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ABSTRACT

New approaches in Bayesian estimation of earthquake fault model

parameters from InSAR and GPS

Rishabh Dutta

InSAR and GPS observations of Earth’s surface displacements are used to infer

earthquake source parameters. Bayesian estimation of the source parameters produces

the probability densities of the plausible parameters that are consistent with the

observations. This facilitates analysis of the model parameters uncertainties and

trade-offs regardless of the complexities (e.g., non-linearity, non-uniqueness, under- or

over- parametrization, etc.) of the problem. In this thesis, I show various approaches,

e.g., use of a priori information and innovative parameterization schemes, to study

the effect of fault geometry in the fault slip estimation.

During the Bayesian inference of fault parameters for the 2005 Mw6.6 Fukuoka

(Japan) earthquake from InSAR and GPS data, the offshore location of the earth-

quake makes the fault parameter estimation challenging with geodetic data coverage

mostly to the southeast of the earthquake. We use a priori constraints on the moment

magnitude and fault location with respect to the aftershock distribution to alleviate

the bias in fault slip estimation. Propagating the uncertainties of the improved source

parameters in the calculation of Coulomb failure stress changes shows that the main-

shock strongly increased failure stresses on a nearby fault below Fukuoka city.

Biased discrepancies between the observations and the forward model predictions

during fault source estimation of large earthquakes occur while using pre-assumed

simple planar fault geometries. For this, we parametrize complex non-planar fault

geometries using a few polynomial parameters. The fault geometry parametrization
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allows the fault surface to have any desired curvature in both the down-dip and the

along-strike directions. Using Bayesian inference to estimate the fault geometrical

parameters simultaneously with the spatially-variable slip, we demonstrate the precise

estimation of the location and value of the slip and their uncertainties. This robust

approach is exemplified using a synthetic test considering a checkerboard-like slip

pattern on a listric non-planar fault.

This fault parametrization is then used to infer the non-planar fault geometry si-

multaneously with the spatially-variable slip for the 2011 MW9.1 megathrust Tohoku-

Oki (Japan) earthquake. A priori information like the trench and seismicity locations

are utilized during the Bayesian estimation. The fault geometry estimated for the

earthquake shows variation in fault dip in both along-strike and down-dip directions,

while the slip distribution estimated is comparable to those of the previously reported

studies. The fault geometry and its uncertainties compare well with the Hayes’ slab1.0

model.

The primary outcome of the thesis is that the fault slip estimates can be biased

due to pre-assumed fault location and geometry. Through simultaneous Bayesian

estimation of non-planar fault geometry and spatially-variable slip, good coverage of

the geodetic data can resolve for fault-dip variations at depths, and the estimated

slip is not biased. The proposed method can exploit the potential of the improved

spatial resolution of the geodetic data in the future.
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Chapter 1

Introduction

Observations of earthquake ruptures from geodetic, seismic, and tsunami data are

used to decipher earthquake source processes. However, estimating details of the

source rupture from these data collected from the Earth’s surface is an under-deter-

mined optimization problem that can have multiple non-unique solutions. The source

parameters are often physically established through a complex non-linear relation

with these observation data and estimation methods, such as Bayesian inference,

which helps in addressing the various distinct solutions possible for such problems

stochastically. However, there are limitations in the Bayesian inference leading to

biased estimates due to pre-assumed simple fault geometry, fault location, or simple

Earth structure.

The purpose of this work is to investigate the effect of uncertain fault locations

and geometries in the estimation of earthquake fault slip from geodetic data. The

bias in fault-slip estimates due to imprecise fault locations and geometries is usu-

ally neglected in earthquake source studies, although it can alter the conclusions

based on such results. I use Bayesian estimation of the fault geometry simultaneously

with the spatially-variable slip from geodetic data. Our non-planar fault geometry

parametrization approach allows for various undulations in both the along-strike and

down-dip directions. The Bayesian formulation allows estimating complex fault ge-

ometries based on the resolving power of the data combined with the state-of-the-art

sampling techniques. The sampling technique can efficiently explore the complex so-

lution spaces (or posterior probability density in the case of Bayesian inference) with
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many peaks and valleys, and select the high-probability solutions.

I also study the effect of incomplete or limited geodetic data coverage on the

estimation of fault geometry and location for medium- (2005 Mw6.6 Fukuoka) to large-

sized (2011 Mw9.1 Tohoku-Oki) offshore earthquakes. Through the simultaneous

Bayesian estimation approach, I use auxiliary information, e.g., aftershock locations,

seismicity, etc., as prior constraints to support the estimation of the fault geometry

and location precisely without a bias. I assess the resulting ensemble of the posterior

probability density to obtain the trade-offs and uncertainties of the fault geometrical

and slip parameters. I compare our estimated fault geometry and slip with some of

the previously reported studies.

In this introduction, I will begin by providing some information about earthquake

source estimation studies using geodetic data. I include a brief introduction of geode-

tic data, i.e., global positioning system (GPS) and synthetic aperture radar interfer-

ometry (InSAR). Then, I discuss the various optimization techniques developed for

earthquake source studies. Next, I present the Bayesian framework for geodetic data

and model parametrization schemes. I also discuss the different flavors of Bayesian

approaches published for earthquake source studies. Then, I include more details of

the objective of my studies, and the structure of the chapters.

1.1 Earthquake source estimation

Reid [Reid, 1910] proposed the elastic rebound theory more than 100 years ago. He

examined the ground surface displacements along the San Andreas Fault after the

1906 San Francisco earthquake. He proposed that an earthquake happens when there

is a sudden slip on a fault resulting in surface displacements, which is analogous

to when you snap your fingers. Before the snap, the fingers are pushed together

and sideways. The friction between the fingers caused by the fingers pushed together

prevents the fingers from moving sideways. When this friction is overcome, the fingers
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suddenly move sideways, and the energy is released in the form of sound waves.

Similarly, stresses in the Earth’s crust keep the two sides of faults pushed towards

each other, posing friction against the shear stresses. Eventually, as the Earth’s crust

deforms, the rock volume spanning the opposing sides of a fault are subjected to

accumulating shear stresses. When the frictional resistance of the fault is exceeded,

the fault slips instantaneously in an earthquake just like the finger snap. The accu-

mulated energy is then released as seismic waves that travel through the Earth, and

this causes the shaking felt during an earthquake.

1.1.1 Forward model

Reid’s conceptual model of elastic rebound theory laid the foundation for the under-

standing that an earthquake is a sudden release of elastic strains that accumulate

over a long-lasting period. The areas immediately close to the rupturing fault expe-

rience permanent static displacements that are higher close to the fault and diminish

farther away from it. To resolve these coseismic surface displacements, the Volterra

model [Volterra, 1907] describing a dislocation as a surface of displacement disconti-

nuity with a uniform distribution of the slip throughout was developed [Nikkhoo and

Walter, 2015]. Steketee [1958] developed this model further using a Green’s function

method to conceptualize surface displacements due to a point dislocation surrounded

by a semi-infinite isotropic elastic medium. According to Steketee, the displacement

field ui(x1, x2, x3) due to a dislocation ∆uj(x1, x2, x3) across a surface Σ in an isotropic

medium is:

ui =
1

F

∫
Σ

∫
∆uj

[
λδjk

∂uni
∂ξn

+ µ

(
∂uji
∂ξk

+
∂uki
∂ξj

)]
vkdΣ, (1.1)

where δjk is the Kronecker delta, λ and µ are the Lamé coefficients, vk is the direction

cosine of the normal to the surface element dΣ, and the summation convention applies.



18

The term uji is the ith component of the displacement at (x1, x2, x3) due to the jth

direction point force of magnitude F at (ξ1, ξ2, ξ3). Analytical solutions for finite

rectangular or triangular dislocations buried within a half-space isotropic medium can

be obtained by the integration of these fundamental point-source dislocations [Okada,

1985, Meade, 2007, Nikkhoo and Walter, 2015].

Compact analytic expressions for surface displacements, strains, and tilts due to

inclined shear and tensile faults in an elastic half-space for both point and finite

rectangular sources is one of such examples [Okada, 1985]. Owing to its compact-

ness and fast computational speed, these analytical solutions are often used for fault

source parameter inversions. The source parameters used in these analytic solutions

generally include the geometry (location, strike, dip, and dimensions) of the rectan-

gular/triangular source fault and the amount of slip and slip mechanism. Numerous

other studies tried to develop formulations for a more realistic earth model, e.g., by

including the effect of earth curvature, the impact of surface topography, the impact

of crustal layering, the impact of lateral inhomogeneity, the effect of obliquely layered

medium, the effect of compliant fault zones, etc. However, most of these formulations

are too lengthy or complicated and hence impractical, or have singularities under

particular conditions, or their effect is negligible. Often, due to the non-uniqueness

of the source estimation problem and convenience, simple source configurations and

assuming an isotropic and homogeneous half-space are preferred.

1.1.2 Geodetic data

Since the early 1900s, ground-based geodetic techniques, e.g., triangulation, trilater-

ation, leveling, etc., have been used to measure the surface horizontal and vertical

displacements caused by earthquakes [Lambeck, 1988]. Until the 90s, other ground-

based techniques like strainmeters, tiltmeters [Agnew, 1986], and creepmeters [Bilham

et al., 2004] provided useful information on local crustal deformation, but they lacked
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sensitivity for large distances and were laborious and costly. It was only after the ad-

vent of space-based geodetic techniques, namely Global positioning system (GPS) and

Synthetic aperture radar interferometry (InSAR), that surface displacements could

be mapped with better temporal and spatial resolutions and suitable accuracy for

coseismic slip estimations. InSAR allows for global coverage during both day and

night with some satellite data being freely available.

Global positioning system (GPS)

The Global Positioning System (GPS) is a satellite-based global radio navigation

system made up of 24 satellites (plus some spares) that constitute the US NAVSTAR

GPS constellation [Dixon, 1991]. The GPS constellation is one of the developing or

already established global navigation satellite systems (GNSS), which also includes

the Russian GLONASS, and developing constellations of European Galileo, Chinese

BeiDou, Indian NAVIC, and Japanese Quasi-Zenith. Each GPS satellite continuously

transmits a carrier radio signal containing the current time and data about its position

as codes modulated into the carrier phases. These satellites carry very stable atomic

clocks that are synchronized with one another and with ground clocks. Many reference

GPS receivers on the ground compute the time difference between their local clocks

and that from the GPS satellite. This time difference is translated to the range of

the receivers from the satellites located at more than 20,000 km altitude using the

speed of the radio waves. Using these accurate positions and times of the satellites,

GPS surveys in campaign modes or continuously operating stations are tracked with

sub-centimeter accuracy.

Generally, a survey with GPS receivers on the ground should obtain radio car-

rier signals from at least four GPS satellites to determine its location within ∼1

m accuracy. Also, using the phase information of the carrier signals that are usually

transmitted in 2 to 3 different frequencies, a more precise location of a few millimeters
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can be achieved. However, these location measurements are often subjected to many

biases and errors, mainly due to clock errors in receivers and satellites, ionospheric

and tropospheric delays, signal multipaths due to reflections from objects near GPS

antennas and other receiver noise [Segall and Davis, 1997]. Usually, most of these

errors are modeled or corrected during the processing.

To study earthquake fault slip, GPS measurements of three-dimensional surface

displacements from before the earthquake are subtracted from measurements after the

earthquake [Segall and Davis, 1997]. Coseismic surface displacements can be attained

with good accuracy from continuous GPS stations, however, operating such stations

can be costly, whereas GPS measurements of coseismic displacements from campaign

surveys have larger errors and usually contain inter-seismic and postseismic surface

displacements.

Synthetic aperture radar interferometry (InSAR)

While GPS provides long-term stability with better temporal resolution, synthetic

aperture radar interferometry (InSAR) provides better global coverage with good

spatial resolution and wide swaths (10s to 100s of kilometers) [Simons and Rosen,

2007]. InSAR measures changes in the line-of-sight (LOS) distances between the

radar satellite and Earth’s surface. These radar satellites illuminate the area within

its swath on the Earth’s surface with electromagnetic microwaves and with a recur-

rence interval of days to a few weeks. Using signal focusing techniques and precise

orbit information, synthetic aperture radar (SAR) images provide both amplitude

and phase information of the reflected signals. The amplitude images show the high

resolution (meters to tens of meters) reflectance of objects on the Earth’s surface

without the interference of weather and day/night. The phase difference data of two

acquisitions at different times from the same antenna position can reveal shifts in

the received signals of the order of small fractions of the radar wavelength. The
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phase difference from precisely aligned SAR images is called an interferogram, which

provides information on displacements of the target objects between the two acquisi-

tions. But, often the antenna positions for these two acquisitions are separated by a

distance of several hundred meters, and phase changes due to orbit differences and to-

pography have to be corrected. The resulting phase difference cycles showing module

2π fringes (wrapped interferogram) are then converted to a contour of range-changes

(unwrapped interferogram) through phase unwrapping.

The unwrapped interferogram generally maps the surface displacements in the

LOS direction at wide swaths of ∼100 km or more and with a spatial resolution of

several tens of meters (or better) between the two acquisition times of the satellite.

With incidence angle of the radar signals of 15 to 45 degrees from the vertical, vertical

displacements are usually better resolved than the horizontal displacements. InSAR

data are not sensitive to the component of displacements parallel to the satellite

track (near North-South displacements). Since the side-looking and polar orbiting

radar satellites image the Earth’s surface during both ascending (satellite moving

North) and descending (satellite moving South) passes, interferograms from these

two different look directions can be combined to obtain vertical and near east-west

components of the surface displacement.

While InSAR has already proven to be a very useful tool for mapping surface

displacements, several error sources can limit the quality of the data [Simons and

Rosen, 2007]. For example, temporal changes in the characteristics of reflected radar

signals due to the movement of target objects (e.g., vegetation growth, farms, con-

structions, erosion, landslides, snow, etc.) cause decorrelation in interferograms, and

an increase in the perpendicular distance of the repeating satellite orbit tracks reduces

the interferogram coherence.

For satellites using a longer wavelength L-band (∼24 cm) radar, the radar waves

can penetrate deeper through the vegetation and are thus less affected by vegeta-
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tion growth or farms. They have much improved phase correlation compared to

shorter wavelengths, namely C- (∼6 cm) and X- (∼3 cm) band radars. Longer wave-

lengths also allow for a wider range of orbit separation without losing image coherence

[Bürgmann et al., 2013]. Thus, with longer wavelengths, more separation in temporal

and orbit baselines than those of shorter wavelengths are suitable for producing an

interferogram. Interferograms are also affected by signal delays in the atmosphere as

the radar wave propagation velocity changes with the change in the refractive index of

the atmosphere. The relative atmospheric delays within an interferogram can range

up to several centimeters and can be difficult to distinguish from small surface dis-

placements. Atmospheric signals in InSAR data are often reduced through averaging

a large number of interferograms, through estimating the atmospheric phase screens,

through removing first-order correlation with topography, and/or through using com-

plementary observations of the atmosphere variability made from GPS networks or

other satellite sensors [Bürgmann et al., 2013].

1.1.3 Optimization techniques

As the dislocation theories developed, it was not until the 1990s that the geodetic data

(GPS and InSAR) with suitable temporal and spatial resolutions could be used to

infer the detailed earthquake source dimensions and locations. Simultaneously with

improved data quality, better techniques for fault model optimization were developed.

During the early years of the development of the dislocation theory, geodetic data were

compared to these analytical solutions of the fault models through a trial and error

approach. Chinnery [1961] used the analytical form of Steketee’s model [Steketee,

1958] and showed that the general features of the crustal deformations due to San

Francisco, Tango, and north Ido earthquakes agree well with a rectangular dislocation

model. Estimating both fault geometry and the amount of slip is essentially a non-

linear and non-unique problem. However, estimating only the static slip parameters
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when the fault geometry is known, is a linear problem that Backus and Gilbert

[1970] solved using classical approaches of linear inversion formulation with implicit

regularization. Although this approach produces unique solutions, it leads to different

results for different regularization assumptions. Jackson [1979] showed how explicit

prior information could be used simultaneously with observed data to determine the

fault solution uniquely, but these solutions inevitably depend on initial values of

model parameters.

Jackson’s approach was extended to non-linear problems by Tarantola and Valette

[1982b] and Jackson and Matsu’ura [1985] using a Bayesian approach, and a unique

fault model was estimated using a Maximum Likelihood method. Tarantola et al.

[1982] also gave the general formalism for Bayesian estimation of non-linear inverse

problems on the basis of probabilistic theory. However, it was not until the 2010s that

the full advantage of this probabilistic approach could be explored due to computa-

tional limitations. A gradient-based search technique with positivity constraints was

implemented to estimate the non-linear fault parameters [Marshall et al., 1991, Ward

and Barrientos, 1986], while Arnadóttir and Segall [1994] used quasi-Newton search

techniques that approximate the curvature of a non-linear misfit function along a line

to minimize these functions. These derivative-based search techniques are not robust

against misfit functions with many local minima and the fault solution is heavily de-

pendent on the initial starting fault model that is selected based on a large amount

of a priori information [Arnadottir et al., 1992]. With the improvement of computa-

tional facilities, global optimization techniques exploring Markov chain Monte Carlo

chain of samples were developed. This required the forward model prediction to be

computed more than 100,000 times while global minima of the misfit function are

searched [Cervelli et al., 2001].

Since the 2000s with the abundance of geodetic data and better computational fa-

cilities, the earthquake source parameters are estimated with various different flavors
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Figure 1.1: Work flow of observing deformation from satellite data and earthquake
fault modeling. Modified from Elliott et al. [2016b].



25

of fault parametrizations (Fig. 1.1). For small and moderate earthquakes, a single

planar fault model is estimated using a global optimization technique. Considering

an Okada [1985] rectangular dislocation within an isotropic half-space medium, the

model parameters are usually the fault location, size, fault slip (and rake). This

planar fault is then used to estimate a spatially-variable slip using a linear least-

squares method. For large earthquakes, the fault orientation is estimated iteratively.

Firstly, a single planar fault is estimated, and then more fault segments are added

depending on the data residuals or surface rupture. Then spatially-variable slip is

estimated on those fault segments using slip-smoothness regularization and positiv-

ity constraints. When the fault geometry is hinted to be non-planar from surface

ruptures, aftershocks, seismic profiles, etc., non-planar fault geometry is constructed

using triangular dislocations. The spatially-variable slip is then estimated using non-

negative least-squares linear inversions.

However, different research groups often report distinct fault model solutions af-

ter every major earthquake based on a various choices of constraints, presumed fault

geometry and Earth structure, choice of parametrization, and different sets of data

chosen, etc. [Mai and Thingbaijam, 2014]. Although all these fault models explained

the various observations equally well, they could be argued to be part of the solution

space of the fault model parameters. This encouraged the researchers to estimate

the uncertainties and trade-offs of the fault model parameters, as the fault model

estimation still remains a highly non-linear and non-unique problem and the solu-

tions can vary if different assumptions of the physics are considered. To estimate

the uncertainties of the fault model parameters, Sudhaus and Jónsson [2009] used

a randomize-then-optimize approach, where a distribution of plausible models were

obtained from a global optimization technique applied to the data observations was

altered with many realizations of the correlated noise. Others used the probabilistic

approach suggested by Tarantola et al. [1982] to define a posterior distribution of the
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fault model parameters using the physical relation of the data and the model with

any direct or indirect prior constraints. The posterior distribution was then sampled

either using analytical solutions or using MCMC based sampling techniques.

1.2 Bayesian inference techniques

Using Bayesian inference, the stochastic estimation of earthquake source parameters

describing either the fault geometry and slip distribution, or the space and time evo-

lution of the slip on the fault, can be achieved. Like the optimization techniques, the

physical relation between the observables, e.g., geodetic data, seismological records,

tsunami records, etc., and the conceptual forward model are taken into consideration.

The Bayesian technique uses the concept of inverse conditional probabilities from the

Bayes theorem. Through this, we can calculate the probability of an event B given

an event A is observed, when the probability of event A given an event B happens

is known. In geophysics, this translates to when the probability of the data given a

set of model parameters is known, and what the probability of the set of model pa-

rameters is, given the observed data. This is obtained by evaluating the probability

of the data given a set of model parameters, also known as the forward model. The

closeness of the predicted data with the observed data determines the likelihood of

the proposed model.

Consider the probabilities of the events A and B are P(A) and P(B). Then, the

probability of both the events occurring is the joint probability P(A ∩ B). This prob-

ability is equivalent to the product of the probability on one of the events occurring

and the probability of the other event occurring given that the first event occurred,

i.e., P(A∩B) = P(A)P(B|A) = P(B)P(A|B). Thus, the probability of event A, P(A)

can also be given as:

P (B|A) =
P (B)P (A|B)

P (A)
, (1.2)
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which is also the Bayes’ theorem. The same equation can be extended if A and B

are continuous variables. If A denotes the continuous variables of the observed dis-

placements, and B denotes the continuous variables of the model parameters. Then,

P(B|A) denotes the probability of model parameters given the observed displace-

ments. On the right hand side, P(B) represents the prior probability of model pa-

rameters and P(A|B) is the probability of predicted displacements given the model

parameters, also called likelihood function. The denominator P(A) is the probability

of the observations, also known as the evidence. The denominator is often ignored

and considered as a normalization constant.

1.2.1 Likelihood function

The likelihood function determines the goodness of the fit of the model parameters

with the observed data. A high value of the likelihood function means the predicted

data is close to the observed data within the errors of the observed data. The likeli-

hood function can contain information on the observation errors as well as the errors

introduced due to the modelization schemes (modeling errors). A well-estimated data

error can affect the results in a way that under-estimated errors can cause the model to

over-fit the data or vice versa. The modeling errors in source estimation problems are

comparable to data errors. They often arise due to implementation of simplistic model

assumptions as opposed to the real Earth scenario, e.g., isotropic half-space, simple

planar fault geometry, inaccurate fault locations, slip model not amenable to actual

rupture. While the modeling errors are often neglected for small or moderate-sized

earthquakes, they are quite apparent for large earthquakes, where simple assumptions

can result in bias. While many studies find a way to include modeling errors in their

source estimation formulations, this implementation can be explored in many more

ways. Usually, the likelihood function is defined in the following way considering
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Gaussian distributions for the data and modeling error:

L(θ) ∝ exp

[
−1

2
(d− g(θ))T Σ−1

ψ (d− g(θ))

]
, (1.3)

where d is the observed data, and g(θ) is the predicted data that is a function of

the model parameters θ. The covariance matrix Σψ contains the error contribution

of both the observational (Σd) and modeling errors (Σθ) such that Σψ = Σd + Σθ.

Generally, data error is estimated during the measurement or data processing and

does not change during the Bayesian sampling. However, the modeling error can be

estimated at different stages of the Bayesian sampling and can be updated as the

more probable model parameters are searched.

1.2.2 Prior distribution

Prior distribution can include any auxiliary information about the model parameters

that are independent of the observations. This prior information acts as a bound

for the model parameters and can be classified into direct and indirect priors. Di-

rect priors bound the model parameters with a certain range, e.g., the non-negativity

constraint on the slip, upper limit of slip values to exclude erroneous slip values, etc.

The range of the model parameters has to be within the physical limits. Indirect

priors regulate the structure of the stochastic model in the sense that it regulates

the closeness or distinctness of a few model parameters when considered together.

For example, fault slip roughness can be constrained using a prior distribution dis-

allowing any sharp changes in slip between nearby slip patches. Indirect priors can

also comprise linear regularization constraints on the model parameters. For source

estimation studies, any number of prior constraints can be applied in a Bayesian

framework. Often upper and lower bounds or positivity constraints as direct priors

are implied for slip parameters. Slip roughness constraints as indirect prior are also
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implied for slip parameters. In our work, we will further discuss more ways to include

a priori information of fault model parameters.

1.2.3 Posterior distribution and sampling

The multiplication of prior distributions and the likelihood function is equivalent to

the posterior probability density of the model parameters given the observed data.

