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ABSTRACT

I use temporal lidar and radar to reveal fault rupture kinematics and to test a method

of mapping earthquake-induced structural damage. Using pre- and post-event data, these

applications of remote technology offer unique perspectives of earthquake effects. Lidar point

clouds can produce high resolution, three dimensional terrain maps, so subtle landscape

shifts can be discerned through temporal analysis, providing detailed imagery of co-seismic

ground displacement and faulting. All weather radar systems record back-scattered signal

amplitude and phase. Pre- and post-event comparisons of phase can illuminate co-seismic

structural damage using an oblique look angle, most sensitive to changes in building heights.

Extracted information from these geodetic methods may be used to inform decisions on

future earthquake modeling and emergency response.

In the first major section of this thesis, I calculate co-seismic 3D ground deformation

produced by the Papatea fault using differential lidar. I demonstrate that this fault - a key

element within the 2016 Mw 7.8 Kaikōura earthquake - has a distinctly non-planar geometry,

far exceeded typical co-seismic slip-to-length ratios, and defied Andersonian mechanics by

slipping vertically at steep angles. Its surface deformation is poorly reproduced by elastic dis-

location models, suggesting the Papatea fault did not release stored strain energy as typically

assumed, perhaps explaining its seismic quiescence in back-projections. Instead, it slipped

in response to neighboring fault movements, creating a localized space problem, accounting

for its anelastic deformation field. Thus, modeling complex, multiple-fault earthquakes as

slip on planar faults embedded in an elastic medium may not always be appropriate.

For the second major part of this thesis, I compare mean values of interferometric syn-

thetic aperture radar (InSAR) coherence change across four case studies of earthquake-

induced building damage. These include the 2016 Amatrice earthquake, the 2017 Puebla–

Morelos earthquake, the 2017 Sarpol-e-Zahab earthquake, and the 2018 Anchorage earth-

quake. I examine the influences of environmental and urban characteristics on co-seismic

coherence change using Sentinel-1 imagery and compare the outcomes of various damage lev-

els. I do not find consistent values of mean coherence change to distinguish levels of damage

across the case studies, indicating coherence change values vary with location, environment,

and damage pattern. However, this method of damage mapping shows potential as a useful

tool in earthquake emergency response, capable of quickly identifying localized areas of high

damage in areas with low snow and vegetation cover. Given the large spatial coverage and

relatively quick, low cost acquisition of SAR imagery, this method could provide damage

estimates for unsafe or remote regions or for areas unable to self-report damage.
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for helpful discussions about the Kaikōura rupture and the role of the Papatea fault. I also

would like to thank Lia Lajoie for sharing her profiling script with me and for her help with

the script. Thank you to Sri Malireddi and Andrea Tagliasacchi for their contributions to the

ICP code used for differential lidar of the Clarence Valley, NZ. I thank Land Information New

Zealand, New Zealand Transport Agency, Environment Canterbury, Marlborough District

Council, and AAM NZ Ltd. for funding, collecting, and distributing the lidar data used. I

also thank the European Space Agency for their freely available Sentinel-1 and -2 data used

in the coherence study.

Thank you to the members of the TEARS research group and the Pacific Geoscience Cen-

ter (PGC), Geological Survey of Canada for their support, encouragement, and constructive

comments and suggestions throughout my research. A special thank you to Élyse Gaudreau
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Chapter 1

Thesis Overview

Remote sensing is the science of acquiring information through observation of an object us-

ing an instrument at some distance away [2]. For geophysical applications, remote sensing

is the observation of physical targets on Earth’s surface using electromagnetic radiation.

The remote sensing process begins with a sensor, usually space-borne (on board a satellite)

or airborne (on board an airplane, helicopter, or unpiloted aerial vehicle). Physical tar-

gets are imaged by the sensor from recorded back-scattered electromagnetic radiation [3, 4].

This can occur either passively, where the sensor relies on sunlight for target illumination,

or actively, where the sensor transmits and receives its own source of energy for illumina-

tion. The recorded data are processed and analyzed to interpret characteristics of imaged

objects. Geodesy is the science of understanding and measuring the Earth’s shape and orien-

tation, often done using remote sensing and Global Navigation Satellite System (GNSS) data.

Geodetic data may be combined with other geospatial data to address specific geophysical

problems [3, 4].

Synthetic Aperture Radar (SAR) and lidar (light detection and ranging) are two active

remote sensing methods used, among a wide variety of other applications, to map changes

on Earth’s surface caused by an earthquake. Chapter 2 provides an overview of SAR and

lidar, including data acquisition, image formation, and processing. In Chapter 3, I introduce

differential lidar and map 3D displacements along the Papatea Fault - one of over 20 surface

ruptures from the 2016 Mw 7.8 Kaikōura earthquake (New Zealand). I compare the observed

displacement field to forward elastic models and reveal several unusual characteristics of this

fault, which may have played a key role in the propagation of this complex earthquake. In

Chapter 4, I use temporal InSAR coherence to map co-seismic building damage following

four different earthquakes. I discuss the dominant influences on interferometric coherence

using SAR imagery and surveyed damage data from Amatrice (Italy), Mexico City (Mexico),
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Kermanshah (Iran), and Anchorage (Alaska) caused by damaging earthquakes in a variety

of environmental settings. These case studies were chosen based on data availability as well

as the variability of environmental, urban, and damage characteristics across the four areas.

I compare the values of mean coherence change at different structural damage levels and

consider where this method of damage mapping would be most useful as a tool for future

emergency response following a destructive earthquake.
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Chapter 2

Lidar and SAR Remote Sensing

2.1 Lidar

Lidar technology has been evolving for over 50 years, with some of the first applications used

for measuring properties of the upper atmosphere (eg. [5, 6]). Geospatial applications of

lidar progressed to focus on extracting altimetry information for digital elevation mapping

[7]. Although lidar applications now range from virtual reality games to navigation of au-

tonomous cars, lidar remote sensing is a valuable tool for accurate biological and geophysical

measurements from high resolution 3D terrain mapping.

Lidar is an active form of remote sensing that uses rapidly transmitted narrow laser

pulses, arranged in a specified spatial orientation with a given pulse frequency [7]. Lidar

systems operate in the ultraviolet to near-infrared portion of the electromagnetic spectrum

and, for terrestrial mapping, are usually airborne and nadir-looking (see Figure 2.1) [8, 9].

However, the NASA Ice, Cloud, and Land Elevations (ICESat, 2003 - 2010) and ICESat-2

(2018 - current) satellites are the only space-borne laser altimeters [10, 7]. For topographic

mapping, discrete-return lidar systems are employed, where peak return signals are recorded.

This differs from waveform lidar systems that record the full waveform of the return signals

and is useful for detailed mapping of vertical structures, canopy characterization, and biomass

studies [10].

The return signals of discrete lidar systems are recorded by the sensor to determine the

elevation of the imaged target. Elevation is resolved from the distance from sensor to target,

calculated from the time difference between the transmitted and return signals, given that

the laser travels at the speed of light. Using the distance information with the lidar system’s

GPS and IMU (inertial navigation measurement unit of the aircraft’s orientation), the x, y,
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and z (elevation) positions of point returns are determined, resulting in a 3D point cloud

of the landscape [10]. These point clouds can be classified based on position and discrete

return intensity and can be resampled to produce high resolution elevation rasters [10].

The spatial resolution of the point cloud depends on the sampling density, flight speed

and height, scanning pattern, pulse rate and duration, and foot print area [7, 11]. The area

imaged is dependent on the footprint diameter which is directly influenced by the scanning

angle of the transmitted beam (see Figure 2.1) [11]. Typically, pulse frequencies range from

10 - 150 kHz and the higher the pulse rate, the greater the sampling density. The point

density also depends on the footprint spacing, which is the distance between lines of pulses

in the scanning pattern. The scanning pattern is the spatial orientation of the transmitted

pulses. A seesaw pattern, as shown in Figure 2.1, is most common [11]. Further, the duration

of the pulse influences the intensity of the transmitted and received signals. Optimization of

these parameters yields a dense, detailed point cloud.

scanning 

       angle 

footprint diameter

INS

GPSz
y

x

x
y

z

scanning swath

scanning pattern

flight altitude

Figure 2.1: Schematic diagram of imaging using airborne lidar.
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2.2 Differential Lidar

Differential lidar compares post-event to pre-event data to map, analyze and quantify ground

changes from natural disasters with centimeter accuracy [12, 13]. Some applications of this

technique include landslide detection and monitoring, fault identification and co-seismic

ground displacement (eg. refs. [14, 15, 13, 16]). Differential lidar can also be used to

understand near-fault co-seismic ground deformation, unlike SAR interferometry, that fails

to map areas of rapid ground displacement due to the high amount of surface disruption

[13]. Two methods of differencing lidar are differenced digital elevation models [14, 17]

derived from laser scans, which is most sensitive to vertical displacements, or by iteratively

differencing raw lidar point clouds, which allows for the extraction of 3D displacement fields

[18, 13].

2.2.1 DEM of difference

Digital elevation models (DEMS) are representations of topography using raster grids or

triangulated irregular networks (TINs) interpolated from lidar point clouds [15]. A DEM of

difference (DoD) can be calculated from a simple difference to reveal vertical topographic

changes. This method has been used in many fields of earth science, including biomass, mass

wasting, and tectonic studies to map temporal elevation changes. However, this method can-

not resolve horizontal displacements, indicating that, in tectonic studies, calculated temporal

vertical differences may not represent true vertical co-seismic shifts because topography and

lateral offsets influence temporal elevation changes [14, 17]. Thus, DEMs may be masked to

isolate only very flat regions so that the elevation difference closely approximates co-seismic

vertical displacements [17]. Additionally, optical or digital image correlation methods, used

to calculate pixel offsets to resolve horizontal motion, may be paired with DoD studies to

calculate displacements in three directions (eg. refs. [19, 20, 21]). Creating a DoD may be

favorable when studying large study areas because this requires minimal computation time,

unlike iterative alignment methods, that are more effective for smaller data sets. Addition-

ally, a DoD can be produced using a wide range of GIS softwares, making it an accessible

option.

2.2.2 Iterative Closest Point

Another method of studying temporal lidar surveys is by implementing an iterative closest

point (ICP) algorithm, where pre- and post-event point clouds are iteratively aligned to
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calculate x, y, and z differences between clouds. This method can work on irregular point

clouds because the algorithm works to iteratively find the nearest points [22, 23], meaning

point cloud densities do not need to match. However, this method relies on the assumption

that the two point clouds are of approximately the same area (coarse alignment). Addition-

ally, the point clouds must share a common reference frame [22, 23]. In each iteration, the

algorithm searches locally to find the optimal pairwise alignment and calculates the rigid

body transformation. This means that the translations and rotations about Cartesian axes

are calculated and the mean square error is minimized between aligned data points [22, 18].

This process is iterated until local closest point distances are minimized, determined when

the error is smaller than a defined threshold [22, 18]. By summing the total transformations,

the 3D difference between point data sets is captured, which can then be separated into x,

y, and z displacement fields. Nonetheless, this method has some limitations in very smooth

areas and regions with dense vegetation. For example, very smooth, flat surfaces are difficult

to align because point returns from a flat surface appear very similar. Thus, there may be

several optimal pairwise alignments between very flat surfaces. Therefore, the ICP algorithm

works best on flat surfaces that are somewhat textured. Additionally, point returns from

vegetation may hinder the alignment process where vegetation growth and weather influ-

ences may cause these areas to appear too different to align between data sets. Therefore,

for most successful outcomes, points classified as vegetation should be removed, leaving a

bare earth surface to perform the alignment on.

Similar methods of three dimensional differencing have been used by the medical com-

munity to align patient body scans (eg. [24]) and in computer graphics to align object

geometries (eg. [22, 25]). For earth sciences, point cloud alignment has provided detailed 3D

information about landsliding [16, 26], tectonic motion, and earthquake-induced structural

damage [27, 28, 29]. However, this method relies on the availability of pre-event surveys.

For tectonic studies, these pre-event data sets rarely include entire rupture extents. Full

pre-event lidar coverage was available for the 2010 El-Mayor Cucapah earthquake in Baja

California, Mexico, where the ICP algorithm was implemented [30]. Other studies have

used this method to study rupture segments within large earthquakes, including the 2008

Iwate–Miyagi, 2011 Fukushima–Hamadori, and 2016 Kumamoto earthquakes [13, 19, 31].

However, open-source portals, like Open Topography, publish global lidar data, increasing

the potential availability of pre-event data.
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2.3 Synthetic Aperture Radar

2.3.1 Imaging

Since the launch of NASA’s SeaSat mission in 1978, SAR systems have been used to ac-

tively image and observe Earth’s surface [32]. SAR systems use back-scattered microwave

energy to map physical features on the ground [33]. These systems provide their own source

of microwave illumination, allowing them to image during day or night [34, 33]. Further,

the use of long wavelength radiation results in minimal atmospheric scattering, allowing the

microwave signal to penetrate through nearly all weather conditions [34, 33]. For earth ob-

servation, the most common frequency bands employed by SAR systems are X- (2.4–3.8 cm),

C- (3.8–7.5 cm), or L-band (15–30 cm) [4, 35]. SAR systems are capable of observing and

recording a wide range of geophysical data used for debris flow mapping, ground deformation

assessment, fire scar delineation, and building damage mapping (eg. refs. [36, 37, 38]).

SAR systems are most commonly airborne or space-borne and are made up of four main

components: 1) the signal transmitter, 2) the signal receiver, 3) the antenna, and 4) the

electronic processing system [4, 33]. The transmitter emits short bursts of microwave energy

to the ground, focused into a beam by the antenna. Energy is transmitted at the speed of

light in the along-track (direction of the flight path) and across-track (direction perpendicular

to the flight path) directions, simultaneously [33]. The energy is transmitted at a specific

frequency band and pulse duration. The receiver detects back-scattered microwave energy

from objects on the ground. Finally, the processing system forms the radar image from the

return signals [33, 34].

The spatial resolution of a radar image is composed of the range (cross-track) and the

azimuth (along-track) resolutions (see Figure 2.2). The former is dependent on the pulse

length (the distance from sensor to ground and back), where the longer the length, the lower

the spatial resolution [4]. From the time delay between the transmitted pulse and received

back-scatter signal from a target on Earth’s surface, the distance from the radar to the

target can be computed [36, 39]. SAR systems operate at an off-nadir viewing geometry

(side-looking) which optimizes ground coverage and mapping capabilities over nadir-looking

systems [33, 36]. This side-looking angle allows the radar system to resolve pixel location

information in the range direction from return signal times. For example, two points on the

ground acquired from a nadir-looking system would be indistinguishable because the signal

would reach each point at the same time, making their signal return times identical.

The azimuth resolution depends on the antenna beam width, whose length is electroni-
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cally synthesized by the flying SAR system. SAR systems use aperture synthesis to create

the effect of a longer antenna in space, which directs the transmitted pulses towards the

ground [39, 34]. The longer the antenna, the narrower the beam width, resulting in a finer

azimuth resolution. A long antenna length is synthesized by combining back-scatter echoes

from multiple pulses from different geometries while the satellite flies [33, 36, 39]. This tech-

nique is used because it increases the image resolution without launching a large antenna

into space, which is not very practical or feasible. To orient ground targets in the azimuth

direction, the Doppler information of multiple echos are used. As the radar flies, there is an

apparent shift in frequency of the recorded return signals of a given ground target. When fly-

ing toward a target, the frequency shift is positive (blue shifted) because the radar-to-target

distance is decreasing. When the sensor is flying away from a given target, the Doppler shift

of the return signals is negative (red shifted) [40]. This frequency information is then sorted

by the radar to determine the location of the ground target within the radar image, along

with the time delay of the return signal. [33, 36, 39].

