

distributed in different ground motion areas, I plotted in Figures 5.11a and 5.11b their density 

scatters against PGA and PGV, in which an opposite correlation is observed between these two 

types of ETLs. EALs tend to occur in the light-to-moderate ground shaking areas, whilst 

coseismic landslides tend to appear in areas with strong shaking. One potential explanation is 

that the ground shaking generated by the mainshocks was large enough to trigger the weak and 

unstable landslides close to the epicentres so that they had enough energy to collapse in a short 

period, but the earthquake-induced energy was relatively weak in the far field in which the 

landslides were only accelerated (relatively moderate) without immediate failures (i.e., 

becoming EALs). This was also observed by Saroli et al. (2021) who identified a previously 

unknown paleo-landslide in southern Italy which was triggered by light-to-moderate seismic 

shaking without a failure but accelerated in motion. 
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Figure 5.11 Seismic, lithological, and topographic statistics of earthquake-induced landslides. (a) and 

(b) plot the PGA-PGV density of EALs and coseismic landslides, respectively. (c) to (e) are histograms 

of lithology, positive openness and slope angles of coseismic landslides. (f) Rose diagram of aspect 

angles of coseismic landslides. 

 

Another difference between EALs and coseismic landslides is their composition. Figure 5.11c 

shows that the dominant lithology becomes limestones and clayey limestones (code 9) for 

coseismic landslides compared to sandstones and claystones (with limestones and evaporites) 

for EALs (Figure 5.6c). This can be explained by the vulnerability of different lithologies. Since 

clayey limestones are more fragile than sandstone/claystones in nature (Aksoy et al., 2011; Kim 

et al., 2012), landslides composed of more clayey limestones are more susceptible to failure 

during strong seismic ground shaking and develop into coseismic landslides. On the other hand, 

landslides with finer materials have a longer response time to seismic-induced pore pressure 
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changes and could be more easily to develop into EALs subject to a delayed but long-lasting 

post-earthquake effect. 

 

The topographic effect also differs for EALs and coseismic landslides. Comparing Figure 5.6e 

and Figure 5.11d, it can be seen that the preferential positive openness of coseismic landslides 

is lower than EALs (75 compared to 80). But their slope angles (Figure 5.11e) tend to be higher 

than EALs, suggesting that the failure of coseismic landslides relied more on steep slopes rather 

than EALs. I further visualize the aspect angles of coseismic landslides in Figure 5.11f. 

Compared to EALs (Figure 5.8b), there are fewer coseismic landslides along the strike direction 

of the seismogenic faults (i.e., the SSE direction, perpendicular to the direction of the fault slip 

ruptures). Therefore, in the study area, landslides with an aspect close to the strike of the 

seismogenic faults are more likely to experience acceleration in motion rather than immediate 

collapse during the earthquakes. 

5.6 Summary 

This chapter provides a solution to automatically identify landslide risk areas and statistically 

characterise landslide motion based on long-term continuous InSAR observations. In this 

solution, a new InSAR-based landslide detection method was proposed and applied to create 

the first complete EAL inventory of the 2016-2017 Central Italy earthquake sequence. I first 

processed six years of Sentinel-1 data in both descending and ascending modes from October 

2014 to August 2020 to generate displacement time series. The time series was validated epoch-

by-epoch against GPS displacements, showing an RMS difference of about 7 mm. Then pre- 

and post-earthquake velocity fields were estimated respectively, with a local spatial filter 

applied to reduce spatially correlated errors and post-seismic effects. Based on the filtered post-

earthquake velocity field, I identified moving pixels using the MCD method and then 

automatically clustered them into landslide bodies using DBSCAN. Finally, among these active 

landslide candidates, I classified those with sufficient velocity changes before and after the 

earthquakes (defined as the acceleration ratio) as EALs and those with negligible velocity 

changes as non-EALs. As InSAR can only detect active landslides, I further identified another 

set of non-EALs that were inactive both before and after the earthquakes using the IFFI 

inventory, given that their boundaries would not change significantly during the study period.  