This posterior density can usually only be computed point-wise for a single set of

model parameters. In order to estimate the entire distribution of the posterior den-

sity, enough samples of the sets of model parameters have to be obtained so that

the population of those samples is directly proportional to this density. In certain

cases, depending on the choice of prior distribution and likelihood function, and the

relation between the data and the model parameters is linear, the posterior density

can be evaluated using an analytical formula. Otherwise, Bayesian sampling of the

posterior probability density is required. Most of the sampling methods are based on

Markov Chain Monte Carlo sampling, where random samples are drawn based on its

corresponding posterior density. Gibbs’ sampling and Metropolis Hastings algorithm

are examples of two of the most popular sampling techniques.

Often in source estimation studies, the relation between the model parameters and

the data is non-linear, and there might be multiple solutions to the problem. In terms

of Bayesian inference, it means that the posterior distribution has multiple peaks and

might deviate from the general Gaussian assumptions. Such a complex geometry of

the posterior distribution requires a robust sampling technique. When the number

of model parameters is large, the posterior distribution is multi-dimensional, and

sampling such a density can be a challenge. Modern literature contains a lot of

strategies using parallelization of MCMC techniques or tempering, etc. that can

efficiently sample a multi-dimensional posterior density with a complex geometry of

multiple peaks and valley. This complex geometry of the posterior density is not to
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be confused with complex non-planar geometry of an earthquake fault that is dealt

with in our work.

1.2.4 Advantages over optimization techniques

The advantage of the Bayesian approach over the conventional optimization ap-

proaches is that probability density of the plausible model parameters can be es-

timated, from which the uncertainties and trade-offs within the model parameters

can be studied. Often, the traditional optimization techniques select only one model

solution that may not be the best representation of model solution space if there are

multiple peaks and valleys in the complex solution space. In contrast, the histograms

of the Bayesian samples can represent the complex topography of the solution space

such that the fewer models are present in low probability regions and more samples

are present in the high probability regions. Also, multiple peaks with similar prob-

abilities for a non-linear problem can be mapped with this technique. Additionally,

any number of a priori constraints that are independent of the data can be combined

along with the non-linear physical relation between the model and the data that is

solved. Such constraints can have any form, e.g., positivity constraints, linear regu-

larization, non-linear constraints, model bounds, a combination of different datasets,

a combination of models, etc.

1.2.5 Bayesian estimation in earthquake source studies

The earliest use of the Bayesian approach to probability in geophysics can be traced

back to the 1930s, with the work of Sir Harold Jeffreys [Jeffreys, 1931, 1946]. Taran-

tola et al. [1982] proposed a Bayesian approach to solve the general non-linear inverse

problem with a finite number of parameters and used it to estimate hypocenter loca-

tions. They showed the use of probability density functions for data and model pa-

rameters to incorporate any a priori information about the parameters along with any
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distribution of data (Gaussian or non-Gaussian). Their Bayesian formalism allowed

incorporation of theoretical errors, such that the general theoretical relationship fol-

lows probability density functions, which later got to be known as likelihood function.

The target posterior probability density was estimated using analytic solutions for lin-

ear problems (and a few non-linear problems). However, for most non-linear problems,

they suggested evaluating the maximum likelihood solution instead of the posterior

probability density due to the computational limitations [Jackson and Matsu’ura,

1985]. The posterior probability density for a non-unique non-linear problem was

later attempted to be imaged using a random-walk Monte Carlo sampling technique

by Mosegaard and Tarantola [1995]. Markov chain Monte Carlo (MCMC) methods

and various other proxy techniques were also introduced to sample the posterior den-

sities and were used in multiple geophysical studies [Malinverno, 2002, Sambridge and

Mosegaard, 2002, Sen and Stoffa, 1996].

Bayesian formulation of the earthquake source problems existed in the 80s and

early 90s, but it was impossible to sample the full posterior probability densities.

Several of these studies only estimated the maximum likelihood (ML) or the least-

squares solution. Under a few circumstances, these ML solutions were the same as

the least-squares solution, although with the inclusion of non-linear priors or other

constraints, the ML solutions can be considerably distinct. Matsu’ura and Hasegawa

[1987] used the Bayesian formulation to decipher fault slip for the 1943 M7 Tottori

(Japan) earthquake using geodetic data from triangulation points. They constructed

the fault using nine rectangular segments and constrained their orientations using

aftershock locations and P-wave first motions as prior information. They also used

slip smoothness to limit the fault slip. However, they estimated the maximum likeli-

hood solution. Yabuki and Matsu’ura [1992] also used geodetic data from triangula-

tion points to determine spatially-variable slip for the 1946 Ms8.2 Nankaido (Japan)

earthquake. They represent their fault slip distribution by the superposition of bicu-
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bic B-splines with various amplitudes, and this model is related to the observations

using the Bayesian formulation. Although they also estimate the ML solution, the

choice of regularization is based on Bayesian assumption, known as Akaike’s Bayesian

information criterion (ABIC). Matsu’ura et al. [2007] exhibit the use of direct and in-

direct prior information of the model to be used in the Bayesian formulation to study

the 1923 M7.9 Kanto earthquake. Although they estimate the hyperparameters using

the Bayesian criterion ABIC, they obtain the fault slip from the least-squares solu-

tion. Yagi and Fukahata [2011] propose the utilization of the errors in the Green’s

function to generate a modeling error covariance and use it in the formulation of the

posterior density. They determine the hyperparameters also using the model selection

criteria ABIC, while using the least-squares solution for the other parameters.

In the 2000s, several Bayesian studies in geophysics presented an efficient sam-

pling of the posterior probability densities using different Markov Chain methods.

These techniques advanced the Bayesian inference in earthquake source estimation.

Fukuda and Johnson [2008] implemented the Bayesian analysis of spatially-variable

slip for the 1999 Mw7.6 Chi-Chi (Taiwan) earthquake using GPS displacements. Us-

ing slip-smoothness prior along with positivity constraints on the slip values, they

determined both the smoothing and the model parameters using Bayesian sampling.

The smoothing parameter values using Bayesian sampling are accurate in contrast to

when using ABIC in the presence of the positivity constraints. Monelli and Mai [2008]

inferred kinematic earthquake rupture parameters, i.e., space and time evolution of

fault slip using the Bayesian approach. They use a tractable proxy method based on

an evolutionary algorithm to estimate an approximation of the true posterior proba-

bility density. Owing to the highly non-linear relation of the model parameters with

the observations through the physical model, marginal posterior densities of several

parameters do not follow a Gaussian distribution for a synthetic test case. Monelli

et al. [2009] studied the space and time evolution of the 2000 Mw6.6 Western Tot-
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tori (Japan) earthquake using Bayesian inference from strong-motion and GPS data.

The two data likelihoods each for the strong-motion and GPS data were combined

to define the multi-dimensional (>200 model parameters) posterior density. They

used Metropolis algorithm to sample the posterior PDF and could successfully re-

solve some highly non-linear parameters with non-Gaussian behavior, e.g., rupture

time, rise time, and rake angle. The GPS data aided in reducing some slip artifacts,

thus influencing the seismic moment. Fukuda and Johnson [2010] used the Bayesian

analysis to study coseismic finite-fault and interseismic slip modeling from multi-

ple geodetic data. The posterior probability density of the model parameters, some

of which are related linearly, and some are related non-linearly to the observations

through the theoretical model, is sampled using both analytical least-squares solu-

tions and Monte Carlo sampling. This method is useful for high-dimensional mixed

linear-non-linear inverse problems where applying Monte Carlo sampling technique

to the full posterior probability density is difficult due to high computational costs.

Their Bayesian formulation also included prior information of the model parameters,

e.g., regularization priors that are aimed to stabilize underdetermined problems.

As Bayesian inference has been used extensively in earthquake source studies in

recent times, several strategies have been developed to incorporate better realization

of observational and modeling errors, better parametrization schemes, etc. Duputel

et al. [2012] performed Bayesian estimation of centroid moment tensor solutions from

W-phase of the seismic waveform. They evaluated realistic diagonal and non-diagonal

components of the observation covariance matrix. They also included a modeling er-

ror related to mislocation of the centroid position, so that the model solutions did

not over-fit the data traces. Minson et al. [2013] proposed a Bayesian analysis of

the coseismic finite-fault model for space and time evolution of slip using geodetic,

seismic, and tsunami datasets. To sample a high-dimensional posterior probability

density, they developed a new sampling algorithm, CATMIP. This technique employs
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Markov chains to run in a parallel computing environment. They used this technique

to study the 2011 Mw9.1 Tohoku-Oki (Japan) earthquake without using any regu-

larization constraints [Minson et al., 2014, Simons et al., 2011]. They also used a

crude estimate of model prediction errors in their modeling, such that the posterior

PDF may significantly change with the use of different parametrization of the model

prediction error. They observed that neglecting data from the DART stations up-dip

of the source, or using regularization constraints tends to over-estimate the shallow

slip. Duputel et al. [2014] proposed a pragmatic estimation of modeling errors dur-

ing Bayesian estimation of spatially-variable fault-slip. The inaccuracies in the earth

model are included in the modeling by comparing the predicted data to first-order

perturbations of elastic properties. This sensitivity of data prediction is then mapped

into an error covariance matrix that is updated as the model evolves with increasing

samples. Including such theoretical errors related to the uncertainties in the earth

model resists overfitting of the data and attains a more reliable estimation of the

uncertainties. This concept of model prediction errors can be included for various

other Bayesian studies.

Dettmer et al. [2014] showed another way to use Bayesian inference to study the

space and time evolution of fault-slip from seismic data. They used an approach based

on a trans-dimensional self-parametrization of the fault. The technique is capable of

producing parsimonious solutions that require fewer parameters to capture the rup-

ture characteristics. The solutions tend to adapt the fault discretization (irregular

grids) to match the resolving power of the data intrinsically. The resulting solution is

also free of any subjective choice of regularizations. Gombert et al. [2017] performed

Bayesian analysis of earthquake source model parameters for the 1992 Mw7.3 Landers

earthquake. They showed that the inclusion of lateral heterogeneity in shear mod-

ulus corresponding to a damage zone around the fault in the modeling helps partly

in explaining the observed shallow slip deficit from the extensive geodetic datasets.
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Ragon et al. [2018] showed the assumptions of fault geometry could have a signifi-

cant impact on the Bayesian estimation of source model parameters. They estimated

a theoretical model covariance matrix to account for the uncertainties in the fault

geometry. This model covariance matrix can be added with any other modeling or

observational covariance matrix in the problem. Uncertainties in fault geometry can

bias shallow slip estimates and thus can have potential implications for the tsunami

hazard assessment. They used this approach of including uncertainties related to

fault geometry and elastic structure to the 2016 Mw6.2 Amatrice (Italy) earthquake

[Ragon et al., 2019]. They observed a reduction in sensitivity of model solutions to

low probable fault geometry assumptions, thereby increasing the robustness of the

model solutions.

Amey et al. [2018] showed the use of von Karman regularization for fault slip

estimation warranting the capture of self-similar nature of slip along with its inherent

smoothness criteria. It also helps in restricting the slip artifacts arising due to incor-

rect choice of the fault length and width. They implemented this regularization in the

Bayesian inference of source model parameters using InSAR and GPS for the 2016

Mw6.2 Central Tottori (Japan) earthquake observing the slip reaching larger depths as

compared to previous seismological studies [Amey et al., 2019]. Vasyura-Bathke et al.

[2019] developed an open-source python software Bayesian Earthquake Analysis Tool

(BEAT) that implements Bayesian framework to study earthquake sources with var-

ious parametrizations, e.g., moment tensor point sources, static and kinematic finite

fault sources. In recent years, efforts have also been made to estimate the dynamic

earthquake source parameters, e.g., fault friction parameters and stress conditions,

using the Bayesian approach. Gallovič et al. [2019a] proposed this technique using

a highly efficient rupture simulation code and pre-calculated Green’s functions and

used this for the 2016 Mw6.2 Amatrice (Italy) earthquake [Gallovič et al., 2019b].
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1.3 Goals of this study

In recent times, several Bayesian studies of earthquake source parameters aimed at

better resolving the fault-slip. Efforts in using realistic realizations of both obser-

vational and modeling errors, or using innovative parametrization schemes, or using

physical priors, etc., assist in better constraining the non-unique problem. The im-

provements in the acquisition of space-based geodetic data further support such efforts

in the Bayesian estimation studies. Shorter mapping recurrence duration of the radar

satellites allowing better coverage of the surface displacements near fault ruptures

with reduced gaps (decorrelations), means that the sub-surface fault slip can be es-

timated in more detail. However, the assumptions of simple planar fault geometries,

pre-assuming fault locations, use of simple isotropic half-space earth structure, etc.,

can often limit the search of the source parameters and hence bias the results.

The main aim of my work is to study the effect of varying fault geometries and

locations in the Bayesian estimation of earthquake source parameters.

Often, centroid moment tensor (CMT) solutions are used as a priori information

on the fault location and geometry in the fault-slip estimation of small to medium-

sized earthquakes. The fault source location of the CMT solution can sometimes be

off by >5 km and have considerable uncertainties in the fault-strike and dip. Use

of such uncertain parameters for fault modeling can result in bias. Here, I vary

the fault geometries and locations, while simultaneously estimating the fault-slip in

the Bayesian approach and use any auxiliary information available about the fault

geometry.

In the majority of earthquake source studies, the faults are simplified as planar

or multiple planar segments that are usually determined a priori to the fault-slip

estimation. Such simplification of fault geometries for large earthquakes can result

in biased fault-slip estimates, slip/stress singularities, and gaps/overlaps in geometry.

Here, I study such bias resulting from the use of pre-assumed simple planar and
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non-planar fault geometries. Also, I propose a technique to simultaneously estimate

complex non-planar geometry and spatially-variable slip in a Bayesian framework.

That seeks to alleviate the bias by varying the non-planar geometry in the fault-slip

estimation. I also include auxiliary information related to the non-planar fault in the

Bayesian estimation.

1.4 Thesis Outline

This introduction is followed by four chapters and accompanying appendices orga-

nized as follows:

In Chapter 2, I discuss the effect of direct priors, e.g., the moment magnitude

and aftershock locations, in the Bayesian estimation of earthquake source parameters

for the 2005 Mw6.6 Fukuoka (Japan) earthquake from InSAR and GPS [Dutta et al.,

2018]. I also determine the uncertainties in the Coulomb failure stress changes due

to the uncertainties in the fault model parameters.

In Chapter 3, I develop the simultaneous Bayesian estimation of complex non-

planar fault geometry and spatially-variable slip from geodetic data [Dutta et al.,

2019a]. I describe the Bayesian sampling technique that can robustly estimate the

multi-dimensional posterior probability density.

In Chapter 4, I implement the simultaneous Bayesian estimation of complex non-

planar fault geometry and spatially-variable slip for the 2011 Mw9.1 Tohoku-Oki

(Japan) earthquake from GPS data [Dutta et al., 2019b]. I describe the use of slip

smoothness and seismicity priors that helps to constrain the slip and geometrical

model parameters.

In Chapter 5, I summarize the key findings and provide an outlook on future

directions of research based on the reported findings.
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Chapter 2

Bayesian estimation of source parameters and associated

Coulomb failure stress changes for the 2005 Fukuoka (Japan)

Earthquake

2.1 Abstract

Several researchers have studied the source parameters of the 2005 Fukuoka (north-

western Kyushu Island, Japan) earthquake (Mw 6.6) using teleseismic, strong motion

and geodetic data. However, in all previous studies, errors of the estimated fault

solutions have been neglected, making it impossible to assess the reliability of the

reported solutions. We use Bayesian inference to estimate the location, geometry and

slip parameters of the fault and their uncertainties using Interferometric Synthetic

Aperture Radar and Global Positioning System data. The offshore location of the

earthquake makes the fault parameter estimation challenging, with geodetic data cov-

erage mostly to the southeast of the earthquake. To constrain the fault parameters,

we use a priori constraints on the magnitude of the earthquake and the location of

the fault with respect to the aftershock distribution and find that the estimated fault

slip ranges from 1.5 to 2.5 m with decreasing probability. The marginal distributions

of the source parameters show that the location of the western end of the fault is

poorly constrained by the data whereas that of the eastern end, located closer to

the shore, is better resolved. We propagate the uncertainties of the fault model and

calculate the variability of Coulomb failure stress changes for the nearby Kego fault,

located directly below Fukuoka city, showing that the main shock increased stress on
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the fault and brought it closer to failure.

2.2 Introduction

Earthquakes occur when shear stresses on a fault overcome clamping of normal

stresses and friction. The Coulomb failure criterion [Harris, 1998, King et al., 1994,

Stein et al., 1992] is used to characterize the stress conditions at which failure can

occur. An earthquake modifies the stresses in the surrounding rocks and may thus

either delay the next earthquake on a nearby fault or hasten it according to this fail-

ure criterion. A nearby mapped fault is considered moved closer to failure if changes

in Coulomb failure stress (∆CFS) due to an earthquake are positive and is further

from failure if ∆CFS is negative [e.g., Deng and Sykes, 1997, Hincapie et al., 2005,

Hodgkinson et al., 1996, Lin and Stein, 2004, Nalbant et al., 1998, Parsons et al.,

2000, 2008, Stein et al., 1994, 1997].

Many past studies focused on stress interactions between earthquakes. Deng and

Sykes [1997] found that 95% of magnitude 6.0 and greater earthquakes with strike-slip

and dip-slip mechanisms in southern California occurred in areas of increased ∆CFS.

Stein et al. [1997] inferred that nine out of ten large earthquakes along the North

Anatolian Fault between 1939 and 1992 occurred where ∆CFS was increased by the

previous earthquake. Parsons et al. [2000] showed that the 1999 Izmit earthquake

(MW7.6) occurred in an area of increased stress, which in turn increased ∆CFS on

a fault in Düzce that ruptured three months later. Nalbant et al. [1998] studied the

stress interaction between faults in the back-arc extensional region of the northern

Aegean Sea and between segments of the North Anatolian Fault in the Sea of Mar-

mara where there had been large earthquakes in the past. They found that 23 of the

29 events (strike-slip, normal and oblique fault mechanisms) occurred in areas of in-

creased Coulomb stress due to preceding earthquakes. Similarly, Doser and Robinson

[2002] found that six of the seven events with magnitude between 5.9 and 7 in south-
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ern Marlborough region, east of the Alpine fault in New Zealand, occurred where the

∆CFS was increased by the preceding earthquake by 10 kPa or more.

Most studies of changes in the Coulomb failure stress have ignored uncertainties

in the calculated ∆CFS although such uncertainties can be quite significant and

can vary at different locations around the source fault [Woessner et al., 2012]. These

uncertainties can be calculated by propagating uncertainties in the fault model [Hainzl

et al., 2009, Lohman and Barnhart, 2010, Woessner et al., 2012] and by including

uncertainties in the geometry of the receiver fault [Steacy et al., 2005]. Estimating

a fault model with unknown geometry from geodetic data is a nonlinear problem, in

which uncertainties of estimated parameters arise from uncertainties in the data and

the earth model.

Uncertainties in fault model parameters have been quantified in the past by obtain-

ing an ensemble of fault models describing the data [e.g., Cervelli et al., 2001, Duputel

et al., 2014, Funning et al., 2005, Monelli et al., 2009, Sudhaus and Jónsson, 2009,

2011, Fukuda and Johnson, 2008, Sun et al., 2011, Xu et al., 2015]. Some authors have

used Bayesian estimation of the fault-slip model parameters to obtain their posterior

distributions [e.g., Duputel et al., 2014, Monelli et al., 2009, Fukuda and Johnson,

2008, Sun et al., 2011, Xu et al., 2015]. However, they used only geodetic and/or seis-

mic data to constrain the fault parameters, even though the Bayesian method also

allows auxiliary physical information about the fault to be used when constraining

the fault-slip model. Although some regularization constraints (like slip smoothness)

have previously been used as a priori information about fault-slip patches [Fukuda

and Johnson, 2008], physical constraints on the fault geometry (such as strike and

dip), e.g., from locations and focal mechanisms of aftershocks, or from the moment

magnitude of the earthquake, have seldom been used in Bayesian estimation. Such

physical constraints can be useful with limited data that poorly constrain the fault

model [e.g., Xu et al., 2015]. In this paper, we show how locations of aftershocks and
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the magnitude of the mainshock can be used as a priori information in Bayesian fault

model estimation.

We use the 2005 MW6.6 Fukuoka earthquake as a case study. This earthquake

occurred about 20 km offshore and northwest of Fukuoka city (northern Kyushu

Island, Japan), which had a population of 1.4 million in 2005 (Fig. 2.1). It ruptured

a previously unknown fault with a left-lateral strike-slip. This fault is now considered

to be an extension of the Kego fault [Shimizu et al., 2006], which was mapped by

Karakida et al. [1994], has a similar NW-SE trend, and lies directly under Fukuoka

city. A possible future earthquake of similar magnitude on the Kego fault would

be devastating to the city and might threaten critical facilities, such as the Genkai

nuclear power plant, which is only about 50 km away from the Kego fault.

The Fukuoka earthquake was studied shortly after it took place by several re-

searchers, e.g., by using teleseismic, strong motion and geodetic data [Asano and

Iwata, 2006, Horikawa, 2006, Kobayashi et al., 2006, Nishimura et al., 2006, Ozawa

et al., 2006, Sekiguchi et al., 2006, Suzuki and Iwata, 2006, Takenaka et al., 2006].

However, none of these authors reported uncertainties in their fault solutions, mak-

ing it difficult to assess differences between solutions and the reliability of calculated

∆CFS on and near the Kego fault. In this study, we use both GPS and InSAR data

to constrain the offshore fault location and geometry. We also develop an approach

to include the magnitude of the mainshock and the locations of the aftershocks as a

priori information in constraining the model parameters. To understand the stress

interaction between the fault that ruptured and the Kego fault, we calculate the

∆CFS along the Kego fault and assess the reliability of ∆CFS by propagating the

fault model uncertainties in the calculation.
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Figure 2.1: Shaded-relief topographic map of northwestern Kyushu (inset shows the
location in Japan). Mapped active faults are shown in blue (Active fault database
of Japan, AIST) and aftershocks as red dots (Uehira et al., 2006). Locations of
GEONET continuous GPS stations (white circles), other continuous stations (white
squares), as well as campaign GPS stations (white triangles) are also shown. Purple
dashed rectangles mark areas covered by the descending radar scenes and orange
rectangles the coverage of Fig. 2.2.
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2.3 Study area

The MW6.6 Fukuoka earthquake occurred at 10:53 a.m. on 20 March 2005 (JST)

beneath the Genkai Sea, northwest of Shika Island (or Shikanoshima in Fig. 2.2),

which is located just off the northwestern coast of Kyushu Island in Japan. One

death was confirmed and around 1000 people were injured in the earthquake. It also

caused severe damage to buildings on Genkai Island (Fig. 2.2) and the total economic

loss was estimated to be about 150 million US dollars. The tectonics in northern

Kyushu is less active than in most other parts of Japan, the last large earthquake

in the region being the 1700 MW7 Tsushima earthquake [Matsumoto et al., 2006].