2.3.2 Sentinel-1 Mission

The European Space Agency (ESA) launched the Sentinel-1A satellite in 2014, followed

by the launch of Sentinel-1B in 2016. Individually, these two right-looking satellites have

a 12 day revisit time, are equipped with a C-band (5.4 GHz, 5.6 cm wavelength) SAR

sensors, and a 12.3 m × 0.821 m (length × width) antenna. Combined, Sentinel-1A and

-1B have a global revisit time of 6 days since the satellites have nearly identical sensor

characteristics and fly along the same orbital plane [41]. The Sentinel-1 satellites have

four main image acquisition modes and two single-pass orientations. The acquisition modes

include Stripmap, Interferometric Wide swath (IW), Extra-Wide swath (EW), and Wave

mode. Stripmap mode is mainly used for applications where fine detail is required. IW

mode is most commonly used interferometry, while the EW and Wave modes are often used

for ocean and coastal monitoring [42, 41]. IW mode has a swath width of 250 km and uses

a technique called TOPSAR (Terrain Observation with Progressive Scans SAR), where each

acquisition is collected by scanning across three sub-swaths, made up of several bursts [42].

In IW mode, incidence angles (see Figure 2.2) range from ∼ 30◦ - 46◦ depending on the sub-

swath and produce radar images with a spatial resolution of 5 m × 20 m (range × azimuth).

The two single-pass orientations are either descending (flying south) or ascending (flying

north) [41].



9

Satellite with 
            SAR system

Flig
ht tr

ajectory

Ground tra
ck (azim

uth dire
ctio

n) 

Zero Doppler line 

Range direction

lines of equidistance 

lines of equidoppler

   radar 
footprint

look angle

incidence 
angle 

Figure 2.2: SAR imaging geometry adapted from [39]. The distance and Doppler information
recorded by the radar are used to orient ground targets correctly within radar images in
the range and azimuth directions. The incidence and look angles define the angle of the
transmitted microwave energy.
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2.3.3 Phase and Amplitude

Recorded back-scattered energy contains both amplitude and phase information. The radar

phase (in radians) is the number of oscillations of the signal between the sensor, ground, and

back again [39]. The wavelength of the microwave energy used in SAR imaging is shorter

than the spatial resolution of the radar images. This means that the signal of a single pixel

within the radar image (a resolution cell) is the sum of the return signals of many individual

objects within that pixel. Therefore, the phase signal of each pixel is random, rendering the

phase of a single SAR image useless [39]. The phase difference between two SAR acquisitions

has utility and is often used for change detection studies. The amplitude (in decibels) of the

recorded back-scatter signal represents the return signal strength. This value determines the

brightness of pixels within a radar image and is the amount of energy that is reflected off

of a target back to the receiver per unit area [39]. Both phase and amplitude of the return

signal are influenced by ground target and radar system parameters [39, 43].

The recorded return signal is dominated by the moisture content and structure of a

ground target. Moisture content directly influences the ground object’s dielectric constant;

a parameter that depends on an object’s conductivity and ability to store electrical energy.

The dielectric constant also influences the object’s ability to absorb microwave energy which

impacts the amount of energy back-scattered to the sensor [4]. Overall, object reflectivity

increases with moisture content, while wave penetration decreases [4, 44]. Additionally, the

various ways energy can be reflected (scattering mechanism) off a ground target affects the

strength and consistency of the back-scattered signal [39]. The scattering mechanism depends

on the object’s surface roughness, structure, and interaction with microwave energy. The

four main mechanisms of scattering are specular reflection off of a smooth surface, double

bounce reflection from surfaces at right angles to each other, diffuse scattering from a rough

surface, and volumetric scattering, often from vegetation, as summarized in Figure 2.3 [4, 45].
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Specular reflector: the incidence angle, i, is 
equal to the angle of reflection, r.

Diffuse reflector: scattering in many directions 
off of a rough surface. 

Double bounce (corner reflector): reflection 
off of two smooth surfaces at ~90º 

to each other.

Volumetric scattering: scattering in many 
directions due to inhomogeneity in the structure 

of a ground target, like vegetation.

i r

Figure 2.3: Four main mechanisms of scattering microwave energy depending on wavelength,
surface roughness, and structure. Adapted from [4].
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Several radar system parameters also play a significant role in the characteristics of the

return signal. The wavelength of microwave energy used by the radar system influences

the energy interaction with ground objects and the appearance of objects in radar images.

Longer wavelengths penetrate materials like dry soil, snow, and forest canopy deeper than

shorter wavelengths [4, 46]. For instance, L-band SAR signals penetrate vegetation deeper

than shorter wavelength C- or X-band signals. Therefore, the longer wavelength system

is capable of imaging underlying targets, like wetlands below vegetation. Thus, different

wavelengths are used for different imaging applications. The appearance of surface roughness

in SAR images also depends on wavelength, where objects appear smoother when imaging

with a longer wavelength. Therefore, the same terrain may appear different depending on

the frequency band of the radar [4].

Additionally, the polarization of the SAR sensor is an important system parameter to

consider. Unpolarized electromagnetic energy vibrates in all directions perpendicular to the

direction of propagation. Radar systems often filter the signal to isolate one vibrational

direction, perpendicular to the direction of travel. This filtering is referred to as wave polar-

ization and is independent on wavelength [4]. Radar systems transmit and receive polarized

energy in a combination of horizontal and vertical orientations. For example, one polariza-

tion of Sentinel-1 data is cross-polarized with a VH orientation, meaning the transmitted

energy is vertically polarized (V-), while the received signal is horizontally polarized (-H).

Signal polarization is implemented by applying a filter to the antenna and is useful because

different polarizations are sensitive to different physical properties and structures of ground

targets [4, 47]. For example, vertically polarized energy is more sensitive to vertically ori-

ented structures. The amount of reflected energy in different polarizations depends on how

the energy interacts with the structure of the ground target, which allows different land cover

types to be further distinguished [4].

The incidence angle of the SAR sensor also directly influences the returning back-scattered

signal. This parameter is the angle between the direction of the incoming radar beam and

the direction normal to earth’s surface [4]. If the incidence angle is small, the sensor is closer

to a nadir-look direction, resulting in a greater amount of back-scattered energy directed to-

wards the sensor. For larger incidence angles, the look angle of the sensor is highly oblique,

resulting in less energy reflected back to the sensor and more energy reflected away, which

may weaken the strength of the return signal. In addition to the amplitude, the incidence

angle affects the imaged footprint area and time delay between return signal in the near and

far range [39, 4].
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2.3.4 Image Formation

Radar image products are formed after the back-scattered signals are processed. Ground

Range Detected (GRD) and Single-look Complex (SLC) data are two radar products com-

monly used for land observation. Pixels within a GRD image have been projected to ground

range geometry using a chosen ellipsoid model. Only amplitude information is preserved

in GRD products. Alternatively, SLC data are oriented in slant-range geometry with pix-

els corresponding to the side-looking nature of SAR systems and sensor-to-target distances

are measured in the line-of-sight (LOS) direction [4]. SLC products are useful for change

detection studies because they contain both amplitude and phase data.

SLC data are complex-valued, meaning the signals have both real and imaginary parts,

also known as in-phase (I) and quadrature (Q) components. Complex signals (I/Q data) are

a way of recording and preserving the three dimensional nature of electromagnetic energy.

In order to capture the entire signal, SLC products store data using complex values [35].

I/Q data representation allows for more precise measurements than singular component rep-

resentation [48]. For example, Figure 2.4a shows an example of how a typical waveform is

pictured. However, this view is a 2D representation (side view, real component only) of the

wave. Figure 2.4b shows the same wave, viewed from the top (imaginary component only),

again displaying a 2D representation of the wave. Figure 2.4c shows a 3D representation of

the wave (looking down the time axis), that includes both the real and imaginary compo-

nents of the signal. Two dimensional representation of a wave results in the loss of signal

information, which decreases the precision and accuracy of measurements made from the

signals. Therefore, the use of I/Q data results in less ambiguity and uncertainty of the signal

because the true signal is captured in all three dimensions [48].
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2.3.5 Introduction to InSAR

SAR satellites orbit the Earth and collect data about earth’s surface. The analysis of tem-

poral SAR data is an extremely useful method of evaluating, monitoring, and mapping

changes caused by natural disasters. Interferometric synthetic aperture radar (InSAR) is

a method of change detection and deformation mapping using SAR imagery. This method

uses interferometry, where interference patterns are created from superimposed waves with

the same wavelength, where constructive and destructive interference create a pattern of

fringes [40, 50]. However, research of this phenomena began decades ago and was famously

demonstrated by Thomas Young in his two-slit experiment [51, 52]. In radar interferometry,

an interferogram is created from the phase difference of two radar SLCs, which results in a

pattern of fringes or wave cycles (Figure 2.5) [39, 40]. InSAR is used to calculate informa-

tion about the relative changes between radar acquisitions. The phase information for SAR

interferometry can be sourced from two different images of the same area, taken at different

times (repeat-pass interferometry) or from two images taken at the same time, from two

different antennas (single-pass interferometry). Single-pass interferometry is typically used

for topographic mapping, while repeat-pass, is often used for analysis of ground deformation

over time [40].

To measure earthquake-induced ground displacement, one SLC before (primary image)

and one after (secondary image) the event are used to map the interference pattern caused

from co-seismic phase changes (see Figure 2.5) [34]. For successful repeat-pass interferome-

try, the two SLCs must be acquired from a similar location in space and image an overlapping

area on the ground. The two SAR systems must have identical sensor parameters and imag-

ing wavelength. The primary and secondary images must also be co-registered to each other.

This is an essential step in InSAR processing because it aligns the SAR images, allowing the

two acquisitions to be compared on a pixel-by-pixel basis. The chosen secondary image is

co-registered to the primary image [29]. After processing, the fringes of a radar interferogram

can be used to calculate the amount of ground displacement in the LOS direction, depend-

ing on the wavelength of the sensor [34, 40]. The interferogram can capture the co-seismic

phase shift of the ground over several kilometers. Each individual fringe of the interferogram

represents one half of a wavelength of displacement in the LOS direction. The total displace-

ment in the LOS direction can be calculated by summing the displacement corresponding to

individual fringes, which is called unwrapping [40].
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3.1 Introduction

Complex multiple-fault earthquakes offer vital insights into the physics of rupture propa-

gation and arrest, which are important for seismic hazard analysis and rupture forecasting

[54, 55, 56, 57, 58]. However, characterizing such events can be challenging due to com-

plex seismic and geodetic signals that result in parameter trade-offs between neighboring
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fault segments in rupture models. These problems are well illustrated by the 2016 Mw 7.8

Kaikōura earthquake, which cascaded across a network of dextral, sinistral, oblique, and

reverse faults in the northeastern South Island, New Zealand (Figure 3.1). Published source

models based on a combination of seismic, satellite geodetic, and field data exhibit a wide

variety of fault geometries and complexities, with as few as 2 [59, 60] to over 20 [61] discrete

rupture segments. Consequently, there are disagreements over fundamental characteristics

of the earthquake, such as the dimensions between rupture segments separating the major

crustal faults, and the degree to which the underlying Hikurangi subduction interface slipped

co-seismically.

Figure 3.1: Map of the 2016 Kaikōura earthquake and surrounding area. (A) Transpres-
sional tectonic setting of the northeastern South Island of New Zealand. (B) Map of surface
ruptures from the 2016 Mw 7.8 Kaikōura earthquake, shown in bold black lines with the Pa-
patea fault in red [61, 62]. Dots represent scaled relative energy release from back-projection
results [63] and are colored by time since rupture onset. Mapped active faults that did not
rupture during the Kaikōura event are indicated by thin black lines [62].
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The kinematics of the 19-km-long, south-striking Papatea fault (see Figure 3.1B) and its

role in the Kaikōura rupture are especially enigmatic. Field surveys documented reverse-

sinistral offsets of up to ∼10 m on the Papatea fault, far exceeding historical slip-to-length

ratios of large earthquakes [64]. Coarse resolution three-dimensional (3D) surface displace-

ments resolved from InSAR and SAR pixel offsets (Figure 3.2A) indicate multimeter uplift

and counterclockwise vertical-axis rotation of a ∼15 km × 100 km “Papatea block” in the

hanging wall of the Papatea fault (Figure 3.11). Relative motion of this block, with re-

spect to neighboring areas, was poorly fit by initial elastic models [57]. Slip on the Papatea

fault is poorly resolved seismically (e.g. [54, 60]) and is associated with a notable scarcity

of aftershocks [65], leaving its subsurface geometry largely unknown. Consequently, pub-

lished models of the Kaikōura earthquake implement a wide variety of assumed geometries

or simply exclude it altogether.

To investigate further, we used a rarely available pair of pre- and post-earthquake air-

borne lidar surveys and a new implementation of the iterative closest point (ICP) algorithm

[25, 22, 23] to map the 3D surface displacement field along the onshore Papatea fault. By

profiling this displacement field [30], we resolve the slip vector, fault dip, and rake at dis-

crete locations along four Papatea fault ruptures. In doing so, we reveal the Papatea fault as

a twisting, mostly high-angle reverse-sinistral fault, where fault dip and dip direction vary

along strike. The resulting surface deformation field cannot be reproduced using conventional

elastic models [57]. We conclude this fault rupture occurred in rapid response to shorten-

ing caused by neighboring elastic ruptures, rather than due to the release of accumulated

interseismic strain along the Papatea fault itself, as is conventionally assumed. This may ex-

plain why the fault appears seismically quiescent in many back-projection models (e.g. refs.

[60, 63, 66]). These unusual patterns in fault kinematics and anelastic surface deformation

call into question assumptions about fault elasticity in complex multifault earthquakes.

3.1.1 The 2016 Kaikōura Earthquake

The Kaikōura earthquake occurred on 14 November 2016 at 12:03 a.m. local time (11:03 on

13 November UT) in the North Canterbury domain and Marlborough Fault System of the

South Island of New Zealand (Figure 3.1A) [61, 67]. This region of transpressional tecton-

ics marks the transition between the Hikurangi margin, where Pacific oceanic lithosphere

subducts westward at ∼48 mm/year beneath the Australian plate, forming an oblique colli-

sion zone between continental portions of the same plates [68, 69]. The North Canterbury

domain is characterized by relatively slow-slipping reverse faults, whereas the Marlborough
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Fault System contains an anastomosing array of faster-slipping, (up to ∼2 mm/year) dextral

strike-slip and thrust faults. This earthquake was the largest ever recorded in this region,

with the previous strongest (the 1848 Blenheim earthquake) estimated at Mw 7.5 [70].

The 2016 earthquake ruptured at least 20 faults, 13 of them with multimeter slip, mak-

ing this among the most complex earthquakes ever recorded globally [57, 61]. It nucleated

at ∼15 km depth on the Humps fault, as an oblique thrust fault in the North Canter-

bury domain, before rupturing eastward onto the neighboring Leader and Hundalee faults

(Figure 3.1B). Subsequent rupture of an offshore fault or faults may be responsible for a

local tsunami with up to ∼5 m run-up [17, 71]. It then propagated or jumped northward

onto the Marlborough Fault System, where most of the seismic moment was released and

where the largest surface slip was documented on the Jordan, Papatea, and Kekerengu faults

[57, 61, 72, 73]. The earthquake terminated after ∼80 to 100 s on the Needles fault within

the Cook Strait, ∼180 km northeast of the epicenter (e.g. refs. [60, 63, 71, 72, 74, 75, 76]].

The arcuate, ∼19-km-long Papatea fault (Figure 3.1B and Figure 3.2A) strikes ∼south-

southeast overall between the coast and George Stream, where it converges with the ∼SW-

NE–striking Jordan and Kekerengu faults, and offshore Waipapa Bay, where it may converge

with other off-shore faults [61, 62]. The longer onshore section approximately follows the

trace of the lower Clarence River, with steep hills in its western hanging wall and more

subdued terrain in its eastern footwall. Although mapped geologically, the Papatea fault

was not considered to be active prior to the 2016 Kaikōura earthquake [77].

