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Abstract

Triggered landslides pose a major risk following large earthquakes in moun-
tainous areas and disrupt emergency response efforts. If information on the
spatial distribution of these landslides can be generated quickly enough, it
is therefore invaluable to emergency response coordinators. At present, this
information is commonly generated manually from optical satellite imagery,
which is labour-intensive and can be delayed or left incomplete due to cloud
cover. This means a complete picture of triggered landsliding is often unavail-
able within the time frame of the emergency response. Alternatively, empirical
models can predict landslide probability based on factors such as shaking in-
tensity and slope steepness within hours of an earthquake, but these models
are static in time and not always reliable as they do not contain any observa-
tions of landslides.

Satellite radar offers a third alternative method of generating landslide in-
formation for emergency response. These data can be acquired through cloud
and are now available within days of any continental earthquake. Radar data
are sensitive to landslides, which alter the scattering properties of the Earth’s
surface, so could be used to generate all-weather information on landslide
spatial distributions within days of an earthquake. Satellite radar data are
routinely used to generate other products for emergency response, but for
landslide detection, the testing and development of radar methods is not yet
sufficiently advanced for them to be widely applied. In this thesis, I present
new methods of landslide detection based on satellite radar coherence, a meas-
ure of the level of noise in an interferogram that reflects physical changes in
the Earth’s surface such as landslides. I carry out systematic testing of new
and existing methods of coherence-based landslide detection across four case
study earthquakes using data from two satellite radar sensors, allowing iden-
tification of which method is preferable depending on the data available after
an earthquake. Finally I experiment with combining empirical models and
radar coherence methods. Overall, I demonstrate that useful information on
landslide intensity can be generated within two weeks of an earthquake using
satellite radar data, and that the addition of these data to empirical models
can significantly improve their performance.

Supervisors: Richard Walters, David Milledge, Alexander Densmore and Dino Bellugi
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Chapter 1
Introduction

Triggered landslides following an earthquake disrupt emergency response efforts
and have been shown to pose the highest risk to life of all secondary earthquake
hazards (Marano et al., 2010). Landslides triggered by a single large earthquake can
result in tens of thousands of fatalities. According to the dataset of Nowicki Jessee
et al. (2020), there have been over 200,000 recorded fatalities due to earthquake
triggered landslides between 1811 and 2016 (Figure 1.1). Triggered landslides also
obstruct the emergency response to the earthquake and isolate remote communities
through damage to power, communication and transportation infrastructure and
can lead to further hazards such as dam-outburst floods (Cui et al., 2009; Global
Logistics Cluster, 2015). Landslide inventories are thus compiled for two main
reasons: first to inform the emergency response following the event (e.g. Kargel
et al., 2016; Bessette-Kirton et al., 2019); and second to further our understanding
of the physical slope failure processes that cause the landslides (e.g. Ferrario, 2019;
Roback et al., 2018), informing risk assessment and susceptibility maps for future
events.

1.1 Uses of landslide datasets and their information
requirements

When generating landslide information either for emergency response or for re-
search, the completeness and accuracy of the dataset are two of the most important
considerations; however, beyond this, the two purposes have very different inform-
ation requirements. Figure 1.2 shows an example of a landslide dataset compiled
for research purposes following the Mw 7.0 2016 Kumamoto, Japan earthquake (Xu
et al., 2018) and one compiled for emergency response following Hurricane Maria
in Puerto-Rico (Bessette-Kirton et al., 2019). Both were generated using optical

1



1.1. Uses of landslide datasets and their information requirements

Figure 1.1: Global map of earthquake-triggered landslide fatalities recorded between
1811-2016 (from Nowicki Jessee et al., 2020, Open and closed symbols represent whether
or not the event was used in the modelling of that study.). Reproduced with permission
from: Springer, Landslides, "A global dataset and model of earthquake-induced landslide
fatalities" Nowicki-Jessee et al. c© Springer-Verlag 2020

satellite imagery, but the end products are very different: individual landslide poly-
gons were mapped by Xu et al. (2018), while Bessette-Kirton et al. (2019) have
produced a map of gridded landslide density.

Detailed landslide inventories can be used for a wide range of research purposes.
These include physical and empirical modelling of landslide hazard (e.g. Chang
et al., 2007; Nowicki Jessee et al., 2018; Scaringi et al., 2018); estimations of sed-
iment transport volumes associated with landslides (e.g. Li et al., 2016), which
can affect geochemical cycles (Frith et al., 2018) and long-term landscape evolu-
tion (Li et al., 2014). For all of these applications, landslide inventories must be
compiled in great detail, with landslides recorded as polygons (Harp et al., 2011).
Care must be taken to avoid merging two adjacent landslides into a single event, as
this would distort any empirical models generated from the inventory (Marc and
Hovius, 2015). Information on the area and shape of each landslide is important,
and in some cases, the source area and runout area of the landslides are recorded
separately (e.g. Roback et al., 2018).

In an emergency response context, information on landslides following an earth-
quake is used to improve resource allocation. The speed at which the information
is generated is therefore critical, as it must be available during the decision making
process in order to be of use. As a guideline, for the data to be useful, they must
be generated within two weeks of an event, and ideally an overview of the most
severely impacted areas should be generated within 72 hours (Williams et al., 2018;
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1.1. Uses of landslide datasets and their information requirements

Figure 1.2: A comparison of landslide information types generated for two different
purposes. (a,b) Polygon landslide inventory compiled for research following the 2016
Kumamoto earthquake (Reproduced with permission from: Springer, Nature, "Landslides
triggered by the 2016 Mj 7.3 Kumamoto, Japan, earthquake", Chong Xu et al c© Springer-
Verlag 2017). (c) Gridded landslide information generated for emergency response in Pu-
erto Rico following Hurricane Maria (reproduced from Bessette-Kirton et al., 2017, public
domain)

Inter-Agency Standing Committee, 2015). Information on landslides generated in
the first few days after an earthquake can be used to inform search and rescue
efforts. It can also be used in conjunction with road maps to identify blocked
routes (e.g. Robinson et al., 2018). This is important since damaged roads can
limit access to hospitals for people injured in the earthquake, reducing their chance
of survival (Fiedrich et al., 2000). Following this stage, landslide information can
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be used to assess and mitigate against possible associated hazards. For example,
it was expected that landslides triggered by the 2015 Gorkha, Nepal earthquake
could reactivate during the monsoon season, which began around six weeks later,
causing further damage (Datta et al., 2018). Information on landslides following
this event was also used to guide flight routes for aerial investigation of potential
landslide dams, which can lead to flash flooding (Collins and Jibson, 2015). On
a longer timescale, landslide information is also used to guide rehabilitation both
during the emergency response, for example in the case of repairs to critical road
networks, and afterwards during the recovery phase of the response as decisions
are made on where to rebuild infrastructure (Huang et al., 2012).

The range of uses of landslide information following an earthquake means that
the information requirements thus evolve significantly throughout the emergency
response. In the initial phases, the level of detail and precision of the landslide in-
formation is less important than the speed at which it can be generated. Currently
landslide information during this period takes the form either of points (e.g. Kargel
et al., 2016), as polylines (e.g. Williams et al., 2018) or as landslide density (e.g.
Bessette-Kirton et al., 2019, Fig. 1.2c ) or probability (e.g. Nowicki Jessee et al.,
2018). Simplicity is also important at these early stages, as it is likely that non-
experts will need to interpret the data quickly. In the later stages of earthquake
response, when landslide information is used to guide rehabilitation, more precise
information is needed on exactly where landslides occurred and their runout areas.

1.2 Methods of generating landslide information

When landslides are triggered across a wide area, it is not practical to carry out
field investigations across the entire region. What is needed instead are methods
for generating landslide information at a much larger scale. For this large-scale
generation of landslide information, three main approaches exist. The most widely
used is manual mapping with optical satellite imagery, which is done for both
emergency response and research purposes. The second method is to use empirical
models of landslide likelihood, which can generate information on the predicted
spatial distribution of landslides within hours of a trigger event for emergency
response purposes. Finally, the use of satellite radar data in landslide detection
has emerged recently as a third alternative. In this thesis, I focus on satellite
radar methods of landslide detection, but will also consider the advantages and
disadvantages of optical mapping and empirical models.
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1.2.1. Generation of landslide information with optical satellite imagery

1.2.1 Generation of landslide information with optical satellite
imagery

The majority of landslide inventories are compiled using optical or multispectral
satellite imagery (e.g. Bessette-Kirton et al., 2019; Ferrario, 2019; Kargel et al.,
2016; Roback et al., 2018; Xu et al., 2018; Zhang et al., 2019). One advantage
of using these data is their high spatial resolution, which allows identification of
small landslides, precise information on landslide area and distinction between
adjacent landslides. For example Ferrario (2019) uses Sentinel-2 (10 m resolution)
and Planetscope (3 m resolution) satellite imagery to map landslides as small as
200 m2. These data also allow landslides to be mapped with a high level of accuracy
in comparison to empirical modelling. A third advantage of optical satellite data
is that the process of manually identifying landslides in this kind of imagery is
relatively easy to learn, allowing teams of mappers to work together following an
earthquake, (e.g. Kargel et al., 2016; Williams et al., 2018). Despite this, manual
mapping using optical satellite imagery is a time consuming and therefore expensive
process. For landslide mapping in vegetated regions, automated methods based on
the Normalised Difference Vegetation Index (NDVI) can be used to detect areas
where landslides have removed vegetation, which can speed up the mapping process,
although there is a tendency to incorrectly identify other objects, such as roads,
as landslides (e.g. Behling et al., 2014; Borghuis et al., 2007; Deijns et al., 2020).
However, there is another problem with using optical satellite imagery, which is
insurmountable for landslide mapping: cloud cover.

Cloud cover can render optical satellite imagery unusable for landslide mapping by
obscuring the Earth’s surface. When generating landslide inventories for research
purposes, this is not always a problem as it may be acceptable to wait several weeks
following an earthquake before starting to map the landslides. However if multiple
triggering events occur in succession, which is fairly common, it becomes difficult
to assign landslides to one event or another if no cloud-free imagery is acquired
between the events. For example, the inventory of 24,915 landslides manually
compiled by Roback et al. (2018) following the 2015 Mw 7.8 Gorkha, Nepal earth-
quake contains 3,349 that were mapped using imagery acquired after the Mw 7.2
aftershock, which occurred 17 days following the mainshock, and 1,752 mapped
from imagery that was not acquired until after the monsoon around five months
later. Mapping the same event, Martha et al. (2017) attributed 213 of their 15,551
mapped landslides to the Mw 7.2 aftershock rather than to the mainshock. In the
inventory of Ferrario (2019) of landslides triggered by the 2018 Lombok, Indonesia
earthquake sequence, no usable optical imagery was acquired between the first two
Mw > 6.0 earthquakes in the sequence. This lack of precise timing information is

5



1.2.1. Generation of landslide information with optical satellite imagery

Figure 1.3: Population likely to be impacted by earthquakes (colour). Areas where
satellite imagery is likely to obscured by cloud cover for at least 3 consecutive days for < 1
month in a year overlain in grey and areas > 1 month left bright. (Reproduced from from
Robinson et al., 2019, under creative commons licence c© 2019, Springer Nature)

a significant problem for rainfall triggered landslides. For example it is generally
not possible to map landslides triggered by the monsoon in Nepal, which lasts for
several months, until the end of the monsoon (Dahlquist and West, 2019; Marc
et al., 2019).

For emergency response, cloud cover can significantly disrupt the process of gen-
erating landslide information, resulting in incomplete information being available
during the early decision-making stages of the emergency response (The British
Geological Survey, 2016; Williams et al., 2018). The Mw 7.8 2015 Gorkha, Nepal
earthquake illustrated this problem. The earthquake triggered around 25,000 land-
slides across an area of hundreds of kilometres (Roback et al., 2018), and, although
it occurred during Nepal’s dry season, the disruption due to cloud cover was signi-
ficant, with no landslide information available during the first 72 hours due to heavy
cloud cover for the first seven days following the earthquake, and significant areas
not imaged within two weeks. Robinson et al. (2019) demonstrated that this lack
of cloud-free optical imagery would have been even more acute for an earthquake
occurring in Nepal during the monsoon season, with some of the most mountain-
ous areas of the country unlikely to be successfully imaged once between June and
September. Figure 1.3 shows the coincidence of areas likely to be obscured by
cloud and areas likely to be impacted by earthquakes, demonstrating that this is
a severe problem across large areas of South-east Asia, northern South America
and Central America, areas that are also disproportionately affected by landslides
triggered by factors other than earthquakes (Petley, 2012). Therefore optical im-
agery is not a reliable source of landslide information for emergency response, as
it is too dependent on weather conditions.
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Figure 1.4: A global empirical model of the 2008 Mw 7.9 Wenchuan Earthquake based
on peak ground velocity (PGV), slope, lithology, land cover and compound topographic
index (CTI) (reproduced from Nowicki Jessee et al., 2018, c© 2018 American Geophysical
Union)

1.2.2 Generation of landslide information with empirical models

In the absence of optical satellite imagery, empirical models can be used to estimate
areas where landslides are likely to have occurred based on predisposing factors such
as slope and lithology, and some measurement or estimate of the triggering mech-
anism, such as earthquake shaking data (e.g. Kritikos et al., 2015; Nowicki Jessee
et al., 2018; Robinson et al., 2017) or rainfall data (e.g. Kirschbaum and Stanley,
2018). An example of such a model and the input datasets used to produce it is
shown in Figure 1.4.

Predictions from these models can be made available within hours of an earthquake
or rainfall event anywhere on Earth, which is a major advantage in emergency
response. Generally they are generated at a relatively low resolution (e.g. 1 km2 in
the case of Kirschbaum and Stanley (2018) and Nowicki Jessee et al. (2018)) and
can be combined with maps of road networks and rivers, to identify where these
are likely to have been blocked (Robinson et al., 2018).

These models are thus an invaluable tool in emergency response. However, in some
situations, they do not perform well. For example in the case of the 2018 Hokkaido
earthquake, the extent of the triggered landslides is thought to be the result both
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Available 4hrs 
after earthquake

Available 6 days 
after earthquake

Figure 1.5: Two versions of the USGS ground failure product for an Mw 6.6 earthquake
that occurred on 18 August 2020 in the Phillippines downloaded 4 hours and 6 days after
the earthquake (Nowicki Jessee et al., 2018, downloaded from https://earthquake.usgs.
gov/earthquakes). White star shows earthquake epicentre.

of the earthquake, and heavy rainfall in the month before the earthquake (Zhang
et al., 2019), and none of these models incorporate both rainfall and earthquake
data. For landslides triggered by the 2018 Mw > 6.0 2018 earthquake sequence in
Lombok, Indonesia, it was noted that the extent of the landslides triggered late in
the sequence was underestimated by the United States Geological Survey (USGS)
ground failure model of Nowicki Jessee et al. (2018), which may indicate that these
models do not perform well for complex sequences of earthquakes (Ferrario, 2019).

Another problem that has been observed when applying these models to earthquake-
triggered landslides, is that the USGS ShakeMap estimates for an earthquake evolve
following the earthquake as more more data, for example ground deformation meas-
urements from satellite radar, become available and the earthquake source model
is updated accordingly. The version of the shaking data used can have a significant
effect on the quality of the landslide prediction, with models available immediately
following the earthquake performing worse than those generated using later ver-
sions of the ShakeMap input (Allstadt et al., 2018; Thompson et al., 2020). As an
example of this, Figure 1.5 shows two versions of the USGS ground failure product
available 4 hours and 6 days after a recent Mw 6.6 earthquake that occurred on 18
August 2020 in the Phillippines. In the case of rainfall-triggered landslide models
such as that of Kirschbaum and Stanley (2018), the performance of the model is
strongly dependent on the rainfall dataset used, as well as the landslide type and
rainfall intensity (Jia et al., 2020; Kirschbaum and Stanley, 2018).

The fundamental limitation to using empirical models of landslide susceptibility
is that no data are supplied to the model containing direct observations of the
landslides. This hampers model performance for complicated events, and limits
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1.2.3. Generation of landslide information from SAR data

them to producing a single prediction of a landslide event that may in reality
evolve through time, or be influenced by previous earthquakes or rainfall.

1.2.3 Generation of landslide information from SAR data

For landslide detection, synthetic aperture radar (SAR) imagery has a significant
advantage over optical satellite imagery, as data can be acquired through cloud,
and so are more reliably available following an earthquake. Recently, the num-
ber of satellites collecting SAR data has greatly increased. The European Space
Agency (ESA) Sentinel-1 constellation acquires SAR imagery continually and glob-
ally on two tracks with a 12-day repeat time (6 in Europe), providing open ac-
cess SAR data regularly across the world. The planned NiSAR constellation, a
joint project from NASA and the Indian Space Research Organisation (ISRO)
due to launch in 2022, will have a similar acquisition strategy (Sharma, 2019).
Between the Sentinel-1 satellite constellation, and other constellations whose ac-
quisitions are targeted at earthquake disaster response such as the Japanese Space
Agency (JAXA)’s Advanced Land Observing Satellite 2 (ALOS-2) constellation,
SAR imagery is now available within days of an earthquake anywhere on Earth.

Techniques such as differential Interferometric SAR (InSAR), in which ground de-
formation measurements are obtained from pairs of SAR images (See Chapter 2
for more detail) or persistant scatterer InSAR, in which the movement of stable
reflectors is tracked through a time series of SAR images, have been widely applied
to slow-moving landslides (Bekaert et al., 2020; Bonì et al., 2018; Hu et al., 2019;
Mulas et al., 2016; Rosi et al., 2018; Shi et al., 2020; Solari et al., 2020). InSAR
has been used to identify locations where the ground is moving in landslide-prone
regions (e.g. Shi et al., 2020), to update inventories of slow-moving landslides and
assess whether they are active (e.g. Bonì et al., 2018; Rosi et al., 2018) and to
monitor individual, large, slow-moving landslides (e.g. Hu et al., 2019; Mulas et al.,
2016). Such studies are invaluable in assessing the risk associated with slow-moving
landslides. However, they cannot be applied in the case of a landslide that moves
more than a few cm between SAR acquisitions and so are unsuitable for use in
rapid landslide detection.

Recently, work has begun to develop methods of applying SAR data to the auto-
matic detection of earthquake-triggered landslides. These methods could allow
generation of landslide information within days of an earthquake. Landslides al-
ter the scattering properties of the Earth’s surface, resulting in a change in the
amplitude and coherence (signal-to-noise ratio) of SAR imagery. In the aftermath
the 2015 Gorkha earthquake, using an SAR-coherence-based algorithm designed
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to detect building damage associated with an earthquake, Yun et al. (2015) also
found they were able to detect the Langtang Valley landslide, an exceptionally large
landslide triggered during the earthquake. Since then, various landslide-detection
methods have been proposed based on SAR amplitude (e.g. Mondini et al., 2019;
Konishi and Suga, 2018, 2019), coherence (Olen and Bookhagen, 2018; Yun et al.,
2015), or on a combination of these (e.g. Aimaiti et al., 2019; Ge et al., 2019; Jung
and Yun, 2019).

SAR data are routinely used in other rapid response situations, for example in
flood mapping or in the production of interferograms to map ground deformation
after an earthquake or during an episode of volcanic unrest (Funning et al., 2005;
Martinis et al., 2015; Meyer et al., 2015; NASA, 2018). NASA’s ARIA project uses
SAR to produce damage proxy maps in urban areas following earthquakes, cyclones
or wildfires. These applications demonstrate that SAR products can be generated
and used for emergency response. SAR methods show considerable promise in
landslide detection for emergency response, however as work on their reliability is
still being carried out, SAR is not yet widely used to generate information on rapid
landslides.

1.3 Thesis Overview

In this thesis, I will focus on developing SAR coherence methods for earthquake-
triggered landslide detection, focussing on emergency response applications. Al-
though some work has been carried out in this area, there are several unanswered
questions, which I will attempt to answer in this work.

First, the majority of studies that use SAR coherence for landslide detection rely
on the decrease in coherence through time caused by a landslide (e.g. Aimaiti
et al., 2019; Jung and Yun, 2019; Yun et al., 2015). This method was originally
developed for use in building damage detection (Fielding et al., 2005; Yun et al.,
2015), raising the question of whether this could be improved on in the case of
landslides. I address this in Chapter 3, where I present a method specifically
designed for landslide detection and demonstrate that this outperforms existing
methods when using Sentinel-1 SAR data of the Mw 7.8 2015 Gorkha earthquake.
In Chapter 4, I also present some simpler methods which use additional post-event
SAR imagery and can also offer an improvement in landslide detection.

Second, although several studies have been published using SAR methods for land-
slide detection, all of them use only data from a single SAR sensor to predict a
single trigger event. Therefore, there is currently little understanding of how easily
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methods can be transferred between events, and whether there is an advantage to
using different methods when different SAR data are available. In Chapter 4, I test
the performance of five different SAR coherence methods using imagery from two
SAR systems of four case study events.

Finally, both the empirical models described in Section 1.2.2 and SAR methods of
landslide detection represent an alternative to optical satellite imagery that allow
information on landslides to be generated rapidly following an earthquake. There-
fore, it would be useful to know which of these options is better, or whether it is
better to combine these products by using SAR data acquired after an earthquake
as an additional input alongside static predictors of landslide likelihood such as
topographic slope and lithology. In Chapter 5, I use Random Forest regression to
model landslide areal density, and demonstrate that using SAR data as an addi-
tional input offers improved landslide detection ability over the original empirical
model and SAR methods individually.

The thesis is therefore structured as follows. In Chapter 2, I provide an introduc-
tion to SAR and particularly SAR coherence. I also give details on the data and
processing steps used to generate the results presented in the chapters that follow.
In Chapter 3, I present a new method of landslide detection using SAR coherence
using the Mw 7.8 2015 Gorkha, Nepal earthquake as a case study. In Chapter 4, I
present the results of a systematic investigation into the application of SAR coher-
ence methods to four case study event using different SAR datasets. In Chapter 5, I
integrate SAR coherence methods with empirical predictors of landslide likelihood
such as slope steepness and ground shaking using Random Forests. The locations
of the case studies used in Chapters 3, 4 and 5 are shown in Figure 1.6. Finally
in Chapter 6, I discuss the results of the thesis in a wider context, considering
planned SAR satellite constellations and suggesting possible further applications
of the results presented in this thesis.
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Ch. 4,5

Ch. 4,5

Ch. 3,4,5

Figure 1.6: Case study locations (orange circles) labelled with the chapters (Ch) of this
thesis that they feature in.

12



Chapter 2
Methods

While the acquisition of SAR imagery through cloud gives it an advantage over
optical satellite imagery, it is also considerably more complicated to process and
interpret than optical satellite imagery. In this chapter, I provide a brief overview
of the theory behind SAR, and the data and processing steps I used to obtain the
results shown in Chapters 3, 4 and 5. For a more detailed description of SAR theory
see Hanssen (2001). I conclude this chapter with details on how SAR coherence can
be interpreted, particularly with respect to landslides, followed by a short review
of applications of SAR methods to rapid landslide detection.

2.1 Theory

A SAR satellite system actively illuminates the Earth’s surface with a pulse of
microwave radiation and records the backscattered coherent signal as complex data
describing its amplitude and phase φ (Figure 2.1; Hanssen, 2001). The ’synthetic
aperture’ refers to the artificial increasing of the aperture window size, which allows
the azimuthal resolution of the acquired data to be increased without the satellite
having to carry a larger sensor (described in Chen et al., 2000).

Any changes to the range R0 between the ground and satellite will result in a
change in φ. Thus the phase change between two SAR images ∆φ can be used to
measure the change in range ∆R. In the case where the microwave pulse is emitted
and recorded by the same sensor, this relationship is described by Equation 2.1,
where λ is the microwave wavelength (Chen et al., 2000).

∆φ = 4π∆R
λ

(2.1)
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Figure 2.1: Visualising the amplitude and phase of a wave in (a) phase, amplitude space
and (b) real, imaginary space. In (a) and (b), an example signal is shown in red, its
amplitude in purple and phase in green, with the real component of the wave shown in
pink.

The measured ∆φ is obtained from the complex multiplication of two SAR images,
one of which has been resampled onto the geometry of the other. The complex
representations of two SAR images A and B are given by equations 2.2 and 2.3
(Hanssen, 2001), where j =

√
−1, and |A| is the absolute value of A.

A = |A|ejφA (2.2)

B = |B|ejφB (2.3)

An interferogram C can then be formed from the complex multiplication of A and
B according to Equation 2.4, where the overline indicates the complex conjugate
(Hanssen, 2001).

C = AB = |A||B|ej(φA−φB) (2.4)

From this, ∆φ = φA − φB can be extracted and used to obtain ∆R.

∆φ can be influenced by several factors, and so can be broken down into different
components (Equation 2.5; Hoen and Zebker, 2000).

∆φ = ∆φtopography + ∆φdeformation + ∆φorbit + ∆φatmospheric + ∆φnoise (2.5)

The first three of these are a direct result of ∆R according to Equation 2.1. ∆R
can be the result of either ground deformation (Figure 2.2a), orbital difference or
due to topographic effects in the case when the perpendicular baseline (the dis-
tance between the acquisition locations of the two satellites defined perpendicular
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Figure 2.2: (a) Differential Interferometric SAR. Difference in Range ∆R arising from
ground surface deformation due to an earthquake. (b) Across-track SAR (based on Moreira
et al., 2013). The difference in ∆R arising from a height change ∆h across a landscape
when a pixel is imaged twice from different locations separated by a perpendicular baseline
Bperp.

to orbit direction) is non-zero (Figure 2.2b). ∆φatmospheric arises from changes in
atmospheric conditions in the troposphere and ionosphere between image acquis-
itions. Since these disturbances tend to occur on spatial scales much larger than
the scale at which coherence is estimated, they are of little concern here, but are
important when InSAR is used in ground deformation studies. Sources of ∆φnoise
are covered in detail in Section 2.4, as this contribution to phase change can arise
from, among many other things, landslides and so is the focus of this study.

If two SAR images are acquired with the same geometry at different times, then
∆φtopography = ∆φorbital = 0, and after correcting for ∆φatmospheric, ∆φdeformation
can be used to map ground surface movements in the line of sight direction (Rosen
et al., 2000; Hanssen, 2001). This technique is known as differential InSAR, and the
SAR data and processing methods I use in this thesis were intended for this InSAR
technique. In reality, this identical acquisition geometry cannot be achieved and
so it is necessary to correct for ∆φtopography and ∆φorbital. Alternatively, two SAR
images acquired at different geometries at the same time can be used to generate
a digital elevation model (DEM) in a process known as across-track interferometry
(e.g. Farr et al., 2007; Zink et al., 2008). As the two images are acquired simul-
taneously, ∆φdeformation = 0 and any phase delay due to atmospheric effects is
approximately the same for both images, so that ∆φatmosphere ∼ 0. The sensitivity
of ∆φtopography to height ∆h is determined by the range R0, local incidence angle
θi, and the perpendicular baseline Bperp (Equation 2.6; Moreira et al., 2013).

∆φ = 4πBperp
λR0sinθi

∆h (2.6)
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2.1.1 Pixel resolution and spacing

The spatial resolution of SAR data defines the smallest object that can be identified
in the imagery. This is directly relevant to the applicability of SAR data to landslide
detection as it determines the lower limit on the detectable landslide size. It is
important to note that the resolution of the SAR data (the area in Range× azimuth
space contributing to each pixel) and the pixel spacing, are not the same. For
example, Sentinel-1 Single-look complex (SLC) data acquired in interferometric
wide swath mode have a resolution (Range × Azimuth coordinates) of 2.7-3.5 ×
22 m and a pixel spacing of 2.3 × 14.1 m. The resolution of the final product may
be different again due to multi-looking and reprojection to geographic coordinates.

D

x

y

δy
δx

δR

vs

Figure 2.3: Resolution of a target pixel imaged by a satellite radar sensor in x (azimuth),
y (ground range), and R (slant range) directions.

In a real aperture radar system, the resolution in the azimuthal direction δx is de-
pendent on the aperture lengthD, the slant rangeR0 and the microwave wavelength
λ according to Equation 2.7 (Figure 2.3).

δx = R0λ

D
(2.7)

According to Equation 2.7, the aperture size D places a limitation on δx. D is in
turn limited by the maximum sensor size that can feasibly be carried by a satellite.
The azimuthal resolution of a real aperture radar image is thus extremely coarse.
To overcome this, the synthetic aperture technique was developed, in which a
larger aperture is simulated through the movement of the satellite. The azimuthal
resolution becomes dependent on the Doppler bandwidth BDoppler and the relative

16



2.1.1. Pixel resolution and spacing

velocity of the satellite vs (Hanssen, 2001).

δx = vs
BDoppler

(2.8)

The resolution in the range direction δR is dependent on the pulse duration Tp

according to Equation 2.9, where c is the speed of light.

δR = cTp
2 (2.9)

This limits δR, since enough energy must be transmitted in each pulse to obtain a
usable returned signal, placing a lower limit on Tp. In order to reduce Tp beyond
what would be physically possible, the microwave energy used to generate the SAR
image is emitted as a chirp of bandwidth Bch. After processing, the effective pulse
duration is equal to 1/Bch, thus, δR is defined according to Equation 2.10 (Hanssen,
2001).