The last destructive earthquake in northern Kyushu was the 1898 MJMA6 Itoshima

earthquake [Shimizu et al., 2006]. The tectonics around the northern coast of Kyushu

is characterized by N-S extension with a crustal strain rate of approximately 5e-8 yr−1

during the past 100 years [Shimizu et al., 2006]. Most seismicity in Kyushu is related

to the subduction of the Philippine Sea plate at depth. A MW7.1 earthquake ruptured

beneath Kumamoto city in central Kyushu in April 2016, causing 35 deaths and

around 2000 injuries. This earthquake followed magnitude MW6.2 and 6.0 foreshocks

that occurred in the same region and caused nine fatalities. Central Kyushu also

experienced two earthquakes of magnitudes 5.8 and 6.1 in January and April of 1975,

respectively. These earlier earthquakes occurred 40-60 km northwest of the later 2016

event and caused injuries, but no known fatalities.
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Solution Data used Seismic moment [Nm]
(Moment magnitude)

Centroid location
[◦E, ◦N, km]

Strike
[N ◦E]

Dip [◦] Rake [◦]

GCMT Teleseismic 9.02× 1018 (6.602)# 130.15, 33.72, 12 122 88 -14

NEIC Teleseismic 1.052× 1019 (6.639)## 130.131, 33.807, 10 125 117 -16

NIED F-net Local broadband 7.8× 1018 (6.565)# 130.17, 33.74, 11 122 93 -11

Ito et al. (2006) Strong motion,
local broadband

8.4× 1018 (6.586)# 130.18, 33.74, 10 123 94 -4.3

Nishimura et al. (2006) InSAR, GPS 8.7× 1018 (6.596)* 130.297, 33.683, 7.4 118 101 -18

Asano & Iwata (2006) Strong motion 1.15× 1019 (6.677)* 130.1918, 33.7363, 8.14 122 93

Takenaka et al. (2006) Strong motion 124 87 -11

Horikawa (2006) Strong motion 5.7× 1018 (6.474)* 130.2011, 33.7210, 12 122 91 8

Kobayashi et al. (2006) Strong motion,
1-Hz GPS

1× 1019 (6.637)* 130.2486, 33.7074, 6 123 92.3 -1

Sekiguchi et al. (2006) Strong motion 1.16× 1019 (6.68)* 130.2482, 33.6985, 4 126 93

Ozawa et al. (2006) InSAR, GPS 130.2016, 33.7264, 5 122 90

130.175+0.007
−0.0102,

our solution InSAR, GPS 8+0.6
−0.65 × 1018 (6.568+0.021

−0.024)* 33.7312+0.0071
−0.0035, 121.4+2

−1.95 95+2.8
−5.7

8.354+1.23
−0.84

Table 2.1: Information about fault solutions for the 2005 Mw6.6 Fukuoka earthquake estimated by different agencies/authors.
Dips and strikes are according to the parameterization in our study. Faults with dip less and more than 90◦ are dipping towards
NE and SW, respectively. * indicates finite-fault solutions where the seismic moment is computed by summing up the slip
amplitudes in each patch. # indicates the solutions where only the deviatoric component of the moment tensor is constrained
and their scalar moment is computed from the dominant eigenvalues of the moment tensor. ## indicates the moment tensor
solution where the scalar moment is computed from the L2 norm of the eigenvalues of the moment tensor.
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The Fukuoka earthquake occurred on a previously undocumented NW-SE fault

with a predominantly left-lateral strike slip. Uehira et al. [2006] deployed 11 ocean-

bottom seismometers and 24 temporary onland stations around the aftershock area

to locate the aftershock activity and provide information on the location of the source

fault of the mainshock (Fig. 2.1). These aftershock locations suggest that an approx-

imately 25 km long NW-SE striking fault ruptured during the mainshock, which was

nearly vertical at depths of 2-16 km [Shimizu et al., 2006]. No surface ruptures on the

sea-floor were found during a sonic prospecting survey carried out by the Japan Coast

Guard after the earthquake [Sekiguchi et al., 2006, Takenaka et al., 2006]. From focal

mechanisms of 1333 aftershocks and using a damped regional-scale stress inversion

technique [Hardebeck and Michael, 2006], the maximum principal compressive stress

(σ1) and the minimum principal stress (σ3) were estimated to be directed WSW-ENE

and NNW-SSE, respectively [Matsumoto et al., 2012].

As noted, several studies focused on estimating the fault parameters of the earth-

quake using teleseismic, strong motion and geodetic data (Table A.1). Nishimura

et al. [2006] used GPS and InSAR data to estimate the fault-slip distribution, how-

ever only one InSAR interferogram (from descending track 17 of ENVISAT) was used

in their analysis. This interferogram has limited data in both the near-field and the

far-field due to the offshore location of the earthquake and decorrelation. Their slip

model has a seismic moment of 8.7× 1018 Nm, strike of N118◦E, dip of 79◦ (dipping

to the northeast) and rake of 18◦. Ozawa et al. [2006] also used GPS and InSAR

data to estimate the slip distribution on a fault with a fault dip of 90◦ and a strike of

122◦. They found maximum left-lateral strike slip of 2.4 m, with the slip exceeding 1

m and shallower than 10 km at the center of the fault and shallower than 4 km close

to the coast.

Asano and Iwata [2006] performed a kinematic waveform inversion using strong

motion data to study the fault rupture process. They observed that the rupture
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mainly propagated to the southeast from the hypocenter. They observed two slip

asperities with the smaller slip asperity shallower and the larger slip asperity deeper

than the hypocenter. They estimated the seismic moment to be 1.15 × 1019 Nm.

Horikawa [2006] also used strong motion data to study the rupture process and also

found two slip asperities with the shallower asperity smaller than the deeper asperity.

However, they found that the rupture propagated bilaterally with a lower seismic

moment (5.7 × 1018 Nm). Kobayashi et al. [2006] used both strong motion and

1-Hz GPS data and estimated the seismic moment to be 1 × 1019 Nm, with the

rupture propagating SE from the hypocenter with only one asperity shallower than

the hypocenter.

In yet another study using strong motion data, Sekiguchi et al. [2006] estimated

the seismic moment release to be 1.16× 1019 Nm and the rupture velocity to be 2.1

km/s. Their estimated slip distribution shows a single asperity that is about 6 km

× 8 km in size. Their solution indicates that the rupture propagated mainly to the

southeast and that it started with a high slip-rate at the hypocenter, continuing at a

low slip-rate for a few seconds, and then returning to a high slip-rate in the southeast

and shallower than the hypocenter. Takenaka et al. [2006] used strong motion data

to estimate the geometry of the fault-plane and they found a fault strike of N124◦E

and a fault dip angle of 87◦ (dipping to the NE). They then estimated that the fault

ruptured in two asperities with the main rupture onset location 5 km southeast from

the hypocenter. They estimated a slow rupture velocity of 1.4 km/s, which is 40% of

the shear wave velocity.

Most of these kinematic rupture models were estimated using a fault geometry

obtained from poorly constrained aftershocks and focal mechanisms that were re-

ported without any uncertainties. In addition, none of the earlier studies reported

uncertainties in their fault model solutions. Uncertainties in the source fault solutions

directly influence the reliability of ∆CFS calculations [Lohman and Barnhart, 2010,
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UTM coordinates, zone 52S). Blue rectangle shows the coverage of part (b) and (d).
b) Descending ENVISAT interferogram from track 246. c) Horizontal GPS displace-
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and fitted covariance function (figure inset) of the noise of the undeformed region
(shown) of data from track 246.
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Woessner et al., 2012]. Here, we consider the influence of the source model errors on

∆CFS calculations around the Fukuoka earthquake and in particular along the Kego

fault.

2.4 Data

We used both GPS and InSAR data to estimate the fault geometry and average

slip of the Fukuoka earthquake (Fig. 2.2). The radar data were acquired from two

parallel descending tracks by the ENVISAT satellite (tracks 17 and 246). We used

the Gamma processing software [Werner et al., 2000] to process the raw SAR data,

process the interferograms, and remove the topography-related phase using the Shut-

tle Radar Topography Mission [Farr et al., 2007] 3-arcsec digital elevation model

(DEM). We generated a single good-quality interferogram with small temporal and

spatial baseline from descending track 246. The signal-to-noise ratio of the interfer-

ogram was enhanced by multi-looking and adaptive spectral filtering [Goldstein and

Werner, 1998]. We then unwrapped the interferogram using a minimum cost-flow

algorithm [Chen and Zebker, 2002] and removed a phase ramp by considering the

phase in the far-field to be close to zero. It was not possible to generate good-quality

interferograms from descending track 17 due to temporal and baseline decorrelation

[Zebker and Villasenor, 1992] and atmospheric noise. Instead, we used all the avail-

able SAR scenes from this track (Fig. A.1), from both before and after the earthquake

(21 SAR scenes), to detect stable point targets based on phase coherence. For each

point target, we generated displacement time-series from the unwrapped interfero-

grams (formed from the 21 SAR scenes, see Fig. A.1) and fitted a step function to

estimate the coseismic displacement. Before the modeling, we subsampled all the

InSAR data using the quadtree algorithm [Jónsson et al., 2002].

InSAR data from track 246 contain data from only the east side of the fault and

mostly from the mainland (Fig. 2.2b), while data from Shika, Genkai and Nokono
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Islands, which are within 10 km of the fault are lost due to decorrelation. This

dataset shows a maximum line-of-sight (LOS) uplift of ∼ 6 cm and maximum LOS

subsidence of ∼ 5 cm (Fig. 2.2b). The stable point-target data from track 17 have

better coverage, extending to Iki Island, located to the west of the earthquake, and

also to Shika, Genkai and Nokono Islands. This dataset shows maximum LOS uplift

of ∼ 8 cm and maximum LOS subsidence of ∼ 4 cm (Fig. 2.2a).

We also used GPS data measured at 56 continuous GPS stations and 26 campaign

GPS survey sites (Fig. 2.1). All but four of the continuous GPS stations are from

GEONET (GNSS Earth Observation Network System) maintained by GSI (Geospa-

tial Information Authority of Japan). The remaining continuous GPS stations are

maintained by GSI for public surveying and one by the Hydrographic and Oceano-

graphic Department of the Japan Coast Guard. The coseismic displacements were

derived from the difference in the averages of daily solutions between 10-19 and 21-30

March 2005. Maximum horizontal displacement of 20 cm and vertical displacement

of 4 cm were observed at the Shika Island station (Fig. 2.2c).

The campaign GPS measurements at the 26 sites were carried out by GSI on 27-31

March 2005. The preseismic measurements were mostly from 1994. The maximum co-

seismic horizontal displacement of 38 cm was observed on Genkai Island (Fig. 2.2c).

These measurements include contributions from interseimic displacements between

1994 and 2005 as well as errors related to the centering of the GPS antennae. The

accuracy of the vertical campaign GPS displacements is low compared to that of the

horizontal displacements. In general, the uncertainties of the campaign GPS measure-

ments are much larger than those of the continuous GPS measurements [Nishimura

et al., 2006]. The uncertainties are accommodated accordingly in the data covariance

matrix used in the estimation.
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2.5 Methodology

We used Bayesian estimation to determine the fault model parameters of the Fukuoka

earthquake. In the Bayesian approach, we estimate the multi-dimensional posterior

PDF defined on the model space using an iterative stochastic Markov Chain Monte

Carlo (MCMC) method. This posterior PDF incorporates specified prior information

about the model space, and the physical law relating the model parameters with the

data (linearly or non-linearly). The model parameter uncertainties are then analyzed

from the one-dimensional (1D) and two-dimensional (2D) posterior marginal proba-

bility distribution functions. Here, we begin by describing the parameterization of the

fault-slip model and then we present the formulations of the prior PDF, the likelihood

function and the posterior PDF.

2.5.1 Fault model parameterization

The model parameter vector, m in the M -dimensional model space M, in our problem

relates non-linearly to the data vector, d in the N -dimensional data space D: d =

G(m) + ε1, where G(m) are the predicted data with ε1 errors. Here, the unit of d,

G(m) and ε1 is meters. We used a rectangular planar fault with a uniform left-lateral

strike-slip placed within a homogeneous and isotropic elastic half-space to represent

our fault model [Okada, 1985], which can be parameterized by eight parameters.

The seven geometrical parameters are the easting and westing coordinates of the two

endpoints of the fault (top edge), the fault depth (from the top edge), width and dip.

The eighth parameter is the amount of left-lateral strike-slip on the fault surface.

We chose to estimate the end-point locations of the fault, instead of using one center

coordinate along with the fault’s length and strike, as the data can constrain the near-

shore east end of the fault much better than its west end, which is located further

offshore (Fig. 2.1). The dip-slip parameter was set to zero for simplicity and because

the Fukuoka earthquake was predominantly a left-lateral strike-slip event.
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2.5.2 Bayesian inference

Using the Bayesian approach, we estimate the posterior probability distribution func-

tion (PDF) of the model parameters, m, given the data, d, and their uncertainties. It

allows us to use two states of information, a priori information of the model param-

eters and data, to obtain an estimate of the posterior PDF of the model parameters

[Tarantola, 2005]:

σM(m) = k ρM(m)L(m), (2.1)

where k is a normalizing constant, ρM(m) is the probability density representing a

priori information of the model parameters and L(m) is the likelihood function.

Likelihood function

The Likelihood function (L(m) in Eq. 2.1) is a measure of how probable are the

model parameters m in explaining the data and can be given as [Monelli et al., 2009,

Tarantola, 2005]:

L(m) =

∫
D
ρD(d) θ(d|m) dd. (2.2)

The conditional probability density θ(d|m) represents the correlation between model

parameters and data, which accommodates the model uncertainties. Usually, the

model uncertainties arise due to the heterogeneity in Earth’s structure, inelasticity

and the modeling scheme [Fukuda and Johnson, 2008, Yagi and Fukahata, 2008,

2011]. Considering negligible model uncertainties in our study due to limited effects

of crustal structure complexities on predicted GPS/InSAR displacements [Monelli

et al., 2009], we take θ(d|m) = δ(d − G(m)), where G(m) is the forward modeling

operator. The prior PDF on the data is represented by ρD(d), where we consider our

observed values dobs to have Gaussian uncertainties described by a data covariance

matrix Σd. Here, the unit of dobs is m (meters), and unit of Σd is m2. The Gaussian
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probability density ρD(d) centered at dobs is thus given as:

ρD(d) =
1

(2π)N/2|Σd|1/2
exp

[
−1

2
(d− dobs)

TΣ−1
d (d− dobs)

]
. (2.3)

Thus the likelihood function L(m) (from Eqs. 2.2 and 2.3) is given as:

L(m) ∝ exp

[
−1

2

(
G(m)− dobs

)T
Σ−1
d

(
G(m)− dobs

)]
. (2.4)

Prior probability distribution

The prior probability distribution ρM(m) (or simply prior) can be some physical

knowledge we have about the model parameters, e.g., from some independent sources.

Due to lack of a priori physical knowledge and to reduce complexity, the prior has

usually been chosen as an uninformative prior distribution [Fukuda and Johnson,

2008, 2010, Xu et al., 2015]. However, informative priors can be very useful as they

reduce the solution space of the model parameters and can exclude unphysical model

solutions. We use information about the moment magnitude of the mainshock and

locations of the aftershocks as informative priors to constrain the fault parameters of

the Fukuoka earthquake. For ease in the sections later, we divide the fault parameters

in m into two groups, parameters m1 that control the fault-slip and dimensions of

the fault, and parameters m2 that control the location of the fault (m = m1 ∪m2).

(i) Moment magnitude: Due to the offshore location of the mainshock, the geode-

tic data do not constrain the dimensions of the fault well, leading to highly

variable model solutions and large differences in the moment magnitude. By

using a moment magnitude prior, we can restrict the fault models to a speci-

fied magnitude range and reject models with very high or very low moments.

The moment magnitude in both the Global Centroid Moment Tensor (gCMT)

catalog and USGS National Earthquake Information Center (NEIC) catalog is
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6.6. Also, the mean of the moment magnitudes estimated previously using GPS

and InSAR data [Nishimura et al., 2006, Ozawa et al., 2006], using strong mo-

tion data [Asano and Iwata, 2006, Kobayashi et al., 2006, Sekiguchi et al., 2006]

and using broadband strong motion data [Suzuki and Iwata, 2006] is 6.6 (esti-

mated from Table A.1). Hence, the moment magnitude is considered to follow:

Mw(m1) + ε2 = 6.6, where the error, ε2, is considered to be Gaussian with zero

mean and variance of h1
2 (a hyperparameter that is estimated a priori and dis-

cussed later). The moment magnitude relates non-linearly to the fault model

parameters: Mw(m1) = 2
3

logMo(m1)− 6.03, where Mo is the seismic moment in

Nm given by Mo(m1) = µ · Lm ·Wm · sm, where µ is the material shear modulus

(in Pa), Lm and Wm are respectively the fault length and width, and sm is the

slip. We use a shear modulus of 32 GPa. Here, Mw(m1) and h1 are both di-

mensionless quantities. The moment magnitude prior PDF, ρ(m1), is considered

proportional to ρ(Mw(m1)) = N (6.6, h1
2) and is given as:

ρ(m1) ∝ exp

[
− 1

2h1
2

(
Mw(m1)− 6.6

)2
]
. (2.5)

(ii) Aftershock locations: The geometry and location of the fault plane can be

estimated through non-linear optimization using geodetic data [Jónsson et al.,

2002] or it can be estimated from aftershock locations [Custódio et al., 2009]. In

this study, we use geodetic data to estimate the fault geometry and use after-

shock locations as an informative prior. This means that fault models that are

not in accordance with the aftershock locations are more likely to be rejected

during the MCMC sampling. We use precise locations of the aftershocks from

Uehira et al. [2006] to define this informative prior. Considering there are L num-

ber of aftershock locations, we define an L-dimensional vector, D(m2), which is

comprised of the perpendicular distances between the aftershocks and the fault
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plane, m2 (Appendix A). Here, D(m2) follows the relation: D(m2) = ε3, where

ε3 is the L-dimensional random error. We assume this error to follow a Gaussian

distribution with null-vector mean and variance of h2
2Σl, where Σl is a diago-

nal matrix that incorporates the errors in the aftershock locations and h2
2 is a

hyperparameter. Here, the unit of D(m2) is m, that of Σl is m2, and h2 is a

dimensionless quantity. The aftershock locations prior PDF ρ(m2) is considered

proportional to ρ(D(m2)) = N (0, h2
2Σl) and is defined as follows:

ρ(m2) ∝ exp

[
− 1

2h2
2D(m2)TΣ−1

l D(m2)

]
. (2.6)

The model prior PDF ρM(m) (in Eq. 2.1) can thus be represented by the multiplica-

tion of the moment magnitude prior PDF ρ(m1) and aftershock locations prior PDF

ρ(m2) as they are independent of each other. The moment magnitude prior PDF con-

strains the slip and dimensional parameters of the fault, while the aftershock locations

prior PDF constrains the location parameters of the fault. Thus we have:

ρM(m) = ρ(m1) ρ(m2). (2.7)

Posterior probability distribution

From the definitions of the different terms given in Eqs. 2.1, 2.4, 2.5, 2.6 and 2.7, the

posterior PDF of the model σM(m) can be given as:

σM(m) ∝ exp

[
− 1

2

(
G(m)− dobs

)T
Σ−1
d

(
G(m)− dobs

)
− 1

2h1
2

(
Mw(m1)− 6.6

)2

− 1

2h2
2D(m2)TΣ−1

l D(m2)

]
.

(2.8)
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Using H1
2 = 1/h1

2, H2
2 = 1/h2

2 and a function f(m), which is defined as:

f(m) =
[(
G(m)− dobs

)T
Σ−1
d

(
G(m)− dobs

)
+H1

2
(
Mw(m1)− 6.6

)2

+H2
2
(
D(m2)TΣ−1

l D(m2)
]
,

(2.9)

we can rewrite the posterior probability distribution as

σM(m) ∝ exp

[
−1

2

(
f(m)

)]
. (2.10)

Estimation of hyperparameters

In Eq. 2.9, H1
2 and H2

2 are the hyperparameters that control the relative weight

of the corresponding prior with respect to the data. Using informative priors in the

Bayesian framework requires estimation of these hyperparameters. For indirect prior

constraints (for eg., fault slip smoothness constraint in distributed fault-slip estima-

tion), the hyperparameters have been objectively estimated either by using Akaike's

Bayesian Information Criterion (ABIC) [Akaike, Funning et al., 2005, Yabuki and

Matsu’ura, 1992] or by including them as additional parameters in the Bayesian in-

ference [Fukuda and Johnson, 2008, 2010]. In the case of direct prior constraints

(for eg., bounds on the model parameter space) that relate either linearly [Hashimoto

et al., 2009, Jackson, 1979, Matsu’ura and Hasegawa, 1987] or non-linearly [Matsu’ura

et al., 2007] to the model parameters, the hyperparameters have been chosen based

on the prior information. Here, the direct prior constraints are non-linearly related

to the model parameters and the hyperparameters are subjectively chosen based on

a priori information about the fault models. The variance of the Gaussian magnitude

prior distribution (in Eq. 2.5), h1
2 (= 1/H1

2), is estimated from the moment mag-

nitudes reported in previous fault solutions (Table A.1). The standard deviation of

the moment magnitudes reported by previous researchers and agencies is estimated

to be 0.0634 and this value is allocated as the standard deviation of the prior dis-
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tribution (h1). The hyperparameter, H1
2, thus assigned in Eq. 2.8, is 248.78. The

hyperparameter H2
2 (= 1/h2

2) is estimated from the characteristics of the aftershock

locations. The aftershock locations are used to estimate the best-fitting plane and its

uncertainties using Bayesian inference (Appendix 2.9.2). From this best-fitting plane

and its uncertainties, the distribution of D(m)TΣ−1
L D(m) (in Eq. 2.6 and Fig. 2.10)

is estimated and the standard deviation of this distribution is used as the standard

deviation of the aftershock Gaussian prior distribution (h2 in Eq. 2.6). The hyperpa-

rameter, H2
2, thus assigned in Eq. 2.8, is 0.00281.

Sampling algorithm

To obtain information about a single model parameter mk, we have to compute the

corresponding 1D marginal posterior PDF for that parameter by integrating the full

posterior PDF (in Eq. 2.10) over the entire model parameter space, except for the

model parameter of interest:

Mmarg(mk) =

∫ ∞
−∞
· · ·
∫ ∞
−∞

σM(m)
M∏

i=1 i 6=k

dmi. (2.11)

Due to the multi-dimensionality of the posterior PDF, we can generate samples from

it using a Monte Carlo method to approximately obtain the above marginal PDF. We

use one of the MCMC techniques, the Metropolis algorithm [Metropolis et al., 1953],

to obtain a sequence of random model samples of the posterior PDF. In this method,

each candidate model sample is generated by a random walk that depends only on

the previous model sample. The procedure of this algorithm can be described as:

(i) Suppose x(i) is the initial model sample, g(x) is the target distribution that needs

to be sampled and q(x|x(i)) is the proposal distribution used to generate a model

sample from the initial model sample.

(ii) Generate a model sample x∗ from the previous candidate model sample x(i) using
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the proposal distribution x∗ ∼ q(x|x(i)). We use a multi-dimensional Gaussian

proposal distribution q(x|x(i)) with mean x(i) and standard deviation 1/10th of

the range of the corresponding model parameter space.

(iii) Calculate the acceptance probability, ϕ(x(i),x∗), from the relation

ϕ(x(i),x∗) = min

[
1,
g(x∗)

g(x(i))

q(x(i)|x∗)
q(x∗|x(i))

]
(2.12)

Since the proposal distribution is symmetric (Gaussian), then q(x∗|x(i)) = q(x(i)|x∗).

(iv) Set the next candidate model sample, x(i+1) = x∗, with probability ϕ(x(i),x∗),

otherwise set x(i+1) = x(i). The model sample x∗ is always selected to be a

candidate sample if g(x∗) > g(x(i)), which means that the more probable model

samples are always selected. If the move is towards a less probable model sample,

the move is sometimes rejected, depending on the relative drop in probability.

The larger the relative drop in probability is, the more likely it is that the next

model sample is rejected. Thus, the algorithm preferentially samples high proba-

bility regions of the model space while occasionally sampling from low probability

regions.

(v) Repeat the process from step (ii).

Using this algorithm, we generated 100000 samples from 10 independent chains,

each with a different initial model. The average acceptance rate was ∼ 27% for all

the chains. The samples were tested for the convergence diagnostic using the Gelman

and Rubin Multiple Sequence Diagnostic test [Gelman et al., 1992] by calculating

the potential scale reduction factor (PSRF) from the within-chain and between-chain

variance (see Supp. A.3). PSRF close to 1 indicates that the chains converged to a

stationary distribution and that the samples drawn represent the posterior distribu-

tion. The first 20% of the samples of each chain, corresponding to a burn-in period,
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were removed and then the sample chains were thinned to 8000 samples to reduce

sample correlation (Fig. A.2).

Error statistics

We derived the data error of the continuous GPS displacements from standard devi-

ations of daily coordinate solutions, which yielded a 1-6 mm error in the horizontal

displacements and a 4-15 mm error in the vertical displacements. The errors in the

campaign GPS data are larger, about 50 mm and 100 mm for the horizontal and

vertical components of the displacements, respectively. The relative weights of the

campaign and continuous GPS are 7.5% and 92.5%, respectively.

