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Zusammenfassung
Unsere Möglichkeiten Erdbebenquellen direkt zu beobachten sind begrenzt. Um
die Natur von Erdbeben besser zu verstehen, müssen wir die uns zu Verfügung stehenden indirekten Beobachtungen bestmöglich nutzen. In der vorgelegten Arbeit
messe ich mit interferometric synthetic aperture RADAR (InSAR) die durch ache
Erdbeben verursachten Oberächendeformationen, um Parameter von Erdbebenquellen zu bestimmen. In zwei Fallstudien zeige ich Strategien auf zur gewinnbringenden Kombination von mehreren InSAR und GPS Datensätzen durch eine sinnvolle Datengewichtung. Da der Fehler von InSAR Daten räumlich korreliert ist,
basieren unsere Datengewichte auf der vollständigen Datenfehlerkovarianzmatrix.
Ich schätze die individuelle Datenfehlerkovarianzfunktion mithilfe von Variogrammen und Covariogrammen empirisch in den Interferogrammen. Weiterhin berechne
ich aus den Kovarianzfunktionen synthetische Datenfehler mit welchen in wiederholten Optimierungen Modelparameterunsicherheiten abgeschätzt werden.
In der ersten Fallstudie untersuchte ich das 2000er Kleifarvatn Erdbeben in
Südwest-Island für welches bereits Erdbebenmodelle existierten. Ich zeige hier,
dass durch den Gebrauch von Interferogrammen aus verschiedenen Blickwinkeln
Erdbebenmodelle verbessert werden können. Das dynamisch getriggerte M5.9 Erdbeben trat auf einer bisher unbekannten Störung auf und in einer Entfernung von
nur 20 km zur isländischen Hauptstadt Reykjavík. Die früheren Erdbebenmodelle
waren von Modelparameterkopplungen betroen, welche durch den Einsatz von
zusätzlichen Daten und der kovarianzbasierten Gewichtung eektiv unterdrückt
werden konnten.
In der zweiten Fallstudie kombinierte ich InSAR-Daten unterschliedicher Wellenlänge (C-Band und L-Band), um das 1997er Zirkuh Erdbeben im Iran zu untersuchen. Dieses M7.2 Erdbeben zeigt einen gekrümmten, segmentierten und 125 km
langen Oberächenbruch, an welchem in Feldmessungen grosse Variationen im
lateralen und vertikalen Versatz festgestellt wurden. Bisher war nur wenig über
den Tiefenverlauf des Bebens bekannt. Ich lege ein komplexes Erdbebenmodell
1
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des Zirkuh Erdbebens vor und zeige eine Anwendung von importance sampling
zur Analyse der Modelparameterwahrscheinlichkeiten und Modelparameterkorrelationen. Mit der Ausschöpfung der InSAR Datenarchive und einer sorgfältigen
Einbindung der Daten in Erdbebenmodellierungen werden unsere Ergebnisse eine
bessere Basis für weiterführende Erdbebenforschung bilden.
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Our prospects of direct earthquake source observations are limited. To better
understand the nature of earthquakes we therefore need to make the best use of
the indirect observations we have. In the presented work I measure the surface
deformation due to moderate and large earthquakes with interferometric synthetic
aperture RADAR (InSAR) to infer earthquake source parameters. In two case
studies I show strategies for the benecial combination of multiple data sets from
InSAR and GPS through meaningful data weights. InSAR data exhibit correlated
data errors and therefore the data weights are based on the full data error covariance matrix. I empirically estimate the individual data error covariance functions
for the interferograms using sample variograms and covariograms. Further, I calculate from the error covariance functions synthetic data errors to assess earthquake
fault model parameter uncertainties in repeated optimizations. In the rst case
study I re-investigated the 2000 Kleifarvatn earthquake in south-west Iceland and
show how the earthquake source model can be improved through the use of interferograms from two dierent look directions. This dynamically triggered M5.9
earthquake occurred on a previously unknown fault only 20 km from the Icelandic
capital Reykjavík. Earlier source models suered from model parameter trade-os
that could be eciently suppressed through additional data and covariance-based
data weights. In the second study I combined interferograms of dierent wavelengths (C-band and L-band) to study the source of the 1997 Zirkuh earthquake
in Iran. This M7.2 earthquake formed a curved, segmented and 125 km long
surface fault trace at which eld observations revealed large variations in both
slip and rake. At depth, little a priori information about the rupture existed. I
present a complex source model of the Zirkuh earthquake and I show the application of importance sampling to analyse the model parameter likelihoods and
model parameter correlations. With the full use of the archived InSAR data and
their careful implementation in earthquake source modeling, our results will form
a better basis for continuing earthquake research.
3
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Chapter 1
Introduction
Experiencing an earthquake as a phenomenon of the dynamic earth can be exciting. However, earthquakes also threaten human live, property and economy.
Understanding the nature, genesis and consequences of earthquakes is therefore
not only of great interest for scientists, but also important for human society.
Crustal earthquakes are generated when brittle rocks fail due to a stress buildup that exceeds the rock strength or the friction of existing faults. Commonlyknown eects of earthquakes are the emission of seismic waves and the sudden
deformation of the earth surface. These eects occur during the rupture of one
rock volume around the fault, and so are called coseismic eects. The coseismic
eect studied in this thesis is the remanent, or static, deformation of the surface
that is caused by shallow or surface-breaking earthquakes of moderate to large size.
A part of the static coseismic deformation is plastic, so irrecoverable, and often
visible, e.g. as surface fault traces, open cracks and pressure-ridges. In contrast,
the elastic and non-permanent part of the static coseismic deformation can extend
over wide areas and is therefore generally harder to observe.
The pattern of elastic coseismic surface deformation is characteristic for the
earthquakes mechanism, size and depth. These main earthquake characteristics
can often be represented by an earthquake source model, which is a simplied
model of the crust and the earthquake-related fault. For such earthquake source
models, it is possible to compute the expected surface deformation for dierent
model parameters, e.g. dierent earthquake sizes, fault plane orientations and
slip values on the fault. Therefore, if the coseismic surface deformation can be
measured and also be computed by using earthquake source models, it is possible
to deduce the main earthquake properties from the parameters of the earthquake
source model that best represents the observed surface deformation.
5
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Earthquake source models are important for studies of local and regional hazard. Okada (1985) gave an analytical formulation for the surface deformation
caused by a dislocation on a rectangular surface in an elastic half-space. This
formulation approximates the process of brittle rock failure well in many cases
and is therefore commonly used in geodetic earthquake source modelling. With
more than one dislocation surface, one can build segmented fault models and/or
distributed slip models that are able to represent the more complex slip heterogeneities of larger earthquakes. Such earthquake source models help to understand
the general behaviour of active fault zones.
The surface deformation of moderate to large shallow earthquakes can be measured with space-based technologies like InSAR (Interferometric Synthetic Aperture RADAR) and GPS (Global Positioning System). InSAR provides relative
measures of distance changes between a SAR satellite and the earth's surface that
may have occured in the time between two SAR image acquisitions. From the
radar waves that are reected at the earth surface and recorded by the SAR satellite, complex-valued SAR images are formed (Fig. 1.1) that can span areas with a
dimension of more than 100 km. The phase dierence of the radar signals in two
SAR images is represented as an interferogram, from which the relative distance
changes between sensor and earth surface are inferred through knowledge of the
wavelength. With GPS, several distance measurements between a ground sensor
and a number of GPS satellites are used to calculate the absolute position of the
ground sensor. As the position of the GPS ground sensor changes, the surface
displacement vector at this location can be derived.
The civil use of GPS started in the late 1980's (e.g. the project CASA UNO
GPS in 1988 (Kellogs et al. 1990; Dixon 1991)) and interferometry with SAR
data took o after the launch of European ERS-1 satellite in 1991. With the
rst spectacular interferograms, that showed the surface displacement caused by
the 1992 Landers earthquake in California (Massonnet et al., 1993), InSAR-based
earthquake source studies became an important part of earthquake research worldwide.
Since the 1992 Landers earthquake, other North-American strike-slip earthquakes have been studied using InSAR. These include the 1999 Hector Mine earthquake, which occurred in the vicinity of the Landers earthquake (Jónsson et al.
2002; Simons et al. 2002; Price & Bürgmann 2002), the 2004 Parkeld earthquake
(Johanson et al., 2006) and, in Alaska, the large 2002 Denali earthquake with its
about 300 km long surface rupture (Wright et al., 2004). In South-America, the
6

Figure 1.1: Backscatter intensity image of ERS-2 SAR data that were acquired on descending
track over East Iran on 24 May 1996. The scene center is at 32.95 ◦ N and 60.08◦ W.
surface deformation caused by some large subduction zone earthquakes could be
measured with InSAR and analysed in earthquake source studies, e.g. the 1996
and 2001 Nazca Ridge earthquakes (Salichon et al. 2003; Pritchard et al. 2007)
and the 2007 Pisco earthquake (Pritchard & Fielding 2008; Motagh et al. 2008;
Biggs et al. 2009). Further, there are several InSAR studies on crustal earthquakes in Europe, e.g. for the 2000 dominantly strike-slip earthquake sequence
in South-Iceland (Pedersen et al. 2003; Árnadóttir et al. 2004) and for the 2009
normal-faulting earthquake in l'Aquila, Italy (Atzori et al. 2009; Walters et al.
2009). Further to the East, destructive strike-slip earthquakes in Turkey and Iran
have been subjects of earthquake source studies using InSAR, e.g. the 1999 Izmit
(Delouis et al. 2002; Bos et al. 2004) and the 2003 Bam earthquakes (Fialko et al.
2005; Funning et al. 2005). InSAR is especially powerful for earthquake source
studies in remote regions of the world, such as Tibet, where other instrumental
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data are often non-existent, e.g. the 1997 Manyi strike-slip earthquake (Peltzer
et al. 1999; Funning et al. 2007) and the 2001 Kokoxili strike-slip earthquake
(Lasserre et al., 2005)). InSAR has also been applied to study African earthquakes, e.g. the 2006 Mozambique earthquake (Hashimoto et al., 2008) and the
Tanzania earthquake swarm (Baer et al. 2008; Biggs et al. 2009) and for investigating intraplate earthquakes in Australia (Dawson et al., 2008). This selection
shows that InSAR is applied on every continent, and that it provides important
information on the sources of many historically signicant earthquakes.
In most of the named studies and in many others that estimate earthquake
source parameters, several co-seismic interferograms are combined with other data,
mostly other geodetic data. Combining dierent data sets is valuable to better
constrain the source models (Section 1.2), but the ways data sets are combined
in terms of the weighting of the data vary greatly (Section 1.3). The modelling
approaches that are used in geodetic source studies are also diverse. As a result,
source models for the same earthquake can dier. For instance, three source models exist for the 2007 MW 8.1 Pisco earthquake exist (Pritchard & Fielding 2008;
Motagh et al. 2008; Biggs et al. 2009) and all three models dier to a certain
extent from each another. It remains unclear where the dierences in the source
models might come from and whether or not they are signicant, since in none of
these three source studies model uncertainties have been estimated.
Model dierences can evolve in several stages of the source modelling: in the
data implementation, model parameterisation and the optimization. I believe
that the optimization performance is checked carefully in most cases, even when
dierent algorithms are used. The model parameterisation, or forward model
formulation, I think should be freely chosen as it is a constantly developing part of
geodetic source modelling. However, I think that the data implementation could
be treated more strictly. InSAR data, as well as all other measurements, are
aected by errors. These data errors should be considered in the data analysis and
in the presentation and discussion of results as it is common elsewhere in science.
However, the errors in InSAR data are entirely neglected or half-heartedly treated
in most studies.
The objective of this thesis is to show that there are practical ways to empirically estimate the correlated data error in InSAR data and to calculate the full
data covariance matrix in order to enable meaningful data weighting in combined
data sets. Furthermore, we propagate the empirically estimated data errors in the
modelling. On the basis of the data error estimations we then also assess what
8
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constraints the used data can provide on the model parameters and what are the
model uncertainties due to data errors.
In the following sections I address the main objectives of my thesis in more
detail. I introduce the topic of estimating InSAR data errors in the next chapter,
before I draw some implications on the combination of data sets and the data
weighting in the Sections 1.2 and 1.3. Then, I give an overview on model uncertainties estimations in Section 1.4. In the last chapter of the introduction I outline
the structure of the thesis.

1.1 Estimation of InSAR Data Errors
InSAR data errors arise from many dierent sources. Firstly, the radar instrument
itself is a source of noise. Secondly, data errors emerge on the wave path through
the atmosphere and at the reecting surface (Hanssen, 2001). In particular, water
vapour in the atmosphere inuences the wave speed and causes spatially correlated
data errors that depend on the conditions of the troposphere at the time of observation. The values of these atmospheric data errors therefore vary strongly with
humidity (Zebker et al. 1997; Hanssen 2001; Tarayre et al. 1996). Further, the
concentration of water vapour changes due to turbulent atmospheric mass movements (Hanssen, 2001) and sometimes also signicantly with height (e.g. Delacourt

et al. 1998; Hanssen 2001; Cavalié et al. 2007).
In the more general case, the atmospheric data error is mainly caused by a
turbulent and fast-changing atmosphere. Therefore, the error characteristics are
individual for each interferogram and need to be estimated in the interferograms
themselves. Hanssen (2001) gave a fundamental description how the atmospheric
data error can be described with random functions and how the error covariance
can be empirically estimated by using Fourier transforms. These techniques have
been used in several studies, e.g. in Wright et al. (2003), Parsons et al. (2006)
and Nissen et al. (2007). Also, Lohman et al. (2005) report the estimation of
InSAR data error covariances by calculating the autocorrelation and the data
error variance in data windows of dierent sizes. These studies show that it is
possible to evaluate the data error structure in the interferograms and to estimate
full data error variance and covariance functions. Yet, the application of the error
estimation techniques seems to be limited to a small circle of authors active in
geodetic source modelling. Most authors simply neglect data errors or use formal
data errors, stating that InSAR data errors are not well constrained (e.g. Pritchard
9
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et al. 2002 and Motagh et al. 2008).

The estimates of InSAR data error are crucial for consistently weighting InSAR
data points with respect to each other and within combined data sets (Section
1.3). At the same time, we can use the error statistics for the estimation of model
parameter uncertainties due to data error (Section 1.4).
In this thesis, it is shown how to apply geostatistical approaches to calculate
semi-variograms and covariograms of the InSAR data error. This is a robust technique, and it works without transforming interferometric phases into the spectral
domain and perhaps supports a wider use of empirical data error estimates in
InSAR data analyses.

1.2 Combining Independent Geodetic Data Sets
Independent data sets that are combined in earthquake source studies complement
and/or densify the measurements. In earthquake source modelling, they may also
image dierent parts of the model space or their combination helps to suppress the
inuence of data errors in the individual data sets on the model results. In geodetic source studies, it is particularly important to measure the three-dimensional
surface deformation eld by combining independent InSAR data, azimuth oset
measurements and GPS data. Otherwise, some model parameters might not be
constrained well enough by the data, and the resultant model uncertainty possibly
causes signicant model parameter trade-os.
Surface deformation measurements from an interferogram provide a projection
of three-dimensional surface displacement in the line-of-sight of the SAR instrument. It is possible, however, to reconstruct all three dimensions of the surface
displacement eld by using SAR data recorded from dierent look directions as
shown by Fialko et al. (2001). They used interferograms viewed from ascending
and descending orbits, as well as azimuth osets measurements (Michel, 1999),
to analyse the 1999 Hector Mine earthquake. A good agreement of the derived
surface displacement vectors with GPS data was found.
Wright et al. (2004) show that the use of limited data, or data providing only
one dimension of the surface displacement, can cause severe model parameter
trade-os in source modelling. For InSAR in particular, the synthetic example of
Wright et al. (2004) shows the improvement of model accuracy already through
the simultaneous use of ascending and descending InSAR data. Also benecial
for InSAR source studies is the complementation with GPS data that point-wise
10
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provide the full displacement vector eld. Furthermore, azimuth osets are used.
These measurements are often less accurate than InSAR and GPS (Fialko et al.
2001; Jónsson et al. 2002; Funning et al. 2005), but provide useful information
about horizontal movements in the near eld of an earthquake rupture. For source
studies on the 1999 Hector Mine earthquake (e.g. Simons et al. 2002 and Jónsson et al. 2002) and the 2003 Bam earthquake (Funning et al. 2005; Wang et
al. 2004; Motagh et al. 2006; Peyret et al. 2007) ascending and descending InSAR data were combined with azimuth osets, and complemented by GPS in the
rst case and levelling data in the latter. Geodetic data archives are not always
fully exploited, however, and model parameter trade-os may consequently cause
unnecessary large bias in the nal fault models.
In my studies I address these eects in an earthquake source re-investigation of
the 2000 Kleifarvatn earthquake in Iceland by using additional data with respect
to two earlier geodetic source studies. In a rst study, I show that the model
precision improves signicantly when using more data. In my second study, I
combine L-band (radar wavelength 23.5 cm) data from the JERS satellite and Cband (radar wavelength 5.6 cm) data from ERS, a rare combination. Through this
combination I increase the data coverage and in some areas the data density, and I
also obtain further data from a dierent look angle. In particular, in the near-eld
the additional L-band information helped to constrain the shallow fault slip.

1.3 Data Weighting
InSAR data errors are individual for each interferogram (Section 1.1). Therefore, in a combination of independent geodetic data sets, some data sets will have
smaller data errors than others. For modelling purposes, I desire data weightings
in favour of data sets aected relatively little by data error, because this potentially reduces the model bias. Looking at the selection of studies mentioned in
the beginning, we nd that the ways the independent data sets are combined or
weighted dier strongly between the geodetic source studies or at least between
dierent research groups. Apart from equal data weights (sometimes also referred
to as "not weighted"), two weighting strategies are generally pursued: Either the
independent data sets are weighted with respect to the model results or with respect to the data error. In the rst strategy, independent data sets (e.g. InSAR,
GPS, azimuth osets, or levelling data) are balanced in a way that the model explains each data set similarly well (e.g. in Simons et al. (2002), Price & Bürgmann
11
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(2002), Peyret et al. (2007)).

This approach usually involves test runs to nd

weight factors that balance the data sets in the modelling; the data quality is not
considered. In the second strategy, the data weights are based on the data error
covariance matrix (e.g. Jónsson et al. (2002); Árnadóttir et al. (2004); Motagh et

al. (2006)), which is more impartial and transparent than the rst strategy, since
the weights are assigned prior to any modelling and independent of the model
parameterisation.
The data error covariance matrix characterises the variances of data points and
the covariances between them. However, there are covariance matrices calculated
from either formal uncorrelated data errors, that is an expected InSAR data error
about 10 mm or more (Zebker et al., 1997), e.g. used in (Árnadóttir et al., 2004)
and in (Motagh et al., 2006), or from empirically estimated data error variances and
sometimes also covariances. Formal data errors are not an adequate description for
InSAR data errors (Hanssen, 2001). The strong variability of InSAR data errors
caused by variable atmospheric inuences and interferometric phase decorrelation
was recognised and discussed early on, e.g. by Zebker et al. (1997) and Tarayre et

al. (1996). Ignoring the correlation of InSAR data errors in covariance matrices is
not correct either (Hanssen, 2001). The reason for this variety of used covariance
matrices seems to be that the estimation of the correlated InSAR data error, the
error variance and covariance, is not simple (e.g. Pritchard et al. 2002 and Motagh

et al. 2008).
In this study, we outline a practical procedure to estimate InSAR data error
statistics (Section 1.1) from which the full data covariance matrix can be derived.
Furthermore, we describe how the data error covariance is correctly propagated
through InSAR data post-processing steps, e.g. in data subsampling.

1.4 Propagating Data Errors to Model Uncertainties
In the literature we nd that source models of particular earthquakes dier from
one another not only for the 2007 Pisco earthquake (Pritchard & Fielding 2008;
Motagh et al. 2008; Biggs et al. 2009) but also for several other independentlystudied earthquakes, e.g for the 1999 Hector Mine and the 2003 Bam earthquakes.
This model diversity is a known problem in earthquake source research, and there
are several possible reasons for these dierences. Model uncertainties can arise
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from limited and/or erroneous data causing model bias. Also, model assumptions
or forward model formulations may be invalid or insucient to describe the natural
process. Furthermore, it is possible that implemented optimization algorithms fail
in nding the optimum solution.
How large these inuences could be is illustrated by Mai

blind-test

et al.

(2007) in a

on seismological source studies. They set up a synthetic source model,

simulated data that were modied with synthetic data errors and provided these
data to independent research teams for source modelling.

The returned source

models, each estimated using the individually preferred methods of each team,
diered more or less strongly from the original input model and also from one
another with an unexpectedly large variance.

This blind-test shows intriguing

evidence that the model parameter uncertainties must be considerably large. So
far, a similar test has not been conducted for geodetic source models, but it is
obvious that a similar problem exists already from the variance of real earthquake
source models.
A true comparison of earthquake source models based only on the optimum
model parameters is not possible.

Without estimates of the model parameter

condences, we can not tell if dierences in the model parameters are signicant
or if the data allow for ambiguous source models.

Realistic model parameter

uncertainty estimates are crucial and actually are a part of the model itself, which
is not fully characterised otherwise.
In this study, we focus on the impact of data errors on the model results. An
established way to estimate the model uncertainties arising from data errors in nonlinear problems is the repeated optimization or inversion of the data modied with
synthetic data error (Wright

et al.

1999; Wright

et al.

2003). From the distribution

of source model parameters, the inuence of data errors on the model parameters
can be estimated, as can the precision of the optimization. As Lohman & Simons
(2005) show in a model sensitivity test, it is hereby particularly important to take
the data error correlation into account when aiming at realistic model parameter
condence bounds.

1.5 Thesis Outline
This thesis is divided into three main parts. In Chapter 2, I give an introduction
to geodetic fault modelling with a special focus on InSAR data.

It provides an

introduction to InSAR technique for measuring the surface deformation and a
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process ow description of earthquake source modelling. In Chapters 3 and 4,
is the principal part of the thesis research, which concerns two case studies on
earthquake sources. First, I studied the source of the 2000 Kleifarvatn earthquake
in Iceland with a combination of ascending and descending InSAR and GPS data,
and provided an improved source model for this moderately sized earthquake close
to the Icelandic capital Reykjavík (Chapter 3). In this study, I show how to apply
geostatistical approaches for estimations of the spatially correlated InSAR data
errors. I also show how the full data error covariance matrix was propagated to
data weights. Additionally, I used the error statistics to derive synthetic error
realizations and error-modied data to asses the model parameter uncertainties
in repeated optimizations. I nally compare my source modelling to the earlier
studies to show how additional data improve the model and how data weights
inuence the model results.
The methods for data combination I used and tested in the Kleifarvatn case
study are then applied in the next source study on the large and complex M7.2
Zirkuh earthquake in Iran (Chapter 4). This earthquake ruptured 125 km of
the surface in 1997 and had only been studied to a limited extent before. With
the use of four interferograms from two dierent satellites, C-band and L-band,
we estimated the rst complex source model of this earthquake. I improved the
data coverage, especially in the near-eld of the fault, through the combination
of InSAR data from C-band with L-band data. This allowed me to model the
long and segmented fault associated with the Zirkuh earthquake with a similarly
segmented fault model.
Then, the main ndings are summarised in the thesis conclusion (Chapter 5)
and I outline the potential of future work on the objectives of my thesis as I see it
in a nal outlook (Chapter 6).
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Chapter 2
Introduction to Geodetic Modelling
of Earthquake Sources
Geodetic modelling of earthquake sources involves the estimation of earthquake
source parameters by using measurements of the static coseismic surface displacement. Earthquake source modelling can be structured in about ve major parts:
data processing, data error analysis, model set-up, modelling and uncertainty estimation of the model parameters. In this chapter, I describe the common procedures to build a basis for their application to the two case studies of Chapter 3 and
Chapter 4. Section 2.1 has two main parts. The rst part deals with SAR data,
processing from raw data to interferograms and with the measurement of surface
displacements using InSAR. The second part describes the sources and characteristics of InSAR data errors (Section 2.1.4) and how the InSAR data errors
are empirically estimated in my studies (Section 2.1.5). In the following sections
(Section 2.2 to 2.4) I provide a background on several earthquake source modelling
aspects, such as data weighting, forward model formulation and optimization, with
a focus on the methods I applied in the case studies. I introduce in Section 2.5 the
estimation of model parameter uncertainties related to data errors, before I give a
brief summary in Section 2.6.

2.1 Measuring Surface Deformation from Space
At the moment, the main geodetic techniques used to measure surface deformation
caused by earthquakes are the space-based geodetic techniques InSAR and GPS.
Both techniques allow us to precisely measure small deformations across extended
15
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Figure 2.1:

Sketch of space-born SAR sensors (a) in the sensor-surface geometry and (b) in
near-polar orbit.

areas. The application of InSAR is usually restricted to places with a relatively
stable surface, e.g. limited vegetation, and moderate topography. But one of
the big advantages of InSAR is that no instruments are required on the ground
apart from the satellite downlink facilities, which receive the data recorded by the
satellite.
With InSAR we measure the phase dierence between two SAR acquisitions
over a common area. From the radar wavelengths and the relative phase changes,
we can calculate the corresponding distance change between a ground point and
the sensor, the line-of-sight (LOS) displacement. The measured displacement is
therefore only a one-dimensional projection of the three dimensional displacement
eld (Fig. 2.1a). In contrast to point-wise GPS observations, however, we retrieve
in interferograms a two-dimensional image of the deformed area. When combining
interferograms from two dierent look directions, i.e. ascending and descending
track (Fig. 2.1b), we obtain two dierent vectors of the surface displacement.
InSAR data, one-dimensional projection of the surface displacement with twodimensional spatial coverage, and GPS data, point-wise three-dimensional displacements, therefore complement each other. Sometimes, InSAR is also combined with calculations of so-called azimuth osets. This technique measures the
dierences in the location of reectors parallel to the SAR sensor ight direction,
which can be directly related to horizontal ground motion (Michel, 1999). If one
combines these data sets, InSAR data from dierent look directions and azimuth
oset measurements, it is possible to reconstruct the three-dimensional surface
displacement (Fialko et al. 2001; Simons et al. 2002).