δR = c

2Bch
(2.10)

The amplitude and phase of every pixel is recorded as a single complex value.
However, the resolution cell of each pixel may include multiple scatterers, which
together contribute to the overall recorded amplitude and phase of the pixel (Figure
2.4; Moreira et al., 2013). The recorded signal of each cell (represented by the red

Figure 2.4: The distribution of scatterers within two neighbouring pixels, and their
contribution to the signal of each pixel as a whole (reproduced from Moreira et al., 2013,
c© 2013 IEEE).
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arrows in Figure 2.4) is equal to the coherent sum of the scattering signals from
every scatterer within the resolution cell (represented by the blue arrows). This
includes a depth component not visible in Figures 2.3 and 2.4: the microwave energy
may penetrate beyond the upper surface and interact with scatterers at different
depths. For example, in a forest, the recorded signal may include components from
leaves, branches, tree trunks and the ground beneath (Freeman and Durden, 1998).
In dry soil, microwaves may penetrate to depths of up to around 50 cm, although
this depth decays rapidly as soil moisture content increases and SAR wavelength
decreases (Nolan and Fatland, 2003). Neighbouring pixels can have different signals
due to the distribution of scatterers within them (Figure 2.4), resulting in a form
of radar image noise known as ’speckle’, which can only be removed by a spatial
averaging step in SAR data processing known as ’multi-looking’ at a cost to the
resolution of the final product. A single scatterer with a high amplitude signal
can dominate the overall signal of the resolution cell, even if it does not make up
the dominant material within the cell. Both of these phenomena must be borne in
mind when interpreting SAR data.

2.1.2 Acquisition Geometry

SAR data are acquired obliquely along approximately polar orbits. Data are ac-
quired on ’ascending’ tracks, in which the satellite moves from south to north
and ’descending’, in which the satellite moves from north to south (Figure 2.5).
The satellite ’look direction’, i.e. the direction in which it transmits and records
microwave energy, is perpendicular to the satellite trajectory (Figure 2.3). This
side-looking geometry removes a critical ambiguity when converting range meas-
urements to geographic locations (Hanssen, 2001). In most systems, the ascending
and descending tracks image the ground surface from different directions (e.g. if
both are ’right looking’, ascending imagery is acquired looking east and descending,
west), which is useful for several reasons. The phase change between two images is
sensitive to ground deformation in the line of sight direction (Figure 2.2). By using
interferograms acquired from two different directions, the 3D ground deformation
can be estimated (Wright et al., 2004), which is extremely useful for measuring
ground subsidence and motion along faults (e.g. Chaussard et al., 2013; Hussain
et al., 2016) and in inferring earthquake source parameters (e.g. Funning et al.,
2005; Shan et al., 2004).

A second reason that the acquisition of SAR data from two look directions is useful,
is that in mountainous areas, certain slopes are not always well imaged by a single
track. The slant range resolution δR (Equation 2.10) can be projected into a ground
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Figure 2.5: Diagram of ascending and descending SAR orbit directions

range resolution δy, which is dependent on the local incidence angle θi according
to Equation 2.11 (Chen et al., 2000).

δy = δR

sinθi
= c

2Bchsinθi
(2.11)

This dependence of ∆y on θi results in distortion in the range direction for sloping
surfaces, where areas of ground are compressed (foreshortened) on slopes facing
towards the sensor and stretched on slopes facing away from the sensor. In severe
cases, this can lead to effects such as layover, where two geographic locations cor-
respond to a single location in radar geometry, or shadow, in which no microwave
energy reaches part of a slope facing away from the sensor (Rosen et al., 2000;
Hanssen, 2001). In most cases, slopes that are poorly oriented on the descend-
ing track are more favourably oriented on the ascending track and vice versa, so
that with both tracks together, coverage over mountainous areas is improved. This
is particularly advantageous to the application of SAR to landslide detection, as
landslides are likely to occur in areas of steep topography, where the problems
associated with poorly oriented slopes are most acute.

2.1.3 Polarisation

The polarisation of the SAR data affects the interaction between the radar wave and
the ground surface. The polarisation of SAR data is described as the polarisation
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of the transmitted and received wave, for example ’HV’ data are transmitted with
horizontal polarisation and recorded in the vertical. Some SAR sensors, for example
ALOS-2, acquire "quad-pol" SAR data in which data are both transmitted and
received in horizontal (H) and vertical (V) polarisations, resulting in HH, HV, VH,
and VV. This allows a full scattering matrix to be constructed, which can more
completely describe the scattering properties of the Earth’s surface and so contains
more information on the physical properties of the ground surface (Cloude and
Pottier, 1996; Freeman and Durden, 1998; Yamaguchi et al., 2005).

Quad-pol SAR data are therefore extremely useful in land classification (Cloude
and Pottier, 1997) and several studies have demonstrated that quad-pol data can
be used to map landslides (e.g. Czuchlewski et al., 2003; Masato et al., 2020; Park
and Lee, 2019; Yamaguchi et al., 2019). For example, Yamaguchi et al. (2019) used
quad-pol ALOS-2 data to detect landslides following the 2018 Hokkaido, Japan
earthquake. Quad-pol SAR can be decomposed into surface scattering, volume
scattering, double-bounce scattering and helix scattering (Yamaguchi et al., 2005).
Volume scattering is associated with vegetation, thus the removal of vegetation by
a landslide decreases the power of this component when the signal is decomposed
and this change is used by Yamaguchi et al. (2019) to identify landslides. Polari-
metric methods such as this work well, but not all satellites acquire quad-pol data
and those that do, often do not acquire these data following an earthquake, as
they are not required for InSAR measurements of ground deformation. These data
are therefore not likely to be available during the initial phases of the emergency
response for most earthquakes. Therefore in this thesis, I used only "single-pol"
SAR data (HH or VV). This results in a less comprehensive record of the scat-
tering properties, but it ensures that the results are widely applicable for future
events, and reduces the volume of data which needs to be downloaded, stored and
processed.

2.2 SAR Constellations and Datasets

Figure 2.6 shows satellite systems collecting SAR data between 1992 and 2023 (in-
cluding planned constellations), which are operated by a large number of national
and international space agencies. Here, I use data from the ESA constellation
Sentinel-1a and 1b, and from the Phased-Array L-band Synthetic Aperture Radar
2 (PALSAR-2) sensor aboard the JAXA ALOS-2 satellite constellation. Through-
out the thesis, SAR tracks will be named according to their sensor, track number
and orbit direction. For example in Chapter 3, I use data acquired by Sentinel-1
on track number 19 in a descending orbit, referred to as track S019d.

20



2.2. SAR Constellations and Datasets

Figure 2.6: SAR missions in operation between 1990 and 2023. Horizontal lines show
the lifetimes of past satellites, arrows show currently satellites currently in operation and
circles mark the planned launch dates of future missions. Symbols are coloured according
to satellite revisit time. (based on UNAVCO (2019) with additional information from
Meyer (2019))

The satellite constellations in Figure 2.6 are organised according to their wavelength
λ. SAR data may be acquired at Ka (λ = 0.75− 1.2 cm), Ku (λ = 1.7− 2.5 cm),
X (λ = 2.5 − 4 cm), C (λ = 4 − 8 cm), S (λ = 8 − 15 cm), L (λ = 15 − 30 cm)
and P (λ = 60− 120 cm) bands (Moreira et al., 2013). The wavelength affects the
interaction between the radar energy and the ground, and there are advantages
and disadvantages to each which make them suitable for different applications.
From Equation 2.1, a sensor operating at a shorter wavelength requires a lesser
∆R to obtain the same ∆φ. Shorter wavelengths are therefore more sensitive to
small deformations to the ground surface. The same is true for across-track SAR,
where a smaller ∆h is required to obtain the same ∆φ at shorter wavelengths
(Equation 2.6). Short wavelength SAR data are therefore extremely beneficial for
high resolution studies (e.g. Reale et al., 2011; Zink et al., 2008). Unfortunately, the
high resolution of short-wavelength SAR systems often comes at a cost to coherence,
primarily due to increased sensitivity to smaller random movements of scatterers
(Section 2.4). This is particularly problematic in heavily vegetated regions, and
so in such locations, longer wavelength SAR is usually necessary to obtain usable
ground deformation measurements (e.g. Fujiwara et al., 2019). The bands shown
on Figure 2.6 are the most common for satellite SAR systems: C-band, X-band and
L-band. In this study, I use C-band Sentinel-1 (λ ∼ 5.5 cm) and L-band ALOS-2
(λ ∼ 24 cm) data, as X-band is less suitable for coherence studies vegetated regions
and therefore is unlikely to work for the case studies I use in this thesis.
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As well as the wavelength, there are several other acquisition parameters that vary
between SAR datasets that impact their applicability to landslide studies. One
obvious parameter is the spatial resolution of the acquired data, which determines
the smallest landslide that is likely to be detectable in the data. Another is the
Swath width, which describes the coverage in the range direction. Adjacent scenes
in the azimuth direction can be merged, but as scenes adjacent in the range dir-
ection are acquired at different times and with differing viewing geometries, they
have to be processed as separate tracks. To map landslides triggered over a large
area, a wide swath width is advantageous as it allows all the landslide information
to be extracted from data acquired at the same time and under the same condi-
tions. Often satellite systems are capable of acquiring data in different modes, with
a trade-off between swath width and spatial resolution. For example, the ALOS-2
satellite can acquire SAR data at a spatial resolution of 3 × 1 m with a swath
width of 25 km up to a resolution of 60 m with a swath width of 490 km (JAXA,
2020). Smaller landslides could be detected at the first extreme, but a much larger
area could be covered with the second. In this study, I use Sentinel-1 data with
a spatial resolution of 2.7-3.5 × 22 m and a swath width of 250 km, and ALOS-2
data acquired at a spatial resolution of 3-10 m and swath width 30-70 km.

2.3 SAR Data Processing

SAR data requires more complex processing than optical satellite imagery before
they can be used in landslide detection. I used the GAMMA SAR processing
software package to process the the SAR data used in this study. For Sentinel-1, I
used the LiCSAR processing software, which uses GAMMA tools to process SAR
data (Lazeckỳ et al., 2020). Processing SAR data also requires a DEM, for which
I used the 1-arc-second Shuttle Radar Topography Mission (SRTM) DEM of Farr
et al. (2007).

The Sentinel-1 data I used in this study was acquired in ’Interferometric Wide’
mode, and so every track is made up of three subswaths, which are in turn made
up of a series of "bursts". Each burst can be considered as a separate SLC image.
As the bursts overlap, and are acquired within a very short timeframe (within 10s
of seconds), the bursts which cover the desired area can be stitched together into a
complete SLC image. LiCSAR does this automatically (Lazeckỳ et al., 2020). For
the ALOS-2 data used here, this processing step was not necessary, and from here
on, unless otherwise stated, the processing steps are the same for both ALOS-2
and Sentinel-1 data.
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The SAR methods I use in this thesis require a time series of SAR images spanning
the earthquake. One of these is selected as the ’primary’ image, against which
all other images are referenced. The first step in processing is to multi-look this
image. Multi-looking is a spatial averaging step which increases the signal strength
at the expense of the spatial resolution. In particular, the aim of multi-looking is to
reduce noise due to ’speckle’, an effect of many scatterers of varying characteristics
within a resolution cell being recorded as a single pixel (Figure 2.4; Moreira et al.,
2013). As my purpose in this study was to detect landslides, the extent of the
multi-looking was fairly limited in order to preserve the spatial resolution. For
Sentinel-1, I multi-looked the Sentinel-1 data used in this study by five in range
and one in azimuth, and the ALOS-2 data by 5 in both range and azimuth. The
geometry of this primary Multi-looked Intensity (MLI) raster is then used as the
reference geometry throughout the processing.

The next step is to generate a look-up table, which describes how the 2D image in
the radar coordinate system reprojects to the geographic coordinate system. This
is a two step process. An initial lookup table is calculated from the primary MLI
and the DEM. This is then used to simulate an MLI, and the offset between this
and the real MLI are used to refine the lookup table and improve its accuracy.
This look-up table can then be used to convert any data in radar coordinates, for
example, an interferogram, coherence map or MLI amplitude map, into geographic
coordinates, or vice versa e.g. to generate a DEM in the radar coordinate system,
which is necessary for SAR processing.

The next step is geometric coregistration. All SAR images used in any joint ana-
lysis must have the same geometry as the primary MLI. Therefore the remaining
’secondary’ SLCs are resampled onto the geometry of the primary SLC. For every
secondary SLC, initial offset estimates between the primary and secondary SLC
are calculated based on orbit information and the DEM and are used to generate
an initial co-registered secondary SLC. The offsets are then re-estimated based on
cross correlation between the primary SLC and the initial co-registered secondary
SLC, and a final co-registered secondary SLC is generated based on these estim-
ates (Lazeckỳ et al., 2020). In the case of Sentinel-1 data, a further coregistration
refinement step is carried out based on spectral diversity (Wegnüller et al., 2016).
The co-registered secondary SLCs are then multi-looked in the same way as the
primary SLC.

From any pair of these multi-looked SLCs, which now all have the same geometry,
an interferogram can then be calculated as the difference in phase between the two
images. However, there are other effects which need to be accounted for before this
can be used to map ground deformation. From Equation 2.5, ∆φ is dependent on
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both ground deformation and, in the case of non-zero perpendicular baseline, on
topography (Equation 2.1). Although ideally every image pair would be acquired
at different times from exactly the same position resulting in ∆φtopography = 0 and
∆φorbit = 0, in reality this is impossible to achieve. To correct for this, ∆φtopography
is estimated based on the DEM and Bperp and removed. The flat Earth phase
trend is also calculated from the perpendicular and parallel baselines and removed
from the interferogram. This leaves ∆φdeformation, ∆φnoise, and ∆φatmospheric from
Equation 2.5.

For the purpose of ground deformation studies, the next steps would be to identify
noisy areas of the interferogram by estimating the coherence, then to estimate
and remove ∆φatmospheric, and finally to ’unwrap’ the phase, producing ground
deformation measurements from the cyclic measurement of ∆φ. However, as the
aim of this thesis was not to map ground deformation, but to detect landslides,
which appear as noise in the interferogram, there was no need to progress beyond
the generation of the coherence map.

2.4 SAR Coherence

For the interferogram C (formed in Section 2.1 from two SAR images A and B) to
be usable in mapping ground deformation, the complex signals recorded for each
cell in images A and B must be coherent. The true complex coherence γtrue is
described by Equation 2.12 (Hanssen, 2001)

γtrue = E{AB}√
E{|A|2}E{|B|2}

(2.12)

The Expectation value E{} of every pixel can only be calculated from multiple
data at each pixel, and the SAR system records only one complex value at each
pixel. Therefore, in practise, it is not possible to calculate γtrue. Instead, Equation
2.13 is used to estimate the magnitude of the coherence of every pixel, based on a
small ensemble of n pixels (Hanssen, 2001).

|γ| =
1
n

∑n
i=1AiBi√

1
n(

∑n
i=1 |Ai|2

∑n
i=1 |Bi|2)

(2.13)

The factor of 1
n is not included in all representations of this equation in the lit-

erature, but is useful in the case where pixel ensembles of different sizes are used
in coherence estimation, for example in the method of Spaans and Hooper (2016),
which I use in Chapter 3. The result of both Equations 2.12 and 2.13 is a value
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for every pixel in the interferogram between 0 and 1, where 0 represents complete
decorrelation of a pixel between images A and B, and where 1 represents perfect
correlation. If the pixels within the ensemble used in Equation 2.13 are similar
in terms of amplitude and phase change, they will have a high coherence. The
ensemble of pixels is chosen from a sufficiently small area that ∆φdeformation and
∆φatmospheric are not expected to vary between pixels, and any loss of |γ| is a result
of ∆φnoise.

In Chapter 3, I present a new method of landslide detection based on different co-
herence estimates, and so different methods of selecting the ensemble of pixels used
in Equation 2.13 are discussed in detail in that chapter. In general, pixels are used
that are expected to exhibit similar behaviour, either because they are spatially
adjacent, in the case of the commonly used ’boxcar’ coherence method (used by
e.g. Hanssen, 2001; Hoen and Zebker, 2000; Lazeckỳ et al., 2020), or because they
exhibit similar behaviour (e.g. Deledalle et al., 2014; Spaans and Hooper, 2016).
Many factors can affect coherence and, to aid understanding, it is often decomposed
into three multiplicative components: the temporal coherence γtemporal, the spatial
coherence γspatial (sometimes designated ’geometric coherence’) and the thermal
coherence γthermal (Equation 2.14; Zebker and Villasenor, 1992).

γtotal = γtemporal · γspatial · γthermal (2.14)

γspatial is the result of changes in imaging geometry between the acquisition of
the first and second SAR image used to generate the interferogram. As described
by Equation 2.6, measurable changes in phase can result from differences in to-
pography when Bperp is non-zero. However, when Bperp is sufficiently large, the
baskscatter recorded from two pixels will become entirely decorrelated.

Zebker and Villasenor (1992) originally derived Equation 2.15 to describe γspatial,
from which we see that decorrelation of γspatial is insignificant when Bperp is small,
but its dependence on θi means it will also be exacerbated by steep slopes, and
therefore may be relevant when considering the application of |γ| to landslide de-
tection.

γspatial = 1− 2BperpδRcos2θi
λR0

(2.15)

Equation 2.15 describes γspatial for microwave energy scattered from a planar sur-
face. However, as described in Section 2.1.1, each resolution cell also has a volume
component, whose importance depends on the extent of penetration of the mi-
crowave energy into the cell. Hoen and Zebker (2000) show that Equation 2.15
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describes only the horizontal component of γspatial, and that further decorrela-
tion may result from the vertical component within a cell that exhibits significant
volume scattering. For this reason, a fourth coherence component, γvolume, is
sometimes either included in Equation 2.14 (e.g. Hanssen, 2001), or considered as
a sub-component of γspatial (e.g. Hoen and Zebker, 2000).

Decorrelation of γthermal is a result of noise within the receiving antenna on the
satellite. γthermal can be defined in terms of the signal to noise ratio (SNR) of the
receiving antenna (Equation 2.16; Zebker and Villasenor, 1992).

γthermal = 1
1 + SNR−1 (2.16)

Temporal coherence is generally the cause of the largest changes in coherence over
time. It is the result of the physical properties of the ground surface changing
between the acquisition of the two SAR images. It is therefore strongly affected by
the time between the acquisition of the two images used to form the interferogram,
because the longer this delay, the more likely it is that scatterers will change in
some way during this time. In this thesis, γtemporal is of the most interest, as
landslides alter the ground surface and so can both decrease and increase γtemporal
over different timescales. However, there are many other factors that also affect
γtemporal and so are worth considering first.

Essentially, any change to the dielectric or physical properties of the ground surface
between the acquisition of two SAR images that results in a change to the phase or
amplitude can result in loss of γtemporal. As described in Section 2.1, a pixel’s signal
may be made up of many independent scatterers, and so loss of coherence can arise
from alterations to any of these, particularly alterations to bright scatterers within
a pixel. Therefore, although without quad-pol SAR, we are not able to resolve the
scattering mechanism, the coherence of single-pol SAR is still sensitive to changes
to the scattering properties of the ground. For example, a pixel that is vegetated in
one SAR image, but bare soil or rock in the other is likely to be severely decorrelated
in the interferogram. Thus growth or removal of crops, deforestation, landslides and
forest fires are all likely to result in a decrease of γtemporal (e.g. Antikidis et al., 1998;
Blaes and Defourny, 2003; Takeuchi and Yamada, 2002; Yun et al., 2015). Changes
to the orientation or location of scatterers, for example when trees are blown down
in a storm (e.g. Fransson et al., 2010) or buildings collapse during an earthquake
(e.g. Fielding et al., 2005; Yonezawa and Takeuchi, 2001; Yun et al., 2015), can also
change the scattering mechanism and result in a decrease of γtemporal. Snowfall and
flooding can also dramatically alter the scattering properties of the ground and so
lead to low coherence.
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The dielectric properties of the ground control its permittivity, and in particular
the penetration depth of the SAR. This is strongly affected by moisture content, as
water has a very different permittivity to dry soil. SAR penetrates further into dry
soil than wet, interacting more with deeper scatterers within the target pixel up to
a depth of around 50 cm (Nolan and Fatland, 2003; Scott et al., 2017). Changes in
soil moisture content therefore affect the relative amplitudes of different scatterers,
altering their coherent sum and resulting in decreased coherence. The same is
true for melting snow, as wet and dry snow have different dielectric properties
(Guneriussen et al., 2001; Koskinen et al., 1997).

For certain landcover types, wind can cause significant decorrelation of γtemporal.
First, in vegetated regions, everything from the movement of leaves and twigs to
a whole tree being blown down will result in some alteration to the scatterers
making up the resolution cell, and so can result in decorrelation (Tanase et al.,
2010). This is why in most cases, vegetated areas have a lower coherence than
bare rock or soil. Second in areas covered by snow, wind can cause snow to drift,
altering the morphology of the ground surface, and resulting in changes to φ. Wind
also results in disturbance to the surface of water, making it rough and turbulent,
which means that coherence of bodies of open water is generally low or close to
0 for images acquired at different times (Lu and Kwoun, 2008). Changes in the
roughness of other materials, for example the ploughing of a field, can also result
in decorrelation of γtemporal (Blaes and Defourny, 2003).

SAR wavelength can significantly affect the sensitivity of γtemporal, particularly for
vegetated areas. The sensitivity of shorter wavelength SAR to smaller movements
and smaller scatterers makes it more susceptible to decorrelation in vegetated re-
gions. Zebker and Villasenor (1992) demonstrated that complete decorrelation of
the SAR signal due to the movement of scatterers within pixels occurs with around
10 cm of movement for an L-band SAR system but with only 2-3 cm of movement
for a C-band system. The wavelength of the microwave also affects the penetration
depth, with longer wavelength energy penetrating further. This is particularly im-
portant when imaging volume scatterers, as it can alter the material that the SAR
energy interacts with. For example in forested areas, L-band penetrates further
into the canopy than C-band SAR and so interacts with branches rather than the
leaves and twigs at the top of the forest. Clearly it is more likely for leaves to move
by 2-3 cm than it is for branches to move by 10 cm between image acquisitions.
Therefore in forested areas, L-band experiences less temporal decorrelation than
C-band SAR, and the coherence difference between forested and unforested areas
is more significant for C-band than L-band.

Therefore, while coherence is most commonly used to assess the signal quality of
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an interferogram, it also represents a useful source of information in its own right.
Previous studies have used SAR coherence to map building damage (Fielding et al.,
2005; Yun et al., 2015), earthquake surface ruptures (Fielding et al., 2005), flooding
(Chini et al., 2019), storm damage to trees (Fransson et al., 2010), to retrieve soil
moisture information (Scott et al., 2017), and most recently for landslide detection.
Figure 2.7 shows the expected signal of landslides in a time series of coherence
maps. This expected behaviour forms the basis of the methods used by Aimaiti
et al. (2019); Ge et al. (2019); Jung and Yun (2019); Olen and Bookhagen (2018)
and Yun et al. (2015) and of the methods I apply here in Chapters 3, 4 and 5.

Figure 2.7: The expected signal of triggered landslides in a time series of pre-seismic,
co-seismic and post-seismic coherence maps (labelled coloured squares) formed from SAR
images (blue squares) acquired before an after an earthquake (red star).

2.5 Previous applications of SAR data to rapid
landslide detection

With increased volumes of SAR data available following the launch of satellite sys-
tems such as Sentinel-1a and ALOS-2 in 2014, the advantages that SAR data could
bring to rapid landslide mapping have become increasingly evident in recent years.
Interest in the topic is increasing, and a number of studies have been published
on the applicability of SAR data to landslide detection, particularly since 2018.
These studies can be broadly divided into those which identify landslides through
the decrease they cause in a co-event interferogram (as in Figure 2.7), and those
which use the change caused by landslides to the intensity of the backscattered
SAR signal.

In 2015, Yun et al. (2015) demonstrated that the difference between the co-event
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and pre-event coherence, corrected for bulk changes in coherence, could be used to
identify landsliding in the Langtang Valley triggered by the 2015 Gorkha, Nepal
earthquake using data acquired by the ALOS-2 SAR sensor. Following this, a num-
ber of methods based on co-event coherence loss have been developed. The method
of Olen and Bookhagen (2018) takes advantage of the high acqusition frequency of
Sentinel-1 and uses a full year of data to characterise the pre-event coherence be-
haviour of every pixel. This provides a more robust measure of pre-event coherence
and allows pixels whose coherence varies significantly to be flagged as unreliable.
Jung et al. (2016) also developed a method based on co-event coherence loss, in
which decorrelation of γtemporal (Equation 2.14) is modelled, allowing events which
strongly alter coherence, in their case, ash deposited following a volcanic eruption,
to be identified.

In this thesis, I focus on SAR coherence for rapid landslide detection, but the amp-
litude of the SAR signal is also emerging as an option. There is significant overlap
between factors resulting in coherence loss (Section 2.4), and factors that alter the
amplitude of the backscattered signal. Changes to the scattering mechanism, or
dielectric properties of the ground surface will both decrease coherence and alter
the amplitude. Amplitude is strongly sensitive to the orientation of a slope in
relation to the SAR sensor but is less sensitive than coherence to changes to the
orientation or exact locations of the scatterers, and is not likely to change due to
e.g. windthrown trees (Fransson et al., 2010) or the movement of snow, which
can cause false positives in coherence-based methods. The other side to this is
that in the case where scatterers have moved due to a landslide but the scattering
properties of the ground have not changed significantly, for example in the cases
where a landslide has deposited rock over rock or has rotated scatterers rather than
covering or removing them, amplitude methods are likely to be less sensitive than
coherence methods to the change. Landslides can both increase or decrease SAR
amplitude depending on the scattering mechanisms, dielectric properties and slope
orientation relative to the sensor of the surface they disrupt before and after they
occur.

Although some studies have concluded that SAR amplitude is not suitable for
landslide detection (Czuchlewski et al., 2003; Masato et al., 2020), it has been
demonstrated elsewhere that a number of SAR amplitude methods show some
capability and so are worth discussing here. The simplest method, the difference
in amplitude before and after an earthquake, has been employed by Konishi and
Suga (2018) using Cosmo-Skymed imagery of rainfall-triggered landslides in the Kii
Peninsula, Japan and by Ge et al. (2019), who applied the method to landslides
triggered by the 2018 Hokkaido, Japan earthquake using ALOS-2 SAR imagery.
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Similarly, Mondini et al. (2019) used the natural logarithm of the ratio of post-
event to pre-event Sentinel-1 SAR amplitude, using a global set of 32 landslides
for validation. Konishi and Suga (2019) further developed the method used by
Konishi and Suga (2018) by applying a convolutional neural network to the backs-
cattered amplitude difference, using ALOS-2 imagery of the 2018 Hokkaido, Japan
earthquake. Konishi and Suga (2018) and Ge et al. (2019) also tested the correl-
ation between the pre-event and post-event amplitudes for pixels within a moving
window as a method for landslide detection, and Ge et al. (2019) also tested the
difference in correlation for a pre-event and post-event pair of amplitude images
and a pair of pre-event amplitude images. In all of these cases, the SAR amplitude
methods applied showed some skill in landslide detection.

A number of studies have also used a combined coherence and amplitude approach
to landslide detection, harnessing the advantages of both approaches. In mapping
landslides triggered by the 2018 Hokkaido earthquake using ALOS-2 data, Jung and
Yun (2019) apply the modelled γtemporal method of Jung et al. (2016) in areas where
coherence is sufficiently high, but employ an amplitude-based method in incoherent
areas. Aimaiti et al. (2019) used a decision tree methodology to combine pre-event
to post-event amplitude difference, pre-event to co-event coherence decrease and
slope for detection of landslides triggered by the 2018 Hokkaido earthquake, but
found that an amplitude-only approach worked better.

These studies provide evidence that SAR data has potential in landslide detection,
but comparison between the studies is difficult since they use different perform-
ance metrics and are assessed using different landslide inventories and at different
spatial scales using data from a range of SAR satellites. It is therefore difficult
to determine which method would be best to apply for a new earthquake, taking
into consideration the SAR data available. It is also difficult to carry out any com-
parison between these methods and the results from empirical models of landslide
likelihood, which are already employed following an earthquake to inform emer-
gency response (e.g. Nowicki Jessee et al., 2018). The testing of SAR methods has
also been relatively limited. Of the nine aforementioned studies, six were tested
in Japan (Aimaiti et al., 2019; Ge et al., 2019; Jung et al., 2016; Jung and Yun,
2019; Konishi and Suga, 2018, 2019). The acqusition strategy and open-access data
policy of the Sentinel-1 constellation mean these data are currently more likely to
be available after an earthquake or rainfall event than data from other sensors,
but only two out of the nine studies have tested their methods using Sentinel-1
SAR data (Mondini et al., 2019; Olen and Bookhagen, 2018). Therefore, while we
have evidence that landslide detection using SAR is possible, further work remains
before SAR methods can be applied routinely after an earthquake.
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Chapter 3
A New Method for Landslide

Classification with SAR Coherence

Chapter Overview

In this chapter, I present a novel method of exploiting SAR coherence for rapid
landslide detection. The work presented in this chapter was published in the journal
Remote Sensing in January 2019 (Burrows et al., 2019). For the most part, text
and figures from this publication are reproduced here verbatim under a creative
commons licence. I have made some small changes made to the text in order to
allow it to fit better within the thesis.

When I carried out the research presented in this chapter, there were very few
methods of SAR-based rapid landslide detection (Konishi and Suga, 2018; Olen
and Bookhagen, 2018; Yun et al., 2015), all of which employed methods originally
developed for urban damage detection and had only been tested on a single catch-
ment. The aim of this chapter was therefore to develop a method tailored towards
landslide detection, and to test it at a much larger spatial scale. I therefore present
a method which uses the difference between two different SAR coherence estimates
to detect landslides, and test it using Sentinel-1 SAR data acquired over landslides
triggered by the 2015 Gorkha, Nepal earthquake.