Observational errors in InSAR data may result from various sources, for example

from noise at the radar instrument, the propagation of radar waves, from reflecting

surfaces, and from processing of the radar images [Hanssen, 2001]. While some of

these errors can be removed or reduced during the data processing of the images,

spatially correlated errors caused by atmospheric delays [Sudhaus and Jónsson, 2009,

Knospe and Jonsson, 2010, Lohman and Simons, 2005] are difficult to remove. These

errors are smoothly varying in space and can have amplitudes of few centimeters and

sometimes comparable spatial patterns to the expected deformation signals. In our

study, we characterize these errors by a stochastic model of the structure of variability

[Knospe and Jonsson, 2010]. We formed an empirical covariogram using areas where

coseismic displacement was not expected. We then consider the error statistics in

this area to represent that of the whole interferogram (stationarity). The resulting

empirical isotropic covariogram is a function of data values separated by a distance

(lag), h, in all directions:

C(h) =
1

2N

N∑
i=1

|ri−si|'h

d(ri) · d(si). (2.13)



59

We then fitted to this empirical covariogram a positive definite covariance function

of the form Cf (h) = a · cos((h + b)/c) · exp(−h/e), where Cf is the covariance be-

tween data-points with a lag distance h (Fig. 2.2d). This covariance function is used

to determine the variance-covariance matrix of the full resolution data (Σc). The

variance-covariance matrix for the subsampled data, Σd (in Eq. 2.4), is then obtained

from the transformation of the variance-covariance matrix of the full resolution data,

Σd: Σd = AΣcA
T , where the operator, A, relates the subsampled data, d, to the full

data vector dc as d = Adc. The relative weights of the GPS, track 17 point-target

InSAR and track 246 InSAR datasets are 34.9%, 16.2% and 48.8%, respectively.

2.6 Results

In this section, we present the results of the Bayesian estimation using informative

priors. Fig. 2.4(a) shows the 1D and 2D marginal posterior PDFs of the model

parameters obtained from the ensemble of models that were sampled. As expected,

the data constrain the eastern end of the fault better than they constrain its western

end (Fig. 2.4b). The 95% confidence ellipse for the location of the fault’s western

end has a length of 9 km, whereas the ellipse for the location of the fault’s eastern

end is 5 km. This reflects the fact that the data coverage is much better east of the

earthquake (see Fig. 2.2a). The 1D posterior distribution of the fault length shows

high probability at 11-14 km (Fig. 2.5), which is somewhat shorter than what the

aftershocks indicate (Fig. 2.3) and is influenced by the uniform-slip parameterization

of the fault. The end-point locations of the fault correlate with the amount of left-

lateral fault-slip such that longer faults have less slip and smaller faults have more

slip. The uniform left-lateral strike slip varies from 1.2-3 m.
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Figure 2.3: Model prediction and residuals using the maximum a posteriori fault
parameters. a) data, b) model prediction, and c) residuals for the GPS horizontal
data, d- f for the track 246 full-resolution data, and g-i for the track 17 subsampled
point-target data. The aftershocks are shown as white dots. The surface projection
of the best-fitting source fault (MAP), which is close to vertical, is shown in purple;
the thick line marks the upper edge of the fault.
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Figure 2.4: a) 1D and 2D marginal PDF plots of the fault model parameters estimated using both moment magnitude and
aftershock location priors. Blue lines in the 1D marginal PDF plots show the 95% confidence interval, the red line shows the
maximum a posteriori (MAP) value and the green dashed line shows the posterior mean value. Hot colors in 2D marginal PDF
plots show high probability regions and cold colors show low probability regions. The Pink dot in 2D marginal PDF plots shows
the MAP value. The MAP estimate (pink dots and red lines) is within 0.225-σ of the true MAP. b) 2D marginal PDF with
means removed for easting and northing of western (blue ellipse) and eastern endpoints (red ellipse) of the fault. The maximum
a posteriori (with means removed) solution of western (blue dot) and eastern endpoints (red dot) are overlaid.
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The depth of the fault is shallow and fault models that rupture the sea-floor

explain the data better. The depth correlates strongly with the fault width with

deeper faults having smaller widths. The 1D posterior distribution for fault width

peaks at ∼14 km. The fault is close to vertical with the fault dip ranging from 85◦ to

95◦ to the southwest and peaking at ∼90◦ (vertical fault). The uniform left-lateral slip

correlates with most parameters that control the location of the fault. The moment

magnitude discerned from the marginal posterior PDF (see Fig. 2.4) varies from 6.54

to 6.6 with a peak at 6.568, whereas the moment magnitude prior was centered at

6.6 with a standard deviation of 0.0634. The maximum a posteriori (MAP) values of

most of the fault parameters (red line in 1D marginal PDFs in Fig. 2.4) are similar

to the posterior mode values of those parameters. The posterior mean values (green

dashed lines in Fig. 2.4), on the other hand, are somewhat different than the MAP

values, especially for the fault width, depth and slip. Fig. 2.3 shows the different

datasets, predicted data from the MAP model and the residuals.

2.6.1 Effect of informative priors

As discussed above, we used informative a priori constraints on the fault model pa-

rameters due to the limited coverage of the geodetic data in our study. Here, we

examine the effect that these informative priors have on the estimation. Fig. 2.5

shows the 1D marginal posterior distributions of the fault model parameters for four

different cases: use of uniform (uninformative) priors, use of a magnitude prior, use

of an aftershock locations prior and use of both magnitude and aftershock locations

priors.

The peak of the magnitude marginal distribution shifts from 6.546 to 6.568 when

the moment magnitude prior is added, but this prior does not much affect other

posterior marginals of the fault parameters (Fig. 2.5). This is due to the fact that

the data, though sparse, are capable of estimating the moment magnitude with an
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Figure 2.5: Comparisons of 1D marginals of the model parameters estimated using
no priors (blue), only the aftershock locations prior (cyan), only the magnitude prior
(green), and both priors (red). The black dashed line in (a) shows the moment
magnitude prior distribution used. The fault model parameters that were sampled
for using Bayesian inference are shown in orange boxes and the parameters derived
from them are shown in black boxes.
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uncertainty that is one-tenth of a unit (Fig. 2.5a) and that a moment magnitude prior

with larger standard deviation than the moment magnitude estimate has limited effect

in the estimation. Using this prior is more effective when the data errors are high

and the estimation is less certain [Xu et al., 2015].

In contrast, the marginal distributions of most of the fault-slip model parameters

when using the aftershock locations prior are systematically different from the results

that do not include that prior. When using the aftershocks prior, the length of

the fault is smaller and the uniform left-lateral slip is larger. The distribution for

fault strike shows that the aftershock locations prior leads to a tighter constraint on

strike, which peaks at ∼120◦. The fault parameters that control the fault strike in

our parameterization, i.e., the easting and northing of the ends of the fault are less

variable than without this prior (see Fig. 2.5). Due to the offshore location of the

earthquake and lack of the near-field geodetic data, the constraint on the strike is

biased. The aftershock locations thus clearly help to constrain the strike of the fault.

When using both the moment magnitude and aftershock locations priors, most

of the resulting fault parameters are similar to the case when only the aftershock

locations prior is used. However, the use of both priors tends to result in tighter

constraints on the model parameters, e.g., for fault strike, than when only geodetic

data are used (i.e., without priors).

2.6.2 Propagation of errors in the calculation of Coulomb

Failure Stress changes

To propagate the fault model with uncertainties to Coulomb Failure Stress changes

(∆CFS), we calculated the ∆CFS for the ensemble of models that we obtained from

sampling the posterior PDF. We calculated the ∆CFS for the left-lateral strike slip

on receiver faults that have similar strikes as the Kego fault. The mean of the ∆CFS

shows an increase in stress on the Kego fault (Fig. 2.6a) indicating that the Fukuoka
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Figure 2.6: Calculated Coulomb Failure Stress changes (∆CFS) with, a) the mean of
the ∆CFS maps, b) logarithm (base 10) of the standard deviation of the ∆CFS maps,
and c) the coefficient of variation (ratio of standard deviation to mean) of the ∆CFS
maps, showing high variations between ∆CFS lobes. Blue circles show the locations
studied further in Fig. 2.7. Mapped active faults in the region are shown as magenta
lines.

earthquake pushed the Kego fault closer to failure. The standard deviation of the

∆CFS values shows that the variability of the ∆CFS is high close to the source fault

but decays rapidly with distance (Fig. 2.6b). The coefficient of variation map has

high values close to the fault and at the edges between positive and negative ∆CFS

lobes (Fig. 2.6c). Thus, the coefficient of variation is high in the regions where the

standard deviation is high (close to the fault) or where the mean ∆CFS is low.

The variability of estimated ∆CFS differs significantly between locations. On

Genkai Island (Location 1 in Fig. 2.6c), which is located close to the source fault

where the coefficient of variation of ∆CFS is high, the ∆CFS ranges from -4 to 3

MPa. Estimates of ∆CFS values at such locations near the end of a source fault are

usually unreliable as a small change in fault strike can lead to a sign change of the

resulting ∆CFS value. Nishinoura (Location 3) and Shika Island (Location 4) both

lie in areas where the coefficient of variation is lower (∼ 0.2) and the 95% confidence

interval of the ∆CFS at these locations shows an uncertainty of less than 1 MPa.



66

-4 -2 0 2
"CFS [MPa]

Location 1: Genkai island

0.08 0.1 0.12
"CFS [MPa]

Location 2

-2 -1.5 -1 -0.5
"CFS [MPa]

Location 3: Nishinoura

0.2 0.4 0.6 0.8 1
"CFS [MPa]

Location 4: Shika island

no priors

with both magnitude and aftershock locations priors

a) b)

c) d)

Figure 2.7: Estimated PDFs of the ∆CFS using priors and without using priors at
four locations shown in Fig. 2.6(c): a) Genkai island; b) on the Kego fault in Fukuoka
city; c) Nishinoura; and d) Shika island.

The Kego fault in Fukuoka city (Location 2) exhibits very low variability with the

95% confidence interval having a width of only 0.025 MPa. The entire distribution

of ∆CFS at this location is positive and peaks at ∼0.11 MPa, indicating that all the

fault models of the ensemble predict positive ∆CFS on the Kego fault. If the Kego

fault extends offshore toward the source fault, then the ∆CFS increase there is even

more significant. This is a future concern for Fukuoka city and its current population

of more than 1.5 million.

We find that the aftershock locations informative prior affects ∆CFS variations,

as the location of positive and negative lobes of ∆CFS are sensitive to the strike

of the fault. The high variation region of ∆CFS that lies along the edges of these

lobes can be misplaced if the fault strikes are biased in the fault model estimation

(Fig. 2.5b). As in our case, the strike is constrained better at ∼120◦ thus reducing

the variation of ∆CFS in such regions. The ∆CFS variations at Genkai Island, Shika

Island, Nishinoura and Kego fault (Fukuoka city) are lower when using the priors as

compared to when not using the priors (Fig. 2.7). In addition, the ∆CFS values are
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systematically higher on the Kego fault (Fukuoka city) and under Shika Island when

using the informative priors (Fig. 2.7b and d).

2.7 Discussion

Many studies have been published on the source parameters of the Fukuoka earth-

quake as described in Section 2.3, although all were published without estimated

uncertainties. When we compare our fault model parameter results of the earthquake

with previous source estimations, we find that some published model parameters fall

outside of the error bounds we have estimated (Fig. 2.8). For example, the NEIC and

gCMT centroid locations lie 8 km northwest and 3 km southwest from our solution,

respectively, and well outside our 95% confidence ellipse (Fig. 2.8a). In addition, in

all the studies (except one) that used strong motion, GPS and InSAR data to es-

timate the variable slip distribution, the centroid locations (and the slip asperities)

lie southeast of our solution. Only NIED-Fnet and Ito et al. [2006] have centroid

locations within our 95% confidence bounds. The centroid depths of reported solu-

tions also differ considerably, ranging from 10-12 km [gCMT, NEIC, NIED F-net and

Ito et al., 2006] to shallower depths of 4-6 km [Sekiguchi et al., 2006, Ozawa et al.,

2006, Kobayashi et al., 2006]. The minimum allowed fault depth in the moment ten-

sor solutions (gCMT, NEIC and NIED F-net) is generally 10-12 km [Ekström et al.,

2012] and hence their fault depth estimates are higher (2-4 km) than the estimates

in our study. It is interesting to note that although the aftershock locations prior

in our study constrains the fault strike and fault dip, but it does not constrain the

fault depth. This is because the aftershock locations are used to constrain an infinite

fault-plane and thus several vertical fault planes with varying depth that can be sub-

sets of such an infinite fault plane would all have the same aftershock locations prior

probability (due to same value of D(m) in Eq. 2.6).

Some of the slip distributions reported in previous studies have more than one slip
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Figure 2.8: The estimated 1D/2D marginal PDFs of several key fault model param-
eters for the Fukuoka earthquake compared with deterministic solutions reported by
several researchers and agencies.

asperity [Asano and Iwata, 2006, Horikawa, 2006, Sekiguchi et al., 2006]. Multiple

asperities at different depths are generally not constrained well from geodetic data

alone [e.g., Pedersen et al., 2003] except for larger earthquakes. Also, fault models

using geodetic data have lower resolution for slip at increasing depths. Hence, we

simply used a uniform dislocation fault model in this study as the sparse geodetic

data do not resolve more than one slip maximum. Moreover, variable and uniform

slip models predict similar ∆CFS values at distances far from the fault [Steacy et al.,

2005]. However, using a uniform slip model results in a fault with a shorter length as

observed in Section 2.6.

The moment magnitude estimated in our study peaks at 6.568 and only four so-

lutions lie within the 95% error of our solution. Horikawa [2006] presents an estimate

lower than our solution, while other solutions have a slightly higher moment mag-

nitude. The fault strike is well determined in our estimation using the aftershock

location prior and peaks at ∼120◦ with a standard deviation of only ∼1.5 degrees
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(Fig. 2.8c). The reported solutions (except for one) have a slightly larger strike value

and about half of the solutions lie outside the 1-σ of our results. The fault dip de-

termined is near vertical, dipping slightly to the southwest (Fig. 2.8d). Most of the

published solutions have a similar dip and are within the error bounds, except the

NEIC solution dips 63◦ to the southwest and that of Nishimura et al. [2006] dips 79◦

to the southwest.

We have shown the importance of priors in our study and proposed a way to

estimate hyperparameters, which determine the relative weight between the corre-

sponding prior and the likelihood function. Often, during estimation of slip distribu-

tion, slip smoothness priors were used as a regularization term [Jónsson et al., 2002,

Wright et al., 2004] or as an indirect prior PDF [Fukuda and Johnson, 2008, 2010] to

penalize high slip variations between nearby slip patches. The smoothing/roughness

parameter (hyperparameter) has usually been obtained from a trade-off curve of the

roughness norm against a weighted residual norm [Du et al., 1992, Jónsson et al.,

2002]. A solution was then selected at a roughness parameter value where it falls at

the center of the bend of the curve. Fukuda and Johnson [2008] showed that the loca-

tion of where such a trade-off curve bends depends on the scaling of the plot axes and

thus the choice of roughness parameter may vary with changes in axes scaling. Hence,

Fukuda and Johnson [2008] estimated it objectively by sampling the hyperparameter

using Bayesian inference, where the hyperparameter that maximized the posterior

distribution was chosen. Fukahata and Wright [2008] used Akaike's Bayesian Infer-

ence Criterion (ABIC) to select the hyperparameters that minimizes the effective cost

function by minimizing ABIC and thereby maximizing the marginal likelihood. The

estimation of hyperparameters in all of these cases is dependent on the geodetic data

and would be affected by changes in the data and their uncertainties. These tech-

niques can be useful when information on the characteristics of the priors is limited or

is dependent on the forward model. In contrast, the hyperparameters in our study do
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not depend on the forward model and can be estimated solely based on the properties

of the prior information. The hyperparameters thus selected are not affected by the

geodetic data and their uncertainties.

We estimate the uncertainty of the coseismic ∆CFS at a few locations and observe

that ∆CFS can have a multi-modal distribution at particular locations and can vary

greatly depending on the location around the source fault (Fig. 2.7a). Thus, a single

optimum estimate of the ∆CFS usually reported by authors can be misleading. The

∆CFS estimated at two locations (Locations 2 and 4 in Fig. 2.7) on the Kego fault are

found to be 0.1-0.13 MPa and 0.4-1.0 MPa, respectively. Stein et al. [1997] inferred

that nine of the ten earthquakes that occurred on the North Anatolian fault from 1939-

1992 were brought closer to failure by the preceding earthquakes, typically by ∆CFS

of 0.1-1.0 MPa. When secular stress accumulation was included along with coseismic

stress change, the mean ∆CFS over the entire future rupture increased by 0.2-0.4

MPa for nine of the ten earthquakes. A similar stress evolution study by Doser and

Robinson [2002] showed that six of the seven earthquakes occurring in the Southern

Marlborough region (New Zealand) from 1888 to 1994 might have been triggered

due to increased ∆CFS (coseismic and secular stress accumulation) of 0.06-0.5 MPa

after the previous earthquake. These studies imply that the stress changes caused

by the 2005 Fukuoka earthquake on the Kego fault are large enough to significantly

advance the next earthquake on that fault. In addition, better information about the

interseismic loading rate and stress changes on the Kego fault would improve seismic

hazard assessment for Fukuoka city and its surroundings.

2.8 Conclusions

In this paper, we have shown how to include a priori information, such as the main-

shock magnitude and aftershock locations, when constraining earthquake source pa-

rameters in Bayesian estimation. This can be useful in cases where geodetic data are
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limited and do not constrain the fault geometry well. In particular, the aftershock

locations prior helps in better constraining the location and strike of the fault. We

estimate the hyperparameters that control the weight of a priori information with

respect to the likelihood function from the uncertainty of the prior information. This

allows the hyperparameters to be independent of the geodetic data and their uncer-

tainties.

Applying this framework to the 2005 MW6.6 Fukuoka earthquake, we have shown

how certain fault model parameters got adjusted to fulfill the a priori constraints, e.g.,

fault strike lined up with the aftershock distribution after including the aftershock

location information. We propagated the estimated fault model parameters with

uncertainties to calculations of ∆CFS, focusing on the Kego fault in Fukuoka city,

which is thought to be an extension of the fault activated in the earthquake. We

observe that the variability of ∆CFS on the Kego fault is lower when using the priors

as against when not using the priors. The results show that the ∆CFS on the Kego

fault is strongly positive and hence a concern for the over 1.5 million people living in

Fukuoka.

2.9 Appendices

2.9.1 Aftershock locations prior parameters

In this appendix, we show how different parameters in the aftershock locations prior

distribution (in Eq. 2.6) are defined. Consider there are L number of aftershock loca-

tions. Using each aftershock location, we define Di(mj) as the perpendicular distance

of that ith aftershock from the jth realization of fault model, mj. This is used to form

a L-dimensional vector D(mj) such that D(mj) = [D1(mj) D2(mj) ... DL(mj)]
T .

For an ensemble of fault models, m, the distribution of D(m) will be positive valued.

The term, Σl, which is a L×L diagonal matrix, represents the error in D(m) due to

errors in the aftershock locations. The error in the aftershocks location is taken as 0.6
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Figure 2.9: a) Topview and sideview of the ellipsoid of uncertainty around each after-
shock location depicted as star. b) Perpendicular distances between the best-fitting
fault plane and two sample locations, A and B, within the ellipsoid of uncertainty
around ith aftershock.

km in E-W and N-S directions and 1.6 km in depth [Uehira et al., 2006] that results in

an ellipsoid of uncertainties around each aftershock location (Fig. 2.9a). To estimate

Σl (in Eq. 2.6), we first estimate the best fitting fault plane to the aftershock locations.

For ith aftershock, we uniformly generate 100000 sample locations from within the

ellipsoid of uncertainty and then calculate Di(m) for these sample locations with the

best-fitting fault plane (shown in Fig. 2.9b). The variance of the resulting Di(m)

samples is used as the ith diagonal entry of the Σl error matrix. Σl is used in the

estimation of the hyperparameter h2
2 (Appendix 2.9.2) and to describe the aftershock

locations prior PDF (in Eq. 2.6).

2.9.2 Hyperparameter related to aftershock locations prior

Here we show how the hyperparameter h2
2 (in Eq. 2.6), which controls the relative

weight between the aftershock locations prior and the likelihood function, is esti-
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mated from the uncertainties of the prior information. We estimate the variance of

D(m)TΣ−1
l D(m) (in Eq. 2.6) from the realizations of fault-plane that fit the after-

shock locations. These realizations of the fault-plane are obtained by estimating the

uncertainties in the plane-fit to the aftershock locations, which is independent and a

priori to the estimation of the fault-plane solution described in the paper. Consider-

ing the equation of a plane to be Px+Qy +Rz + 1 = 0, where x, y and z represent

the location of the aftershocks in a 3D coordinate system. We consider δi(P,Q,R) as

the perpendicular distance of ith aftershock from the plane with parameters P,Q and

R, which is given as:

δi(P,Q,R) =
|Pxi +Qyi +Rzi + 1|√

P 2 +Q2 +R2
(2.14)

We consider a stochastic model such that δ(P,Q,R) = ε4, where ε4 follows a Gaussian

distribution with zero mean vector and variance Σl that represents the error in the

aftershock locations. The posterior PDF of the fault plane parameters given the

locations of the aftershock can be represented as:

σM(P,Q,R) ∝ exp

[
−1

2
S(P,Q,R)

]
. (2.15)

S(P,Q,R) =
L∑
i=1

wi · δi2(P,Q,R) =
L∑
i=1

wi
(Pxi +Qyi +Rzi + 1)2

P 2 +Q2 +R2
,

where wi = Σl
−1
ii

(2.16)

This posterior probability distribution is sampled using the Metropolis algorithm

(Fig. 2.10). Considering m̃j = [Pj Qj Rj]
T , we can define D(m̃j) (similar to D(m)

in Eq. 2.6) from the ensemble of plane-fits to the aftershock distribution, such that

D(m̃j) = [D1(m̃j) D2(m̃j) · · · DL(m̃j)]
T , where each term of D(m̃j) is the perpen-

dicular distance between that jth plane-fit and L numbers of aftershocks and is given
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Figure 2.10: a-c) 1-D marginal posterior PDFs of fault plane model parameters, P, Q
and R (in Eq. 2.16). d) Probability distribution of D(m̃)TΣ−1

l D(m̃) estimated from
ensemble of fault plane parameters.

as: Di(m̃j) = δi(Pj, Qj, Rj). The units of D(m̃) and Σl are m and m2, respectively.

An ensemble of D(m̃)TΣ−1
l D(m̃) is thus calculated from all the obtained samples of

plane parameters that fit the aftershock locations (Fig. 2.10d). The variance of the

ensemble of D(m̃)TΣ−1
l D(m̃) (shown in Fig. 2.10d), which is equal to 355, is taken

as the value of the hyperparameter, h2
2 (in Eq. 2.6).
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Chapter 3

Simultaneous Bayesian estimation of non-planar fault

geometry and spatially-variable slip

3.1 Abstract

Large earthquakes are usually modeled with simple planar fault surfaces or a combi-

nation of several planar fault segments. However, in general, earthquakes occur on

faults that are non-planar and sometimes exhibit significant geometrical variations in

both the along-strike and down-dip directions. Mapping of surface fault ruptures and

high-resolution geodetic observations are increasingly revealing complex fault geome-

tries near the surface and accurate locations of aftershocks often indicate geometrical

complexities at depth. With better geodetic data and other observations more details

of complex fault geometries can be estimated resulting in more realistic fault models

of large earthquakes. To address this topic, we here parameterize non-planar fault

geometries with a set of polynomial parameters that allow for both along-strike and

down-dip variations in the fault geometry. Our methodology uses Bayesian inference

to estimate the non-planar fault parameters from geodetic data, yielding an ensemble

of plausible models that characterize the uncertainties of the fault slip and the non-

planar geometry. The method is demonstrated using a synthetic test considering a

checkerboard fault-slip pattern on a non-planar fault surface with spatially-variable

dip and strike both in the down-dip and in the along-strike directions. The results

show that fault-slip estimations can be biased when a simple planar fault geometry is

assumed in presence of significant non-planar geometrical variations. Our method can



76

help modeling earthquake fault sources in a more realistic way and may be extended

to include multiple non-planar fault segments or other geometrical fault complexities.