Langridge et al. [62] mapped 2016 surface ruptures along ∼16 km of the main Papatea

fault strand, a short coastal fault east of the main strand, called the Edgecombe trace, and a

discontinuous western strand made up (from north to south) of the Wharekiri, Back-basin,

Wainui, and offshore Okiwi ruptures (Fig. 4). They found maximum and average throw

across the main strand to be 9.5 ± 0.5 and 4.5 ± 0.5 m, respectively, with maximum sinis-

tral offsets of 6.1 ± 0.5 m. At the coast, Clark et al. [17] measured ∼4 m vertical offsets

on the Wainui trace and main strand from differenced lidar DEMs, with the narrow block

in between uplifted by ∼6.6 m from sea level. From satellite optical imaging of horizon-

tal deformation across the Papatea fault damage zone, Klinger et al. [78] observed strain

asymmetry consistent with northward rupture directivity, suggesting that the fault provided

a linkage between southern off-shore faults and the northern Jordan and Kekerengu faults

[78, 79]. One field measurement of the fault dip has been collected along the main strand

at a clear cross-sectional exposure across the Clarence River, indicating a dip of 51° W [62].

Coastal field measurements along the Wainui trace indicate a near vertically dipping western

strand [62]. 3D surface displacements from satellite photogrammetry now cover the entirety
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of the 2016 surface rupture, but a detailed analysis of these results has been focused on other

faults [73].

With such poor constraints on its subsurface dip, most early attempts at modeling the

Kaikōura earthquake excluded the Papatea fault altogether [17, 57, 59, 60, 71, 74, 75]. Subse-

quent modeling studies have implemented the Papatea fault in a wide range of configurations

from listric structures that grade into shallow (17°) angles at depth [79] to moderately dip-

ping (47° to 70°) planar geometries [63, 66, 72, 73, 77, 78, 80, 81]. In addition to this,

many studies do not clearly explain how modeled fault dips were chosen or whether they

were fixed during inversion. If the Papatea fault is misrepresented in Kaikōura earthquake

models, then its seismic and surface deformation signals may be misinterpreted as sourced

from other nearby faults. This is emphasized by the fact that some models place maximum

subduction interface slip beneath the Papatea block [72, 71].

3.2 Materials and Methods

3.2.1 3D Surface Displacements From Differential Lidar and ICP

We analyzed deformation within the Papatea fault zone using 3D differential lidar surface

displacement fields sourced from pre- and post- event airborne lidar surveys collected in

July 2012 and November 2016 to January 2017 (see Clark et al. [17] for further details of

these datasets). The double coverage captures most of the onshore Papatea fault, with only

a short middle section and the northernmost intersection with the Jordan and Kekerengu

faults missing. With no other major earthquakes occurring within this time frame in this

area, differencing the pre- and post-event lidar data captured the co-seismic deformation

of the 2016 Kaikōura earthquake. This repeat lidar dataset was previously analyzed by

Langridge et al. [62], and the coastal part by Clark et al. [17], using differenced DEMs.

The resulting elevation change maps provide a high spatial resolution measure of vertical

deformation but are subject to biases from the unconstrained horizontal components of the

displacement field, which are likely to be substantial in this area.

To overcome this problem, we used the ICP algorithm to align square subsets (“cells”)

of the pre-event lidar point cloud to equivalent subsets of the post-event point cloud [65].

This retrieved the 3D rigid body transformation (translations and rotations around Carte-

sian axes) that minimized average closest point distances between each pair of cells. Using

the provided point classifications, we first stripped each point cloud of all vegetation, build-

ing, and water returns, leaving only the bare earth surface. For the ICP alignment, we
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implemented a “sparse ICP” approach [22] with point-to-plane alignment within a MAT-

LAB source code. This approach uses sparsity-inducing norms that unify various criteria

for down weighting outliers, data gaps, and geometric boundaries [23] under a single param-

eter p. This parameter is the exponent of the sparse norm with a value between 0 and 1.

This technique allowed for automatic classification of outliers and inliers, where the latter

were given greater prominence in the next iterative step, unlike traditional ICP methods

that do not distinguish between outliers and inliers. Overall, this approach yielded a robust

algorithm that reduced the impact of outliers and data gaps, which would otherwise lead

iterative registration toward erroneous local, rather than global, minima [22]. After experi-

mentation, we used a 50 m cell size with an additional 10 m border around the post-event

cells to capture any lateral shift of topography in the earthquake [18]. We used a sliding

window to enhance the spatial resolution further, for a final displacement grid resolution of

25 m.

The resulting Cartesian x, y, and z axis transformations represent local surface displace-

ments in the east-west, north-south, and up-down directions, respectively (Figure 3.2B).

Deformation is coherent along many of the Papatea fault surface ruptures, which are clearly

expressed as sharp displacement discontinuities in the displacement fields. However, the

Back-basin and Corner Hill faults [62] did not show clear discontinuities and are not in-

cluded in our analysis. Coherence is lost in a few areas, most notably where land sliding or

reorganization of the Clarence River have wholly altered the shape of the topographic cells,

rendering the scattered ICP alignments meaningless. Vertical displacements are smoother

(less noisy) than horizontal displacements, in common with other earthquake surface dis-

placement fields mapped using ICP (14), reflecting the fact that topographic ground returns

are most closely spaced in the z dimension. In comparison, Hamling et al.’s [57] 3D dis-

placement field derived from SAR interferometry and pixel offset measurements is an order

of magnitude coarser (∼330 m × 450 m) and appears highly pixelated (see Figure 3.2A and

B). Co-located SAR- and lidar-derived displacements show multimeter-level scatter but no

systematic offset in either of the x, y, or z displacement components (Figure 3.3). Visually,

the lidar displacements appear in reasonable agreement with those derived from differential

photogrammetry [73], although we are unable to make a statistical comparison between the

two.

The fine detail evident in the lidar data proved crucial in being able to profile the dis-

placement field, measure fault offsets, and, thus, resolve fault dip. This was especially the

case along the coastal section of the Papatea fault, where we observe all three displace-

ment components changing over short, sub-kilometer distances on three closely spaced fault
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strands.

3.2.2 Fault Slip Vector, Dip, and Rake Measurements

For our detailed analysis of the Papatea fault geometry and kinematics, we adopted and

modified an approach developed by Lajoie et al. [30] in their analysis of the 2010 El Mayor-

Cucapah (Mexico) earthquake. The first step was to map rupture traces directly from the

clear discontinuities in surface displacements. Next, fault-perpendicular swath profiles were

extracted through each of the x, y, and z displacement fields at regular intervals along each

rupture trace (examples are given in Figure 3.2C to H). Co-seismic fault offsets were measured

from each profile by calculating least squares linear fits through displacement data points on

each side of the fault damage zone, extrapolating these trends to the fault, and differencing

them. This procedure offers three key advantages over geological methods of measuring fault

offsets from single post-earthquake surveys: (i) There is no assumption that the data trends

on either side of the fault represent surfaces of the same age; (ii) there is no need to assume

initial surface or landform geometries; and (iii) offset measurements are no longer prone to

biases arising from landform geometry. Offset uncertainties were estimated by extrapolation

and differencing of the 50% confidence bounds. After testing, we used swath profiles with

lengths of 900 m and widths of 100 m to ensure that coherent ground displacements were

captured on either side of the fault, given the presence of noise (e.g. landslides, Clarence

River) and distributed deformation within the fault damage zone. In practice, only a subset

of profiles could be used in subsequent measurements due to the variable quality of the

deformation field.

At each measurement point, the x, y, and z offsets together describe the Cartesian fault

slip vector, which by definition must lie in the plane of the fault. Paired with the local fault

strike measured at the start of the procedure, this slip vector thus defines a unique fault

dip and rake (an exception would arise where the slip vector is horizontal and parallel to

the fault trace, as for a pure strike-slip fault — see Lajoie et al. [30] for a discussion —

but for the oblique Papatea fault, this is never the case). In an advance on the procedure

outlined by Lajoie et al. [30], we also propagated estimated uncertainties in the x, y, and z

offsets into uncertainties in fault dip. We did so using a Monte Carlo simulation, calculating

dip 100 times using random draws from Gaussian distributions in the x, y, and z offsets,

and determining standard deviation values of the resulting dip distribution. In this way,

and where the lidar coverage and quality permit it, we were able to determine the vertical,

lateral, and fault normal components of slip, the net slip, the fault dip, the rake, and the
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statistical uncertainties in these parameters at closely spaced intervals along each of the four

strands of the Papatea fault.

3.3 Results

We used pre- and post-earthquake airborne lidar to map 3D surface displacements along

the Papatea fault and profiled the deformation field (Figure 3.2) to map slip vector and dip

distributions [25, 22, 23, 30]. Figure 3.4 shows net slip (red) and fault dip (blue), as well

as the lateral and vertical components of the slip (black) as a function of distance along the

strike, for all profiled fault traces. All results are tabulated in Table A.1.

3.3.1 Fault Geometry of the Main Strand

We collected 34 slip, dip, and rake measurements along the main strand of the Papatea

fault, using a simplified trace (Figure 3.5) to approximate the fault. The main strand

is characterized by multimeter vertical (west side up; Figure 3.4E) and left-lateral offsets

(Figure 3.4D), but we found that the fault geometry changes substantially along the strike.

At its northern end (∼0 to 1 km distances on Figure 3.4A), it accommodates a net slip of ∼7

to 8 m, with vertical and left-lateral components of ∼6 to 7 and ∼2.5 to 4.5 m, respectively.

This section of the fault is sub-vertical, as indicated by large vertical displacements with

horizontal slip vectors that closely parallel the fault (Figure 3.5). Moving southward, slip

increases on a progressively shallowing, W-dipping fault plane, culminating at ∼3.5 km along

the strike with peak slip of ∼11.5 m, coeval with a local minimum in fault dip of ∼56° W.

This measurement point is close to the exposure across the Clarence River, with a measured

dip of ∼51° W [62]. Further south, the fault steepens to ∼70° to 80° at ∼5-km distance while

retaining a high slip of 9 to 11 m and attaining a peak throw of ∼9.5 m. South of ∼6 km

along the strike, lidar coherence or coverage is lost for a distance of ∼4 km. Accounting

for changes in dip direction at its northern tip, the northern ∼5 km of the main strand has

average and standard deviation values in net slip of 9.0 ± 1.3 m, throw 7.8 ± 1.1 m, left-

lateral slip 3.9 ± 0.9 m, dip 81° W ± 12°, and rake 64° ± 6°. The rather narrow parameter

ranges are despite a pronounced curvature of up to 73° in fault strike.

Near the middle of the main strand fault trace, ∼6 km from its northern end, there is

a ∼4-km gap in double lidar coverage. South of this gap, the double lidar coverage along

the coast captures a ∼1-km-long fault section (see dashed polygon in Figure 3.5). Here, we

obtained very similar horizontal slip vectors to the northern fault section, but much smaller
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vertical offsets (averaging 2.8 ± 1.0 m) and consequently shallower dip values (58° W ± 17°).
We also determined average and standard deviation values in net slip of 5.4 ± 1.1 m, left-

lateral slip of 4.1 ± 0.6 m, and rake of 40° ± 7°. Along-strike gradients in slip, dip, and rake

greatly exceed those of the northern main strand section, likely reflecting that the coastal

section is part of a step-over zone in which slip is transferred westward onto the Wainui and

offshore Okiwi traces.

3.3.2 Fault Geometries of the Wharekiri, Wainui, and Edgecombe

Traces

We collected 15 slip, dip, and rake measurements along the north- northwest (NNW) striking,

eastward-dipping (Figure 3.4B) Wharekiri trace in the hanging wall of the main strand.

The Wharekiri rupture is characterized by clear vertical (east side up, Figure 3.4G) and

sinistral offsets (Figure 3.4F) over a distance of ∼3 km, but offsets in the east-west (E-W)

displacement field are much harder to discern (Figure 3.2B). Peak net slip of ∼2.1 m, throw of

∼1.7 m, and left-lateral slip of ∼1.2 m are observed ∼2 km along the measured section. Slip

vectors point consistently toward the NNW, sub-parallel to the rupture trace (Figure 3.5).

We calculated average and standard deviation values of 1.5 ± 0.3 m in net slip, 1.2 ± 0.4 m

in throw, 0.9 ± 0.3 m in left-lateral slip, 81° E ± 12° in dip, and 52° ± 12° in rake.

We analyzed ∼1-km sections of the westward-dipping Wainui and Edgecombe traces, on

either side of the coastal section of the main strand. The Wainui trace is most evident in the

vertical displacement field (Figure 3.2B), with east side up sense; we determined up to∼4.4 m

of predominantly normal slip on a steep (68° to 90°) west-dipping fault (Figure 3.4C, H, and

I). The Edgecombe trace shows less scatter in the horizontal components. We estimated up

to ∼3.5 m sinistral-thrust motion on a low-angle westward-dipping fault (Figure 3.4C, H,

and I).

3.4 Discussion

3.4.1 Comparison to Field Measurements

In general, our offset measurements are in reasonable agreement with those measured in the

field or from lidar elevation change maps from Langridge et al. [62]. One exception is along

the eastward-dipping Wharekiri trace, where we found consistent left-lateral offsets of 0.4 to

1.4 m and maximum throw of ∼1.7 m, but Langridge et al. [62] reported no field evidence
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for lateral displacement and an isolated peak of ∼3.0 m in throw. A second exception is

along the Wainui trace, where we observed large (∼4 m) throw and small (∼0.5 m) dextral

motion, but Langridge et al. [62] reported smaller (< 3 m) throw and small (∼0.5 m) sinistral

motion. Along all faults, our measured offsets vary more smoothly along strike with lower

scatter than those of Langridge et al. [62]. This is especially true of the lateral components.

These were measured in the field by extrapolating piercing lines (mostly cultural features

like fences and roads) within ∼100 m of the primary rupture trace, close to or perhaps

even within the fault damage zone [62]. In contrast, by using swath profile displacements

over an aperture of 900 m and extrapolating only the “far-field” linear data trends, we

captured the cumulative offset across the fault damage zone. Simple elastic forward models

suggest that our profiles are most sensitive to slip in the upper ∼2 km. Nevertheless, our

measurements are not consistently larger than those of Langridge et al. [62], implying that

any shallow slip deficit is small. Mackenzie and Elliot [82] pointed out that along oblique

faults, unrecognized fault-perpendicular slip components (heave) can influence the apparent

lateral offset of piercing lines, leading to measurement biases that scale with the obliquity

of the piercing line to the fault. Since heave is often the most difficult slip component to

survey in the field—particularly when it is reverse sense — we suspect that this bias may have

influenced some of Langridge et al.’s [62] more scattered measurements. In contrast, our own

lateral offsets are extracted from the displacement field, rather than from piercing lines, and

are not prone to such biases. Langridge et al.’s [62] vertical offsets are generally smoother

and closer to our own, which reflects that they differenced the same paired differential lidar

data as the main procedure to determine throw.

3.4.2 “Twisted” Fault Geometry

Our measurements of fault dip are of mixed consistency with values reported by Langridge

et al. [62]. Our average dip for the Wharekiri trace of 81° E confirms Langridge et al.’s [62]

suspicion that this fault is steeply dipping, and our average dip for the Wainui trace of 77° W

is close to their average field measurement of 84° W. On the main strand, Langridge et al.