3.1 Introduction

The majority of continental earthquakes occur in mountainous regions, where they
can trigger thousands of landslides over areas of tens of thousands of km2 (Xu
et al., 2016; Roback et al., 2018). These landslides are responsible for more deaths
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globally that any other secondary hazard (Marano et al., 2010) and can significantly
disrupt emergency response efforts (Datta et al., 2018; Global Logistics Cluster,
2015). Information on where landslides have occurred is therefore essential for
emergency response coordination and for directing site-specific investigations on
the ground (e.g. Collins and Jibson, 2015; Datta et al., 2018). This information
must be rapidly generated and communicated in order to limit delays to resource
allocation and therefore be of practical value (Fiedrich et al., 2000; Williams et al.,
2018). As described in Chapter 1, manual mapping with optical satellite imagery,
which is the most common method of generating these landslide data, is often too
slow to be useful, particularly when the satellite imagery is obscured by cloud cover.

SAR presents an alternative source of landslide information to optical satellite
imagery. Radar imagery can be acquired through cloud and is available within
days of an earthquake anywhere on Earth. SAR data are routinely used to generate
other data required for rapid response (e.g. Martinis et al., 2015; Meyer et al., 2015;
NASA, 2018; Yun et al., 2015), and have been widely applied in monitoring the
movements of slow moving landslides (e.g Confuorto et al., 2017; Mulas et al.,
2016; Shi et al., 2014; Strozzi et al., 2005). However, when I began this PhD in
2016, the potential use of SAR in rapid production of landslide maps for emergency
response had only been demonstrated on individual landslides or catchments, and
with limited success (Yun et al., 2015; Konishi and Suga, 2018).

A clear example of the limitations of landslide mapping using optical imagery, and
the potential that SAR has to overcome these limitations was the Gorkha earth-
quake on 25 April 2015, which triggered over 25,000 landslides in the surrounding
mountains (Figure 3.1; Roback et al., 2018). Figure 3.2 shows a timeline of map-
ping efforts carried out by an international team of researchers using optical satel-
lite imagery and intended for use by emergency response coordinators (Williams
et al., 2018). Although the earthquake occurred during Nepal’s dry season, cloud
cover caused severe delays to landslide mapping, with almost no cloud-free imagery
available in the first week following the earthquake and some areas remaining un-
mapped up until the onset of the monsoon on 9 June 2015, roughly six weeks later.
The emergency response process evolves quickly in comparison. For example, the
United Nations response framework following a disaster mandates an initial assess-
ment after 72 hours and a second after 2 weeks (Williams et al., 2018; Inter-Agency
Standing Committee, 2015). In the case of the 2015 Gorkha earthquake, the im-
pending monsoon season applied additional time pressure, because the arrival of
the monsoon would make cloud-free optical image acquisition unlikely and be-
cause it was anticipated that the earthquake would increase the severity of rainfall
triggered landsliding (Datta et al., 2018; Robinson et al., 2019). The acquisition
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Figure 3.1: Location map of the 2015 Gorkha earthquake. A white star marks the
epicentre of the mainshock on 25 April 2015. The density of the earthquake-triggered
landsliding was calculated based on the inventory of Roback et al. (2018). The first post-
event Sentinel-1a SAR acquisitions are shown with dashed lines: ascending track 85 (blue);
descending track 19 (red) and descending track 121 (orange). The area of SAR imagery
used in this study is from track 19 and is outlined in solid red.

of useable SAR imagery and generation of associated products occurred comparat-
ively quickly (Figure 3.2). Five days following the earthquake, NASA’s ARIA team
released an initial damage proxy map for building damage in Kathmandu based
on SAR data acquired by the Italian Space Agency’s COSMO-SkyMed satellite
system (Yun et al., 2015). The first post-event imagery acquired on each satellite
acquisition track by ESA’s Sentinel-1a satellite is shown on Figure 3.1, with the first
of these being acquired 4 days after the Gorkha mainshock. Sentinel-1 coverage
has since improved with the launch of a second satellite, Sentinel-1b, in 2016. Had
it been possible to use SAR products in mapping landslides following the Gorkha
earthquake, critical information on landslide distribution could have been delivered
to first responders and government agencies with greater areal coverage and better
timeliness than was possible from optical satellite data.

In this chapter, I investigate automatic methods to detect landslides using SAR
and present a new method based on SAR coherence. I tested this method on the
landslides triggered by the Gorkha earthquake, using a comprehensive independent
inventory of triggered landslides produced from manual analysis of optical satellite
imagery (Roback et al., 2018). Additionally, multiple reports have been published
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Figure 3.2: Timeline showing satellite image acquisition and product release following
the 2015 Gorkha earthquake for optical satellite imagery and for SAR. Modified from
Williams et al. (2018). Timeline of NASA ARIA products is taken from Yun et al. (2015).
Optical imagery and products are in blue with maps produced by DU and collated maps
coordinated with international partners (ICIMOD, MDA, NGA by the British Geological
Survey. SAR imagery and products are in green and include the Sentinel-1 (S-1) imagery
used in this study and the CSK and ALOS-2 imagery of Kathmandu used by the ARIA
project.

discussing the emergency response effort following the earthquake, allowing iden-
tification of how SAR landslide products could have been used if they had been
available (Global Logistics Cluster, 2015; Collins and Jibson, 2015; Datta et al.,
2018).

3.2 Methods and Materials

3.2.1 Theory: landslide detection and SAR

3.2.1.1 Synthetic Aperture Radar: Interferometry and Coherence

As described in Chapter 2, two SAR images acquired by the same satellite system
and covering the same area at different times may be combined to form an inter-
ferogram (e.g. Figure 3.3a). To acquire each image, microwave radiation is emitted
by the satellite’s antenna, back-scattered from the Earth’s surface, and recorded
again by the satellite as two components: amplitude and phase. An interferogram
is a map of the difference in phase, ∆φ, between the two images; the repeated
bands of colour can be considered as contours of the change in distance between
the satellite and the imaged surface. Figure 3.3 shows an example pre-event inter-
ferogram before the 2015 Nepal earthquake, i.e., an interferogram made from two
pre-event SAR images.
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Figure 3.3: (a) Sentinel-1 interferogram produced using LiCSAR (Lazeckỳ et al., 2020)
for a pre-event SAR image pair acquired on 24 March and 17 April 2015. Each band
of colour shows a phase change between image acquisition equal to 2.8 cm. Background
intensity show the amplitude of the image acquired on 17 April. (b) An example of an area
where many pixels are incoherent. In this case, neighbouring pixels do not have a similar
phase change and so do not sum constructively, resulting in a low boxcar estimation of
coherence. (c) An example of an area of high coherence. Neighbouring pixels have similar
phase change so sum constructively, resulting in a high estimation of coherence.

The coherence of a pixel can be thought of as a measure of the signal to noise ratio
at a point in this interferogram. A map of estimated coherence is generated from
the two SAR images used to form the interferogram to assess the spatial coherence
in ∆φ that is shown in the interferogram. SAR coherence, γ, is estimated as the
correlation between ∆φ of closely-grouped pixels and can be calculated pixel-by-
pixel for a pair of images (denoted A and B) from an ensemble of n pixels using
the following equation (reproduced from Equation 2.13).

|γ| =
1
n

∑n
i=1AiBi√

1
n(

∑n
i=1 |Ai|2

∑n
i=1 |Bi|2)

Here, i is an individual pixel and Ai and Bi are complex representations of phase
and amplitude for images A and B respectively. The overline indicates the complex
conjugate. The factor of 1/n is included here as a scaling factor in order to account
for variations between pixels in the size of the ensemble, required for Section 3.2.1.4.
In the widely used ‘boxcar’ coherence estimation, the ensemble is defined as a
square box of pixels centred on the pixel in question. Pixels within the box will
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sum constructively if they have similar ∆φ and destructively if not. Examples of
areas with low and high estimated coherence are shown in Figure 3.3b and 3.3c
respectively.

As described in Section 2.4, the overall coherence of a pixel is determined by a
number of factors, often illustrated by its decomposition into γspatial,γthermal and
γtemporal (Equation 2.14; Zebker and Villasenor, 1992). Here, we are concerned with
γtemporal, which is dependent on physical changes to the ground surface between
the acquisition of two SAR images. Events which effect such changes, for ex-
ample fire, flooding, building collapse or construction, earthquake surface rupture
or landslides, alter the scattering properties of each pixel, leading to low temporal
coherence and so a low observed coherence. Previous studies have demonstrated
that SAR coherence can be used to map changes of this nature (NASA, 2018; Yun
et al., 2015; Fielding et al., 2005; Nico et al., 2000; Vajedian et al., 2018; Yonezawa
and Takeuchi, 2001); and that these products can be rapidly generated and released
for emergency response purposes (NASA, 2018; Yun et al., 2015). Here I present
a method based on SAR coherence exploitation designed specifically for landslide
detection and test it alongside two existing methods.

3.2.1.2 Absolute Coherence Method

For two SAR images whose acquisitions span a landslide trigger event, landslide
pixels are expected to have a low coherence. The occurrence of a landslide rep-
resents a significant modification of the ground surface and therefore its scattering
properties. The simplest method of using coherence information to map landslides
is to use this absolute coherence, assigning low-coherence pixels as ‘landslide’ and
high-coherence pixels as ‘not landslide’. For a few cases, landslides have been iden-
tified using this method, (e.g. Vajedian et al., 2018). However, as low coherence
may be due to factors unrelated to the trigger event, such as the presence of dense
vegetation or unfavourable imaging geometry, this method is likely to result in
a classification surface with many false positives (low coherence regions that are
classified as ‘landslide’ but are not landslides).

3.2.1.3 ARIA Method

It has been suggested that differencing a pre-event coherence map (calculated from
two pre-event SAR images) and a co-event coherence map (calculated from two
SAR images spanning the event) can differentiate between areas where coherence
is always low and areas where it has decreased, e.g. due to building collapse or
landsliding (Fielding et al., 2005; Yun et al., 2012, 2015). The method developed by
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Figure 3.4: Workflow of the ARIA method (Yun et al., 2012, 2015) for identifying ’dam-
aged’ pixels, for example those which correspond to collapsed buildings or landslides given
in 3 steps: (a) Generate coherence maps C12, C23. (b) Histogram match C23 to C12. (c)
Calculate the difference between the two coherence maps. Darker pixels in (c) have a lower
coherence in C23m and C12 and negative pixels in the classification surface are identified
as ’damaged’ i.e. those for which C23m < C12.

NASA’s ARIA project for rapid generation of urban damage proxy maps is based
on this approach (Yun et al., 2012, 2015).

Figure 3.4 shows the steps which go into producing ARIA damage proxy maps,
described by Yun et al. (2012, 2015) Two pre-event SAR images and one post-event
image are taken and used to calculate pre-event and co-event coherence maps. The
histogram of the coherence values in the co-event coherence map is then ‘matched’
to the histogram of the pre-event coherence map in order to mitigate any bulk
changes in coherence between the two images, for example due to variability in
weather conditions. This histogram matching process is shown for the simple case
of 16 pixels in Figure 3.4, in which the co-event cumulative histogram is mapped
onto the pre-event histogram. For this step, pre-event and co-event pixels are
sorted by value. In order to obtain a strict ordering, co-event pixels are sorted
first by their value and then by the values of the eight pixels around them as in
Coltuc et al. (2006). The ordered co-event pixels are set equal to the values of
the ordered pre-event pixels, and then placed in their original spatial positions,
resulting in a co-event coherence map whose coherence frequency distribution is
identical to that of the pre-event map. The histogram-matched co-event map and
the pre-event map are then differenced to produce a classification surface. For
their purposes, the ARIA team then classify pixels whose co-event coherence is
lower than their pre-event coherence as ‘damaged’, with increasing confidence in
more negative pixels (Figure 3.4c).

The ARIA method was originally developed for urban damage mapping. How-
ever, when applying the method following the 2015 Gorkha earthquake, Yun et al.
(2015) noted that it showed some promise in landslide detection. Yun et al. (2015)

37



3.2.1.4. Sibling-based coherence method

Figure 3.5: Workflow for the Bx-S method, in which the difference between sibling-based
and boxcar coherence estimates is used in landslide classification

identified an area of decreased coherence spatially correlated with the Langtang
Valley landslide, an exceptionally large and destructive landslide triggered by the
earthquake Kargel et al. (2016). However, Yun et al. (2015) judged that overall,
coherence was not sufficiently stable through time in vegetated regions, resulting
in many false positives: pixels incorrectly identified as damaged due to coherence
changes unrelated to the earthquake.

3.2.1.4 Sibling-based coherence method

The new method I have developed is outlined in Figure 3.5. As with the ARIA
method, the aim is to produce an expected landslide-free coherence surface, which
is subtracted from the co-event coherence map. However, where Yun et al. (2012,
2015) subtract a pre-event coherence map, I subtract a co-event coherence map
that is calculated in such a way as to be less sensitive to localised decreases in
coherence such as landslides. Unlike the ARIA method, the new method is not
based on the change in coherence through time and so is expected to have fewer
false positives caused by variations in temporal coherence unrelated to landsliding.

As an alternative to the boxcar coherence described in Section 3.2.1 and used
in the absolute and ARIA methods, SAR coherence can be calculated based on
ensembles of ‘sibling’ pixels, which exhibit similar behaviour to the target pixel
(Deledalle et al., 2014; Ferretti et al., 2011; Spaans and Hooper, 2016, e.g.). Here,
I use the RapidSAR algorithm of Spaans and Hooper (2016) for this process. For
every pixel, a search is performed within a window of a given size, centred on that
pixel, for pixels behaving similarly in terms of amplitude and amplitude variability
throughout a time series of pre-event imagery. These pixels are designated as
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3.2.2. Case Study: The 2015 Gorkha Earthquake

‘siblings’. The sibling ensemble of each pixel is then used in place of the boxcar of
adjacent pixels in the summations in Equation 2.13.

When using a boxcar ensemble in estimating the coherence of a pixel that lies within
a landslide, the pixels used in the summation are adjacent and so are likely to also
lie within the landslide when the landslide in question is similar in size or larger
than the boxcar. Since a landslide modifies the scattering properties of the Earth’s
surface, giving pixels within the landslide random ∆φ, the ensemble is expected to
sum destructively, resulting in a low coherence estimate. Additionally, any coherent
pixels within the landslide will still be estimated as low coherence due to the random
∆φ of their neighbours. However, the sibling-based coherence estimate calculated
using RapidSAR uses an ensemble of pixels dispersed throughout a window much
larger than the size of a boxcar and specified to be larger than the expected size
of individual landslides. Compared to the boxcar ensemble, it is expected that
proportionally fewer siblings of a landslide pixel will lie within the landslide. Pixels
lying outside the landslide will not experience the random ∆φ associated with it
and so may sum constructively. The landslide pixel is thus given an estimated
coherence value that is more dependent upon its siblings, which lie outside the
landslide.

The sibling-based coherence calculated by RapidSAR is relatively insensitive to
small spatial scale changes in the ground surface such as landslides. This map can
therefore be thought of as the co-event coherence map we would expect if there
were no landslides. The method I propose is to subtract this sibling-based coherence
map from the co-event boxcar map, producing a classification surface, which will
be referred to subsequently as boxcar - sibling (Bx-S). Landslide pixels should have
a lower boxcar coherence than sibling-based coherence and so be negative in the
Bx-S surface. Since the same pair of images is used in the coherence calculation
with both methods, the histogram matching step carried out in the ARIA method
(Yun et al., 2012, 2015) becomes unnecessary and the potential for other sources
of temporal decorrelation is decreased.

3.2.2 Case Study: The 2015 Gorkha Earthquake

3.2.2.1 Validation Data

I analysed the classification ability of the three methods presented in Section 3.2.1
— absolute coherence, ARIA and Bx-S— using the inventory of landslides triggered
by the 2015 Gorkha earthquake that was compiled by Roback et al. (2018). The
inventory consists of 24,915 landslides mapped as polygons that include both scar
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and runout. The majority of landslides were mapped using pre- and post-event
imagery from DigitalGlobe Worldview-2 and -3 with some landslides mapped us-
ing Pleiades and Google Earth imagery. Due to restrictions on the SAR imagery
available for the event, I use a subsection of this area containing 16,539 landslides,
the extent of which is shown on Figure 3.1 (solid red line).

3.2.2.2 SAR Data and Processing

C-band Sentinel-1a SAR imagery acquired on descending track S019d (dashed red
line, Figure 3.1) was used in this study. Acquisition dates are shown in Figure 3.6.
This includes a long time-series of pre-event imagery, which is required for sibling
calculation in the new method presented in Section 3.2.1.4. The occurrence of the
Gorkha earthquake early in the lifetime of Sentinel-1a and prior to the launch of
Sentinel-1b meant that data acquisitions on ascending track S085a, and on the
descending track east of Kathmandu, S121d (Figure 3.1), were less regular before
the earthquake than on S019d and so I did not use these data in this chapter.

Interferograms and coherence maps were produced for consecutive date pairs using
the LiCSAR software package (Lazeckỳ et al., 2020), which uses GAMMA software
to process Sentinel-1 single look complex data. A 1-arcsecond DEM digital derived
from SRTM data (Farr et al., 2007) was used in this processing. The raw SAR
data had a pixel size in the radar coordinate system of 2.3 m × 14.0 m (range ×
azimuth). Images were multi-looked by a factor of five in range and one in azimuth,
giving a pixel size of 12 m × 14 m. Boxcar coherence was calculated using pixels
within a 3 × 3 pixel window. To calculate the sibling-based coherence, I used the
RapidSAR algorithm of Spaans and Hooper (2016). For every pixel, a window of
41 × 41 pixels was searched and between 15 and 100 pixels were identified which
behaved similarly in terms of amplitude and amplitude variability throughout 11
pre-event images acquired up until 5 April 2015 (see Figure 3.6 for acquisition
dates).

Once the three classification surfaces had been calculated according to the methods
outlined in Section 3.2.1, these were converted to a geographic coordinate system,
with a pixel size of 20 m × 22 m, which reflects the multi-looked resolution of the
data. I carried out the analyses presented in Section 3.3 in this coordinate system.
Each classifier surface was then rescaled to produce a surface with values between
0 and 1, where 1 was most likely to be a landslide.
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Figure 3.6: Timeline of Sentinel-1a image acquisition for the study area (see Figure 3.1)
over the months preceding the Gorkha earthquake (red star), showing the imagery used
in each method. Black diamonds show satellite overpasses at intervals of 12 days. Those
where imagery was acquired are labelled with dates.

3.2.2.3 ROC Analysis

A common problem in classification is the choice of threshold at which to assign
classes given a continuous classifier. This choice of threshold is strongly dependent
on the user requirements and their relative tolerance for false positives and false
negatives and so it is preferable to test the performance of a classifier before setting
this threshold. I therefore used receiver operating characteristic (ROC) analysis
to test the landslide detection ability of each of the three classification surfaces
described in Section 3.2.1. ROC curves are commonly used to measure the ability
of a continuous classifier to correctly identify a binary array (Beguería, 2006),
in this case, a map of landslides and non-landslide pixels. For a range of classifier
threshold values, the true positive rate (the fraction of mapped landslide pixels that
are correctly classified as ‘landslide’) is plotted against the false positive rate (the
fraction of mapped non-landslide pixels that are incorrectly classified as ‘landslide’).
As the threshold is relaxed from a value where all pixels are classified as ‘non-
landslide’ to one where all are classified as ‘landslide’, a good classifier will identify
true positives at a faster rate than it accepts false positives. The ROC curve
plots the true positive rate against the false positive rate, with better classifiers
resulting in a curve that lies closer to the upper left-hand corner of the plot. The
overall performance of a classifier can therefore be quantified by the area under
the curve (AUC). For a random classification surface where any pixel has a 50%
chance of being classified as landslide or non-landslide, the ROC plots as a straight
line between (0,0) and (1,1) with AUC = 0.5. A classifier AUC is expected to lie
between 0.5 and the perfect case, for which AUC = 1.0.

ROC analysis has been widely used to assess the performance of models and auto-
mated landslide detection methods (Hong et al., 2015; Robinson et al., 2017; Tanyas
et al., 2019, e.g.). The choice of ROC AUC as a metric for classifier performance in
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this chapter and in Chapters 4 and 5 is therefore not unusual. It allows a classifier
to be assessed before a threshold is set, and places value on both true positives
and true negatives, both of which are directly relevant to resource allocation in an
emergency response situation. However it is necessary to examine the effects of
this choice on the results presented in the thesis. First, ROC analysis is depend-
ent on the spatial scale at which it is carried out, and on the format and area of
the validation data used, thus ROC AUC values from this thesis should not be
compared directly with those from other studies. Second, while ROC AUC val-
ues indicate the success of a model in predicting a dataset, two models with the
same ROC AUC can have different predictive abilities if the curves have a different
shape (Vakhshoori and Zare, 2018). Finally, ROC AUC values can be influenced
by imbalance in the validation data (Saito and Rehmsmeier, 2015). In the case of
landslides, imbalance is inevitable since there are many more non-landslide than
landslide pixels. Therefore comparison of two methods using ROC analysis must be
done on the same event, since different events may have different ratios of landslide
and non-landslide pixels.

3.2.2.4 Masks

In order to test the classification ability of each surface, it was necessary to mask
pixels which were either not mapped in the landslide inventory or which were not
well imaged by the SAR system. Based on the data of Roback et al. (2018), I applied
masks to remove pixels that were either outside the mapped area or obscured by
cloud in the optical satellite imagery (Figure 3.7).

I also masked areas where the SAR system was not likely to capture useable data
based on viewing angle of the satellite and topography. The SAR system images
the Earth’s surface at an oblique angle, locating pixels according to their two-
way travel time and Doppler shift, and projecting them onto a two-dimensional
image. Steep topography can distort this image, leading to phenomena known as
shadowing, foreshortening and layover (detailed in Chapter 2). In order to assess
this effect, I used the σ0 radar backscatter normalisation area calculated using the
pixel area integration method described in Frey et al. (2012). This method divides
the DEM surface covering the SAR image into small patches. The patches of the
DEM surface that correspond spatially to each radar pixel are then integrated in
order to approximate the area on the ground that contributes to each pixel. I
used this σ0 normalisation area to identify distorted pixels. A mask was applied
to remove all pixels for which this contributing area is 0 and those for which the
contributing area was >1000 m2 (around 6 times larger than the pixel spacing

42



3.3. Results

Figure 3.7: Regions that were masked before analysis was carried out, either due to
being unmapped by Roback et al. (2018) (green, blue), or because of poor SAR image
quality, identified using the contributing pixel area (orange,red). Underlying surface shows
topography.

in radar coordinates) since these were expected to contain little information on
landsliding. The selection of this threshold of 1000 m2 is justified in appendix A.

3.3 Results

Both maps of individual landslides and of landslide density are useful in the emer-
gency response process (Williams et al., 2018). I therefore assessed each classi-
fication surface in terms of their ability to: (1) identify individual landslides at a
pixel-by-pixel scale; and (2) identify areas that had experienced extensive landslid-
ing at a series of increasingly coarse spatial scales. To do this I produced aggregate
classification surfaces, for which the original surface was divided into N × N pixel
squares and the mean pixel value within each square was taken as the aggregate
classifier value. These were then normalised as before to produce a surface of val-
ues between 0 and 1 for each classifier. A landslide density surface was calculated
as the percentage mapped landslide area of each aggregate pixel. For the purpose
of ROC analysis, which requires a binary validation dataset, I assigned aggregate
pixels with over 50% landslide density as ‘landslide’ and those with under 50%
‘non-landslide’, although I also test the sensitivity of all methods to this choice.

Figure 3.8 shows a map of landslides from (Roback et al., 2018) and each normalised
coherence-based classification surface. Two areas are shown, selected to contain
different sizes of landslides. The first is around the Village Development Committee
(an administrative region) of Jharlang, located in the Himalayan foothills within
Dhading District. The second area covers the Langtang Valley in Rasuwa District,
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Figure 3.8: Classification of individual landslides for two example locations. Each column
shows mapped landslide polygons (pink) (Roback et al., 2018) and the normalised classi-
fication surface calculated from each method for the Jharlang (left) and Langtang Valley
(right) regions. Colour bars are non-linear but linear between the white lines and labelled
with the percentage of pixels across the two areas that lie in this linear range. The main
body of the Langtang Valley landslide is indicated in white.
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Figure 3.9: ROC curves for three different SAR coherence-based classifiers, plotted at a
range of resolutions from individual 20 m x 22 m pixels up to 300 m x 330 m aggregate
pixels. The dotted lines show the performance of a random classifier (AUC=0.5). Masks
shown in Figure 3.7 were applied to the data before calculation. The Bx-S method out-
performs the other classifiers for aggregated pixels.

where an exceptionally large landslide with an area of 1.7 km2 led to hundreds of
fatalities (Collins and Jibson, 2015; Kargel et al., 2016). As was found by Yun
et al. (2015), the large landslide in the Langtang Valley is visible in the ARIA
classification surface. However, in the Jharlang area, where landslides were smaller,
the ARIA method was less successful, and the surface is noisy. The new method,
Bx-S struggles to differentiate between landslide and non-landslide pixels in both
locations, as does absolute coherence, which suffers from false positives.

ROC analysis confirms that all three methods perform poorly as landslide classi-
fiers on a pixel-by-pixel scale, with AUC < 0.6 (Figure 3.9). However, Bx-S and
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Figure 3.10: Classifier surfaces for 200 m × 220 m aggregate pixels (a) the percentage of
each aggregate pixel made up of landslide pixels. (b-d) the mean value of the classification
surface for each method within each aggregate pixel. These surfaces are normalised to a
range between 0 and 1 with 1 being most likely to be a landslide. Colour bars are non-
linear, but linear within the white lines and labelled with the percentage of pixels across
the whole area that lie in this linear range.
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to a lesser extent ARIA and absolute coherence are more successful at identifying
areas of intense landsliding. ROC analysis shows that increasing pixel size through
aggregation results in improved performance for all methods. In particular, Bx-S
outperforms the two existing methods at all aggregations and does better with in-
creasing aggregation. For Bx-S, the AUC value increases from 0.56 to 0.77 when
aggregated from 20 m × 22 m pixels to 300 m × 330 m. For the same aggregation,
absolute coherence AUC increases from 0.55 to 0.72 and the ARIA method AUC
increases from 0.57 to 0.68. Figure 3.10 shows classification surfaces for the whole
area at an aggregated pixel size of 200 m × 220 m (10 × 10 pixels), along with a
smaller region within Gorkha district. In this smaller region, Bx-S appears relat-
ively successful in recreating the spatial pattern of landslide density, while ARIA
and absolute coherence have many false positives, making it difficult to identify the
correlation with landslide density. To allow direct comparison, the inset region in
Figure 3.10 is shown in Figure A.2 (Appendix B) prior to aggregation.

Several factors exerted a relatively strong influence on classification ability for the
different classifiers: one related to spatial scales, a second to the time window of
SAR acquisition, and a third to the definition of ‘landslide’ pixels. First, increasing
the size of the boxcar window worsens performance for all three classifiers. I have
presented all results in this chapter using a 3 × 3-pixel window but I also tested 5
× 5 and 20 × 20 windows. In most cases increasing the size of the boxcar window
reduced AUC, although not for the Bx-S classification surface (Table 3.1). I carried
out the comparison on aggregates of 10 × 10 individual pixels. This was in order to
lessen the effect of coarsening resolution on classification ability discussed above.

Table 3.1: ROC AUC values for each method for Boxcar window sizes 3 × 3, 5 × 5 and
20 × 20. ROC AUC are shown for 200 m × 220 m aggregate classifier surfaces

3 × 3 5 × 5 20 × 20
Absolute 0.68 0.68 0.66
ARIA 0.69 0.69 0.64
Bx-S 0.74 0.73 0.73

Second, for all three classifiers, classification ability worsened when the time window
between SAR image acquisition was increased. This was expected as a longer
time window will have increased temporal decorrelation unrelated to landsliding,
particularly in vegetated areas. Third, results were affected by how aggregate
‘landslide’ pixels were defined. For the purposes of ROC analysis, an aggregate
landslide pixel was defined as one comprising at least 50% individual landslide
pixels. In varying this threshold, I found that ROC AUC was higher when landslide
pixels were more strictly defined by a higher threshold (Table 3.2). The classifiers
are therefore better able to identify a region that has experienced more severe
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Table 3.2: The effect on ROC AUC of varying the % landslide area threshold required
for an aggregate pixel to be defined as ’landslide’

10% 20% 30% 40% 50% 60%
Absolute 0.65 0.67 0.68 0.69 0.68 0.69
ARIA 0.65 0.65 0.67 0.68 0.69 0.69
Bx-S 0.67 0.70 0.72 0.73 0.74 0.75

landsliding, which may affect how they can be applied. I also tested the effect
of altering the size of the RapidSAR search window from 41 × 41, which is used
throughout this study, to 21 × 21, 61 × 61 and 81 × 81. This had little effect
on AUC on both individual and aggregated pixel surfaces (no more than 0.01
difference) but computation time was noticeably different. The time taken for an
81 × 81 window was around double that of the 21 × 21 window.