3.2 Introduction

With increasing availability and improving spatial and temporal resolution of geodetic

data, more details of earthquake fault geometries and slip can be estimated, leading

to better understanding of the earthquake mechanics at the different fault systems in

the world. However, for the same earthquake, notably dissimilar coseismic fault-slip

models have been produced by different authors depending on their diverse estimation

methods and modeling assumptions, e.g. regarding the fault geometry, elastic layer-

ing, smoothing parameters, etc. [Lay, 2018, Mai and Thingbaijam, 2014, Razafind-

rakoto et al., 2015]. Bayesian inference of earthquake sources allows for constraining

the posterior probability distributions of the different fault model parameters and can

also take uncertain knowledge of the elastic layering, elastic parameters, etc. into ac-

count through model covariances or a priori constraints [Duputel et al., 2012, Dutta

et al., 2018, Fukuda and Johnson, 2008, 2010, Matsu’ura et al., 2007, Minson et al.,

2013, Yagi and Fukahata, 2008]. Despite this flexibility, most studies to date have

approximated the earthquake source either as a single planar fault or a combination

of several planar fault segments. Besides, when more complex fault geometries are

used, they are usually estimated a priori and have not been varied in the Bayesian

estimation because parameterizing complex non-planar geometries can result in hun-

dreds of additional model parameters to constrain and a dramatic increase of Green’s

function calculations.

While most earthquake faults are considered planar in coseismic fault slip model-

ing, multiple lines of evidence show that faults are typically more complex and can,

e.g., consist of en echelon segments, have bends, be curved or warped at different

spatial scales [e.g., Duman et al., 2005, Klinger, 2010, Maerten et al., 2005, Martel,
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1999, Wesnousky, 1988]. The growth of non-planar faults can be explained by ei-

ther linkage of pre-existing, discontinuous, non-coplanar structures [Bürgmann and

Pollard, 1994a, Cruikshank and Aydin, 1994, Segall and Pollard, 1980, 1983], during

propagation as non-coplanar shear fractures [Cox and Scholz, 1988a,b, Vermilye and

Scholz, 1998], or due to heterogeneous mechanical conditions along a fault [Martel,

1999]. Elastic analyses show that faults remain planar only if the stress drop across

the fault is uniform, it is surrounded by homogeneous, and isotropic rock, and the

far-field stress is uniform [Bürgmann et al., 1994b, Martel, 1999]. Otherwise, the fault

grows as a non-planar fault as the rupture propagates.

More and more details of non-planar earthquake fault geometries are being con-

strained, not only at the surface but also at depth, as the availability of high-resolution

geodetic data from GPS, InSAR and optical images increases. Many studies have

used multiple planar fault segments to represent geometrical fault complexities [e.g.,

Jónsson et al., 2002, Reilinger et al., 2000, Shen et al., 2009, Sudhaus and Jónsson,

2011]. However, when planar fault segments are used to describe curved or warped

surface fault ruptures or change in fault shape at depth, it usually results in unphys-

ical gaps and/or intersections of fault segments leading to slip singularities at those

geometric irregularities. In an attempt to address this problem, Maerten et al. [2005]

used triangular dislocation elements in an elastic half-space to construct a non-planar

fault model for the 1999 Hector Mine earthquake and showed a 32% fit improvement

to observed geodetic data compared to using planar fault segments. In addition, the

1995 Kozani-Grevena earthquake [Resor et al., 2005] and the 2003 MW6.8 Chengkung

earthquake [Hsu et al., 2009] were explained by faults with curvilinear tiplines that

were constructed based on aftershock locations. Furthermore, non-planar geometries

have been used for several other earthquakes leading to better fit to geodetic data,

e.g., for the 2003 MW6.8 Zemmouri [Belabbès et al., 2009], 1994-2004 Al Hoceima-

Morroco [Akoglu et al., 2006], 2010 MW6.9 Yushu [Jiang et al., 2013], 2008 MW7.1
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Yutian [Furuya and Yasuda, 2011], 2008 MW 6.9 Iwate-Miyagi [Abe et al., 2013], and

2008 MW6.4 Balochistan earthquakes [Usman and Furuya, 2015].

For all the studies mentioned above and for most other estimation studies using

non-planar earthquake fault geometries, the complex fault geometry was determined a

priori before fault slip was estimated. The selection of the fault geometry has usually

been based on other sources of information, e.g. aftershock locations, geological

maps, mapped surface ruptures, seismic reflection/refraction profiles, borehole data

and/or slab models for subduction-zone earthquakes. However, as there is a trade-off

between the choice of fault geometry and the amount of fault slip estimated [Ragon

et al., 2018, Razafindrakoto et al., 2015], the estimated slip would likely be biased

when the fault geometry (whether planar or non-planar) is fixed and different possible

geometries neglected. While varying planar geometries has often been carried out in

earlier estimation studies, varying non-planar geometries has rarely been attempted.

Bathke et al. [2015] varied non-planar geometry of the caldera ring-fault at Tend urek

volcano (Turkey) to better explain ring-like InSAR displacements. Also, Wan et al.

[2017] varied the listric geometry of the Beichuan fault segment constrained using

geodetic observations of the 2008 MW 7.9 Wenchuan earthquake.

In this paper, we introduce a method for simultaneously estimating complex non-

planar earthquake fault geometry and spatially-variable fault slip. We parametrize

the non-planar fault geometry with a set of polynomial parameters that allows for

fault curvature both along the fault strike as well as in the down-dip direction. Us-

ing Bayesian inference, an ensemble of fault model parameters corresponding to a

posterior distribution is estimated that accords to the data likelihood and a priori

constraints. The Bayesian result of fault geometrical parameters can be interpreted

for both fault-location uncertainties and fault-dip uncertainties along both the strike

and down-dip directions of the fault. We then demonstrate this simultaneous esti-

mation of non-planar geometry and slip distribution for a synthetic test case, and



79

Figure 3.1: Examples of non-planar fault geometries: (a) A fault with horizontal
curvilinear tiplines and a uniform dip (close to vertical). Inset shows the trace of
the top edge of the fault. (b) A fault with straight horizontal tiplines but curved in
the down-dip direction. Inset shows the profile of the curved vertical tipline. (c) A
fault with both curved horizontal and vertical tiplines such that the top-edge strike
is generally different from that of the bottom edge. Insets show (ii) the top and (iii)
the bottom edge of the fault.

compare with result when a planar geometry is used.

3.3 Model Parametrization and the Forward Model

We parametrize the complex non-planar fault geometry with only a few polynomial

parameters (usually less than 10) to vary the non-planar fault geometrical structure

either along the strike or the down-dip directions or both with various degrees of

freedom. Since we consider a non-planar finite fault in our parametrization, the

top and bottom edges of the fault are termed horizontal tiplines and other edges

are termed vertical tiplines in this paper. The two horizontal tiplines each lie at a

particular z-plane of the 3D Cartesian coordinate system in which our finite fault is

defined. Three examples of the complex fault geometries are shown in Fig. 3.1. The

first example is a fault with curvilinear horizontal tiplines and a constant dip (close to

vertical), whereas the second example is a fault with straight horizontal tiplines and

curved in the down-dip direction. Third example is a fault that includes both curved

horizontal tiplines and a curvature in the down-dip direction. We later demonstrate
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how to simultaneously determine these fault geometries along with spatially-variable

slip from geodetic data using Bayesian inference.

The fault model parameters in our problem, denoted by θ in the M -dimensional

model space M, are a combination of fault geometrical parameters m, fault-slip pa-

rameters s, and hyperparameters σ2
1, σ2

2, · · · ,σ2
p, such that : θ = [mT sT σ2

1 σ
2
2 · · · σ2

p]
T .

The geometrical model parameters m constrain the 3D fault geometry with the fault

surface comprising of both curved horizontal and vertical tiplines, while the slip model

parameters s are the slip values on this non-planar fault surface. The hyperparameters

(σ2
i ) control the weights of direct/indirect priors with respect to the data likelihood.

Our problem utilizes geodetic data (e.g., GPS or InSAR) denoted as data vector d

in the N -dimensional data space N that relates to the model parameter vectors m

and s through: d = G(θ) + ε, where G(θ) = G′(m)s is the predicted data and ε

is the error vector. The finite non-planar fault constrained by our parametrization

is discretized using a set number of triangular dislocation elements (TDEs) so that

the fault is tied without any gaps or overlaps that can arise when using rectangular

elements for a non-planar surface. This finite fault is placed within a homogeneous

and isotropic elastic half-space and the predicted data G′(m)s is computed using an

analytic solution [Meade, 2007] with s describing the slip on the TDEs.

The different types of non-planar fault geometries shown in Fig. 3.1 can be parametrized

by the technique described below. However, the steps to follow to construct the

non-planar fault geometry and the number of parameters may differ for different

types of non-planar faults depending on the complexity desired. Fig. 3.2 shows the

parametrization steps for a geometry with curved tiplines along both the horizontal

and down-dip directions. The steps followed to obtain the geometry are as follows:

(i) We first determine the top edge of the fault surface (curve AP in Fig. 3.2a) and

discretize this top edge at regular intervals (points A, B, · · · , P in Fig. 3.2a). We

often have good a priori information about the fault trace, e.g., from geological
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Figure 3.2: Construction of a non-planar fault surfaces using multiple geometrical
parameters. Continued on the next page ...
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(a) Green line shows the top edge of the fault at depth 1z and dots denote its regular
discretization with coordinates of three points A, B and P shown. Inset shows strike
ψi calculated at ith point Y as the average of the angles ∠MXY (ψ

′
i−1) and ∠NY Z

(ψ
′
i). (b) Green lines show the down-dip polynomials passing through the discretized

top-edge of the fault. Points A, 2A, ..., qA are the discretizations of the polynomial
passing through point A on the top edge. The inset shows the points Y and q′Y on the
line Y q′Y in the z = 1z plane passing through the ith point Y on the top edge, where
the curve XYZ is a portion of the top edge, also shown in the inset of (a). The x-
and y-coordinates of the polynomial in the dip direction passing through point Y (ith

discretization on top edge) are obtained by discretizing the line Y q′Y which strikes
at angle (ψi−90◦) in the plane z = 1z. The z-coordinates are determined by Eq. (3.1)
using the geometric parameters D1 and D2. (c) Gray lines show the down-dip curves
after adjusting them such that the fault’s lower edge strikes differently from the top
edge. Light green and dark green lines show the previous and adjusted fault-bottom
edges, respectively. The inset shows a part of the fault’s bottom edge changing from
curve qA qQ qY to curve qA q∗Q qY depending on the geometric parameters S1

and S2, see Eq. 3.14. (d) The resulting fault geometry discretized using triangular
dislocation elements (TDEs). Note: The x- and y- coordinates in the cartesian system
are denoted as double-indexed variable (for e.g., 1x2), where the top-left index denotes
the discretization in the down-dip direction and the bottom-right index denotes that
in the along-strike direction.

maps, mapped surface ruptures, coseismic interferograms or image offsets. Such

fault trace can be considered as a single linear segment or a set of several connected

linear fault segments with different strikes. In case of a buried fault, the top edge

of the fault can be parametrized using a (2nd or 3rd degree) polynomial. The top

edge is then discretized with equidistant points using piece-wise linear segments. In

the example here, we introduce two parameters T1 and T2 defining a polynomial

to determine the curved top-edge (curve AP in Fig. 3.2a). The equation of this

polynomial is explained in Appendix A.

(ii) To allow for curvature in the down-dip direction, we introduce two parameters D1

and D2 (or three depending on the level of complexity desired in the down-dip

direction) to define polynomials that pass through the discretized points of the top

edge (for e.g., curve A qA in Fig. 3.2b where point A is on the top edge). Each of
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these polynomials follow the equations:

z = D2(x2 − (1xi)
2) +D1(x− 1xi) + 1z;

y = tan(ψi)(x− 1xi) + 1yi,

(3.1)

where D1 and D2 are the two parameters that are the same for all these down-dip

polynomials (curve A qA, B qB, etc.). The terms x, y and z are the x-, y- and z-

coordinates of these polynomials, respectively, which pass through the ith point of

the top edge (1xi,
1yi,

1z). ψi is the azimuth of the ith polynomial (see Fig. 3.2a).

(iii) The polynomials are truncated at a desired depth and they are discretized at regular

distance intervals in the down-dip direction. At this point, the curvature of the

fault’s lower edge in the fault-strike direction is the same as that of the top edge of

the fault.

(iv) To change the curvature of the fault’s lower edge in the along-strike direction be-

tween points qA and qY (in Fig. 3.2c), we introduce two more parameters S1 and S2

defining a polynomial that has a different curvature compared to the corresponding

top edge and that passes through these points (i.e., solid curve qA qY vs. dashed

curve qA qY in Fig. 3.2c inset). The equations of these polynomials are explained

in Section 3.8.1. Similarly, as an example, the curvature between points qY and

qP at the fault’s lower edge is also changed using two more parameters S3 and S4

(Fig. 3.2c).

(v) The curvature difference between the lower and top edges of the fault is then linearly

propagated in the up-dip direction for the discretized points (Fig. 3.2d).

This procedure results in a finite non-planar fault surface with curved horizontal

(along-strike direction) and vertical (down-dip direction) tiplines. The number of fault

geometrical parameters used may however depend on the desired level in curvature
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Figure 3.3: Effects of the geometrical parameters in varying the complex non-planar
fault geometry. (a) Fault vertical cross-sections showing how parameter D1 controls
the down-dip slope of the down-dip polynomial. Inset shows the fault in 3D with
different D2 values. (b) Parameter D2 controls the curvature of the fault in the down-
dip direction. Inset shows the fault in 3D with different D1 values. (c) Insets (i)-(iii)
show S-shaped and D-shaped faults in 3D with different S1 values. Inset (iv) shows
the corresponding color-coded fault-bottom cross-sections. (d) Insets (i)-(iii) show the
3D faults with change in intensity of the along-strike curvature for different values of
S2. Inset (iv) shows the corresponding color-coded fault-bottom cross-sections.
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complexity of the fault. Fig. 3.3 shows how the two parameters in the down-dip

direction (D1 and D2) and two parameters along strike direction (S1 and S2) can

vary the curvature of the fault in those two directions. Parameter D1 changes the

slope of the fault in the down-dip direction and parameter D2 effectively changes the

curvature, as expected from Eq. 3.1. Thus, as shown in Fig. 3.3a-b, these parameters

can be varied to either have a fault with a constant dip or with a varying dip. They can

also be changed to include listric or variously dipping faults and the parametrization

is then not limited to fault with increasing dip with depth. Fig. 3.3c-d shows the

curvature of the fault in the along-strike direction changing with varying parameters

S1 and S2. The curvature is S-shaped when the parameter S1 is between 0 and

2, while it is D-shaped curved either outward or curved inward when the value of

this parameter is greater than 2 or less than 0, respectively. The parameter S2

either lessens or amplifies the along-strike curvature. These two parameters S1 and

S2 defined between control points at certain constant depth can be used to map a

fault with varying dip along strike. Multiple pairs of such control points at different

depths (including top edge) can also be used resulting in a complex fault with different

curvature at different depths.

After the complex non-planar fault is constructed and discretized, we use TDEs

to tie the discretized points (see Fig. 3.2d) to avoid gaps or nonphysical crossings

(or overlays). These TDEs however tend to have different sizes (i.e., different length

of sides and hence different surface area) with respect to each other when the fault

geometrical parameters are varied. Due to the use of polynomial parameters, the

fault curvature are usually smooth both in the along-strike and down-dip directions

except close to the control points.
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3.4 Bayesian Inference

In this study, we use a stochastic (probabilistic) approach to estimate the model pa-

rameters instead of a deterministic approach that yields a single best set of estimated

model parameters. Due to the non-uniqueness of the optimization problem and un-

certainties in data (and/or uncertainties in parametrization or modeling scheme), the

deterministic result may not be robust and is potentially inaccurate. After being in-

troduced in the 1980s in geophysics [Tarantola and Valette, 1982a], the stochastic ap-

proach has been used in many fault model parameter estimations with various flavors

[Dettmer et al., 2014, Duputel et al., 2014, Dutta et al., 2018, Fukuda and Johnson,

2008, 2010, Matsu’ura et al., 2007, Minson et al., 2014, Monelli et al., 2009, Sudhaus

and Jónsson, 2009, Yagi and Fukahata, 2011]. Here, we use Bayesian inference, where

the posterior probability distribution of the model parameters for given data can be

determined using two sources of information on these parameters, namely, a priori

information and a physical relation between the data and the parameters [Tarantola,

2005]. The multidimensional posterior probability density function (PDF) defined

on the model parameter space, referred to as the posterior density, can be estimated

approximately by sampling using various Monte Carlo methods. In addition, esti-

mating the 1D/2D marginal densities of the model parameters from the posterior

density can be useful in characterizing the features and uncertainties of each of those

model parameters. The posterior density of the model parameters p(θ|d) is given as

[Tarantola, 2005]:

p(θ|d) ∝ p(θ) · L(θ), (3.2)

where p(θ) represents the prior density of the model parameters and L(m) is the

likelihood function, which is a measure of how probable a given value of the model

parameters is with respect to the observed and predicted data.



87

3.4.1 Likelihood Function

The likelihood function acts as a goodness of fit of the model parameters with respect

to the data, including information about the uncertainties of the data measurement

process as well as uncertainties in the modeling scheme (or its parametrization) or of

other parameters (for e.g., Earth structure, rigidity, etc.) that are not varied in the

problem [Minson et al., 2013]. The likelihood function can be given as [Monelli et al.,

2009, Tarantola, 2005]:

L(θ) =

∫
Dpred

ρD(d|dpred) C(dpred|θ) ddpred, (3.3)

where ρD(d|dpred) is the density of the data d conditioned on dpred and C(dpred|θ) is the

prior density for dpred conditional on θ. In our problem, we assume that the observed

data d follow a Gaussian distribution with mean dpred. The variability in the data is

described by the covariance matrix σ2
1Σd, where the hyperparameter σ2

1 is a scaling

factor. This Gaussian probability density ρD(d|dpred) is given as:

ρD(d|dpred) = (2πσ2
1)−N/2|Σd|−1/2 exp

[
− 1

2σ2
1

(d− dpred)TΣ−1
d (d− dpred)

]
. (3.4)

The conditional density C(dpred|θ) represents the correlation between the model

parameters where uncertainties related to earth structure, elastic parameters, or the

problem scheme can be introduced [Fukuda and Johnson, 2008, Yagi and Fukahata,

2008]. Generally, when such model uncertainties are neglected, the conditional prob-

ability becomes: C(dpred|θ) = δ(dpred − G(θ)), which we use in this study. However,

high error correlation resulting from modeling uncertainties are often present and

ignoring them using only the data covariances can result in underestimated model

uncertainties or bias in parameters estimated [Dettmer et al., 2007]. The correlated

errors can be minimized by downsampling the data such that the distance between
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data points exceeds the correlation length of the original data. However, for many

fault parameter estimation problems, the data are already downsampled or limited.

Uncertainties in the earth structure [Duputel et al., 2014, Yagi and Fukahata, 2008] or

fault geometry [Ragon et al., 2018] have been quantified to estimate the covariance of

the model prediction errors Σp, which was incorporated in the conditional probability

C(dpred|θ) as following:

C(dpred|θ) = (2πσ2
2)−N/2|Σp|−1/2 exp

[
− 1

2σ2
2

(
dpred −G(θ)

)T
Σ−1
p

(
dpred −G(θ)

)]
,

(3.5)

where the covariance of the model parameters Σp is scaled by the hyperparameter σ2
2.

The likelihood function is thus obtained by combining Eqs. (3.3), (3.4) and (3.5)

as:

L(θ) = η(θ)× exp

[
−1

2

(
d−G(θ)

)T
Σ−1
ψ

(
d−G(θ)

)]
, (3.6)

where Σψ is the full covariance matrix defined as: Σψ = σ2
1Σd + σ2

2Σp, and η(θ) is the

normalizing factor given as [Duputel et al., 2014, Tarantola, 2005]:

η(θ) = (2π)−N/2 |Σd|−1/2 |Σp|−1/2
∣∣(σ2

1Σd)
−1 + (σ2

2Σp)
−1
∣∣−1/2

. (3.7)

In our study, ignoring the model prediction errors (σ2
2 = 0) results in the full covari-

ance matrix defined simply as: Σψ = σ2
1Σd.

3.4.2 Direct or Indirect Priors

The Bayesian approach allows to include any prior information on the model param-

eters defined by a prior probability density, which can restrict the model solution

space. Direct prior information bounds the model parameters directly within a cer-



89

tain range [Matsu’ura et al., 2007]. On the other hand, indirect priors regulate the

structure of the stochastic model based on some physical consideration implemented

in the problem (e.g., regularization, spatial slip smoothness, etc.). In some past fault

model parameter estimation studies, various direct a priori constraints on the fault

model parameters have been used [Dutta et al., 2018, Hashimoto et al., 2009, Jack-

son, 1979, Xu et al., 2015], e.g., moment tensor solutions or locations of aftershocks

to constrain the fault geometry, or the mainshock moment magnitude to constrain

the total slip magnitude on the fault, etc. Here, we use slip smoothness as an indirect

prior constraint to reduce the roughness of the slip distribution, similar to Fukuda

and Johnson [2008, 2010]. For this, the slip smoothness prior p(s|σ2
3) ), where s is a

vector containing the slip at ML TDEs, restricts rough slip changes between adjacent

TDEs [Maerten et al., 2005]. This prior consists of slip model roughness (σ−2
3 ||Ls||2),

where σ2
3 is a hyperparameter and L is the discrete second-order finite-difference oper-

ator (Laplacian). Smaller values of σ2
3 reduce the modeled slip roughness while larger

values of σ2
3 allow for greater modeled slip roughness. The slip smoothness prior can

be formalized as:

p(s|σ3
2) = (2πσ3

2)−ML/2 |LTL|1/2 × exp

[
− 1

2σ3
2

(
Ls
)T(

Ls
)]

(3.8)

Instead of the general finite-difference formulation, we use the following approxima-

tion of the discrete Laplacian operator (∇2) due to the use of TDEs (Maerten et al

2005):

∇2si =
2

Mi

3∑
j=1

sj − si
hij

, (3.9)

where for the ith TDE with adjacent elements j (where, j = 1, 2, 3), si represents slip

value, and hij represents distance between centroids of the ith and jth elements, and

Mi =
∑3

j=1 hij. We obtain the sparse-matrix smoothing operator L after superposing

the above relation for all the TDEs of the fault.
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3.4.3 Posterior Distribution

The posterior density p(θ|d) (in Eq. 3.2) is obtained by combining Eqs. (3.2), (3.6),

and (3.8). Considering positivity constraints on the slip parameters or constraining

them within certain bounds, the posterior distribution can be given as:

p(θ|d) ∝


p(s|σ3

2) · p(σ2
3) · L(θ) · p(σ2

1), if sα ≤ s ≤ sβ

0, otherwise

(3.10)

where the probabilities p(σ2
1) and p(σ2

3) are given such that σ2
1 ∼ LU [α1 β1] and

σ2
3 ∼ LU [α3 β3] are log-uniformly distributed with αi and βi corresponding to lower

and upper limits of the logarithmic scale, which are chosen subjectively. The terms

sα and sβ are the lower and upper bounds of the slip parameters.

3.4.4 Sampling Technique

Multidimensional posterior probability densities, where the posterior outcome is es-

timated only point-wise through a numerical/analytic method, are typically sampled

using Markov Chain Monte Carlo (MCMC) sampling techniques [Gilks et al., 1995,

Gelman et al., 2013]. However, most of these MCMC methods are not effective when

the posterior probability densities are high-dimensional, multi-modal, very peaked,

flat, etc.. Here, we use a variant of the CATMIP algorithm [Minson et al., 2013]

that is based on the Transitional Markov Chain Monte Carlo algorithm of Ching and

Chen [2007]. This method belongs to the class of sequential particle filter methods

[Chopin, 2002], which combines transitioning (tempering of simulated annealing) and

resampling (replication and mutation of genetic algorithm) with MCMC sampling.