16
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2.1.1 SAR and Conditions for SAR Interferometry
SAR antennas alternately transmit focused radar wave pulses towards the ground
and receive the reected waves. Only a small fraction of the transmitted signal
returns to the instrument while the other part is spread, refracted and reected o
the path between the radar instrument and the ground point. The returning radar
waves are recorded as a time series, in which the reections from many dierent
areas on the ground arrive close in time and therefore are superposed. To obtain
a SAR image, the complex-valued time series, or SAR raw data, need to be split
up and sorted. We sort the signals by their arrival times, which correspond to
the distance between the instrument and the reector on the ground ( range ) and
by their Doppler frequency, which gives the reector position parallel to the ight
direction (azimuth ) (Fig. 2.1a).
Range and azimuth are the radar coordinates and spanned by SAR images.
Both are given in meters. Distances in azimuth direction are closely related to
distances on the ground, while the relation between distances in range and corresponding distances on the ground depend on the radar wave incidence angle and
the topography. The minimum area on the ground that is resolvable with SAR,
the resolution cell, depends on instrument specications. The azimuthal resolution
depends only on the radar antenna length (Raney , 1998) and the range resolution
on the radar pulse bandwidth (Hanssen, 2001). The size of the resolution cell for
ERS sensors is about 10 m in range direction ( ˜ 25 m in ground range) about 5
meters in azimuth direction (Fig. 2.2). These values are similar for JERS-1 SAR
images since many JERS-1 instrument characteristics are similar to ERS.
The pixels of a SAR image have no strict relationship to the resolution cell as
their size is controlled by image processing parameters of the radar time series,
but usually is the pixel size in SLC images similar to the size of the resolution cell.
The complex value of a SLC pixel is:
s = A · eiϕ .

(2.1)

with the phase value ϕ being the mean phase of many reections from the ground
and A, their combined amplitude (Fig. 2.2).
The relation between range and distance on the ground is distorted by topography. Signals from extended mountain anks facing towards the sensor may arrive
very close in time, because of reectors in a similar range. This is called foreshortening (Fig. 2.2). If the topographic gradients towards the sensor are large enough
17
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Figure 2.2: ERS-2 SAR backscat-

ter intensity image acquired over Iran
on 24 May 1996. The scene center is approximately at 33.02◦ N and
60.35◦ W. Features appear stretched in
full-resolution images because the resolution in azimuth direction is four
times that of the range direction. Areas with higher backscatter intensity
appear brighter in the images and are
often showing topographic relief facing towards the sensor. Very high
backscatter intensities can point to the
occurence of layover.

&
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with respect to the incidence angle of the radar wave (steep slope and steep incidence), mountaintops can even have a smaller range than their anks and appear
toppled in SAR images. This is called
(Fig. 2.2). In areas of layover, the
relationship between range and distance on the ground is ambiguous and therefore
we can not use these phase data. We use digital elevation models (DEM) to detect
and to mask out these regions later on. Surfaces that face away from the radar
instrument appear as stretched and dark areas in SAR images, and steep slopes
with similar orientation may be out of reach for the radar waves. We call areas
not illuminated by radar waves
.
For interferometry, the average phase within a resolution cell needs to be conserved between the SAR acquisitions that are combined to form interferograms.
There are two main eects that cause the average phase to change randomly. The
rst is if the conguration between sensor and ground changes, e.g. the position of
the instrument. The second is if the surface's reection characteristics change, e.g.
through farming on elds, moving rocks, snow cover and vegetation in general.
In the rst case, the incidence angle of the radar wave on the ground changes
with the instrument position, which is altering the ground reection characteristics
and therefore results in changes of the average phase (Zebker & Villasenor 1992;
Hanssen 2001). We call this eect
(Fig. 2.3a,b) and it
increases with growing dierence of the radar wave incidence angles. Therefore,
geometrical decorrelation is mainly controlled by the perpendicular baseline B⊥
between the two sensor orbits (Fig. 2.3a). From a geometric point of view one
can calculate the
, above which on the coherence of phase in interferograms is lost. The critical baseline depends on the sensor wavelength and is
around 1000 m for ERS C-band sensors ( λ=5.6 cm) or several thousands of meters
for L-band sensors (λ=23.5 cm) like JERS-1 (Zebker & Villasenor, 1992). Because
of topography, the phase coherence is lost already for much shorter baselines.
In the second case, decorrelation occurs due to changes on the ground (Fig. 2.3c).
Such eects generally become stronger with time, but depend strongly on the individual surface properties. This progressive decorrelation is called
, and the time spanned by an interferogram is accordingly called the
(Bt). Interferometry is not possible for every SAR image pair even with
a similar view point, because of temporal and geometric phase decorrelation.
Another limitating factor exists for displacement measurements using InSAR.
It is not possible to measure surface deformation gradients that cause phase shifts
exceeding half the radar wavelength between two pixels. Such phase gradients are
layover

shadow zones

geometrical decorrelation

critical baseline

temporal decorre-

lation

temporal

baseline
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insuciently sampled (Hanssen, 2001) to be unambiguously determined.

2.1.2 Forming Interferograms
To measure the phase dierence between two ground reections, we need to ensure that the phase information of certain ground points is located at the same
position in the SAR images that are to combined to form an interferogram. In the
independently formed SAR images this is usually not the case, because dierent
orbit heights and east-west location of the sensors during the acquisition cause
small time shifts of the reections that therefore will have dierent positions in
each SAR image. Therefore, before their combination, the SAR images need to be

coregistered

to equal range and azimuth coordinates of the reections (Fig. 2.3d,e).

An interferogram is formed through the complex multiplication of all pixels

s

in image 1 and image 2:

s1 · s∗2 = A1 · A2 · ei(ϕ1 −ϕ2 ) = A · eiΔϕ,
with

Δϕ

being the

interferometric

phase.

(2.2)

If the requirements for interferometry

are fullled in the raw interferogram (Fig. 2.3f ) then we will obtain, at least partly,
a spatially coherent interferometric phase signal
only principal values between -

π

and

π.

Δϕ.

They are

changes in interferograms that add up to more than
cycles, the

fringes

The phase dierences have

wrapped.

2π

Therefore, phase

appear as repeated phase

(Fig. 2.3f ).

Dierent orbit heights and east-west locations of the sensors during the acquisition also introduce specic eects on the interferometric phase

Δϕ.

In interfero-

grams with non-zero baselines, phase gradients occur across the image, also called

orbital ramps,
Fig. 2.4d).

together with phase shifts related to the topography (Fig. 2.3f and

The phase gradient, or

orbital phase Δϕorb ,

can be estimated using

the sensor orbit information and then removed from the interferogram.
retrieve the

Δϕtopo

attened

We thus

interferogram (Fig. 2.4e). The remaining topographic phase

is controlled by the perpendicular baseline of the sensors and the elevation

of the ground and can either be used to derive a DEM (Zebker & Goldstein, 1986)
or we can simulate the topographic phase

Δϕtopo

(Fig. 2.4c) using an existing

DEM and subtract it from the attened interferogram (

Δϕdif f = Δϕ − Δϕorb − Δϕtopo ,
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Figure 2.3:

Interferometric geometry and interferogram formation.

a) Denition of orbital

baseline, the parallel ( B ) and perpendicular baseline ( B⊥ ). b) Illustration of single reections
in a ground resolution cell, that add up to mean phase and cummulative amplitude for two
acquisition geometries.

c) Illustration of phase decorrelation due to internal changes of the

reecting surface within a resolution cell. d) Intensity SAR image that corresponds to the SLC
image in Fig. 2.2 to which a multilook in azimut of 5 pixels was applied so that approximately
squared pixels are formed. e) ERS-2 SAR image in the same geometry as in d) but acquired on
the 9 of November 1998. This SAR image is already co-registered to the SAR image in d). f )
Raw interferogram of the SAR image pair in d) and e). There is a high rate of repeated phase
cycles (fringes) in range direction across the entire interferogram. This orbital phase ramp is due
to the slightly dierent look directions during the two SAR acquisitions. Distortions of these
orbital fringes from a linear shape are due to topography and/or surface deformation. In the
lower right part of the interferogram severe phase decorrelation occurs.
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with Δϕdif f being the dierential phase. Such dierential interferograms (Fig. 2.4f)
are used to measure surface displacements.
The quality of the dierential interferogram, the interferogram after attening
and topographic phase removal, depends on the accuracy of the orbit information
and on the quality of the DEM. Incorrect orbits cause residual orbital ramps in
the interferograms and phase errors introduced by DEM errors become larger for
larger baselines.
Phase shifts due to phase decorrelation, geometric or temporal, have random
values and the spatial phase coherence can get lost. We can eciently reduce
the noise power through multilooking and ltering (Fig. 2.5). Multilooking is the
resampling of interferograms to a lower resolution by certain factors in azimuth
and range. For the combination of pixels, we calculate the complex mean, where
the mean phase is a weighted average of single phase values by the corresponding
amplitudes (Hanssen, 2001). In that way, stronger ground reections dominate
over weaker reections and decorrelation errors become suppressed (Fig. 2.5b).
The factors for multilooking are often chosen to balance the resolution that is
needed and the signal-to noise-ratio. Since the resolution in azimuth direction is
often higher than in range direction, multilooking is usually applied in azimuth
direction at least in order to form approximately squared pixels.
Phase errors due to decorrelation can also be reduced through ltering. Filters
enhance the spatial correlations of the phase while reducing phase scatter. Often,
adaptive power spectral lters are used to account for the variable phase spectrum
in interferograms (Goldstein & Werner, 1998) (Fig. 2.5c). Adaptive power spectral
lters are applied on moving and overlapping square data windows in the interferogram. For each data window z (u, v) the power spectrum Z (u, v) is calculated
via Fourier transform and the corresponding lter H (u, v) is formed through
H (u, v) = |Z (u, v) |α ,

with α ∈ [0 1].

(2.4)

α is the lter exponent and by using small values for α the interferograms are only

weakly ltered, whilst values close to one lead to strong ltering.
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Figure 2.4:

Intermediate products for processing the raw interferogram to a dierential interfer-

ogram. a) SAR intensity image (see also Fig. 2.3d). b) Synthetic backscatter image corresponding
to (a) that was calculated by using a DEM. c) Synthetic topographic phase in radar coordinates
derived by using the DEM and orbit information. d) Raw interferogram and e) the attened
interferogram that is corrected for the orbital phase ramp by using orbital information. In the
upper left corner of the attened interferogram topographic phase contributions are clearly visible
and also predicted in c). f ) Dierential interferogram derived from the attened interferogram
(e) by subtracting the synthetic topographic phase (c).

Note the reduced topographic phase

contribution in the upper left corner of the dierential interferogram. Evenly yellow areas in f )
correspond to gaps in the DEM.
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Figure 2.5: Post-processing steps multilooking and ltering. a) Shows the dierential interfer-

ogram with full resolution in range and ve pixel multi-look in azimuth direction for which the
phase coherence can be improved through further multilooking. b) Shows the dierential interferogram multilooked by four pixels in range and in azimuth direction. c) Additionally ltered
interferogram using an adaptive power lter after Goldstein & Werner (1998). The lter window
size is 32 pixels and it was moved with a small step size of 2 pixels. The lter exponent α here
is strong with a value of 0.9.

"
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2.1.3 Geocoding and Phase Unwrapping

Before we can analyse the surface deformation by using interferograms, we need
to transform them from the range-azimuth coordinates to ground coordinates,
e.g. to latitude and longitude or UTM coordinates. This transformation is called
geocoding or georeferencing. To geocode SAR images, we have to nd out to
which locations on the ground the interferogram pixels belong. The relationship
between radar coordinates and position on the ground varies across the image
because of the topography and therefore we need to determine the transformation
pixel-wise. The local wave incidence varies due to topography, thus inuencing
the pixel amplitude in SAR images. These backscatter characteristics produce
recognizable brighter features, as in foreshortening (Fig. 2.2), or darker areas in the
SAR images, that can be roughly simulated by using a DEM and the information
about instrument position (Fig. 2.4b). The simulated SAR amplitude image then
can be coregistered to the real SAR image (Fig. 2.4a,b), which provides the precise
relationship between radar and ground coordinates.
Geocoding is a data processing step that involves resampling and pixel interpolation of the interferogram to the DEM grid (Fig. 2.6a,b). The accuracy of
geocoding depends on the DEM accuracy. Therefore, geocoding is often applied
late in the processing. Sometimes, when the topography causes visible distortion
of the dierential phase, it can be helpful to geocode the interferogram before
phase unwrapping, which requires spatially smooth phase changes.
The dierential phase Δϕdif f in interferograms is wrapped to the principal
phase values between -π and π. We unwrap the interferometric phase by integrating over coherent phase cycles in the two image dimensions (Fig. 2.6c). The
underlying concept of unwrapping is a smoothness criterion, which states that the
phase changes from one pixel to the next are less than half a cycle (Chen & Zebker,
2001). In noisy parts of the image, unwrapping errors in form of phase jumps may
be introduced, which are easy to detect in many cases. Unwrapping errors as well
as non-coherent parts of the image are masked out for the data analysis.
From the unwrapped phase φ and radar wave frequency f , we calculate the
LOS displacement d:
d=−

φ
· c,
4πf

(2.5)

with c being the wave velocity.
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a)

Filtered interferogram

Geocoded interferogram

b)

Unwrapped interferogram

c)

LOS

LOS displacement [m]

Figure 2.6: Geocoding and unwrapping of interferograms. a) The ltered interferogram

(Fig. 2.5c) is geocoded to UTM coordinates (b) before phase unwrapping (c). The area of
the ltered interferogram in a) is marked with a black box. White areas in c) are related to data
gaps in the DEM or to areas of incoherent interferometric phase that could not be unwrapped.

$
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Figure 2.7: Unwrapped and geocoded ERS-2 interferogram of a non-deforming area in East Iran
(ascending track 70, image center at 32.2 ◦ N 60.3◦ W, acquisition dates: 30 March 1996 and 22
August 1998). At places of severe phase decorrelation, phase unwrapping is not possible (white
areas). Close to these data gaps, signicant phase decorrelation causes the interferogram to look
noisy (grey ellipses). At some places, small areas with a common phase step can be distinguished
that show small unwrapping errors (grey arrows). Over wide parts of the interferogram, the
phase values are smoothly varying due to atmospheric phase delays that are mapped into surface
displacement (white ellipse).

2.1.4 Interferogram Errors

A major error source in interferograms is phase decorrelation (Section 2.1.1). These
data errors are not spatially correlated and they depend strongly on the surface
conditions (Section 2.1.1 and Fig. 2.7). Small unwrapping errors are also not
spatially correlated. They often occur in areas aected by phase decorrelation
(Fig. 2.7). Beside phase decorrelation and unwrapping errors, we nd smoothly
varying phase shifts in coherent areas of the interferogram (Fig. 2.7). Disregarding
orbital errors, these phase shifts between the two SAR acquisitions correspond to
dierent time delays of the radar waves by either changes of the path length or
changes of the wave speed due to atmospheric variations. Atmospheric time delays
are data errors in surface deformation measurements, because in eq. 2.5 we relate
phase shifts directly to surface displacements under the assumption of constant
wave velocity.
The radar wave speed is inuenced by variable humidity in a turbulent at27
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mosphere. A higher concentration of water vapour slows down radar waves and
causes atmospheric time delays. These time delays thus depend on the current
atmosphere. They consequently vary on all spatial scales, and they are not always easy to distinguish from distance changes between the instrument and the
surface due to deformation (Zebker et al., 1997). The variable concentration of
water vapour in a turbulent atmosphere can often be characterised with random
functions (Hanssen, 2001). Further, in many of these cases, the atmospheric data
error is isotropic for areas about the size of interferograms. This error is also
quasi-stationary, when mean phase ramps across the image are removed (Hanssen,
2001).
Radar waves that are reected at higher altitude have smaller phase delays than
waves reected at lower altitude, because their path through humid air is shorter.
If the concentration of water vapour is dierent for the two SAR acquisitions,
the atmospheric phase delays become correlated with topography (Zebker et al.
1997; Delacourt et al. 1998). These phase shifts can be pronounced in areas with
large elevation contrasts and in more stratied atmosphere. In some studies, the
correlation between height and phase shift has been estimated and used to remove
the topography-related phase contributions (Beauducel et al. 2000; Cavalié et al.
2007; Elliot et al. 2008).
The ionosphere also exerts atmospheric inuences on the interferometric phase.
Here, charged particles cause refraction and dispersion of radar waves that become
stronger with longer radar wavelength. L-band data are therefore generally more
strongly aected by the ionosphere than C-band data. Refraction and dispersion
inuence the wave path and group velocity, and, beside phase delays, they therefore
lead to misregistrations of the reections in SAR images (Xu et al., 2004). In
azimuth direction, the combination of wave path eects due to refraction and phase
shifts in the Doppler frequency causes short-period undulations of the azimuth
osets (Chapin et al. 2006; Xu et al. 2004). Such short-period azimuth osets
between SAR images may remain signicant after the image coregistration that
means after the correction of common and long-period azimuth and range osets.
Even subpixel-sized osets can cause a loss of coherence of the interferometric
phase (Meyer & Jeremy, 2008).
InSAR data errors may be introduced in the image processing as well. The orbital information can be inaccurate. This introduces slow phase trends across the
image (orbital phase errors ), because phase eects due to the sensor positions and
the curved earth surface are not entirely removed. Orbital errors can be suppressed
28
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by removing phase ramps that occur across the image. This is a valid approach
as long as the investigated surface deformations are expected to extend over much
smaller areas than spanned by the interferogram. Otherwise, for instance when
studying interseismic deformation, the observed phase ramp might be a superposition of orbital phase and long-period deformation. Here, the removal of a phase
ramp may also take away parts of the deformation signal (Jónsson, 2008). Further,
the topographic phase that is removed in dierential interferometry (Section 2.1.2)
can transfer DEM-related errors into the interferogram.

2.1.5 Estimation of Data Errors in Interferograms
To account for the data quality in the modelling by data weighting (Section 2.2),
we need to quantify the data error structure. Atmospheric data errors that arise
from phase delays in turbulent atmosphere can be described as correlated random
functions (Hanssen, 2001). The water vapour concentration that is aected by
turbulences in the air follows power laws (Hanssen, 2001). This implies that similar
characteristics can be found for the total phase delays of radar waves that traveled
through the atmosphere twice. If we assume further that the data error is quasistationary within the interferograms and also isotropic, the data error can be fully
described with a variance and a covariance that depend only on distance.
We apply a geostatistical approach to analyse the data error in parts of the
interferogram, where no deformation is expected or visible (Fig. 2.7), and use sample semi-variograms and covariograms as estimators of the data error variance and
covariance, respectively (Chilés & Delner, 1999). We form these semi-variograms
γ̂(h) and covariograms Ĉ(h) by sampling many point pairs with dierent distances
h from each other and in random directions (Fig. 2.8a). Then, for each point pair,
the variance and covariance are calculated and sorted, as well as averaged in chosen
distance bins hc :
γ̂(hc ) =

1
2N

1
Ĉ(hc ) =
2N

with

N


[d (ri ) − d (si )]2 ,

(2.6)

d (ri ) · d (si ),

(2.7)

i=1
ri −si hc
N

i=1
ri −si hc

N being the number of data-point pairs at locations

ri and si in the image
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Figure 2.8:

InSAR data error estimation. a) Unwrapped and geocoded interferogram (see also

Fig. 2.7) with the illustration of the random point pair sampling (black lines) spanning dierent
distances and random directions. b) Sample semi-variogram (black dots) of the interferogram in
a) and the corresponding variance estimate of the correlated data error (grey line). c) Sample
covariogram (black dots), the covariance function that was tted to the samples (black line) and
the estimated error variance (grey line).
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and depending only on the distance hc  ri − si  (Fig. 2.8b).
The variogram values increase with distance, but they usually saturate at longer
distances and form a sill. The level of the sill provides an estimate of the variance of the correlated data error (Chilés & Delner, 1999). The variance characterizes mainly the spatially uncorrelated phase decorrelation (and small unwrapping errors), whilst the covariogram shows the characteristics of the almost purely
spatially correlated atmospheric data error. We retrieve a continuous covariance
function (Fig. 2.8c) through tting of positive-denite function types to the sample covariogram (Chilés & Delner, 1999), e.g. an exponential decay of the type

b · e −h/a or an exponential decay complemented by a cosine term, b · e −h/a ·cos( hc ).
Another commonly used way to estimate the data error covariance is the calculation of amplitude Fourier spectra in non-deforming parts of interferograms
(Hanssen, 2001). The amplitude Fourier spectra are calculated from spatial data
series along lines with dierent azimuth that are unied in length and cleared
of any data gaps by zero-padding before transformed into spectral domain where
they are averaged. Hanssen (2001) found that the spectral shape of InSAR data
errors is similar in many interferograms. He dened three regimes of spatial frequencies k in the spectra that show common spectral decays in amplitude of k −5/3
for spatial frequencies below 0.5 km −1 (distances larger than 2 km), k −8/3 between
0.5 and 2 km−1 (2 to 0.5 km) and k −2/3 between 2 and 100 km −1 (500 to 10 m).
The spectral decay in these regimes is in agreement with atmospheric turbulence
theory and they are relatively stable under dierent weather conditions. Usually, only the absolute spectral amplitudes vary (Hanssen, 2001). Hanssen (2001)
suggests to t the spectral decays to empirical amplitude Fourier spectra and to
calculate the inverse of the found function, which is then an estimate of the data
error covariance.
The use of the geostatistical approach has the advantage that all calculations
remain in the spatial domain and that no artefacts are introduced by Fourier and
inverse Fourier transformations, which can arise from zero-padding in particular
(Percival & Walden, 1993). Through this approach, data gaps and irregularly
shaped estimation areas are unproblematic, since we sample point pairs instead of
data series. We ensure positive deniteness of the empirical covariance functions
with positive denite function types that we t to the covariograms (Chilés &
Delner, 1999).
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2.2 Data Weighting and Subsampling
The concept of data weighting in data analysis is to reduce the inuence or weight
of points that are more aected by data errors than others. The data error covariance is a quantitative measure of the data error that allows for comparison of
independent data sets. Data weights that are based on the data error covariance
function are therefore consistent within and across individual measurements as independent InSAR data sets and/or GPS. From the data error covariance functions
(Section 2.1.5), we calculate the data error variance-covariance matrix Σ, which
gives the variance of each data point on its diagonal and the covariance for each
possible point pair. The data are weighted in inverse proportion to the error with
the weighting matrix R:
R=

√

Σ−1 .

(2.8)

To fully construct the variance-covariance matrix Σ and the data weighting
matrix 4 for a full-resolution InSAR data set would be a huge computational
task, since it would have several million lines and columns. Subsampling of the
full-resolution deformation data is therefore important. Usually, the surface deformation from shallow earthquakes varies smoothly in most parts of the interferogram and therefore allows for further data reduction without losing important
information.
I use quadtree subsampling (Jónsson et al. 2002; Welstead 1999; Section 3.4.3),
which is an irregular 'subsampler' so that the number of pixels combined to one
data point varies (Fig. 2.9). Quadtree subsampling groups the data points of interferograms in squared areas (quadtree squares ) within which an arbitrary variance
threshold is not exceeded. The value of a quadtree square is the mean value of
the combined pixel values and is assigned to the mean location of the combined
pixels (Fig. 2.9g). The density of the newly formed points in quadtree subsampling
depends on the spatial variability of the phase. In places of large phase gradients,
the sampling is more dense than in image parts with long-period phase changes.
This ensures that the surface deformation pattern is eciently subsampled whilst
also preserving small-scale phase changes (Fig. 2.9). Naturally, the highest data
density occurs in the near-eld of the fault, because here the signal variability
is usually the highest, and it decreases further away (Fig. 2.9). Lohman et al.
(2005) show the importance and inuence of the near-eld data point number on
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Figure 2.9: Quadtree subsampling and relative data weight in irregularly subsampled data. a)

The unwrapped interferogram consists of more than one million data points that, in subsequent
stages of the quadtree subsampling, are assigned to squared areas. In the rst stage of quadtree
subsampling the data are grouped in just four quadtree squares. In the subsequent stages,
those squares are subdivided again in four smaller quadtree squares, where the variance of the
corresponding data points exceeds an arbitrary variance threshold. (b-f) Fourth stage of quadtree
subsampling to the eighth and nal stage. g) Location of the subsampled data points (red dots),
which can divert from the center of the square if the square covers a larger area than the original
data. h) Illustration of the relative data weights in the irregularly subsampled data set.
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the modelling results. Optimal results and resolution are obtained only with a
sucient sampling in the near-eld (Lohman et al., 2005).
Quadtree subsampling averages over pixels, in contrast to some other subsampling algorithms that simply decimate the data, such as uniform subsampling or
circular subsampling (Fukushima & Cayol 2005; Delouis et al. 2002). Such averaging induces changes in the data error statistics, e.g. the data point variance
decreases and is no longer uniform within an individual data set. We calculate
the covariance matrix of the subsampled data set from the full-resolution covariance matrix as well through subsampling (see also Section 3.4.3). Subsampling
the covariance matrix means that all variances and covariances of pixels that are
combined to one quadtree square are averaged and form the diagonal of the subsampled covariance matrix. All o-diagonal values of the subsampled covariance
matrix are the average of the pixel-pair covariances belonging to the two corresponding quadtree squares.

The averaged variance, that is the variance of the

quadtree squares is reduced with respect to the full-resolution variance and is
smaller for large quadtree squares (many pixels combined) than for small quadtree
squares (few pixels combined). Accordingly, small quadtree squares have lower
weights than larger ones (Fig. 2.9h). Small quadtree squares mostly occur in the
densely sampled near-eld of the fault, where their low weight is compensated by
their large number on a small area. Conversely, the high weight of large quadtree
squares meets a low density of data points, so that the overall data weight per
area is balanced (Fig. 2.9h). In particular for irregularly subsampled data, it is
important to propagate the variance-covariance matrix by considering the data error correlation. Otherwise, the near-eld deformation that is represented by many
data points would dominate in the modelling.