3.4 Discussion

3.4.1 Pixel Aggregation

I found SAR coherence methods to be more successful in landslide detection at
lower spatial resolutions. There are several potential reasons for this. First, any
disagreement in landslide shape or location between the SAR classifier and the val-
idation map will have a negative effect on the ROC analysis since non-overlapping
‘landslide’ pixels between the two maps result in both false positives and false neg-
atives. Therefore, any problems in geo-referencing in either the coherence maps or
the validation inventory will adversely affect classifier performance. This is partic-
ularly relevant in the case of Nepal, where Roback et al. (2018) note considerable
difficulty in orthorectifying and georeferencing the imagery from which the land-
slides were mapped. Furthermore, any additional landslides or change in existing
landslide shape through landslide reactivation between SAR and optical image ac-
quisition would have the same effect. Reactivation is likely to occur due to unstable
ground conditions, rainfall and aftershock activity. The SAR imagery used here
was collected 4 days following the earthquake, whereas the optical imagery used
by Roback et al. (2018) was acquired over a period of several months. It is also
worth noting that as well as landslides, the Bx-S method may detect other forms
of damage, such as collapsed buildings or damaged roads. Although this may be
a useful application of the Bx-S method for future studies, here this may result in
additional false positives, as these areas would not be included in the inventory of
individual landslides.
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Second, there are likely to be limitations on the size of an individual landslide that
can be detected both by the individual collecting the optical landslide inventory
and by the SAR classifier. Of the 24,915 landslides mapped by Roback et al. (2018),
6,028 (<25%) are under 400 m2 in area, the size of one SAR pixel, while more than
half are smaller than the 3 × 3 pixel boxcar window. (Figure 3.11). The calculation
of the boxcar coherence as a spatial average means that sub-pixel landslides are
unlikely to be visible and sharp boundaries in coherence are blurred. Using a 3 ×
3 pixel window, 9 pixels will be used in the summation in equation 2.13. For two
adjacent pixels, 6 of these will be the same. Sharp coherence changes are therefore
spread across the boxcar window (Spaans and Hooper, 2016). The blurring between
neighbouring pixels may mask the signal of small landslides, making pixel scale
detection problematic. This affects all three methods, as all use a boxcar coherence
estimate to detect landslides. However, this problem is reduced when using SAR
coherence to estimate coarser resolution landslide density, since a mean is taken of
neighbouring pixels in the aggregation process.

3.4.2 The Maximum Detectable Landslide Size

The size of the search window used by RapidSAR for sibling identification is likely
to set an upper limit on the maximum size of a landslide that can be detected using
the Bx-S method. The method relies on a sibling-based coherence estimate using

Figure 3.11: Histogram of landslide areas derived from the inventory of Roback et al.
(2018). Landslides over 20,000 m2 in area are omitted for clarity. The sizes of an individual
pixel (red) and of the window used in calculation of the boxcar coherence (blue) are marked.
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proportionally fewer landslide pixels in the summation than the boxcar estimation
(Equation 2.13). I make the assumption that siblings of a given pixel will generally
be distributed widely throughout the search window and will not be clustered
around it as immediate neighbours. However, for a pixel located at the centre of
a landslide that is larger than the RapidSAR window, both of the ensembles of
pixels used by the boxcar and sibling-based coherence estimates will lie entirely
within the landslide. Both estimates of coherence therefore yield a low value and
the difference between them will be small, leading to a false negative. This effect
will decrease towards the edges of the landslide.

The largest landslide included in the Roback et al. (2018) inventory is the Langtang
Valley landslide (Figure 3.8), which has an area around 1.7 km2. Here I used a 41 ×
41-pixel window, equivalent to an area around 270,000 m2. In radar coordinates,
the Langtang Valley landslide is 221 pixels in length but has a mean width of
just 30 pixels. At its widest point, it is 58 pixels wide. In the centre of the
Langtang Valley landslide, I therefore expect to approach the point where both
coherence estimates are very low. Therefore, although decreasing the size of the
search window decreased computation time, I did not use a smaller 21 × 21 window
in this study. In future studies, where the maximum landslide size is unknown, it
will be necessary to increase the size of the RapidSAR search window in order to
ensure that large landslides are not masked.

3.4.3 Ascending and Descending Track SAR

In Section 3.2.2.4, a mask was applied to remove areas of the classification sur-
faces that were not expected to contain useful information due to the topography
and satellite image acquisition parameters. Application of this mask resulted in
exclusion of 23% of the study area. However, exclusion is strongly biased towards
those slopes facing away from the sensor and is thus often limited to one side of a
valley. Therefore, if landsliding occurrence is assumed independent of slope aspect,
it remains possible to obtain a relative estimation of regional landslide density. I
do note, however, that care should be taken in areas where vegetation cover var-
ies with slope aspect, as this could introduce aspect-related variations in landslide
susceptibility.

It is also important to note that, since the locations of these masked regions are
dependent on the viewing angle of the satellite, they are different for ascending and
descending track SAR. I used descending track imagery, which is acquired from
a west-facing sensor, so that steep, west-facing slopes were not well imaged and
had to be masked. For ascending track imagery, the opposite would be true. Here,
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ascending track SAR imagery was not used; however, it will be advantageous in
future studies to combine both ascending and descending track SAR imagery in
order to maximise the area that can be mapped using SAR.

3.4.4 Combining Classifiers

Predictive landslide models, (e.g. Gallen et al., 2017; Kritikos et al., 2015; Robinson
et al., 2017), rely on a combination of predictors of landslide distribution that
together provide a more accurate model than any one individual predictor. One
possible way of improving the classification ability of SAR-based methods would
be to combine them with one or more such empirical predictors. Various possible
landslide predictors such as slope, lithology and distance to rivers and faults; and
means of combining them have been tested and developed (Gallen et al., 2017;
Kritikos et al., 2015; Robinson et al., 2017; Reichenbach et al., 2018). Using SAR
data as an additional input for one of these models would allow incorporation
of observed data into models that are traditionally static in time based on pre-
earthquake conditions and prior knowledge of landslide likelihood. This is further
explored in Chapter 5 of this thesis.

Alternatively, landslides mapped by SAR could be used to calibrate predictive
models. Robinson et al. (2017) used small areas of mapped landslides as training
data to predict landslide occurrence across Nepal following the Gorkha earthquake.
They found that while the input of observed landslide data improved model per-
formance, the improvement was considerably reduced if these observations were
clustered. This clustering is common in optically-derived datasets if mapping is
only possible through small gaps in cloud cover. SAR methods may provide a
more uniformly distributed set of observations that could be used in the calibra-
tion of predictive models. Areas where the SAR coherence was likely to be most
reliable could be identified for this purpose, either by masking areas with high
normalised backscatter as I have done here, by identifying areas where coherence
was consistent and non-zero in pre-event imagery (as in Jung and Yun, 2019), or
by using a method such as that of Rees (2000) to predict areas where topographic
effects (e.g. shadowing) might be problematic based on DEM data and satellite
image acquisition parameters. For my case study, I was still able to make landslide
observations across a wide area, lessening the clustering effect, even after masking
unreliable SAR data.

SAR products other than coherence may also be used in landslide identification.
For example, SAR amplitude has shown capacity for detection of individual large
landslides (Mondini et al., 2019), but is not considered reliable enough to be used
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alone in large-scale landslide identification (Czuchlewski et al., 2003). SAR amp-
litude is dependent on the proportion of microwave energy that is scattered at the
Earth’s surface. Vegetation tends to scatter a relatively high proportion of this en-
ergy when compared to exposed rock or bare ground so that the amplitude of the
signal when it is returned to the satellite is lower for vegetation than for rock. Since
landslides remove vegetation, they are expected to correspond to bright areas in an
amplitude map and to increased amplitude in time. However, this is an oversim-
plification and a large number of factors can affect SAR amplitude. I tested SAR
amplitude in an initial analysis but found it to be outperformed by coherence-based
classifiers, so do not report it here. However, SAR amplitude methods are likely to
perform better in highly vegetated regions, and therefore may be complementary to
coherence-based methods, that are adversely affected by low background temporal
coherence in these areas. Recently, Jung and Yun (2019) and Aimaiti et al. (2019)
have successfully combined SAR coherence and amplitude methods for landslide
detection.

3.4.5 SAR Frequency Band

Sentinel-1a C-band SAR was used in this study because it had good temporal
coverage in the months prior to the 2015 Gorkha earthquake, the short 12-day
revisit time improves temporal coherence, the data are easily and openly available,
and frequent coverage means that this satellite constellation may be used in future
emergency response. Many SAR-based landslide studies also use either X-band or
L-band SAR (Bonì et al., 2018; Confuorto et al., 2017; Konishi and Suga, 2018;
Mulas et al., 2016; Rosi et al., 2018; Shi et al., 2014; Strozzi et al., 2018; Yun
et al., 2015). X-band SAR has a shorter wavelength than C- and L-band, which
makes it able to detect smaller ground movements at higher spatial resolution.
However, due to increased penetration of SAR microwaves through the canopy at
longer wavelengths, L-band SAR retains higher temporal coherence than C-band
in vegetated regions (Shi et al., 2014; Strozzi et al., 2005; Yun et al., 2015), whilst
coherence of X-band SAR imagery for the same regions is very low (Konishi and
Suga, 2018; Yun et al., 2015). Since all three methods discussed in this chapter
rely on non-landslide pixels having a reasonable background coherence, I did not
attempt to use X-band data for the Gorkha earthquake case study, due to the
heavy vegetation cover in this region. Whilst the higher temporal coherence of
L-band SAR may provide a significant advantage in vegetated regions, this may
be negated if there is a long time between image acquisitions. When testing the
ARIA method using L-band imagery collected by the ALOS-2 satellite system for
the Gorkha earthquake, Yun et al. (2015) found L-band SAR to perform poorly in

52



3.4.6. Alternative Methods of Coherence Estimation

rural, vegetated areas. In order to obtain the two pre-event and one co-event images
required for their method, Yun et al. (2015) were required to use imagery spanning 7
months. Over this time, vegetated regions underwent considerable change, resulting
in changes in coherence unrelated to landsliding or earthquake damage. Since the
Gorkha earthquake occurred early in the lifespan of ALOS-2, the pre-event imagery
acquired was not sufficient for the sibling identification required by the Bx-S method
presented here, so it could not be tested with L-band SAR. However, for future
events with more complete pre-event image acquisition, the increased coherence of
L-band SAR in vegetated regions may increase the classification ability of SAR-
coherence-based methods. Equally, these methods may perform even better with
C-band SAR for regions that are less densely vegetated than Nepal. A comparison
between L-band and C-band is presented in Chapter 4.

3.4.6 Alternative Methods of Coherence Estimation

The method I present here exploits the difference between a boxcar estimation of
coherence and a sibling-based estimation. Here I used the RapidSAR algorithm to
calculate this sibling-based estimate; however other methods of identifying sibling
pixels have been put forward, e.g. SqueeSAR (Ferretti et al., 2011) and NL-InSAR
(Deledalle et al., 2014). There may be advantages to other methods of sibling
calculation that are worth exploring. For example, NL-InSAR calculates siblings
from a single SAR image. This would remove the need for a long time-series
of pre-seismic imagery, which may not always be available, and would decrease
the number of SAR images to be processed and stored. However, RapidSAR has
several attributes that make it particularly well suited to this study. First, it is
fully automated and its intended purpose of volcano monitoring means that it
was designed to process imagery rapidly, making it suitable for my purpose of
emergency response. Second, it allows additional SAR scenes to be incorporated
as they are acquired. Third, unlike SqueeSAR, RapidSAR does not require sibling
pixels to be interconnected. This allows siblings to be more dispersed through the
search window, so that siblings of a landslide pixel are less likely to lie within the
landslide.

3.4.7 Application

The data required for the production of the classification surfaces described in this
study are available globally, albeit with varying temporal coverage. Two datasets
are required: the SAR imagery and the DEM used to process it. The SRTM 1-
arcsecond DEM used here is a global product available between 60◦ North and
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56◦ South and is openly distributed (Farr et al., 2007). SAR imagery is available
from a variety of platforms but here I use Sentinel-1 imagery which is acquired at
regular intervals globally and is also openly distributed. The classification surfaces
produced in this study could therefore be produced in most locations across the
world following a landslide trigger event.

It has been stressed in multiple studies that the speed at which information can be
produced and disseminated is vital to its application (Fiedrich et al., 2000; Williams
et al., 2018). The applicability of SAR-derived landslide products in emergency
response is therefore largely determined by the time taken to produce them. The
ARIA team have demonstrated that damage proxy maps can be generated within
1 day of post-event imagery being acquired. Although the new method I present
here requires more SAR data to be processed, the majority of the processing steps
can be performed while waiting for the initial post-event image to be acquired.
Preparation of the DEM, downloading pre-event SAR imagery, processing this to
obtain interferograms and calculating sibling locations can all be performed without
the post-event image. Once this image has been acquired, the final steps could
be carried out within 1 day: downloading and processing the post-event image,
calculating boxcar and sibling-based co-event coherences and differencing these.
Less time may be required for landslide events that affect a smaller region than the
2015 Gorkha earthquake.

Exactly when these classifiers could be produced is therefore dependent on the ac-
quisition of SAR imagery. The post-event image used in this study was acquired
on day 4 following the mainshock, meaning that a classification surface could have
been produced by day 5. However, as is shown on Figure 3.1, imagery further east
of Kathmandu was not acquired until day 10, meaning that it would have taken
11 days to form a complete classification surface for the affected area. Ascend-
ing data on track S085a were acquired 7 days following the mainshock and cover
the entire affected area so that classification surfaces from these data could have
been produced within 8 days. The frequency at which areas are imaged in SAR
varies depending on location globally. The launch of Sentinel-1b in 2016 means
that Sentinel imagery is now acquired with a 6- rather than 12-day revisit time
across Europe (ESA, 2019). These data are freely accessible soon after acquisition.
Other satellite constellations, such as ALOS-2 or Cosmo-Skymed may also provide
imagery of affected areas.

Possible uses for a SAR based map of relative landslide density can be illustrated
using the case of the Nepal earthquake. Williams et al. (2018) divide the emer-
gency response into several phases each with different information requirements. In
the first 3 days the ‘situational analysis’ phase aimed to identify, at a broad scale,
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the spatial extent and severity of the damage. It is conceivable for SAR products
to be produced within this time window, although this would depend on the wait
time for post-event imagery. After this 3-day period, the requirements of disaster
managers begin to transition to more detailed information on specific areas of con-
cern (Williams et al., 2018). Based on my findings here, SAR-coherence methods
alone would not be capable of mapping individual landslides but could still direct
managers toward the areas that were most badly affected – especially if aggregated
landslide density maps could be combined with pre-existing population data.

The Gorkha earthquake occurred at the end of April, meaning that the onset of the
monsoon was expected around 2 months later. Since earthquake-triggered land-
sliding correlates spatially with areas of ground weakened by shaking and since ex-
isting landslide deposits may be remobilised as debris flows, causing more damage,
earthquake-triggered landslide maps were used as input for predictive monsoon-
triggered landslide hazard maps (Datta et al., 2018). A landscape-scale landslide
density map could have been used in this process and would have the advantage of
being homogeneous, the whole area having been imaged by a single satellite.

Finally, landslide density could be used in directing field investigations such as
those carried out by Collins and Jibson (2015), who targeted sites of potential
landslide dams. Since landslide mapping was incomplete when they began their
investigation, it was necessary to add target sites while the investigations were
ongoing. The initial list of target sites was determined at the start of their field
investigation, 32 days after the Gorkha mainshock, meaning that SAR products
could easily have been made available during this time.

Although here I have focussed on earthquake-triggered landslides, SAR-based ap-
proaches have as much or more potential in identifying monsoon- or typhoon-
triggered landslides. Since rainfall events are generally accompanied by cloudy
weather conditions which obstruct optical mapping, a SAR-based classifier could
be particularly advantageous. The ARIA team have released damage proxy maps
for urban damage following typhoons in the USA, Tonga and Puerto Rico (NASA,
2018). There are various factors, however, which could complicate the use of SAR
products in mapping rainfall-triggered landslides. In the case of typhoons, one such
complication would be the damage to vegetation caused by the typhoon, which
would be likely to decrease coherence, possibly leading to false positives. SAR co-
herence methods may prove unable to distinguish between landslides and damaged
vegetation, although combination with SAR amplitude or other predictors might
ameliorate this. Monsoon-triggered landslides represent a different problem: since
the trigger extends over several months, pairs of SAR images would contain both
old and new landslides as well as reactivated or partially reactivated old landslides.
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The signals associated with each of these would be different, which might cause
confusion, particularly if aggregating pixels containing several landslides triggered
at different times. Landslides which pre-date a SAR image pair and are stable
would be expected to have a higher coherence than new landslides and possibly
higher than the surrounding vegetation.

3.5 Conclusions

In this Chapter, I have tested three potential SAR-coherence-based landslide clas-
sification methods at a range of resolutions against a manually mapped landslide
inventory for events triggered by the 2015 Gorkha, Nepal earthquake (Roback et al.,
2018). I have tested two classifiers that have previously been suggested to contain
landslide information: absolute coherence and the ARIA method for urban damage
proxy mapping. I have also presented a new method for landslide classification,
in which the difference between boxcar and sibling-based coherence (Bx-S) is used
as a classifier. Using ROC analysis, I showed that none of the methods tested
here were able to identify landslides at a pixel-by-pixel (20 m × 22 m) scale. How-
ever, all three classifiers were more successful when the resolution was coarsened by
aggregating pixels, which corresponds to the real-world application of classifying
larger regions of high landslide density. The Bx-S method presented in this chapter
is more successful than existing SAR coherence methods, with an AUC value of
0.77 for 300 m × 330 m aggregate pixels. This suggests that the Bx-S method may
be able to provide useful and timely information on the large-scale distribution of
landslides following future triggering events, such as earthquakes, even under heavy
cloud conditions that limit the applicability of optical satellites for this purpose.
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Chapter 4
A Systematic Study of SAR

Coherence Landslide Detection
Methods Across Event and Sensor

Type

Chapter Overview

In Chapter 3, I presented a new method of landslide detection using SAR and
demonstrated its performance using Sentinel-1 data of the 2015 Gorkha earthquake.
This use of a single SAR dataset and case study event is commonplace (e.g. Aimaiti
et al., 2019; Jung and Yun, 2019; Konishi and Suga, 2018, 2019; Yun et al., 2015,
and Chapter ), but it does not allow for comparison between methods for different
SAR datasets and events. If SAR coherence methods are to be applied in future
events, we need to know whether they work equally well across different event and
sensor type, and if not, which method should be applied in the case where different
SAR data is available. To address this lack of systematic testing, I test five SAR-
coherence-based methods using data from Sentinel-1 and ALOS-2 across landslides
triggered by four earthquakes.

The work presented in this chapter is currently in review in the journal Natural
Hazards and Earth System Science and is available online as a discussion paper
(Burrows et al., 2020). For the most part, the discussion paper has been reproduced
here verbatim, with some small changes made to the text in order to improve the
coherence of the thesis as a whole. Text and figures used in this chapter are
reproduced from the discussion paper under a creative commons licence.
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4.1 Introduction

Information on the spatial distribution of earthquake- or rainfall-triggered land-
slides needs to be generated as quickly as possible in order to be useful for emer-
gency response efforts, ideally with two weeks of an event (Inter-Agency Standing
Committee, 2015; Williams et al., 2018). This information is commonly generated
from analysis of optical satellite imagery (e.g., Bessette-Kirton et al., 2019; Kargel
et al., 2016). However, relying solely on optical satellite imagery in landslide as-
sessment is problematic, as the mapping process can be significantly delayed by
cloud cover (Robinson et al., 2019). When optical imagery is not available, empir-
ical models based on factors such as the topographic slope and measurements or
predictions of earthquake-induced shaking or rainfall data are used to predict the
likely location and intensity of triggered landsliding (e.g. Kirschbaum and Stan-
ley, 2018; Kritikos et al., 2015; Nowicki Jessee et al., 2018). However, while these
can be generated within hours of an earthquake or rainfall event, they do not al-
ways perform well (Allstadt et al., 2018; Ferrario, 2019), and can only give a static
prediction of landsliding, which in reality may evolve through time.

SAR satellite imagery presents an alternative method of generating landslide in-
formation in all weather conditions as radar is able to penetrate cloud. For landslide
studies, SAR is most commonly used to measure the downslope velocity of slow-
moving landslides (e.g. Aslan et al., 2020; Bekaert et al., 2020; Bonì et al., 2018;
Dai et al., 2016; Handwerger et al., 2019; Hu et al., 2019; Reyes-Carmona et al.,
2020; Solari et al., 2020). However, SAR can also be used to detect modifications
to the Earth’s surface and it has been demonstrated that radar methods can be
used to automatically detect wind damage to forests (Rüetschi et al., 2019), flood-
ing (Martinis et al., 2015) and urban damage following earthquakes, typhoons and
wildfires (NASA, 2018; Yun et al., 2015).

Recently, there have been several attempts to develop similar SAR-based change
detection methods for rapid landslide mapping, based on SAR amplitude (Konishi
and Suga, 2018, 2019; Mondini et al., 2019), coherence (Chapter 3 of this thesis;
Olen and Bookhagen, 2018; Yun et al., 2015), or some combination of these (Aimaiti
et al., 2019; Ge et al., 2019; Jung and Yun, 2019), or based on polarimetric SAR
methods (e.g. Yamaguchi et al., 2019). However, with the exception of Mondini
et al. (2019) who used a global selection of landslides, these studies are generally
tested on a single landslide event and use a single radar sensor. For example,
Aimaiti et al. (2019); Ge et al. (2019); Konishi and Suga (2019); Jung and Yun
(2019); Yamaguchi et al. (2019) tested their methods using ALOS-2 imagery of the
Mw 6.6 2018 Hokkaido earthquake. If such methods are to be applied in future
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events, wider testing is needed. This would allow us to establish whether different
methods work equally well for different events, and to determine the best method
to use with data from a given SAR sensor and within a given time window.

To address this need, I present in this chapter a systematic statistical comparison
of the performance of five radar-based methods of landslide detection, using im-
agery acquired by the Sentinel-1 and ALOS-2 PALSAR-2 sensors spanning four
case study landslide-triggering earthquakes. I chose to test on earthquakes rather
than rainfall events for two reasons. First, it can be assumed that the majority of
landslides occurred concurrently with or very shortly after the shaking, and this
information on landslide timing simplified the validation of the methods. Second,
radar imagery is more likely to be acquired immediately after an earthquake as
part of emergency tasking of satellite acquisitions, as these data are commonly
used to measure earthquake-related ground deformation. I tested on four large
(Mw > 6.6) events: the 2015 Gorkha, Nepal earthquake, the 2018 Hokkaido, Japan
earthquake, and two earthquakes of the 2018 Lombok, Indonesia sequence (Figure.
4.1). All of these events triggered thousands of landslides, which have been mapped
using optical satellite imagery (Ferrario, 2019; Roback et al., 2018; Zhang et al.,
2019). I assessed the ability of each method and radar dataset to predict these val-
idation data, and demonstrate the wide applicability of SAR coherence methods
to landslide detection, making recommendations for which method is most suit-
able depending on the type of SAR data that is available and the timing of data
acquisition.

The theory behind SAR interferometry and coherence is described in Chapter 2.
A SAR system works by illuminating the Earth’s surface with microwave radiation
and measuring the amplitude and phase of the returned signal. In the InSAR
technique, the difference in phase between two images acquired over the same
area at different times can be used to map the change in distance between the
ground and the satellite. SAR amplitude is the strength of the backscattered signal
and is partially dependent on the material at the ground surface: its orientation
relative to the satellite, its roughness, and its dielectric properties. SAR coherence
γ is estimated as a measure of signal quality at each pixel from the similarity
between two SAR images in amplitude and phase difference for a small ensemble
of n according to Equation 2.13 (reproduced from Chapter 2).

|γ| =
1
n

∑n
i=1AiBi√

1
n(

∑n
i=1 |Ai|2

∑n
i=1 |Bi|2)

Ai and Bi are complex representations of the phase and amplitude of each pixel
i within the ensemble, with the complex conjugate shown by the overline. The
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Figure 4.1: (a, b, c) Landslides triggered by the 2015 Gorkha, Nepal earthquake, the 2018
Hokkaido, Japan earthquake, and the 2018 Lombok, Indonesia earthquakes, respectively,
plotted as the areal density of landsliding based on 1 km2 cells (Roback et al., 2018; Zhang
et al., 2019; Ferrario, 2019). ALOS-2 SAR acquisitions are shown in green and Sentinel-1
in blue. Landslides mapped at the end of the Lombok earthquake sequence (Lombok-2)
are inset in (c) (Ferrario, 2019). (d, e, f) Acquisition dates and track numbers of SAR
imagery used in this study. Earthquakes are shown as red vertical lines, black symbols
show pre-event image acquisition dates, and red symbols show post-event dates.
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conventional method of selecting the pixels used in this ensemble is a ’boxcar’
method, in which a small rectangular ensemble of pixels immediately adjacent
to and centred on the target pixel are used (e.g. Hanssen, 2001; Yun et al., 2015).
Alternatively, a ’sibling’ method (e.g. Spaans and Hooper, 2016) can be used where
the ensemble of pixels is selected from within a wider window.

Coherence can be decomposed into 3 components, with the total coherence depend-
ent on their product (Equation 2.14, Zebker and Villasenor, 1992):

γtotal = γtemporal · γspatial · γthermal

Here we are interested in temporal coherence γtemporal, as decorrelation of this
component reflects changes in the physical properties of the Earth’s surface between
image acquisition. The spatial coherence, γspatial, is dependent on the geometric
properties of the satellite acquiring the image and the ground surface. Decorrelation
of the spatial component of coherence γspatial is the result of small changes in
satellite viewing geometry between acquisitions and can be stronger in areas of steep
topography, as it is dependent on incidence angle. When the perpendicular baseline
of the SAR image pair used to form an interferogram is sufficiently small, this
spatial component will be small compared to any temporal decorrelation (Zebker
and Villasenor, 1992). I removed distorted pixels, which were likely to be more
strongly affected by decorrelation of γspatial, from my analysis in section 4.2.4.
Decorrelation of the thermal coherence γthermal was assumed to be insignificant,
following Zebker and Villasenor (1992).

4.2 Data and methods

4.2.1 SAR data

In this study, radar imagery was used from two satellite systems. Sentinel-1 uses C-
band radar (wavelength ∼ 5.6 cm), whilst ALOS-2 PALSAR-2 uses lower frequency
L-band radar (wavelength ∼ 24 cm). The difference in wavelength between the two
systems means that, in forested areas, L-band radar penetrates further into the
canopy than C-band. The shorter wavelength of C-band radar means it is sensitive
to surface modifications on a smaller spatial scale. For example, in a forest, C-band
radar data may detect change in the location or orientation of leaves, while L-band
is sensitive instead to changes in the location and orientation of branches. L-band
InSAR is often more useful in vegetated areas, as its deeper penetration allows it
to retain higher coherence in the absence of major vegetation changes.
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Radar systems acquire data at an oblique angle to the vertical on near-polar as-
cending and descending orbital tracks (referred to here as a and d), which are
acquired on different dates. The satellite look direction is perpendicular to the
orbit direction. The data used in this study were acquired at an angle of between
31.4◦ and 43.8◦ to vertical. This oblique acquisition angle means that on a given
track, some hillsides will be more favourably oriented to the sensor than others, and
thus information from ascending and descending tracks together can give complete
coverage of an event. As it is impossible to directly combine data from both tracks,
and in some cases imagery will only be acquired on one track within two weeks of
an event, here I considered each track separately.

4.2.2 Case studies

I used four case study events: the 2015 Mw 7.8 Gorkha, Nepal earthquake (Figure
4.1a, d); the Mw 6.6 2018 Hokkaido, Japan earthquake (Figure 4.1b, e); and two Mw

6.8 and 6.9 earthquakes from the 2018 Lombok, Indonesia sequence (Figure 4.1c, f).
These four events have several traits in common which made them suitable for this
study. First, they were all large earthquakes, triggering thousands of landslides,
making them of interest from an emergency response perspective. This also meant
that the earthquakes and associated landslides had previously been investigated,
and inventories of triggered landslides had been compiled from optical satellite
imagery (Ferrario, 2019; Roback et al., 2018; Zhang et al., 2019), enabling direct
testing of the radar methods against these independent datasets. Second, while the
vegetation types differ between the three regions, the presence of dense vegetation
across each region meant that landslide and non-landslide pixels could be expected
to have a similar first-order signal in the radar data across the events. Third,
ascending and descending track Sentinel-1 data and at least one track of high
resolution ALOS-2 data were available for all case study areas.

The Mw 7.8 2015 Gorkha, Nepal earthquake (Figure 4.1a) occurred on 25 April
2015 and triggered around 25,000 landslides over an area hundreds of kilometres
wide, as mapped by Roback et al. (2018). Sentinel-1 imagery was acquired on
tracks S019d and S085a. ALOS-2 data on track A157a were divided into subtracks
with acquisitions on different dates, shown as separate polygons on Figure 4.1a,
which will be referred to as East (E), Central (C) and West (W).

The Mw 6.6 2018 Hokkaido, Japan earthquake (Figure 4.1b) occurred on 5 Septem-
ber 2018. Two inventories have been published for this event: one containing
7,837 landslides (Wang et al., 2019) and one containing 5,265 (Zhang et al., 2019).
Neither provided information on the mapping extent so I assumed that this could
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be approximated by the convex hull of the data locations. As the inventory of
Zhang et al. (2019) has the largest convex hull, I used this inventory for validation
of the radar methods. Both descending and ascending ALOS-2 data were avail-
able for this event, with a higher spatial and temporal frequency than for the other
events. The earthquake occurred the day after Typhoon Jebi passed over Hokkaido,
and so this case study was also an opportunity to test landslide detection methods
following a rainfall event, with the advantage that because the typhoon and earth-
quake occurred one day apart, and aerial imagery of the triggered landslides was
acquired immediately afterwards, we know more more precisely when they occurred
(Yamagishi and Yamazaki, 2018). This is important if SAR methods are to be used
in the future for mapping storm-triggered landslides because factors such as wind
damage and the water content of the soil are known to affect SAR coherence and
amplitude (Rüetschi et al., 2019; Scott et al., 2017).