This method implements the idea proposed by Beck and Au [2002] to construct a

series of intermediate probability densities that transitions from the prior probability
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density p(θ) to the target probability density p(θ|d) in the following way:

pj(θ) ∝ p(θ) · p(d|θ)γj ,

j = 0, ..., J and 0 = γ0 < γ1 < · · · < γJ = 1

(3.11)

where j is the transition stage number and p(d|θ) is the data likelihood. In cases

when the geometry of the target probability density p(θ|d) is dramatic (e.g., high-

dimensional, strongly correlated, highly peaked, flat or multi-modal), it’s not easy to

draw samples from it. Hence, small changes in geometry of consecutive intermedi-

ate probability densities, i.e. from pj(θ) to pj+1(θ), leads to efficiently obtaining the

samples. These adaptive intermediate probability densities are chosen depending on

the criteria that if the target probability density varies strongly from the prior prob-

ability density, there are more transition stages as compared to when the variation

is low. The transitional stages are controlled by the coefficient γj, which is chosen

adaptively such that the coefficient of variation of p(d|θj−1)γj−γj−1 is equal to a chosen

threshold [Beck and Zuev, 2013]. At each stage, the samples from the previous in-

termediate probability density are resampled according to the weight determined by

the ratio of the corresponding likelihood functions at the current and previous stage

(p(d|θj−1)γj−γj−1). This causes unlikely models to be rejected in favor of more likely

models making this technique more robust against the dimension of target probability

density. To make the samples from each stage distinct from each other, we employ

a MCMC sampling (adpative Metropolis Hastings algorithm) technique within each

stage that samples the corresponding intermediate probability density. Section 3.8.2

summarizes the different steps in this sampling technique.

The resulting ensemble of model samples representing the posterior distribution

p(θ|d) can then be inferred by estimating the maximum a posteriori (MAP) model θ̂,

mean model θ, or 1D/2D marginal probability densities. Theoretically, maximum a

posteriori model θ̂ estimate is the mode of the posterior distribution and mean model
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θ estimate is its mean, which can be obtained by:

θ̂ =θ p(θ|d)

θ =

∫
M
θ
′
p(θ

′|d) dθ
′

(3.12)

The 1D marginal posterior probability density of a specific parameter can be obtained

by integrating the posterior probability density over the entire model parameter space,

except for the model parameter of interest:

Mi(θi) =

∫ ∞
−∞
· · ·
∫ ∞
−∞

p(θ|d)
N∏

j=1, j 6=i

dθj. (3.13)

3.5 Synthetic Test

In this section, we test the method of simultaneously estimating non-planar fault

geometry and spatially-variable slip as discussed in Section 3.3 for a synthetic fault

slip model. First, synthetic data generated from this fault model were used to estimate

slip distributions on pre-assumed planar and non-planar faults. Then, the Bayesian

analysis was used to estimate a non-planar geometry simultaneously with spatially-

variable slip and the results compared with those when planar geometries are assumed.

3.5.1 Model Set-up

For the synthetic test, we consider a fault-slip model consisting of a checkerboard-like

slip pattern on a listric normal fault (Fig. 3.4a). The synthetic data for this normal

fault was generated by firstly constructing the geometry such that the fault has the

following features: (i) the top edge of the fault is at 1 km below the surface, (ii)

the bottom edge of the fault is at 9 km, (iii) the down-dip curvature of the fault

resembles that of a listric fault, and (iv) the fault’s lower edge is curved in the along-

strike direction (Fig. 3.4a). The fault dips steeply at Plane B compared to at Plane
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Figure 3.4: The non-planar fault model used for testing simultaneous estimation of
non-planar geometry and spatially-variable slip. (a) The listric normal fault geometry
in 3D with a checkerboard slip distribution. The green line is the projection of the
top edge of the fault on the surface. (b) Fault profiles at the vertical planes A and
B shown in (a). (c) Quadtree subsampled synthetic surface displacements resulting
from the normal faulting in (a), with arrows showing the horizontal displacements
and colored squares the vertical displacements. The green and black lines are the
surface projection of the top and other edges of the fault.
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A (Fig. 3.4b). After determining its geometry, the fault was discretized using trian-

gular dislocation elements and a normal-component slip imposed in a checkerboard

pattern with maximum slip of 4 m and a minimum of 0 m (Fig. 3.4a). The moment

magnitude of the resulting listric normal faulting event is 7. Ground displacements

due to the normal-slip on this fault were then calculated on a rectangular ground

surface grid using the analytical TDE solution by Meade [2007]. Finally, to make the

synthetic data more realistic, Gaussian noise with standard deviation proportional

to the displacement magnitude was added to the ground displacements. We used

Quadtree sub-sampling of this dense surface displacements to reduce the number of

data points (Fig. 3.4c), yielding about 100 observation locations.

3.5.2 Bias in Slip Estimates using Planar Faults

We first used these synthetic ground displacement observations to estimate spatially-

variable slip for several different fault geometries, which we fixed before the esti-

mation, using linear regularized non-negative least-square (RNNLSQ) optimization

[Altman and Gondzio, 1999]. Figure 3.5 shows the resulting spatially-variable slip

estimates using the following four different fault geometries: (a) the reference listric

fault geometry curved in both down-dip and along-strike directions that was used to

generate the synthetic data, (b) the reference fault geometry without any geometrical

variations in the along-strike direction, (c) the planar fault geometry that is the best

3D fit to the reference fault geometry, and (d) the planar fault geometry that is the

best 3D fit to the deeper parts (below 5 km) of the reference listric fault geometry.

We use a weighted measure of variance reduction (Suppl. B.1) to compare how well

the fault-slip model explains the synthetic surface displacement observations.

Not surprisingly, the fault slip model with the reference fault geometry (Fig. 3.5a)

can explain the synthetic dataset the best with about 99.6% variance reduction.

However, planar faults are the most common assumption for fault slip estimation
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studies worldwide, and here the two planar fault slip models (Fig. 3.5c,d) have lower

variance reductions of 95 % and 91.1%. Although these planar fault models appear

to resolve both the shallow and deeper slip asperities with more than 90% variance

reduction, the estimated slip distributions are quite different from the reference one.

For example, slip on the shallow and deeper slip patches on the planar faults are

over-estimated by 100% and 50%, respectively. In addition, there is also a bias in

the depths at which the slip asperities are estimated. The fault slip model with the

simplified reference non-planar fault geometry with no along-strike variations also

exhibits all the four slip asperities, but the maxima slip values are over-estimated

where the dip is different from the reference fault (Fig. 3.5b).

3.5.3 Simultaneous Bayesian Estimation

We now apply our proposed method of simultaneously estimating non-planar finite-

fault geometry and spatially-variable slip. For this, we used the Bayesian inference

described in Section 3.4 to estimate the variability of the fault geometrical and slip

parameters. The geometrical parametrization we used is with 4 parameters (as ex-

plained in Section 3.3) to vary the non-planar finite-fault geometry with the top edge

fixed. We assume the top edge of this fault is well constrained based on the dis-

continuity of the surface displacement due to the fault reaching close to the surface.

The two geometrical parameters S1 and S2 vary the curvature of the fault in the

along-strike direction and parameters D1 and D2 vary the curvature of the fault in

the down-dip direction. This non-planar geometry was discretized with 96 TDEs,

i.e., larger patches than the one used to generate the synthetic surface displacement

observations, and we only estimated the normal-component slip assuming there is no

strike-slip. Thus the geometrical parameters (D1, D2, S1 and S2), the 96 slip param-

eters (for 96 TDEs) and the hyperparameters (σ2
1 and σ2

3) resulted in a total of 102

parameters to estimate.
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Figure 3.5: Results of linear least-squares slip inversions (RNNLSQ) with different
pre-defined fault geometries. (a) The reference fault geometry with variable dip, both
down-dip and along-strike. (b) The reference fault again, but with varying dip only
in down-dip direction. (c) A planar fault that best fits the reference fault geometry.
(d) A planar fault that fits the shallower parts (below 5 km depth) of the reference
fault geometry. (e-f) Profiles of the different fault geometries along cross-sections A
and B are shown. The insets show the change in dip of the faults with depth along
the corresponding planes.
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As mentioned in Section 3.4.2, Bayesian estimation allows to use any a priori

information about the fault geometrical or slip parameters along with the physical

relation of the data with the model parameters. Despite this flexibility, we chose

a uniform distribution as the prior probability for the geometrical parameters and

log-uniform prior distribution for the hyperparameters (Fig. 3.6a). However, the

prior probabilities of the slip parameters have to be set such that there are enough

probable samples to start the sampling and we also want the slip values that are

strictly positive. For this, Minson et al. [2013] used Dirichlet distribution as the

prior probability for each slip patch such that the total moment of the slip parameter

ensemble followed a Gaussian distribution about a plausible event moment magnitude.

Instead of using the moment magnitude based Dirichlet prior probability for the

slip patches, we used the synthetic observations to determine this prior probability

density. For this, the ensemble of non-planar fault geometries following the uniform

(prior) probability as mentioned above was used to estimate an ensemble of slip

distributions, such that each slip distribution corresponding to a sample non-planar

fault geometry was estimated from the observed synthetic data (in Fig. 3.4c) and

linear RNNLSQ optimization [Altman and Gondzio, 1999]. The ensemble of such slip

distributions was then used as the prior probability of each of the slip patch. Co-

incidentally, the prior probabilities of the slip patches follow a bi-modal distribution

where each mode represents a Dirichlet distribution (Fig. 3.6b). The resulting slip

prior ensemble correlations of each slip patch with the rest of the slip patches are

more than 0.7 (Fig. 3.6b). Although highly correlated, such prior probability for the

slip patches ensures the sampling technique initiates with probable samples with a

total moment close to the final moment estimate. Otherwise, the data likelihoods

cause the starting samples to be rejected in the first resampling stage resulting in

failure of the sampling. Fig. (3.6c) shows that sample of the slip distribution and

the fault geometry, which corresponds prior median values of the fault geometrical
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Figure 3.6: Marginal prior probability densities of the model parameters. (a) Uniform
prior probability densities of the geometrical parameters and hyperparameters with
dashed magenta lines indicating the reference values. (b) Marginal prior probability
densities of the slip parameters overlaid on the correlation of the corresponding slip
patch and the slip patch outlined by red line. The inset shows an example of the
bimodal prior slip probability density of the slip patch outlined by magenta line.
(c) Fault geometry and slip distribution corresponding to the prior median fault
geometrical and slip parameters.
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Figure 3.7: A few samples of fault geometries and corresponding slip distributions of
the prior distribution ensemble.

and slip parameters. Fig. 3.7 shows some starting sample fault geometries and slip

distribution belonging to the prior probability of the fault model parameters. These

sample fault geometries show the extent to which fault can be warped or twisted in

the both along-strike and down-dip directions.

The multi-dimensional posterior probability density of the fault geometrical and

slip parameters, which contains information of the indirect/direct priors and the data

likelihood, can be sampled to obtain the most probable fault parameter values as

described in Section 3.4.4. Here we sampled the posterior probability density using

the SMC technique with 20,000 Markov chains and a chain length of 150, a sam-

pling procedure that took 28 stages and was robust such that the obtained samples

converged to the posterior probability density (Fig. B.2). During the intermediate

stages, the prior probability density transitions itself to the posterior probability den-

sity with increasing contribution of the data likelihood (Figs. 3.8, 3.9, 3.10, B.4, B.5,

B.6, B.7). Fig. 3.8 shows the median fault geometry and slip distribution at several
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Figure 3.8: Progression of the fault geometry and slip distribution during the estima-
tion process showing the posterior median sample of the fault parameters at several
transition stages of the SMC sampling.

of these transitional stages of the sampling. While the SMC sampling progressively

explores through more probable estimates of the fault model parameters, during the

earlier stages of the sampling it converges to probable estimates of hyperparameters

(Fig. 3.9). At the intermediate stages, the sampling converges to constraints of the

fault geometrical parameters (Fig. 3.9), and finally to constraints of the spatially-

variable slip (Fig. 3.10).

The resulting 1D marginal probability density of the geometrical parameters are

mostly skewed or multi-modal describing the highly non-linear relation of the data

with these parameters (Fig. 3.11a). The 1D marginal probability densities of the hy-

perparameters on the other hand exhibit log-normal distributions. The two param-

eters controlling the curvature in the down-dip direction (D1 and D2) are positively

correlated to each other. This correlation demonstrates that the steeper faults are

more curved in the down-dip direction, and vice versa. The negative value of S1 shows
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Figure 3.9: 1D marginal densities of the geometrical parameters and hyperparameters
obtained at several different intermediate stages of the sampling process.

Figure 3.10: 1D marginal densities of the four selected slip asperities (slip patch
indices 3, 33, 51 and 81) at several different intermediate stages of the sampling
process.
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the listric fault is curved as D-shape (inward) in the along-strike direction. This pa-

rameter S1 is negatively correlated to the parameter S2 that determines the intensity

of the curvature in the along-strike direction. However, the correlation coefficient for

S1 and S2 is lower in magnitude for the more probable samples than that for the

less probable samples showing a non-linear correlation of these two fault geometrical

parameters (Fig. 3.11a).

The estimated fault geometry is listric like the reference fault (Fig. 3.11). The

estimated fault dip matches the reference dip better for deeper portions of the fault.

While the estimated geometrical parameters do not agree with the reference values,

they lie within their 95% confidence intervals. The estimated fault geometry agrees

within the 95% confidence interval with the reference fault geometry for depths greater

than 6 km, while at shallower depths, it is steeper than the reference geometry. This

can be explained as being due to the coarse fault discretization and the subsampling of

the data used in this estimation (Appendix B.3, Figs. B.9 and B.10). The uncertainty

of the estimated fault geometry increases with depth, as expected (Fig. 3.11c,e). But,

the higher uncertainty of the fault geometry at ∼3.5 km depth, compared to that at

∼7 km depth, can be attributed to the inaccurate location of the fault at shallower

depths.

The estimated posterior median fault slip model has slip asperities that agree

well with slip maxima of the reference model, recovering the checkerboard pattern

successfully (Fig. 3.12a). The maxima slip values are approximately 4 m, with a few

patches with lower or higher slip values likely due to the coarse discretization of the

fault. Fig. 3.12a shows the median and the 1D marginal probability densities of the

slip values at each of the TDEs. The 1D marginal probability densities of the slip

values are mostly Gaussian or truncated Gaussian distributions (due to positivity

constraints on slip values). The standard deviation is high (>1 m) for slip asperity

patches at larger depths, whereas at shallower depths it is about 0.5-0.9 m. For
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Figure 3.11: Modeling results for the fault geometry. (a) 1D/2D marginal posterior
probability densities of the fault geometrical parameters and the hyperparameters.
(b) The posterior median sample of the fault geometry and slip distribution. (c)
Comparison of the reference fault geometry with the posterior ensemble at Plane A,
and (e) at Plane B. (d) Comparison of the fault dip of the reference fault geometry
with the posterior median sample at plane A, and (f) at Plane B.
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the low slip patches, the standard deviation at larger depth is about 0.5 m and at

shallower depths it is about 0.2-0.3 m. The ensemble of the fault slip models has a

variance reduction ranging from 98.6 % to 99.3 % (Fig. 3.12e), with a median value

of 99.03 %. The spatially-variable slip is estimated robustly and is similar to the

reference slip without any significant biases related to inaccurate fault geometry.

3.6 Discussions

Many fault-slip models are usually published after each well-recorded major earth-

quake, but the resulting slip models are often quite different from each other. The

reason is related to a combination of factors, such as what datasets were used, how the

earth structure and the fault geometry were parameterized, how the model parameter

estimation was set up, and what optimization scheme was used [Razafindrakoto et al.,

2015]. Even in Bayesian estimations of fault-slip models that are used to address pos-

sible fault-model discrepancies, some aspects of the model are usually pre-assumed,

e.g., the Earth structure and its elastic parameters, the fault geometry, etc. Efforts of

integrating uncertainties in the Earth structure [Duputel et al., 2014] or uncertainties

in fault geometry [Ragon et al., 2018] as model prediction covariances in confluence

with the data uncertainties have shown to reduce bias in fault slip estimations. In

our work, we extend previous studies by parameterizing a non-planar fault geometry

such that it can be estimated simultaneously with the slip distribution. With this

geometry parameterization one can estimate spatially-variable strike and dip, both

in the along-strike and down-dip directions, such that the fault surface is allowed to

twist and warp to explain the observed data. This flexibility eliminates the need for

pre-assumptions about the fault geometry and the Bayesian inference provides all the

associated uncertainties of the estimated fault parameters.

Estimations of variable non-planar fault geometries have usually been avoided in

earthquake fault estimation studies as they require calculating the Green’s function
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Figure 3.12: Modeling results for fault slip. (a) 1D marginal posterior probability
densities of the fault slip overlaid on the corresponding posterior median slip of each
fault patch. (b) An example probability density in more detail for one selected fault
patch (from top-left). (c) The posterior standard deviation of the fault slip values.
(d) The synthetic data, modeled predicted data and the data residuals corresponding
to the posterior median of fault parameters. (e) Distribution of variance reduction
obtained from the ensemble of fault model parameters.
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for every perturbation in the fault geometry, making such flexibility computationally

impractical in kinematic source model estimations. Instead, researchers have usu-

ally estimated or assumed simple planar fault geometries before determining spatio-

temporal details of the fault slip. However, when the Green’s function calculation

is fast and robust (such as in static finite-fault estimations), it is possible to allow

for local variations in geometry as well as estimating the slip. While this has been

done in a few studies, uncertainties in fault position and dip in both down-dip and

along-strike directions have rarely been considered. This is important to do as the

simultaneous estimation of local variations in both fault geometry and slip can be far

from robust. While simple pre-assumed planar or non-planar fault geometries can be

good first-order approximations of the real fault geometries, the increasing availabil-

ity, resolution, and quality of geodetic data (e.g., InSAR and image offsets) are leading

to better fault parameter estimations in which local fault geometry complexities are

warranted.

As demonstrated by our results, estimated fault slip assuming planar faults may

explain observed displacement data well (more than 90% variance reduction in our

example), even when the true source fault is non-planar. However, the estimated

spatial variations in slip can be under- or over-estimated of the different parts of

the fault due to the planar approximation of the local fault location and dip. Using

geodesy, fault slip variations are typically better resolved at the shallower fault depths

than deeper [e.g., Simons et al., 2002], but even shallow slip values can be strongly

biased if the local fault location or dip is inaccurate [Ragon et al., 2018]. Using

the fault geometry parameterization presented here, where variable dip and location

can be estimated along with the slip, thus helps to eliminate this potential bias in

slip estimations. Also, the non-planar fault geometry can be estimated solely based

on the observed data or it can be constrained using prior physical information in

the Bayesian framework. While it is known that the estimated geometry and slip is
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generally less well constrained at the larger depths, the Bayesian inference also helps

to quantify these uncertainties and provides confidence levels for all the estimated

fault parameters.

As mentioned above, estimating complex non-planar fault geometries has rarely

been attempted before due to the high computation cost of each forward calculation of

the model (i.e., the computation of G(θ) in our study), making the MCMC sampling

impractical. However, in our study, the average computation time of G(θ) was only

about 0.3 seconds. This means that for the 28 stages of the SMC sampling and

20000 Markov chains of length 150, the total computation time was about 7000 CPU

core hours. This computation time scales up with more data observations, finer

fault discretizations, and more sampling stages. When studying large earthquakes

(MW7.5 and larger), more data points and a larger number of TDEs would typically

be needed than we used in this study. Also, more sampling stages would also be

needed to converge to optimum results due to the increased complexity in the fault

geometry and slip. However, the computation time can be kept within acceptable

bounds by parallelization of CPU clusters [Minson et al., 2013] or GPU architectures

[Lee et al., 2010]. In addition, as the fault geometry parameterization has only a few

parameters, the Green’s functions (G(m) in Section 3.3) can be pre-computed and

stored. The pre-computed Greens function databases could then be used during the

Bayesian inference, leading to drastically reduced computation costs.

The surface deformation field of earthquakes is usually not fully captured by

geodesy because of gaps in the data, water bodies, InSAR decorrelation, etc. In

cases when data are scarce, using non-planar geometries may seem like an over-

parameterization of the problem. Such over-parameterizations can lead to unreal-

istic models that fit noise features in the data or models with unrealistically high

uncertainties, whereas using overly simple models with fewer parameters (under-

parametrization) can result in biased solutions as mentioned above. However, the
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model parametrization scheme for the fault model estimation problem (e.g., the num-

ber of control points pairs to constrain the fault-top/bottom edge curvature, or the

coarseness of the fault-slip discretization, etc.) can be either selected ad hoc or based

on some model selection metric. The different parameterization schemes can be sta-

tistically compared by calculating the Bayesian evidence (i.e., the denominator in the

Bayes theorem), which quantitatively embodies Occams razor [Knuth et al., 2015,

Madigan and Raftery, 1994, Von der Linden et al., 2014]. The evidence, which is an

integral over the entire parameter space of the product of the prior and likelihood,

can be estimated directly from posterior sampling [Berkhof et al., 2003, Chib and

Jeliazkov, 2001, Chib and Ramamurthy, 2010] or other numerical techniques [Knuth

et al., 2015]. Apart from the measure of Bayesian evidence, different measures, e.g.,

Akaike and Bayesian information criteria [Burnham and Anderson, 2004], Akaike’s

Bayesian information criterion [Funning et al., 2014, Yabuki and Matsu’ura, 1992],

deviance information criterion [Kowsari et al., 2019], etc., provide a faster alternative

to balance the model parametrization accuracy against complexity. These model se-

lection techniques can thus help determining the appropriate complexity of the model

given the prior information and the quantity, coverage, and quality of the available

data.

The complex non-planar fault in our synthetic test is modeled within an isotropic

and homogeneous elastic half-space. More realistic earth models that consider depth-

dependent elastic parameters typically show deeper slip centroid estimates and more

slip at depth compared to solutions that use homogenous medium [Hearn and Bürgmann,

2005] and there can be considerable differences in how well the models fit observed

data [Wang and Fialko, 2018]. The effect of uncertain depth-dependent elastic param-

eters can be included in slip estimations through model prediction error covariances

[Duputel et al., 2014], which requires determination of sensitivity kernels of how model

predictions change with elastic parameter modifications. While not used in our syn-
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thetic tests here, similar sensitivity kernels of the model prediction could be included

in determining Σp (Eq. 3.5) during the simultaneous Bayesian estimation of fault

geometry and spatially-variable slip.

A major question in the earthquake source estimation community has been what

causes the shallow slip deficit seen in many fault-slip estimation solutions for major

earthquakes [Fialko et al., 2005]. The shallow slip deficit is the reduction (usually more

than 10%) in inferred fault slip at shallower depths compared to slip at intermediate

depths in the crust. Various explanations for this apparent shallow slip deficit have

been proposed, such that low initial tectonic stress in the low-rigidity shallow crust

[Rybicki, 1992, Rybicki and Yamashita, 1998], bulk inelastic yielding of the near-fault

host rocks in the shallow crust [Fialko et al., 2005], shallow velocity-strengthening

fault friction leading to shallow post-seismic afterslip and interseismic creep [Kaneko

and Fialko, 2011], and slip estimation bias due to lack of near-field data [Xu et al.,

2016]. Here we show that the depth of inferred slip can be biased when planar

fault geometries are used in slip estimations for source faults that are in reality non-

planar. In the case presented, the estimated slip asperities are deeper and there is less

estimated shallow fault slip than in the reference non-planar fault slip model, resulting

in a clear shallow slip deficit (Fig. 3.5). While this type of fault-slip biases does

not resolve the slip-deficit question, it offers yet another possibility for the apparent

shallow slip deficit and might help explaining some cases of shallow slip deficit.