 

Based on the detected EAL and non-EAL inventories, I used the IG method to statistically 

analyse the spatial correlation between the occurrence of post-earthquake landslide acceleration 

and 15 commonly used LCFs and thereby investigate the acceleration triggering mechanism. 
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Results show that the landslide size exerts the most prominent effect in determining the 

occurrence of EALs, with larger landslides being more likely to accelerate than smaller ones. 

This conforms to the inverse relationship between landslide size and strength. The other three 

LCFs with prominent effects are lithology, pre-earthquake velocity and terrain positive 

openness, with more EALs showing sandstones/claystones lithology, less pre-earthquake 

activity and higher surface convexity. In addition, PGA/PGV and slope/aspect angles had 

moderate effects on EALs, where more EALs have a slope of 10 to 20 degrees oriented parallel 

to the fault and are located in areas with light-to-moderate ground shaking.  

 

Apart from the notable acceleration induced by the earthquakes as discussed above, I also found 

that after the earthquakes EALs were more responsive to precipitation than before with enlarged 

seasonal variations coinciding with precipitation. Based on the time series of the 3-month 

average velocity of EALs, I further identified three post-earthquake velocity evolution phases 

of EALs, i.e., the acceleration, stabilisation and recovery phases, each with distinctive velocity 

features. The acceleration phase lasted from January 2017 to March 2018, characterized by a 

steadily increasing velocity. The stabilisation phase started in March 2018 as the seismic effect 

faded and the average velocity of EALs was relatively steady. Then the recovery phase started 

in September 2019 when the overall linear velocity of EALs began to decrease, showing a trend 

of recovering to the pre-earthquake state.  

 

The differences between EALs and coseismic landslides in respect of seismic-induced ground 

shaking, lithology and topographic features were also discussed. EALs and coseismic landslides 

are correlated to seismic ground shaking in an opposite way, where EALs tended to occur in 

light-to-moderate shaking areas whereas coseismic landslides occurred mostly in strong 

shaking areas. One explanation is that, as opposed to areas close to the epicentre, the energy 

resulting from light-to-moderate ground shaking was insufficient to fully make the landslides 

collapse but instead induced them as EALs. The preferred composition of EALs and coseismic 

landslides were sandstones/claystones and limestones/clayey limestones, respectively, 

confirming the fragility of the latter lithology. In terms of topographic features, coseismic 

landslides had higher slope angles but lower positive openness than EALs. Most EALs had 

fault-parallel aspect angles whereas coseismic landslides consisted of considerable fault-

perpendicular aspect angles, suggesting the different directivity effects of seismic energy 

propagation on these two types of landslides. 
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This work opens new perspectives for the study of earthquake-induced landslides. Unlike 

previous studies focusing on collapsed coseismic landslides, this study revealed the earthquake-

induced landslide acceleration over a large spatial scale, by establishing an EAL inventory of 

large earthquakes for the first time. Such an EAL inventory can help to better analyse the long-

term landslide behaviours in response to earthquakes, which complements a more complete 

picture of earthquake-induced landslide risks (including both coseismic landslide failures and 

postseismic landslide dynamics). Therefore, this study may have important implications for 

landslide risk assessment and management in seismically active areas. 
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Chapter 6. Conclusions 

In this thesis, two typical geohazards, earthquakes and landslides, were studied using satellite 

radar observations. They both occur frequently on a global scale and are interrelated in the sense 

that landslides can be triggered by earthquakes. To understand their mechanisms and assess 

their risks, this thesis used advanced SAR/InSAR techniques that can be performed in 

differential or time series to process satellite radar observations and then study the coseismic 

slips of earthquakes (transient deformation) and the temporal evolution of slow-moving 

landslides (long-term deformation). The deformation monitoring and characterisation solutions 

proposed in this thesis can also be used to investigate other geohazards such as volcano 

activities, land subsidence and glacial motions. 