The 2018 Lombok earthquake sequence comprised 4 earthquakes with Mw > 6: Mw

6.4 on 28 July; Mw 6.8 on 5 August; and Mw 6.3 and 6.9 on 19 August. Ferrario
(2019) generated two landslide inventories for this sequence. Although cloud-free
imagery was not available across the whole affected area following the earthquake
on 28 July, no landslides were visible in the areas that could be mapped. Ferrario
(2019) thus presented their first inventory of 4,823 landslides triggered following
the 5 August earthquake, and a second inventory of 9,319 landslides that had been
triggered by the end of the sequence. I refer to the 5 August inventory as Lombok-1
(Figure 4.1c) and the 19 August inventory as Lombok-2 (Figure 4.1c, inset).

There are several key ways in which the events differed. First, the triggered land-
slides had very different spatial patterns, with the Gorkha earthquake triggering
landslides across an area spanning hundreds of km, while the Lombok and Hokkaido
earthquakes triggered landslides across only a few km. It can be seen in Figure
4.1 that much denser landsliding was triggered by the Hokkaido earthquake than
by the other events. Second, the sizes and shapes of the landslides were very dif-
ferent between events: the Lombok earthquakes triggered a large number of small
landslides with a median landslide area of 460 m2 for Lombok-1 and 580 m2 for
Lombok-2, compared to equivalent median areas of 4,350 m2 for Hokkaido and
1,070 m2 for Nepal (measured from the inventories of Ferrario, 2019; Roback et al.,
2018; Zhang et al., 2019). Third, the events occurred under different weather con-
ditions: the Hokkaido earthquake followed months of heavy rain and occurred one
day after Typhoon Jebi, while the Gorkha and Lombok earthquakes occurred dur-
ing the dry season. Finally, the topographic relief in the three case study areas
varied significantly. In Nepal the majority of landslides occurred on slopes of over
40◦ (Roback et al., 2018). For the Hokkaido event, the proportion of slopes > 40◦
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was very low and so the majority of landslides occurred on much shallower slopes
(Wang et al., 2019), with Lombok lying between these two extremes. This is highly
relevant to the application of SAR coherence methods to landslide detection. Steep
slopes can lead to distortion of the radar image, and coherence is also dependent on
the geometry of the hillslope and radar sensor. Therefore, we might expect that, as
hillslopes in Hokkaido and Lombok are shallower than in Nepal, landslide detection
using SAR may be more successful in these areas. These differences between the
four events made them ideal for testing the wider applicability of SAR-coherence-
based landslide detection methods in vegetated areas. If a method is to be widely
applied in the future, we need to be confident that its performance is consistent
across differing events and settings.

4.2.3 Landslide detection methods

I test two existing methods: the ARIA method of Yun et al. (2015) and the boxcar-
sibling method presented in Chapter 3. Each of these existing methods uses a single
post-event SAR image. I also present and test three new methods that incorporate
a second post-event image: the post-event coherence increase (PECI); the sum of
the coherence increase and decrease (∆C_sum); and the maximum of coherence
increase or decrease (∆C_max).

4.2.3.1 The ARIA method (ARIA)

This method was developed by the NASA ARIA project for use in urban damage
mapping and identifies ’damaged’ pixels as those where coherence has decreased in
the co-event map relative to the pre-event map. Figure 3.4 in Chapter 3 describes
the process behind this method. First the pre-event coherence map is adjusted so
that it has the same coherence frequency distribution as the co-event coherence map
using exact histogram matching (Coltuc et al., 2006). The pre-event surface is then
subtracted from the co-event surface (Yun et al., 2015). Although this method was
developed for detecting damage to buildings, Yun et al. (2015) tested it on the 2015
Gorkha earthquake and noted that landslides in the Langtang Valley corresponded
spatially to areas of coherence decrease in the ARIA surface. Coherence decrease
between pre-event and co-event interferograms has since been used as an input in
the landslide detection methods of Aimaiti et al. (2019) and Jung and Yun (2019)
applied to the 2018 Hokkaido earthquake.
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4.2.3.2 The boxcar-sibling method (Bx-S)

Rather than relying on the coherence change through time, the Bx-S method,
which I presented in Chapter 3, uses the difference between two alternative co-
event spatial methods of coherence calculation as a landslide classification surface.
The four other methods tested here all use a traditional ’boxcar’ coherence, in
which the coherence of a pixel is estimated from the similarity in phase change of
the pixels immediately adjacent to it. When a sibling-based method such as that of
Spaans and Hooper (2016) is used to estimate coherence, the coherence of a pixel
becomes dependent on ’siblings’ that are not immediately adjacent to it but that are
expected to behave similarly. For a landslide pixel, this means that its coherence is
calculated from a more dispersed ensemble of pixels than with a traditional boxcar
coherence estimate and so proportionally less of the ensemble will also lie within
the landslide (Figure 3.5). A sibling-based coherence surface is therefore relatively
insensitive to landslides, and landslides can be identified as those whose co-event
boxcar coherence is lower than their co-event sibling coherence.

4.2.3.3 Post-event coherence increase (PECI)

The coherence decrease caused in a co-event interferogram by a landslide is a tem-
porary effect, assuming that the landslide stops moving following the earthquake.
This behaviour has been observed for a large landslide triggered by the 2017 Mw

7.3 Iran earthquake (Goorabi, 2019). Therefore in a post-event interferogram (cal-
culated from two post-event images) coherence should be higher for landslide pixels
than in a co-event interferogram. As landslides expose bare rock or soil, which is
likely to have higher coherence than vegetated areas, this co-event to post-event
increase may actually be larger than the pre-event to co-event decrease used in the
ARIA method to measure landslides, making the signal easier to detect. This is
particularly the case when using C-band SAR, which experiences more decorrela-
tion than L-band in vegetated regions. Applying the same histogram-matching step
as in the ARIA method, I propose this co-event to post-event coherence increase
as a new potential landslide detection method.

4.2.3.4 Sum of coherence increase and decrease (∆C_sum)

As landslides are expected to exhibit both a decrease in co-event coherence and
an increase in post-event coherence, I summed the absolute magnitudes of these
changes to form a new landslide classification surface. As in the ARIA method, the
pre-event and post-event coherence maps were histogram-matched to the co-event
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coherence map, removing bulk changes in coherence between the three maps. This
method is equivalent to ARIA + PECI.

4.2.3.5 Maximum of coherence increase or decrease (∆C_max)

For every pixel, I took whichever was largest of the pre-event to co-event decrease
(ARIA) and the co-event to post-event increase (PECI). This method is similar
to the ∆C_sum method but uses whichever has the strongest signal. The relative
signal strength of the ARIA or PECI methods will vary by location, for example
according to the vegetation type. This method takes whichever of the two methods
has a stronger signal for any given location.

4.2.4 Data processing

SAR data were processed using GAMMA, with the LiCSAR processing software
used for Sentinel-1 (Lazeckỳ et al., 2020). The data were multilooked by a factor
of 5 in range and 1 in azimuth (Sentinel-1) and by 5 in both range and azimuth
(ALOS-2) to improve the signal to noise ratio. See Table 4.1 for information on
the data resolution and pixel size at various stages of the processing. For geometric
coregistration, I used the 1-arcsecond SRTM DEM (Farr et al., 2007).

The boxcar coherence estimate used in all methods was calculated using a 3 × 3
pixel moving window (Table 4.1). The sibling-based coherence estimate used for the
Bx-S method was calculated using the RapidSAR algorithm of Spaans and Hooper
(2016). Siblings were calculated based on all pre-event images shown in Figure
4.1 (a minimum of 6 images). For every pixel, between 15 and 50 siblings were
identified within an 81 × 81 pixel window based on their amplitude and amplitude
variability (window sizes in Table 4.1). Unfortunately, insufficient pre-event ALOS-

Table 4.1: The resolution and pixel spacing of the data at different stages throughout the
processing for Sentinel-1, ALOS-2 on tracks A018d and A116a (Hokkaido), track A157a
(Nepal) and track A129a (Lombok). Resolutions are given in Range x Azimuth coordinate
system

Resolution
(m)

Radar pixel
spacing (m)

Multilooked
radar pixel
spacing (m)

Boxcar win-
dow size (m)

Sibling search
window size
(m)

All Sentinel-1 20 × 22 2.3 × 14.0 11.6 × 14.0 34.8 × 42.0 940 × 1134
ALOS-2 018d 3 × 3 1.4 × 2.1 7.2 × 10.6 21.6 × 31.8 583 × 859
ALOS-2 116a 3 x 3 1.4 x 1.9 7.2 x 9.3 21.6 27.9 583 x 753
ALOS-2 157a 10 x 10 4.3 x 3.8 21.5 x 19 64.5 57.0 1742 x 1539
ALOS-2 129a 10 x 10 4.3 x 3.3 21.5 x 16.3 64.5 x 48.9 1742 x 1320
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2 data were available to carry out this calculation in the case of the 2015 Gorkha,
earthquake and so the Bx-S method could not be tested for this case.

In most cases, I used the co-event, pre-event, and post-event coherences with the
shortest temporal baseline; however for the inventory provided by Ferrario (2019)
for the landslides triggered by the Lombok earthquake on 19 August, I used a
co-event image that spans this earthquake and the 5 August earthquake, as the
landslide inventory contains landslides triggered by both events. After calculating
each landslide classification surface from the methods described in section 4.2.3,
I used the GAMMA software to convert the surfaces to a geographic coordinate
system. This process, involving reprojection and interpolation, results in uniform
pixel size (20 m × 22 m). I then normalised the values of each surface by the the-
oretical maximum and minimum value that could be obtained from each method,
resulting in a set of classification surfaces with values between 0 and 1, with 1 most
likely to be a landslide.

Before statistical testing, I removed distorted pixels. The oblique angle at which
SAR imagery is acquired meant that some pixels were distorted by topography
and were badly imaged by the SAR system, experiencing shadow, foreshortening,
or layover (Franceschetti et al., 1994) and decorrelation of γspatial (Section 4.2.1).
As in Section 3.2.2.4, I masked these according to the area in geographic coordinates
that contributes to the pixel in radar geometry, removing pixels with an area of 0
and those where this area was over six times larger than their multilooked pixel
spacing in radar coordinates (see Table 4.1).

I carried out statistical testing of the results at two resolutions: first, at the initial
resolution of the processed radar data in geographical coordinates (20 m × 22 m),
with the vector landslide inventories of Ferrario (2019); Roback et al. (2018); Zhang
et al. (2019) rasterized at this resolution; and second, at an aggregated resolution
of 200 m × 220 m, calculated by amalgamating 10 × 10 grids of the 20 m × 22
m pixels. As in Chapter 3, aggregated classifier pixels were given the mean value
of the unmasked pixels in the 10 × 10 grid. If over 95% of an aggregate pixel is
made up of masked pixels, the aggregate pixel was masked. I did not attempt to
map SAR classification surface values directly to landslide areal density values, as
this has not been attempted previously and may not be possible. Thus a binary
ground truth was preferable, which I generated by assigning aggregate pixels as
’landslide’ if they were composed of over 25% landslide by area according to the
rasterized landslide inventories I used for verification. The aggregation process was
done for several reasons. First, the boxcar coherence estimation has the effect of
blurring neighbouring pixels, so that the minimum size of an object that could be
resolved was dependent on the size of the 3 × 3 boxcar (see Table 4.1). In all cases
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this was larger than the 20 m × 22 m pixel spacing in geographic coordinates.
Second, I found in Chapter 3 that SAR coherence methods performed better at
lower resolutions. Third, when comparing landslide inventories, for example those
of Zhang et al. (2019) and Wang et al. (2019) for the Hokkaido earthquake, there is
often some variation in the exact shape and location of individual polygons. This
effect is decreased when inventories are downsampled. This aggregation process
is the same as that described in Chapter 3, and the effect that the choice of grid
size and landslide % area threshold were explored in that Chapter. Here, I chose
a resolution that was larger than the boxcar window but that resulted in enough
mapped landslide and non-landslide aggregate pixels for analysis. This is similar to
the resolution of other landslide products generated for emergency response (e.g.
Bessette-Kirton et al., 2019; Nowicki Jessee et al., 2018).

4.2.5 ROC analysis

I used ROC AUC values to evaluate and compare the classification ability of each
surface. For each classification surface, a threshold was set for which no pixels
were classified as landslides and then incrementally decreased until it reached a
value where all pixels were classified as landslides. At each incremental threshold,
the false positive rate (the ratio of false positives to real non-landslide pixels) was
plotted against the true positive rate (the ratio of true positives to real landslide
pixels) to form an ROC curve. The area under this curve is equal to the probability
that if a landslide pixel and a non-landslide pixel were randomly selected from the
dataset, the classifier would rank them correctly (Hanley and McNeil, 1982). For
a randomly generated surface with no classification ability, the AUC = 0.5. For
a perfect classifier, the AUC = 1.0. The implications of the use of ROC AUC in
assessing classifier performance are discussed in Section 3.2.2.3.

4.3 Results

4.3.1 Results at 200 m × 220 m resolution

Figure 4.2 shows the ROC AUC values for each classification method described
in section 4.2.3 and each track of radar data shown in Figure 4.1. The cells are
coloured so that the best performing classification surfaces are shown in green and
the weakest in red. A classifier that performs well for all events and both sensors
should therefore appear as a green row. The eastern and western tracks of S157a
and data for Lombok-2 on track A129a have been omitted, as the waiting times for
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Event

Satellite A-2 A-2

Track no. 068a 046d 116a 018d 085a 019d 157a 156a 32a 129a 156a 032d

ARIA 0.52 0.57 0.70 0.89 0.59 0.69 0.81 0.64 0.56 0.88 0.49 0.45

Bx-S 0.59 0.58 0.52 0.44 0.66 0.74 - 0.64 0.55 0.68 0.67 0.60

Waiting time (days) 8 0 1 1 8 4 7 3 0 13 1 4

PECI 0.79 0.78 0.66 0.80 0.66 0.68 0.81 0.64 0.69 0.93 0.68 0.68

ΔC_sum 0.73 0.73 0.70 0.88 0.66 0.71 0.88 0.71 0.62 0.92 0.63 0.57

ΔC_max 0.74 0.75 0.64 0.89 0.62 0.71 0.85 0.72 0.62 0.92 0.65 0.59

Waiting time (days) 20 12 15 15 20 16 91 9 6 153 7 10
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Figure 4.2: (a) AUC values for each classifier described in section 4.2.3 at a resolution
of 200 m × 220 m. For Hokkaido, I used the inventory of Zhang et al. (2019). Insufficent
pre-event data were available on A157a to calculate the Bx-S classification surface. Colours
range from red (worst performing AUC < 0.55) to green (best performing, AUC >0.80). (
b, c, d) Examples of ROC curves for (b) the ARIA method on track S156a, Hokkaido; (c)
the Bx-S method on track S156a, Lombok-2; (d) ∆C_max on track A157a, Nepal.

the first post-event image were very long (77, 63 and 139 days respectively). This
long time window resulted in widespread co-event coherence loss that adversely
affected classifier performance. Such a long waiting time would make it extremely
unlikely that these data could be used in emergency response and the poor per-
formance is unlikely to be representative of classifier behaviour when using more
timely imagery.

The methods are grouped by the number of post-event images that are required,
and the waiting time in days for this imagery for each event and SAR track is also
given. As the primary scientific use for post-seismic ALOS-2 imagery is to form
a co-event interferogram, only one post-event image was acquired immediately
following the Lombok-1 and Nepal earthquakes, with the waiting time for the
second post-event image being considerably longer. I still include these results as
the waiting time for L-band radar data is likely to decrease in the future with the
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4.3.1. Results at 200 m × 220 m resolution

(a) S032d, Bx-S, AUC=0.55 (b) S156a, Bx-S, AUC=0.64 (c) S032d, PECI, AUC=0.69

(d) S156a, ΔC_sum, AUC=0.71 (e) A129a, ARIA, AUC=0.88 (f) A129a, ΔC_sum, AUC=0.92

(g) Optical satellite data

0   1   2   3   4   5   6   7   8   9  10  11  12  13  14 153

Days after earthquake

(a)  (b)          (c)           (d)                   (e)                   (f)

Scaled Radar Classifier
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Landslide % Area

0 50 100

Figure 4.3: (a-f) Time series of classification surfaces in the order that SAR data were ac-
quired on tracks S032d, S156a and A129a following the 5 August 2018 Lombok earthquake,
using the methods I recommend in section 4.3.1.(g) Observed Landslide areal density for
200 m x 220 m pixels (calculated from Ferrario, 2019).

planned NASA/ISRO NiSAR satellite constellation, which is expected to launch
in 2022, acquiring data globally with a 12 day repeat time (Sharma, 2019).

If only data acquired within the two week emergency response window is considered
(Inter-Agency Standing Committee, 2015), the highest AUC in Hokkaido was ini-
tially 0.58 on day 0 using the Bx-S method on S046d, rising to 0.89 after 1 day with
data from track A018d and the ARIA method. In Nepal, the first radar data were
acquired on day 4 on track S019d, from which the highest AUC of 0.74 was ob-
tained using the Bx-S method. On day 7, the first ALOS-2 image was acquired on
A157a, and more accurate information could have been generated using the ARIA
method (AUC 0.81), although this ALOS-2 scene covers a smaller area than the
Sentinel-1 data (Figure 4.1). In Lombok, the 6-day Sentinel-1 acquisition window
meant that a large volume of data was available within two weeks of these events.
The best data and method for Lombok-1 evolved as follows: ARIA, S032d (day 0,
AUC 0.56); ARIA or Bx-S, S156a (day 3, AUC 0.64); PECI, S032d (day 6, AUC
0.69); ∆C_max, S156a (day 9, AUC 0.72); ARIA, A129a (day 13, AUC 0.88). The
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corresponding classification surfaces for this evolution are plotted in Fig. 4.3. For
Lombok-2, the first Sentinel-1 image was acquired on day 1, track S156a, and had
an AUC of 0.67 using the Bx-S method, which could be slightly improved upon
using the second post-event image that was acquired on day 7, using PECI (AUC
0.68). No ALOS-2 data was available within 2 weeks of this earthquake. Therefore
in most cases, initially only Sentinel-1 data are available and the best option is
the Bx-S method. This can then be improved upon when the first ALOS-2 image
becomes available using the ARIA method. For Lombok-1 and Lombok-2, where
two post-seismic Sentinel-1 images became available before the first ALOS-2 image,
incorporating these data also improved on the accuracy of the result.

With a single L-band post-event image, the ARIA method was the best-performing
landslide classification surface in all cases. An improvement was seen when an
additional post-event image was acquired and methods requiring this image were
used for the case of Lombok and Nepal but not for Hokkaido. When a single C-band
post-event image was used, the Bx-S method outperformed ARIA for Hokkaido,
Gorkha and Lombok-2 and had a similar performance for Lombok-1. The addition
of a second post-event image and adoption of methods that used this image showed
an improvement in Hokkaido and Lombok-1, but not in Nepal. However, when
considering Figure 4.2a as a whole, methods that used a second post-event image
were both better performing and more consistent across event and sensor type.
When looking across all three events, the best option in terms of AUC was to use
the ∆C_sum method with L-band imagery. When grouped by event and radar
look direction and ranked according to AUC, ∆ C_sum using ALOS-2 was ranked
3rd out of 10 classification surfaces for descending imagery over Hokkaido, 1/9 for
ascending imagery over Nepal and 2/10 for ascending imagery over Lombok-1. A
comparison cannot be made for ascending track data in Hokkaido, as A116a and
S085a had different look directions (westwards and eastwards respectively).

Figure 4.4 shows the landslide classification surfaces calculated using the ∆C_sum
method and ALOS-2 data of each event, alongside the aggregated validation land-
slide data. In Figure 4.4b, d, f, cells made up of <1% landslide by area are masked.
In order to recreate this in the radar surface, it was necessary to threshold and plot
only pixels that were most likely to be landslides based on their classifier value.
Here I applied a threshold such that the number of pixels plotted in panels (a, c, e)
is the same as the number in panels (b, d, f), respectively. These threshold values
were similar, but not identical, and I expect that more case study sites would be
required to determine a more general threshold for application in future events.
However, in each case, the spatial pattern of landsliding in (b, d, f) was recreated
using the radar surfaces (a, c, e), which would allow the worst affected areas to be
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Figure 4.4: SAR-based landslide classification surfaces for the Gorkha (a), Hokkaido (c)
and Lombok-1 (e) earthquakes calculated with ALOS-2 radar data using the ∆C_sum
method at a 200 m × 220 m resolution. (b, d, f) Observed landslide density calculated as
the percentage of each 200 m × 220 m cell covered by landsliding for each event according
to the inventories of Ferrario (2019), Roback et al. (2018), Zhang et al. (2019) respectively.
Cells where landslide density was 0 were masked. For the ∆C_sum surface, a threshold
value of the classifier was selected such that the number of cells plotted in panels (a, c, e)
for each event was the same as the number plotted in panels (b, d, f)
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identified for emergency response even without strict definition of this threshold.

4.3.2 Variation across event and sensor type

The AUC values varied significantly across event and sensor type. L-band radar
outperformed C-band in the majority of cases, but for some methods, I observed
additional effects causing differences in performance.

For methods relying on a co-event vs. pre-event coherence decrease (i.e. ARIA,
∆C_sum, ∆C_max), landslides associated with Lombok-2 were more difficult to
predict than Lombok-1 (Figure 4.2). This is likely to be due to the co-event acquis-
ition time window, which was 6 days for the first inventory, but had to be increased
to 18 days on track S156a and 24 days on S032d in order to span both earthquakes.
This will have caused temporal decorrelation of vegetated non-landslide pixels, res-
ulting in a smaller difference between landslide and non-landslide co-event coher-
ence and making it more difficult for the classifier to distinguish between these. The
same effect was seen in Nepal, where 12 day interferograms were used for S019d,
but 24 day pre-event and co-event interferograms were used for S085a.

Generally, the Bx-S method was more consistent across sensor type than the ARIA
method. The ARIA method performed better than the Bx-S method with ALOS-2
data, but worse with Sentinel-1. There are several possible reasons for this. First,
the longer wavelength of L-band SAR meant that it was able to maintain a higher
coherence in the pre-event interferogram, so that the coherence difference for a
landslide pixel in a pre-event and co-event interferogram was larger, resulting in
better performance from ARIA. Second, in the Bx-S method, siblings are identified
using pre-event imagery. As Sentinel-1 imagery is acquired every 12 days, more
images were available for this calculation and were acquired over a shorter time
period (Figure 4.1). Therefore it may be that the siblings selected by RapidSAR
were of a higher quality when using Sentinel-1 imagery than when using ALOS-2,
giving a more reliable sibling coherence estimate.

4.3.3 Results at 20 m × 22 m resolution

While the main aim of this chapter was not to map individual landslides, I also
show results at a 20 m x 22 m scale (the resolution of the classification surfaces in
geographic coordinates), with pixels that are sufficiently small to resolve individual
landslides (Figure 4.5). My results show that SAR methods were less successful at
this resolution than when downsampled, with AUC on average 16 % lower using
Sentinel-1 data and 11 % lower using ALOS-2 data. Using Sentinel-1 data, AUC
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values were low, ranging from 0.49 (ARIA, Lombok-2) to 0.61 (PECI, Hokkaido).
From this I conclude that mapping individual landslides with Sentinel-1 data was
not possible using the methods tested here, which supports similar preliminary
findings presented in Chapter 3.

Classification surfaces using ALOS-2 are more promising, with AUC up to 0.80
(∆C_max, Lombok-1). As in Section 4.3.1, ∆C_sum performed best, having the
highest AUC on tracks A116a and A157a, and an AUC of only 0.01 less than the
best performing classification surface on tracks A018d and A129a. Figure 4.6 shows
small regions of this surface overlain with landslide polygons for each event. While
the landslides generally coincide spatially with high classifier values, it is clear
that it would not have been possible in most cases to map the landslide polygons
using the radar data. Some large landslides (Figure 4.6b, d) contain pixels with
high classifier values. However, in (d), there are also areas of mapped landslide
that do not have high classifier values, and in (a) and (c) the landslides are too
small. Therefore I conclude that, while radar coherence methods show promise in
individual landslide detection, it was not possible using the methods tested here,
and there is likely to be a minimum detectable landslide size, which will depend on
the spatial resolution of the SAR data.

Event

Satellite A-2 A-2

Track number 068a 046d 116a 018d 085a 019d 157a 156a 032d 129a 156a 032d

ARIA 0.51 0.51 0.62 0.72 0.52 0.58 0.68 0.53 0.50 0.76 0.50 0.49

Bx-S 0.52 0.52 0.52 0.51 0.56 0.59 - 0.54 0.52 0.69 0.53 0.52

Waiting time (days) 8 0 1 1 8 4 7 3 0 13 1 4

PECI 0.60 0.61 0.60 0.65 0.54 0.55 0.67 0.53 0.54 0.76 0.53 0.55

ΔC_sum 0.57 0.58 0.63 0.71 0.54 0.57 0.72 0.54 0.52 0.79 0.52 0.52

ΔC_max 0.58 0.59 0.60 0.72 0.53 0.57 0.70 0.54 0.53 0.80 0.52 0.54

Waiting time (days) 20 12 15 15 20 16 91 9 6 153 7 10

Lombok 2
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Figure 4.5: AUC values for each classifier described in section 4.2.3 at a resolution of 20
m × 22 m. For Hokkaido, I use the inventory of Zhang et al. (2019). Insufficent pre-event
data were available on A157a to calculate the Bx-S classification surface. Colours range
from red (worst performing AUC < 0.55) to green (best performing, AUC >0.80).
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Colour scale bars should go here

Weak Strong

(a) (b)

(c)
(d)

Scaled Radar Classifier

Figure 4.6: ∆C_sum classification surface calculated using ALOS-2 data displayed at 20
m x 22 m resolution with mapped landslide polygons in black. (a) Lombok: track A129a for
the 5 August 2018 event (Ferrario, 2019). (b) Hokkaido: track A018d, landslide polygons
from Zhang et al. (2019). White polygons show the locations of forested areas mapped
using Sentinel-2 data. (c,d) Nepal: track A157a(C), landslide polygons from Roback et al.
(2018).

4.4 Discussion

In this chapter, I have demonstrated that SAR data are widely applicable to land-
slide detection in vegetated areas within the timeframe of the emergency response
effort. For example, within the two week limit suggested by Inter-Agency Standing
Committee (2015); Williams et al. (2018), it would have been possible to generate
triggered landslide density information using the ARIA method with ALOS-2 data
with an ROC AUC of 0.81 in Nepal, 0.89 in Hokkaido and 0.88 in Lombok-1 (Fig-
ure 4.2). In this section, I first consider the applications of the SAR methods to
future events, and then turn to potential sources of errors. Finally I discuss future
work that would allow wider application of SAR methods to landslide detection.
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4.4.1 Application

4.4.1.1 Landslide density estimation

I found that radar methods were better suited to identify areas severely impacted
by landslides than to the identification of individual landslides. The aggregated
resolution of 200 m x 220 m that I used here was not high enough to identify
individual landslides. However it was higher than the resolution of most empirical
landslide susceptibility models designed for rapid response (Allstadt et al., 2018;
Nowicki Jessee et al., 2018) and landslide maps generated from optical satellite
imagery for use in aid efforts by Bessette-Kirton et al. (2019) following Hurricane
Maria, Puerto Rico in 2017, and byWilliams et al. (2018) following the 2015 Gorkha
earthquake. SAR data seem best suited to producing products at this spatial scale.
For example, Bessette-Kirton et al. (2019) produced a grid of 2 x 2 km pixels and
assigned them as ’high landslide density’ (>25 landslides), ’low landslide density’
(1-25 landslides) or ’no landslides’ (Figure 1.2c). This was published a month after
the hurricane using optical imagery acquired between 6 and 18 days after the event.
As radar data are available within a few days of an earthquake, equivalent products
could easily be generated from radar within this timescale.

Landslide density maps can be combined with data on population density in order
to estimate exposure, as in Nowicki Jessee et al. (2018). They can be used alongside
maps of roads to identify transport routes that are likely to be blocked, and maps
of river networks in order to identify areas where a landslide may have temporarily
dammed a river, posing a risk of flash flooding when the dam collapses (Robinson
et al., 2018). Information of this kind may guide aerial assessments of landslides
such as that by Collins and Jibson (2015), which was carried out 32-36 days after
the 2015 Gorkha earthquake to identify possible landslide dams. Although here I
did not directly extract landslide density values from the SAR coherence techniques,
this may be possible in the future, and is attempted in Chapter 5. Furthermore,
the areas of intense landsliding identified using the techniques tested in this chapter
could be applied in a similar manner to landslide density information, by allowing
identification of the worst hit areas in the initial phases of the emergency response.