[62] estimated a 55° W ± 10° fault dip. The closest lidar profile-derived dip measurement is

within a few degrees of this single- field data point, at 56° W. However, this point represents a

local minimum in dip along strike, and we found a much steeper average dip of 81° W within

the northern Clarence Valley section as a whole. At the coast, the main strand alone dips

58° W, but far-field displacements suggest that the three coastal faults converge or merge at

depth into a more gently dipping structure, with estimated dip ∼25 to 48° W (Figure 3.6).
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Near the coast, the main strand is straddled to the west by the Wainui trace - which

may merge offshore with the Okiwi trace - and to the east by the shorter Edgecombe trace

(Figure 3.6A). All three faults are W-dipping, with progressively steeper dips from east

(Edgecombe) to west (Wainui), such that the faults likely converge or merge at depth. To

estimate the dip of the underlying master structure, we determined cumulative fault zone

offsets along 100 m interval profiles by extrapolating far-field displacements from outside of

the fault zone to the central fault (Figure 3.6D - E). Resulting dip values of ∼25-48° W are

considerably gentler than those of the northern Papatea fault zone, ∼5 km to the north.

Schematic cross sections along two profiles imply significant complexity in fault geometry

and kinematics, likely reflecting the step-over and transferal of strain between the western

(offshore Okiwi strand) and the main strand (Figure 3.6B - C).

Collectively, our results indicate substantial variations in fault dip along strike. If the

Wharekiri and Wainui traces belong to the same fault, as Langridge et al. [62] suggest, then

this structure twists from steeply E-dipping in the north to steeply W-dipping at the coast,

with consistent relative uplift of the eastern side of the fault. The Papatea fault shows

even greater variability, dipping subvertically at the northern end of the profile, ∼60° W

at ∼3 to 4 km, and 70° to 80° W at ∼5 km along strike. At the coast, the bulk fault

zone dips just 25° to 48° W. Thus, the Papatea fault cannot be characterized as a single

planar structure, as it is represented in the majority of the published Kaikōura earthquake

rupture models. To capture accurately these geometrical changes, we suggest that future

modeling studies explore parameterising the Papatea fault as multiple fault planes that

“twist” from sub-vertical dips in the north to much gentler dips at the coast. Despite these

dip variations, as well as coincident changes in fault strike, we note that the horizontal slip

vector shows remarkable consistency in azimuth and length along all of the main strand,

suggesting coherent southeastward motion (as well as uplift) of the Papatea block relative

to the eastern footwall (Figure 3.5).

Our results also demonstrate consistencies with those of Zinke et al. [73], who derived

3D surface deformation fields for the Kaikōura earthquake using optical image correlation

and estimated fault geometries of a number of rupture strands, including the Papatea and

Wharekiri faults. Their calculated median dip of 65° W ± 20.4°, peak net slip of 11.0 m, and

a maximum fault dip of 89.1° W along the main strand are in reasonable agreement with

our results. Their average net slip of ∼1.8 m along the Wharekiri trace also agrees well with

our results, although their average dip of 56° ± 23.6° is shallower. We do note that our own

lidar-derived estimates of fault dip demonstrate lower scatter with greater sample density

from finer-resolution displacement maps, although, of course, Zinke et al.’s [73] displacement
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fields capture the entire rupture zone.

3.4.3 Unusual Kinematics

With peak throw of ∼9.5 m and maximum fault dip near vertical, rupture of the ∼19-

km-long Papatea fault in the 2016 Kaikōura earthquake violates two important norms in

co-seismic fault behavior. First, peak net slip of ∼11.5 m and mean net slip of ∼8.3 m on

the main strand far exceed values expected from empirical slip-to-length relationships [64].

As discussed by Langridge et al. [62], this observation alone has important repercussions

for interpretations of paleoseismic data and for seismic hazard studies, particularly within

regions of diffuse faulting like the Marlborough Fault System, where multifault ruptures may

be common. Second, vertical offsets of ∼6 to 9.5 m along the northern Papatea fault, where

average dip exceeds 70°, contradict the theory of Andersonian mechanics, which supposes

reverse faults usually occur with shallow dips of ∼30° [83].

3.4.4 Anelastic Surface Deformation

Hamling et al. [57] used rectangular dislocations within an elastic half-space to invert InSAR

data for co-seismic slip in the Kaikōura earthquake but could not fit surface displacements

surrounding the Papatea fault with this model. We re-examined this using simple forward

models of the Papatea fault by simplifying its curvilinear surface trace with nine connected

rectangular dislocations, each extended to 10-km depth within an elastic half-space [83] and

imposing representative values of fault slip, dip, and rake on each segment. Like Hamling et

al. [57], we find that the simple elastic model fits the lidar data very poorly, especially in the

vertical displacement direction, where the model predicts much smaller hanging wall uplift

but much larger footwall subsidence than the data indicate (Figure 3.7). We also tested

the influence of forward modeling slip along (i) a low-angle extension of the steep surface

Papatea fault (for an overall listric geometry; Figure 3.8), (ii) the Jordan and Kekerengu

faults (Figure 3.9), and (iii) the underlying subduction interface (Figure 3.10). We based

the geometries and slip values of these additional, neighboring faults on published Kaikōura

earthquake rupture models [57, 59, 60, 71, 72, 73, 74, 75, 80]. However, the discrepancies

between the observed and forward modeled surface deformation fields still could not be

reconciled.
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Figure 3.2: 3D displacement fields around the Papatea fault with sample fault-perpendicular
profiles. (Left) E–W, (middle) N–S, and (right) up–down surface displacement fields around
the Papatea fault from (A) SAR measurements [∼330 m × ∼450 m pixel resolution, from
Hamling et al. [57]] and (B) D-lidar calculations (25 m) within the dashed line polygon.
Positive displacement directions are east, north, and up. Coarser resolution displacement
pixels outside the polygon of double lidar coverage are SAR measurements [57]. G.S. labels
the location of the George Stream. Thick black lines are Papatea surface ruptures. (C to
H) Example 100 m × 900 m fault-perpendicular profiles [black rectangles in (B)] through
the x (left), y (middle), and z (right) lidar surface displacement fields. The vertical axis is
displacement, and the horizontal axis is distance, both in units of meters. Each black dot
is a single-cell displacement, vertical dashed red lines show the fault scarp, and horizontal
red lines show extrapolated linear fits of chosen data points with 50% confidence bounds
(dashed).
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Figure 3.4: Fault kinematics from rupture profiling. Lidar-derived net slip (red) and fault
dip (blue) measurements for the (A) main strand, (B) Wharekiri trace, and (C) Edgecombe
and Wainui traces of the Papatea rupture. Uncertainties in slip (pink bars) are calculated
from 50% limits in displacement drawn from each swath profile. Uncertainties in fault dip
(light blue bars) are ± 1 σ values of a distribution of dips yielded from a Monte Carlo simu-
lation. Lateral and vertical slip components along strike of the Papatea fault strands (black
datapoints, with ± 2 σ uncertainties) and from field and lidar elevation change measure-
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strand, (F and G) Wharekiri trace, and (H and I) Edgecombe (sinistral, solid triangles) and
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(middle) N-S, and (right) up-down surface displacement fields observed from (A) differential
lidar and (B) an elastic forward model of the main strand rupture together with a gently-
dipping rupture below it, at 10–20 km depth. Dashed black lines showing the extent of the
double lidar coverage and black vectors overlying the up- down displacement fields indicate
horizontal displacements calculated using a block mean of dimension 400 m× 400 m. Black
lines in (A) are mapped fault traces. Model parameters for (B) are tabulated in Table A.2.
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Figure 3.9: Comparison of lidar-derived 3D displacement field to elastic modeled surface
deformation around the main strand surface rupture with Jordan and Kekerengu ruptures.
(Left) E-W, (middle) N-S, and (right) up-down surface displacement fields observed from
(A) differential lidar and (B) an elastic forward model of the main strand rupture together
with the Jordan and Kekerengu fault ruptures. Dashed black lines showing the extent of the
double lidar coverage and black vectors overlying the up- down displacement fields indicate
horizontal displacements calculated using a block mean of dimension 400 m× 400 m. Black
lines in (A) are mapped fault traces. Model parameters for (B) are tabulated in Table A.2.
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Figure 3.10: Comparison of lidar-derived 3D displacement field to elastic modeled surface
deformation around the main strand surface rupture with plate interface below. (Left) E-W,
(middle) N-S, and (right) up-down surface displacement fields observed from (A) differential
lidar and (B) an elastic forward model of the main strand rupture together with 2 m of slip
on the subduction interface below. Dashed black lines showing the extent of the double lidar
coverage and black vectors overlying the up-down displacement fields indicate horizontal
displacements calculated using a block mean of dimension 400 m× 400 m. Black lines in (A)
are mapped fault traces. Model parameters for (B) are tabulated in Table A.2.
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We conclude that the Papatea fault ruptured anelastically, by which we mean that the

highly asymmetric displacements on either side of the fault cannot be fit by elastic dislocation

models. We do not consider this the result of a pronounced material contrast across the

fault, for which there is no geological evidence [62]. We suggest that the Papatea fault

did not release built-up interseismic strain energy as is conventionally assumed. Instead,

the exceedingly large uplift of the Papatea block was forced by neighboring, elastic fault

ruptures, introducing a space problem within the major step-over in the Kaikōura earthquake

(Figure 3.11).
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Figure 3.11: Schematic diagram of the Papatea block and neighboring ruptures within the
large step-over of the Kaikōura earthquake. Solid black lines indicate approximate mapped
faults [61, 62, 73]. Dashed gray lines indicate possible fault rupture locations [17]. The black
arrows near the Papatea fault demonstrate the observed horizontal displacement directions.
The gray shaded region represents the area of large vertical uplift that was forced to “pop
up” during the earthquake due to a localized space problem caused by neighboring ruptures.
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A broader implication is that in certain circumstances, dynamic earthquakes can activate

faults without apparent accumulated strain energy. This supports inferences that creeping

fault segments, which like the Papatea fault lack stored strain, may sometimes rupture

co- seismically, under the influence of an approaching high-energy earthquake [84]. Ruptures

such as these may also explain why some faults exhibit low geodetic strain accumulation rates

but much larger geological slip rates [85]. Therefore, we cannot rely on strain accumulation

rates alone as an indicator for rupture potential. This has important implications for seismic

hazard because these types of activated ruptures may produce multimeter slip, as the Papatea

rupture demonstrates.

3.5 Conclusions

We reveal that (i) the Papatea fault twists from moderate dip angles in the south to subver-

tical in the north, where multimeter vertical slip defies Andersonian fault mechanics, and (ii)

its deformation field cannot be fit using elastic models. We suggest that the Papatea fault

did not release stored elastic energy in the manner normally assumed, perhaps explaining

why the fault appears quiescent in many back-projection models [e.g. [60, 63, 66]]. Instead,

these highly unusual kinematics indicate a reactivated structure that slipped anelastically

to accommodate strain release from surrounding elastic ruptures during the cascading 2016

Kaikōura earthquake. These results suggest that the common practice of modeling earth-

quakes as slip on planar faults embedded in an elastic half-space may not always be appro-

priate. Furthermore, the Papatea rupture demonstrates that faults without stored strain

energy still have the potential to generate multimeter slip in large earthquakes.
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Chapter 4

Mapping Co-seismic Building Damage

Using InSAR Coherence in Various

Environments

4.1 Introduction

InSAR is a widely used method of change detection for tectonic and mass wasting studies

[86, 87, 88]. Radar data offers large swath coverage, all weather imaging capability, and

low cost satellite acquisitions, such as Sentinel-1, offering revisit times as short as six days.

The analysis of temporal interferometric coherence is an emerging tool in emergency re-

sponse, showing promise as a valuable method of detecting structural damage caused by an

earthquake [88]. This method maps areas of small scale phase decorrelation from damaged

structures within radar images. When compared to a pre-seismic coherence image, these

regions of co-seismic decorrelation emphasize damaged buildings. This method does not

require full building collapse and may be able to detect lower levels of structural damage,

unlike methods that use radar amplitude correlation, which can be used, often in combina-

tion with interferometric phase, to map regions of collapse from temporal changes in building

back-scatter strength (eg. refs. [89, 90, 91]).

Processing methods of coherence change mapping and the sensitivity of this method to

different levels of damage vary widely. Additionally, few papers compare earthquake-induced

coherence change maps to other case study earthquakes and are unclear about how their

methodologies would perform in different regions. This study compares four earthquake-

damaged case studies using the same InSAR processing methodology with C-band Sentinel-
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1 radar imagery to examine the influences of environmental and urban characteristics on

coherence mapping. Additionally, I test for consistencies in coherence change values among

damage levels in various environments to determine if there are thresholds or ranges of

coherence change that can be used to distinguish levels of damage.

4.2 InSAR Coherence

This study focuses on interferometric correlation measurements, which measure the coher-

ence of the synthetic aperture radar return signals. The phase information from the two radar

acquisitions is used to determine the differences in sensor to target distances between acqui-

sitions. The return echos contain the number of phase cycle oscillations from the distance

from sensor to ground plus the phase from scattering within the resolution cell [40]. Two

signals will be coherent if their interactions with a target are very similar [92]. The coherence

between acquisitions is dependent on the degree of similarity of signals, also known as the

magnitude of the cross correlation of two co-registered complex-valued SLCs. Interferometric

coherence (γ) is calculated by:

γ =
E (SpS

∗
s )√

E
(
SpS∗p

)
E (SsS∗s )

(1)

where Sp and Ss are the co-registered primary and secondary images, the star (*) denotes

the complex conjugate, and the E is the expected value [40, 93]. Given that a single pixel

signal is the combination of many individual echos from many scatterers within a resolution

cell, the phase from a single pixel is a stochastic variable [40, 94]. Equation (1) can be

calculated for each individual pixel in the image, where the expected value is the sum of

all possible values from a random variable. Ideally, the expected value would be calculated

from multiple observations of each pixel over time [9, 40]. However, only one observation

from each acquisition is obtained, so the expected value is simulated using a spatial average

from a small window of pixels in the image [9, 94]. In practice, Equation (1) becomes:

γ =
〈SpS∗S〉√〈
SpS∗p

〉
〈SsS∗s 〉

(2)

The pointy brackets denote that coherence is calculated locally over a small window of
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samples (pixels) [93]. This window moves through the image to estimate coherence of the

entire radar product. Here, the larger the window size, the better the coherence estimation.

However, there is a trade off between spatial resolution and coherence window size, where

the larger the window size, the lower the spatial resolution [9]. Equation (2) uses a maximum

likelihood estimator to find the most probable estimation of coherence from the pixels within

the defined window. This method is used because it is able to estimate coherence from a set

of individual stochastic samples [93].

Interferometric coherence is calculated using a correlation function, so the terms “cor-

relation” and “coherence” are considered synonymous, although there are slight differences

in detail between the two. Thus, the term “decorrelation” is used to describe reduced co-

herence. Estimating InSAR coherence is a way to assess the quality of the interferogram.

An interferogram with high coherence will result in successful interferogram formation and

will have fewer unwrapping errors when summing individual fringes to calculate total LOS

displacement. Decorrelation can be caused by several factors and results in noise in an

interferogram, making interpretation difficult [40, 93].

4.2.1 Sources of Decorrelation

For repeat-pass interferometry, the two radar acquisitions would ideally be from the exact

same position in space. However, the antenna positions never line up perfectly, which in-

troduces decorrelation due to slightly different imaging geometries. The distance between

the two antenna positions in space is known as the spatial baseline, which has a horizontal

and vertical component (see Figure 4.1). The decorrelation from large parallel baselines (the

vertical component of the spatial baseline, parallel to the look direction of the sensor) is

negligible compared to the perpendicular baseline (the horizontal component, perpendicular

to the look direction of the sensor) [40]. When choosing images for radar interferometry, the

perpendicular baseline should be minimized to reduce the phase changes caused by slightly

different viewing positions in space (spatial decorrelation) [86, 95, 92].