2.3 Forward Model
We use a mathematical or numerical model in order to provide a constrained basis
for understanding or interpreting whatever groundmotions we measure in reality. For geodetic source modelling, the model consists of a medium representing
the earth crust, dislocation surfaces representing fault planes and the physical relationships of fault slip at the dislocation to deformation of the medium at the
surface. With such a model we then simulate the faulting process, by using arbitrary model parameters, and obtain synthetic data, e.g. surface displacements,
that we can compare with observed data. In optimizations we can search for the
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Figure 2.10: Ten model parameters of the nite dislocation model.

model parameters that best reproduce the observed data. A typical earthquake
fault model has single or combined, planar, rectangular dislocations in a homogeneous elastic half-space with uniform slip. Ten fault model parameters describe
the dislocation (Fig. 2.10): the fault dimension (width and length), the location
(two map coordinates and depth), the fault orientation (strike and dip) and the
oset on the fault (strike-slip, dip-slip and opening). The homogeneous and elastic medium is characterised by the Poisson ratio. Okada (1985) gave an analytical
description of the corresponding surface deformation that is conveniently fast to
calculate and therefore suitable for optimizations that require many simulations.
The Okada model is an approximation of what might have been the faulting
processes causing the observed surface deformation, as is any other model. Therefore, with the choice of the model, we are already dening tight boundary conditions for the results. Other forward model formulations, that are more complex
with respect to the fault model, the surface and the medium, also exist. Fukushima
& Cayol (2005) implemented triangular dislocation models that allow for continuous curved fault planes. Hence, the fault model geometry becomes more exible.
Furthermore, they introduced model surface topography. In other studies, layers with dierent elastic properties are placed on top of a homogeneous medium
(Hooper et al. 2002; Manconi et al. 2007). These model formulations account
for soft materials in the topmost layer that are commonly found in sedimentary
basins or in volcanic regions with ash deposits and are more strongly deformed
under stress changes. However, these more realistic models are mostly used in
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studies on volcano-induced deformation, where layering, complex dike structures
and pronounced topography, all appear together. Another reason for the wider use
of more complex models in volcanological studies is that the source depth is the
model parameter most sensitive to material property changes in the forward model
formulation and at the same time is one of the most important parameters in these
source studies (He et al., 2003). The model parameter bias of fault dip and slip
due to a simplied medium, like a homogeneous halfspace, is smaller (He et al.,
2003). Therefore, the Okada model is often found to be appropriate in earthquake
source modelling.

2.4 Optimization
Using the dislocation model after Okada (1985), we calculate the predicted surface
displacement
data

dobs .

dpred

and minimize the dierence between

This gives a data mist

weighting matrix

R

e.

dpred

and the observed

The data points are weighted with the

(see eq. 2.8) to account for variable InSAR data errors and

their spatial correlation:

e =



(R(dobs − dpred ))T R(dobs − dpred ).

(2.9)

We assign limits to every free model parameter. The limits can be based on physics,
e.g. there are no negative depths, or we have some a priori information, like a
rough fault location and/or seismic estimates on the earthquake mechanism. These
parameter limits dene the entity of possible models, the model space. Accordingly,
the mist space is the data mist of all possible models (eq. 2.9).
In the optimization, we search for the optimum model, e.g. that best reproduces
the observed data, in the model space. Several algorithms for non-linear problems
are proposed (Tarantola 2005; Sambridge & Mosegaard 2002) that conduct the
search of the model space in dierent ways. Direct search algorithms sample the
model space in various ways, but all calculate for each model the model mist

e

that inuences the model selection. In this thesis, I used two dierent direct

search methods that belong to the group of Monte Carlo algorithms (Sambridge
& Mosegaard, 2002): simulated annealing and an evolutionary algorithm. Monte
Carlo algorithms take samples of the model space in a randomized way. In principle, the search starts from a randomly picked model, then a number of similar

36

2.4 Optimization

models are explored and their mist is calculated. From these mist values, the
next region of exploration in the model space is drawn. The choice of the new
region for further exploration, is not strictly controlled by models with the lowest
mists, but has a random component. With this we avoid getting trapped in a
local minimum (Fig. 2.11) and this ability is the main strength of Monte Carlo
algorithms (Gershenfeld, 1999). Simulated annealing and evolutionary algorithm
dier in the way they sample the model space, with the main dierence being that
simulated annealing algorithms search the model space model by model while evolutionary algorithms work with model generations. Such model generations consist
of several models that can signicantly dier from each other, but that may have
similar mist values.
The simulated annealing algorithm I applied adapts to the implementation
reported by Cervelli et al. (2001). Here, the search of the model space starts with
a set of randomly picked models from which the best performing model is chosen
as the starting model. Form this starting model, we procede with the search.
We create new models by varying one model parameter, select a new start model
from this model ensemble and then create new models by varying another model
parameter. Hereby, the best model of the model ensemble is not always selected;
it just has the highest probability of being chosen. The loop of model creation
and selection is repeated for every model parameter and for a given number of
times. During the search, the probability of selecting the best performing models
increases, so that the search gradually changes from an exploring modus to a more
exploiting modus.
Evolutionary algorithms form model generations. From a random start population, a portion of well performing models is chosen (the rst parent generation).
A larger number of new models (the rst ospring generation) is then created by
varying and recombining the model parameters across the parent models. We then
select again a portion of the best models from the rst ospring generation as new
parents and start the cycle again.
How well the model space is explored depends on the absolute number of parents and ospring, on the parameter variance we apply in the creation of ospring
models, and on the ratio between the number of parents and ospring. With small
numbers of parents and ospring, the model space will be explored only to a limited extent. Optimization will converge fast with a high risk of running into local
mist minima. With larger numbers, the model space can be suciently sampled
such that local minima can be avoided, but the mist calculation for many models
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Figure 2.11:

Illustration of two search problems with dierent model-mist relationships (after

Gershenfeld (1999)). a) Simple search problem with a single minimum. b) heterogeneous modelmist relationship with many local minima and one clear global minimum.

slows the algorithm down. A ratio between the number of parents and ospring
close to one, as well as high model parameter variances, can prohibit convergence.
Simulated annealing works well in rough data mist spaces with many secondary minima beside a pronounced global minimum, but because at every step
it selects only one model as the new starting model, the path of simulated annealing in the model space is one-dimensional, i.e.

a line (Gershenfeld, 1999).

Simulated annealing is therefore very ecient on simpler non-linear problems. For
large model spaces (many model parameters) with a complex structure of the mist space (multi-modal parameter-mist functions) search algorithms that explore
the model space simultaneously at several places, as evolutionary algorithm, are
better suited (Gershenfeld, 1999).
The choice of an appropriate optimization algorithm and its settings for a
good performance of the optimization is usually strongly problem-dependent and
not always simple (Sambridge & Mosegaard, 2002). For less complex problems,
it may be sucient to test the stability of the optimum solution with repeated
optimizations. For more complex problems, the computation time for even single
optimizations may become too long. In such cases, an independent exploration
of the model space, for instance with importance sampling (Tarantola 2005; Sambridge & Mosegaard 2002, Sections 4.6.2 & 4.6.3), can be helpful.
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2.5 Estimation of Model Parameter Uncertainties
Arising from Data Errors
In the thesis introduction (Section 1.4) I outlined the importance of model uncertainty estimates. Here it is assumed that the model parameter uncertainties
are more controlled by the degree of data quality for constraining the model parameters and the data errors and less so by the forward model formulations. An
increasingly used method to estimate the model uncertainties arising from data
errors is the repeated optimization of the observed data modied with synthetic
error realizations (Wright

et al.,

1999). More simply put, the data are varied by

adding synthetic error realizations and for such modied data multiple optimal
model solutions are found. The variance of the retrieved model parameters then
provides a measure for the model parameter uncertainties. The idea behind this
procedure is that the individual data errors may bias the model to some extent,
which means that the optimal model possibly also tted noise apart from surface
deformation. If we add many dierent random error realizations to the observed
data and estimate new optimum models, we get a distribution of each model parameter. Whilst not compensating for the apparent data error, these distributions
show the sensitivities of the model parameters to data errors.
In practice, one rst needs to know the data error characteristics, for which
we use the variance-covariance functions that we estimated already for the data
weighting (Section 2.1.5).

These variance-covariance functions are transformed

into spectral domain by a two-dimensional Fourier transformation, where we randomise the spectral phase before transforming the spectrum back to spatial domain. In that way, we obtain random synthetic data errors with the same statistics
as the empirically estimated data error. We then subsample the synthetic data
error with the same subsampling operator that we used for the observed data, add
the observed data, and obtain error-modied data.
The statistics of two superposed error realizations (the real one and the synthetic) diers only slightly from the single variance-covariance functions so that
it is still adequate to use the data weighting matrix of the original data set. For
many error-modied data sets, we run the optimization using the same optimization settings as for the optimum source model. From the distribution of model
parameters, we can then dene 95% parameter condence bounds and parameter
correlations.
This procedure to estimate model parameter uncertainties is now commonly
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used in the research eld, but usually it is applied in linear inversions for distributed
slip models only (Funning et al. 2007; Wright et al. 2003; Baer et al. 2008). In
that way, the uncertainties in the fault model geometry are not considered. We
obtain more comprehensive uncertainty estimates when we repeat the complete
process chain with noise-modied data sets, the non-linear fault optimization and
as well as the linear inversion to a distributed slip model.
The optimization of the observed data might be very expensive itself and repeated optimization could then be unfeasible (see Section 4.6.2 & 4.6.4). In such
cases, model parameter uncertainty estimates can also be drawn from the models
visited during the optimization. This is known as ensemble inference (Sambridge
& Mosegaard, 2002). The variability of the model parameter in such a model ensemble is to some extent dependent on the particular optimization settings that
were chosen. But even if no quantitative estimates of the model parameter uncertainties are obtained, by using an ensemble inference we can detect model parameter correlations and obtain relative uncertainty estimates between the model
parameters.

2.6 Summary
This introduction on earthquake source modelling, using InSAR in particular, intended to provide a basis for the case studies. The described procedures are applied
in a similar way in the Chapters 3 and 4, and with a similar structure. I emphasized the importance of careful data processing and meaningful combination of
the data in the modelling to reach the goal of improved earthquake source models. Careful data processing can already reduce data errors. The meaningful data
combination may then help in the modelling to additionally reduce the inuence
of data errors on the model results, as I will show in the rst case study on the
Kleifarvatn earthquake in Iceland (Chapter 3)
The empirical estimation of InSAR data errors is the fundamental part for the
improved data implementation in the earthquake source modelling I present in this
thesis. Furthermore, it allows to assess the model uncertainties that may arise from
data errors. Only with such model uncertainity estimations an evaluation of the
model results is possible and constitutive studies and research are strengthened.
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Chapter 3
Improved Source Modelling through
Combined Use of InSAR and GPS
under Consideration of Correlated
Data Errors: Application to the
June 2000 Kleifarvatn Earthquake,
Iceland
Henriette Sudhaus and Sigurjón Jónsson
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H. Sudhaus & S. Jónsson (2009), Improved source modelling through combined use
of InSAR and GPS under consideration of correlated data errors: Application to
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3.1 Abstract
Simultaneous use of multiple independent data sets can improve constraints on
earthquake source-model parameters. However, the ways in which data sets have
been combined in the past are manifold and usually qualitative. In this paper we
present a method to combine geodetic data in source model estimations, which
includes characterizing the data errors and estimating realistic model-parameter
uncertainties caused by these errors. We demonstrate this method in a case study
of the June 2000 Kleifarvatn earthquake, which occurred on Reykjanes Peninsula
in Iceland. We begin by showing to what extent additional data can positively
inuence the source modelling results, by combining both GPS and descendingorbit InSAR data, which were used in two earlier studies of that event, with
InSAR data from an ascending orbit. We estimate the data error covariances
of the InSAR observations and base the data weights in our model-parameter
optimization on the corresponding data variance-covariance matrix. We also derive
multiple sets of synthetic data errors from the estimated data covariances that we
use to modify the original data to generate numerous data realizations. From
these data realizations we estimate the model-parameter uncertainties. We rst
model the Kleifarvatn earthquake as a simple uniform-slip fault and subsequently
as a fault with variable slip and rake. Our fault model matches well with the eld
observations of coseismic surface ruptures and its near-vertical dip (83 o ) agrees
with the regional faulting style as well as with aftershock locations. The two
published source models of the event, on the other hand, both dier from our
model as well as diering for one another. These studies, which were based on
the descending InSAR data alone (the rst study) and on that same data and
GPS data (the second study), both neglect correlations in the InSAR data and
do not report model-parameter uncertainties. Therefore, to compare these results
with our model, we simulate the earlier model estimation set-ups and provide
realistic estimates of the model-parameters uncertainties for these cases. We then
discuss the signicance of the dierence between the existing fault models and
demonstrate that both the inclusion of additional independent data as well as the
covariance-based data weights improve the model-parameter estimation.
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Knowledge about the reliability of earthquake source models is vital for all research
and applications making use of these models and such information should in fact
be part of the model description. Model parameter uncertainties in geodetic source
imaging arise from data errors and data incompleteness (Wright et al., 2004), from
limited knowledge and simplications about the material properties of the crust
(Masterlark, 2003), from assumptions about the forward model, and also from
the method one uses to estimate the source model (Cervelli et al., 2001). The
uncertainty contribution from each of these components is strongly case dependent,
and therefore, the overall model uncertainty has to be evaluated on a case by case
basis.
The geodetic data most extensively used in earthquake source imaging are GPS
and Interferometric Synthetic Aperture Radar (InSAR) observations. Coseismic
GPS data provide three-dimensional surface displacements at individual observation locations, but the spatial density of GPS sites is usually limited. With an
InSAR image, on the other hand, we can potentially measure the surface displacement across wide swaths with some tens of meters between single data points.
However, InSAR observations are only sensitive to change in distance along the
line-of-sight (LOS) of the radar, and thus provide only one component of the surface displacement vector. Due to the dierent viewing geometries of ascendingand descending-pass InSAR measurements, one can observe two dierent projections of the displacement vector. Wright et al. (2004) demonstrate the advantage
of simultaneously using data from both look directions in narrowing model parameter condence intervals, with respect to the use of single interferograms. Beside
InSAR and GPS data, osets between two SAR images, measured parallel to the
radar ight direction (azimuth osets), can provide valuable information about azimuthal surface movements, which is orthogonal to the line-of-sight displacement
vector imaged with InSAR. However, the applicability of this method is limited
to large surface displacements as its noise level is much higher than for standard
InSAR and GPS observations. In summary, while GPS data are spatially incomplete, they provide full three-dimensional surface displacement vectors, and while
InSAR only give a one-dimensional projection of the surface displacements, they
can provide spatially dense observations. Several authors have therefore taken advantage of these dierent data characteristics and combined the dierent data sets
in source estimations. For example, Johanson et al. (2006) combined InSAR from
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dierent look directions and GPS in their source imaging of the 2004 Parkeld
earthquake. In a study of the 1999 Hector Mine earthquake Jónsson et al. (2002)
used, in addition to GPS data, ascending and descending InSAR data, azimuth
osets for the source imaging.
The way one combines dierent geodetic data sets, such as InSAR and GPS,
can signicantly inuence the result of source model estimations. A variety of data
weighting approaches has been published, which include using no specied weights
or equal weights (e.g. Wright et al. 2003; Funning et al. 2007), arbitrary weights
for InSAR (e.g. Delouis et al. 2002; Árnadóttir et al. 2004), weights that minimize
the mist (e.g. Schmidt et al. 2005), weights that reect the area each data point
represents in subsampled InSAR data (e.g. Simons et al. 2002; Lasserre et al.
2005), weight factors based on the data error variance (e.g. Jónsson et al. 2002;
Pedersen et al. 2003), and data weights based on both the data error variance
and covariance (e.g. Lohman et al. 2005; Fukushima & Cayol 2005). Only the
last two approaches quantitatively consider the data quality of the independent
data sets, but since InSAR and GPS data exhibit correlated data errors (Hanssen,
2001), using only the variance is not an adequate description of the data errors.
Data weights that also account for the data error covariances do not only balance
the independent data sets with respect to one another, but also each single data
point consistently across the entire data set. Consistently, because the complete
representation of data errors enables the propagation of the error structure through
the dierent processing steps, such as data subsampling that commonly is carried
out for InSAR data.
The weighting based on the data errors characteristics requires an empirical
estimation of the apparent error structure. The error of GPS displacements is often
estimated from the variance of repeated measurements, which is not applicable in
case of InSAR. A few dierent methods have been used to retrieve estimates of
the auto-covariance of data errors in interferograms. Hanssen (2001) found the
characteristics of InSAR errors in many interferograms to be similar, apart from a
scale factor, and to be appropriately represented by power-law functions according
to elementary turbulence theory. In his approach only this scale factor needs to
be estimated from the interferogram. Knospe & Jónsson (2009) estimated twodimensional covariance functions for InSAR data exhibiting strong anisotropic
atmospheric errors. Lohman et al. (2005) discuss, in addition to atmospheric
errors, the contribution of decorrelation and other eects to InSAR data errors
introduced in the processing, e.g. from ltering and multi-looking. In purely
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empirical auto-covariance functions these eects are included while no assumptions
on the error origin are required.
In this paper we demonstrate the eect of combining dierent geodetic data on
source-model estimations and the corresponding model-parameter uncertainties, as
well as addressing the role of data weights. In a case study we use data from the
June 2000 Kleifarvatn earthquake in southwest Iceland. This choice is motivated
by the fact that little is known from eld and seismological data about this event
near the city of Reykjavík and that the two existing geodetic source models of this
event by Pagli et al. (2003) and Árnadóttir et al. (2004) are somewhat dierent. In
these two studies descending InSAR data alone (Pagli et al., 2003), and together
with GPS data (Árnadóttir et al., 2004), were used, resulting in two sets of model
parameters that appear to be signicantly dierent, although no model parameters
uncertainties were reported in these studies. We complement the previously published data sets by adding ascending InSAR data with the intention of improving
the source model of the Kleifarvatn earthquake. To nd appropriate weights for
the three independent data sets in the source model optimization we estimate the
data error covariances in the interferograms. From these empirical covariances we
also compute synthetic realizations of data errors and use them to estimate the
uncertainties of the optimum model parameters. We then attempt to reproduce
the two earlier source model results of the Kleifarvatn event (Pagli et al. 2003;
Árnadóttir et al. 2004) to estimate the model parameter uncertainties for these
two case studies. With these results we address several questions, such as: Are
the dierences in the source models signicant? Can we improve the Kleifarvatn
source model with the use of additional data? How do the data weights aect the
source model estimations? At last, we also present the rst variable slip and rake
model for the Kleifarvatn earthquake.

3.3 The June 2000 Kleifarvatn Earthquake
The Kleifarvatn earthquake occurred on 17 June 2000 on Reykjanes Peninsula
in southwest Iceland, about 20 km south of the city of Reykjavík (Fig. 3.1). It
ruptured a previously unknown fault east of Lake Kleifarvatn and was a part
of a seismic sequence triggered by the magnitude 6.5 Holt earthquake (Fig. 3.1),
which occurred 77 km to the east in the South Icelandic Seismic Zone (SISZ). Four
earthquakes of that sequence reached magnitudes of 5 or larger: the Second Holt
event, the Hvalhnúkur event, the Kleifarvatn event, and the Núpshlíðarháls event
45

3 Source Modelling of the 2000 Kleifarvatn earthquake, Iceland
KR

TFZ

NVZ
WVZ

error estimation

SISZ
RR

EVZ

Iceland

Reykjavik

investigation area

7060

Map of Reykjanes Peninsula showing the Kleifarvatn investigation area (solid box)
and the area where InSAR errors were estimated (dashed box) in UTM coordinates (UTM zone
27V). Shown with stars are the M∼5 earthquake epicentres of the June 2000 seismic sequence:
the main shock ('J17'), the dynamically triggered Hvalhnúkur ('H') and Kleifarvatn ('K') events
and the aftershocks: the Núpshlíðarháls event ('N'), the Second Holt event ('H2') and the June
21 main shock ('J21'). Open circles mark locations of the campaign GPS sites used in this
study. The inset shows the map location in southwest Iceland (solid box) and the main volcanic
and tectonic structures. The on-land spreading segments (black lines), the Northern (NVZ), the
Eastern (EVZ), and the Western Volcanic Zone (WVZ), are connected to the oceanic Reykjanes
Ridge (RR) and the Kolbeinsey Ridge (KR) through the southern transform zones Reykjanes
Peninsula (RP) and the South Icelandic Seismic Zone (SISZ), and the Tjörnes Fracture Zone
(TFZ) in the north (grey lines).
Figure 3.1:

(Hjaltadóttir & Vogfjörð 2005; Pagli et al. 2003; Clifton et al. 2003; Árnadóttir et

al. 2004). From the timing of the Hvalhnúkur and Kleifarvatn events, 26 sec and
30 sec after the Holt mainshock, these events are thought to have been triggered
dynamically, as the timing roughly corresponds to the shear wave travel time from
the mainshock epicentre (Antonioli et al., 2006).
The Kleifarvatn earthquake was not felt as a separate event and remained
undetected for about one year. The local seismic network recorded complex seismograms containing superimposed wave trains of three M>5 events, which, along
with an unfortunate coincidence of instrument malfunction and exceedance of the
dynamic range at stations installed on the Reykjanes Peninsula, prohibited standard seismological analysis of the data (Clifton et al.

2003; K. Vogfjörð, pers.

comm. 2007). The Kleifarvatn event was eventually discovered in ERS interferograms, when clear coseismic deformation pattern was detected in the vicinity of
Lake Kleifarvatn by Pagli et al. (2003). The surface fault rupture appears to be
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similar to the other north-south striking, right-lateral strike-slip faults on both the
Reykjanes Peninsula and in the South Icelandic Seismic Zone (Clifton & Kattenhorn 2006; Einarsson 1991).
The Kleifarvatn event has already been studied twice using geodetic data sets,
resulting in two dierent fault models, which both have rectangular planar faults
with uniform slip.

The rst model by Pagli et al. (2003) is based on a single

descending ERS interferogram, while the second model by Árnadóttir et al. (2004)
was constrained using the same descending interferogram together with campaign
GPS data. What is noteworthy about these models is their large discrepancy in
fault dip (66◦ to the east versus 78 ◦ ), as well as that both models have a shallower
fault dip to the east compared to the near-vertical (88 ◦ ) distribution of relocated
aftershocks (Hjaltadóttir & Vogfjörð, 2005) and the established understanding of
the regional faulting style (Einarsson, 1991). Other parameters of the two fault
models are similar, except that the second fault model has somewhat more strikeslip. No estimates of the model parameter uncertainties were reported for these
models, which makes it hard to judge whether or not the two fault models dier
signicantly from one another.

3.4 Data
In the source optimization we use three independent data sets. Two InSAR images
that provide spatially dense information about the line-of-sight (LOS) projection
of the surface displacement eld along both the ascending and descending imaging directions. We complement the InSAR data with the full coseismic surface
displacement vectors at eleven locations measured using GPS and provided by
Árnadóttir et al. (2004).

3.4.1 InSAR Data
At the high latitude of Iceland the ERS swaths are overlapping by

∼65%

so that

the investigation area can potentially be imaged from three parallel ascending
and another three parallel descending tracks. However, long winters, limited data
acquisitions, and large orbital baselines limit the number of good image pairs. We
formed a total of eleven coseismic interferograms; seven using ERS-2 data from
ascending tracks and four using data from descending tracks. For each viewing
geometry we chose the interferogram with the highest quality (Tab. 3.1).
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a)

Ascending

2 Sep 1999 - 17 Aug 2000

K
N

b)

Descending

2 Oct 1999 - 16 Sep 2000

K
N

phase shift [rad]

Figure 3.2: Wrapped interferograms in UTM coordinates from a ) ascending and b) descending
radar images. One colour cycle corresponds to a phase shift of 2 π or 2.83 cm displacement in
the near-vertical Line-of-Sight direction (grey arrows). The white stars mark the epicentres of
the Kleifarvatn ('K') and Núpshlíðarháls ('N') earthquakes.
"&
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Table 3.1: Processed ERS-2 interferograms. Interferogram numbers marked with
a star show clear phase shifts in the epicentral region of the Kleifarvatn event, bold
letters denote the interferograms used in the model estimation.

1
2
3
4
5*
6

7*

Pass

Track Frame Master

Slave

Asc
Asc
Asc
Asc
Asc
Asc

173
173
402
402
402
445

1999/03/27
1999/06/05
1998/08/10
1999/07/26
1999/10/04
1999/04/15

2000/06/24
2000/06/24
2000/09/18
2000/09/18
2000/09/18
2000/08/17

[m]
360
470
170
410
145
100

1998/07/04
1999/10/02

2000/07/08
2000/08/12

100 735
100 315

BT

[d]
455
385
770
420
350
490

445

1287

1999/09/02 2000/08/17 38

350

10* Desc 367

2313

1999/10/02 2000/09/16 5

350

8*
9*
11

Asc

1287
1287
1287
1287
1287
1287

B⊥

Desc 367
Desc 367

2313
2313

Desc 367 2313 2000/02/19 2000/07/08 45 140
perpendicular baseline between the orbits in meters. BT : temporal
baseline between acquisitions in days.
B⊥ :

The descending InSAR image was generated using radar scenes acquired on 2
October 1999 and 16 September 2000 and the perpendicular baseline B⊥ between
the two orbits is only 5 m (Tab. 3.1 & Fig. 3.2). The radar scenes of the ascending
interferogram were recorded on 2 September 1999 and 17 August 2000 (Tab. 3.1 &
Fig. 3.2). Despite its fairly small B⊥ (38 m) and the similar time span, the resulting
correlation of the phase signal is for some reason lower than in the descending
interferogram. We therefore multi-looked (complex-value averaged) three adjacent
pixels in the range and azimuth directions of the ascending interferogram, resulting
in less white noise, but also lower resolution. The removal of the topographic
phase and the transformation from radar to geographic coordinates (geocoding)
are based on a digital elevation model with a resolution of about 25 m. In addition,
we applied an adaptive lter (lter window size 32, lter exponent 0.8) to enhance
the signal-to-noise-ratio of the interferograms (Goldstein & Werner, 1998). Finally,
we used the snaphu software for phase unwrapping, the statistical-cost networkow unwrapping algorithm by Chen & Zebker (2001).
The dominant feature in the interferograms is the deformation signature of the
Kleifarvatn event around the lake (Fig. 3.2). In the descending interferogram we
observe positive phase shifts (range increase) east of the lake and negative phase
shifts to the south-east. The pattern in the ascending interferogram is almost anti49
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symmetric with the largest phase shifts to the west and south-west of the lake.
Such patterns are typical for a right-lateral strike-slip motion on a north-south
striking fault, as the horizontal ground displacements, combined with alternating
uplift and subsidence in the compressional and extensional quadrants around the
fault, result in weak LOS displacement signals on the side of the fault that is
farther away from the down-looking radar. Possible fault surface ruptures cannot
be observed in the InSAR data, due to the near-eld decorrelation (Fig. 3.2).
Both interferograms span time periods that include 2-3 months after the Kleifarvatn earthquake and could therefore be aected by post-seismic deformation.
Rapid poro-elastic rebound was observed after the two June mainshocks in the
SISZ (Jónsson et al., 2003) and it is not unlikely that similar rebound occurred
after the Kleifarvatn event.