4.4.1.2 Recommendations on data and methods

I showed in Section 4.3 that, in the majority of cases, landslide classification sur-
faces generated using L-band data outperformed those generated from C-band data.
Currently, the main source of L-band data is the ALOS-2 satellite system. This
system has a 14 day repeat time and one of its objectives is disaster response.
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Therefore, in most cases, a post-seismic image will be made available within two
weeks of an earthquake, with the main purpose of producing a co-seismic interfero-
gram that can be used to measure ground displacement and infer fault geometry.
However, as this interferogram requires only one post-seismic image, the waiting
time for a second image may be several months, as was the case following the Nepal
and Lombok earthquakes. Therefore in an emergency response situation, it is likely
that only one L-band image will be available within the required timeline, and so
the ARIA method would be the best available classification surface. L-band data
are also less likely to be acquired following a rainfall event, even if this event triggers
many landslides, as ground displacement maps and therefore interferograms are not
needed. In the future, however, the availability of L-band SAR is likely to increase
with the planned NiSAR and ROSE-L satellite constellations. The NASA-ISRO
NiSAR mission, planned to launch in 2022, will acquire L-band data continuously
with a 12-day repeat time over all landmasses globally (Sharma, 2019), while the
ESA ROSE-L constellation, whose launch date is planned in 2026 will have 6-day
global repeat coverage, and 3-day in Europe (Pierdicca et al., 2019).

While Sentinel-1 data yield generally lower AUC values (Figures 4.2a, 4.5), the
system acquires data continuously over global tectonic belts with a 12 day repeat
time, with all data made freely available. Image acquisitions on ascending and
descending tracks are offset in time so that the waiting time for a single post-event
track is always less than 6-12 days. Over Europe, Sentinel-1 data are acquired at
twice this frequency, meaning that the first post-event image should be available
within 3 days (ESA, 2019). As the data are regularly acquired, they will be available
for rainfall events as well as earthquakes. In some cases, two post-event Sentinel-1
images may be acquired before the first ALOS-2 image becomes available. It is more
difficult to make a definitive recommendation for the best method to use in this
situation, as performance varies significantly between events. With one post-event
image, the Bx-S method is the best performing classifier with Sentinel-1, and in
Nepal remains the best classifier even after additional post-event Sentinel-1 images
have been acquired. With two post-event images, the best performing classifier in 2
out of 8 cases is either ∆C_sum or ∆C_max. However in cases where the presence
of vegetation means that pre-event coherence and non-landslide co-event coherence
are very low, the best option is to use PECI (e.g., Lombok-1 S032d, Lombok-2,
Hokkaido). Inspection of the pre-event coherence should therefore be carried out
first to select which method to use.
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4.4.2 Sources of incorrect classifications

4.4.2.1 Building damage

As the ARIA method was originally designed to detect urban damage, it is un-
surprising that damaged buildings cause false positives in SAR coherence-based
methods for landslide detection. Large scale signals, such as the town of Atsuma
in Hokkaido, could be removed using a land cover map, but masking landslides in
built-up areas is clearly disadvantageous as this is where they would do the most
damage. Additionally, buildings located outside of large towns may not be included
in such maps, but damage to these would still result in false positives. These false
positives will occur using all the methods in this study. They are particularly likely
to have negatively affected the AUC values for A116a in Hokkaido, as this track
had a larger proportion of non-landslide pixels lying in built up areas.

4.4.2.2 Wind damage

In Hokkaido, I observed some large false-positive patches in ARIA, PECI, ∆C_sum
and ∆C_max classification surfaces using ALOS-2 data and PECI, ∆C_sum and
∆C_max surfaces using Sentinel-1. These correspond spatially to areas of ever-
green needleleaf forest in the Japanese Aerospace Exploration Agency (JAXA) high
resolution land use and land cover map of Japan (JAXA, 2018). Areas with this
forest cover, which I mapped using Sentinel-2 imagery, are outlined in white on
Figure 4.6b.

I hypothesise that this type of vegetation may have been damaged by wind during
Typhoon Jebi, which passed over the area the day before the earthquake, causing
a coherence decrease that is similar to that caused by landsliding. This type of
forest has a comparatively high coherence in both pre-event and post-event L-band
interferograms, giving it a strong signal in ARIA, PECI, ∆C_sum and ∆C_max.
This effect may also explain why the low coherence area extends beyond the area
affected by landslides (an effect visible in my data, and also observed by Fujiwara
et al. (2019)). Unfortunately, none of the SAR data in this study were acquired
between the typhoon and the earthquake, which would have allowed separation of
the two events. However, these forest patches have no signal in amplitude-based
methods, which has been observed in the study of Fransson et al. (2010) of wind-
damaged forest at this resolution. This lack of an amplitude signal may allow these
false positives to be removed through a combination of amplitude and coherence-
based classification surfaces. Additionally, I observed that these patches of forest
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are generally much larger than the landslides and so could perhaps be removed if
object- rather than pixel-based classification were used.

4.4.2.3 Snow

Snow is a potential source of error when using SAR in landslide detection. There is
a strong difference in SAR backscattering properties between wet snow, dry snow
and no snow (Koskinen et al., 1997). As such, decreased coherence can be caused
by snow melt, drift or fall between image acquisitions. Examination of Sentinel-2
imagery shows there was no snow cover at the time of the Hokkaido earthquake,
and snow is not likely in Lombok due to the high temperatures. I do not have exact
snow cover data for Nepal at the time of the earthquake, but in April approximately
1/5 of the country’s total area would have been covered in snow (ICIMOD, 2013).
Therefore at high altitudes, it is reasonable to assume that some false positives
may have been caused by snow, particularly on track A129a due to the long time
interval between image acquisitions.

4.4.2.4 Rivers

The Bx-S method is effectively a spatial filter on co-event coherence, removing
signals that cover a large area. Therefore small, low coherence objects will be iden-
tified as landslides. This includes rivers, as demonstrated by Spaans and Hooper
(2016). As the low coherence caused by a river is not temporary, this should have
less of an effect on the other coherence methods tested here. However, changes in
position or water level are likely to result in false positives in all coherence-based
classifiers.

4.4.2.5 Landslide density

When using the Bx-S method in Hokkaido, I found low AUC values with both
L-band and C-band SAR. Visual comparison of the boxcar and sibling coherence
surfaces shows that the area affected by landslides had a low coherence in both,
rather than the expected case where the boxcar coherence is lower than the sibling
coherence. I suggest this may be due to the intensity of the damage caused by
this event, both in terms of the landslides, which had a much higher density than
for Nepal or Lombok, and possibly also in terms of vegetation damage caused by
Typhoon Jebi. Since the Bx-S method relies on siblings of a landslide pixel lying
outside the landslide, it may not work well in the case where many landslides are
close together. This is similar to the case found in Section 3.4.2, where the Bx-S
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method was unable to identify large landslides if the sibling search window was not
sufficiently large.

4.4.3 Future work

I have demonstrated that the classification ability of a method can vary significantly
based on the data used, the nature of the triggering event, and the resolution of the
analysis. For example, the Bx-S method performed significantly better in the case
of Nepal than Hokkaido, and the ARIA method was up to 32% more successful
when using ALOS-2 compared to Sentinel-1 data with the same event and look
direction. Thus it is clear that any future SAR-based classification method must
be widely tested on multiple events, and it cannot be assumed that a method
performing well with one SAR dataset will be equally successful using data from a
different sensor.

While I tested ascending and descending tracks separately, a more complete pic-
ture would be obtained through combining these two tracks, as hillslopes which
are unfavourably oriented to the satellite in one track are likely to be more favour-
ably oriented to the other track. A complete map would be easier to interpret for
emergency responders than two maps, each of which is missing landslides on unfa-
vourably oriented slopes. This is particularly important since landslides are most
likely on steep slopes where these orientation effects are likely to be most severe.

Although I selected earthquakes to use as case studies, SAR methods could be
equally useful in the case of rainfall-triggered landslides, where cloud cover may
also cause delays to mapping using optical satellite imagery. I have shown that SAR
methods performed well in Hokkaido, where the co-event coherence maps spanned
both an earthquake and a typhoon. This demonstrates that the alterations in SAR
coherence and amplitude that can result from changes in soil moisture content are
not prohibitive to the application of SAR methods to rainfall-triggered landslides,
although some false positives may have been caused by wind damage.

The Lombok case studies demonstrate the importance of knowing the timing of
the landslides when applying current methods. When moving from Lombok-1, in
which all landslides were assumed to have been triggered by a single earthquake,
to Lombok-2, which contained landslides triggered by a series of earthquakes over
a two-week period, it was necessary to increase the timespan of the Sentinel-1
co-event interferograms from 6 days to 24 days on track S032d and 18 days on
track S156a, which significantly reduced the AUC of the classification methods.
Therefore, if we wish to apply radar methods more widely to landslide triggering
events that are dispersed through time, such as long rainfall events (e.g., those
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associated with the monsoon) or earthquake sequences, more work will be required
on the characterisation of the signals of landslides in radar imagery through time.

4.5 Conclusions

I have demonstrated that it is possible to generate landslide density information
from SAR coherence within a typical two-week emergency response time-frame and
at a useful spatial resolution. The best performing method is dependent on the
wavelength of the available imagery and the number of post-seismic images available
during the emergency response. The ARIA method is the best performing method
when only one L-band image is available (ROC AUC = 0.7-0.89), and this method
could be applied within two weeks for three out of my four case study events.
However, Sentinel-1 data were available earlier than ALOS-2 for all of the events
studied here, with the first image available within 4 days of each earthquake. Using
the first post-event Sentinel-1 image acquired, the best method is the Bx-S method
with AUC between 0.58-0.74. Methods that use a second post-event image improve
overall accuracy by an average of 10 % and are more consistently reliable across
event and sensor type. These approaches could be valuable for landslide mapping
when latency is less important, but the additional waiting time for the second
post-event image is a disadvantage in an emergency response situation.
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Chapter 5
Improved Rapid Landslide

Detection from Integration of
Empirical Models and Satellite

Radar

Chapter Overview

In this chaper, I seek to integrate and compare empirical models of landslide sus-
ceptibility, which are commonly used to inform the emergency response when land-
slide information derived from optical satellite imagery is unavailable, and the
SAR-coherence-based methods which I have presented in Chapters 3 and 4 of this
thesis. I use random forest regression to combine these two methods, and demon-
strate that an empirical model incorporating SAR coherence can outperform both
the SAR coherence methods from Chapter 4 and an equivalent empirical model
that does not use SAR data.

5.1 Introduction

Earthquake-triggered landslides are a major secondary hazard associated with large
continental earthquakes and disrupt emergency response efforts. Information on
their spatial distribution is required to inform this emergency response, but must
be generated within two weeks of the earthquake in order to be useful (Inter-Agency
Standing Committee, 2015; Williams et al., 2018). The most common method of
generating landslide information is manual mapping using optical satellite imagery,
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but this is a time-consuming process and can be further delayed by weeks or even
months due to cloud cover (Robinson et al., 2019), leading to incomplete landslide
information during the emergency response.

In the absence of optical satellite imagery, there are two options for generating
information on the intensity and spatial extent of landslides in the immediate af-
termath of a large earthquake. The first is to produce empirical susceptibility maps,
using factors such as slope, lithology and estimations of ground shaking intensity
to predict areas where landslides are likely to have occurred (e.g. Nowicki Jessee
et al., 2018; Robinson et al., 2017; Tanyas et al., 2019). The second is to estim-
ate landslide locations based on their signal in SAR data, which can be acquired
through cloud cover and so can provide a more complete picture than optical satel-
lite imagery (e.g. Chapters 3 and 4 of this thesis; Aimaiti et al., 2019; Jung and
Yun, 2019)

To generate an empirical landslide susceptibility model, a training dataset of mapped
landslides is analysed alongside maps of factors known to influence landslide likeli-
hood such as slope, land cover and ground shaking estimates, and a model is pro-
duced that predicts landslide likelihood based on these inputs. A range of methods
have been used to generate landslide susceptibility models, including Fuzzy Logic
(Kirschbaum and Stanley, 2018; Kritikos et al., 2015; Robinson et al., 2017), Lo-
gistic Regression (Nowicki Jessee et al., 2018; Tanyas et al., 2019) and Random
Forests (Catani et al., 2013; Chen et al., 2017). When generating a susceptibility
map for emergency response, the training dataset can be either a global collec-
tion of earthquake-triggered landslides (e.g. Kritikos et al., 2015; Nowicki Jessee
et al., 2018; Tanyas et al., 2019), or a small sample of the affected area mapped
immediately following the earthquake (e.g. Robinson et al., 2017). Here, I will
refer to these two model types as "global" and "same-event" models respectively.
The global model of Nowicki Jessee et al. (2018) is routinely used to generate
landslide predictions after large earthquakes, which are published on the USGS
website https://earthquake.usgs.gov/data/ground-failure/. These models
provide useful predictions of landslides for earthquakes within hours of the event
(e.g. Thompson et al., 2020, Figure 1.5). However, the model has been shown to
struggle in the case of complicated events, for example in 2018, when landslides
were triggered by a series of earthquakes in Lombok, Indonesia, rather than a single
large event (Ferrario, 2019).

Several SAR methods have been developed for use in earthquake-triggered landslide
detection (e.g. Chapters 3 and 4 of this thesis; Jung and Yun, 2019; Mondini et al.,
2019; Yun et al., 2015). SAR data can be acquired in all weather conditions, and
with recent increases in the number of satellites in operation, data are likely to
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be acquired within days of an earthquake anywhere on Earth. In vegetated areas,
the removal of vegetation by a landslide alters the scattering properties of the
ground surface, giving it a signal in SAR data. In Chapter 4, I demonstrated that
such methods can be widely applied in vegetated areas, and can produce useable
landslide information within two weeks of an earthquake. However, in some cases
false positives can arise from building damage or factors such as snow or wind
damage to forests (Section 4.4.2).

Recently, Masato et al. (2020) and Aimaiti et al. (2019) have demonstrated the pos-
sibility of combining SAR-based landslide indicators with topographic parameters
in order to improve classification ability. Aimaiti et al. (2019) used a decision tree
method to combine topographic slope with SAR intensity and coherence to detect
landslides triggered by the 2018 Hokkaido earthquake, and Masato et al. (2020)
used Random Forest classification to combine several landslide indicators based on
polarimetric SAR and topography to detect landslides triggered by two events in
Japan: the 2018 Hokkaido earthquake and heavy rains in Kyushu, 2017. While
these studies established the promise of a combined approach to landslide detection,
they did not assess the relative merits of empirical, SAR and combined methods.
Furthermore, the two studies combined only SAR and topographic landslide in-
dicators, omitting factors such as lithology, land cover and ground shaking data,
which are also commonly used in empirical landslide modelling (Nowicki Jessee
et al., 2018; Robinson et al., 2017).

In this chapter, I aim to establish which of these three options is best: Susceptibility
maps, SAR-based landslide detection, or a combination of these. In order to do
this, I began with a same-event empirical model of landslide susceptibility based
on ground shaking, topography, lithology and land cover, all of which are available
within hours of an earthquake. For the modelling, I used Random Forests, a
machine learning technique that has been demonstrated to perform well in landslide
detection (Chen et al., 2017). I chose to model landslide areal density rather than
individual landslide locations as both empirical models and SAR-based methods
perform best at relatively low spatial resolutions (within the range 0.01-1 km2)
(Chapters 3 and 4; Nowicki Jessee et al., 2018; Robinson et al., 2017). This
output is different to the majority of empirical models, which usually produce a
map of predicted landslide probability (e.g. Nowicki Jessee et al., 2018; Robinson
et al., 2017), and SAR methods, which produce either a binary classification surface
or a landslide intensity proxy map (e.g. Chapters 3 and 4; Yun et al., 2015).

I then progressively added SAR data to the inputs used in this initial empirical
model in the order in which they became available following each case study earth-
quake. At each stage in this process, I assessed the ability of the model to recreate
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the landslide areal density in the test area of the landslide dataset using ROC
analysis and by calculation of the root mean squared error (RMSE). Using ROC
analysis, the classification ability of all of these models can be compared with the
results from individual SAR-based methods presented in Chapter 4. This allows
conclusions to be drawn on the relative performance of empirical landslide sus-
ceptibility models, SAR-based landslide detection, and combined models. I focus
primarily on the same-event model type, but also assessed the performance of a
limited global model in which I trained on landslide data from two earthquakes
and predicted the third, allowing speculation on the performance of a global model
trained on a larger number of earthquakes.

5.2 Data and Methods

When generating an empirical model of, in this study, landslide areal density, the
aim is to take a selection of input features (e.g. slope, elevation, land cover) that
influence landslide likelihood and to carry out some form of regression on a training
dataset of mapped landslides. The relationships established by this regression can
then be used to predict landslide areal density in areas where there are no mapped
landslide data available based on these input features. Here, I used Random Forests
to carry out this regression.

5.2.1 Random Forest Theory

Random Forests are an extension of Decision Tree methodology, in which a large
number of decision trees, each seeing different combinations of input data, are com-
bined. This avoids overfitting the training data, a problem when using individual
decision trees (Breiman, 2001). A very simple example of the Random Forest
method using only two trees to estimate the value a sample should be assigned
based on colour and shape is shown in Figure 5.1. First the training dataset is
bootstrapped so that each tree sees only a subset of the original pixels (Figure
5.1a). Each tree carries out a series of ’splits’, in which the data are divided in two
based on some criteria, for example having a slope value of less than or more than
30◦ (Figure 5.1b). These splits are chosen based on the improvement they offer to
the ability of each tree to correctly predict its training data. Every tree remembers
how it split the training data, and then applies the same splits as it attempts to
model the test data (Figure 5.1c). For Random Forest Regression, the mean value
of all trees is taken as the model output for every sample (Breiman, 2001).
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Initial Balanced Training Dataset

Bootstrapped Training Datasets

1 3 62 4 5 7
8 9
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MAE: 0.26 – 0.11

Y N

6 samples 
(2,8,9,11,12,14)
Mean X: 0.06
MAE: 0.08

4 samples (1,3,5,7)
Mean X: 0.59
MAE: 0.17
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Figure 5.1: A simplified example of Random Forest Regression with a forest of two trees.
The value of X for a sample is modelled based on its shape and colour. An initial dataset
in (a) is bootstrapped to produce two slightly different datasets for use in tree 1 and tree
2. (b) Two trees which reduce mean absolute error. At each node, the number of samples,
the mean value of the samples, the input feature on which the samples are split, and the
mean absolute error of the samples before and after ("before - after") the split if they are
assigned the mean value is listed. In (c) the value of X for a new sample is modelled from
the average output across both trees.

Random Forests are relatively computationally inexpensive, and because of this,
can use a large number of input features. Unlike, for example Logistic Regression,
Random Forests do not require input features to be independent, which is advant-
ageous here due since coherence is sensitive to both slope (due to decorrelation of
γspatial, Section 2.4) and land cover, as well as the presence or absence of land-
slides. Input features of Random Forests do not need to be monotonic and can be
categoric or continuous. Catani et al. (2013); Chen et al. (2017) and Masato et al.
(2020) have demonstrated that Random Forests can yield good results in landslide
detection. Random Forests are therefore well suited to the combination of SAR
methods with static landslide predictors.
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5.2.2 Implementation

To implement the Random Forests method, I used the python scikit-learn package
(Pedregosa et al., 2011). The model is defined by a number of parameters that
can have a noticeable effect on the model. First of these is the criteria on which a
split should be assessed. In my model, splits were carried out that minimised mean
absolute error (MAE). This criterion was selected based on Ziegler and König
(2014). The second parameter describes the bootstrapping step (e.g. Figure 5.1a).
Here the data were bootstrapped so that a number of random samples was taken
equal to the number of pixels in the training dataset. Each individual pixel is
therefore likely to appear in around two thirds of the bootstrapped datasets (Efron
and Tibshirani, 1997). This process improves the stability of the model by ensuring
that each tree is trained on a slightly different subset of the training data (Breiman,
2001).

Table 5.1 shows a further five parameters that define the setup of a Random Forest
model in scikit-learn. First the number of trees, n_estimators, defines the number
of decision trees that make up a forest. More trees can increase model accuracy
up to a point, but also result in a more computationally expensive model. Second,
max_features defines how the fraction of possible input features considered when
carrying out a split is calculated. For example, here I had 17 input features, so with
square root (sqrt) selected, four input features would be considered at each split.
Max_depth defines the maximum "depth" of each decision tree i.e. the longest
path length from the beginning of the tree to the end. For example, in Figure 5.1,
tree 1 has a depth of 3 and tree 2 has a depth of 2. Finally, min_samples_split
is the minimum number of samples a node has to contain before splitting for a
split to be allowed, while min_samples_leaf is the minimum number of samples
assigned to either branch after splitting for a split to be allowed. For each of these
five parameters, I selected several possible options, which are shown in the final
column of Table 5.1. I then used the GridSearchCV function in sci-kit learn to select
an optimised model by running multiple models with every possible combination
of these values (Pedregosa et al., 2011).

5.2.3 Landslide datasets

I used polygon landslide inventories compiled for three large earthquakes that each
triggered thousands of landslides: the inventory of Roback et al. (2018) of 24,915
landslides triggered by the Mw 7.8 2015 Gorkha, Nepal earthquake; the inventory
of Zhang et al. (2019) of 5,265 landslides triggered by the Mw 6.6 Hokkaido, Japan
earthquake; and the inventory of Ferrario (2019) of 4,823 landslides triggered by the
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Table 5.1: Options for the Random Forest in Scikit-learn over which a grid search optim-
isation was carried out (Pedregosa et al., 2011).

Parameter Definition GridSearch
n_estimators The number of decision trees that make up a

forest
[75, 100, 125]

max_features The number of input features (as a function of
the total) considered when looking for a split

[’log2’,’sqrt’]

max_depth The maximum depth of the tree [10,15,20,30]
min_samples_split The minimum number of samples at a node for

a split to be allowed
[2,3,4,5]

min_samples_leaf The minimum number of samples that would
result at each leaf for a split to be allowed

[2,10]

Mw 6.8 Lombok, Indonesia earthquake on 5 August, 2018 (See Figure 4.1 for the
extent of triggered landslides from each of these earthquakes and the spatial and
temporal coverage of the SAR data used in this chapter. The earthquake referred
to as ’Lombok-2’ in Chapter 4 is not included in this chapter). In Chapter 4, I
assessed the ability of five SAR coherence methods to identify landslides against
these datasets using Sentinel-1 and ALOS-2 data, which allows a direct comparison
in this chapter between the performance of models developed here and that of
existing SAR coherence methods of landslide detection. These polygon inventories
were converted to rasters with a cell size of 20 x 22 m. As in Chapters 3 and 4,
I then calculated an aggregate landslide surface with a resolution of 200 x 220 m,
by calculating the landslide areal density within 10 x 10 squares of these 20 x 22
m cells.

5.2.4 Training and test datasets

Here I used two types of empirical landslide susceptibility model: "same-event"
models trained on a small mapped area of an event to predict the landslide distri-
bution across the rest of the affected area (e.g. Robinson et al., 2017) and global
models trained on historic landslide inventories to predict a new event (e.g. Kritikos
et al., 2015; Nowicki et al., 2014; Nowicki Jessee et al., 2018; Tanyas et al., 2019).

The idea behind a same-event model is that a small number of landslides can be
mapped manually from optical satellite imagery in the days following the earth-
quake. The distribution of these landslides can then be used to predict the landslide
distribution across the whole affected area in much less time than would be required
to manually map the whole area (Robinson et al., 2017). For my same-event model,
I began by using a quarter of each case study area to train the model and the re-
maining three quarters as test data. The locations of these test and training areas
are shown on Figure 5.3. In order to produce a training dataset with equal numbers
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of landslides and non-landslide cells (a balanced dataset), I randomly undersampled
the non-landslide cells in the training dataset.

For the second approach, in which an empirical model is trained on a global in-
ventory of past landslides, I trained the Random Forest on two of my case study
events and predicted the third. In this case, I randomly undersampled both the
landslide (>1% landslide areal density) and non-landslide pixels to select 1000
landslide and 1000 non-landslide pixels from each event. The resulting model was
therefore trained on equal numbers of pixels from the two training events, rather
than being dominated by whichever was larger. It should be noted that successful
global empirical landslide prediction models are trained on considerably more data
than this; for example, the model used by the USGS of Nowicki Jessee et al. (2018)
was trained on 23 landslide inventories and the model of Tanyas et al. (2019) was
trained on 25. However, Masato et al. (2020) demonstrated that when using fully
polarimetric SAR data, it was possible to predict the spatial distribution of land-
slides triggered by the Hokkaido earthquake using a model trained on landslides
triggered by a heavy rainfall event in Kyushu, 2017 (although they found it was not
possible to predict landslides triggered by the Kyushu event using a model trained
on Hokkaido). Fully polarimetric data are rarely available following an earthquake
and are therefore not suitable for application in a global model. Therefore, here I
assess whether models using single-polarisation SAR data, which are acquired by
the majority of SAR satellites, can also be transferred between events.

5.2.5 Estimating uncertainty

To evaluate the most accurate way of generating landslide information, it is neces-
sary to assess uncertainty in the Random Forest model outputs. In order to do
this, I trained an ensemble of 100 models, redoing the random undersampling each
time so that every model within the ensemble is trained on a slightly different set
of cells. I then ran each model and took the median ensemble prediction. This
process reduces variability and allows the calculation of upper and lower bounds
for the landslide areal density of every pixel, as well as other statistical parameters,
such as the variance.

5.2.6 Input features

A large number of possible input features have been used in previous work on
landslide susceptibility mapping, including a wide range of topographic paramet-
ers, ground shaking estimates, rainfall data, lithology, landcover and distance to
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features such as rivers, roads and faults. Here I limited the model input features
to globally available datasets in order to ensure the widest applicability of the res-
ults. I targeted my model at earthquake- rather than rainfall-triggered landslides,
as these have been more widely used as case studies when developing and testing
SAR-based methods of landslide detection (e.g. Chapter 3; Aimaiti et al., 2019;
Jung and Yun, 2019; Yun et al., 2015) and detailed polygon inventories of thou-
sands of landslides triggered by a single earthquake (Ferrario, 2019; Roback et al.,
2018; Zhang et al., 2019) provide a good source of test and training data for the
model. The input features I used and their data sources are summarised in Table
5.2. Some input features were used only in the same-event models and not for the
global models. This is specified in the fourth column of Table 5.2.

5.2.6.1 Topographic features

For input features derived from topography, I used the 30 m SRTM DEM (Farr
et al., 2007). When processing the SAR data, this DEM was resampled to a
resolution of 20 m × 22 m. From this resampled DEM, I calculated slope and
aspect values of every cell. I aggregated 10 × 10 grids of these cells to produce
input features at a 200 m × 220 m scale. For each aggregate 200 × 220 m cell,
I calculated the average 20 m × 22 m cell elevation (used by Catani et al., 2013;
Nowicki et al., 2014), the standard deviation of cell elevations (used by Catani
et al., 2013), the maximum slope (used by Nowicki et al., 2014), the average slope
(used by Nowicki Jessee et al., 2018; Robinson et al., 2017; Kritikos et al., 2015;
Tanyas et al., 2019), the standard deviation of pixel slopes (used by Catani et al.,
2013; Tanyas et al., 2019), the circular mean of the aspect (used by Chen et al.,
2017) and the relief, or maximum elevation difference between 20 m × 22 m pixels
within the aggregate cell (used by Tanyas et al., 2019).

5.2.6.2 Ground Shaking Estimates

The inclusion of ground shaking information is what differentiates between a static
estimate of landslide susceptibility such as that of Nadim et al. (2006) and an
earthquake-specific prediction of triggered landsliding. Past studies have used Mod-
ified Mercalli Intensity (Kritikos et al., 2015; Tanyas et al., 2019), peak ground ac-
celeration (Robinson et al., 2018; Nowicki et al., 2014; Tanyas et al., 2019) and peak
ground velocity (PGV) (Nowicki Jessee et al., 2018; Tanyas et al., 2019). Here, I
used PGV, as this does not saturate at high shaking intensities (Nowicki Jessee
et al., 2018).
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Input feature Description Data source Used in global
model?