Several other sources of decorrelation can be addressed through careful image choice

and processing. Chosen radar images should be acquired by sensors with the same sys-

tem parameters to reduce phase changes induced by different viewing geometries (geometric

decorrelation) [92]. For example, very different incidence angles from different types of sen-

sor would cause decorrelation. Further, decorrelation may be caused by image processing

errors, like mis-registration of primary and secondary images or from thermal noise within

the sensor itself [86, 97]. Additionally, a steep phase gradient can introduce decorrelation.
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Figure 4.1: Schematic diagram of the viewing geometry of repeat-pass SAR interferometry.
Sp and Ss are the primary and secondary acquisitions, respectively. B represents the total
spatial baseline, with perpendicular (B⊥) and parallel (Bq) components. Rp and Rs are the
slant-range distances from the sensors (at some height, h, above the ellipsoid) to ground
target (T) for the primary and secondary acquisitions. The look direction of the sensors can
be determined by the off-nadir angle (α) or the incidence angle (θ) [96].

The wavelength of the radar system controls the amount of displacement corresponding to

each fringe. When the fringe frequency exceeds the spatial resolution of the image, individ-

ual fringes cannot be discerned, causing coherence loss in an interferogram. For example,

the amount of ground deformation is usually greatest near a surface rupture, which causes a

steep phase gradient that can exceed the imaging capabilities of the radar near the rupture

[40]. Additionally, areas of steep topography can cause reduced coherence, with the effects

of foreshortening and layover [86, 98].

Reduced signal coherence between the time of radar acquisitions caused by physical

disruptions are known as temporal decorrelation [40, 92]. Temporal changes, like seasonal

changes, are directly related to the amount of time between acquisition dates (the temporal

baseline). When using InSAR to map co-seismic ground displacement, the temporal baseline

should be small to minimize the decorrelation from natural temporal changes [40].

Volumetric decorrelation is a type of temporal decorrelation caused by volumetric scat-

tering from vegetation. This is from phase changes due to vegetation growth over time and
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from vegetation shape change from influences like wind. To isolate the co-seismic phase

shift, sources of volumetric decorrelation may be masked out of the interferogram. This is

addressed differently depending on the application of the interferogram [87, 99]. For exam-

ple, classification of pixels within the interferogram containing vegetation may done using

optical imagery and excluded from analysis [100] or ‘noisy’ fringes caused by low coherence

that could not be unwrapped may be removed entirely using a coherence threshold [99, 101].

4.2.2 Coherence Mapping for Building Damage

Efficient identification of damaged structures following an earthquake is essential for life

safety. Using remote sensing, damage assessments and monitoring over large areas and in

high risk regions can be conducted where field surveys may not be possible or feasible.

Reliable, automatically acquired satellite data can assess damage in remote regions and in

areas where there are damaged lines of communication to governments agencies. In cases

where initial damage estimations are based on reported damage, affected areas unable to

communicate the severity of damage may not be included in damage estimations until ground

surveys are conducted. This can lead to delayed declarations of emergency and requests for

external help.

Organizations like Copernicus Emergency Management Services [102], the United Na-

tions Institute for Training and Research (UNITAR) Operational Satellite Applications Pro-

gramme (UNOSAT) [103], and the International Charter of Space and Major Disasters [104]

aim to rapidly publish hazard and damage maps online and rely heavily on optical satellite

imagery. These organizations automatically acquire and download data when activated by

government authorities and manually analyze structural damage. However, optical satellites

cannot image through smog, ash, or clouds because they are passive, shorter wavelength

systems that rely on sunlight for illumination [105]. Moreover, optical satellites are often

nadir-looking, which fails to image structural damage to sides of buildings. When using these

nadir-looking sensors, collapsed buildings with intact roofs may also be difficult to identify

due to the lack of acquired height information, resulting in possible mis-classification of

damage [86, 106].

Active SAR satellites use a slant-range viewing geometry to capture co-seismic phase

shifts caused by damaged structures. Many studies that use phase coherence to map building

damage calculate the coherence change between a pre-seismic and co-seismic coherence map,

to emphasize the regions of decorrelation caused by the earthquake. For example, in a pre-

seismic coherence map, vegetated areas will appear decorrelated while built areas will return
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a coherent signal from the lack of disturbance to the structures. A co-seismic coherence map

captures the decorrelation from vegetation as well as from damaged structures. At the same

time, undamaged buildings will still return a strong, coherent signal. Thus, to differentiate

between naturally decorrelated targets and co-seismically damaged structures, the coherence

change is often calculated [86]. Other sources of decorrelation must be minimized when

choosing radar imagery and during processing for both the pre- and co-seismic image pairs

for optimal, accurate results.

The ARIA (Advance Rapid Imaging and Analysis) project is a joint collaboration between

Caltech and NASA’s Jet Propulsion Laboratory (JPL) that produces products from radar

imagery to assist in understanding and assessing natural hazards, including earthquakes [88].

Damage proxy maps (DPM) are one ARIA product, in which InSAR coherence change maps

are used to produce maps of areas of probable damage resulting from a significant earthquake,

which are often validated using pre- and post-event optical and aerial image surveys [88].

The ARIA group uses X-, C-, and L-band radar imagery to compare pre- and co-seismic

intensities and coherence. Their processing workflow includes automatically downloaded

radar imagery followed by manually processed interferograms and coherence maps, where

image co-registration is performed using a method called rubber sheeting [107]. Here, the

secondary image is distorted to match the distortions in the primary image by registering

the secondary image using pixel offsets calculated from the cross correlation of the amplitude

images. Then, outliers from calculated relative offsets are removed and interpolated. This

method, improves coherence between image acquisitions and smooths the resulting coherence

map [88, 107]. Additionally, pixel statistics between the pre- and co-seismic coherence maps

are matched after co-registration. The final coherence change map is calculated using a

simple difference [88].

Coherence change damage maps have been published for many damaging earthquakes

and most of these studies use coherence change thresholds to separate damaged from non-

damaged structures. However, the steps to selecting and the value of this threshold vary

widely. A study of the 2016 Kumamoto earthquake used GIS and optical imagery, along with

coherence mapping to determine coherence change thresholds of 0.2–0.4 for slightly damaged

buildings, 0.4–0.6 for higher damaged buildings, and 0.6–1 for heavily damaged or destroyed

structures [100]. Another study of the Kumamoto earthquake found a coherence decrease of

greater than 0.3 corresponded to high levels of damage [108]. A study of the damage from the

1999 Kocaeli, Turkey earthquake used a coherence difference threshold of 0.35 to distinguish

non-damaged buildings from damaged structures [109]. A normalized difference coherence

change range of 0.1-0.3 was sufficient to detect damage from the 2015 Gorkha earthquake
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[110]. Following the 2016 Amatrice earthquake, a normalized difference coherence change

minimum value of 0.2 was used to define collapsed buildings [111] while another study found

a mean of 0.33 corresponded to collapsed buildings [112]. A study of Sarpol-e-Zahab, Iran

following the 2017 earthquake found an average coherence loss in urban areas of ≥ 0.1 [113].

Therefore, although this method has not yet become standard practice for rapid emergency

response, it is evident that coherence change mapping can be a useful, effective tool for

mapping structural damage. However, there is not one global coherence change threshold or

methodology that is applied to map earthquake-induced structural damage [114, 108].

There are few coherence damage mapping studies that compare coherence change maps

across multiple earthquakes, with many published values and processes highly specific to

certain areas. Our study explores the variability of coherence change values that correspond

to levels of building damage from four case study regions, each with different environmental

and urban characteristics. Using the same processing methods, I compare the coherence

change outcomes across damage levels of four different damaged regions. I test for coherence

change values that can be applied to distinguish damage.

4.3 Case Study Background

The following case studies were chosen based on a number of factors, including the availability

of both Sentinel-1 and damage surveyed data, environmental and urban characteristics, and

damage pattern. It should be noted that the method of collection and type of the surveyed

data varied among the four cases (see Section 4.4). Additionally, the timing of the coverage

of Sentinel-1 data for each case study (see Table 4.1) would not be ideal if the goal of this

study was to identify highly damaged areas for life safety. For example, the post-seismic

radar acquisition should be within zero to five days of the earthquake to use this method of

damage mapping for rescue of individuals trapped in debris or a damaged building. However,

this exploratory study aimed to improve future implementation of this method and radar

data were chosen based on factors other than life safety.

4.3.1 2016 Amatrice Earthquake

On August 24, 2016 at 1:36 (UTC), the first earthquake of the Central Italy earthquake series

struck ∼10 km SE of Norcia at ∼8 km depth [115], causing significant damage to Amatrice

and the surrounding region. This Mw 6.0 rupture was caused by normal faulting in the

Mt. Vettore–Mt. Bove and Laga Mtns. fault systems in the Central Apennine mountain
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range [116, 117, 118]. This region is characterized by extensional NNW-SSE trending normal

faults (mainly dipping west) [119, 120]. Slip models of the Amatrice earthquake suggest the

rupture occurred within a step-over between the two fault systems (eg. refs. [118, 117, 116]).

Two months after this event, two more normal-faulting mainshocks occurred on October 26

(Mw 5.9) and October 30 (Mw 6.5) within this same tectonic setting. Each event caused

significant damage to several towns in Central Italy, however this study focuses on the

damage to Amatrice caused by the first earthquake of this series, due to the town’s larger

size and unique damage pattern. Although Amatrice was further damaged in the following

events of the Central Italy sequence, only damage from the August event was used in this

study to avoid the effects of compound damage in the coherence maps.

Amatrice experienced peak ground accelerations of 0.66 g during the August mainshock

and a total of 234 fatalities. This was the highest recorded ground motion for villages

and towns in the Central Italy region. Ground motion in Amatrice during the October

events were weaker at 0.08 g and 0.50 g. Extensive damage occurred to structures in the

western historical region of Amatrice due to their construction material (mainly unreinforced

masonry) and age, with some structures as old as the 16th–18th century [121]. The eastern

residential region of Amatrice had newer buildings, constructed with reinforced concrete,

and overall sustained less damage [121, 118]. Field studies revealed mainly non-structural

damage to concrete buildings and severe structural damage to masonry style buildings and

an overall lack of site amplification effects [121, 118].

4.3.2 2017 Puebla–Morelos Earthquake

A Mw 7.1 earthquake struck near the border of Puebla and Morelos (Mexico) on September

19, 2017 at 18:14 (UTC). Although the epicenter was ∼120 km SE of Mexico City, this

was the most intense earthquake felt by the city since the Mw 8.1 Michoacán earthquake

that occurred on the same day, 32 years earlier [122, 123]. The 2017 event was caused

by normal faulting at an intermediate depth of ∼50 km within the Cocos plate, which is

being subducted below the North American plate at ∼76 mm/yr [124]. This earthquake

was preceded by another intraplate, intermediate depth (∼58 km) event that hit offshore

Chiapas, Mexico (∼650 km SE of Puebla). However, this earlier Mw 8.1 earthquake likely

did not directly cause the event on September 19. Instead, these events are believed to be

part of a pattern of normal faulting, intraplate earthquakes that have been repeating over

the past several decades, with pairings of earthquakes occurring within months to decades

of each other [125, 126]. Although both September earthquakes were damaging, only the
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Puebla–Morelos event caused damage to Mexico City, which is the focus of this case study.

Central Mexico City is built on soft, lacustrine sediments from the drained and extracted

Texcoco and Xochimilco-Chalco Lakes, which caused soil amplification of seismic waves,

increasing ground motion. Structures with periods of 0.8-1.5 seconds (five to eight stories

high) were damaged and fell within sediment zones with natural periods of 0.8-1.5 seconds

[127]. This effect was caused by resonance, which occurs when the natural period of vibration

of the soil and the structure are the same. As a result, over 40 structures fully collapsed,

with adobe and unreinforced masonry buildings performing the worst. Additionally, 350

casualties across Mexico City, Puebla and Morelos were recorded as a result of this event

[127].

4.3.3 2017 Sarpol-e-Zahab Earthquake

A Mw 7.3 earthquake struck near the Iran-Iraq border on November 12, 2017 at 18:18

(UTC) at ∼19 km depth. The epicenter was located ∼5 km north of Ezgeleh (Kermanshah

Province, Iran) within the Zagros Mountains [128, 129]. Here, the Arabian and Eurasian

plates converge at a rate of ∼20-30 mm/yr, causing folding and faulting within the collision

zone [128, 130]. Within this tectonic setting, the earthquake was caused by mid-crustal

oblique-reverse faulting. Shaking was felt south of the epicenter, in the Iranian provinces of

Kermansha, Kudistan, Ilam and West Azarbaijan, causing landsliding, liquefaction, rock falls

and structural damage to several counties and villages [131, 132]. However, no damage was

reported in towns north of the epicenter, congruent with the southward rupture directivity.

Reinforced concrete, confined masonry, steel, stone, and adobe (mainly used in villages)

structures sustained damage. As a result, over 600 fatalities were reported, thousands were

injured, and ∼15,000 people were left homeless [131, 133]. Koeeke Hasan, Koeeke Aziz,

Koeeke Mahmod, and Koeeke Majid, villages within Kermanshah Province, Iran, suffered

extensive damage to mainly adobe and stone structures [131, 134]. This study focused

on damage to these villages, although other damage mapping coherence studies have been

conducted for Sarpol-e-Zahab; a larger city ∼50 km south of the epicenter (eg. refs. [111,

113]).

4.3.4 2018 Anchorage Earthquake

On November 30, 2018, a Mw 7.1 earthquake occurred at ∼47 km depth, 14 km NW of

Anchorage at 17:29 (UTC) [135]. 150 km SE of this location, the Pacific plate subducts

below the North American plate (∼57 mm/yr) within the Alaska–Aleutian subduction zone.
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This earthquake occurred due to normal faulting within the subducting Pacific plate. Given

the close proximity to the largest city in Alaska, shaking was felt by over half the state’s

population. This earthquake had the greatest societal impact in this area since the 1964

Mw 9.2 Great Alaska earthquake [136]. Peak ground acceleration was highest in midtown

Anchorage at 0.474 g [137]. There were over 200 reports of structural damage, mostly to

residential buildings, as well as significant infrastructure damage to roads, the Port of Alaska,

and railways. Reported damage was from the city of Anchorage and several neighbouring

cities including Palmer, Big Lake, and Wasilla. However, implementation of modern building

codes in Alaska held up well against structural collapse, with a total of only three structures

reported as fully destroyed and no fatalities [137].

4.4 Methodology, Processing, and Data

To map co-seismic building damage using InSAR coherence, pre- and co-seismic coherence

maps are first created from a pre- and co-seismic interferogram. These two interferograms

are made from three radar images; two before the earthquake and one after [86]. Then,

the pre-seismic and co-seismic coherence maps (each with coherence values from 0 to 1) are

differenced to create a coherence change map (with values from -1 to 1). In the pre- and

co-seismic coherence images, pixels with values close to 0 indicate areas of low coherence,

while values close to 1 indicate areas of high coherence between acquisitions. A coherence

change map captures the co-seismic damage where pixels of high co-seismic decorrelation

have a value close to 1, while pixels that became more coherent during an earthquake will

have values close to -1. The coherence change map is calculated from a normalized difference

(NDγ):

NDγ =
γpre − γco
γpre + γco

(3)

where γpre is the pre-seismic coherence map and γco is the co-seismic coherence map [86].

This method of calculating coherence change is widely accepted because it is more sensitive to

small changes in coherence and physical changes on Earth’s surface than a simple difference

(eg. refs. [100, 138, 90, 86]) (see Figure A.1C and D).

For each case study, three C-band SLCs along with a 30 m DEM (SRTM and ALOS-

2) [139, 140] covering the study area were collected. Sentinel-1 SAR data [141] were used

because it is freely available with a revisit time as short as 6 days. Temporal baselines were

kept to 12 days or shorter, with 6 day interferograms used where available. Sentinel-1A
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and -1B fly along the same orbital plane and have identical imaging systems, minimizing

the effect of geometric decorrelation. Additionally, perpendicular baselines of each pair

were kept under 100 m to reduce the effect of spatial decorrelation [86]. For each case

study, the three VV polarized SLCs were co-registered to a common primary image (the

second pre-seismic acquisition) to ensure pixels of the pre- and co-seismic coherence maps

were registered in the same way, making the pixels in both coherence maps comparable.