Post-seismic poro-elastic deformation tends to act

against the vertical coseismic deformation in the near-eld, although its amplitude is much smaller. Therefore, if some poro-elastic deformation contaminated
the coseismic interferograms it could lead to an underestimation of shallow fault
slip in source modelling.
We attempted to measure the azimuth oset eld by estimating the point-wise
mismatch or osets between two single-look radar images. The spatially variable
osets in the azimuth direction are determined by cross-correlating small image
patches within the amplitude images (Michel, 1999). No signicant osets or clear
signs of the fault trace could be found using this method. With the maximum
expected strike-slip on the fault of about 0.7 m (Árnadóttir et al., 2004) and an
image resolution of 4.9 meters in the azimuth direction, we are trying to detect
a signal that is smaller than 15% of the resolution cell. Michel (1999) estimated
the error of such oset measurements to be somewhat lower, or around 10% of the
resolution. This, together with the unstable near-eld conditions on the ground,
implies that we are close to the limits of this technique in our case.

3.4.2 Estimating Error Statistics in InSAR Data
Errors in interferograms arise from several dierent sources.

There are noise

sources at the radar instrument itself, on the path of the radar waves, at the
reecting surface and errors can be introduced in the processing of radar records
as well (Hanssen, 2001). Beside random white noise induced by phase decorrelation, InSAR data exhibit spatially correlated errors, due to smoothly varying
atmospheric signal delays. Therefore, InSAR data errors are particular for each
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a) Ascending

d) Ascending

phase shift [m]

e) Descending

b) Descending

c)

Figure 3.3: Non-deforming parts of the a) ascending and b) descending interferograms where
the error characteristics were estimated. The areas are limited by decorrelation, obvious deformation of the surface in the south, and the ocean in the west. c ) Variance (crosses at zero
distance), sample covariance (thin lines) and tted covariance functions (thick lines) of the noise
in the ascending data (grey) and the descending data (black). d ) & e) Synthetic realizations of
correlated noise from the obtained covariance functions.

#

3 Source Modelling of the 2000 Kleifarvatn earthquake, Iceland
InSAR image depending on the state of the atmosphere and the ground surface
at the time of the two radar acquisitions. As a consequence the processing steps
and parameters for noise reduction, like multi-looking and ltering, are usually
adjusted for each interferogram.
The nal power and structure of the data errors are quality measures of the
processed InSAR images and the estimation of these InSAR error characteristics
is important for two reasons in particular. With information about the quality
of all the data we can assign meaningful and consistent weights to each data set.
Furthermore, we can use the empirical covariances to generate multiple sets of
synthetic data errors, which we can add to the original data, and through multiple
optimizations obtain a distribution of model parameters. By this, we 'propagate'
the data uncertainties to fault model uncertainties (Wright

et al.,

2003).

We estimate the error variances and auto-covariances in an area of the interferograms where neither deformation signal is expected nor visible. We assume
the error to be stationary, which implies that the error statistics estimated in nondeforming parts of the images are the same as in the adjacent deforming areas.
The areas chosen for the error estimation are of about the same size as the investigation area to capture the whole bandwidth of periods present in the noise (Fig.
3.3a-b).
We use sample semi-variograms
sample covariograms

Ĉ(h)

γ̂(h)

to estimate the InSAR variances and

to estimate the spatial correlation in the data (Chilés

& Delner, 1999). The discrete sample semi-variogram value for distance class

hc

is:

1
γ̂(hc ) =
2N
with

N

N


[d (ri ) − d (si )]2 ,

i=1
ri −si hc

being the number of data-point pairs at locations

ri − si   hc .

(3.1)

ri

and

si

such that

Thus, when assuming isotropic noise, the semi-variogram depends

only on distance

h

between data points. Similarly, the sample covariogram is:

1
Ĉ(hc ) =
2N

N


d (ri ) · d (si ).

(3.2)

i=1
ri −si hc

When calculating the sample semi-variograms and covariograms, we rst remove an
overall linear ramp from the error estimation image and then pick randomly data-
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point pairs d(ri ) and d(si ) with distances h ranging from 40 m to 14 km. We then
form the sample semi-variogram γ̂(h) and the sample covariogram Ĉ(h) by taking
the average in 100 meter intervals containing about 700 single measurements. The
data variance is estimated from the level at which the sample semi-variogram γ̂(h)
forms a sill at distances larger than the correlation length. In presence of white
noise, the covariance functions therefore have a step at a zero lag (Fig. 3.3c).
For a continuous description of the covariances we t functions to the sample covariograms. The covariance is by denition a positive-denite function and
we therefore use function types ensuring positive-deniteness (Chilés & Delner,
1999): an exponential decay of the type b · e −h/a to represent the descending covariance and an exponential decay complemented by a cosine term, b · e −h/a ·cos( hc )
, to account for the anti-correlation present in the error structure of the ascending
interferogram. For the latter case, positive-deniteness is limited to parameter
values a < c .
The ascending image has lower error variance (15 mm 2 ) than the descending
image (25 mm2 ), but shows higher auto-covariance for distances smaller than 5 km
(Fig. 3.3c). The reason for the relatively low ascending variance is that this image
was multi-looked in the processing. The estimated covariance functions Casc (h)
and Cdesc (h) are
⎧
⎨15 mm2
, f or
Casc (h) =
h
h
⎩10.8 · e− 3.1
· cos( 3.15
) , f or
⎧
⎨25 mm2
Cdesc (h) =
h
⎩8 · e− 0.79

, f or

h=0

, f or

h>0

h=0
h>0

,

.

We use these covariance functions to form the InSAR data covariance matrices and
to generate multiple synthetic realizations of InSAR error images, see Section 3.5.3.

3.4.3 Subsampling of InSAR Images
The InSAR data as shown in Figure 3.2 consist of several hundred thousand data
points. As the displacement eld is varying smoothly, we can decimate the numerous phase values without losing important information. We subsample the
unwrapped interferograms with a quadtree algorithm (Jónsson et al., 2002) to obtain a reasonable number of data points and good spatial representation of the
LOS displacements. This algorithm subsequently divides the InSAR images into
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squares until the phase values within each box do not exceed a certain variance
threshold.

The average phase value of the contributing pixels is then assigned

to their focal point. The algorithm is therefore sensitive to the variability of the
phase values across the area and to possible data gaps.
We used division-thresholds of 81 mm 2 and 64 mm2 for the ascending and
descending images, respectively, which is signicantly higher than the variance
derived from the error estimation (Section 3.4.2), but leads to an appropriate
representation of the deformation eld with only 634 data points (Fig. 3.4). Data
gaps result from decorrelation, masking of phase unwrapping errors, and layovers.
The subsampling procedure can be described as a linear operation. The operator

A

relates the full data vector

d?

to the subsampled data vector

d:

d = Ad? .
For the

Ni

(3.3)

pixels averaged in the ith quadtree square, the corresponding

in the ith row of

) are equal to 1/N , but zero elsewhere.

Ni

values

i

3.4.4 GPS Data
The Reykjanes campaign GPS network covers the entire Peninsula and it was occupied in 1998 and in July 2000 by the Nordic Volcanic Institute (NORDVULK)
and the Icelandic Meteorological Oce (IMO) in collaboration with the Science Institute of the University Iceland (SIUI). Árnadóttir

et al.

(2004) used results of the

1996, 1998 and 2000 campaigns to infer a model of interseismic station velocities.
They then used the velocities to extract the June 2000 coseismic displacements
from the 1998-2000 GPS data. The estimated variances of the GPS data are 25
mm2 and 100 mm2 for the horizontal and vertical components, respectively (Árnadóttir

et al.,

2004).

Eleven campaign GPS sites are within our investigation area and in most cases
the coseismic GPS data agree very well with the InSAR data when projected into
the radar line-of-sight direction (Fig. 3.4). However, at two stations in the northeast the vertical components deviate strongly from the InSAR data, as well as
from neighbouring GPS stations. This suggests a possible error in the measured
antenna height and we therefore do not include the vertical components of these
two sites in our analysis.
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a)

Ascending

b)

Descending

[m]

Figure 3.4:

Subsampled unwrapped InSAR data from a ) ascending and b) descending interferograms showing the LOS displacement of the ground towards the satellite. The horizontal
coseismic GPS displacements vectors are shown as arrows. The colored circles give the radar
line-of-sight projections of the GPS displacements.
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3.5 Fault Modelling

With the combined use of ascending and descending InSAR data together with
GPS data we aim to nd an improved fault model of the Kleifarvatn earthquake.
For the Kleifarvatn and Núpshlíðarháls events we rst assume simple uniform-slip
faults and use a nonlinear optimization approach to nd the optimum model parameters. We also estimate the corresponding model parameter uncertainties. To
compare our results with earlier studies of Pagli et al. (2003) and Árnadóttir et al.
(2004), we simulate these modelling calculations and estimate their corresponding model parameter uncertainties. We then discuss separately the inuence of
additional data and of dierent data weights. Finally, we take the obtained fault
geometry and invert for variable slip and rake on the Kleifarvatn fault.
3.5.1 Data Weighting

The data are a compound of data points from two InSAR images and of campaign
GPS displacements and we weight the data based on their estimated uncertainty.
In the fault parameter optimization we are seeking the minimum of the L2-norm:

(3.4)
e = (R(d − d )) R(d − d ),
where d and d are the observed and predicted data vectors, respectively.
The predicted data vector is calculated through forward modelling for a given
set of fault model parameters. 4 is a weighting matrix and balances the data
residual (d − d ) in the optimization, so that the inuence of data points
with high uncertainties and/or correlation is reduced. 4 is based on the data
variance-covariance matrix with
(3.5)
Σ = R R.
The weight of each data point is inversely proportional to the sum of its variance
and its covariances with respect to all other data points.
The variance-covariance matrix Σ of the subsampled InSAR data and GPS is
formed from the variance-covariance matrix of the full data set Σ , which is dened
by the covariance functions we estimated for the interferograms in Section 3.4.2.
As the quadtree subsampling is an averaging procedure, the variance of each subsampled data point in @ is lower than the variance of the full resolution data in
obs

obs

pred

T

obs

pred

pred

obs

−1

pred

T

c

56

3.5 Fault Modelling

a) Ascending

b) Descending

[m -1 ]

Figure 3.5: The weights of the InSAR and GPS data points. The arrow color shows the weight
of each of the two horizontal components of the GPS data and the colored circles the weight of
the vertical component.
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dc and it depends on the quadtree square size. We propagate Σc to Σ with the
subsampling operator
(eq. (3.3)):

)

Σ = AΣc AT .

(3.6)

Σc is such a large matrix (740.000 × 740.000 values) that we calculate consecutively
each element of Σ from a subset of Σc , here CNi ×Nj , containing the covariances
between the pixels in each pair of quadtree squares, di and dj :
Nj
Ni 
1 
Σij =
Ckl .
Ni Nj k=1 l=1

(3.7)

where Ni and Nj are the number of pixels averaged in di and dj , respectively.
The diagonal of Σ (eq. (3.7),

i=j

) is therefore the average auto-covariance of the

pixels in the quadtree squares themselves and decreases with increasing number
of pixel (or increasing area of the quadtree square). The o-diagonal values of Σ
(i = j ) approximately follow Casc (h) or Cdesc (h) (Fig. 3.3c). Hence, the weights
of data points in densely sampled areas are relatively low, because the quadtree
squares sizes are small and they have many neighbouring squares at short distances
(Fig. 3.5). Quadtree squares located at the border of the investigation area or
near data gaps have relatively high weights because of fewer correlated data point
neighbours. In summary, it is the area the subsampled data point is representing
(square size) and its position with respect to other data points that control its
resulting weight (Fig. 3.5).
In case of quadtree subsampling the point density is irregular and depends on
the local gradient of the deformation signal. This gradient is usually higher in the
near eld of the fault and so is the point density. Disregarding the data autocovariance inherently increases the weight per area in densely sampled regions,
which holds for all irregular InSAR subsampling procedures. Through the full
propagation of the variance-covariance matrix (eq. (3.6) & eq. (3.7)), the assigned
variance for a data point representing a small area remains high, balancing the
weight per area across the irregularly sampled investigation area.

3.5.2 Nonlinear Optimization / Uniform Slip Models
We model the Kleifarvatn and the Núpshlíðarháls events as two rectangular planar
faults with uniform slip in a homogeneous, elastic half-space (Okada, 1985), using
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Figure 3.6: Distribution of model costs with four dierent critical temperatures Tc . Upward
bars show the model cost distribution after the simulated annealing optimization, while downward
bars show the improvement after a subsequent Levenberg-Marquardt inversion.
a Poisson-ratio of 0.28 (Árnadóttir et al., 2004). Each model is dened by nine
model parameters describing the fault location, orientation, dimensions and the
mechanism. We also account for possible orbit errors and long-period atmospheric
noise by adding plane parameters (3 parameters for each InSAR image) to the
model vector.
To minimize the data mist (eq. (3.4)) we use a simulated annealing (SA)
optimization approach (Cervelli et al., 2001) that samples the model parameter
space within predened bounds in search for regions with low model costs. The
SA algorithm progressively samples these low-cost regions more exhaustively until
identifying a set of model parameters that ideally are close to the global minimum
of the mist space. Since the algorithm uses a xed number of model calls and
has a predened minimum step size in the parameter space, it can only nd a
set of model parameters that is near the absolute model-cost minimum. Therefore, we complement this procedure with a subsequent derivative-based LevenbergMarquardt inversion, using the result of the SA optimization as a starting model
and using smaller step sizes to improve the model further.
The performance of the SA algorithm in nding the global minimum in a mist
space is controlled by the so called critical temperature Tc and by a time-evolving
temperature function, i.e., the cooling schedule. The cooling schedule usually
begins with fast cooling, slowing down near Tc , and then speeding up again after
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6.4
6.0
5.9
(6.2; 6.8)

5.5
5.3
6.1
(4.8; 6.5)

∗∗

83E
77E
67E
(76E; 87E)

4.7
4
2.5
(2.5; 6.3)

452.57
452.29
452.0
(452.29;
452.77)

7086.65
7086.12
7086.46
(7086.5;
7086.84)

0.05
0.05
0.19

0.67
-0.10
0.7
-0.11
0.56
-0.11
(0.59; 0.72) (-0.12; -0.08)

0
74E
12∗
444.28∗∗ 7087.32∗∗ 0.20
0.3
70E
-4
444.43
7085.95
0.25
1.1
35E
-10
443.94
7086.26
0.24
) tight bounds (see main text, Section 3.5.2).

0
0
0
(0; 0.1)

Table 3.2: Fault parameters of the Kleifarvatn and Núpshlíðarháls earthquakes from nonlinear optimizations assuming uniform slip
(this study and earlier publications). Fault locations are in UTM coordinates (UTM zone 27V). Negative dip-slip values indicate normal
faulting, positive values thrust faulting. The cited values of Pagli et al. (2003) refer to their 'N-2' solution. For the Kleifarvatn earthquake
the uncertainties are given as well. The strike of the N event was xed.
Length
Width
Depth Dip
Strike
Easting Northing strike-slip dip-slip
[km]
[km]
[km]
[deg]
[deg]
[km]
[km]
[m]
[m]
K - best models
this study
Árnadóttir et al. (2004)
Pagli et al. (2003)
95% condence intervals

this study
3.6
9.8
Árnadóttir et al. (2004) 3.2
4.2
Pagli et al. (2003)(N2) 3.5
4.0
) xed parameter (see main text, Section 3.5.2);

N - best models
∗
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a)

asc. model prediction

b)

desc. model prediction

[m]

c)

ascending residual

d)

descending residual

Model predictions of the best-tting models for a ) the ascending and b) the descending LOS and GPS displacements. Surface projections of the optimal fault planes are plotted in
magenta while the thick magenta lines mark the fault-plane upper edges. The residual between
the observed data (Fig. 3.4) and the model predictions are shown in c ) for the ascending and in
d) for the descending InSAR data and GPS.
Figure 3.7:

Tc has been reached. Cervelli et al. (2001) found a Gaussian time-per-temperature
function centred at Tc to be appropriate for SA. In this case Tc is equal to the
mean temperature T . However, using the fast approach to determine Tc (and
thus T ) proposed by Cervelli et al. (2001), we nd that a considerably lower
T worked better in our case, in the sense that the scatter of the nal model

parameters decreases as well as their mean model cost (Fig. 3.6). However,
some far o outliers appear in the model cost histograms, when T is too low,
and in these cases the algorithm does not escape unfavourable local minima. We
chose a value of 100 for T . The model cost of 500 solutions then has a narrow
distribution without any outliers.
The signal-to-noise-ratio (SNR) for the Kleifarvatn data is not very high, compared to most other InSAR studies of earthquakes. The deformation is caused
by medium-sized earthquakes and the maximum observed LOS displacement is
less than 15 cm (Fig. 3.4), while the maximum error amplitudes are about 3 cm
61

3 Source Modelling of the 2000 Kleifarvatn earthquake, Iceland
(Fig. 3.3(top)). According to Cervelli et al. (2001), a low SNR results in more
minima in the model-mist space. We attempted to account for this by deviating from the Gaussian cooling schedule and making the search more exhaustive,
which we did by using slower cooling after

Tc ,

allowing for about 20% of extra

searching time. The nal model-cost histograms indicate the nite precision of the
optimization (Fig. 3.6) and they suggest that the global minimum of the mist
space is located in a broad valley with shallow slopes.
The model fault plane that best explains the measured surface displacement
near Lake Kleifarvatn is NNE striking and almost vertical (Fig. 3.7 & Tab. 3.2).
The fault plane reaches the surface and extends 6.5 km southwards from the eastern
lake shore, near the earthquake epicentre, with a strike of N5 ◦ E. The modelled
mechanism is oblique, with dextral strike slip of 0.67 m and a small amount of
normal faulting (0.1 m). Based on the estimated fault parameters we calculate
the moment

M0 = μAu

and the moment magnitude

MW = 23 log10 M0 − 6.03

of

the Kleifarvatn earthquake from the fault plane area A, the static displacement u,
and by assuming rock rigidity

7.15 · 1017

μ = 3 · 1010

N/m

2

the resulting moment is

M0 =

Nm and the corresponding moment magnitude close to 5.9.

The majority of the residuals between observed and predicted data is smaller
than 2 cm (Fig. 3.7), i.e., comparable to the magnitude of the data errors (see
Fig. 3.3).

However, systematic data residuals are visible in the near eld that

likely result from slip variations along the fault and therefore cannot be explained
by this simple uniform-slip model.
The deformation signal of the Núpshlíðarháls event is small in comparison with
the Kleifarvatn event and we cannot reliably determine its source parameters due
to the superposition of the two deformation signals. Therefore, we put tight bounds
on the location of the smaller event and xed its strike to 12 degrees (K. Vogfjörð,
pers. comm. 2007) to stabilize the optimization. Similar to the Kleifarvatn event,
the Núpshlíðarháls is not well represented by a simple fault model as signicant
residuals remain. However, the lack of data in the near eld hampers a more detailed analysis of this event. Moreover, seismological investigations in this case are
pointing to a more complex source mechanism than a planar failure (K. Vogfjörð,
pers. comm. 2007).
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3.5.3 Estimation of Fault Model Parameter Uncertainties

The uncertainties of the inferred model parameters are estimated by using the
same optimization procedure and multiple data sets that have been modied by
synthetic noise. First, 2500 realizations of data errors were generated, εsynth,i ,
based on the GPS and InSAR data covariance matrices. We then added each
realization to the original data and eq. (3.4) becomes:
e=


(R(dobs

+ εsynth,i - dpred ))TR(dobs + εsynth,i - dpred ).

(3.8)

From tests we know that in our case the dierence between the empirical covariance
and the covariance of two superposed realizations of correlated noise is negligible.
Hence, the weighting of the modied data sets based on the empirical covariance
functions is still meaningful.
We carried out multiple fault parameter estimations of the Kleifarvatn event
using all the modied data sets and formed histograms of the resulting model
parameters (Fig. 3.8, top row). From the histograms we nd the corresponding
95% condence bounds of the model parameters, or strictly speaking the 0.025and 0.975-quantiles of the samples. The fault parameter values of the optimal
model correlate well with the histogram maxima (Fig. 3.8), except for the fault
strike. For the fault width and the fault dip we observe relatively broad histogram
peaks and some degree of asymmetry. The scatter plots in Figure 3.8 show how
one model parameter may depend on another parameter and thus enable visual
detection of parameter trade-os. Here, we observe parameter trade-os between
fault slip, fault width and fault dip.
Compared to the earlier fault models of the Kleifarvatn earthquake by Pagli
et al. (2003) and Árnadóttir et al. (2004), our optimal fault is signicantly longer
and therefore extends farther to the north. The fault length of both of the earlier
models lies outside the 95% condence interval. In addition, our fault has a steeper
dip and more slip than the earlier fault models.
3.5.4 Simulation of Earlier Fault Model Optimizations

We suspect model parameter trade-os, e.g. between fault slip and dip, to cause
the discrepancy between the three source models of the Kleifarvatn event: Model
1 (Pagli et al., 2003), Model 2 (Árnadóttir et al., 2004), and our model (Fig. 3.8
& Tab. 3.2). Model 1 is based on a single descending InSAR image, from which
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Model parameter distribution of the Kleifarvatn event from 2500 independent
optimizations with added correlated noise. Top row: Histograms of model parameters with 95%
condence interval bounds (red lines). The thick colored lines mark values of the best models
obtained in this study (blue), by Árnadóttir et al. (2004) (green) and by Pagli et al. (2003)
(orange). From the scatter plots (rows 2-9) the two-dimensional distribution of parameter-pairs
can be observed to nd possible trade-os between parameters. The bottom-left distribution
shows that the magnitude of the Kleifarvatn event is tightly constrained.
Figure 3.8:
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we can only measure the one-dimensional LOS projection of the three-dimensional
coseismic displacement eld. Model 2 is based on the same InSAR data as well as
on several 3D coseismic GPS displacements and it should therefore be less aected
by model parameter trade-os than Model 1. We expect our fault model to be
even less sensitive to parameter trade-os as it is also based on ascending InSAR
data (Wright et al., 2004).
The nal result of geodetic source optimizations can also be inuenced by many
methodological factors, such as by choices made in the data processing, InSAR
data subsampling, data weighting, the particular optimization approach, and by
assumptions made about the forward model. These assumptions and methods
are similar in all the three studies of the Kleifarvatn event (Pagli et al. 2003;
Árnadóttir et al. 2004, and this study), except for the data weighting. Therefore,
the three fault models may possibly dier due to this methodological dierence as
well as due to the fact that dierent data sets were included in the fault model
optimizations.
No model parameter uncertainties or trade-os were reported for Model 1 and
Model 2 (Pagli et al. 2003; Árnadóttir et al. 2004). Therefore, we here simulate
these optimizations to estimate parameter uncertainties and dependencies of these
models in the same way as we described in Section 3.5.3. The similarity of the
applied methods and assumptions made in the optimizations enable the simulations
where we separately investigate the inuence of additional independent data (this
section) and the impact of data weights accounting for the correlation of data
errors (next section, 3.5.5).
Originally, Model 1 and Model 2 were estimated considering the data variances
only (Pagli et al. 2003; Árnadóttir et al. 2004). To simulate these fault model
optimizations we build the data variance matrix from the variance we estimated
in the descending interferogram of 25 mm 2 and the variance of the GPS data. For
comparison, we also apply this variance based weighting in our set-up and refer to
it as simulation of Model 3. The low variance we obtained in our error analysis
for the multi-looked ascending image (Fig. 3.3) does not reect its poor quality
and we therefore estimate the full-resolution variance by extrapolating the autocovariance function resulting in 46 mm 2. Apart from these changes in the data
weighting we run the simulations of Model 1 and Model 2 with adjustments in the
parameterisation of the SA algorithm and with a simplied forward model. In the
SA algorithm we adapt the mean temperature T for each optimization set-up,
since T depends on the input data and the weighting matrix 4. For simplicity,
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we x the parameters (see Tab. 3.2) for the smaller Núpshlíðarháls event (Fig. 3.1
& Fig. 3.7), despite the fact it was a part of the optimization in all three studies,
as its signal is not easy to explain with a simple fault model and the optimization
calculations tend to become unstable (Pagli et al., 2003).
In Figure 3.9 we show the distributions of four selected model parameters
resulting from the simulations when the auto-correlation of data errors in the data
weighting is neglected. The Kleifarvatn fault model parameters published by Pagli
et al. (2003) and Árnadóttir et al. (2004) fall within the corresponding parameter
histograms from the simulation of Model 1 and Model 2 (Fig. 3.9). The older
fault model estimations thus seem to be reproducible, which is a requirement for
drawing meaningful conclusions from this case study.
It is clear that increasing the number of independent data sets improves the
precision of the estimated fault parameters. However, despite the fact that GPS
data are typically an important complement to InSAR, because they provide full
3D displacement vectors, we see here only a limited inuence on the model parameter estimates (Fig. 3.9). For instance, the fault dip values for Model 1 show a
broad distribution of more than 30 degrees that only slightly improves by adding
the GPS data (Model 2). Including the ascending InSAR data, on the other hand,
narrows the histogram by a factor of three (Model 3). The weight of each GPS
data point is similar to the InSAR data point weights, so the InSAR data dominate
the optimization due to their large number. The eect of adding the ascending
data is therefore larger, contributing signicantly to the reduction of fault model
parameter uncertainties represented by the histograms (Fig. 3.9) and the eective
suppression of model parameter trade-os, e.g. between fault dip and strike-slip.
The fault width appears to be poorly constrained in all three cases (Fig. 3.9)
and the histograms are bimodal, revealing the existence of two almost equally
likely fault model solutions. The second favourable fault model, with a relatively
large amount of slip on a small-width fault, can not be ruled out by adding the
ascending InSAR data. The large width of most the model parameter histograms
demonstrates the importance of estimating fault model uncertainties, particularly
when the observations are of a low SNR and are limited in their number and/or
spatial extent.
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Figure 3.9: Distribution of selected fault-model parameters from 200 fault optimizations assuming uncorrelated data errors in the data weighting: simulation of Model 1 (top row), Model
2 (second row) and Model 3 (third row).