Elevation The mean elevation of pixels within the aggregate pixel SRTM DEM (Farr et al., 2007) No
Elevation_std The standard deviation of pixel elevations within the aggregate pixel SRTM DEM (Farr et al., 2007) Yes
Slope The mean slope (calculated with a 3 x 3 moving pixel window) of pixels within the

aggregate pixel
SRTM DEM (Farr et al., 2007) Yes

Slope_std The standard deviation of slopes (calculated with a 3 x 3 moving pixel window) of
pixels within the aggregate pixel

SRTM DEM (Farr et al., 2007) Yes

Slope_max The maximum slope (calculated with a 3 x 3 moving pixel window) value of pixels
within the aggregate pixel

SRTM DEM (Farr et al., 2007) Yes

Relief Elevation range across all pixels within the aggregate pixel SRTM DEM (Farr et al., 2007) Yes
Aspect The circular mean direction faced by each pixel within the aggregate pixel SRTM DEM (Farr et al., 2007) No
PGV The peak ground velocity estimated from ground motion prediction equations aver-

aged within each aggregate cell
USGS ShakeMap website Yes

Lithology The dominant lithology within the aggregate pixel Global Lithological Map database (Hartmann
and Moosdorf, 2012)

Yes

Landcover The dominant land cover type within the aggregate pixel ESA CCI 2014 Landcover map (ESA, 2017) Yes
Co-event
coherence

Mean co-event SAR coherence of pixels within the aggregate pixel 1 pre-event and 1 post-event SAR image Yes

ARIA Decrease in co-event vs. pre-event coherence (Yun et al., 2015) 2 pre-event and 1 post-event SAR images Yes
Bx-S See Chapter 3 1 post-event and at least 6 pre-event SAR im-

ages
Yes

Post-event co-
herence

Mean post-event coherence of pixels within the aggregtate pixel 2 post-seismic SAR images Sentinel-1 only

PECI Increase in post-event vs. co-event coherence (Chapter 4) 1 pre-event and 2 post-event SAR images Yes
∆_sum Sum of ARIA and PECI (Chapter 4) 2 pre-event and 2 post-event SAR images Yes
∆_max Whichever is larger of ARIA or PECI (Chapter 4) 2 pre-event and 2 post-event SAR images Yes

Table 5.2: Inputs used in model partitioned into static indicators of landslide likelihood (top) and SAR landslide detection methods (bottom)



5.2.6.3. Lithology

An initial estimate of ground shaking is generally available within hours of an
earthquake from the USGS ShakeMap webpage, and is then refined as more data
become available. Allstadt et al. (2018) demonstrated that in some cases, such as
the 2016 Mw 7.8 Kaikōura, New Zealand earthquake, the version of the shaking
estimate used can have a significant impact on the modelled landsliding. Fur-
ther examples of this have been observed for the Mw 7.1 2018 Anchorage,Alaska
earthquake (Thompson et al., 2020) and for a recent Mw 6.6 earthquake in the
Phillippines (Figure 1.5). Although my results are presented as a timeline where
the model was revised as SAR data became available, I used the same version of
PGV throughout, which is the final available model for each event. My inital sus-
ceptibility model may therefore perform better than one that uses the data made
available within the first few hours of the earthquake. However, since the availab-
ility of SAR data for ground deformation measurements is one of the factors that
can significantly improve the shaking estimate, it is useful to examine the effect of
adding SAR to models using later ShakeMap versions. Currently, it is commonly
necessary to wait a couple of days for the first SAR image to be acquired (e.g. Fig-
ure 4.2), and comparison between a model released within hours of an earthquake
and one incorporating SAR data acquired much later would not be useful.

5.2.6.3 Lithology

Lithology is one factor that determines rock strength, and therefore landslide likeli-
hood (Nadim et al., 2006), and has been used in several empirical landslide suscept-
ibility models (Chen et al., 2017; Kirschbaum and Stanley, 2018; Nowicki Jessee
et al., 2018). I used the Global Lithological Map database (GLiM) (Hartmann
and Moosdorf, 2012), which has 13 basic lithological classes, with additional ’water
bodies’, ’ice and glacier’ and ’no data’ classes, which are supplied as polygon data.
For each 200 x 220 m pixel, I took the dominant basic lithological class, resulting
in a categorical input feature. One advantage of Random Forests is their ability
to use both continuous and categorical input features, but empty categories in the
training data can lead to biases in the model (Au, 2018). To avoid this, I used
the ’onehot’ method, in which each category is supplied to the model as a sep-
arate dummy input feature i.e. a binary surface of, for example, ’unconsolidated
sediment’ and ’everything else’ (Au, 2018).

5.2.6.4 Land Cover

Nowicki Jessee et al. (2018) used land cover as a proxy for vegetation coverage
and type, as the composition of the soil and the presence or absence of plant roots
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can affect slope stability. Here I used land cover data downloaded from the ESA
Climate Change Initiative, which includes yearly maps of 22 land cover categories
compiled at a 300 m resolution from 1992-2015 (ESA, 2017). I used the 2014 map
as the most recent land cover map preceding all of my case study events. Like
lithology, land cover is a categorical variable, thus I used the same ’onehot’ method
described in Section 5.2.6.3 to avoid biasing due to empty categories, and selected
the dominant land cover type within each 200 m x 220 m aggregate cell.

5.2.6.5 SAR coherence features

In this Chapter, I aimed to combine SAR coherence methods with empirical models.
To achieve this, I used multiple SAR coherence methods as input features. The
coherence of an interferogram is estimated to indicate the signal quality of every
pixel, and is sensitive to physical changes to the Earth’s surface (See Chapter 2 for
more detail). The first coherence method I used was the coherence of the co-event
interferogram (formed from two images spanning the earthquake). The movement
of material and removal of vegetation by a landslide alters the scattering properties
of the Earth’s surface, resulting in low coherence. This gives landslides a low
coherence in a co-event interferogram. Chapter 3 of this thesis and Vajedian et al.
(2018) demonstrated that this had some potential in triggered landslide detection.
Second, I used the coherence of the post-event interferogram (formed from two
images acquired after the earthquake). Coherence is dependent on the land cover,
with vegetated areas generally having a lower coherence than bare rock (Chapter 2).
Therefore the bare rock exposed following a landslide may have a higher coherence
than the surrounding vegetation.

As well as the raw coherence surfaces, I used the five coherence-based methods
tested in Chapter 4 as input features, all of which showed some level of landslide
predictive skill in that chapter. The ARIA method of Yun et al. (2015) uses the
decrease in coherence between a pre-event and co-event interferogram to identify
’damaged’ pixels. The Bx-S method presented in Chapter 3 uses the difference
between two co-event coherence estimates to remove large spatial scale coherence
variations from the landslide detection surface. Finally three methods presented
in Chapter 4 incorporate the coherence of a post-event interferogram, using the
post-event coherence increase (PECI), the sum of the co-event decrease and the
post-event increase (∆C_sum), and ∆C_max, where for every pixel, whichever is
largest of PECI or ARIA is taken, to detect landslides.

For each case study earthquake, I used ascending and descending track Sentinel-
1 SAR imagery and a single track of ALOS-2 PALSAR-2 imagery (Figure 4.1).
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This volume of SAR data is available in the immediate aftermath of the majority
of earthquakes (Figure 4.2). These two satellite systems acquire SAR data at
different wavelengths, and so interact slightly differently with the ground surface,
with ALOS-2 generally being less noisy in heavily vegetated areas than Sentinel-
1 (Section 2.4). The SAR data were processed using GAMMA software, with
Sentinel-1 data processed using the LiCSAR package (Lazeckỳ et al., 2020). The
data were processed in a Range × Azimuth coordinate system and then projected
into a geographic coordinate system with a spatial resolution of 20 m × 22 m. A
more detailed description of the SAR data processing can be found in Section 2.3.

The majority of the methods outlined in this section use a ’boxcar’ coherence
estimate, using pixels from within a 3 x 3 window surrounding the target pixel in
the coherence estimation. The only exception to this is the Bx-S method, which also
uses a ’sibling’ coherence estimate in which an ensemble of pixels is selected from
within a wider window for coherence estimation using the RapidSAR algorithm of
Spaans and Hooper (2016) (Chapter 3). This sibling coherence estimation requires
additional data (a minimum of 6 pre-seismic images), and so it was not possible
to calculate this using ALOS-2 data for the 2015 Nepal earthquake, as this event
occurred very early in the lifetime of the satellite. The Bx-S method with ALOS-2
data was therefore not used in Nepal, or in any of the global models tested here.

5.2.7 Feature importances

The importance of each input feature was calculated from the decrease in MAE
resulting from splits on that feature for each tree, then averaged over all the trees
to obtain feature importance at forest level. This calculation gives an indication
of how reliant the model is on each feature, with the sum of importances across all
input features equal to one (Liaw et al., 2002). Feature importance therefore helps
with interpreting the model and can allow unimportant features to be eliminated
from future models, reducing computation time (e.g. Catani et al., 2013; Díaz-
Uriarte and De Andres, 2006). However, it should be noted that the importance of
categorical input features (here lithology and landcover), is often underestimated,
since in this case the number of possible splits is limited to the number of categories
present in the training data.

5.2.8 Statistical tests

Each model generated a raster of continuous predictor variables, corresponding
to the modelled landslide areal density in the range [0,1]. I assessed model per-
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formance by comparing the test areas of these predicted surfaces with the mapped
landslide areal density calculated in Section 5.2.3.

First, in order to allow direct comparison with the results presented in Chapter
4, I carried out ROC analysis. ROC analysis requires a binary landslide surface,
so, as in Chapter 4, I applied a threshold to the mapped landslide areal density
surface calculated in Section 5.2.3, assigning aggregate cells with landslide areal
density >25% as ’landslide’ and <25% as ’non-landslide’. The false positive rate
(the fraction of mapped non-landslide pixels wrongly assigned as ’landslide’ by the
model) and true positive rate (the fraction of mapped landslide pixels correctly
assigned as ’landslide’ by the model) were then calculated at a range of thresholds
and plotted against each other to produce a curve. The area under this curve (AUC)
then indicates the predictive skill of the model, with a value of 0.5 indicating no
skill and 1.0 indicating a perfect model (Hanley and McNeil, 1982).

ROC AUC values are useful, as they allow comparison with results presented in
Chapter 4, but ROC analysis is not sensitive to systematic over- or underprediction
of landslide areal density by the model. Therefore, I also calculated the root mean
squared error (RMSE) of every model from the difference between modelled and
mapped landslide areal density (LADmodel and LADmap respectively) for every
pixel i in the test area of the dataset according to Equation 5.1, where n is the
number of test pixels (Chai and Draxler, 2014).

RMSE =

√√√√ 1
n

n∑
i=1

(LADmodel
i − LADmap

i )2 (5.1)

The RMSE therefore gives an indication of the level of misfit between the modelled
and mapped landslide areal density, while the AUC value gives an indication of the
model’s ability to identify pixels severely impacted by landslides.

5.3 Results

5.3.1 Same-event models

Figure 5.2 shows the effect on model AUC (panels a, b, c) and RMSE (panels d, e,
f) of adding Sentinel-1 and ALOS-2 data to a landslide susceptibility model trained
on a quarter of the study area and tested on the remaining three quarters. In the
initial empirical model, we see AUC values of 0.54 in Hokkaido, 0.70 in Nepal and
0.52 in Lombok, and RMSE values of 0.11, 0.08 and 0.05 respectively. In almost
all cases, adding SAR data improved model performance in terms of AUC, with
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the biggest improvement observed when the first ALOS-2 image was added. The
addition of this first ALOS-2 image also resulted in a decrease in RMSE for each
case study region. The biggest improvement was seen in Hokkaido, where the
addition of this ALOS-2 image resulted in a decrease in RMSE from 0.11 to 0.10,
and an increase in AUC from 0.54 up to 0.88.

The model to which only ALOS-2 data were added outperformed the model to
which only Sentinel-1 were added, but the addition of Sentinel-1 data did result in
a general improvement in ROC AUC in all cases, and these data are often available
earlier than ALOS-2, as Sentinel-1 has a more frequent revisit interval than ALOS-
2. The best-performing model in almost all cases incorporated both ALOS-2 and
Sentinel-1 data. The addition of SAR data acquired within 2 weeks following the
earthquake, which has been identified as a critical timeframe in emergency response
(Williams et al., 2018), led to an increase in AUC from 0.54 to 0.95 in Hokkaido,
from 0.70 to 0.82 in Nepal and from 0.52 to 0.65 in Lombok.

This improvement in performance can also be observed visually in Figure 5.3, which
shows the initial model results without SAR, the model using all of the SAR data
acquired within the first two weeks, and the final model using 4 Sentinel-1 images
and 2 ALOS-2 images. The improvement is most obvious in the case of Hokkaido,
however in Nepal, there is a clear reduction in noise in the southern part of models
using more SAR data, and an increase in signal strength along the Langtang valley,
where a large number of landslides took place (labelled on Figure 5.3). In Lombok,
there appears to be a strong false positive signal immediately around the volcanic
crater, which may be due to the steep slopes at this location, but the addition of
SAR data still resulted in a modest improvement in comparison with the initial
model.
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Figure 5.2: Step plots showing the change in ROC AUC (a-c, g-i) and RMSE (d-f, j-l) for
each of the three events. Models in panels (a-f) were trained on a small part of each study
area, while in panels (g-l) landslide areal density was predicted using a model trained on
the other two case study regions in each case.
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Figure 5.3: Timelines of modelled landslide areal density for each event, starting with no SAR data (left column). The second column shows the
model using SAR data acquired within 2 weeks of the earthquake, and the third shows the model using all of the SAR data used in this study - 4
Sentinel-1 (S1) and 2 ALOS-2 (A2) in each case. The final column shows landslide areal density calculated from polygon inventories for each event
(Ferrario, 2019; Roback et al., 2018; Zhang et al., 2019). The mapping extent of each of these inventories is shown by a black polygon. Areas that
were used to train the model are outlined in white and marked "Tr" in the final column. The pink box marked "LT" on the final column of the
Gorkha row shows the location of the Langtang Valley, which experienced particularly severe and large landslides following the earthquake.
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(a) Hokkaido (b) Nepal
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Figure 5.4: The relative importance of the different input datasets as SAR data are added
to the model for models trained on a subsection of the study area.

Figure 5.4 shows the relative importance of each parameter in the model. For
simplicity, the parameters have been grouped by the data required to create them,
for example the importance of ’topography’ on Figure 5.4 was calculated as the
sum of the importances of maximum slope, mean slope, standard deviation of
slope, elevation, standard deviation of elevation, relief and aspect. For each case
study, topography was initially the most important input feature but its importance
gradually decreased as more SAR data are added, particularly in Hokkaido, where
it ceased to be the most important feature after the first ALOS-2 data were added
to the model. In the final models, ALOS-2 data were consistently more important
than Sentinel-1.

As described in Section 5.2.5, I ran ensembles of models trained on slightly different
set of pixels in order to assess the variability in model output. An example of this
for Hokkaido using three Sentinel-1 images and 1 ALOS-2 image is shown in Figure
5.5. The square root of the model variance is plotted in panel (d), and is highest in
non-landslide areas of the model. The misfit, plotted in panel (c), shows that the
model underpredicted landslide areal density in some areas and overpredicted it in
others. There is an area to the west of the model, in which

√
variance in panel

(d) is relatively high and landsliding was overpredicted. This area corresponds
to the town of Atsuma so may represent building damage due to the earthquake,
which is known to affect SAR coherence (Yun et al., 2015). There is also an area
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Misfit
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√(Variance)
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Figure 5.5: (a) The median modelled landslide areal density (LAD) for the Mw 6.6
Hokkaido earthquake using three Sentinel-1 images and 1 ALOS-2 image. (b) Validation
dataset produced from the polygon inventory of (Zhang et al., 2019). (c) The misfit between
the predicted landslide density in (a) and the mapped landslides in (b). (d) The square
root of model variance.

of overprediction south of the main area of landslides, which corresponds to the
area of false positives seen in the ALOS-2 data in Chapter 4, where I attributed
it to wind damage associated with Typhoon Jebi. The areas of panel (b) which
experienced the highest landslide areal density were underpredicted in the model.
This reflects a potential problem with the application of Random Forest Regression
to same-event landslide density prediction: the model cannot extrapolate and so
no values can be predicted in the test area that are outside the range of those seen
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Figure 5.6: The effect of altering the extent of the training data in terms of ROC AUC
(a) and RMSE (b). The clours of the lines in (a,b) correspond to the lateral extent of
the training data marked on (c). (c) The mapped landslide inventory for the 2015 Gorkha
earthquake of Roback et al. (2018), reproduced as landslide areal density for 200 x 220
m pixels. (d-i) Modelled landslide areal density with decreasing areas of data used for
training the model.

in the training area.

5.3.1.1 What area of mapped landslides is needed to train the model?

The volume of data required to train any same-event model is key to its applicability
in emergency response, due to the time required to generate these training data
from optical satellite imagery. I used the Nepal earthquake to test this, as this
event covered the largest area. I began with a training dataset using all of the data
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outside the test area (Figure 5.6d), which contained 5,210 cells with landslide areal
density > 1% across an area of 47 km2, so that after balancing by undersampling
the non-landslide cells (see Section 5.2.2), the training dataset comprised 10,420
cells. The model shown in (e) used only the data west of the training area (6,106
pixels after balancing across an area 21 km2). From here, the longitudinal extent of
the training data used was halved each time, resulting in balanced training datasets
of 3,728 (f), 1466 (g), 538 (h) and 180 (i) cells.

Figure 5.6a clearly shows that models trained on a smaller area have lower AUC
values, which is to be expected, and generally a similar effect on performance is
seen in terms of RMSE in panel (b). However, as more SAR data were added to
the model, the difference in AUC and RMSE between the best and worst models
decreased. Panels (d-i) show the model using all SAR data acquired in the first
two weeks following the earthquake (two Sentinel-1 images and 1 ALOS-2). Noise
in the northern area of the model increases from e-i, and the signal strength where
the landslides are decreases. However, panel (d), in which the model was trained
on all of the available data (plotted in dark green on panels (a,b)) appears noisier
than panel (e), in which only data to the west of the test area were used.

5.3.2 Global models

An alternative to training on a small part of the affected area is to train the model
on landslide inventories from past earthquakes. To test the effect that SAR data
might have on such models using my three case studies, I trained models on two
earthquakes and predicted the landslide areal density triggered by the third. Figure
5.2 shows the effect on model ROC AUC (panels g, h, i) and RMSE (panels j, k, l)
of adding ALOS-2 and Sentinel-1 SAR data to the input features used in training
the model. A reasonable initial model of the Hokkaido was obtained with an
AUC value 0.68, but the initial models in Lombok and Nepal were both extremely
poor with AUC values < 0.5, indicating a model performance worse than random.
In most cases, adding SAR data improved model performance in terms of AUC.
However, the majority of SAR additions worsened the model in terms of RMSE in
Nepal and Lombok. As in section 5.3.1, the biggest improvement was seen when
the first ALOS-2 image was added to the models, and the best performing model
overall incorporated both Sentinel-1 and ALOS-2 imagery.

5.3.3 Do these models outperform individual SAR methods ?

To assess whether a combined model of SAR and static landslide susceptibility
input features is useful, it is necessary to compare it to the information that could
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be obtained from SAR alone. The case studies and SAR data I used in this chapter
are the same as those I used in Chapter 4 to systematically assess the performance of
SAR coherence methods. I calculated AUC values at the same resolution and with
the same definition of a landslide or non-landslide aggregate cell, and so the results
presented in this chapter are directly comparable to those presented in Chapter 4.
To assess the value added to the SAR methods by the static landslide predictors
(lithology, PGV ets.), I also applied the Random Forest modelling technique using
only the SAR coherence surfaces. Figure 5.7 shows AUC and RMSE values for
the combined model, a SAR-only model, and the best performing SAR coherence
surface at each point in time from Chapter 4.
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Figure 5.7: A comparison between the performance of individual SAR methods (blue and
green crosses), a combined model using all input data listed in Section 5.2.6 (black line),
a model omitting PGV (orange line) and a model using available SAR data alone (both
Sentinel-1 and ALOS-2, red line)

103



5.4. Discussion

For models trained on 25% of the affected area (Panels a-f), the combined model
clearly outperformed the SAR-only model in the days after the earthquake in terms
of ROC AUC in Hokkaido and Nepal and RMSE in all three cases. In Nepal, the
difference in performance between the two models decreased as more SAR data
were added. Both models outperformed the individual SAR methods at almost all
stages in Hokkaido and Nepal. In Lombok, the SAR-only model performed better
than the combined model in terms of AUC. The individual SAR methods had
similar AUC to the models when only Sentinel-1 was available, and outperformed
the models when ALOS-2 data became available. However, in terms of RMSE, the
combined model consistently outperformed the SAR-only model.

For the global models, the SAR-only model outperformed the combined model in
most cases in terms of ROC AUC in Nepal and Lombok, and had a similar per-
formance in Hokkaido after the first ALOS-2 image was added. In terms of RMSE,
the relative performance was more mixed, with the SAR-only model outperforming
the combined model in Hokkaido, the models performing similarly in Nepal and the
combined model outperforming the SAR-only model in Lombok. The SAR-only
model had similar AUC values to the individual SAR methods presented in Chapter
4 in Lombok, and outperformed them in most cases in Hokkaido and Nepal.

5.4 Discussion

5.4.1 The same-event models

In Section 5.3.1, I demonstrated that the performance of a same-event Random
Forest model of landslide areal density could be improved by incorporating SAR
data. For each of the three events tested here a good model could be generated
by incorporating SAR data acquired within two weeks of the earthquake, which
means this could be implemented within an emergency response timeframe. In
this section, I briefly discuss some factors which influence the applicability of these
models.

5.4.1.1 Selection of the training data for the same-event model

The selection of training data for the same-event model directly affects the time
taken for these data to be generated and so the applicability of the model to emer-
gency response. In Section 5.3.1.1, I assessed the effect on model performance of
changing the area used to train the model for Nepal, but did not consider differ-
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Table 5.3: ROC AUC values for a model trained on a balanced set of 500 pixels randomly
selected from across the target area.

Event ROC AUC (initial model) ROC AUC (2-week model)
Hokkaido 0.59-0.71 0.85-0.92
Nepal 0.65-0.78 0.79-0.84
Lombok 0.69-0.83 0.84-0.92

ent possible mapping strategies that could be applied in an emergency response
situation.

The static same-event empirical model of Robinson et al. (2017), which is based on
fuzzy logic theory, achieved AUC values in the range 0.76-0.87. It is not possible to
directly compare AUC values between studies with different model outputs, ground
truth data and spatial resolutions. However, it is clear that the model of Robinson
et al. (2017) performed well, while in Hokkaido and Lombok, my initial model was
extremely poor, with AUC values of around 0.5, which indicates a model with no
skill at all. It may be that in the case of these two events, the area I chose to use
as training data did not represent the entire study area well.

Robinson et al. (2017) found that a model trained on 250 landslides randomly
distributed through the affected area performed well in the case of Nepal. This
is an extremely useful result, as such a small number of training landslides could
be mapped in a relatively short period of time after an earthquake. To test the
improvement offered by SAR to a comparable model, I randomly selected 250
landslide and 250 non-landslide aggregate pixels across the whole mapped area and
used these to train my model for each case study event, testing on the remaining
pixels. I repeated this 10 times to obtain a range of AUC values which could be
expected from such a model for each event. These are presented in Table 5.3.

There is a clear improvement in the initial model in Hokkaido and Lombok in
comparison to the models trained on a coherent quarter of the study area (Section
5.3.1). As in Section 5.3.1, there is a significant increase in AUC when the SAR
data available in the first two weeks are incorporated into the model, at which
point the AUC values in Table 5.3 are similar to those in Figure 5.2 in Hokkaido
and Nepal, and higher in Lombok. This demonstrates that the value added to
the empirical model by the SAR data also applies when the model is trained on
data distributed across the study area. The observation that the performance of
the initial model for Hokkaido and Lombok was significantly poorer in Section
5.3.1 than in Table 5.3, but that the models incorporating SAR performed more
similarly in both model setups may demonstrate that when SAR data are added to
the model, it becomes less sensitive to how clustered the training samples are. This
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clustering effect was observed to be detrimental to model performance by Robinson
et al. (2017), but it is often necessary for training landslides to be clustered when
only small parts of the affected area are visible through gaps in cloud. Therefore
if the addition of SAR data lessens this effect, it would be a significant advantage
in applying same-event models

5.4.1.2 Training data format

The landslide areal density data I used here to train the model were calculated from
polygon inventories. These inventories are extremely time-consuming to produce
and are unlikely to be available during an emergency response. The model of
Robinson et al. (2017) was trained on point-mapped landslide data, which can
be generated much more quickly following an earthquake. However, the overall
spatial distribution of landslide number density, which can be calculated from point-
mapped landslides, and the landslide areal density used here are generally very
similar (e.g. Ferrario, 2019). Thus I expect that the improvement observed in
the models tested here when SAR data were added should be transferrable to
models trained on landslide number density and therefore applicable in emergency
response.

5.4.2 Towards a global landslide prediction model

The advantage of a global landslide prediction model, such as those of Nowicki Jessee
et al. (2018) and Tanyas et al. (2019), is that there is no need to map any of the
landslides triggered by an earthquake before a model of their likely spatial dis-
tribution and impacts can be produced. All of the model inputs used here are
available globally, and thus could be extended to a global model. However, my
’global’ models were trained on only two events, and as such were not expected to
perform well. In particular, the initial models for Lombok and Nepal performed
very badly, with ROC AUC below 0.5, which is not representative of the perform-
ance of similar models trained on a global dataset of earthquakes (Nowicki Jessee
et al., 2018; Tanyas et al., 2019; Thompson et al., 2020).

In the case where categories of lithology or land cover are present for one event but
absent from the other two, my "global" model will not have captured their effect on
landslide likelihood. Furthermore, the unusually high landslide density on shallow
slopes in Hokkaido, could result in bias when this event makes up half of the training
data, particularly as topography is the dominant feature in the model before any
SAR data are added (Figure 5.4). I attribute the poor performance of the combined
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model in comparison to the SAR-only model in Lombok and Nepal to this effect
(Figure 5.4h, i, k, l). This may also explain the failure of Masato et al. (2020) to
predict the landslides triggered by a rainfall event in Kyushu using a model trained
on the Hokkaido landslides despite the fact that the reverse worked well. I therefore
expect the performance of the initial models to improve for a model trained on more
events, particularly as working global landslide susceptibility models have already
been developed without SAR data (e.g. Nowicki Jessee et al., 2018).

However, the addition of SAR data to my ’global’ models improved their ability
(Figure 5.2g-j), which suggests that a similar model trained on more events could
perform very well. The addition of the SAR data would be particularly useful in the
case of complicated events, such as Hokkaido, where landslides were triggered by
both rainfall and an earthquake (Zhang et al., 2019). The training and testing of my
model was limited to landslides in vegetated areas. Due to significant differences
in background coherence between arid and vegetated regions (Section 2.4), it is
likely that separate models would be required for vegetated and arid regions of the
world. It is unknown whether the models could be trained and applied equally well
in arid regions. However, based on my results here, the advantage of incorporating
SAR data in landslide models of vegetated regions could be significant and is worth
exploring in the future.

5.4.3 Future possible SAR inputs

Although here I limited the SAR inputs to coherence-based landslide detection
methods, there are other options which could be beneficial. The first of these
would be the amplitude of the SAR signal, which is also sensitive to landslides.
As amplitude is not calculated from multiple pixels, it can be used to obtain in-
formation at a higher spatial resolution than coherence. In Section 2.5, I described
a number of studies who demonstrated that a number of methods based on SAR
amplitude had some skill in landslide detection (Ge et al., 2019; Konishi and Suga,
2018, 2019; Mondini et al., 2019). There have also been three studies, which success-
fully combined surfaces derived from amplitude and coherence to detect landslides
triggered by the Hokkaido earthquake (Aimaiti et al., 2019; Ge et al., 2019; Jung
and Yun, 2019), suggesting that amplitude methods may be beneficial to my model.
However, amplitude depends on several factors including soil moisture content and
slope orientation relative to the satellite sensor. Landslides can therefore result
in both increases and decreases in amplitude, and false positives can easily arise.
Amplitude change is thus not usually reliable in landslide detection (Czuchlewski
et al., 2003; Park and Lee, 2019).
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A second option would be polarimetric SAR, in which data are recorded by the
SAR satellite at two polarisations (dual-pol) or both projected and recorded at
two polarisations (quad-pol). Polarimetric SAR data thus describe the scattering
properties of the Earth’s surface more completely than the single-polarisation data
I have used here (See Section 2.1.3). It has been demonstrated that quad-pol data
can be used to map landslides (Czuchlewski et al., 2003; Masato et al., 2020; Park
and Lee, 2019). However, few SAR systems acquire quad-pol data, and those that
do (e.g. ALOS-2) do not acquire them routinely. Therefore these data are often not
available immediately after an earthquake. The applicability of dual-pol SAR data
to landslide-detection is less well explored, but as these data are acquired more
commonly and are routinely acquired by Sentinel-1 they are likely to be available
following an earthquake and so could be incorporated. When testing a range of
polarimetric parameters that could be used in landslide detection, Park and Lee
(2019) demonstrated that landslides could be identified in surfaces generated from
dual-pol data, although using dual-pol methods resulted in more noise than quad-
pol. Thus, when combined with the other landslide detection and susceptibility
parameters used in this study, dual-pol Sentinel-1 data may offer an additional
benefit.

It is also worth considering which SAR satellites could provide data to be incorpor-
ated into empirical models. Here I used two tracks of Sentinel-1 data and one of
ALOS-2. ALOS-2 data are acquired at a longer wavelength than Sentinel-1 (L-band
rather compared to C-band), so the data retain a higher coherence in vegetated
areas, a significant advantage in landslide mapping. It is therefore unsurprising
that the addition of the first ALOS-2 image to the models offered the greatest
improvement to prediction of landslide areal density in the majority of cases I con-
sidered here. The ALOS-2 satellite system has a 14-day repeat time and one of the
aims of the mission is to enable emergency response, so this first ALOS-2 image is
very likely to be available within two weeks of an earthquake. However, I found
that in almost all cases, the addition of Sentinel-1 data also offers an improvement
to the model, and these data are often available sooner after an earthquake than
ALOS-2. Thus I would recommend the use of both datasets in the case where the
added data processing and storage capacity are easily available.

It is also important to note that the limited swath width of the ALOS-2 data used
here (50 - 70 km, compared 250 km for Sentinel-1) is a disadvantage for earthquakes
that trigger landslides across a large area. For example, in the Nepal earthquake,
the ALOS-2 scene I used in this study covers less than half of the landslides that
were triggered by the earthquake (Figure 4.1a). Therefore, in order to obtain a
complete model of a landslide event of this spatial extent, it would be necessary
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to combine several adjacent scenes, which are likely to be acquired on different
days. Here I did not test whether a model trained on one SAR scene could be then
applied for the same event using data from an adjacent scene, or whether it would
be necessary to map landslides from within every scene for the purpose of training
the model. However, the relative success I have had in training on two events and
testing on a third, which is a significantly more difficult problem, suggests that this
might be possible.