6.1 Contributions of this thesis 

This thesis addressed the following three challenges introduced in Section 1.5 when only using 

conventional InSAR to characterise the transient or long-term deformation of earthquakes and 

landslides: (1) the decorrelation problem of InSAR in mapping large transient coseismic 

deformation, (2) the lack of subsurface information in tracking long-term landslide motion and 

(3) the dependence on pre-defined velocity thresholds in InSAR-based landslide detection. In 

addition, one of the gaps in the detection of earthquake-induced landslides, i.e., the detection 

of earthquake accelerated landslides, was filled in this thesis based on long-term InSAR 

observations. Therefore, this thesis has the following four contributions. 

 

1. A solution to fully capture large transient coseismic deformation 

When using conventional InSAR to map large-gradient coseismic deformation fields, it often 

suffers from decorrelation due to the intense changes in ground reflection characteristics, which 

could be worse under heavy vegetation. Such deformation fields are difficult to be fully restored 

in the near field even using long-wavelength (L-band) SAR images with a small temporal 

baseline (see Section 3.2.4). Therefore, this thesis introduces multiple remote sensing 

techniques including InSAR, SAR pixel offset tracking and optical image offset tracking to 

provide unambiguous surface deformation measurements regardless of the magnitude of 

displacement gradients. 

 

This thesis presents in Chapter 3 the combination of Sentinel-1, Sentinel-2, ALOS-2 ScanSAR 

and ALOS-2 SM data to study the coseismic slips of the 2019 Mw 7.5 New Ireland earthquake. 

The contributions of the study are (1) highlighting the importance of combining multiple 



 108 

satellite observations to retrieve a complete coseismic deformation field when strong InSAR 

decorrelation occurs; (2) revealing the effectiveness of combining SAR and optical image offset 

measurements to determine surface traces of ruptured faults before coseismic modelling; (3) 

proposing an iterative weighting strategy based on the inversion residual RMS of each dataset 

to better balance the weights of multiple observations in coseismic modelling; and (4) providing 

a detailed slip model of this large earthquake and an early seismic risk assessment of its 

surrounding seismogenic environment. 

 

2. A solution to capture both the long-term surface deformation and subsurface 

information of landslides. 

Spaceborne InSAR is capable of measuring the long-term deformation of the landslide surface 

at high spatial and temporal resolutions. However, InSAR measurements cannot provide 

subsurface information such as the depth of sliding interfaces without strong assumptions as 

introduced in Section 4.1. Geophysical observations such as seismic noise measurements can 

be used to invert the landslide depth and are easier to carry out with a high spatial density than 

geotechnical measurements (e.g., borehole survey). Therefore, this thesis combines InSAR and 

seismic noise measurements to characterise both the long-term surface deformation and 

subsurface information of landslides. 

 

This thesis presents in Chapter 4 the combination of 5-year InSAR time series and 120 seismic 

noise measurements to study the landslide motion in Villa de la Independencia, Bolivia, rarely 

seen in previous studies. The contributions of the study are (1) demonstrating the feasibility of 

combining a dense network of seismic noise measurements with InSAR to investigate 

landslides with multi-surface sliding in three dimensions; (2) proposing a new InSAR-based 

geometric inversion method to determine the sliding geometry of landslides; (3) an accurate 

estimation of the volume of the Independencia landslide; and (4) a detailed assessment of 

landslide risk in Independencia by identifying periodic accelerations of landslide movement 

and their possible triggers. 

 

3. A new InSAR-based automated landslide detection method 

After capturing long-term surface deformation by InSAR, how to automatically identify 

deforming areas with landslide risks over a large spatial scale is another key issue. As 

introduced in Section 5.1, most InSAR-based landslide detection methods depend on an 

empirical velocity threshold to define moving pixels, but this may lack generality as the 
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knowledge of the background deformation level is typically unknown. Also, those threshold-

based detection methods ignore the spatial correlation among pixels inside a landslide and are 

prone to be disturbed by discrete noise pixels. Therefore, this thesis develops an InSAR-based 

automated landslide detection method with anti-noise capability and without the requirement 

of an empirical velocity threshold. 