The black bars show the corresponding published

model parameter values (Tab. 3.2). Scatter plots (rows 4-6) show the correlation between the
model parameters. Large dots mark the published fault parameter values: simulation of Model
1 (orange), Model 2 (green) and Model 3 (blue).
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3.5.5 Model Parameter Uncertainties Using Dierent Data
Weights

The data weighting has a strong inuence in the fault model estimation and we
therefore separately test the impact of dierent data weights on the fault model
optimizations and the inuence of additional input data. We compare the result
from the simulation of the fault models using data weights based on the variance matrix only (Model 1, Model 2 and Model 3, Section 3.5.4) with simulations
considering also the data covariances in the data weights (Section 3.5.2). The distribution of fault parameter values resulting from the latter simulations reect the
uncertainties of fault models we call Model 1*, Model 2*, and Model 3*.
When the full data auto-covariances are included the simulation results show
improved precision in the estimates of all model parameters (Fig. 3.10), compared
to the model estimations using only variance matrices. Most remarkable is the
suppression of one of the bimodal histogram peaks for fault width, now showing
a clear preference for a fault model with a width of more than 5 km (Fig. 3.10).
Beside the more precise fault model estimations, we can also detect a shift of
the parameter histograms for Model 2* and Model 3*, with respect to Model 2
and Model 3, e.g. for the slip-components (Fig. 3.10). We nd that this shift
in fault slip is accompanied by shifts in the estimates of the orbital ramps also
and is likely caused by the reduced InSAR data weights near the centre of the
interferograms. This shift is also noteworthy because fault slip parameters of most
Model 3* solutions fall outside the 95% condence interval of Model 3. This reveals
that the model parameter uncertainties outlined by the Model 3 histograms do not
reect the true uncertainty.
The introduction of auto-correlated data errors has a pronounced positive eect
on the precision of the model parameter estimates for all simulations (Fig. 3.10).
The inuence of GPS is clearly visible and stronger than in the variance-weighted
simulations. The data point weights of the GPS measurements (Fig. 3.5) are larger
than those of the adjacent InSAR points. We nd that taking auto-correlated
data errors into account is not only a more consistent way to balance independent
datasets in fault model optimizations, but also leads to better results. We link
this obvious improvement to the way the data are subsampled. The quadtree
subsampling is an irregular subsampling approach that samples certain regions of
an image more densely to capture details of the deformation signal. When we
do not balance the InSAR data against each other, but allocate equal weights
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Figure 3.10: Comparison of selected fault parameters from 200 fault optimizations applying
diagonal covariance matrix (light colors; same as Fig. 3.9) and full covariance matrix (dark
colors): simulation of Model 1(*) (top row), Model 2(*) (second row) and Model 3(*) (third row).
Scatter plots (rows 4-6) show the corresponding correlation between the model parameters (full
data covariance matrix) together with the published fault parameters (large dots). Grey ellipses
outline 95% condence from 2500 optimizations including the Núpshlíðarháls event (Fig. 3.8).
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to them, areas with a high point density will be over-represented in the model
cost evaluation. Densely sampled areas are usually near the fault, but there is
no physical reason to focus on near fault areas, while putting lower weights on
the surrounding regions. We show that the covariance weighting circumvents this
problem (Fig. 3.10), because the weight per area becomes more even. The 'far
eld' information is thus better represented in the optimization and the results
become more stable.
The good agreement of the 95% 'condence ellipses' drawn from the 2500 original optimizations (Fig. 3.8) with the simulation of Model 3* validates our simplied
one-fault optimizations and the limited number of 200 runs in each simulation. The
fault model parameters estimated by Pagli et al. (2003) lie outside these condence
regions in most cases, especially the fault dip. From our analysis we therefore reject the Kleifarvatn fault model estimated by Pagli et al. (2003). The fault model
estimated by Árnadóttir et al. (2004) also diers signicantly from our optimal
model, particularly in fault length. But considering that we only take data errors into account, we stand back from rejecting it based on the results given in
Figure 3.8 and Table 3.2.

3.5.6 Variable Slip and Rake Model
Assuming uniform slip on fault planes is a simplication since heterogeneity in
fault displacement and rake is observed on all scales of faults (Mai & Beroza,
2002). Also, systematic near-eld residuals of the uniform-slip model (Fig. 3.7c-d)
suggest that a uniform-slip model is too simple. Therefore, we use the fault plane
estimated in Section 3.5.2, extend its length to 10 km, its width to 8 km, and
divide it into 10

×

8 sub-faults to estimate variations in slip on the fault.

Taking the locations and orientations of the Núpshlíðarháls fault and the Kleifarvatn subfaults, we solve for the slip, which constitutes a linear inverse problem:

Rd = RGm,

(3.9)

G is the Green's function relating the data vector d to the model vector
m, and R is again the weighting matrix. In our specic case the two orthogonal
components of fault slip m are related to the observed surface displacement d
through G, dening the fault plane and the medium.
where

The model parameters dening the geometry of the fault plane carry considerable uncertainty, as we showed in Section 3.5.3. Therefore, we solve eq. (3.9) not
70

3.5 Fault Modelling
only for the observed data dobs and the optimum plane parameters incorporated
in the Green's function,

G , to obtain our optimum distributed slip model m :
0

0

Rdobs = RG0 m0

(3.10)

N data sets modied with synthetic data

but we also solve the problem for the

errors εsynth,i and their corresponding optimum model plane (Fig. 3.8) applied in
the Green's functions Gi :

R(dobs + εsynth,i ) = RGi mi , i = 1, ..., N.

(3.11)

The distribution of mi will reect the sensitivity according to variations of the two
fault planes and the data noise εsynth,i .
We apply the Fast Non-Negative Least Square (FNNLS) algorithm of Bro &
de Jong (1997) to the problem in eq. (3.10). The non-negativity of the algorithm
allows the rake to vary only 90 degrees and we rotate the local in-plane coordinate
axes to allow rake variations (+/- 45 ◦ ) about the estimated rake of the uniform
source model (189◦ ). We introduce correlations between slip on neighbouring subfaults through a smoothing operator D (Jónsson et al., 2002), with the balance
between data mist and fault slip smoothness controlled by factor κ. The coupled
system of equations becomes:



dobs
0






=

G0
κD

dobs + εsynth,i
0


(3.12)

m0 ,




=

Gi
κD


mi ,

i = 1, ..., N.

(3.13)

We compile a cost-roughness trade-o curve of our specic case by inverting
eq. (3.12) multiple times using dierent values of κ (Fig. 3.11). One can select
the appropriate value of κ from where the mist stops decreasing strongly with
increasing slip roughness. In our case we nd that high roughness causes solution
instability, such that some near-zero slip values become negative. We chose κ = 2.2
(Fig. 3.11) because it corresponds to the start of the trade-o curve bend and
ensures a high degree in solution stability for all N+1 inversion problems (eq.
(3.10) & eq. (3.11)).
The optimum source model

m

0

has a concentration of fault slip of more than
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k

Figure 3.11: Trade-o-curve between fault-slip roughness and model cost. The dots mark
"stable" slip models while "unstable" (see Section 3.5.6) models are marked with open circles.
60 cm in the upper central part of the fault, extending from the surface down to
3 km depth (Fig. 3.12). In the southern part of the fault the total displacement
decreases from the surface to very small displacements below 5 km depth, while
in the central and northern parts of the fault the fault slip decreases only slightly
below 4 km. In summary, signicant fault displacement of above 10 cm is restricted
to the area of the simple rectangular fault model.
The uncertainties of m0 are outlined by the set of solutions mi (Fig. 3.12). At
depths between 1 and 4 km the fault slip shows the smallest condence intervals,
indicating that it is constrained to within about 20 to 30 cm. The slip constraints
for the shallowest part of the fault are slightly poorer than at the centre of the
fault plane. The lateral extent of the rupture is well determined through sharply
decreasing slip with little scatter in the solutions mi . For the deeper and central
part of the fault the slip only decreases to a value about 10 to 20 cm, while the
relative uncertainty of the displacement increases strongly with depth. At these
subfaults the scatter of mi clearly outlines the parameter bounds of the FNNLS
algorithm along the axes of the local rotated coordinate system, so there we have
very little fault slip resolution.
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Figure 3.12: Total slip and variable rake on the subfaults of the Kleifarvatn earthquake. The
small white points represent the solutions mi using all 2500 fault models from source optimizations with modied data sets. The fault plane of the uniform slip model is outlined in grey.

3.6 Discussion/Conclusions

With the use of additional InSAR data from an ascending track, together with
descending InSAR and GPS data, we have located the previously unknown fault
east of lake Kleifarvatn more precisely than the two earlier geodetic source studies
by Pagli et al. (2003) and by Árnadóttir et al. (2004). We have shown that the
dierences between the three source models (Pagli et al. 2003; Árnadóttir et al.
2004; this study) primarily arise from model parameter trade-os. These trade-os
are eectively reduced when using InSAR data from the two viewing directions.
We distinguish this improvement of using additional data from the impact of using
dierent data weighting in the source model estimation, for which we also nd
considerable fault parameter estimation improvement when considering correlated
data errors.
The improvement of fault model precision is not the only good argument for
a weighting approach based on the full data covariance. This implementation of
empirical data error characteristics is also a consistent and a quantitative way to
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Figure 3.13: Fault model surface traces of the Kleifarvatn earthquake inferred from geodetic

source modelling and lineament of relocated aftershocks. The green and yellow dashed lines
show the surface trace of the source models after Pagli et al. (2003) and Árnadóttir et al. (2004),
respectively. The multi-colored stripe shows the trace of our model plane, where the color
represents the total slip on the shallow subfaults. The dashed circles outline the area of surface
ruptures observed by Clifton et al. (2003). The dashed dark-blue line gives the outline of
aftershock locations projected to the surface (Hjaltadóttir & Vogfjörð, 2005), and the star the
epicentre of the Kleifarvatn event.
combine independent data sets. We further note that we reduce the bias of the
InSAR data subsampling with the strict propagation of the full data covariance
matrix to the covariance matrix of the subsampled data sets. Both these eects
increase the precision of the model parameter estimates and the reproducibility
of the modelling results, which justies the eort estimating of the data-error
characteristics even more.
Aftershock locations can provide independent information about the location
of the rupture plane. Relocated aftershocks of the Kleifarvatn earthquake are
concentrated at depths between 5.5 and 7 km east of the lake and form a 6 km
long, slightly north-northeast striking lineament, extending from the hypocentre
region to the south (Hjaltadóttir & Vogfjörð 2005; Fig. 3.13). Together with a few
shallow aftershocks they outline a steeply (88 ◦ E) dipping plane. The accuracy of
the hypocentre locations depends on the quality of the velocity model. The velocity
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model used for the aftershock re-localization is of limited resolution leading to large
uncertainties, especially in hypocentre depths, which tend to be overestimated
(Hjaltadóttir & Vogfjörð, 2005). Therefore, the dip of the estimated fault plane
from aftershocks (88◦E) is rather too large as well and we consider the dierence
between these results and our estimation about the fault dip (Fig. 3.8 & Tab.
3.2) insignicant.
The distributed slip model shows a concentration of shallow slip at the southeastern lake shore where surface ruptures were found in the eld (Clifton et al.
2003; Fig. 3.12 & Fig. 3.13). Some of these rupture traces form small pressure
ridges, pointing to a localized component of thrust faulting in the shallow part of
the fault, which is indicated in our geodetic source model (Fig. 3.12 & Fig. 3.13).
Furthermore, shallow fault slip extends beneath the lake to its northern shore near
the epicentre (Fig. 3.13). Clifton et al. (2003) found here another concentration of
surface ruptures and hypocentres of relocated aftershocks also show an increased
activity in the north (Hjaltadóttir & Vogfjörð, 2005). The fault slip of our distributed slip model is somewhat small (0.3 m) in the northern part and the uniform
slip model does not extend to the northern lake shore. The source models by Pagli
et al. (2003) and by Árnadóttir et al. (2004) have even smaller fault extensions
and the match to observations in the eld and from seismology is worse than for
our new model.
From our estimated parameter uncertainties we can reject the source model by
Pagli et al. (2003) as being a realistic representation of the Kleifarvatn fault. The
dominant discrepancies are the fault dip, the fault length and the slip on the fault
(Fig. 3.8). The dierence between our source model and the model by Árnadóttir
et al. (2004) is only signicant for the fault length (Fig. 3.8). Since our estimation
of the model parameter uncertainties is solely based on the estimated data errors,
we stand back from rejecting this model.
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4 Source Model for the 1997 Zirkuh Earthquake (M =7.2), Iran

4.1 Abstract

We present the rst detailed source model of the 1997 M7.2 Zirkuh earthquake
that ruptured the entire Abiz fault in East Iran producing a 125 km long, bended
and segmented fault trace. Using SAR data from the ERS and JERS-1 satellites
we rst determined a multi-segment fault model for this predominately strikeslip earthquake by estimating fault-segment dip, slip, and rake values using an
evolutionary optimization algorithm. We then inverted the InSAR data for variable
slip and rake in more detail along the multi-segment fault plane. We complement
our optimization with importance sampling of the model parameter space to ensure
that the derived optimum model has a high likelihood, to detect correlations or
trade-os between model parameters, and to image the model resolution. Our
results are in an agreement with eld observations showing that this predominantly
strike-slip earthquake had a clear change in style of faulting along its rupture. In
the north we nd that thrust faulting on a westerly dipping fault is accompanied
with the strike-slip that changes to thrust faulting on an eastward dipping fault
plane in the south. The center part of the fault is vertical and has almost pure
dextral strike-slip. The heterogeneous fault slip distribution shows two regions
of low slip near signicant fault step-overs of the Abiz fault and therefore these
fault complexities appear to reduce the fault slip. Furthermore, shallow fault slip
is generally reduced with respect to slip at depth. This shallow slip decit varies
along the Zirkuh fault from a small decit in the North to a much larger decit
along the central part of the fault, a variation that is possibly related to dierent
interseismic repose times.
4.2 Introduction

On 10th of May 1997 the Zirkuh earthquake ruptured the entire Abiz Fault, which
at 125 km is the longest fault rupture ever observed in Iran (Fig. 4.1). The settlements near the fault suered severe structural damage in the earthquake, around
1600 people were killed and about 50000 were left homeless (Berberian et al.,
1999). This region is the area with the highest seismic hazard in eastern Iran
(Grünthal et al., 1999). The northern part of the Abiz Fault had already been
the source of three M>6 earthquakes within the same century (Berberian et al.,
1999). The Zirkuh earthquake ruptured the segmented and curved Abiz fault with
right-lateral surface displacements of up to two meters and thrust components
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Figure 4.1: Tectonics and elevation of East Iran. (a) Location of East Iran and (b) the major
faults and fault systems around the Lut Block after Walker & Khatib (2006) with the Abiz fault
(red) and the coverage of Fig. 4.1(c). (c) Topographic map of eastern Iran showing the surface
rupture trace (thick black line) of the Zirkuh Earthquake after Berberian et al. (1999), towns
aected by the Zirkuh earthquake and the locations of two M>5 aftershocks with their focal
mechanisms (Farahbod et al., 2003). The area covered by the interferograms IG1-IG4 (see Table
1) is marked with thin black rectangles. White spots in the elevation map result from gaps in
the SRTM (Space Shuttle Radar Mission) elevation model.
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that locally reached tens of centimeters, according to measurements by Berberian

et al. (1999). The complex nature of the Zirkuh surface rupture is evident from
the results of detailed mapping of the fault trace and dense measurements of the
amount of slip along the fault. In contrast, the characteristics of the earthquake at
depth are poorly known. No local seismic recordings or co-seismic GPS data exist
of the Zirkuh earthquake, because no such networks were in place in the region at
the time of the earthquake.
The potential of utilizing InSAR data to learn more about the rupture process of the Zirkuh earthquake was recognized a few years after the earthquake.
The arid climate and limited farming in the semi-desert in eastern Iran do suggest
good conditions for InSAR and already in 2000 and 2003 co-seismic interferograms
were presented at geoscientic conferences (Fielding et al. 2000; Lohman & Simons 2000; Peyret et al. 2004). However, attempts to image the Zirkuh source
using these InSAR data were abandoned, because of the earthquake's size and
complexity, together with the rather limited InSAR data coverage in eastern Iran
(E. Fielding, pers. comm. 2008).
In this study we combine InSAR data from the European ERS C-band ( λ=5.6 cm)
and the Japanese JERS-1 L-band ( λ=23.5 cm) radar satellites to measure the coseismic surface deformation. By combining these data we benet from the relatively low data errors of C-band interferograms on one hand and from the ability
of L-band data to measure large surface displacements near the fault as well as
their resistance to temporal decorrelation on the other hand.

4.3 The Zirkuh earthquake
The Zirkuh earthquake ruptured the NNW-SSE striking Abiz Fault that forms
the northern tip of the Sistan Suture Zone in eastern Iran. The Sistan Suture
Zone developed during the Eocene when the Lut and the Afghan blocks collided,
but earlier they were parts of the same landmass that then had been separated
through rifting processes around 140 Myr BP (Berberian et al. 1981; Berberian et

al. 1999). The Sistan Suture Zone is now a major active zone (Walker & Khatib,
2006), accommodating right-lateral movements between the more rigid crust to the
east (Afghanistan and southwest Pakistan) and the NS oriented crustal shortening
taking place west of the suture in Iran's North and South (Berberian et al. 1999;
Vernant et al. 2004).
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Berberian et al. (1999) provide detailed information about the surface fault
trace based on eld observations made shortly after the earthquake. The mapped
fault trace and the surface oset measurements point to changes of the rupture
mechanism along the fault which motivated their in-depth moment-tensor analysis
based on teleseismic records. In their study, the waveforms were analyzed as
if resulting from four subsequent events, each representing the mechanism for a
certain portion of the long rupture. The corresponding moment tensors vary from
almost pure strike-slip in the north to mechanisms dominated by thrust faulting
in the in the south (Berberian et al., 1999).
No near-eld seismic observations of the Zirkuh earthquake exist. The Iranian
seismic network was under construction in 1997, with its functional part near
Teheran, more than 600 km away form the epicenter. Other seismic stations,
e.g. of the Global Seismic Network (GSN), are located even farther away. A
temporary seismic network was installed some days after the Zirkuh earthquake
in the epicentral area and 20 stations recorded aftershocks for several months
(Farahbod et al., 2003). However, the hypocentre distribution of 219 relocated
aftershocks with magnitudes above 2.5 is not very focussed and therefore does not
provide information about the fault plane at depth (Farahbod et al., 2003).

4.4 ERS and JERS-1 SAR Data
The Abiz fault is well covered by two parallel descending tracks and one ascending
track of the ERS satellites. However, the number of ERS SAR scenes acquired over
eastern Iran is limited and the coseismic SAR interferograms we were able to form
all span at least two years (Tab. 4.1). We processed the SAR data and calculated
interferograms with the GAMMA processing software (Werner et al., 2000) using
re-estimated satellite orbits (Scharoo et al., 1998). The topography-related phase
was removed from the interferograms using the Shuttle Radar Topography Mission
(SRTM; Farr et al. 2007) 3 arc-second ( ˜ 90 m resolution) digital elevation model
(DEM). The rather long time-span of the interferograms strongly inuences the
interferometric phase coherence and we therefore enhanced the signal-to-noise-ratio
by multilooking (4x4) the interferograms, resulting in a ground resolution close to
the resolution of the DEM. We then projected the DEM and the interferograms
to cartesian UTM coordinates (UTM zone 40S) with a pixel size of 76 m in the
east direction and 96 m in the north direction. Finally, we applied an adaptive
power spectral lter to the geocoded interferograms (Goldstein & Werner, 1998)
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Table 4.1: Processed ERS and JERS-1 interferograms. The rst four interferograms were used in

the model estimation. ERS data were provided by the European Space Agency (ESA) and JERS-1
data were ordered at the Remote Sensing Technology Center of Japan (RESTEC).
#
Sensor
Pass Track Frame
Master
Slave
B⊥
BT
IG1
ERS-2
desc. 120
2925,2943 96/04/03 99/03/24 136
2 yr 355 d
IG2
JERS-1 desc. 209
244,245
94/11/15 97/07/10 1060
3 yr 25 d
IG3
ERS-1/2 asc. 70
657
96/03/30 98/08/22 21
2 yr 145 d
IG4
ERS-2
desc. 349
2943
96/05/24 98/09/11 25
2 yr 110 d
5
ERS-1/2 desc. 349
2925,2943 92/05/26 99/06/18 139
7 yr 23 d
6
ERS-1/2 desc. 349
2925,2943 92/11/17 99/06/18 182
7 yr 152 d
7
ERS-1/2 desc. 77
2943
96/03/30 98/03/23 106
2 yr 146 d
8
ERS-2
desc. 77
2943
96/05/05 99/05/30 34
3 yr 25 d
9
ERS-1/2 asc. 299
657
96/05/19 98/09/07 66
2 yr 111 d
10
ERS-1/2 asc. 299
657
96/05/19 97/06/09 105
2 yr 21 d
B⊥ : perpendicular baseline between the orbits in meters. BT : temporal baseline between acquisitions in years and days.
to further suppress data noise.
The JERS-1 satellite of the Japan Aerospace Exploration Agency (JAXA) was
still operating at the time of the Zirkuh earthquake. We obtained JERS-1 data
covering the fault acquired from a descending track (JERS-1 Track/Path 209)
before and after the Zirkuh earthquake. Processing of JERS-1 interferograms is
similar to the ERS processing, except no precise orbital estimation for JERS1 exist. Therefore, we had to remove a signicant residual orbital phase ramp
manually from the JERS-1 interferogram as the coseismic surface deformation
extends over the major part of the interferogram.
From the processed data (Tab. 4.1) we selected four interferograms, two de-

and the descending JERS-1 interferogram (L-band, λ=23.5 cm). The interferograms from
descending passes cover the entire fault rupture, while the ascending interferogram covers only the southern half of the fault (Fig. 4.2).
The coseismic deformation expressed in the interferograms covers a large area,
extending to more than 60 km away from the surface fault trace and exceeding the
east-west extent of the JERS-1 as well as of the ERS interferograms (Fig. 4.2). The
cycles of interferometric phase shifts, called fringes, show a very complex pattern
as anticipated from such a large earthquake. West of the fault trace we observe in
the ERS descending interferograms a range increase, or movement of the ground
away from the satellite, of up to seven fringes in the north and eleven fringes
in the south, which corresponds to 20 and 30 cm of negative line-of-sight (LOS)

scending and one ascending ERS interferograms (C-band,
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4.4 ERS and JERS-1 SAR Data

Figure 4.2:

Interferograms from ERS-1/2 (C-band) and JERS-1 (L-band) satellite data

(Tab. 4.1) with indicated line-of-sight direction (arrows) in foreground of shaded topography
in UTM coordinates (UTM zone 40S). Two aftershocks with M>5 are marked by white circles
and outlined with white dashed lines are areas where data errors were estimated.
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surface displacement, respectively. Closer to the fault the fringe rate increases and
in most cases the interferometric phase is completely decorrelated near the fault
trace.

Therefore, the maximum LOS displacement is likely to be considerably

larger than what we are able to observe in the ERS interferograms. In the L-band
JERS-1 interferogram (IG2) the coherent interferometric phase draws far closer to
the fault. The largest LOS displacement on the western side of the fault is found
near to the southern end of the rupture amounting to about -60 cm. The JERS-1
LOS displacements are not directly comparable with those of ERS, because of the
dierent look angle of the sensors. The incidence angle of JERS-1 is about 15
degrees larger and the observed LOS displacement of the surface has therefore a
larger horizontal contribution, which is likely the dominant surface displacement
caused by this predominantly strike-slip earthquake.
Along the eastern side of the fault we observe in the descending interferograms
positive and negative LOS displacements. In IG1 (ERS interferogram) the LOS
displacements reach -15 cm in the north, 20 km towards the south it increases to
about 8 cm before decreasing again to -15 cm after another 15 km. Further south
we measure again increasing LOS displacements that reach 30 cm. In general, the
LOS displacements in the northern part of the rupture are smaller than in the
south.
The ascending ERS interferogram (IG3) covers only the southern part of the
fault. The largest LOS displacement we observe here is around -30 cm on the
western side of the fault, whereas the coherent area east of the fault shows only a
few fringes. The ascending LOS vector is oriented almost orthogonal to the fault
trace and therefore the ascending LOS observations are less sensitive to horizontal,
fault parallel displacements than the LOS measurements from descending tracks.
Hence, the ascending fringe pattern points to signicant vertical displacements
close to the southern tip of the fault.
The interferograms also span two of the largest aftershocks: the 16 June 1997
thrust earthquake ( MW =5) and the 25 June 1997 strike-slip earthquake ( MW =6.0)
(Fig. 4.1 & 4.2). The thrust earthquake occurred close to the southern end of the
Zirkuh rupture and its deformation signal is not detectable within the dominant
signal of the Zirkuh mainshock. The second event caused visible surface deformation around 40 km west of the northern end of the fault, forming a small round
pattern in one of the interferograms (see Fig. 4.2a).