In the future, the planned NASA-ISRO NiSAR mission, which is due to launch in
2022, may offer a solution to the limited swath width of ALOS-2 data. NiSAR will
also obtain L-band SAR data, but with a wider swath width of 240 km (Sharma,
2019). The NiSAR mission will acquire data continually with a 12 day repeat
time. Thus, after the launch of this satellite system, it may be possible to use both
ascending and descending tracks of L-band SAR data, rather than just one track
as I have used here.

5.4.4 Possible application to rainfall-triggered landslides

Here I based my models on an initial model designed to predict the locations of
earthquake-triggered landslides based on, for the most part, topography and peak
ground velocity, and demonstrated that the addition of SAR data could improve the
performance of these models. Landslides can also be triggered by rainfall events,
and as with earthquake-triggered landslides, cloud cover can cause significant prob-
lems with mapping landslides using optical satellite imagery. In particular, long
rainfall events such as the monsoon in Nepal are associated with almost continu-
ous cloud cover for several months (Robinson et al., 2019). This means that it is
currently extremely difficult to obtain landslide information beyond that predicted
by static empirical models such as that of Kirschbaum and Stanley (2018).

Landslides in vegetated regions are likely to result in decreased coherence regard-
less of their triggering mechanism due to associated movement of material and
vegetation removal, which alters the microwave scattering properties of the Earth’s
surface. Therefore, it seems likely that the added prediction ability that can be
gained by adding SAR to static models of earthquake-triggered landslide suscept-
ibility could also apply to models of rainfall-triggered landslide susceptibility.

5.5 Conclusions

In this chapter, I have tested the relative performance of SAR-coherence-based
classifiers, empirical landslide susceptibility models and a combination of these. I
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found that adding SAR data to the empirical landslide susceptibility models im-
proved their ability to predict landslide areal density after large earthquakes. The
largest improvement was seen when the first ALOS-2 data acquired following the
earthquake was added to the model, but the best performing model incorporated
both Sentinel-1 and ALOS-2 data. Importantly, a significant improvement was
seen using SAR data acquired within two weeks of each case study earthquake,
meaning that the improvement to the initial model could be made quickly enough
to be used in emergency response. Although I did not use enough case study events
here to generate a comprehensive global model, it appears that SAR data are also
beneficial in this case, although further case study regions would need to be tested,
and such a model might have to be limited to vegetated areas.

110



Chapter 6
Discussion

6.1 Synopsis

In Chapter 1, I set out three key aims of this thesis, which would allow SAR
coherence methods to be applied more widely for landslide detection for emergency
response:

1. The development of new SAR coherence methods targeted at landslide detection.

2. Systematic testing of SAR coherence methods across different SAR datasets and
case study events.

3. Integration of SAR coherence methods with empirical models of landslide sus-
ceptibility.

First, when I began this project, the only SAR coherence method that had been
applied to landslide detection was to use the decrease in coherence of a co-event
interferogram relative to a pre-event interferogram (The ARIA method; Yun et al.,
2015). This method was developed for use in building damage detection, so I
wanted to examine whether it could be improved upon for application to land-
slides. In Chapter 3, I presented a new method for landslide detection, in which
the difference between two different spatial estimates of coherence is used for land-
slide detection (The Bx-S method). I tested this method using Sentinel-1 SAR
data for the Mw 7.8 2015 Gorkha, Nepal Earthquake, and demonstrated that in
this case, the Bx-S method offered a significant improvement in landslide detection
ability compared to existing methods. Furthermore, in Chapter 4, I presented an-
other three new coherence-based methods which make use of additional post-event
SAR imagery (PECI, ∆C_sum, ∆C_max). These take advantage of the fact that
the bare rock exposed by a landslide has a high coherence in a post-event interfero-
gram (Section 2.4). These methods also outperformed existing methods, although
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the additional waiting time for a second post-event image is a disadvantage in
emergency response.

The second problem I raised in Chapter 1 was that, while a range of SAR coherence
methods for landslide detection have been developed, in most cases they have been
tested on a single event using data from a single SAR sensor. Therefore there has
been no systematic testing across different events and sensor types. In Chapter
4, I tested five methods (ARIA, Bx-S, PECI, ∆C_sum, ∆C_max) using ALOS-2
PALSAR-2 (L-band) and Sentinel-1 (C-band) data on four landslide inventories.
I found that, while SAR data could be successfully used to identify landslides
triggered by the four events, the best performing method depended on the SAR
data available. The best performing method with a single post-event image was
the ARIA method with ALOS-2, but in most cases, Sentinel-1 data were available
first, and in this case the Bx-S method performed best. Methods incorporating a
second post-event image (PECI, ∆C_sum, ∆C_max) performed more consistently
and in most cases better across events than methods using only one post-event
image. Again with these events, ALOS-2 data performed better than Sentinel-1.
Thus Chapter 4 allowed me to make recommendations on which method to use
according to what data are available after an earthquake.

Finally, SAR coherence methods and empirical models of landslide likelihood both
offer an alternative to manual-mapping with optical satellite imagery. In Chapter 5,
I assessed the contribution that SAR data could make to empirical models of land-
slide detection by combining SAR-coherence-based classifiers with static predictors
of landslide likelihood, such as topographic slope and ground shaking estimates us-
ing Random Forest Regression. Here I demonstrated that adding SAR coherence
data to empirical models offered an improvement to model performance, with the
biggest improvement seen when the first L-band image was added. These combined
models also outperformed the individual SAR coherence methods.

6.2 Application of SAR coherence methods to future
events

My thesis shows that SAR coherence methods have great promise for the detec-
tion of landslides triggered by future earthquakes in vegetated regions. I have
demonstrated that at a resolution of around 200 m, landslide information can be
generated from SAR within two weeks of an earthquake, a critical time for emer-
gency response coordination (Williams et al., 2018). One important question that
remains to be considered is what SAR data will be available within this timeframe
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in the future?

In terms of C-band SAR, the constellation producing the largest volume of data is
the Sentinel-1 system operated by ESA, whose imagery I used in this thesis. This
constellation has a repeat time of 12 days globally and 6 in Europe, meaning that
C-band imagery a few days after an earthquake is almost guaranteed. The first of
these satellites, Sentinel-1a was launched in 2014, followed by Sentinel-1b in 2016.
These are expected to operate for between 5 and 10 years, and will be replaced
by Sentinel-1c and -1d, which are already being prepared (Torres et al., 2017).
Therefore it seems likely that the availability of C-band SAR data will remain high
in the years to come. These data are openly available online soon after acquisition.

L-band SAR performed better than C-band in this study, both in terms of SAR
coherence methods in Chapter 4, and the improvement offered to empirical models
with SAR data in Chapter 5. This is unsurprising, as my research has focussed
on landslides in vegetated regions and L-band SAR is known to be less sensitive
to vegetation-related decorrelation (See section 2.4 for details). Currently, the
acqusition strategy of Sentinel-1 means that C-band SAR imagery is acquired much
more regularly than L-band, and in several cases the L-band interferograms I have
used in this study had to be formed from images acquired several weeks or months
apart. In Nepal and Lombok, the methods in Chapter 4 relying on a second
post-seismic image could not have been applied within the emergency response
timeframe (∼2 weeks, Section 1.1) due to the delay before the acquisition of the
second image. Furthermore, with the exception of track A018d in Hokkaido, the
L-band data used here did not give complete coverage of the triggered landslides,
which would be a significant disadvantage if applying these data to a new event.
However, in the future, the launch of the L-band NASA-ISRO NiSAR and ESA
ROSE-L missions, planned in 2022 and 2026 respectively, will greatly increase
the availability of L-band SAR data (Pierdicca et al., 2019; Sharma, 2019). The
planned acquisition strategies of these missions will also provide data with a wider
swath width than the ALOS-2 PALSAR-2 data used in this study (240-250 km
compared to 30-70 km), making it more likely that the L-band imagery acquired
following an earthquake will cover the entire area affected by triggered landslides.
These data will also have a similar open-access strategy to Sentinel-1 so will be
freely available to download.

6.2.1 Implementation in an emergency response setting

In an emergency response setting, there are some extra steps that would need to be
carried out, and some further work required before the landslide detection methods
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I have presented in this thesis could be applied. First, the approximate limits of
the area possibly affected by landslides need to be established. The simplest way
to do this would be using ground shaking estimates, which are published on the
USGS website within hours of all large earthquakes. With this area established, it
will be possible to identify C- and L-band SAR tracks which cover this area and to
establish when data on each track will be acquired. Although covering a larger area
will require more SAR data to be processed and stored, it would be advisable for
this estimate to be relatively generous as the initial shaking estimate is not always
representative of the true extent of the shaking (e.g. Dixit et al., 2015) and the
exclusion of an area that is later found to have been badly damaged by landslides
could lead to this area being neglected in the emergency response.

The next step is to decide which method to use. The methods I have worked on in
this thesis can be divided into two categories: the SAR-coherence-based methods in
Chapters 3 and 4 and the combination of SAR coherence and empirical modelling in
Chapter 5. The outcomes of these two would be different and there are advantages
and disadvantages to each.

The methods in Chapters 3 and 4 could be used to generate a landslide intensity
proxy map similar to the building damage proxy maps currently generated by the
NASA ARIA project using SAR coherence (Yun et al., 2015). In these maps, dam-
aged pixels are coloured according to their signal strength and undamaged pixels are
left uncoloured, which requires a threshold between damaged and undamaged to be
set. To establish a similar threshold between ’landslide’ and ’non-landslide’ pixels,
there are two questions to answer. First, to what extent do we want a pixel to have
been impacted by landsliding before it is classed as ’landslide’. This is important,
since in Chapter 3, I demonstrated that more severely impacted pixels could be
detected with greater accuracy. Second: is it possible to identify a threshold, or a
method to calculate a threshold that is reliably transferrable between events? To
answer this will require investigation of more events.

It would also be helpful to identify areas where the ability of the applied SAR
coherence method is likely to be poor, such as urban or snow-covered areas (Section
4.4.2), and to mask and label these in any products supplied to emergency response
coordinators. In Chapter 4, I gave a set of recommendations on when each method
should be used depending on the available SAR data. However, there is a question
over at what point the methods become useful. With only a single Sentinel-1
image, the best performing method (The Bx-S method) had ROC AUC values
ranging from 0.55-0.74, which is not reliable enough, and would probably not offer
an improvement compared to empirical models (e.g. Nowicki Jessee et al., 2018).
In Nepal, the accuracy of this method was improved by decreasing the spatial
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resolution (An improvement of ROC AUC from 0.59 up to 0.75 when the output
resolution was decreased from 20 m × 22 m to 300 m × 330 m), but more testing
would be required to see whether sufficiently consistent and high accuracy could
be obtained from a single Sentinel-1 image at lower resolutions, for example at the
1 km2 resolution often used in landslide susceptibility model (e.g. Nowicki Jessee
et al., 2018). At present, when applying the methods tested in Chapter 4 it would
be better to wait for either an L-band image of the affected area or for a pair of
post-seismic Sentinel-1 images.

Combining SAR methods with empirical modelling, as in Chapter 5, would have
several advantages over applying the methods individually. First, in terms of ROC
AUC, the modelled surfaces in Chapter 5 are higher than the individual methods in
Chapter 4. Second, predicted landslide density is more easily understood than the
landslide intensity proxy discussed in the previous paragraph. Third, the modelling
process allows ascending and descending tracks to be combined so that it is not
necessary to mask slopes that are unfavourably orientated to the satellite and so
not imaged well (e.g. Section 3.2.2.4). This means that the landslide areal density
model of Chapter 5 is more complete than the products I presented in Chapters 3
and 4. The disadvantage to the combined empirical modelling approach is that, for
the same-event model, some landslide mapping within the affected area is required
to identify some of the landslides triggered by the earthquake that can then be used
to train the model. This requires some availability of cloud-free optical imagery
and the time and manpower to map the landslides. This would not be necessary
for a global model. In Chapter 5, I found that a global model appeared promising
and it has been shown elsewhere that global empirical models perform well without
the addition of SAR data (e.g. Nowicki Jessee et al., 2018; Tanyas et al., 2019) but
more events would need to be included in the training dataset, and further testing
will be required before this kind of model incorporating SAR could be rolled out.

6.3 Further research

6.3.1 The effects of varying landslide type

I did not attempt to draw any conclusions in this thesis on how the properties of
landslides might affect their signal in SAR surfaces. Landslides can be divided into
five main categories based on their movement: falls, topples, slides, lateral spreads
and flows (Varnes, 1978). The landslides triggered by the four case studies used in
Chapters 3, 4 and 5 were typical of landslides commonly triggered by earthquakes,
with the majority of ground failures being slides of rock or soil, with shallow failure
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surfaces (Collins and Jibson, 2015; Ferrario, 2019; Keefer, 1984; Yamagishi and
Yamazaki, 2018). In Nepal, ground failures were primarily a mixture of slides
and falls (Collins and Jibson, 2015). In theory, any landslide of sufficient area
is expected to disrupt the Earth’s surface, altering its scattering properties and
resulting in a temporary coherence loss. However, since I have not attempted to
test different types of landslides separately, and my analysis includes very few or
no flow-, topple- or lateral-spread-type landslides, it is not certain that all types
would have the same signal in coherence-based landslide methods. For methods
of landslide detection based on SAR amplitude (e.g. Konishi and Suga, 2018), I
would expect that landslides which strongly alter the orientation of a pixel to the
SAR sensor by the removal or addition of material would have a stronger signal.
Landslides that either alter the material detected by the SAR sensor, for example
when vegetation is removed and bare rock is exposed, should also show up strongly
in amplitude images, while, for example, a lateral-spread-type landslide may not
result in such a strong signal.

The effect that landslide type has on different SAR-based detection is worth in-
vestigating for two reasons. First, if a SAR-based detection method is not capable
of detecting all landslide types, this must be taken into account when interpreting
any output, regardless of whether it is used for research or for emergency response.
Second, if different landslide types have different signals in SAR data, it may be
possible to draw information on landslide type from SAR, providing a more com-
plete understanding of the effect that an earthquake has had on the landscape.
In particular, it may become possible to derive information on landslide type us-
ing data from increasing numbers of high resolution SAR satellites, such as the
recently launched commercial ICEYE SAR constellation, which has an azimuthal
resolution of up to 25 cm (ICEYE, 2020). Therefore, while it was beyond the scope
if this thesis, I believe it would be beneficial to investigate the SAR coherence and
amplitude signals of different types of landslides.

6.3.2 Detection of rainfall-triggered landslides

My focus in this thesis has been on earthquake-triggered landslides. A large pro-
portion of SAR-based landslide detection methods, particularly those using SAR
coherence have also used earthquakes as case studies (Aimaiti et al., 2019; Ge et al.,
2019; Jung and Yun, 2019; Konishi and Suga, 2019; Yun et al., 2015). Those ap-
plied to rainfall-triggered landslides often focus on individual large landslides (e.g.
Czuchlewski et al., 2003; Mondini et al., 2019) as opposed to large-scale detection
of landslides across a landscape, or use polarimetric SAR, which is not acquired
after most events (e.g. Czuchlewski et al., 2003; Masato et al., 2020). However,
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the application of large-scale, SAR-based landslide detection methods to rainfall
triggered landslides would be advantageous for several reasons. There is an obvi-
ous correlation between rainfall and cloud cover, so that optical satellite imagery
of rainfall-triggered landslides is likely to be obscured by cloud. Also, although
earthquakes can trigger thousands of landslides, they occur relatively rarely, while
some areas of the world experience rainfall-triggered landsliding every year.

The preference for testing on earthquake-triggered landslides is unsurprising. First,
since it is common practice to use InSAR to map ground deformation after the
earthquake, SAR data are commonly acquired and processed after an earthquake
(NASA, 2018). In some cases, areas of landslides corresponding to areas of low
coherence in an interferogram are obvious (e.g. Fujiwara et al., 2019; Vajedian et al.,
2018), which would naturally encourage their use as landslide detection case studies.
Satellites that are intended for use in emergency response, such as ALOS-2, are
likely to acquire a SAR image following an earthquake for use in ground deformation
measurements, but historically there has been no need to acquire SAR data after a
rainfall event. This has only recently begun to change with the launch of Sentinel-1a
in 2014. Currently, the Sentinel-1 satellites acquire either ascending or descending
track SAR imagery every 12 days over all land masses globally, and both tracks over
tectonic belts (ESA, 2019). This makes it far more likely that SAR data will be
available for landslide mapping after a rainfall event. Second, ground shaking due
to an earthquake generally lasts for less than a minute, and it can be assumed that
landslides occur during, or shortly after this interval, which means that the timing
of the landslides is already known, and in a time series of interferograms, we know
which one to consider as ’co-event’. The majority of landslide-detection methods,
including all of those I have presented here, require this information. They also
require all landslides to occur in the same interferogram, which may not be the
case, particularly for long rainfall events such as the Nepal monsoon. One solution
to this could be to increase the time window of the interferogram, however this
has an adverse effect on background coherence, particularly in vegetated regions.
I gave an example of this in Chapter 4 when I compared the performance of the
same methods on landslides triggered by a single earthquake in the 2018 Lombok
earthquake sequence and on landslides triggered by the whole sequence.

A further complication of applying SAR coherence methods to rainfall-triggered
landslides is that the rainfall itself can also affect the coherence. It has been
demonstrated that rainfall can cause significant decorrelation of an interferogram as
wet and dry soil have very different dielectric properties (Nolan and Fatland, 2003;
Scott et al., 2017). Theoretically, this could be a significant problem when applying
SAR coherence methods to rainfall-triggered landslides. However, the success in
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detecting landslides triggered by the Mw 6.6 Hokkaido, Japan earthquake, which
closely followed Typhoon Jebi, not only in Chapters 4 and 5 of this study, but also
in various other studies (Aimaiti et al., 2019; Ge et al., 2019; Jung and Yun, 2019;
Konishi and Suga, 2019) indicates that this may not be prohibitive, although this
may not be the case in arid environments (Discussed further in Section 6.3.3).

Therefore, I expect that SAR coherence methods could be applied to rainfall-
triggered landslides in vegetated regions. It will, however, be necessary to make
some adjustments to existing methods to allow for the fact that the timings of
landslides triggered by rainfall events are less certain.

6.3.3 Landslide detection in arid environments

The majority of studies of landslide detection using SAR coherence have been
carried out in vegetated areas (Aimaiti et al., 2019; Czuchlewski et al., 2003; Jung
and Yun, 2019; Konishi and Suga, 2018; GDAL/OGR contributors, 2020; Masato
et al., 2020; Yun et al., 2015); very little work has been done in arid environments
(e.g. Cabré et al., 2020; Olen and Bookhagen, 2018, 2020; Vajedian et al., 2018).
The four case studies I used in this thesis were all located in vegetated areas. I
made this choice for several reasons. First, regions where rain falls frequently are
both more likely to support heavy vegetation and more likely to experience cloud
cover following an earthquake. All the case studies I used occurred in an area of
Asia considered likely to be obscured by cloud (Figures 1.3 and 1.6). Second, the
removal of vegetation by a landslide is likely to result in severe decorrelation in
an interferogram, so a strong signal can be expected in vegetated regions, and one
that would be similar between my four case studies. Third, in order to evaluate a
new method, a set of observations is required and more inventories of landslides in
vegetated regions have been compiled from optical satellite imagery, as the contrast
between the green vegetation and brown upturned soil makes them easier to map,
particularly using multispectral optical imagery for NDVI (e.g. Borghuis et al.,
2007). This final reason could also be motivation to explore the application of
SAR to arid environments: although they are less likely to be obscured by cloud
cover, landslides in arid environments are more difficult to map with optical satellite
imagery (Barlow et al., 2015).

A landslide in an arid environment will move surface material around, but will
not result in an entirely different material being exposed, as in vegetated regions.
However, the movement of material downslope will still result in the movement
and reorientation of scatterers, alter the roughness of the ground surface and po-
tentially alter the wetness of the soil that is exposed to the SAR sensor, all of which
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could result in temporal decorrelation of the image. Additionally, the absence of
vegetation should result in higher background coherence, particularly when using
C- or X-band SAR data. Vajedian et al. (2018) noted decorrelation of InSAR
due to a small number of landslides triggered by the Mw 7.3 2017 Sarpol-e Zahab
earthquake in Iran. Therefore, it may be possible to apply the methods developed
here in Chapters 3 and 4 in arid environments, although the empirical models in
Chapter 5 could probably not be trained on an event in a temperate environment
and used to predict landslides in an arid environment.

If instead of earthquake-triggered landslides, we consider rainfall-triggered land-
slides in arid environments, another problem arises with applying SAR coherence
methods: changes to the soil moisture content affect the SAR signal (Nolan and
Fatland, 2003; Scott et al., 2017). As discussed in Section 6.3.2, this is not a major
barrier to the application of SAR coherence methods in vegetated environments.
However, in arid environments, it has been demonstrated that changes in soil mois-
ture content can result in significant decorrelation of an interferogram (Nolan and
Fatland, 2003; Scott et al., 2017). This discrepancy is likely to be due to the fact
that in a pixel containing vegetation, some microwave energy will be scattered by
the vegetation and will not interact with the soil beneath. Therefore, the effect of
soil moisture on coherence is likely to be stronger in arid environments than in ve-
getated environments and, as discussed above, the decorrelation due to landslides
may be less strong.

Using the ARIA method, or the methods presented in Chapter 4 that rely on a
coherence change through time (PECI, ∆C_sum,∆C_max), decorrelation due to
soil moisture changes could lead to large areas of false positives. It’s possible that
the Bx-S method (Chapter 3) may be more useful in this case, removing large-scale
coherence signals due changes in soil moisture content while leaving the signals from
landslides. It has also been demonstrated that decorrelation due to a rainfall event
is a transient effect. A co-event interferogram made up of one image acquired before
the rainfall and one immediately after will be decorrelated since the soil is dry in
the first image and wet in the second. However, if the second image is acquired
a long time after the first and the water has evaporated, this decorrelation does
not occur (Scott et al., 2017). Using this, Cabré et al. (2020) developed a method
of differentiating between permanent coherence loss following a rainfall event due
to erosion and debris flows, and temporary loss due to rainfall. While this study
demonstrated that SAR coherence methods can be applied in arid environments for
research purposes, when generating landslide information for emergency response,
it is not practical to wait for months after the rainfall event for the ground to dry
out.
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Therefore, I expect that it will be possible to apply SAR coherence methods such
as those developed here to landslides triggered in more arid landscapes. However
the sensitivity of SAR coherence to rainfall in such settings will have to be taken
into account, and it may not be possible to generate information on landslides
that occur concurrently with a rainfall event quickly enough for use in emergency
response. I also expect that systematic testing of SAR coherence-based landslide
detection methods may be problematic due to the difficulty in mapping landslides
in arid environments in optical satellite imagery. For example, Cabré et al. (2020)
validated their method against data collected on a field campaign following the
rainfall event, and Olen and Bookhagen (2018) do not validate their predicted
landslide locations against any inventory of mapped landslides.

6.3.4 Generation of landslide information for research purposes

Here, my focus was on landslide detection for use in emergency response. For
this, the aim was to generate an overview of landslide locations at relatively low
resolution but across a large area within days of an earthquake. The information
requirements of landslide inventories generated for research purposes are very dif-
ferent. A low-resolution overview of landslide locations is not likely to be sufficient
for most research-based applications of landslide information. However, there are
some advantages of SAR coherence methods that would be useful in a research
setting.

Landslide mapping with optical imagery allows detailed maps of individual land-
slides to be produced. However, as with landslide mapping for emergency response,
cloud cover can be problematic. A delay of days or weeks between an earthquake
and useable optical imagery being acquired does not render the information useless
as it does in emergency response, but it does mean that the landslide inventory
produced from this imagery has poor temporal resolution. In some cases, where
two or more trigger events occur in quick succession, mapped landslides cannot
be attributed to one event or the other, as was the case for the 2018 Lombok,
Indonesia earthquake sequence (Ferrario, 2019) and for some landslides mapped
following the Mw 7.8 2015 Gorkha, Nepal earthquake, which was followed 17 days
later by a Mw 7.3 aftershock (Martha et al., 2017; Roback et al., 2018). In such
cases, SAR coherence methods could be applied to each earthquake, and could help
to assign landslides to one event or the other even at lower resolutions than the
optically-derived dataset.
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6.3.5 Automatic landslide detection with SAR and optical
satellite imagery together

SAR and optical satellite data are sensitive to landslides in different ways, and
so using them together in landslide detection may allow the strengths of both
to be combined. There are various ways that this could be done. In Section
6.3.4, I suggested that the high spatial resolution of optical satellite data and the
high temporal resolution of SAR data make them suitable together for mapping
landslides triggered by long rainfall events or sequences of rainfall. In Chapter
5, landslides mapped manually using optical satellite imagery were used to train
a model which then used SAR methods to predict landslide density, which takes
advantage of the high accuracy of optical satellite imagery, and the fact that SAR
data can be acquired in all weather conditions.

Another option would be a combined automated landslide detection method using
both optical and SAR imagery. The time-consuming nature of manual landslide
mapping means that even in the case where cloud-free imagery is available, auto-
matic methods would be beneficial in emergency response. Several studies have
demonstrated that automatic landslide mapping using multi-spectral optical im-
agery can yield good results (e.g. Borghuis et al., 2007; Ghorbanzadeh et al., 2019;
Heleno et al., 2016). As SAR and optical imagery represent independent measure-
ments of the ground surface that are sensitive to landslides, there may be some
advantage in combining these. For example, Borghuis et al. (2007) noted that dry
riverbeds, roads and bare farmland were incorrectly identified as landslides as their
signal in multi-spectral imagery was similar. These are not likely to have a similar
signal to landslides in the coherence methods presented in this study. Similarly,
possible changes in SAR coherence due to soil moisture changes would not have
a signal in multi-spectral optical imagery (Nolan and Fatland, 2003; Scott et al.,
2017). Therefore, providing that the SAR and optical satellite datasets can be
georeferenced, a combined approach might lead to improved accuracy. Machine
learning offers many viable options for combining such datasets. The Random
Forests approach I applied to landslide detection in Chapter 5 could easily incor-
porate optical data as well. Alternatively, Ghorbanzadeh et al. (2019) compare
several machine learning methods for combining topographic and multi-spectral
optical data and suggest that (provided the model is well designed) a deep learning
approach is likely to yield the best results.
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6.4 Concluding Remarks

The generation of landslide information from SAR data would be extremely ad-
vantageous in an emergency response situation, as such data are now available
within days of an earthquake anywhere on Earth in all weather conditions. How-
ever, research into this area has not previously been sufficiently advanced for these
methods to be widely applied. Here, I have presented new methods of generat-
ing landslide information from SAR data, demonstrated that these methods are
widely applicable in vegetated regions. I have made recommendations on when
different methods should be used, which depend on the available data. Finally,
I have demonstrated that incorporating SAR-based landslide detection methods
into empirical models of landslide susceptibility can greatly improve their perform-
ance. When the research I present here is considered alongside other recent studies
on this subject, it is clear that SAR data will greatly improve the availability of
landslide data following an earthquake in the years to come. While the focus of
my research was on the detection of earthquake-triggered landslides in vegetated
regions for emergency response, the results are also likely to be relevant to those
researching rainfall-triggered landslides or landslides in arid environments, and for
generating landslide information for research purposes.
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Appendix A: Assessment of
Distorted SAR pixels

In Chapters 3 and 4, SAR pixels which are heavily distorted due to the imaging
geometry of the SAR system relative to the slope direction are removed from the
analysis, as these are likely to exhibit severe spatial decorrelation and so not be
useful in landslide detection. In this appendix, I demonstrate how distorted pixels
were identified and removed from the analysis, using data from Chapter 3

Figure A.1a shows a map of pre-seismic coherence (image pair 2015-04-05, 2015-
04-17) for the region of Jharlang, Nepal. An example of a slope along which pixels
have been distorted is indicated, where the pixels are visibly elongate and the
image appears striped. In order to identify these distorted pixels, I calculated
the geographic area which contributed to each pixel in radar geometry. Across
the study area, this pixel contributing area ranged between 0 and 19,000 m2. In
contrast, each multilooked pixel in geographic coordinates is around 400 m2 in size.
I masked pixels with a contributing area above a given threshold. This threshold
was incrementally lowered from 5000 m2 to 2000 m2 to 1000 m2 (Figure A.1b, c,
d respectively). With the threshold set at 1000 m2, visibly distorted pixels were
removed from the image (Figure A.1d). I therefore did not lower the threshold
further, as this would have removed data without justification.
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Figure A.1: (a) Pre-event coherence map for Jharlang with white arrow indicating distorted
pixels. (b, c, d) The effect of masking pixels for which the contributing area was over 5000,
2000 and 1000 m2 respectively
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Appendix B: Figure 3.8 before
pixel aggregation

Figure A.2 shows the smaller area shown in Figure 3.8 before pixel aggregation,
i.e. at the resolution of the multi-looked Sentinel-1 SAR data (20 m × 22 m).
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Figure A.2: (a) The percentage of each 10 x 10 aggregate pixel made up of landslide
pixels (Roback et al., 2018). (b,c,d) The classifier value before aggregation for the surfaces
produced by absolute, ARIA and Bx-S methods respectively. Each surface has been nor-
malised to range between 0 and 1 with 1 most likely to be a landslide. Colour bars are
non-linear, but linear between the white lines and labelled with the percentage of pixels
across the whole area that lie in this linear range. The area shown corresponds to the
smaller area shown in Figure 3.8
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