VV polarization was chosen because it has been found to be more sensitive to physical

disturbances to buildings than cross polarized images and is considered optimal for coherence

change analysis [112]. Table 4.1 summarizes the acquisition and baseline information for each

earthquake, with incidence angles calculated from center points of overlapping portions of

primary and secondary images.

Table 4.1: Viewing geometry, perpendicular baselines, and time intervals of InSAR data. All
VV polarized SAR SLCs were acquired by the C-band, right-looking, Sentinel-1 constellation,
where S1A and S1B are the -1A and -1B satellites [141].

Pair Primary-Secondary Perp. Baseline (m) Incidence Angle Track Time (days)
Amatrice Earthquake (2016/08/24)
pre-seismic 2016/08/21 (S1A) - 2016/08/09 (S1A) -83.385 41.551◦ Desc. 12
co-seismic 2016/08/21 (S1A) - 2016/09/02 (S1A) -51.592 12

Puebla-Morelos Earthquake (2017/09/19)
pre-seismic 2017/09/17 (S1A) - 2017/09/11 (S1B) -39.814 43.967◦ Desc. 6
co-seismic 2017/09/17 (S1A) - 2017/09/23 (S1B) 8.664 6

Sarpol-e-Zahab Earthquake (2017/11/12)
pre-seismic 2017/11/11 (S1A) - 2017/10/30 (S1A) -39.936 41.598◦ Asc. 12
co-seismic 2017/11/11 (S1A) - 2017/11/23 (S1A) -32.655 12

Anchorage Earthquake (2018/11/30)
pre-seismic 2018/11/22 (S1A) - 2018/11/10 (S1A) 3.190 36.614◦ Desc. 12
co-seismic 2018/11/22 (S1A) - 2018/12/04 (S1A) 11.660 12

The radar data were processed using GAMMA [142] and were multi-looked to 4:1 (range:

azimuth) to reduce the phase noise and to make square ∼20×20 m pixels. A coherence esti-

mation window of 3 × 3 pixels was used, resulting in a resolution of ∼60×60 m. Typically,

coherence mapping studies for damage assessment use a coherence change window of either

5× 5 or 3× 3 (eg. refs. [87, 88, 91, 108]). After testing, a 3× 3 pixel window was more sen-

sitive to coherence changes between pixels (see Figure A.2) and preserved spatial resolution.

Testing of triangular, linear, and Gaussian weighting functions in the coherence estimation

was also performed. A triangular weighting function was found to be the most favorable [87],

although there was little difference across the three weighting functions. For the triangular
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weighting function, the center window pixel is given highest weight in Equation (2) and the

weights of surrounding pixels linearly decrease outward (see Figure 4.2).

Figure 4.2: Pixel weights used to calculate coherence as shown in Equation (2) with a 3×3
coherence estimation window. The bold, center pixel had the highest weight (1). Surrounding
pixel weights decrease linearly outward from the center pixel.

In the slanted viewing geometry of SAR imagery, one geometric distortion that occurs is

the compression of near range targets closer to the sensor relative to targets farther away [4].

The true horizontal ground distances are not represented by pixels in slant-range geometry.

In ground-range geometry, ground targets in the radar image are in their proper geometric

shapes with correct planimetric (x, y) positions. The process of geocoding converts pixels

from slant-range geometry to ground-range geometry [4]. All pre- and co-seismic coherence

maps were geocoded to convert pixels from slant-range to ground-range geometry before

calculating the normalized difference. During this step, slant-range coherence pixels were

interpolated using cubic spline interpolation to match the resolution of the DEM used for

processing. The input DEMs used in processing had a resolution similar to the radar res-

olution to accurately simulate and remove the topographic phase. To check this, the effect

of the DEM resolution on the geocoded coherence map was tested using 90 m, 45 m, 30 m,

and 15 m DEMs. The coherence maps created with 30 m and 15 m DEMs looked nearly

identical. The coherence maps created from DEMs with resolution lower than 30 m had

patches of no data, indicating the topographic phase was not simulated correctly. Thus,

final geocoded coherence pixels had a resolution of ∼ 30×30 m to match the input DEMs.

Surveyed damage data were used to compare coherence change values to surveyed dam-

age levels after each earthquake. For the Amatrice earthquake, the surveyed damage data

were sourced from analysis of pre- (2014) and post-event (August 25, 2016) aerial imagery

(50 cm resolution [102]) by Copernicus Emergency Mapping Services (CEMS) (see Fig-

ure 4.3). These data were classified into four damage levels: none to slight, moderate, heavy,
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Figure 4.3: Map of building damage in Amatrice, Italy, following the 2016 Amatrice earth-
quake. (A) Regional map of Central Italy, with moment tensor solution plotted at the epi-
central location [115]. (B) Surveyed building damage in Amatrice by Copernicus Emergency
Mapping Services from analysis of 50 cm pre- and post-event aerial imagery [102].

and collapsed. Although field surveys were conducted [118, 121, 143], they were largely

restricted to lower damaged areas due to unsafe conditions from unstable highly damaged

buildings in the western, historical region of Amatrice. Therefore, published field surveys

did not include the full extent of damage. However, discrepancies between field and aerial

surveyed building damage were found [121, 144]. Low damage levels categorized by CEMS

(none to slight category) had inconsistencies with field surveys, where the damage level was

usually higher than assigned by CEMS. Higher damage levels assigned by CEMS were more

consistent with field surveyed damage levels [121, 144]. Damage level discrepancies were due

to the nadir-viewing geometry of the aerial imagery, causing mis-classification. This was es-

pecially the case where a highly damaged structure’s roof remained intact, where significant

damage occurred on the sides of the building, where there was extensive cracking, or where

significant damage occurred inside the building [86, 121, 145]. Due to these discrepancies,

the none to slight damage category (a total of 23 records) in the CEMS damage data set

was excluded from analysis.
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Geotechnical Extreme Events Reconnaissance [127] Association and Universidad Nacional
Autónoma de México [146].
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The surveyed damage data for Mexico City following the Puebla–Morelos earthquake were

sourced from field surveys conducted by the Geotechnical Extreme Events Reconnaissance

(GEER) [127] Association and Universidad Nacional Autónoma de México (UNAM) [146]

(see Figure 4.4). This data was collected by foot and aerial imagery and is separated into

three damage categories: damage, major damage, and collapsed as shown in Figure 4.4.

Coordinates of surveyed damage to Iranian villages and towns following the Sarpol-e-

Zahab earthquake were not available. Damage assessments were conducted by UNITAR

[134] from pre- (July 24, 2017, 50 cm Pleiades-1A) and post-event (November 16, 2017,

30 cm WorldView–3) optical imagery of the several Kermanshah villages (see Figure 4.5). At

the time of writing, the UNITAR data set has not been validated with field surveyed data.

Therefore, the damage assessment by UNITAR only contains one damage level: possible

damage.

Following the 2018 Anchorage earthquake, field surveyed and validated self-reported

damages were complied by the Mat-Su Borough Department of Emergency Services (see

Figure 4.6). This data set contains five damage levels: not affected, affected, minor damage,

major damage, and destroyed [137].

Surveyed damage data was available in building polygon format for Amatrice and as

point data for the other three case study areas. The point data were buffered to create

polygons around the points to improve accuracy of damage regions to compare to coherence

change pixels. In order for the damage polygons to be representative of the sizes of dam-

aged buildings, building footprints of damaged structures were measured in Google Earth to

determine suitable buffer sizes. After testing, a 12.5 m buffer radius was used for damage

points in Mexico City, a 8 m buffer radius was used for damage coordinates in the Kerman-

shah villages, and a 12.5 m buffer was used for damage points in the Anchorage area. After

buffering, point geometries became polygon geometries and were used to calculate coherence

change statistics.

Zonal statistics of coherence change were calculated to find coherence change values that

corresponded to surveyed damage polygons and were calculated using the rasterstats Python

package with module zonalstats [147]. This module can calculate zonal statistics based on

either pixel center points within given polygons or based on any part of pixels touching or

within given polygons. Given the damage polygons were almost always smaller than the

resolution of the coherence change pixels, the center point of the coherence change pixels

rarely fall within the polygon bounds. Therefore, an average coherence change value was

calculated for each polygon based on the number of coherence pixels the polygon intersected.
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4.5 Results and Discussion

Two pre- and one post-event C-band SLCs were used to create pre- and co-seismic interfer-

ograms (see example in Figure 4.7) and coherence maps for each of the four earthquakes.

Figure 4.8 shows the pre-seismic and co-seismic coherence maps, and normalized coherence

change maps for Amatrice, Mexico City, the Kermanshah villages, and the Anchorage area.

45˚ 45.5˚ 46˚

34
˚

34
.5
˚

35
˚

45˚ 45.5˚ 46˚

34˚
34.5˚

35˚

radians

45.75˚ 46˚

34.5˚

45.75˚ 46˚

34
.5
˚

Iraq Iran

Koeeke 

10 km 10 km

5 km 5 km

Pre-seismic (2017/10/30-2017/11/11)  Co-seismic (2017/11/11-2017/11/23)

Koeeke 
Hasan

Sarpol-e-Zahab

Hasan

Sarpol-e-Zahab

A B

C

C D

D

π 

-π 

Figure 4.7: Pre-seismic (A, C) and co-seismic (B, D) ascending interferograms for the 2017
Sarpol-e-Zahab earthquake. (C) and (D) show zoomed portions of (A) and (B), respectively,
as shown by the black outlined boxes. Line of sight (LOS) directions are indicated by the
black arrows in the bottom left corners. Interferometric fringes correspond to the amount of
ground displacement in the direction towards or away from the C-band (5.6 cm) Sentinel-1
satellite in the LOS direction.
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Zonal statistics of each building polygon of each data set were computed to find the mean,

standard deviation, maximum and minimum mean coherence change values (see Table 4.2).

The normalized density distribution of mean coherence change values for each damage level

for each earthquake are shown in Figure 4.9. Figure 4.10 shows normalized density distribu-

tions of mean coherence change of high damage levels. Figure 4.11 shows the mean coherence

change distributions of moderate and majorly damaged buildings.

Table 4.2: Statistics of mean coherence change for each level of structural damage for each
case study. Damage levels were from field and satellite surveys following each earthquake.
The values below are averages and should be read as average mean coherence change, stan-
dard deviation of average mean coherence change, maximum average mean coherence change
and so on. The polygon count columns refer to the number of building polygons or buffered
points for each damage level in each surveyed data set.

Damage level mean std max min polygon count
Amatrice Earthquake
Moderate damage 0.3538 0.1889 0.7380 -0.2748 137
Heavy damage 0.3918 0.2002 0.8667 -0.5281 69
Collapsed 0.3739 0.1829 0.8667 -0.1259 98
High damage (heavy damage + collapsed) 0.3813 0.1898 0.8667 -0.5281 167

Damage level mean std max min polygon count
Puebla-Morelos Earthquake
Damage 0.0274 0.1148 0.4283 -0.3272 147
Major damage 0.0719 0.1199 0.2892 -0.0388 10
Collapsed 0.0558 0.1162 0.5252 -0.2390 157
High damage (major damage + collapsed) 0.0568 0.1161 0.5252 -0.2390 167

Damage level mean std max min polygon count
Sarpol-e-Zahab Earthquake
Possible damage 0.3234 0.1945 0.9126 -0.3755 1102

Damage level mean std max min polygon count
Anchorage Earthquake
Not affected -0.0559 0.1334 0.0656 -0.2097 4
Affected -0.0226 0.2322 0.5528 -0.6266 206
Minor damage -0.0011 0.2323 0.6023 -0.7367 159
Major damage 0.0696 0.2620 0.7030 -0.4842 61
Destroyed 0.1755 0.1755 0.1755 1
High damage (major damage + destroyed) 0.0713 0.2602 0.7030 -0.4842 62
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Figure 4.9: Normalized density distribution of mean coherence change (calculated using a
normalized difference, ND) for damaged buildings in (A) Amatrice, (B) Mexico City, (C)
Kermanshah villages, and (D) the Anchorage area. Distributions are fit with a kernel density
estimate, where bin heights reflect probability densities.



61

    Damage Area              Damage Level
Koeeke Hasan &         Possible damage
 nearby villages 

Mexico City            Collapsed

Anchorage &            Destroyed
nearby cities

Amatrice                          Collapsed

5

4

3

2

1

0
   -1               -0.75               -0.5              -0.25               0                 0.25               0.5               0.75                1

Coherence change index (ND)

   Damage Area                  Damage Level
 Koeeke Hasan &          Possible damage
 nearby villages 

 Mexico City            High damage

 Anchorage &            High damage
 nearby cities

Amatrice                         High damage

A

B
5

4

3

2

1

0
   -1               -0.75               -0.5              -0.25               0                 0.25               0.5               0.75                1

Coherence change index (ND)

D
en

si
ty

D
en

si
ty
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earthquake (see ’High damage’ category, Table 4.2).
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4.5.1 Damage Density and Pixel Mixing

The differences in spatial resolution between the coherence pixels and the size of buildings

on the ground resulted in pixel mixing. Each pixel within a coherence map contained signal

contributions from several ground targets within the resolution cell. Building polygons did

not fall perfectly in the center of a coherence pixel and often were within or touching small

groups of pixels. When there were several pixels near each other that contain damaged

buildings, the contribution of damaged buildings to the total signal increased, resulting in

a stronger coherence change signal from damaged buildings. Therefore, regions of greater

damage density had higher mean coherence change values than regions of lower damage

density. For example, the concentrated damage in the western region of Amatrice appears

bright in the co-seismic coherence change map in Figure 4.8A. From Figures 4.3 and 4.5 the

damage density in Amatrice and selected Kermanshah villages from the Amatrice and Sarpol-

e-Zahab earthquakes were the greatest. Structural damage caused by the Puebla–Morelos

and Anchorage earthquakes in Mexico City and the Anchorage area was less concentrated

in comparison (see Figures 4.4 and 4.6).

These areas of highest damage density had overall higher average mean coherence change

values in damaged areas (Table 4.2). Structural damage in Amatrice and Sarpol-e-Zahab

(12km south of the Kermanshah villages considered in this study) has been previously studied

using coherence change analysis. A study using Sentinel-1 and ALOS-2 imagery found mean

normalized coherence difference of ∼0.33 for collapsed structures in Amatrice [112], which

is within the range of our calculated coherence change values of 0.3729 ±0.1829. This study

jointly used intensity and coherence correlations with optical imagery and polarimetry to

calculate the weighted normalized differential coherence. A comparative study of Amatrice

and Sarpol-e-Zahab used VV polarized Sentinel-1 data and used a minimum threshold of

normalized difference coherence change of 0.2 to separate collapsed structures from intact

buildings, which is somewhat consistent with our findings [111]. However, Sarpol-e-Zahab

has a greater proportion of newer, taller (3 - 6 stories) buildings than the Kermanshah

villages, which influenced the coherence change signal and damage pattern of Sarpol-e-Zahab

[133]. Although the ARIA group published a damage proxy map of damage to Mexico

City following the 2016 Puelba–Morelos earthquake, the coherence change values were not

available for comparison. Lastly, our study found a mean coherence change value of 0.1755

was calculated for the single collapsed building in the Anchorage area, which is significantly

higher than the calculated values for lower damage levels from the Anchorage earthquake.

As shown in Figure 4.9, there is little separability between mean coherence change of
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surveyed damage levels of each earthquake. This is also due to pixel mixing of different

damage categories where, if there are buildings of two different damage levels near each

other, the subset of pixels used to calculate the mean coherence change value of each of

those damage polygons would include mostly the same coherence change pixels. This was

especially the case for damage in Amatrice, where heavily damaged buildings often occurred

very close to each other, resulting in similar calculated statistics of mean coherence change

in Table 4.2. Additionally, if there are stable buildings surrounding a damaged building,

there will be pixel mixing with the surrounding undamaged building, resulting in a large

coherence change contribution of ∼0 from stable buildings. This is why all mean coherence

change distributions for most damage levels in the Anchorage area and all damage levels in

Mexico City are centered close to zero in Table 4.2 and Figure 4.9.