At this point the ground

moved toward the radar and therefore in the opposite sense of displacement to the
surrounding area.
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Temporal decorrelation, strong topographic relief, loss of coherence due to
earthquake-associated landsliding and high fringe rate all limit the quality of the
interferograms close to the fault rupture. The 2-3 year C-band interferograms exhibit a strong local coherence degradation where large alluvial fans have formed in
the mountainous foreland. The 3-year L-band interferogram, on the other hand,
captures clearly the LOS surface displacement in these places. Many of the alluvial fans have formed on the east side of the fault escarpment and the JERS-1
interferogram therefore provides important near-eld information.
In addition, the strong topographic relief in eastern Iran with elevations ranging
from from 500 m to 2800 m (Fig. 4.1) causes many layovers in the interferograms
at slopes facing toward the satellite look direction and shadow zones on the far
side. For the JERS-1 sensor layovers are less common than for ERS while shadows
are more common, due to its larger incidence angle.
We unwrapped the interferograms using the statistical-cost network-ow unwrapping algorithm snaphu by Chen & Zebker (2001) (see Supporting Information). Interferogram IG1 suers from noise northeast of the fault that made the
phase unwrapping dicult in this part of the interferogram. Therefore, in a separate step we multilooked IG1 by 30 pixels in the range and in the azimuth direction
to increase the signal-to-noise-ratio. We then unwrapped the resampled interferogram in this area and used the result to improve the coverage of the unwrapped
phase in IG1.

4.5 Estimation of InSAR Data Errors
When using multiple interferograms in modelling calculations it is important to
assess the error of each data set to weight the observations appropriately. The
contributions to the total InSAR data error from error sources on the ground and
along the wave path are distinctive for each interferogram (Hanssen, 2001) and we
therefore empirically estimate the data error in the interferograms. We describe
the error structure with auto-covariance functions to account for the correlation
of the InSAR data errors.
Atmospheric phase delays are clearly visible in the non-deforming parts of the
four interferograms. This noise is most pronounced in IG4 (Fig. 4.2d) where the
undulation of phase shifts reaches amplitude of almost one phase cycle and has a
spatial wavelength of about 10 km. Such phase undulations appear also in IG1
(Fig. 4.2a), but with a larger wavelength ( ˜ 15 km) and weaker amplitude. In IG1
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we also observe an imprint of elevation dependent phase shift, which shows up
even clearer in IG2 and IG3, because they are less aected by noise from the turbulent atmosphere. The apparent atmospheric noise in the L-band interferogram
IG2 contains also spatial wavelengths that are signicantly longer than 15 km
(Fig. 4.2b).
For the empirical error estimation we use a geostatistical approach and form
sample semi-variograms and covariograms in areas of the interferograms that are
not inuenced by the coseismic deformation (Fig. 4.2). By using this approach we
generalize the data error across areas with spatially varying phase coherence and for
areas showing topography-related atmospheric phase shifts. Moreover, we let the
estimated error statistics represent the data error of the entire interferograms, i.e.
we implicitly assume stationarity of the data errors. Even if these assumptions may
not be entirely accurate, including partially correct data error characteristics will
improve the modelling with respect to neglecting correlated data errors altogether
(Knospe & Jónsson, 2009). The interferometric phase in the outlined areas in
Fig. 4.2 shows only a weak or no anisotropic structure (Knospe & Jónsson, 2009),
so that the error statistics can be characterized by one-dimensional auto-covariance
functions depending only on the distance.
We generate the sample semi-variograms and co-variograms for each data set by
calculating the variance and covariance of point pairs that we randomly sample in
non-deforming parts of the interferograms (Section 3.4.2). To these covariograms
we then t covariance functions cov (h) using a positive-denite function type of
the form cov (h) = b · exp (−h/a) with [a, b] ∈ IR+ . The covariance functions are
dened for distances larger than zero and we extend them to zero with the data
error variance, estimated from the semi-variograms (Fig. 4.3 & Tab.4.2).
For the C-band interferograms we nd that the relative values of error variance and covariance reect well the interferogram qualities as inspected by eye.
The data error variance is largest in IG4 and data error of IG1, IG3, and IG4 is
correlated up to 20 km. The error estimation for the L-band interferogram IG2 is
complicated by the fact that only a small area in the interferogram can be used for
the error estimation. Since robust statistical estimates can only be made for spatial
wavelengths well within the smallest extension of the estimation area (Chilés &
Delner, 1999) and the apparent atmospheric noise in IG2 clearly contains periods
greater than the area we used in the data error estimation (Fig. 4.2), the IG2 data
variance estimation as well as the covariogram may be biased. For simplication
we used the same function type to t the IG2 covariogram as we used for IG1, IG3,
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IG1
IG2
IG3
IG4

Figure 4.3: Data error auto-covariograms (thin lines) and tted auto-covariance functions

(thick lines) for IG1-4 (Fig. 4.1 & Tab. 4.2) with two dierent scales for the ERS interferograms
(left ordinate) and the the JERS-1 interferogram (right ordinate). The estimated data error
auto-variances are marked at the corresponding ordinates to the left and right.
Table 4.2: Data error variance and the parameters

= and > of the data error auto-covariance functions
cov (h) = b · exp (−h/a) for IG1-4 plotted in Fig. 4.3.
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and IG4 and tolerate the mismatch in the shape of covariogram and covariance
function. The data variance and covariance of IG2 are much larger than the values
estimated for the C-band interferograms and the IG2 data weights assigned in the
modelling are accordingly small.

We assume that the eect of a biased error es-

timation for IG2 in the modelling is negligible. The variance-covariance functions
give descriptions of the data error structure that is continuous with distance and
from these functions we derive the variance-covariance matrix

Σ

of the data set

that we use in the fault modelling.
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4.6 Fault modeling
A complex fault model with several segments is needed to represent the curved
fault trace and the variability of slip along the fault that was observed in the eld
(Berberian et al., 1999). For each segment we estimate the segment slip and rake,
as well as the dip and depth extension of the segment. We use an evolutionary
algorithm (Monelli & Mai, 2008) to explore the model space in search for the
model that minimizes the data mist e between the predicted data @pred and
the observed data @obs:
e =



(R(dobs − dpred ))T R(dobs − dpred ),

(4.1)

with a data weighting matrix 4 that we derive from the data variance-covariance
matrix Σ.
In this section describe the data weighting and the optimization set-up. We also
introduce the importance sampling (Monelli et al. 2009; Sambridge & Mosegaard
2002) we adapt in our study to monitor the performance of the optimization and
to estimate the model parameter uncertainties. From our rst fault model with
uniform fault slip on each segment we proceed to an optimization setup that uses
correlation constraints between dip values on neighboring fault segments to obtain
physically more plausible fault-dip variations along the fault and to stabilize the
model calculations. Finally, we keep the most likely fault geometry xed, subdivide
the segments in many subfaults, and estimate variable fault slip and rake across
the segments.
4.6.1 Data Subsampling and Weighting

To facilitate the modeling calculations we need to reduce the number of the data
points, which in total for the unwrapped data is more than 4.5 million. We use
a quadtree algorithm (Jónsson et al., 2002) to irregularly subsample the data.
This method results in only a few data points where the interferogram surface
displacement pattern is smooth, but retains denser sampling in other parts of the
image. We can write the quadtree subsampling procedure as a linear operation,
where an operator A relates the full data vector d? to a subsampled data vector
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of about 5800 data points, which is less than 2% of the full data vector

The empirical error statistics show signicant dierences in the data quality between the four interferograms (Section 4.5). We account for these dierences in the
modeling through the weighting matrix
error variance-covariance matrix

Σ

4

(eq. 4.1), which is derived from the data

of the full resolution data. The full variance-

covariance matrix is propagated using the subsampling operator
adapt

Σ

)

(eq. 4.2) to

to the subsampled data set as used in the modeling:
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(4.4)

In this way the relative weight of a data point reects the variance of the
interferogram (high variance lowers the weight), the power of correlated data error
(high correlation lowers the weight), and the number of pixels combined in the
quadtree square (many pixels increase the weight).
In addition to the heterogeneous data quality the data coverage of the ground
varies from one area to another around the fault. Some areas are covered by only
one interferogram and other areas by all four datasets (Fig. 4.1 & 4.2). Overlapping LOS observations are generally linearly dependent and if we ignore the linear
dependence of these data points they will gain articially high weights and therefore importance in the modeling. Therefore, we consider the correlation between
data points from dierent interferograms with an additional weight factor.

89

9

4 Source Model for the 1997 Zirkuh Earthquake (M =7.2), Iran

The end-member cases of overlapping observations are measurements from two
orthogonal look directions, which are then linearly independent, and two measurements from exactly the same point of view, which can be regarded as repeated
measurements of the same surface deformation signal. In the latter case the variance of the mean value is var ((X + Y ) /2) = (var (X) + var (Y )) /4. The corresponding weight factor is 2/var (X) assuming var (X) = var (Y ), which is less
than the weight of two independent points: 2/ var (X).
In our study on the Zirkuh earthquake neither of the two end-member cases
is realized, i.e. we neither have completely independent measurements nor can
we explicitly calculate the mean of the measurements. Interferograms IG1 and
IG4 are from two dierent descending ERS tracks and have therefore only slightly
dierent incidence angles, which dier approximately by 15 degrees from the descending JERS incidence angle in interferogram IG2. The largest incidence angle
dierence is between the ascending data IG2 and the JERS interferogram, or about
60 degrees. To reect the degree of linear dependence between the observations,
we adapt weights that we determine using the scalar product of the dierent LOS
vectors (for details see Appendix 4.9). The combined weight of data points of
the same location on the ground from similar look directions will then be close
to the weight of the average value, while the combined weight of two points that
spatially overlap but have very dierent LOS vectors will be similar to weights of
two independent data points.
4.6.2 Optimization set-up and importance sampling

We model the Zirkuh rupture as a chain of 17 planar fault segments in an elastic
half-space (Okada, 1985), located such that they follow the mapped fault surface
trace reported by Berberian et al. (1999) (Fig. 4.1), and search for the optimal
fault dip, fault width, right-lateral strike-slip and dip-slip of each segment.
This fault model is complemented by two dislocations representing the MW 5
and MW 6 aftershocks that occurred close to the main rupture on June 16 and 25
in 1997 and within the time span of the interferograms. While we do not attempt
to constrain the mechanisms of these aftershocks we account for them by xing
their locations, fault dimensions, and fault orientations aided by their Global CMT
solutions (Dziewonski et al., 1981) and estimate only their depth and average slip.
Here, the fault dimensions, fault length and fault width, are deduced using the
scaling relationship with the moment magnitude after Mai & Beroza (2000). For
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the

MW 5

thrust earthquake we assume a 3 km by 3 km fault and for the

MW 6

strike-slip earthquake a fault length of 17 km and a fault width of 11 km. In total,
the number of free fault model parameters that we estimate is 68 for the Zirkuh
fault and 6 for the two aftershocks.
Beside the earthquake fault model parameters, we also estimate a bilinear
planar surface for each interferogram to account for possible orbital errors. In the
case of the JERS data we estimate a quadratic surface instead of a plane, because
of the poor JERS orbit information and diculties in attening the interferogram
as we described in Section 4.4.
We start the nonlinear optimization assuming uniform slip on all fault segments. The large number of data points (~5800) and the large number of model
parameters (74 fault model parameters and 15 orbital ramp parameters) make the
optimization challenging. Therefore, we use an evolutionary algorithm (Smith et

al. 1992; Beyer 2001) with a strong exploration component to model the Zirkuh
earthquake. The strength of evolutionary algorithms is that they explore the model
space in several places at the same time (Gershenfeld, 1999) which is here of high
relevance, since most of fault model parameters in our problem are only constrained
by a small fraction of the data points. As a result the optimization reaches dierent stages of t. First the interferogram ambiguity parameters converge, then the
fault model parameters of prominent fault segments and so on.
We let the evolutionary algorithm begin with a random set of 200 starting
models as the rst parent population, from which 800 new models are created
by randomly recombining the parental model parameters. These new models (or
osprings) are then altered through random changes in the parameter values given
a chosen standard deviation, a procedure that has been called mutation.

We

implement the model parameter mutation through a standard deviation that we
dene as a percentage of the corresponding model parameter range, starting with
5%. For each ospring model the model mist is computed (eq. 4.1) and we then
select from the osprings the 200 best performing models as the new parental
population of the next model generation. The optimization we implemented has
four subsequent stages with varying optimization settings. At the rst stage the
cycle of recombination, mutation and selection is repeated for 15 model generations
(Fig. 4.4a). At the end of stage 1, the model space has been explored widely and
several regions of low mist have been identied, enabled by the high mutation
rate. At the following stage 2 of the optimization with 15 model generations we
decrease the variance of the fault model parameters from a standard deviation of

91

9

4 Source Model for the 1997 Zirkuh Earthquake (M =7.2), Iran

% to 2% to enable denser sampling of these low-cost regions. At the same time
we reduce the selection pressure by doubling the number of parents to 400 that
are recombined to 900 ospring models. By weakening the selection in this way,
we focus a bit less on the better models, but keep exploring other locations of low
mist in the model space. For 15 subsequent generations at stage 3 we aim for
a stronger convergence and therefore decrease the mutation rate further to only
1%. Finally, in the last optimization stage with 70 generations, we increase the
selection pressure again by reducing the parent population to 200 parents and the
number of osprings to 800 while keeping the model parameter standard deviation
at 1% (Fig. 4.4).This optimization set-up requires several days of computation
time on a 4-processor workstation.
To ensure that we nd models that have a high likelihood in the optimization
we apply importance sampling (Sambridge & Mosegaard, 2002; Tarantola 2005).
Importance sampling is a constrained random walk through the model space so
that the distribution of visited models reects their likelihood. Such a walk starts
at a randomly chosen model m0 from which another model is randomly picked in
a distance given by an arbitrary standard deviation of the model parameters that
we dene as above as the percentage of the dened model parameter limits. m1 is
sampled under the condition that either the mist of the starting model e (m0) 
is higher than e (m1)  or that the performance of m1 is only slightly worse than
the one of m0. The model likelihood is L (m) = C · exp (−1/2 · e (m) 2) assuming a Gaussian distribution of the model parameter uncertainties. The argument
'slightly worse' is also randomized and usually dened as L (m1) /L (m0) > r, an
equally distributed random number with r ∈ [0 1]. An accepted model m1 is then
the point from which a new model is drawn and in case of a rejection m0 remains
the current point. In this way models with a good performance get sampled more
often than other models. It is required, however, that the model cost function
along the random walk is uncorrelated. Therefore, we calculate the correlation
length of the sampled model costs and, if necessary, decimate the sample series to
realize uncorrelated model samples.
We adapt importance sampling to our Zirkuh problem. We choose a standard
deviation for the model parameters, marking the step size during the random walk,
and a range of H, the selective component, enabling an ecient random walk that
accepts every third model (Tarantola, 2005). The step size during the random walk
needs to be large enough such that the model space can be suciently sampled.
Choosing a step size that is too large will lead to frequent rejections of picked
#
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models may often get rejected, which can seriously hamper the progress of the
random walk and is time consuming. Similarly, step sizes that are too small lead
to strongly correlated models along the random walk and many models will be lost
in the decimation of the model series afterwards. We also reduce the range of H
from formerly r ∈ [0 1] signicantly to r ∈ [0.993 1]. The reason is a relatively weak
relation between the model mist e (m)  and changes in one fault parameter of
a certain fault segment, because the fault model parameters are usually controlled
by only a small fraction of the data, which is also the reason for the exhaustive
optimization. We illustrate this reasoning in Fig. 4.4 and plot the likelihood ratios
of the models visited in the optimization L (mi ) and the optimum model L (mopti).
Obviously, soon after the start of the optimization, within the rst 30 generations
of the evolutionary algorithm, the ratios L (mi) /L (mopti) are well within 0.9 and
1. Importance sampling with r ∈ [0 1] would be 'blind' for the dierence between
the models, so that every picked model would be accepted. With r ∈ [0.993 1] we
conne the region where the importance sampling takes place (Fig. 4.4). On the
other hand, more tight ranges on r could cause the random walk to get stuck in a
local low of the mist space. With a standard deviation of 5% and r ∈ [0.993 1] we
eciently sample the model space and obtain stable model parameter distributions
for several independent samplings. Since the optimization and the importance
sampling are independent from each other, we can use the latter to ensure that
the optimization is converging to a region of a global low in the model mist space
or change the optimization settings if it does not.
4.6.3 Multi-Segment Model of the Zirkuh Earthquake

Our estimated multi-segment model of the Zirkuh earthquake has right-lateral
strike-slip that reaches two meters near the town Korizan (Fig. 4.5a,b), and around
1.5 m near the town Bohnabad. In the central part of the fault the horizontal
displacement varies between 1 m and 1.5 m of right-lateral strike-slip and comes
close to 2 m between the towns Abiz and Ardekul. From the northern part of the
fault to Abiz the modelled dip-slip component shows a slight thrust of some tens
of centimeters (West over East) and the fault dip here is mainly between 85 and 70
degrees to the West (Fig. 4.5d-f). Around Ardekul the fault dip is sub-vertical and
the sense of dip-slip changes signs (East over West), showing around half a meter
thrust faulting. The strike-slip displacement picks up again around 20 km south of
Ardekul and reaches its maximum of 2.5 m. In this region the main fault-segment
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Figure 4.4: Ratios of the model likelihoods L (mi ) /L (mopti ) for a) the models mi visited in the
progressing optimization with respect to the optimum model mopti and b) for the last stage of
the optimization at a dierent scale. Changes of parameters in the four stages of the optimization
are indicated with vertical lines and the values of the variable parameters (number of parents,
number of osprings per generation and parameter standard deviation) are given.
dips become shallower towards the East and the dip-slip reaches almost 2 m. The
optimum fault-segment width is highly variable along the fault (Fig. 4.5g) and
seems to be a bit smaller in the northern part of the fault with around 10 km
than in the center and the south with around 15 km. In summary, this rst multisegment model of the Zirkuh earthquake in general agrees well with the amount
of strike-slip and the tendency of dip-slip observed in the eld (Berberian et al.,
1999).
We examine the stability of the modelling using the result of the importance
sampling (Fig. 4.5d-g) and nd in many cases very broad importance sampling
distributions, pointing to a rather weak relationship between single model parameters and the overall data mist as discussed in section 4.6.2. The importance
sampling distributions often do not decrease signicantly towards the parameter
limits, more than one high exist in parameter distributions and only dip-slip parameters in the northern and central part of the fault (Fig. 4.5e) show a conned
bell shape.
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To get a better idea about how well model parameters of single segments can
be resolved we decreased the data space for another set of importance sampling
runs, so that the parameter likelihoods were estimated based on segment-specic
subsets of the data. We determine the extent of each data subset by the inuence
model parameters of a single segment can have on the model prediction. Putting
extreme fault slip, fault dip and width on one segment only, we select the 'sensitive'
data points that show a signal above the noise level. While running importance
sampling on these subsets of sensitive data, we keep the full fault model space
and vary all fault parameters as before. Therefore, model parameter correlations
between neighboring segments are still reected in the result (Fig. 4.5d-g). The parameter distributions from segment-wise importance sampling generally look more
smooth and are more often Gaussian-shaped than the distributions we obtained
from importance sampling in the full data space. While the importance sampling
distributions are still broad and therefore only provide a region of high likelihood
models, they strongly support the stability of the optimization. Moreover, they
give a relative measure of the model parameter uncertainties. We nd that dip-slip
is generally better constrained than both strike-slip and fault dip. The fault width
is poorly constrained along the rupture plane and in some cases the width reaches
the lower parameter limit of 5 km. In a parameter correlation analysis (Fig. 4.6) we
nd that in general the fault width is not correlated with other model parameters
and therefore does not inuence the model stability. Estimated model parameter
values also match our pre-dened parameter limits in the southern part of the
fault for segments S10-14 and S16. Three of these segments are along the main
fault (S16, S10-11) while segments S13-14 are sub-parallel to it (Fig. 4.5a). As we
have no data between these fault strands, poor model resolution and strong model
parameter trade-o are to be expected at this location.
We nd a clear tendency for fault dip to the west along the northern part of
the fault, sub-vertical dip in the central part, and eastward dipping segments in
the south. This variation in fault dip is consistent with what was observed in
the eld (Berberian et al., 1999). However, despite the large-scale agreement, the
optimal model has in some cases a considerable fault-dip dierence between neighboring segments, so that the physical concept of a connected rupture plane is not
strictly realized in this model. Model segments with low fault slip values predict
small surface deformation signals, i.e. their fault-dip and width constraints are
somewhat weaker (e.g. segments S1 and S2) than for segments with stronger fault
displacements. This is reected in the corresponding importance sampling distri95
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butions that show no clear fault dip or width preference for these fault segments
(Fig. 4.5a). Another reason for the variability in the modelled fault dip may arise
from fault complexities that are not represented in the fault model.
To improve the Zirkuh fault model regarding the fault-dip uctuations along
the main fault we extend the optimization by constraining the fault-dip dierence
between neighboring segments. The aim is to obtain a physically more plausible
fault model for the earthquake. In the optimization we add a penalty function edip ,
that is based on the sum of fault-dip dierences |dk − dk+1 | between neighboring
segments along the main fault (except for segment S11). For M segments the
penalty edip becomes:

edip =

M
−1


|dk − dk+1 | .

(4.5)

k=1

The cost edip is weighted with respect to the data mist edata  (eq. 4.1) through
a weight factor κdip , so that the total model cost is then:
etotal = e + κdip · edip .

(4.6)

We choose the weight κdip = 0.005 such that the data mist e (eq. 4.1) still
dominates the optimization. In this way, we "trim" fault dip values at segments
where changes in fault dip do not signicantly change the model cost. With
inappropriately large values of κdip on one hand, the data mist ||e|| will increase
again during the optimization, against our intentions. Too small values for κdip
on the other hand will only weakly inuence the preference in the model selection
for models with small dip variations and it will therefore take longer to reach the
optimum model. In addition, we stabilize the fault model in the southern part,
where it suers from model parameter trade-os, by considering eld data from
Berberian et al. (1999). We use the measured surface osets at the fault to tighten
the limits of the model parameter values in the optimization or even x them at
the segments S10, S11, S13 and S14. Furthermore, we x the fault width to 10 km
in the northern part (segments S1-S4, S17 and S5) and to 15 km for segments
south of segment S5 (Fig. 4.5 and Tab. 4.3). Due to these additional constraints,
the number of free model parameters of the Zirkuh fault is reduced from 68 to 45.
In summary, we reduce the high degree of freedom in our modelling through
smoothing the fault dip, xing the fault width as well as a few other fault pa96

Multi-segment model of the Zirkuh earthquake. (a) Map showing the surface projection of segments of two Zirkuh fault models, before
(open gray rectangles) and after (gray lled rectangles) including smoothening of fault-dip between neighboring segments. Thick lines mark the upper
edges of the segments at the surface that are based on the mapped fault surface trace reported by Berberian et al. (1999). Two aftershocks are shown
as well. (b-c) Optimum strike-slip and dip-slip, respectively, on each fault segment along the main fault in comparison to measured horizontal osets
in the eld (black circles). (d-g) Distribution of strike-slip, dip-slip, fault dip and fault width parameters, respectively, from importance sampling
using the full data set (shaded areas) and using data subsets (black curves) in comparison to the optimum parameter values (thick vertical lines).
The thin vertical lines in (d-g) indicate the parameter values estimated prior to smoothening fault-segment dip values.

Figure 4.5:

4.6 Fault modeling

'%

4 Source Model for the 1997 Zirkuh Earthquake (M =7.2), Iran

9

Table 4.3: Fault parameters of the multi-segment model with freely variable dip (rgh)
and the nal smoothed model (sm). Stars mark the parameters that we kept x and double
stars where we put tight parameter bounds.
segment 12

segment 11

segment 10

Segment 9

segment 8

segment 7

segment 6

segment 5

segment 4

segment 3

segment 2

segment 1

#

10.87

6.10

7.83

5.28

13.54

14.67

9.16

6.75

11.26

4.77

9.22

7.61

4.53

[km]

6.1

5.3

15.9

5.1

15.7

13.6

19.7

15.6

13.5

11.0

17.5

12.3

12.0

6.3

(rgh)

15

5

10

15

5

15

15

15

15

15

10

10

10

10

10

(sm* )

81.5W

81.7W

71.8E

80.7W

86.1E

65.8E

85.3W

85.8E

89.4W

83.3E

87.3E

80.6W

76.5E

70.0E

75.3W

70.4E

(rgh)

85.4E

85.6W

87.4E

85.6W**

90.0**

89.2E

61.5E

85W*

89.3W

87.8E

87.5E

87.5E

88.0E

80.9E

76.6E

82.0E

84.7E

(sm)

-55.4

-25.5

-18.4

-33.5

-34.1

-35.0

-63.4

-18.8

-35.7

-27.6

-10.7

-27.3

-35.2

-33.0

-12.5

9.8

48.6

[deg]

Strike

764.25

799.15

777.8

804.75

801.15

787.35

806.5

802.15

793.05

782.2

2775.05

772.95

768.95

761.5

759.2

758.85

761.2

[km]

Easting

3746

3681.5

3718

3676

3669.5

3699.5

3670.25

3674.5

3691.5

3708.5

3724.5

3732

3740.4

3749

3755.5

3763.75

3769

[km]

Northing

1.28

1.46

1.25

0.12

0.18

0.87

0.11

3.27

1.54

1.08

1.31

1.38

0.96

2.44

1.84

0.11

0.52

(rgh)

1.36

1.24

1.15

0.88

0.15

0.92

0.05

2.76

1.5

1.13

1.25

1.32

1.33*

2.28

2.17

0.01

0.02

(sm)

Strike-slip [m]

-0.53

1.84

-0.08

-0.59

-0.12

0.40

-0.19

1.53

0.59

0.49

-0.16

-0.35

-0.12

-0.41

-0.05

-0.59

0.17

(rgh)

-0.51

1.89

-0.04

0.19**

0.01

0.47

0.8**

1.46

0.64

0.43

-0.17

-0.30

-0.18

-0.54

-0.21

-0.37

0.5

(sm)

dip-slip [m]

segment 13

9.60

5.7

15

89.7E

Dip [deg]

segment 14

6.32

15.8

10

Width [km]

segment 15

9.97

5.8

Length

segment 16

3.52

Segment

segment 17

'&
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Model parameter correlation coecients calculated from importance sampling
model ensemble.
Figure 4.6:

rameters in the southern part of the multi-segment fault model. Fixing of some
parameters in the southern part of the model is necessary because of the strong
model parameters correlations that we detected there. By constraining the fault
dip of the segments S10, S13 and S14 as well as the dip slip component on segment
S11 and S14 based on eld data reported by Berberian et al. (1999) we aim for a
likely representation of the Zirkuh fault.
The resulting fault model shows more clearly the same general features as seen
before (Fig. 4.5). The westward dipping fault in the north becomes vertical in the
central part and easterly dipping in the south. Similarly, the dip-slip changes gradually from the north towards the south. In most cases the fault-dip now smoothly
changes between neighboring segments, representing a single large connecting fault
plane. However, there are still strong fault-dip dierences between segments S17
and S5 in the north, S9 and S16 in the southern half of the fault, which may represent real segmentations of the Zirkuh rupture. The last two segments S10 and
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Figure 4.7: Data mist as a function of model solution roughness with chosen weighting factor
κ

(large cross).