The non-planar fault parameterization introduced here can be useful when study-

ing earthquakes occurring in subduction-zones, on listric normal faults, on faults with

varying dip along strike, and in other cases of non-planar faulting. In addition, this

parameterization can be extended to multiple fault branches, with the geometry of

each fault branch described by its own set of polynomial parameters. Estimating com-

plex non-planar geometries does not only eliminate fault slip biases in many cases,

but it can also have consequences for studies that are based on biased results. For
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example, Barrientos and Ward [1990] used a planar fault to estimate the fault slip

for the 1960 (MW9.5) Chile megathrust earthquake and reported that the fault slip

occurred on isolated fault slip patches at 80-110 km depth. They then suggested

that the isolated fault areas left unruptured had experienced postseismic aseismic

slip. However, Moreno et al. [2009] showed that no such isolated slip patches result

when using a more realistic non-planar fault geometry, demonstrating that the iso-

lated slip patches were merely an artifact of using a planar fault. Using non-planar

faults instead of planar faults can also lead to more realistic near-fault ground motion

calculations [Passone and Mai, 2017], help the understanding of the physics of fault

ruptures [Aochi et al., 2000], and hence improve seismic hazard assessments [Aochi

and Fukuyama, 2002].

3.7 Conclusions

We have introduced a method to parametrize non-planar earthquake fault geome-

tries using a few polynomial parameters, which can be estimated simultaneously with

spatially-variable fault slip from geodetic data using Bayesian inference. The non-

planar fault surfaces are discretized with triangular dislocation elements and the

surface is re-meshed each time the geometrical fault parameters are updated in the

estimation process. The Bayesian inference allows to incorporate prior information

about the fault surface, such as from mapping of surface fault ruptures or from af-

tershock locations, or about the smoothness of the fault slip. It also provides the full

posterior probability distribution of the estimated geometrical and fault slip param-

eters, yielding information about how well these parameters are constrained by the

data and how they are correlated to one another. We demonstrate the applicability

of the method by using a synthetic test of a listric fault model with variable dip

and strike and with a checkerboard-like fault slip distribution. While the resulting

ensemble of estimated geometrical parameters exhibits multi-modal and skewed dis-
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tributions with strong correlation between parameters, the complex non-planar fault

geometry and the main slip asperities are well resolved. Our results also show that

when planar fault geometries are assumed in presence of non-planar faulting, sig-

nificant fault slip estimation biases can result with strong over- or under-estimation

of fault slip asperities as well as incorrect determination of the locations of these

asperities.

3.8 Appendices

3.8.1 Model Parametrization

In Section 3.3, parameters T1 and T2 control the curvature of the top edge of the fault

in the along-strike direction between selected control points A and P (Fig. 3.2a). At

the bottom of the fault, parameters S1 and S2 control the curvature between points

qA and qY, while parameters S3 and S4 control it between qY and qP (Fig. 3.2c).

In the example in Section 2, these along-strike parameters define three polynomials,

between AP , qA qY and qY qP (Fig. 3.2). For S1 and S2 and the corresponding

control points qA and qY, we first consider the Z-plane in which these control points

lie, i.e., the z = qz plane. The x- and y-coordinates (2D Cartesian coordinates) of

the control points in this Z-plane are (qx1,
qy1) and (qxi,

qyi), respectively. The 2D

Cartesian coordinate system at this Z-plane is then transformed using an isotropic

scaling factor K and rotation angle ω:

K =
2√

(qxi − qx1)2 + (qyi − qy1)2
and ω = tan−1

(
qyi − qy1

qxi − qx1

)
. (3.14)

The transformation matrix for the x-y coordinates can then be given as:

A = K ·

 cosω sinω

− sinω cosω

 . (3.15)
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In the new 2D Cartesian coordinate system, the coordinates of points qA and

qY are (0,0) and (2,0), respectively. For different pairs of control points at different

depths, the scaling factor K and rotation angle ω change according to the coordinates

of these control points. However, the transformed coordinates of the control points

are still (0,0) and (2,0). The curve qA qY is then obtained from the polynomial:

y′ = S2 · x′(x′ − 2)(x′ − S1), where x′ and y′ are the coordinates of the polynomial in

the transformed coordinate system. The coordinates of the new polynomial is then

transformed back to the original coordinate system using the transformation matrix

A−1. In this original coordinate system, the new polynomial is tied to the rest of

the discretized fault. For this, it is discretized at its intersection with the vertical

projection of down-dip polynomials passing through the discretized top edge (curve

Q qQ in Fig. 3.2c). Then the difference in the distance between the original curve and

the modified curve (i.e., distance between points qQ and q∗Q in Fig. 3.2c inset) is then

decreased linearly at nearby depths to generate a gradual change in the along-strike

curvature with depth. The same procedure is followed for different sets of control

points and polynomials, which can be generated depending on the corresponding

along-strike parameters.

3.8.2 SMC Sampling

The posterior probability density p(θ|d) in our study (Eq. 3.10) is sampled using

Sequential Monte Carlo sampling (Sec. 3.4.4). This sampling technique can be sum-

marized in the following steps:

(i) Set j = 0 and coefficient γ0 = 0. Generate M samples of geometrical parameters

m0 = {m0,1, · · · ,m0,M} and hyperparameters (σ2
i )0 = {(σ2

i )0,1, · · · , (σ2
i )0,M} from

a uniform prior probability density p
′
0({m,σ2

i }) and estimate M sets of spatially-

variable slip solutions s0 = {s0,1, · · · , s0,M} on the corresponding M samples of

non-planar fault geometries using the observed synthetic data and linear RNNLSQ
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optimization at stage 0. Set the samples θ0 = {m0, s0, (σ
2
i )0} for stage 0.

(ii) Set j = j + 1 and choose γj such that the coefficient of variation of wT is equal to

a threshold value, where wT = {w1, · · · , wM} is a weight vector given as:

w (θj,i) =
pj(θ)

pj−1(θ)
=

p(θj,i)p(d|θj,i)γj
p(θj,i)p(d|θj,i)γj−1

= p(d|θj,i)γj−γj−1

(3.16)

(iii) Resample the samples obtained at the previous stage j − 1, i.e., (θj−1) using the

probabilities pj−1 to obtain samples Θj−1, where

pj−1,i =
w(θj,i)∑M
l=1 w(θj,l)

(3.17)

(iv) Evaluate the weighted covariance using θj−1 and pj−1 using the following relations:

θ̄j =
M∑
i=1

pj,iθj,i

Cj =
M∑
i=1

(θj,i − θ̄j)(θj,i − θ̄j)Tpj,i

(3.18)

(v) Use samples Θj−1 as seeds for generating Nsteps samples of the intermediate proba-

bility density using Metropolis Hastings algorithm with a Gaussian proposal density

that has covariance δ2Cj. The covariance is adapted within a Markov chain and is

controlled by coefficient δ, where δ = a + bR, and R is the acceptance rate. The

parameters, a and b are chosen according to the dimension of the problem. In our

case, they were empirically chosen as a = 1
90

and b = 89
90

.

(vi) Collect the final sample from each of the M Markov chains and assign them as

samples (θj) for stage j.

(vii) Repeat the steps (ii) to (vi) until γj = 1.
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Chapter 4

Can non-planar fault geometry be determined from geodetic

data? A case study of the 2011 Mw9.1 Tohoku-Oki

earthquake.

4.1 Abstract

In earthquake source studies of large earthquakes, non-planar geometric variations of

the source fault are either neglected or subjectively chosen based on features of the

surface rupture, aftershock locations, or other information. Simplification of fault

geometries for large earthquakes can result in biased fault-slip estimates, slip/stress

singularities, and gaps/overlaps in geometry. We study the effect of non-planar fault

geometry in the fault slip estimation for the 2011 Mw9.1 Tohoku-Oki earthquake, for

which we perform the simultaneous Bayesian estimation of non-planar fault geometry

and spatially-variable slip from geodetic data. We use seismicity data as a priori

information to assist the non-planar fault geometry estimation. The resulting fault

geometry broadly agrees with the slab1.0 model of the subduction structure but differs

from the non-planar geometries used in previous source studies of this earthquake. In

addition, the slip maximum of our estimated spatially-variable slip differs from the

previous studies by 10-20%. Our posterior median slip distribution has a maximum

slip of 50 m close to the trench, with significant slip ∼270 km across the width and

∼400 km along-strike.
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4.2 Introduction

Both static and temporal evolution of spatially-variable slip on an earthquake fault

is studied from various combination of geodetic, seismic, and tsunami data [Tanioka

et al., 1995, Yokota et al., 2011]. Bayesian inference of earthquake source models al-

lows a robust search of the model parameters space and results in the most-probable

source parameters estimates and their uncertainties [Dutta et al., 2018, Minson et al.,

2013]. However, the source faults are often considered simple planar or with multiple

planar segments. Such assumptions lead to the errors between the simple and the

real-earth fault geometry to be mapped into the model solutions. The bias in the

results can be observed through the distinct estimated source parameters reported by

different research groups for the same earthquake [Razafindrakoto et al., 2015]. Such

distinct fault solutions are partly due to the use of different configurations for the

causative fault. The subjective choice of a simple planar fault geometry parametrized

by only a few parameters is usually sufficed due to limited data, thus avoiding over-

parametrization of the ill-conditioned problem. However, with the continuously im-

proving geodetic data and with faster computational facilities, complex configuration

of the fault geometry can be explored within the Bayesian framework.

Faults are non-planar at all scales, ranging from sub-meters to kilometers scales

[Maerten et al., 2005, Martel, 1999]. Fault rupture complexities at the earth’s surface

can be studied from geological surveys, optimal images, and InSAR decorrelations.

However, modeling the fault morphology at depth inside the earth is still a significant

challenge. Generally, in source estimation studies, the fault structure at depth is

assumed a priori by simple projections from e.g., surface ruptures, centroid moment

tensor solutions, local seismicity, aftershocks, tomography, or seismic reflection/re-

fraction data, etc. For the major subduction zone slab interface earthquakes around

the globe, Hayes et al. [2012] provided a global non-planar slab geometry model

(slab1.0) estimated using various seismological catalogs and other auxiliary datasets.
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The fault geometry established by Hayes et al. [2012] also includes errors that should

be used in the source estimation studies. In several studies, fault complexities at

depth are constructed using smoothly varying planar fault segments, or using non-

planar faults, which are subjectively determined. Such choices of the extra planar

segments or non-planar faults usually are not determined during the estimation but

are decided a priori to the estimation depending on the features of the data residuals

[Frietsch et al., 2019].

Estimating complex geometries objectively during the fault-slip estimation have

been suggested in the past. Wan et al. [2016] parametrized the listric Beichuan fault

to study the fault geometry and slip distribution of the 2008 Mw7.9 Wenchuan (China)

earthquake. Several non-linear parameters were used to determine the strength of the

listricity as well as the change in curvature along-strike. These geometrical parameters

were simultaneously estimated with the spatially-variable slip from the geodetic data.

Elliott et al. [2016a] evaluated the dip angles of the shallow-dipping fault and the

steeper mid-crustal ramp simultaneously with the slip distribution for the 2015 Mw7.8

Gorkha (Nepal) earthquake. Frietsch et al. [2019] proposed modeling multiple fault

segments with varying fault-strike/dip using a combination of geodetic and seismic

data. Ragon et al. [2019] suggested accounting for the uncertainties in the fault

geometry and location through model prediction errors. Such prediction errors are

evaluated from the sensitivity of the forward predictions to small perturbations of

the fault geometries Ragon et al. [2018]. However, these efforts either tend to over-

parametrize the problem or fail to explore all the possible fault complexities at depths.

We previously proposed a method to parametrize a non-planar fault geometry

using only a few parameters that allows any complex curvature of the fault desired

[Chapter 3: Dutta et al., 2019a]. The fault’s geometry can be spatially varying such

the fault dip can be variable in both the down-dip and along-strike directions. Follow-

ing a Bayesian framework, these geometrical parameters could be estimated simulta-
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neously with the static spatially-variable slip on the non-planar fault from geodetic

data. The method was validated using a synthetic earthquake source model, where

a listric causative fault with a checkerboard-like dip-slip pattern was used to gen-

erate synthetic observations of the surface displacement. Using these observations,

robust estimates and trade-offs of the combined geometrical and slip model parame-

ters were obtained. The real geometry with actual variation in fault-dip along both

the down-dip and along-strike directions were captured. However, the uncertainties

in the fault surface location at higher depths are usually higher than those closer to

the surface. Similar higher uncertainties were observed for slip parameters at larger

depths compared to those closer to the surface.

In this paper, we apply the above methodology to the 2011 Mw9.1 Tohoku-Oki

(Japan) earthquake. The earthquake occurred on a shallow-dipping and curved thrust

fault and thus is an ideal test case for our methodology of parametrizing a non-planar

fault. As the fault location is offshore, only geodetic observations from the hanging-

wall side of the fault exist, i.e., from Japan. We formulate the Bayesian inference

set-up using the one-sided data and our non-planar fault parametrization. We also

use the seismicity data (auxiliary information) as a priori constraint and study the

effect of direct priors.

4.3 Methods

We follow the methodology described in Dutta et al. [2019a] to parametrize the non-

planar fault geometry using polynomial parameters. The resulting fault geometry

has variable fault-dip both in the along-strike and down-dip directions. Varying the

values of these geometrical parameters results in different spatial configuration of the

fault surface, both along-strike and down-dip. These geometrical parameters can be

varied to obtain a desired complexity of the non-planar fault geometry. The non-

planar fault geometry can be discretized using triangular elements to avoid gaps and
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overlaps. Our Bayesian problem aims to estimate the spatially-variable slip super-

imposed on the triangular elements simultaneously with the geometrical parameters

from geodetic data. Our forward fault model considers that the non-planar fault is

placed within an isotropic and homogeneous elastic half-space, and the dislocation

of these triangular elements produce the surface displacements. While the geomet-

rical parameters account for variously dipping fault with a change in fault dip in

both along-strike and down-dip directions, the slip parameters account for reverse-,

normal- or strike-slip motions.

The Bayesian estimation of fault model parameters provides us not just one so-

lution, but an ensemble of fault model solutions. In the Bayesian inference, a mul-

tidimensional posterior probability function (PDF) defined on the model parameter

space is determined using two sources of information on the model parameters. The

two sources of information are, namely, a priori information of the model parameters

(θ) and a physical model relating the data with the model parameters. The likelihood

function which defines the physical relation between the data and the parameters is

considered to follow a Gaussian distribution:

P (D|θ) ∝ e−
1
2

[d−g(θ)]TC−1
ψ [d−g(θ)], (4.1)

where g(θ) is the predicted data, d is the observed data with data-model covariance

Cψ. The likelihood function not only depends on the relation of data with the forward

model but also depends on the data-model covariance Cψ, which is the combination

of data and modeling (epistemic) errors. While data measurement ambiguities and

uncertainties are included in data errors, the modeling errors can consist of the impact

of the incorrect elastic structure of the Earth, impact of ignoring Earth’s topogra-

phy and curvature, or impact of simplifying the ”true” fault. Especially for large

earthquakes, modeling errors can dominate data errors.
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A priori information on the model parameters can either directly bound these

parameters within a physical range (direct priors) or can regulate the structure of the

stochastic model based on some physical consideration (indirect priors). During the

simultaneous estimation of the non-planar fault geometry and spatially-variable slip,

moment tensor solutions of aftershocks or local seismicity can be used as direct priors

to restrict the range of the geometrical parameters (and thus the non-planar fault).

The moment magnitude of the earthquake can also be used as a direct prior to limit

the range of the slip parameters. In addition, roughness in the slip distribution or the

non-planar geometry can be restricted by the use of slip smoothness or geometrical

smoothness constraints used as indirect priors. Any number of prior constraints

(either indirect or direct) can be used in combination in the Bayesian formulation of

the fault source parameters estimation.

Due to the multi-dimensionality of the posterior probability density, it has to be

sampled using a robust sampling technique. The resulting ensemble of plausible model

samples would be distributed in the model space such that their density is proportional

to the posterior PDF. We use the sequential Monte Carlo (SMC) technique described

in Chapter 3, which combines the features like transitioning (tempering of simulated

annealing), resampling (replication and mutation of genetic algorithm) and MCMC

(Markov Chain Monte Carlo) sampling. This technique uses the idea to construct a

series of intermediate probability densities that transitions from the prior probability

density to the target density. This warrants better sampling when the geometry

of the target density is complex (e.g., high-dimensional, strongly correlated, highly

peaked, flat or multi-modal), and there are small changes in the geometry of the

consecutive intermediate probability densities. The number of intermediate stages is

chosen adaptively depending on how much the target probability density varies from

the prior probability density. Resampling at each intermediate stage allows more less-

likely model samples to be rejected in favor of more-likely samples. MCMC sampling
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(adaptive Metropolis-Hastings algorithm in our approach) enables the model samples

to be distinct at different intermediate stages.

4.4 Case study: the 2011 Mw9.0 Tohoku-Oki (Japan) earth-

quake

The 2011 Mw9.1 Tohoku-Oki earthquake is the largest magnitude event in the modern

history of Japan. It ruptured the plate boundary megathrust fault offshore east of

Tohoku, northeastern Japan, causing a very destructive tsunami. It had a shallow slip

estimate of up to 50 m and/or more near the trench, with non-uniform slip extending

up to∼200 km down-dip and∼400 km along the strike of the subduction slab interface

[Lay, 2018]. The Tohoku earthquake accommodated the underthrusting of the old

Pacific plate under Japan, which occurs at an average velocity of ∼8.3 cm/yr [Sella

et al., 2002]. The earthquake has been extensively studied using regional seismic and

geodetic stations network of Japan, global networks of broadband seismic stations,

seafloor GPS/acoustic stations, coastal runup and inundation observations, regional

ocean bottom pressure sensors, SAR interferometry, etc. [Lay, 2018, Razafindrakoto

et al., 2015]. Different research groups used various combinations of these data and

different parameterization techniques to study the point-source measures, spatially-

variable slip and space-time evolution of the slip. Although the non-uniform slip

estimates of these studies are broadly similar, the primary difference is shown in the

position (or depth) of the slip maximum and its amplitude [Lay, 2018]. The different

variable-slip estimates are attributed to the use of different combinations of datasets,

different fault geometries and Earth structures, different fault model parametrization

schemes, etc. [Razafindrakoto et al., 2015].

Previous studies of the Tohoku-Oki earthquake used a pre-defined fault geometry

during the fault-slip estimation. While most of these studies used a shallow-dipping

(∼10◦) planar fault with a strike ranging between 195◦ to 203◦, several studies used a
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fault with a gradually increasing fault dip with depth. Such faults with the variable

dip were constructed either using segments of planar faults with different dips or using

a single non-planar fault with a variable dip (3◦ to 21◦ with depth) in the down-dip

direction. However, a few studies used a non-planar fault geometry with a variable dip

in both the down-dip and along-strike directions obtained from various sources (e.g.,

Slab1.0, seismicities, seismic reflection profiles, etc.). Some pre-earthquake studies

using OBS, seismic reflection profiles, and seismic tomography results provided infor-

mation about the depth-dependent subduction angle [Miura et al., 2005, Nakajima

and Hasegawa, 2006, Takahashi et al., 2004, Tsuru et al., 2002]. Hayes et al. [2012]

combined seismic reflection data, accurate earthquake locations, and bathymetry data

to obtain a subduction interface capturing lateral undulations and varying dip of the

downgoing slab. Also, Simons et al. [2011] and Zhou et al. [2014] compared slip

models estimated using different planar and non-planar fault geometries.

The coseismic slip models obtained by the different researchers are broadly sim-

ilar, with the primary difference being the position or depth of the maximum slip

relative to the trench and maximum slip value [MacInnes et al., 2013]. These differ-

ences, however, might be due to different fault geometries and fault locations con-

sidered, parametrizations of the problem, different datasets, or assumptions of the

earth model. Although Bayesian estimation of rupture model parameters using a

priori knowledge and realistic model covariances allows for better estimation of the

uncertainties of the model parameters, pre-assuming a fault geometry may still cause

a bias [Dutta et al., 2019a]. Also, comparing the different source models in the SIV

project showed the slip distribution varied for the same datasets due to use of differ-

ent fault geometries [Razafindrakoto et al., 2015]. Here, we simultaneously estimate

the non-planar fault geometry and the spatially variable slip of this earthquake from

the inland and sea-floor GPS data. Using Bayesian inference, the non-planar fault

geometry can objectively be estimated with variable fault-dip in both the along-strike
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and down-dip directions.

4.4.1 Model settings

We consider a non-planar finite-fault contained within an isotropic elastic half-space.

The fault geometrical parameters determine the fault location and its variable-dip

across both down-dip and along-strike directions, while the fault slip parameters

determine the strike and dip components of the spatially-variable slip. The spatially-

variable slip is projected on the fault that is discretized using triangular dislocation

elements (TDEs).

The non-planar fault geometry for the Tohoku earthquake is constructed following

these steps: (a) the fault top edge is fixed such that it follows the trench orientation

at the depth of 7.5 km below the surface, (b) five fault geometrical parameters (D1,

D2, D3, S1 and S2) vary the fault geometry allowing for variable dip in both the

down-dip and along-strike directions, and (c) the fault terminates at 90 km depth

below the surface. Parameters D1, D2 and D3 determine the down-dip curvature of

the fault, while the parameters S1 and S2 determine the along-strike curvature of

the fault bottom edge. The fault is then discretized using 98 triangular dislocation

elements.

The predicted surface displacements due to variable-slip on these discretized tri-

angular patches are computed using Meade [2007] analytic solution. These predicted

surface displacements are then used to determine g(θ) in the Likelihood function

(Eq. 4.1), where θ is the fault model parameter vector that constitutes the fault geo-

metrical and slip parameters and the hyperparameters. To restrict the slip-roughness

between neighboring TDEs, we use slip-smoothness a priori constraints.

We also use locations of earthquakes (and their uncertainties) in the area obtained

from the local seismological network (NIED-Fnet), as direct prior information to assist

in constraining the non-planar fault geometry (Fig. 4.1). This seismicity prior restricts
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Figure 4.1: Map of the slab interface seismicity east of Japan after applying filters
(see text) and its vertical near north-south and near west-east projections. Magenta
star shows the Tohoku-Oki earthquake epicenter estimated by NIED-Fnet, Japan.
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the fault geometry to be within the observed seismicity cloud and its uncertainties.

That said, however, the earthquakes recorded since 1990 until 2019 in the NIED-Fnet

catalog were filtered according to the following criteria such that they represent the

rupture location on the slab interface:

(i) Earthquakes with moment magnitudes smaller than 4 were removed.

(ii) Hypocenters of the earthquake cluster located more than 40 km away from the

reference fault geometry are filtered out.

(iii) Only earthquake hypocenters with depth between 10 to 100 km were selected.

(iv) Earthquakes with only thrust-faulting mechanism are chosen. The allowed range

for fault rake is 70◦ to 110◦.

(v) Only shallow-dipping earthquakes were chosen, within a range for fault dip of 0◦

to 40◦.

(vi) Only earthquakes with fault strikes similar to that of the trench were considered,

with allowed range for fault strike of 170◦ to 230◦.

4.4.2 Data and errors

For the 2011 Tohoku earthquake, we use the inland GPS data from the Japanese

islands of Hokkaido, Honshu, and Shikoku collected by GEONET, GSI and processed

by the Advanced Rapid Imaging and Analysis (ARIA) team. We also use seafloor

GPS data collected by the Japan Coast Guard (JCG) [Sato et al., 2011]. Due to the

high density of inland GPS stations in Japan, we reduced the data quantity with quad-

tree subsampling for irregularly spaced data (Fig. 4.4a). This reduces the number

of datapoints in areas where the data values are similar, while more datapoints are

retained in the places where data values change significantly. The standard deviation

values for the inland GPS horizontal (N-S and E-W), and vertical displacements are
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3 cm and 10 cm, respectively. The standard deviation for the seafloor GPS horizontal

displacements are 30-50 cm. The data covariances are negligible and are ignored in

our study.