4.5.2 Environmental Influence

Although only coherence change pixels touching surveyed damage polygons were used in this

study, vegetation and urban coverage played important roles given the significant influence

of pixel mixing caused by the difference in resolution of the coherence maps and surveyed

data. To quantitatively assess and compare potential environmental influences on coherence

change, supervised land cover classifications were performed for each of the four case studies

(see Figure A.3 and Table A.3).

The coherence signal from vegetation is consistently decorrelated because it is affected by

things like wind, where even over a short time period, the form and shape of vegetation can

change, causing phase shifts between signals. The effects of volumetric and environmental

temporal decorrelation had the greatest influence on coherence mapping in damaged areas of

Amatrice and the Anchorage area. These two areas had the greatest amount of vegetation

cover at 71.9% and 38.1%, respectively. Coherence signals for Mexico City and the Ker-

manshah villages were less influenced by vegetation, given their lower vegetation coverage

at 30.9% and 5.1%, respectively (Table A.3). The long tails of the distribution of mean

coherence change for Amatrice in Figure 4.10 may be due to pixel mixing with vegetation

surrounding small buildings and around the perimeter of the town (see Figure A.3). Veg-

etation proximal to damaged buildings in the Anchorage area may also explain the wide

distribution curves in Figure 4.10B.

Further, the Anchorage earthquake occurred in late November (2018), when snow had

already begun to fall in Alaska (∼ 17.1% snow coverage in the region, Figure A.3). Coherence

can also be affected by changes in form and shape of snow which can vary over a short time
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periods due to wind, additional snow fall, and melting of snow. During the pre-seismic image

acquisition dates (see Table 4.1), a total of ∼4.6 cm of snow fell in the Anchorage area, while

a total of ∼35.1 cm snow fell between co-seismic acquisition dates (station US1AKAB0055,

Alaska [148]). Thus, temporal decorrelation from snow is another contributing factor to the

utility and wide distribution of mean coherence change in the Anchorage area in Figure 4.10B.

Figure 4.10 shows a narrow distribution of mean coherence change for damage in Mexico

City due to low vegetation in the city and high coverage of urban area (57.2% built area

coverage, Table A.3). The coherence change signal for damage in Mexico City was domi-

nated by stable, coherent buildings due to pixel mixing, resulting in a strong peak in mean

coherence change around zero.

4.5.3 Limitations

This method of coherence change detection for damage mapping was subject to several

limitations. The greatest limitation to the radar data was the image acquisition dates based

on satellite revisit times. Although temporal baselines were kept short, 6-day interferograms

were only available for the Sarpol-e-Zahab earthquake. The other three study areas had

12 day temporal resolutions, meaning there was a slightly lower contribution of temporal

decorrelation to the coherence maps of the Sarpol-e-Zahab area. However, post-seismic

images as close to the earthquake date as available were chosen to limit natural temporal

decorrelation and volumetric decorrelation from vegetation growth. Ideally, radar data would

be from just before and just after the earthquake to isolate the co-seismic decorrelation.

However, there are currently no SAR satellites capable of this revisit time frequency (see

Section 4.6). Lastly, the initial spatial resolution of the radar data was a limiting factor on

the final, processed resolution of the coherence maps. The resolution of the coherence maps

dictates the amount of pixel mixing and number of ground targets that contribute to the

total coherence signal. Therefore, finer spatial resolution of the coherence maps would result

in more accurate calculations of mean coherence change per surveyed building polygon.

The availability of surveyed building damage data was also a limiting factor in this study.

The surveyed damage data was sourced from optical imagery, foot, and aerial image surveys.

Additionally, the surveyed data for each case study quantified damage differently. Ideally,

the methods of surveying damage for each case study would be identical and use the same

damage classification schemes for more accurate comparisons. Further, the shapefile type

of surveyed data were not consistent across all four case studies. For example, building

polygon data for Amatrice was the most accurate representation of the amount of ground
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coverage affected by damaged buildings. Surveyed damage for Mexico City, the Kermanshah

villages and the Anchorage area were recorded as coordinate points. Buffering the point data

introduced a source of error because it was an approximation of the sizes of the damaged

buildings. The sizes of damaged building varied for each area but only one buffer size was

applied to all point data for each case study. For increased accuracy, all surveyed damage

data could have been field surveyed and recorded as building footprint polygons.

4.6 Future Implications

Satellite revisit times are shorter than they used to be and will continue to shorten with

future launches. For example, the Canadian Space Agency’s Radarsat Constellation Mission

(RCM) launched a trio or C-band SAR satellites in 2019, which have a global revisit time

of 4 days across all three satellites [149]. Further, ICEYE is a third party mission by a

Finnish company that has launched four small SAR satellites with the goal of launching

more satellites by 2021 to have a revisit time of 1 day across the constellation [150]. Another

goal of ICEYE is to improve image resolution, unveiling in early 2020 that their constellation

was capable of imaging at 25 cm× 50 cm (azimuth× range) resolution. Table 4.3 summarizes

current and future SAR satellites used for environmental and hazard monitoring. With finer

spatial resolution and increasing image frequency, coherence change mapping will become

more widely accessible and could become a more widely used method of emergency response.

Finer resolutions would allow damage levels of individual buildings to be more accurately

assessed. Increased revisit times would result in more rapid and frequent coherence change

calculations, increasing the potential for utility for emergency rescue following a damaging

natural hazard event.

In this study, I used surveyed building damage data and coherence change analysis to

calculate the value of mean coherence change for each surveyed damage polygon of four

earthquake case studies. However, to best implement coherence change mapping in future

emergency response, coherence change maps could be created and then masked to map the

areas of greatest coherence change to delineate where the greatest structural damage likely

is, after outlier removal. Therefore, our findings confirm that an approach like the ARIA

group’s, where the top 0.1% to 0.4% of the range of coherence change values were classified as

the pixels that contained the greatest probable damage [88], is a good solution to implement

this method without the use of damage threshold levels.
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Table 4.3: Current and future SAR satellites [1].

Satellite Wavelength Constellation Launch Revisit time (days) Resolution
ALOS-2 (Japan) L-Band 1 2014 14 1 - 100 m

COSMO-SkyMed (CSK) (Italy) X-Band 4 2007
16 individually,

∼4 across constellation
1 - 100 m

COSMO-SkyMed 2nd Gen.
CSG 1 and 2 (to replace CSK)

X-Band 2 2019-2021
16 individually,

∼8 across constellation
0.8 - 20 m

NISAR (NASA + India)
L-Band
S-Band

1 with
two sensors

2022 12 3 - 10 m

RCM (Canada) C-Band 3 2019
12 individually,

∼4 across constellation
1 - 100 m

ICEYE (Europe) X-Band 4 2018-2021
18 individually, goal of 24 hr
across constellation by 2021

0.25 - 20 m

Sentinel-1 (Europe) C-Band 2 2014-2016
12 individually,

6 across constellation
1 - 100 m

SAOCOM-1 (Argentina) L-Band 2 2018-2020
16 individually,

8 across constellation
7 - 100 m

Alternatively, NASA’s UAVSAR is an Uninhabited Aerial Vehicle that carries an L-

band SAR system, capable of repeat-pass interferometry, as well as a Ka-band and P-band

sensor, for single pass interferometry and vegetative studies, respectively [151, 152]. This

airborne platform has been operational since 2009 and is capable of producing unwrapped

interferograms with 7 m resolution [152]. UAVSAR acquisitions have been used to study

creep and earthquake ground deformation, among other natural hazard applications (eg.

refs. [152, 153, 154]), where individual flight lines are deployed in requested areas. Although

this platform is not flown globally regularly, like many SAR satellites, UAVSAR acquisitions

could be another useful, high resolution tool in coherence change analysis to identify damaged

buildings, capable of very short revisit times in some cases.

Another approach to implement this method would be to use building footprint data

when available, often published by government agencies or open source databases like Open-

StreetMap, to mask out all coherence change pixels that do not fall within the bounds of

regional building data sets and compare the coherence change values of only these pixels.

This would mask the influence of other decorrelated ground targets. However, at the spa-

tial resolution used in this study, the influence of pixel mixing may still contribute to the

coherence change signal. A vegetation mask could also be implemented by processing sev-

eral pre-seismic pairs to identify regions of high coherence fluctuation or standard deviation,

which would signify pixels dominated by vegetation. Urban areas in pre-seismic pairs would

return stable, consistent signals and would be correlated. For example, a study of the 1995

Kobe earthquake used a pre-seismic coherence threshold of ≥ 0.6 to identify pixels containing

buildings before calculating the coherence change [89].
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4.7 Conclusions

Overall, structural damage in areas with high damage density yielded higher mean coher-

ence change values. However, based on the zonal statistics presented in Table 4.2, there

is not a single, mean coherence change threshold that can be assigned universally across

all four case study areas to separate levels of building damage. Although each of the four

study areas suffered structural damage, the influences of pixel mixing, damage density, and

additional sources of decorrelation played important roles in the utility of this method of

damage mapping. When comparing areas of high damage, the influence of these factors on

coherence change of built areas must be considered. This method of coherence mapping is

most successful in regions with high damage density and little vegetation and snow cover.

In these areas, this method of damage mapping would be most useful as an initial, wide

coverage assessment to get a general estimate of highly damaged communities following a

destructive earthquake. The oblique viewing geometry of SAR offers imaging capability of

the sides of buildings and does not rely on roof damage as an indicator of earthquake damage

(unlike hurricane damage). However, with the current spatial resolution of Sentinel-1 data,

this method of mapping may be best suited to assess overall damage and damage density of

city blocks rather than individual structures.
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Table A.1: Parameters calculated from fault-perpendicular swath profiles along the (M)ain,
(Wh)arekiri, (Wa)inui and (E)dgecombe strands, as well as (F)ar field displacements across
all three coastal faults. Latitude and longitude refer to profile center-points, listed from N
to S for each strand. x, y and z offsets refer to motion of the west side of the fault with
respect to the east side.
label Latitude Longitude strike x offset (m) y offset (m) z offset (m) net offset (m) fault dip rake

Northern and central main strand (Clarence Valley)
M 1 -42.11330◦ 173.84468◦ 122.8◦ 3.76 ± 0.72 -2.38 ± 0.49 6.08 ± 0.15 7.53 ± 0.89 89.7◦ SW ± 4.4◦ 53.8◦

M 2 -42.11378◦ 173.84571◦ 302.8◦ 2.17 ± 0.53 -3.21 ± 0.40 5.91 ± 0.13 7.07 ± 0.68 75.6◦ NE ± 3.3◦ -59.7◦

M 3 -42.11426◦ 173.84673◦ 122.8◦ 2.92 ± 0.87 -1.61 ± 0.70 6.27 ± 0.24 7.10 ± 1.14 87.9◦ SW ± 5.5◦ 62.0◦

M 4 -42.11522◦ 173.84878◦ 302.8◦ 2.18 ± 1.02 -2.33 ± 0.96 6.19 ± 0.12 6.96 ± 1.40 82.8◦ NE ± 6.5◦ -63.6◦

M 5 -42.11618◦ 173.85082◦ 302.8◦ 2.11 ± 0.59 -1.60 ± 0.88 6.67 ± 0.11 7.17 ± 1.07 88.2◦ NE ± 4.8◦ -68.4◦

M 6 -42.11666◦ 173.85185◦ 302.8◦ 2.71 ± 0.39 -2.89 ± 0.35 6.74 ± 0.09 7.81 ± 0.53 81.9◦ NE ± 2.6◦ -60.6◦

M 7 -42.11714◦ 173.85287◦ 302.8◦ 2.71 ± 0.42 -2.97 ± 0.44 6.89 ± 0.06 7.98 ± 0.61 81.5◦ NE ± 2.6◦ -60.8◦

M 8 -42.11761◦ 173.85391◦ 301.6◦ 3.15 ± 0.48 -3.22 ± 0.49 7.10 ± 0.05 8.41 ± 0.69 81.2◦ NE ± 3.0◦ -58.5◦

M 9 -42.12245◦ 173.85925◦ 139.3◦ 3.57 ± 0.66 -2.79 ± 0.59 6.35 ± 0.36 7.80 ± 0.95 82.0◦ SW ± 3.5◦ 55.3◦

M 10 -42.12313◦ 173.86005◦ 139.3◦ 2.97 ± 0.33 -2.19 ± 0.53 7.50 ± 0.11 8.35 ± 0.63 83.7◦ SW ± 2.7◦ 64.5◦

M 11 -42.12381◦ 173.86085◦ 139.3◦ 3.71 ± 0.21 -2.98 ± 0.34 7.93 ± 0.10 9.25 ± 0.41 83.8◦ SW ± 1.7◦ 59.6◦

M 12 -42.12449◦ 173.86165◦ 145.2◦ 3.85 ± 0.16 -3.23 ± 0.22 8.19 ± 0.10 9.61 ± 0.29 80.9◦ SW ± 1.1◦ 59.7◦

M 13 -42.12522◦ 173.86235◦ 145.2◦ 4.29 ± 0.30 -3.20 ± 0.42 8.10 ± 0.06 9.71 ± 0.52 78.2◦ SW ± 2.0◦ 58.4◦

M 14 -42.12595◦ 173.86305◦ 145.2◦ 3.89 ± 0.22 -3.51 ± 0.20 8.25 ± 0.08 9.77 ± 0.30 81.8◦ SW ± 1.1◦ 58.5◦

M 15 -42.12669◦ 173.86375◦ 145.2◦ 4.13 ± 0.47 -2.52 ± 0.48 8.15 ± 0.14 9.47 ± 0.69 76.6◦ SW ± 2.9◦ 62.1◦

M 16 -42.12742◦ 173.86445◦ 145.3◦ 4.13 ± 0.37 -2.97 ± 0.55 7.87 ± 0.12 9.37 ± 0.67 77.8◦ SW ± 2.6◦ 59.3◦

M 17 -42.12816◦ 173.86515◦ 145.3◦ 4.21 ± 0.31 -3.56 ± 0.31 7.71 ± 0.08 9.48 ± 0.44 79.4◦ SW ± 1.5◦ 55.9◦

M 18 -42.12898◦ 173.86563◦ 157.9◦ 3.90 ± 0.86 -3.24 ± 1.10 7.44 ± 0.25 9.00 ± 1.42 72.1◦ SW ± 5.7◦ 60.2◦

M 19 -42.13576◦ 173.86850◦ 181.7◦ 3.53 ± 1.14 -3.22 ± 0.44 9.12 ± 0.25 10.30 ± 1.25 68.3◦ W ± 1.2◦ 72.4◦

M 20 -42.13666◦ 173.86848◦ 181.7◦ 5.91 ± 1.23 -4.31 ± 0.69 8.85 ± 0.39 11.48 ± 1.46 55.7◦ W ± 2.0◦ 68.9◦

M 21 -42.14107◦ 173.86751◦ 195.8◦ 3.31 ± 2.12 -3.12 ± 1.37 8.10 ± 0.36 9.29 ± 2.55 63.5◦ W ± 3.9◦ 77.0◦

M 22 -42.14370◦ 173.86655◦ 195.8◦ 3.14 ± 0.95 -3.54 ± 0.63 9.04 ± 0.06 10.20 ± 1.14 66.2◦ W ± 3.7◦ 75.6◦

M 23 -42.14457◦ 173.86623◦ 195.8◦ 2.94 ± 0.54 -3.85 ± 0.72 9.16 ± 0.07 10.36 ± 0.91 67.1◦ W ± 3.2◦ 73.7◦

M 24 -42.14891◦ 173.86493◦ 180.3◦ 2.07 ± 0.62 -3.01 ± 1.09 9.02 ± 0.20 9.73 ± 1.27 77.0◦ W ± 6.2◦ 72.1◦

M 25 -42.14981◦ 173.86494◦ 179.9◦ 3.22 ± 0.89 -4.04 ± 0.73 9.52 ± 0.16 10.83 ± 1.16 71.3◦ W ± 4.2◦ 68.1◦

M 26 -42.15070◦ 173.86501◦ 159.8◦ 2.94 ± 0.89 -3.08 ± 1.07 8.86 ± 0.09 9.83 ± 1.39 79.2◦ W ± 4.8◦ 66.6◦

M 27 -42.15155◦ 173.86544◦ 159.8◦ 3.22 ± 0.62 -3.29 ± 0.68 8.93 ± 0.07 10.05 ± 0.92 78.1◦ W ± 3.7◦ 65.3◦

Average: 3.36 ± 0.84 -3.03 ± 0.63 7.78 ± 1.10 9.03 ± 1.25 81.1◦ W ± 12.0◦ 63.7◦ ± 6.4◦