S11 are aected by the parameter tightening and xing we applied there, whereas
the other two locations might show real segmentations of the Zirkuh rupture.

4.6.4 Fault Slip Model
To allow for further model complexity we subdivide the fault segments into about
2 km long and 2 km wide patches in the next modelling step and invert the data
for variable slip and rake. We extend the fault length by 4 km and the fault width
to 18 km, except for the width of three fault segments (S11, S13 and S14), which
are shortened to 6, 10 and 4 km, respectively, to avoid fault intersections at depth.
We assume that slip heterogeneities on the fault have a correlation length that
is larger than the 2 km fault patch dimension and therefore implement a smoothing
operator D (Jónsson et al. 2002; Du et al. 1992) into our system of equations using
a weighting factor κ:


dobs
0




=

G0
κD


m0 .

(4.7)

Lower κ enables more slip complexity on the fault and improves the data mist.
We choose κ with the help of a trade-o curve (Fig. 4.7).
We solve eq. 4.7 using the Fast Non-Negative Least Square (FNNLS) algorithm
of Bro & de Jong (1997). The non-negativity constraint allows the rake to vary
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within only 90 degrees and we thus rotate the local in-plane coordinate axes into
the predominant slip direction of the northern and of the southern part of the
Zirkuh fault. No smoothing is carried out between these two in-plane rotated
coordinate systems. In addition, we force the slip to be equal to zero at 20 km
depth.
The main features of the resulting slip model for the Zirkuh earthquake are
the same as of the previous multi-segment model (Figs. 4.8 & 4.5). The fault slip
appears to increase from the northern end of the fault plane towards the epicenter
near Korizan. Around the epicenter, at depths between 5 and 10 km, the slip
exceeds 2 m and has a slightly negative dip-slip (West over East). South of the
epicenter the average estimated slip (at 5-10 km depth) is close to 3 m on a 40 km
long section of the fault, from Bohnabad (segment S5) in the north to Ardekul
(segment S8) in the south, where the maximum estimated slip reaches almost 4 m.
Near Ardekul we also nd signicant surface slip, whereas the surface slip south
of Bohnabad and Abiz (at S5, S6 and S7) is rather small in comparison to the
slip below 5 km at these locations. Another region of high strike-slip extends
from about 20 km south of Ardekul (segment S9) towards the southern end of
the fault where a signicant thrust faulting also occurs (segments S16 and S10).
The estimated fault rake close to the surface shows almost pure strike-slip north
of Ardekul while further south the strike-slip is accompanied with thrust faulting
(East-over-West).
The resulting model predictions of the fault slip model show a good agreement
with the measured data and model residuals of the ERS interferograms IG1, IG3
and IG4 are small (Fig. 4.9).The residuals of the JERS interferogram IG2 are
larger than the residuals of the ERS interferograms, because the larger data error
in IG2 lead to smaller data weights (Section 4.6.1).
One way to estimate the uncertainty of the slip model caused by errors in the
data, is to perform repeated inversions using many modied data vectors (Wright
et al., 2003). Multiple sets of synthetic correlated data errors εsynth are obtained
stochastically from the estimated covariance functions (Tab.4.2), then added to the
data vector dobs and the result used to invert for a new set of slip model parameters
mi . The distribution of the resulting model parameters at each location on the
fault reects the fault-slip resolution at that location (Fig. 4.8b). Eq. 4.7 in this
case reads:
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dobs + εsynth,i



0


=

G0
κD


mi , i = 1, ..., N.

(4.8)

We nd that the inuence of data errors on the fault slip model is not large
(Fig. 4.8b). In general the scatter of fault slip values around the optimum model

m

0 is a few tens of centimetres (Fig. 4.8b), i.e. relatively small compared to the

estimated meter-scale fault slip. The fault slip variations are somewhat stronger
in the southern part of the fault, where we expect substantial model parameter
correlations. The scatter is also high on subfaults close to Abiz (at the border
between segments S6 and S7), where the in-plane coordinate system changes and
no smoothing is applied between segments. Therefore, it is probably an artefact
due to lack of smoothing.
The uncertainty of the starting-model geometry, described by the Green's function

G0 ,

is not included in eq. 4.8. To include this uncertainty, we would rst

need to estimate the error of the uniform-slip model by running thousands of
independent and complete non-linear optimizations using noise-modied data vectors (Chapter 3.5.3).

However, the model complexity and the number of data

in this study meant that a single non-linear optimization took several days on
a 4-processor workstation, which makes the approach of repeated optimizations
impractical here.
We expect that model parameter uncertainties are not dominated by the inuence of data error, since the signal-to-noise ratio in the ERS interferograms is
fairly high. Rather, we think the model parameter uncertainties arise from the
model parameter correlations and non-uniqueness of the model. Parameter tradeos may arise in the North because at this location we have InSAR data from only
descending tracks and in the South because of parallel fault planes. Despite we
have no quantitative estimate of model-geometry uncertainty, we think an image
of the relative sensitivity of the slip model for changes in the fault geometry is
instructive. Therefore, we invert the original data

dobs

several times using a set

of multi-segment model geometries that were sampled in the optimization. In eq.
4.7 the Green's function describing the optimum model is replaced by a set of



dobs
0
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=

Gi
κD

Gi :


mi , i = 1, ..., N.

(4.9)

4.7 Discussion

The criterion for sampling the multi-segment models out of the model ensemble
from the optimization, or ensemble inference (Sambridge & Mosegaard, 2002), is
an acceptable data t. A model from the ensemble is included if its cost is within a
cost variance derived from the optimum model cost plus the costs of many synthetic
data error realizations.
Slip on subfaults that is strongly aected by the data variance is generally also
strongly inuenced by the fault geometry variance (Fig. 4.8b). The inuence of
the fault geometry variance is usually stronger than that of the data variance.
Exceptions are segments S16 and S10, simply because the fault dip is xed for
segments S10, S13 and S14 (Section 4.6.3 and Fig. 4.5). As mentioned above,
we decided to x the dip of these fault segments to stabilize the fault model in
the South (Section 4.6.3). Therefore, the still comparatively high slip variance at
segment S10 considering the xed fault dip points to an increased uncertainty of
the modelled fault slip and the near-vertical rake here might be a biased estimation.
Despite these complications in the South the primary features of the fault slip are
well resolved for most of the fault model, in particular slip at shallow depths and
where fault slip exceeds 2 m.

4.7 Discussion
Almost no information was available about the sub-surface rupture of the Zirkuh
earthquake prior to our study. The authors of the only comprehensive study about
this event used four point sources to express the large rupture, sources that were
constrained using teleseismic observations (Berberian et al., 1999). Here we have
been able to derive spatial details about subsurface fault slip along the Zirkuh
fault, despite incomplete ascending and descending InSAR data coverage and being
confronted with an unusually complex source.
Below we discuss the estimated fault-slip characteristics of the Zirkuh earthquake and compare them with the mapped surface fault trace and oset. Further,
we discuss the variable fault mechanism along strike and compare it to the seismological ndings of Berberian et al. (1999). In addition, we look at moment release
as a function of depth and compare our results with studies of several other large
strike-slip earthquakes.
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side. On top of the fault model the horizontal surface slip values, modelled (grey dots) and measured (black circles) by (Berberian et al., 1999), with

Figure 4.8: (a) Optimum fault slip model of the Zirkuh earthquake showing the movement of the western side of the fault with respect to the east

distance from the northern end of the fault are given. The large open circle marks the hypocenter location of the Zirkuh earthquake. The segments

11, 13 and 14 are displaced for a better view and the thick lines indicate their correct N-S position. (b) Fault slip variance due to variable fault

geometry (small blue dots) and slip variance due to data errors (small red dots) with respect to the optimum model (black arrows).
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Figure 4.9: Line-of-Sight surface deformation measured with InSAR of IG1-IG4, subsampled
(a,d,g and j), the corresponding model predictions of the optimum distributed slip model (b,e,h
and k) and model residuals (c,f,i and l). The black line marks the surface trace of the fault model
segments.
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4.7.1 Fault slip and geometric complexity

The Abiz fault shows three major step-overs near Bohnabad, at Ardekul, and a
few kilometers south of Ardekul (Fig. 4.1). Furthermore, between Bohnabad and
Ardekul the Zirkuh fault trace shows multiple small-scale segments. These fault
complexities seem to have inuenced the earthquake rupture process. Near the
northern end of the Abiz fault, around the Zirkuh hypocenter below Korizan, we
nd coseismic slip exceeding 1.5 m along a 15 km long portion of the fault. This
area of increased slip extends to the surface, where both the mapped and modelled
fault osets reach 2 m (Fig. 4.8). In 1979 a magnitude 6.6 earthquake took place
beneath Korizan. While it caused smaller surface rupture osets of about 1 m,
it was much more destructive in the Korizan area than the Zirkuh earthquake
(Berberian et al., 1999). The Zirkuh rupture progressed south across a double
bend in the Abiz fault near Bohnabad, unlike the 1979 earthquake, although at
this location we nd a signicant drop in modelled fault slip. This fault kink is a
geometric barrier (King & Náb¥lek, 1985) that appears to have stopped the 1979
earthquake. It is associated with a change in fault dip from steep westward to
an almost vertical rupture plane (Section 4.6.3) and small-scale fault complexities
that are not represented in our Zirkuh fault model geometry.
South of Bohnabad the estimated fault slip increases again to values around 2
and 3 meters. The slip remains high beyond the fault step-over near Ardekul, or
for over 40 km (Fig. 4.8). The surface slip however, is rather low near the middle of
this fault section, around the town Abiz, which suered damage from a magnitude
6 earthquake in 1936 (Berberian et al., 1999). The overall maximum fault slip
of about 4 m is found directly beneath Ardekul, the town that experienced the
worst damage in the Zirkuh earthquake (Berberian et al., 1999). Here, the fault
step-over seen at the surface seems not to reduce the fault slip at depth.
The southernmost step-over of the Abiz fault is located a few kilometers south
of Ardekul and this step-over is associated with lower slip values (Fig. 4.8) comparable with the decrease in slip beneath Bohnabad. Further South, the main
fault is less segmented than along the northern and the central parts of the fault
and in the eld the surface trace was found to be conned within a more narrow
zone compared to the northern fault parts (Berberian et al., 1999). The amount
of shallow slip at this location is low, compared to slip at depth (S12 and S9) but
further south, in contrast to all other fault segments, large amounts of shallow slip
are found (Fig. 4.8). Here, on the segments S16 and S10, the fault rake begins to
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deviate from strike-slip and becomes oblique with a signicant amount of thrust
faulting (East over West).
The ERS interferograms all span 1-2 year-long time periods after the Zirkuh
earthquake (Tab. 4.1) and therefore probably contain some postseismic deformation. Unfortunately, the limited ERS SAR data acquisition after the earthquake
makes it impossible to separate postseismic deformation from the coseismic deformation and to study rapidly decaying postseismic processes (Peltzer et al. 1996;
Jónsson et al. 2003; Fielding et al. 2009). The overall good agreement between
measured and estimated fault slip near the surface may be explained by either
that postseismic processes after the Zirkuh earthquake did not include signicant
shallow slip or that the JERS interferogram (IG2) dominates the shallow-slip modelling, despite its low data weight (Sections 4.5 and 4.6.1), as its near-eld coverage
is much better than that of the ERS interferograms. IG2 spans only 2 months of
postseismic time (Tab. 4.1) and therefore should be less aected by postseismic
deformation than the ERS interferograms.

4.7.2 Zirkuh fault mechanisms from geodetic and seismological estimates
Berberian et al. (1999) used both eld observations and teleseismic waveform
analysis to study the main rupture characteristics of the Zirkuh earthquake, as
mentioned above. In the latter, they represented the unilateral rupture as four
subsequent events with variable focal mechanisms (Fig. 4.10). To compare our
results to their ndings we provide here a more general description of the Zirkuh
earthquake on a similar spatial scale as the existing seismological source estimates.
We identify three, rather than four, main rupture sections in our fault slip model
that are separated by fault step-overs, characterised by low amounts of slip. These
sections are the initiating rupture section north of Bohnabad (segments S1 to S4
and S17), a central section extending from Bohnabad to Ardekul (segments S5 S8 and S15) and a southern rupture section (Figs. 4.8 and 4.10). For each rupture
section we derive pseudo-focal mechanisms for as moment-weighted averages of the
strike, dip and rake of the fault slip model subfaults (Fig. 4.8).
We nd for the northern rupture section 16% thrust movement (West over
East) with respect to strike-slip, and for the central and southern sections 4%
(East over West) and 40% thrust (East over West), respectively (Tab. 4.4 and
Fig. 4.10). Their corresponding fractional moments from North to South are 18%
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(MW 6.7), 42% (MW 7) and 40% (MW 7) and add to the total geodetic moment of
the Zirkuh earthquake

M0 = 7.64 · 1019

Nm (MW 7.2) . Compared to the seismic

focal mechanisms of Berberian et al. (1999) our pseudo-focal mechanisms vary less,
while showing similar trends (Fig. 4.10). The seismic focal mechanisms show strong
deviations from pure strike-slip only for the two smaller sub-events, whereby in our
rupture subdivision we avarage over larger fault areas with more similar moment
release. The variation of the fault mechanisms is therefore less pronounced but
persisting in these three rupture sections.
Our estimate of the total geodetic moment is almost identical to the Harvard
Centroid Moment Tensor solution of
the centroid moment

M0 = 6.63 · 10

19

M0 = 7.7 · 1019

Nm, but slightly larger than

Nm reported by Berberian et al. (1999). The

centroid mechanisms estimated by Berberian et al. (1999), Harvard and this study
are similar, with Harvard's CMT solution giving the smallest thrust component,
while our estimate shows the strongest (Fig. 4.10 and Tab. 4.4).

4.7.3 Shallow slip decit on the Zirkuh fault
The Zirkuh fault slip model shows reduced slip near the surface along most of the
fault, particularly along the central part of the rupture (Fig. 4.8). Such shallow
slip decits have been reported in geodetic source models of several large strike-slip
earthquakes (Fialko et al., 2005). We quantify the slip decit of the Zirkuh rupture
according to Fialko et al. (2005) by calculating the average seismic-potency as a
function of depth. We analyse the northern, central and southern rupture sections
separately, because of their obvious dierences in the slip-depth behaviour.

In

the South of the fault model (S9 to S14 and S16) we nd no shallow slip decit
(Fig. 4.11). There is a weak slip decit in the North that is only signicant in the
top two rows of the slip model above 4 km depth and it amounts to about 7%
(Fig. 4.11). The slip dierence between 3 and 5 km depths (second and third row)
is not signicant, acoording to uncertainty estimates of the potency (Fig. 4.11b).
In contrast to the northern and southern sections, the shallow slip decit along the
central part of the rupture is large, also when compared to the Hector Mine and
the Izmit earthquakes, and it is similar to what was found for the Landers and the
Bam earthquakes. The maximum slip at 7 km depth is the deepest found in this
selection of earthquakes and the seismic potency decreases towards the surface to
only 40%.
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sub-event moment tensors
after Berberian et al. (1999)

pseudo-focal mechanisms
of rupture sections
(this study)

sub-event 1

sub-event 2

sub-event 3

sub-event 4

centroid moment tensor
after Berberian et al. (1999)
Mw=7.2

Harvard centroid
moment tensor
MW=7.2

centroid pseudo-focal
mechanism
Mw=7.2

Figure 4.10: Pseudo-focal mechanisms of the main Zirkuh rupture sections calculated from the

fault slip model (Tab. 4.4) and sub-event moment tensors after Berberian et al. (1999). The fault
model segments are shown in a surface projection (thick lines mark upper segment edges) and
the dierent shades of gray indicate the subdivision of the Zirkuh rupture into three sections.
The bottom row shows two centroid moment tensor solutions together with the pseudo-focal
mechanism representing the entire Zirkuh rupture as estimated in this study (Tab. 4.4).
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South

Centre

North

154

331

155

161

[deg]

strike

90

88

87

88

79

[deg]

dip

173

173

192

147

183

169

[deg]

rake

6.63

7.70

7.64

2.85

3.12

1.57

[ 1019 Nm]

15

15

6

6

6

6

[km]

depth

775.76

780.31

780.90

796.79

775.88

759.43

[km]

UTM E∗

3716.04

3719.68

3713.63

3684.61

3722.65

3753.12

[km]

UTM N∗

33.55

33.58

33.52

[deg]

lat

59.97

60.02

60.02

[deg]

lon

Table 4.4: Pseudo-focal mechanisms calculated from three main rupture sections of the fault slip model (Fig. 4.8 and
Fig. 4.10) and centroid moment tensors for the Zirkuh earthquake (Fig. 4.10).

this study

338

86

centroids

M0

Global CMT

333

section centroids

Berberian et al. (1999)

geodetic or seismic moment, respectively

) UTM zone 40S

M0 :
∗
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Fialko et al. (2005) discuss the nature of the slip decit focussing on the Bam
earthquake. For this earthquake an extraordinary data quality with very little
interferometric phase decorrelation enabled analysis of the surface deformation
that strongly supports the existence of shallow fault slip decit (Fialko et al.,
2005). The properties of the shallow crust hamper unstable sliding (Tse & Rice,
1986) and it seems that distributed inelastic deformation takes place in the volume
near the fault rather than on a dened fault surface during co- and post-seismic
times (Fialko et al. 2005; Fielding et al. 2009). Such deformation mechanisms
may have acted along the central part of the Zirkuh fault as well.
The ratio of maximum slip at depth and surface slip may depend on the shallow
fault and rock properties as well as on the stress state just before and during the
rupture (Fialko et al., 2005). The weak slip decit apparent in the north of the
Zirkuh fault could then be related to weaker rocks in the fault zone due to the
short 18-year interseismic period between the 1979 Korizan earthquake ( MW 6.6)
and the Zirkuh earthquake. In the central fault part the rest since the last large
earthquake near Abiz and the Zirkuh earthquake lasted 60 years. On the southern
rupture section our fault slip model is in a very good agreement with measured
fault osets (Fig. 4.8). However, an interpretation of the shallow slip excess here
is a bit problematic, because of limited near-fault data and faulting on parallel
fault strands.

4.7.4 Modelling of complex segmented faults
Multi-segment fault models have been generated for several other large strike-slip
earthquakes, e.g. for the 1999 Izmit (Delouis et al., 2002), the Denali (Wright et
al., 2004) and the Kokoxili (Lasserre et al., 2005) earthquakes. In these studies
the fault dip was xed, but was not allowed to vary, like in the Zirkuh fault
model estimation. There, independent information on the fault dip as aftershock
distributions helped to dene a likely fault dip a priori.
In two geodetic source studies on the Hector Mine earthquake (Jónsson et al.
2002; Simons et al. 2002) the fault dip was an explicit free parameter in the modelling and for the 1997 Manyi earthquake (Tibet) Funning et al. (2007) showed
with testing dierent fault dips that the data t improves signicantly with fault
dip that changes direction along the fault. If there is no reliable independent information on fault dip, simultaneous optimization of fault dip and slip is important
to avoid bias in the slip estimates, because fault slip and dip tend to be correlated
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(a) Seismic potency P, the integral of coseismic slip along the rupture, normalized

and as a function of depth
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for several large strike-slip earthquakes after Fialko

et al. (2005): the Landers (Fialko, 2004), the Hector Mine (Simons et al., 2002), the Izmit (Cakir
et al., 2003) and the Bam (Fialko et al., 2005) earthquakes together with P̄ (z) of the northern
Zirkuh rupture section (segments S2 - S4 and S17) and the central rupture section (segments S5-

S8 and S15) part. Grey horizontal bars mark 95% condence estimates of P̄ (z) derived from the
distributed slip model ensemble in Fig. 4.8b. (b) Histograms showing the dierences between
average seismic potencies P̄ (zi ) at dierent depths

zi

on the northern Zirkuh rupture section

(segments S2 - S4 and S17) considering the ensemble of Zirkuh fault slip models (Fig. 4.8b).
The three histograms illustrate the dierences P̄ (zi ) − P̄ (zi+1 ) for

i = (1, 2, 3).



z = (1, 3, 5, 7)

kilometers and

4.8 Conclusions
(Fukahata & Wright 2008; Chapter 3.5.3). By smoothing the fault-dip values along
strike we avoid problematic jumps in the fault dip on the segmented model fault
plane. At the same time the fault-dip smoothing stabilizes the optimization by
reducing the degrees of freedom in the parameter space.

4.8 Conclusions
We presented a detailed fault slip model of the 1997 Zirkuh earthquake with multiple segments that we determined using InSAR data from ERS (C-band) and
JERS (L-band) satellites. The combination of C- and L-band InSAR images leads
to almost complete coverage of the far-eld and the near-eld surface deformation
measurements of the Zirkuh earthquake, which helped to constrain the complex
fault geometry. We optimized the multi-segment fault model using an evolutionary algorithm and evaluated the optimum fault model from importance sampling
distributions. To account for the fault complexity of the Zirkuh fault we included
the fault dip as a free model parameter in the source modelling and introduced
fault-dip smoothing between neighboring fault segments to reduce large shifts in
fault dip along the fault plane. The resulting model fault plane has a westerly dip
along the northern part of the fault, is subvertical in the centre, and gradually
changes to an easterly tilted plane in the south. In these three rupture sections
the fault mechanism changes from slight thrust (West over East) in the North to
almost pure strike-slip in the centre and signicant thrust (East over West) in the
South. These ndings are consistent with subevent fault mechanisms of the Zirkuh
earthquake that were deduced from teleseismic data (Berberian et al., 1999).
The heterogeneous fault slip of the Zirkuh model has locally more than 2 m of
shallow slip and is along the entire fault in a good agreement with the measured
fault osets at the surface (Berberian et al., 1999). Below 2 km the fault slip is
generally larger varying between 1 m and more than 3 m. The maximum slip of
almost 4 m is found beneath Ardekul, the town that sustained the greatest amount
of damage during the Zirkuh earthquake (Berberian et al., 1999). Low slip regions
on the fault plane coincide with two large fault step-overs of the Abiz fault, which
suggests that the fault geometry inuenced the amount of coseismic fault slip.
The Zirkuh fault slip model has a shallow slip decit along the fault that is
comparable with other large strike-slip earthquakes (Fialko et al., 2005), but the
decit is weaker in the North than along the central part of the fault. This alongstrike variation in shallow slip decit possibly results from dierent rock properties
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Figure 4.12:

(a) Data coverage overlap for interferograms IG1-IG4 and the corresponding 3D

LOS vectors pointing from the ground towards the satellite (solid arrows) with their surface
projections (dashed arrows). (b) Overlapping-data weights of pixels in the study area.

related to dierent interseismic times of only 18 years in the North and 60 years
in the central part of the fault.

4.9 Appendix: Overlapping-data weight factor
Our combined InSAR data set has a heterogeneous spatial coverage. There are
areas near the southern part of the Zirkuh fault that are covered by all four InSAR
data sets, whereas in the north only up to two data sets cover the same area
(Fig. 4.12a). Therefore, the co-seismic deformation is in some areas better observed
through multiple observations than in other areas. Up to this point, our weighting
has been based on the data covariance (see Section 4.6.1). Hence, when combining

M dierent data sets that all cover the same area, the eective weight of that area
is approximately the average point weight times M. Such a large weight increase
can only be justied when the combined data sets are linearly independent, which
for InSAR data is usually not the case.
We account for overlapping data coverage by introducing an additional weighting factor for each point on the ground. The

overlapping-data weight factor varies

with location, as the number M of overlapping data sets is dierent from one area
to another and as the LOS vectors also vary with location. In the general case,
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4.9 Appendix: Overlapping-data weight factor

where we have M overlapping observations at a single location, we have M dierent LOS vectors that are neither orthogonal nor parallel to one another. For each
location we collect the corresponding M LOS vectors and store them, line by line,
in matrix 7:
UT = [u1 , u2 , . . . , uM ].

(4.10)

Then the matrix
(4.11)

V = U · UT

is a symmetric M xM matrix that provides the scalar product between all the LOS
vectors at that given location. The sum of the columns (or lines) of matrix 8:
M
v =
j=1 |Vij | provides information about the linear dependency between the

data sets. For example, v1 = Mj=1 |V1j | = M if all LOS vectors in 7 are parallel

to u1, whereas v1 = Mj=1 |V1j | = 1 if u1 is orthogonal to the other LOS vectors.
The overlapping-data weight factor wi for the i th data set is dened as
1
wi = 
M
j=1

,
|Vij |

(4.12)

so that linearly dependent data points are down-weighted by a factor wi < 1 and
an observation that is linearly independent from the other data sets would keep an
unchanged weight, i.e. wi = 1. However, the overlapping-data weight factors for M
similar LOS vectors are always larger than 1/M . The weight of a given location

on the ground is the sum W = Mi=1 wi which better reects the measurement
improvement of the deformation through multiple observations.
In our Zirkuh example we have at most four data sets covering the same area.
Without the additional weighting introduced above the weight would equal the
number of overlapping data sets, i.e. 1, 2, 3, or 4. However, due to the linear dependency of the observations, the overlapping-data weight factor of pixels covered
by four data sets is only about 2.2 (Fig. 4.12b). Therefore, the overlapping-data
weight factor depends on the number of overlapping observations as well as how
diverse the corresponding LOS vectors are. For example, in areas where IG1 and
IG2 overlap the additional weight factor is lower than where IG3 and IG4 are
combined, because in the latter case the observations are less linearly dependent
(Fig. 4.12b).
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Chapter 5
Conclusions
In this thesis I presented two earthquake source studies in which I provide fault
slip models for the 2000 Kleifarvatn earthquake in Iceland and the 1997 Zirkuh
earthquake in Iran.