 

This detection method includes two main steps: adaptive identification of moving pixels on 

InSAR velocity maps using the Minimum Covariance Determinant (MCD) algorithm and 

automatic spatial clustering of moving pixels into intact landslide bodies using the Density-

Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm. These two 

algorithms have not been jointly used in InSAR and landslide detection fields before. Note that 

this InSAR-based detection method not only contributes to the landslide study but can also be 

used to identify other geohazards (e.g., land subsidence), as long as a velocity field is available. 

 

4. First systematic detection and characterisation of earthquake accelerated landslides 

Previous studies on earthquake-triggered landslides (ETLs) mainly focused on coseismic 

landslides that collapse during or within a short period after an earthquake. Earthquake 

accelerated landslides (EALs) that have not failed but accelerated for a long period since the 

earthquake are usually ignored due to their insignificant ground changes, but they can generate 

continuous damage to the ground and may develop into catastrophic failures in the future. 

Therefore, the detection of EALs is essential for long-term landslide risk assessment. 

 

This thesis presents in Chapter 5 the first systematic detection and characterisation of EALs in 

Central Italy after the 2016-2017 earthquake sequence using the newly proposed InSAR-based 

landslide detection and spatiotemporal analysis methods. The contributions of the study are (1) 

the creation of a complete EAL inventory for the first time; (2) the revelation of prominent 

conditioning factors of postseismic landslide acceleration; (3) the discovery of three EAL 

postseismic phases, i.e., the acceleration, stabilisation and recovery phases; (4) the revelation 

of different seismic response of EALs and coseismic landslides; (5) providing a new perspective 

for studying a complete picture of earthquake-induced landslide risks. 

6.2 Future works 

Future works will focus on exploring wider applications of satellite radar observations in the 

monitoring of geohazards (including earthquakes and landslides) using SAR offset tracking and 

InSAR time series techniques.  
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On the basis of SAR offset tracking, this thesis has successfully monitored a fast-moving 

landslide and two large-magnitude earthquakes as shown in Section 2.3 and Chapter 3. 

However, these applications are all in a differential sense which means only deformation 

between two SAR acquisition dates is observed. Future studies will explore the time series 

technique of SAR offset tracking to perform continuous monitoring on large deformation and 

then apply it to detect fast-moving landslides on a large spatial scale rather than only 

investigating a single landslide (e.g, Li et al., 2019).  

 

On the basis of the InSAR time series, this thesis has successfully monitored a complex 

landslide in Bolivia and detected a large number of landslides induced by the 2016 Central Italy 

earthquake sequence, as shown in Chapters 4 and 5. Future studies will develop EAL 

inventories for more strong earthquakes with far-reaching effects, such as the 2008 Mw 7.9 

Wenchuan earthquake and the 2015 Mw 7.8 Nepal earthquake. These earthquakes usually have 

coseismic landslide inventories (e.g., Chigira et al., 2010; Roback et al., 2018) but lack EAL 

inventories for complete long-term landslide risk assessment. In addition to landslide studies, 

InSAR time series will also be applied to earthquake studies, such as the investigation of the 

postseismic deformation of the 2019 New Ireland earthquake. A high-resolution time series 

analysis of the earthquake cycle will enable a more complete understanding of the earthquake 

mechanism and a better assessment of the future seismic risk on local faults. 

 

Future works will also include the application of the latest satellite radar observations from 

future SAR missions such as NISAR. The major SAR data used in this thesis are from Sentinel-

1 which is a revolutionary SAR satellite due to its continuous global acquisitions since 2014 

and free offer of data. However, Sentinel-1 is limited by its use in vegetated areas or in the case 

of large deformation as discussed in Chapter 3. L-band SAR is more advantageous in such 

application scenarios. Therefore, in the next few years, NISAR that will be launched in 2023 

and freely provide L-band SAR imagery will open a new perspective for InSAR, and its 

application in the monitoring of earthquakes and landslides will be promising. 
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