Southern main strand (coast)
M 28 -42.19047◦ 173.87810◦ 158.7◦ 1.78 ± 0.70 -3.19 ± 0.52 1.92 ± 0.39 4.12 ± 0.95 75.2◦ W ± 5.5◦ 28.7◦

M 29 -42.19131◦ 173.87855◦ 158.7◦ 2.66 ± 0.43 -2.39 ± 0.61 1.87 ± 0.43 4.04 ± 0.86 49.3◦ W ± 7.5◦ 37.8◦

M 30 -42.19215◦ 173.87897◦ 172.5◦ 2.46 ± 0.55 -3.68 ± 0.67 1.80 ± 0.37 4.78 ± 0.94 42.7◦ W ± 6.2◦ 33.8◦

M 31 -42.19304◦ 173.87914◦ 172.5◦ 3.80 ± 0.52 -4.14 ± 0.84 2.75 ± 0.45 6.25 ± 1.08 40.5◦ W ± 6.0◦ 42.7◦

M 32 -42.19393◦ 173.87931◦ 172.5◦ 3.29 ± 0.65 -3.11 ± 0.81 3.27 ± 0.31 5.58 ± 1.09 48.9◦ W ± 8.2◦ 51.0◦

M 33 -42.19482◦ 173.87950◦ 165.2◦ 3.23 ± 0.58 -3.93 ± 0.59 4.23 ± 0.15 6.62 ± 0.84 63.4◦ W ± 3.9◦ 45.6◦

M 34 -42.19562◦ 173.88004◦ 149.2◦ 2.85 ± 0.55 -3.96 ± 0.80 3.98 ± 0.27 6.30 ± 1.00 84.0◦ W ± 4.7◦ 39.5◦

Average: 2.87 ± 0.65 -3.48 ± 0.62 2.83 ± 1.02 5.38 ± 1.07 57.7◦ W ± 16.8◦ 39.9◦ ± 7.42◦

Main strand, combined

Average: 3.26 ± 0.82 -3.12 ± 0.65 6.76 ± 2.29 8.82 ± 1.92 76.2◦ W ± 16.0◦ 58.8◦ ± 11.8◦
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label Latitude Longitude strike x offset (m) y offset (m) z offset (m) net offset (m) fault dip rake

Wharekiri strand
Wh 1 -42.12520◦ 173.84372◦ 140.5◦ 0.20 ± 0.20 -0.69 ± 0.15 -0.70 ± 0.18 1.00 ± 0.31 67.7◦ SW ± 5.2◦ -48.8◦

Wh 2 -42.12692◦ 173.84430◦ 350.9◦ 0.30 ± 0.28 -1.13 ± 0.17 -0.77 ± 0.14 1.40 ± 0.36 81.0◦ E ± 3.3◦ 33.9◦

Wh 3 -42.12781◦ 173.84450◦ 350.9◦ 0.41 ± 0.27 -0.90 ± 0.17 -0.50 ± 0.12 1.11 ± 0.34 62.4◦ E ± 3.7◦ 30.9◦

Wh 4 -42.12869◦ 173.84470◦ 350.9◦ 0.51 ± 0.31 -0.99 ± 0.20 -0.72 ± 0.19 1.32 ± 0.41 64.4◦ E ± 4.3◦ 37.2◦

Wh 5 -42.12958◦ 173.84494◦ 344.2◦ 0.73 ± 0.29 -1.29 ± 0.37 -0.92 ± 0.17 1.74 ± 0.50 68.9◦ E ± 4.3◦ 34.4◦

Wh 6 -42.13395◦ 173.84638◦ 349.2◦ 0.42 ± 0.26 -0.83 ± 0.21 -1.22 ± 0.12 1.53 ± 0.35 77.9◦ E ± 3.1◦ 54.5◦

Wh 7 -42.13483◦ 173.84662◦ 349.2◦ 0.52 ± 0.14 -1.04 ± 0.08 -1.34 ± 0.07 1.77 ± 0.18 76.7◦ E ± 1.3◦ 50.8◦

Wh 8 -42.13651◦ 173.84745◦ 338.3◦ 0.48 ± 0.09 -0.97 ± 0.18 -1.51 ± 0.10 1.86 ± 0.22 86.6◦ E ± 2.1◦ 54.4◦

Wh 9 -42.13901◦ 173.84883◦ 338.3◦ 0.81 ± 0.17 -0.93 ± 0.08 -1.71 ± 0.14 2.11 ± 0.24 76.4◦ E ± 1.5◦ 56.5◦

Wh 10 -42.13983◦ 173.84933◦ 333.8◦ 0.45 ± 0.12 -0.71 ± 0.13 -1.57 ± 0.10 1.79 ± 0.21 86.6◦ E ± 2.0◦ 62.0◦

Wh 11 -42.14064◦ 173.84987◦ 333.8◦ 0.29 ± 0.10 -0.71 ± 0.15 -1.47 ± 0.07 1.66 ± 0.19 87.8◦ W ± 2.2◦ -62.5◦

Wh 12 -42.14225◦ 173.85096◦ 333.8◦ 0.37 ± 0.17 -0.68 ± 0.20 -1.40 ± 0.10 1.60 ± 0.28 88.5◦ E ± 3.0◦ 61.0◦

Wh 13 -42.14305◦ 173.85151◦ 333.8◦ 0.34 ± 0.13 -0.63 ± 0.34 -1.31 ± 0.10 1.49 ± 0.38 89.0◦ E ± 4.7◦ 61.4◦

Wh 14 -42.14391◦ 173.85186◦ 345.0◦ 0.24 ± 0.18 -0.39 ± 0.22 -1.10 ± 0.14 1.19 ± 0.31 83.5◦ E ± 4.8◦ 68.3◦

Wh 15 -42.14478◦ 173.85218◦ 345.0◦ 0.49 ± 0.18 -0.52 ± 0.21 -1.19 ± 0.14 1.39 ± 0.32 73.9◦ E ± 4.5◦ 62.8◦

Average: 0.44 ± 0.17 -0.83 ± 0.24 -1.16 ± 0.36 1.53 ± 0.30 81.4◦ E ± 12.4◦ 52.0◦ ± 12.3◦

Wainui strand
Wa 1 -42.19841◦ 173.87500◦ 177.7◦ -0.03 ± 0.94 0.59 ± 0.75 -4.18 ± 0.29 4.22 ± 1.24 90.0◦ W ± 7.6◦ -98.1◦

Wa 2 -42.19931◦ 173.87506◦ 177.7◦ -1.30 ± 0.73 0.01 ± 0.60 -4.23 ± 0.23 4.43 ± 0.97 72.9◦ W ± 4.6◦ -90.8◦

Wa 3 -42.20021◦ 173.87512◦ 177.7◦ -1.62 ± 0.70 0.52 ± 0.41 -3.88 ± 0.45 4.24 ± 0.93 67.6◦ W ± 5.5◦ -98.0◦

Average: -0.98 ± 0.85 0.37 ± 0.32 -4.09 ± 0.19 4.29 ± 0.11 76.8◦ W ± 11.7◦ -95.6◦ ± 4.19◦

Edgecombe strand
E 1 -42.18908◦ 173.88165◦ 171.9◦ 3.26 ± 0.69 -1.22 ± 0.47 0.52 ± 0.21 3.52 ± 0.86 9.7◦ W ± 8.9◦ 61.7◦

E 2 -42.18997◦ 173.88183◦ 171.9◦ 2.93 ± 0.64 -1.57 ± 0.67 0.87 ± 0.22 3.44 ± 0.95 17.9◦ W ± 11.4◦ 55.1◦

Average: 3.09 ± 0.23 -1.40 ± 0.24 0.69 ± 0.24 3.48 ± 0.06 13.8◦ W ± 5.8◦ 58.4◦ ± 4.67◦

label Latitude Longitude strike x offset (m) y offset (m) z offset (m) net offset (m) fault dip rake

Coastal strands, Far-field
F 1 -42.18847◦ 173.87702◦ 158.7◦ 5.45 ± 0.47 -4.79 ± 0.47 2.44 ± 0.22 7.65 ± 0.70 36.1◦ W ± 2.2◦ 32.7◦

F 2 -42.18888◦ 173.87724◦ 158.7◦ 6.20 ± 0.76 -4.32 ± 0.56 2.50 ± 0.32 7.96 ± 1.00 30.7◦ W ± 3.3◦ 38.0◦

F 3 -42.18930◦ 173.87747◦ 158.7◦ 5.83 ± 0.81 -5.17 ± 0.83 2.27 ± 0.27 8.12 ± 1.19 32.6◦ W ± 3.0◦ 31.3◦

F 4 -42.19014◦ 173.87792◦ 158.7◦ 5.33 ± 0.81 -4.54 ± 0.94 1.53 ± 0.34 7.16 ± 1.29 24.8◦ W ± 3.8◦ 30.7◦

F 5 -42.19056◦ 173.87814◦ 158.7◦ 4.18 ± 0.77 -3.21 ± 0.75 2.59 ± 0.24 5.87 ± 1.10 43.4◦ W ± 5.0◦ 39.8◦

F 6 -42.19139◦ 173.87859◦ 158.7◦ 3.55 ± 0.87 -4.55 ± 0.76 1.87 ± 0.78 6.07 ± 1.39 48.4◦ W ± 7.8◦ 24.3◦

F 7 -42.19531◦ 173.87979◦ 149.2◦ 5.43 ± 4.09 -3.98 ± 0.57 1.40 ± 0.48 6.88 ± 4.16 28.1◦ W ± 9.9◦ 25.6◦

F 8 -42.19570◦ 173.88010◦ 149.2◦ 4.59 ± 2.15 -3.52 ± 0.67 1.03 ± 0.86 5.88 ± 2.41 25.7◦ W ± 8.8◦ 23.9◦

Average: 5.07 ± 0.89 -4.26 ± 0.65 1.95 ± 0.58 6.95 ± 0.93 33.7◦ W ± 8.47◦ 30.8◦ ± 6.02◦
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Table A.2: Elastic forward model parameters to for the (M)ain strand, a lower (L)istric
extension of the steeper upper Papatea main strand, the (J)ordan and (K)ekerengu faults,
and the (S)ubduction interface. Depth ranges of slip are indicated next to the fault name.
label center easting center northing length (km) net offset (m) strike fault dip rake

Papatea surface rupture (0-10km)
1 (M 1–M 8) 734737.13 5334018.23 3.002 7.5 305.0◦ 84.3◦ E -60.9◦

2 (M 9–M 17) 736412.87 5332603.10 1.469 9.2 142.0◦ 80.5◦ W 59.3◦

3 (M 18) 736977.00 5331651.02 0.767 9.0 160.0◦ 72.1◦ W 60.2◦

4 (M 19–M 20) 737083.91 5331071.88 0.442 10.9 185.0◦ 62.0◦ W 70.7◦

5 (M 21–M 23) 736896.09 5330341.80 1.055 10.0 196.0◦ 65.6◦ W 75.4◦

6 (M 24–M 25) 736733.55 5329683.35 0.311 10.3 180.0◦ 74.2◦ W 70.1◦

7 (M 26–M 27) 736845.96 5329201.63 0.679 9.9 163.0◦ 78.6◦ W 66.0◦

8 (M 27–M 28) 737287.73 5327108.51 3.500 7.1 170.0◦ 76.7◦ W 47.0◦

9 (M 29–M 34) 737946.70 5323955.00 2.900 5.6 168.0◦ 54.8◦ W 41.7◦

label center easting center northing length (km) net offset (m) strike fault dip rake

Listric Papatea structure (10-20km)
L 1 744099.26 5320647.72 3.002 7.5 125.0◦ 30.0◦ W 60.9◦

L 2 748742.94 5342236.41 1.469 9.2 142.0◦ 30.0◦ W 59.3◦

L 3 750217.83 5336470.29 0.767 9.0 160.0◦ 30.0◦ W 60.2◦

L 4 749041.65 5330025.71 0.442 10.9 185.0◦ 30.0◦ W 70.7◦

L 5 749185.15 5326817.97 1.055 10.0 196.0◦ 30.0◦ W 75.4◦

L 6 751233.55 5329683.35 0.311 10.3 180.0◦ 30.0◦ W 70.1◦

L 7 751481.40 5333676.13 0.679 9.9 163.0◦ 30.0◦ W 66.0◦

L 8 752017.11 5329705.70 3.500 7.1 170.0◦ 30.0◦ W 47.0◦

L 9 747988.64 5326089.48 2.900 5.6 168.0◦ 30.0◦ W 41.7◦

label center easting center northing length (km) net offset (m) strike fault dip rake

Jordan and Kekerengu ruptures (0-20km)
J 730799.32 5333087.05 6.327 6.0 223.0◦ 60.0◦ W -165.0◦

K 736998.75 5339467.22 11.427 9.0 224.0◦ 55.0◦ W 140.0◦

label center easting center northing length (km) net offset (m) strike fault dip rake

Subduction interface (15-38km)
S 282165.51 5308061.26 121.152 2.0 225.0◦ 25.0◦ W 125.0◦
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Figure A.1: Coherence and coherence change images for Amatrice, Central Italy following
the first event of the 2016 Central Italy Earthquake Sequence. (A) and (B) are the pre-
and co-seismic coherence images. (C) is the co-seismic coherence change calculated from a
normalized difference (see Equation 3 and (D) is the co-seismic coherence change calculated
using a simple difference. The red polygon delineates Amatrice, Italy. Coherence images
were processed using a 3× 3 pixel window.
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Figure A.2: Normalized difference co-seismic coherence change images for Amatrice using
(A) 5× 5 and (B) 3× 3 pixel windows. The red polygon delineates Amatrice, Italy.
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Figure A.3: Supervised land cover classifications for (A) Central Italy (98.5% overall ac-
curacy), (B) Anchorage and surrounding cities (89.1% overall accuracy), (C) Mexico City
(95.7% overall accuracy), (D) Kermanshah Province, Iran (96.7% overall accuracy). Classi-
fications were done using 10 m Sentinel-2 imagery using a maximum likelihood classification
and a 3× 3 pixel kernel and 7× 7 pixel aggregation [141].
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Table A.3: Coverage of land cover classes (see Figure A.3) from < 15% cloud cover, 10 m
Sentinel-2 imagery [141].

Class % cover
Central Italy (acquired 2016-08-14)
Water 1
Vegetation 71.9
Bare earth 14.8
Built area 12.3

Class % cover
Mexico City (acquired 2017-10-14)
Vegetation 30.9
Built area 57.2
Cloud 5
Water 0.3
Shadow 6.5

Class % cover
Kermanshah Province, Iran (acquired 2017-10-16)
Water 0.5
Bare earth 91.2
Vegetation 5.1
Built area 3.3

Class % cover
Anchorage area (acquired 2018-11-04)
Snow 17.1
Bare earth 11.3
Built area 17.8
Water 15.6
Vegetation 38.1
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