In the rst case study of the 2000 Kleifarvatn earthquake,

I worked on all the objectives outlined in the Introduction: empirical data error
estimation, data set combination and weighting by consideration of the individual
data errors, and propagation of the data errors to model parameter uncertainties.
In the second study of the 1997 Zirkuh earthquake in Iran, I benetted from
the ground work laid in the earlier study and applied similar methods to a more
challenging case. Here, I faced heterogeneous data coverage that required adapted
data weighting and a very complex fault mechanism, which led to a complex model
parameterisation and an exhaustive optimization.
In the following paragraphs I will rst summarise my general conclusions of the
main methodological topics and then describe the main conclusions concerning the
earthquake models of the Kleifarvatn and Zirkuh earthquakes.

Data Error Estimation
Empirical estimation of the data error statistics in interferograms is the basis
for assigning meaningful data weights and for propagating data errors to model
parameter uncertainties.

I presented two applications of data error estimations

using sample semi-variograms and covariograms (Chapter 3 and Chapter 4). In
particular, I showed that it is important to take correlated data error into account.
To retrieve the data error variances and covariances of the InSAR data, I
sampled point pairs in non-deforming parts of each interferogram I analysed. For
each point pair, I then calculated variance and covariance and sorted the samples
according to the distance spanned by the point pairs to obtain the variogram and
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Table 5.1:
(d

→ 0)

InSAR data error variance ( d

= 0)

of the investigated interferograms, covariance

of neighboring pixels and calculated from their ratio the fraction of white noise.

BT
Iceland
Iceland

B⊥

variance

d=0
2

covariance

d→0

white
noise

2

[m]

[mm ]

[mm ]

ERS

asc

350 d

38

25

11

57%

ERS

desc

350 d

5

15

8

47%

Iran

ERS

IG1

2 yr + 355 d

136

29

6.5

77%

Iran

JERS

IG2

3 yr + 25 d

1060

535

120

77%

Iran

ERS

IG3

2 yr + 145 d

21

35

8.3

76%

Iran

ERS

IG4

2 yr + 110 d

25

101

15

85%

B⊥ :
BT :

perpendicular baseline between the orbits in meters
temporal baseline between SAR acquisitions

covariogram. Finally, I estimated the data error variance by using the variogram
and tted positive-denite function types to the covariogram to obtain covariance
functions.

One advantage of the outlined method is that I need to make only

basic assumptions about the data error; these are second-order stationarity and
isotropy.

Another advantage is that the geostatistical error estimation does not

require a transformation of sample functions into spectral domain, and so I avoid
introducing potential artifacts from Fourier and inverse Fourier transformations.
In addition this method is easy to set-up and to implement.
Subsampling changes the error statistics in the data sets considerably. I showed
how by using the empirical covariance functions I can propagate the error statistics
of the full resolution data to the covariance matrix of the subsampled data.

In

that way, meaningful data weights for the InSAR data as they are used in the
modelling can be calculated. In the Kleifarvatn study, I describe the application
of this method in detail.
I point out that InSAR data errors are specic.

Even the data errors I have

analysed in the two presented case studies vary signicantly (Table

5.1).

The

main factors for data quality are the conditions in the atmosphere and on the
ground. The interferograms of the earthquake study in Iran have a larger value of
phase decorrelation than the interferograms of the study in Iceland, which may be
explained by the longer time-span between the Iranian interferograms (more than
2 years).

Data Combination and Data Weighting
In my rst case study on the 2000 Kleifarvatn earthquake, Iceland (Chapter 3), I
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give an example of a source model improvement through an extended use of available satellite data and by combining several independent data sets. I estimated the
source parameters of the Kleifarvatn earthquake with a combined data set of one
descending interferogram, one ascending interferogram and GPS data. Two earlier
published source studies on this earthquake used only the descending interferogram (Pagli et al., 2003) or else used the descending interferogram in combination
with GPS data (Árnadóttir et al., 2004). Nonetheless, both of these source models
dier from one another, and indeed also dier from mine. The variation of all
three source models suggested the occurrence of model parameter trade-os and
motivated our re-investigation of this earthquake.
In this study, I nd that the initial model dierences indeed can be explained
by model parameter trade-os. To enable a comparison of all three models, I
simulated the source modelling of the two earlier source studies and estimated
the corresponding model parameter uncertainties. The model parameter tradeos have been suppressed by rst complementing the descending interferogram by
GPS data and suppressed even more strongly through the additional use of the
ascending InSAR data.
Further, I compared the inuence of the data weighting on the model results
of each study of the Kleifavatn earthquake and showed that data weighting using
the full data covariance further improves the model parameter precision. On the
basis of data covariance function estimates, I derive data error covariance matrices
as well as synthetic data errors. The propagation of the data variance-covariance
matrix to the weighting matrix of subsampled data makes the data weighting
process here more transparent and reproducible than that in many other studies.
By using these methods, I achieve meaningful and consistent data weights for
InSAR data both internally and in combinations with other geodetic data sets.
Similar results based on synthetic data were later reported in a parallel study by
Knospe & Jónsson (2009).
In my source modelling of the M7.2 Zirkuh earthquake in East Iran (Chapter 4), I
combined InSAR data from two dierent sensors, on board the ERS (C-band) and
the JERS-1 (L-band) satellites. With this combination, I signicantly improved
the data coverage in the area around the fault. Further, I benet from the L-band
data that show less phase decorrelation and have the capability to measure larger
deformation gradients than C-band. In particular, the near-eld JERS-1 L-band
data helped to constrain shallow slip on the fault.
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The data error characteristics of the data sets dier strongly (Tab. 5.1), so
here the data weighting based on the data error variance-covariance matrix was
important. Furthermore, the data coverage was very heterogeneous. In some
areas, all of the four data sets overlap, whilst other parts are covered by a single
interferogram only. Therefore, I also took on data balancing between dierent
InSAR data sets in the Zirkuh study in terms of the InSAR look angle and the
data coverage (Sections 4.6.1 & 4.9).
The observed deformation in areas of data overlap is better constrained than
in areas covered by only one measurement. Also, measurements from similar look
angles are not independent. I implemented the spatial and geometric information
in the data weighting and balanced the data point-wise according to data overlap
and look angles, additionally to the data weighting based on the data error covariances (Section 4.9). In Nissen et al. (2007) and Biggs et al. (2006) the linear
dependence of deformation measurements from similar look directions is considered as well. In both source studies, two descending interferograms were combined
with one ascending interferogram by simply doubling the weight of the ascending interferogram with respect to the descending images to avoid a domination of
the descending data in the analysis. In their two studies, they did not consider
the improvement of the deformation data from descending track through
repeated
√
measurements, otherwise only a weight increase by a factor of 2 for the single
ascending scene would have been justied, instead of a factor 2.
Model Uncertainty Estimates

The data that we use in earthquake source modelling exhibit data errors and
our knowledge about the subsurface structures, medium and faults, is imperfect.
Therefore, an optimum fault model is uncertain and the estimation of realistic
model parameter uncertainties challenging. In the thesis I focused on estimating
the impact data errors have on the fault model estimates. For that I empirically
estimated the data error variances and covariance functions that I used then to
derive synthetic data errors with the same statistics, but that are random. Adding
many of these dierent random error realizations to the observed data, I simulated data that are dierently aected by errors. From such a distribution of
noise-modied data sets I obtain in repeated and independent optimizations a
distribution of optimum fault models, instead of only one. From the model parameter distributions, I can then estimate the model parameter uncertainties due
to the data errors. Using this procedure, I also retrieve information on the model
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parameter correlations, that can have a large inuence on the model results, as I
demonstrated for the dierent source models of the Kleifarvatn earthquake.
Furthermore, model uncertainty estimates are important for all research that
uses, for example, fault slip models to calculate the earthquake-induced Coulomb
failure stress changes ( ΔCFS) leading to local seismicity rate changes. Hainzl et al.
(2009) studied the inuence of uncertain ΔCFS on aftershock forecasting that is
based on fault slip models. With the use of only ve dierent source models, they
show that source model uncertainties in ΔCFS calculations must be important for
applications like aftershock forecasting. Baumann et al. (2009) used the 2500 fault
models of the Kleifarvatn earthquake (Section 3.5.3) to systematically estimate
the uncertainty of the ΔCFS and showed that the distribution of stress changes is
not Gaussian in all cases, which was assumed by Hainzl et al. (2009). Therefore,
there is a clear need for more realistic uncertainty estimates for earthquake source
models, in related research disciplines which will stimulate more careful model
uncertainty estimations in future source studies.
The 2000 Kleifarvatn Earthquake

The M>5.9 Kleifarvatn earthquake occurred only 20 km south-west of Reykjavík.
It was dynamically triggered by a larger earthquake in the South Icelandic Seismic
Zone about 80 km away (Árnadóttir et al., 2004). Two source models for this
earthquake had been estimated by using geodetic data prior to my study (Pagli
et al. 2003; Árnadóttir et al. 2004). The rst source model by Pagli et al. (2003)
was based on a descending interferogram only, whereas in the second study by
Árnadóttir et al. (2004) the interferogram was combined with GPS data. These
two source models dier from one another, mainly in terms of fault slip and fault
dip parameters that both have larger values in the source model of the second
study. It was unclear whether these dierences were signicant discrepancies. It
was also uncertain if the rst model, based on InSAR data only, was more aected
by parameter trade-os, because no model parameter uncertainty estimates were
provided in these studies.
I re-investigated the Kleifarvatn earthquake by using an ascending interferogram in addition to the descending interferogram and to GPS data. Further, I
applied data weights based on empirical estimates of the data error variance and
covariance functions. While my model estimation also diers from the earlier two
source estimations, I could show that it is improved with respect to the existing
source models in several ways. First, I found that the dierence between all three
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models can indeed be explained by parameter trade-os and that the model bias is
eciently suppressed through the use of additional data, in this case the ascending interferogram. To enable a direct comparison of my model estimation with the
two previous source studies based on model parameter uncertainties I simulated
their source modelling and I estimated then their corresponding model parameter
uncertainties. Second, I showed that the error covariance-based data weighting
increases the model precision. Lastly, our source model is in better accordance
with the few observations of surface faulting and with the distribution of relocated
aftershocks than the source models of the earlier studies.
The 1997 Zirkuh Earthquake

I presented the rst complex source model of the 1997 Zirkuh earthquake that
reveals many new details about the fault slip at depth. The model is in a good
agreement with eld observation along the surface rupture and with seismological
investigations on the earthquake mechanism. In particular, the good agreement of
the fault slip model with the fault surface oset measurements demonstrates yet
again the large potential of InSAR in remote areas for earthquake source studies.
The strength of my fault model is the ability to image heterogeneity in fault
slip and fault dip. I used a model parameterisation in the Zirkuh modelling with
17 freely dipping fault segments that were aligned along the mapped surface fault
trace. This complex parameterisation allowed for a high degree of freedom of the
fault model in the optimization. However, the complex fault model also carries the
risk that some parameters may be poorly constrained by the data. In particular,
the deformation signal of fault segments with fault little slip may be not large
enough to constrain the segment's dip. To avoid large variations of dip along the
fault I introduced along-strike dip smoothing in the model optimization. The dip
smoothing works such that the dip of better resolved fault segments guides the dip
of others. In this way, I obtain smooth dip variations along the fault plane that
are physically more plausible without xing the fault dip a priori.
A characteristic feature of the predominantly dextral strike-slip Zirkuh earthquake is the along-strike change in the fault dip direction from westward in the
North, to near-vertical in the centre and to eastward in South. The fault is
also associated with slight thrusting (West-over-East) in the North and signicant thrusting (East-over-West) in the South. These results are in agreement to
the rst earthquake source estimation using teleseismic data and eld observations
by Berberian et al. (1999). There, the Zirkuh earthquake is represented by four
122

point sources and their focal mechanisms show a similar along-strike variation of
the faulting orientation as found in my study.
The fault slip model of the Zirkuh earthquake shows a heterogeneous slip distribution and large rake variations. Further, there seems to be a correlation between
the fault segmentation observed at the surface and reduced slip at depth. Another
interesting feature in the slip distribution is that I nd shallow slip decits in most
parts of the fault, but of dierent magnitudes in the North with respect to the
central part of the fault. In the North, there is only a small shallow slip decit,
where the last large earthquake occurred only 18 years before the Zirkuh rupture.
In the centre of the fault, the shallow slip is strongly reduced, also compared to
slip decits found other large strike-slip earthquakes (Fialko et al., 2005). Here,
the repose period between the previous large earthquake and the 1997 Zirkuh
earthquake lasted 60 years. Therefore, I propose a relationship between the the
interseismic times and the shallow slip decit at the Abiz fault.
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Chapter 6
Outlook
Data Combination and Data Weighting

We showed consistent data weighting of surface deformation measurements for the
source modelling which was a main topic in the presented studies. One part of
the project outline in the beginning was the combination of geodetic data with
seismic data in source studies that in the end remained untouched. Therefore, a
still pending question is if we can nd similar standards for a meaningful balance
of independent data and dierent kind, like geodetic and seismic data, based on
data errors?
Model uncertainty estimation

In the rst case study on the Kleifarvatn earthquake we showed ways to consider the data errors that we empirically estimated in the modelling through data
weighting. We also accounted for the data error in the model parameter uncertainty estimation through repeated optimizations with data sets modied by synthetic data errors. In the second study on the Zirkuh earthquake we experienced
that the estimation of model parameter uncertainties with repeated optimizations
is not feasible due to the sheer size of the optimization problem and the computation time. Although the implementation of importance sampling did verify
that the optimization performed well, it did not provide a quantitative estimate
on the model parameter uncertainties. The application of Bayesian approaches
in geodetic source modelling has been successful on somewhat smaller and less
complex sources, e.g. (Fukushima & Cayol, 2005) and (Peyret et al., 2007), but
in the Zirkuh study we encountered limitations of the importance sampling in its
application on a large and complex data mist space. There is a need of real125

6 Outlook
istic model uncertainty estimates and, while complex and realistic source model
parameterisations are desired, further investigations of source model uncertainty
estimations for complex fault models would be interesting.
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decorrelation causes the interferogram to look noisy (grey ellipses).
At some places, small areas with a common phase step can be distinguished that show small unwrapping errors (grey arrows). Over
wide parts of the interferogram, the phase values are smoothly
varying due to atmospheric phase delays that are mapped into
surface displacement (white ellipse). . . . . . . . . . . . . . . . . .
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27

InSAR data error estimation. a) Unwrapped and geocoded interferogram (see also Fig. 2.7) with the illustration of the random
point pair sampling (black lines) spanning dierent distances and
random directions. b) Sample semi-variogram (black dots) of the
interferogram in a) and the corresponding variance estimate of the
correlated data error (grey line). c) Sample covariogram (black
dots), the covariance function that was tted to the samples (black
line) and the estimated error variance (grey line).
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Quadtree subsampling and relative data weight in irregularly subsampled data. a) The unwrapped interferogram consists of more
than one million data points that, in subsequent stages of the
quadtree subsampling, are assigned to squared areas. In the rst
stage of quadtree subsampling the data are grouped in just four
quadtree squares. In the subsequent stages, those squares are subdivided again in four smaller quadtree squares, where the variance of the corresponding data points exceeds an arbitrary variance threshold. (b-f) Fourth stage of quadtree subsampling to the
eighth and nal stage. g) Location of the subsampled data points
(red dots), which can divert from the center of the square if the
square covers a larger area than the original data. h) Illustration
of the relative data weights in the irregularly subsampled data set.

33

2.10

Ten model parameters of the nite dislocation model. . . . . . . .

35

2.11

Illustration of two search problems with dierent model-mist relationships (after Gershenfeld (1999)). a) Simple search problem
with a single minimum. b) heterogeneous model-mist relationship
with many local minima and one clear global minimum. . . . . . .

3.1

38

Map of Reykjanes Peninsula showing the Kleifarvatn investigation
area (solid box) and the area where InSAR errors were estimated
(dashed box) in UTM coordinates (UTM zone 27V). Shown with
stars are the M∼5 earthquake epicentres of the June 2000 seismic
sequence: the main shock ('J17'), the dynamically triggered Hvalhnúkur ('H') and Kleifarvatn ('K') events and the aftershocks: the
Núpshlíðarháls event ('N'), the Second Holt event ('H2') and the
June 21 main shock ('J21'). Open circles mark locations of the
campaign GPS sites used in this study. The inset shows the map
location in southwest Iceland (solid box) and the main volcanic and
tectonic structures. The on-land spreading segments (black lines),
the Northern (NVZ), the Eastern (EVZ), and the Western Volcanic
Zone (WVZ), are connected to the oceanic Reykjanes Ridge (RR)
and the Kolbeinsey Ridge (KR) through the southern transform
zones Reykjanes Peninsula (RP) and the South Icelandic Seismic
Zone (SISZ), and the Tjörnes Fracture Zone (TFZ) in the north
(grey lines).
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Wrapped interferograms in UTM coordinates from a
and b

)

)

ascending

descending radar images. One colour cycle corresponds to

a phase shift of 2

π

or 2.83 cm displacement in the near-vertical

Line-of-Sight direction (grey arrows).

The white stars mark the

epicentres of the Kleifarvatn ('K') and Núpshlíðarháls ('N') earthquakes.
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)
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)

48

descending in-

terferograms where the error characteristics were estimated.

The

areas are limited by decorrelation, obvious deformation of the surface in the south, and the ocean in the west. c

) Variance (crosses at

zero distance), sample covariance (thin lines) and tted covariance
functions (thick lines) of the noise in the ascending data (grey)
and the descending data (black). d

)

& e

)

Synthetic realizations of

correlated noise from the obtained covariance functions.
3.4

Subsampled unwrapped InSAR data from a

)

. . . . . .

ascending and b

51

)

descending interferograms showing the LOS displacement of the
ground towards the satellite.

The horizontal coseismic GPS dis-

placements vectors are shown as arrows.

The colored circles give

the radar line-of-sight projections of the GPS displacements.
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55

The weights of the InSAR and GPS data points. The arrow color
shows the weight of each of the two horizontal components of the
GPS data and the colored circles the weight of the vertical component.
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57

Distribution of model costs with four dierent critical temperatures

Tc .

Upward bars show the model cost distribution after the

simulated annealing optimization, while downward bars show the
improvement after a subsequent Levenberg-Marquardt inversion.
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59

data and GPS. . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

61

Model predictions of the best-tting models for a
and b

)

)

the ascending

the descending LOS and GPS displacements. Surface pro-

jections of the optimal fault planes are plotted in magenta while the
thick magenta lines mark the fault-plane upper edges. The residual
between the observed data (Fig. 3.4) and the model predictions are
shown in c

)

for the ascending and in d

)

for the descending InSAR
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Model parameter distribution of the Kleifarvatn event from 2500
independent optimizations with added correlated noise. Top row:
Histograms of model parameters with 95% condence interval bounds
(red lines). The thick colored lines mark values of the best models
obtained in this study (blue), by Árnadóttir
and by Pagli

et al.

et al.

(2004) (green)

(2003) (orange). From the scatter plots (rows

2-9) the two-dimensional distribution of parameter-pairs can be observed to nd possible trade-os between parameters. The bottomleft distribution shows that the magnitude of the Kleifarvatn event
is tightly constrained.
3.9
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64

Distribution of selected fault-model parameters from 200 fault optimizations assuming uncorrelated data errors in the data weighting: simulation of Model 1 (top row), Model 2 (second row) and
Model 3 (third row). The black bars show the corresponding published model parameter values (Tab. 3.2). Scatter plots (rows 4-6)
show the correlation between the model parameters.

Large dots

mark the published fault parameter values: simulation of Model 1
(orange), Model 2 (green) and Model 3 (blue).
3.10
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67

Comparison of selected fault parameters from 200 fault optimizations applying diagonal covariance matrix (light colors; same as
Fig. 3.9) and full covariance matrix (dark colors):

simulation of

Model 1(*) (top row), Model 2(*) (second row) and Model 3(*)
(third row). Scatter plots (rows 4-6) show the corresponding correlation between the model parameters (full data covariance matrix)
together with the published fault parameters (large dots).

Grey

ellipses outline 95% condence from 2500 optimizations including
the Núpshlíðarháls event (Fig. 3.8).
3.11

. . . . . . . . . . . . . . . . .

69

Trade-o-curve between fault-slip roughness and model cost. The
dots mark "stable" slip models while "unstable" (see Section 3.5.6)
models are marked with open circles.
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72

Total slip and variable rake on the subfaults of the Kleifarvatn
earthquake.

The small white points represent the solutions

mi

using all 2500 fault models from source optimizations with modied
data sets. The fault plane of the uniform slip model is outlined in
grey.
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Fault model surface traces of the Kleifarvatn earthquake inferred
from geodetic source modelling and lineament of relocated aftershocks. The green and yellow dashed lines show the surface trace
of the source models after Pagli
(2004), respectively.

et al.

(2003) and Árnadóttir

et al.

The multi-colored stripe shows the trace of

our model plane, where the color represents the total slip on the
shallow subfaults.

The dashed circles outline the area of surface

ruptures observed by

Clifton

et al.

(2003). The dashed dark-blue

line gives the outline of aftershock locations projected to the surface (Hjaltadóttir & Vogfjörð, 2005), and the star the epicentre of
the Kleifarvatn event.
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74

Tectonics and elevation of East Iran. (a) Location of East Iran and
(b) the major faults and fault systems around the Lut Block after
Walker & Khatib (2006) with the Abiz fault (red) and the coverage of Fig. 4.1(c).

(c) Topographic map of eastern Iran showing

the surface rupture trace (thick black line) of the Zirkuh Earthquake after Berberian

et al.

(1999), towns aected by the Zirkuh

earthquake and the locations of two M>5 aftershocks with their focal mechanisms (Farahbod

et al.,

2003). The area covered by the

interferograms IG1-IG4 (see Table 1) is marked with thin black
rectangles.

White spots in the elevation map result from gaps in

the SRTM (Space Shuttle Radar Mission) elevation model.
4.2
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79

Interferograms from ERS-1/2 (C-band) and JERS-1 (L-band) satellite data (Tab. 4.1) with indicated line-of-sight direction (arrows)
in foreground of shaded topography in UTM coordinates (UTM
zone 40S). Two aftershocks with M>5 are marked by white circles
and outlined with white dashed lines are areas where data errors
were estimated.
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83

Data error auto-covariograms (thin lines) and tted auto-covariance
functions (thick lines) for IG1-4 (Fig. 4.1 & Tab. 4.2) with two different scales for the ERS interferograms (left ordinate) and the the
JERS-1 interferogram (right ordinate).

The estimated data error

auto-variances are marked at the corresponding ordinates to the
left and right.
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Ratios of the model likelihoods

mi

L (mi ) /L (mopti ) for a) the models

visited in the progressing optimization with respect to the op-

timum model

mopti

and b) for the last stage of the optimization at

a dierent scale. Changes of parameters in the four stages of the
optimization are indicated with vertical lines and the values of the
variable parameters (number of parents, number of osprings per
generation and parameter standard deviation) are given. . . . . . .

94
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Model parameter correlation coecients calculated from impor-
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tance sampling model ensemble.
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Data mist as a function of model solution roughness with chosen
weighting factor

4.8

. . . . . . . . . . . . . . . . . . .

κ

(large cross).

. . . . . . . . . . . . . . . . . . . 100

(a) Optimum fault slip model of the Zirkuh earthquake showing the
movement of the western side of the fault with respect to the east
side. On top of the fault model the horizontal surface slip values,
modelled (grey dots) and measured (black circles) by (Berberian

et al.,

1999), with distance from the northern end of the fault are

given. The large open circle marks the hypocenter location of the
Zirkuh earthquake. The segments 11, 13 and 14 are displaced for a
better view and the thick lines indicate their correct N-S position.
(b) Fault slip variance due to variable fault geometry (small blue
dots) and slip variance due to data errors (small red dots) with
respect to the optimum model (black arrows). . . . . . . . . . . . . 104
4.9

Line-of-Sight surface deformation measured with InSAR of IG1IG4, subsampled (a,d,g and j), the corresponding model predictions of the optimum distributed slip model (b,e,h and k) and
model residuals (c,f,i and l).

The black line marks the surface

trace of the fault model segments.
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Pseudo-focal mechanisms of the main Zirkuh rupture sections calculated from the fault slip model (Tab. 4.4) and sub-event moment
tensors after Berberian

et al.

(1999).

The fault model segments

are shown in a surface projection (thick lines mark upper segment
edges) and the dierent shades of gray indicate the subdivision of
the Zirkuh rupture into three sections. The bottom row shows two
centroid moment tensor solutions together with the pseudo-focal
mechanism representing the entire Zirkuh rupture as estimated in
this study (Tab. 4.4).
4.11
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(a) Seismic potency P, the integral of coseismic slip along the rup-

 z:

ture, normalized and as a function of depth
P̄

(z) =

L
P (x, z) dx/max
0

slip earthquakes after Fialko

L
P (x, z) dx
0

et al.

2004), the Hector Mine (Simons

al.,

2003) and the Bam (Fialko

with P̄

(2005):

et al.,

et al.,

for several large strikethe Landers (Fialko,

2002), the Izmit (Cakir

et

2005) earthquakes together

(z) of the northern Zirkuh rupture section (segments S2 - S4

and S17) and the central rupture section (segments S5-S8 and S15)
part. Grey horizontal bars mark 95% condence estimates of P̄

(z)

derived from the distributed slip model ensemble in Fig. 4.8b. (b)
Histograms showing the dierences between average seismic potencies P̄

(zi ) at dierent depths zi

on the northern Zirkuh rupture

section (segments S2 - S4 and S17) considering the ensemble of
Zirkuh fault slip models (Fig. 4.8b).
trate the dierences P̄
and
4.12
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The three histograms illusfor

z = (1, 3, 5, 7)

kilometers
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(a) Data coverage overlap for interferograms IG1-IG4 and the corresponding 3D LOS vectors pointing from the ground towards the
satellite (solid arrows) with their surface pro jections (dashed arrows). (b) Overlapping-data weights of pixels in the study area. . . 114
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