4.4.3 Posterior distribution

The target posterior probability density combines two states of information, i.e., the

prior probability of the model parameters and the physical relation of the model pa-

rameters with the observations. We use seismicity prior (direct prior) such that the

locations of the earthquake hypocenters can constrain the model geometrical param-

eters. We follow the technique described in Chapter 3 to define the seismicity prior

probability density that follows a multivariate Gaussian distribution. The probability

is higher for the samples of faults that are closer to the seismicity cloud than for those

that are further away. The variance-covariance matrix for this Gaussian distribution

is obtained following the technique in Appendix A of Dutta et al. [2018]. We also

use a slip-smoothness constraint as an indirect prior to disallow rough transition in

slip between nearby patches. The slip smoothness prior also follows a multivariate

Gaussian distribution, including a discrete second-order finite-difference (Laplacian)

operator [Dutta et al., 2019a]. Since the resulting two prior distributions are inde-

pendent of each other, the prior probability density is the multiplication of these

probability densities.

The likelihood function includes the physical relation of the data and the model

parameters, data covariances, and other errors related to the model. In our study,

we ignore the modeling error for simplicity. The resulting likelihood function is a

multivariate Gaussian distribution controlled by the data residuals and the data co-

variance. The resulting posterior probability density of the model parameters is then

the multiplication of the likelihood function, prior probability density, and the nor-

malization. Although, both the priors and the likelihood function are defined using
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Gaussian distributions, the posterior probability density may not be a Gaussian dis-

tribution due to the non-linear relationship between the data and model parameters.

This multi-dimensional distribution could thus possess various peaks and valleys such

that a single model parameter solution would not be a robust representation of the

posterior.

4.5 Results

We use the sequential Monte Carlo technique with 8000 Markov chains and 150 chain

length to sample the multidimensional probability distribution in our study. The

starting prior distribution of the model parameters is transitioned to the posterior

distribution through multiple stages in this technique. We considered uniform distri-

bution within a plausible range for the geometrical parameters (D1, D2, D3, S1 and

S2) as starting priors. The hyperparameters followed log-uniform distributions, also

within plausible range. We used the ensemble of fault geometries corresponding to the

ensemble of starting prior geometrical priors and estimated an ensemble of spatially-

variable slip using a regularized non-negative least-squares technique (see RNNLSQ

technique in Chapter 3). The resulting ensemble of slip and geometrical parame-

ters warrants enough plausible models to start with in this sampling technique. The

sampling technique took 67 stages to converge to the posterior probability density.

The 1D/2D marginal posterior PDFs of the geometrical parameters and the hy-

perparameters show their uncertainties and the trade-offs between them (Fig. 4.2a).

The logarithm of the hyperparameters has Gaussian uncertainties, while the distribu-

tions of the geometrical parameters are mostly skewed. The geometrical parameters

that control the down-dip curvature of the fault are highly correlated to each other.

The geometrical parameters that control the fault-dip in the along-strike direction,

on the other hand, are uncorrelated to other geometrical parameters or the hyper-

parameters. The correlation between the hyperparameters (σ2
1 and σ2

2) is also high.
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Figure 4.2: Modeling results for the fault geometry and slip. Continued on the next
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(a) 1D/2D marginal posterior probability densities of the fault geometrical parameters
and the hyperparameters. (b) The posterior median sample of the fault geometry
and slip distribution. (c) 1D marginal posterior probability densities of the fault slip
overlaid on the corresponding posterior median slip of each fault patch. (d) Arrows
showing fault slip direction overlaid on posterior standard deviation of the fault slip
values. Coefficient of variation (standard deviation divided by mean) values of the
slip patches are mentioned.

Bayesian estimation of these hyperparameters (smoothing parameter and normaliza-

tion factor) guarantees robustness and an objective approach free from bias. The

marginal distributions of the different slip patches are variable, some are Gaussian,

while others are truncated due to the non-negative constraints, or skewed (Fig. 4.2c).

The Bayesian estimation of the fault geometry captures the variable fault-dip in

both the along-strike and down-dip directions (Fig. 4.2b). The fault dip of the median

posterior fault geometry ranges from 3◦ to 18◦ in the down-dip direction. At 60 km

depth, the fault dip varies in the along-strike direction within a range of 3◦. Also

at 60 km depth, the fault dip northward of the maximum slip is lower to the south

of it. Regarding the median posterior slip values, the maximum slip of ∼50 m is

estimated closest to the trench (Fig. 4.2c), and significant fault slip above 60 km

depth, i.e., equivalent to ∼270 km along the down-dip width. More detailed analysis

of the slip values would require smaller patches. The posterior standard deviation

of slip is high at a shallow depth close to the trench (Fig. 4.2d). Lack of offshore

data close to the fault or higher uncertainties of the measurements from available

offshore is likely responsible for the higher uncertainty of slip at shallow depth. The

standard deviation of the slip gradually decreases with increasing depth and correlates

well with the slip values. The coefficient of variation values of the slip show better

precision of the estimated slip for the high-slip patches than for the low-slip patches.

High slip standard deviation can also be found at higher depth (∼ 90 km) although

median posterior slip is mostly zero at those locations. Samples with considerable

slip at those depths are most likely artifacts due to the smoothness constraint.
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We compare our estimated fault geometry with some previously reported studies

that included non-planar fault geometry in finite-fault source estimation (Fig. 4.3).

The non-planar fault geometries reported in previous studies [Hayes et al., 2012,

Simons et al., 2011, Romano et al., 2012] do not all fall within the 95% confidence

interval of our result. However, most of these fault geometries are within 10 km of our

result at high-slip areas (Plane B in Fig. 4.3). There is a considerable difference in

the fault geometries of Romano et al. [2012] and our study to both the north (Plane

A) and the south (Plane C) of high-slip areas (Fig. 4.3). The Slab1.0 interface model

varies significantly from our result at the smaller (∼20 km) and larger (>60 km)

depths at plane A, and at 50 km depth at plane C. The fault geometry of Simons

et al. [2011] is mostly within 10 km difference of our result, with the largest difference

seen at 40 km depth at Plane C.

The horizontal and vertical components of the data residuals are well within the

observational errors for GPS stations in the Kanto and Chubu regions of Japan

(Fig. 4.4a,d), whereas along the eastern coast of the Tohoku region, stations show

over-prediction in the south and under-prediction in the north. However, residu-

als far from the east coast in Tohoku region show the opposite direction compared to

residuals at the coast, indicating the model show under-prediction and over-prediction

in the south and north Tohoku regions, respectively. The horizontal residuals at off-

shore GPS locations are within the observational errors for only two out of the five

stations (Fig. 4.4c). The offshore GPS displacement could be less reliable or have

higher uncertainties than estimated. Predicted vertical displacements are within the

observational errors for stations in Kanto, Chubu, and north-Tohoku regions while

they are somewhat under-predicted for several stations in south Tohoku regions and

offshore (Fig. 4.4d).
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4.6 Discussion

Although we emphasize on estimating a realistic non-planar geometry during fault-

slip estimation in this study, several other factors can still affect the spatially-variable

fault-slip estimates for large magnitude earthquakes, e.g., pre-assumed earth struc-

ture, model parametrization scheme, exclusion of topography or earth’s curvature,

etc. [Minson et al., 2014]. We have considered an isotropic and homogeneous elas-

tic half-space as the earth model, whereas the real earth contains stratification with

changing elastic parameters with depth. Also, for the subduction-zone earthquake

considered in our study, the contrast in the lithospheric widths and densities across

the slab interface can affect the fault-slip modeling. If both non-planar fault geometry

and realistic earth model are parametrized, the Green’s function due to finite-fault

slip has to be numerically calculated and estimating fault geometrical and earth struc-

ture parameters and their uncertainties will be computationally costly. Alternatively,

uncertainties related to the earth structure can be accounted for in the Bayesian

estimation of fault-slip through the modeling prediction error covariances [Duputel

et al., 2014, Yagi and Fukahata, 2008]. The earth’s curvature is generally ignored

in the fault modeling of small and medium-sized earthquakes because the far-field

displacements are negligible. However, in our case, the slip extends for up to 400

km, which yields ∼12 km change in surface height due to curvature. Another aspect

is topographic and bathymetric height, which range about the same amount in the

Tohoku region and the trench. However, such changes in free-air surface height only

affect up to few percents in the slip estimates [Wang and Fialko, 2018].

We use coarse discretizations of the fault that allows fewer slip parameters to

be estimated. If the number of slip parameters is increased to have finer fault dis-

cretizations, the resulting over-parametrized problem may lead to fitting the data

errors (over-fitting). Often, smooth slip with finer fault discretizations are preferred

and are more physical than rough slip with coarser fault discretizations. However,
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such smooth slip may not be resolvable from surface observations of the earthquake

due to rank deficiency of the resulting Green’s function. Several regularization tech-

niques allow plausible slip estimates without over-fitting the data (e.g., Tikhonov,

second-order Laplacian, von Karman regularizations, etc.). We used Laplacian-based

regularization as indirect prior that minimizes the difference between the adjacent slip

patches. This technique has the tendency to under-predict the slip and can result in

slip artifacts under certain circumstances. Such additional mathematical constraints

are deemed undesirable by some researchers, who use trans-dimensional approaches

to determine the fault discretizations adaptively without requiring any smoothing

priors [Dettmer et al., 2014].

Several tens of coseismic slip models have been estimated for the Tohoku earth-

quake using many different datasets, e.g., regional seismic and geodetic stations,

global networks of broadband seismic stations, regional and global ocean bottom

pressure sensors and tide gauges, seafloor GPS, coastal run-up and inundation obser-

vations, etc (Lay 2018). Our result is comparable with many of these results. But it

is observed that coseismic slip models using only the inland and offshore GPS data

cannot predict well the observed wave height at tidal pressure gauge stations [Hooper

et al., 2013]. Also, tsunami heights at the coast are better predicted by a deeper slip

maximum than a shallow slip maximum like the one in our result. A better estimation

of the fault dip is also necessary to predict the tide gauge observations as both hor-

izontal and vertical motions of the sea-floor due to slip on the shallow-dipping fault

can affect the tsunami heights [Gusman et al., 2012]. A unified slip estimation using

multiple datasets (and thus multiple theoretical models) and realistic fault geometry

and earth structure can discard several of the coseismic models [Bletery et al., 2014].
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4.6.1 Effect of seismicity prior

In this study, we used earthquake locations as a direct prior information while es-

timating the fault geometrical and slip parameters simultaneously. If we run the

simultaneous Bayesian estimation without using the seismicity prior, the resulting

fault geometry is not bound by the seismicity cloud anymore, but shows variable

fault dip in both along-strike and down-dip directions as before. However, the pos-

terior median fault geometry has a fault dip varying from 3◦ to 8◦ at Plane AA’

(Fig. 4.5) and the posterior median slip distribution shows a slip maxima of ∼40 m,

i.e., ∼20% percent less than our previous estimation using the seismicity prior. This

predicted fault geometry with a small fault dip is not consistent with any fault solu-

tions reported previously and does not agree with global or local seismicity catalogs.

Therefore, the predicted fault geometry is likely a result of incomplete data cover-

age on one side of the fault for the Tohoku earthquake [Dutta et al., 2018]. Using

such unrealistic fault geometry will also yield slip estimates that deviate from their

plausible values.

The spurious estimate of the fault geometry is presumably the result of over-

parametrization of the problem. Limited geodetic data is available in the far-field

and they are all from the west side of the fault rupture. In the absence of complete

data coverage around the fault rupture, using auxiliary information about the fault

geometry (e.g., seismicity data, aftershock distribution, seismic reflection/refraction

profiles, seismic tomography, etc.) as a priori constraints is essential. It also suggests

that when auxiliary information about the fault geometry is not available, non-planar

geometry estimates are not reliable from incomplete datasets. The fault depth and

location can also be affected by the use of simple earth structure. As suggested before,

uncertainties in earth structure can be included as modeling errors in our problem.

Other geodetic data such as synthetic aperture radar interferometry (InSAR),

pixel tracking of satellite optical images, SAR amplitudes, etc., can be used to com-
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plement GPS data in fault source estimation studies. However, for the Tohoku earth-

quake, these geodetic data do not add any significant information about the coseismic

slip due to the dense coverage of GPS stations across Japan [Feng and Jónsson, 2012].

For several other recent large earthquakes, such dense coverage of GPS stations has

not been available, and in these cases InSAR data has been useful to map the sur-

face displacements with complete azimuthal coverage around the fault ruptures, e.g.,

2013 Mw7.7 Balochistan (Pakistan), 2015 Mw7.8 Gorkha (Nepal), 2017 Mw7.3 Sarpol-

e Zahab (Iran/Iraq) earthquakes, etc. Pixel tracking methods using satellite optical

images and SAR amplitudes can often provide dense near-field displacements that are

usually lost due to decorrelation in InSAR [Wang and Jónsson, 2015]. Simultaneously

estimating the non-planar fault geometry and spatially-variable slip can be warranted

with such good coverage of the different geodetic data around an earthquake fault.

That said, the InSAR products sometimes show strong atmospheric noise that is cor-
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related in space. In these cases, covariance of InSAR observations has to be estimated

and included in the estimation, such that the spatially correlated errors do not affect

the estimation of non-planar fault geometry.

4.6.2 Effect of non-planar geometry

Now we look at the effect of different planar or non-planar fault geometries on the slip

estimates. Using a regularized non-negative least-squares, we estimate the spatially-

variable slip from the geodetic data on the pre-assumed fault geometries (Fig. 4.6).

Using the non-planar fault geometry estimated in our study, we observe slip distri-

bution with two slip asperities with slip maxima of about 50 m. The slip does not

reach to the trench unlike in our simultaneous Bayesian result but extends down to

a similar depth of 60 km. This slip result explains the data with 99.37% variance

reduction with the horizontal displacements residuals having similar features as in

estimation above. The slip distribution results using a planar fault with 10◦ fault dip

shows different features (Fig. 4.6c,d). The slip distribution shows two slip asperities

that are estimated at different depths compared to when our non-planar fault is used.

The slip maximum is 55 m at about 40 km depth, with significant slip found at the

trench. The data is explained with 98.63% variance reduction, but the horizontal dis-

placement residuals are considerably larger in both north and south Tohoku regions

than those when using the non-planar fault obtained in our result.

Romano et al. [2012] used a fault geometry that is consistent with the slab1.0

model. This geometry has a smaller fault dip than our fault geometry at the low-slip

regions (Plane A and C in Fig. 4.3). The resulting spatially-variable slip using this

geometry has only one asperity with a slip maximum of 60 m, which is 20% more

than our estimate, and the slip reaches the trench north of that asperity (Fig. 4.6e,f).

The horizontal and vertical GPS residuals are in fact somewhat lower than our result,

yielding a variance reduction of 99.92%. The fault geometry of Simons et al. [2011]
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Estimated slip distributions projected on the corresponding non-planar: (b) our ge-
ometry, (f) Romano et al. [2012], (h) Simons et al. [2011]; and (d) planar fault ge-
ometries. The corresponding GPS horizontal and vertical displacements residuals (a),
(e), (g), (c) are shown.
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140

was derived from seismic reflection and refraction profiles, seismic tomography, and

earthquake hypocenter locations. Seismic reflection/refraction profiles were used to

constrain the fault to a depth of 30 km while seismic tomography models and earth-

quake hypocenter locations constrained the fault geometry below that depth. The

estimated slip distribution has similar slip asperities and slip maximum as our result,

although with no slip at the trench. The slip found below 60 km depth is probably

an artifact due to spatial smoothing. The horizontal and vertical GPS residuals are

also similar to our result.

We observe that the estimated spatially-variable slip from the different fault ge-

ometries have distinct features, although all of them predict the data with acceptable

(>98%) variance reduction [Dutta et al., 2019a]. Our fault geometry is objectively

estimated in our study and agrees well with the Slab1.0 model down to fault depths

of 40 km in the high-slip region but deviates from it below that depth (Fig. 4.7a).

The non-planar fault geometries of Romano et al. [2012] and Simons et al. [2011],

which are partly estimated from the seismicity locations, show deviations from the

slab1.0 model by ∼5 km down to fault depths of 40 km. Our and Simons et al.

[2011] geometries have similar differences from the slab1.0 model below 50 km, but

the Romano et al. [2012] geometry deviates differently at these depths such that fault

dip is lower than for the other geometries. Such differences in the non-planar fault

geometries can yield different slip distributions with acceptable data residuals.

4.7 Conclusions

We used simultaneous Bayesian estimation of non-planar fault geometry and spatially-

variable slip for the 2011 Mw9.1 Tohoku-Oki earthquake. In the Bayesian inference,

we incorporated information about earthquake hypocenter locations as direct prior to

constrain the non-planar fault geometry. Additional slip smoothness prior restricting

rough changes in slip values between adjacent patches was also used. The resulting
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posterior probability density was mapped using a Sequential Monte Carlo technique

that yields information about the goodness of fit of the model with the data and cor-

relations between the model parameters. The estimated fault geometry and spatially

distributed slip with their uncertainties are well in agreement with the slab interface

models and coseismic slip models reported in previous studies. We observe a slip

maximum of 50 m close to the trench with a significant amount of slip reaching down

to 60 km depth (equivalent of down-dip fault width of 270 km) and 400 km along-

strike. We find that when not using the seismicity prior, the estimated non-planar

fault geometry is biased, which likely results from the inhomogeneous data coverage.

We also find that the spatially-variable slip estimate changes (either over-estimated

or under-estimated) with changes in pre-assumed non-planar geometry used.
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Chapter 5

Concluding Remarks

5.1 Summary

This dissertation focused on studying the effect of fault geometry and location in

the earthquake source studies. I showed different approaches to constrain the fault

geometries for medium- to large-sized earthquakes that can lead to a better estimation

of fault slip.

For the 2005 Mw6.6 Fukuoka (Japan) earthquake, limited geodetic data due to its

offshore location causes biased estimation of the fault model parameters. The fault

location was off by several kilometers, and the geometry did not agree well with the

aftershock locations. Using moment magnitude and aftershock locations as a priori

constraints during the Bayesian estimation of the fault model parameters showed

improved fault solutions. The fault slip was significantly distinct from when not

using the priors. When propagating the uncertainties in the fault model parameters

in the calculation of the Coulomb failure stress changes (∆CFS), ∆CFS on the Kego

fault were more strongly positive than when not using the priors.

Using a synthetic test case for a medium-sized earthquake, and assuming simple

approximation of the fault geometry results in biased estimates of slip values and

their locations, I developed a Bayesian framework to objectively estimate the lateral

and down-dip undulations of the fault geometry simultaneously with the spatially-

variable slip from geodetic data. For this, a technique to parametrize complex non-

planar fault geometry using polynomial parameters was proposed. The Bayesian
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estimation results for the synthetic case showed the non-planar fault geometry, slip

values, and their locations were well resolved. Additionally, using pre-assumed planar

faults in presence of non-planar faulting, strong over- or under-estimation of fault slip

asperities and incorrect estimation of the location of these asperities were observed.

When applying the simultaneous Bayesian estimation to the 2011 Mw9.1 Tohoku-

Oki (Japan) earthquake, the estimated non-planar fault geometry was biased and

not in agreement with previously published results. The reason for the biased result

was attributed to the use of limited far-field observations from only hanging-wall

side of the rupture. Using seismicity as a priori constraints during the Bayesian

estimation, fault geometry estimates were well in agreement with previously reported

slab interface models. The resulting spatially-variable slip showed a slip maximum of

50 m close to the trench, while its value was under-determined when not using the

seismicity prior.

Inferring the non-planar fault geometries and their uncertainties from the geodetic

data have vast implications in the studies of earthquake physics. Disparities between

different geodetic/kinematic fault models resulting from the use of different fault

geometries can be minimized. More realistic kinematic and dynamic rupture simula-

tions can be tested with the different variations in the faults curvature inferred from

geodetic data, thus leading to better ground shaking maps constructed and a better

earthquake hazard analysis. The non-planar fault geometries can also affect the post-

and inter-seismic fault/deformation modeling studies. The improved slip estimates

and their spatial extent are useful to interpret the strength and frictional properties

of the fault, amount of stress drop on the fault, and stress changes in the surrounding

rock.
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5.2 Future Research Work

Simultaneously estimating the non-planar fault geometry and spatially-variable slip

is computationally costly and requires parallelization facilities in the CPU/GPU ar-

chitecture. Using finer fault discretizations may not be feasible due to increased com-

putational time for the Green’s function. Also, an increased number of slip patches

may lead to over-parametrization of the problem that can result in over-fitting of the

data. Trans-dimensional Bayesian approach, which allows adaptive selection of the

fault-patch size based on the resolving power of the data, could be used in conflu-

ence with our technique. Also, using Laplacian-based slip smoothness constraint for

large-sized earthquakes results in the same smoothing across the entire fault. Regular-

ization technique using von Karman correlations, which regulates self-similar (fractal)

behavior of the fault slip, could also be implemented during the estimation.

Several assumptions were made while studying the effect of fault geometries in

source estimation studies, e.g., the earth model was considered to be an isotropic and

homogeneous elastic half-space. Bayesian estimation of earth structure parameters

simultaneously with fault slip is not feasible with the current computational facilities.

However, the changes in the model predictions due to variations in the elastic param-

eters can be implemented as modeling error covariances. Other model prediction

errors resulting from inaccurate model parametrization could also be accounted for

through modeling error covariances. Including such modeling errors helps in better

characterization of the fault model parameters uncertainties and resists over-fitting

of the data.
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Théa Ragon, Anthony Sladen, and Mark Simons. Accounting for uncertain fault ge-

ometry in earthquake source inversions-I: theory and simplified application. Geo-

phys. J. Int., 214(2):1174–1190, 2018.
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A Bayesian Estimation of Source Parameters and

Associated Coulomb Failure Stress Changes for the 2005

Fukuoka (Japan) Earthquake

A.1 Time-Baseline plot
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Figure A.1: Time-baseline plot of 21 SAR scenes of the ENVISAT descending track
17 used to select stable point-targets. A scene from January 2005 (index 6) is used
for master geometry. The preseismic, coseismic and postseismic pairs are shown that
were used to obtain the time series for each stable point-target.
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A.2 MCMC autocorrelation plot
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Figure A.2: Autocorrelation plots of the MCMC chain of 800000 samples (after com-
bining the Markov chains) for the fault model parameters for the cases: a) using both
aftershock locations and moment magnitude as directs priors; b) using aftershock
locations as direct prior; c) using moment magnitude as direct prior; d) no direct
priors. Based on these autocorrelations, we thin the samples with a lag of 100 to
obtain 8000 samples.

A.3 Gelman and Rubin convergence diagnostic test

The Gelman and Rubin diagnostic test (in Section 2.5.2) evaluates the convergence of

the multiple Markov chains to a stationary distribution in a MCMC sampling. This

analysis is done by comparing the between-chains and within-chain variances of each

model parameters. Large differences in these two variances suggest that the Markov
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chains do not converge to a stationary distribution. Considering M Markov chains of

length N and model parameter θij denoting the jth sample in the ith Markov chain,

where i = 1, 2, · · · ,M and j = 1, 2, · · · , N . Let θ̂i and σ̂2
i be the posterior sample

mean and variance of the ith Markov chain of the model parameter. Let the overall

posterior sample mean be given as θ̂, where θ̂ = 1/M
∑M

i=1 θ̂i. The between-chains

and within-chain variances will then be given by:

B =
N

M − 1

M∑
i=1

(θ̂i − θ̂)2, W =
1

M

M∑
i=1

σ̂2
i (A.1)

The potential scale reduction factor (PSRF) is then defined to be the ratio of V̂ and

W , where V̂ is the pooled variance given as:

V̂ =
N − 1

N
W +

M + 1

MN
B (A.2)

PSRF determines the potential decrease in the between-chains variance with respect

to the within-chain variance. A higher value of PSRF would mean that longer se-

quences of the Markov chains are required either to decrease B or increase W . PSRF

close to 1 means that the between-chains variance is similar to the within-chain vari-

ance and that the posterior distribution is well explored.

west X west Y east X east Y width depth dip slip

Prs M + AS 1.0198 1.0208 1.0297 1.0237 1.0182 1.0195 1.0207 1.0483

Pr AS 1.0284 1.0298 1.0475 1.0352 1.0297 1.0227 1.02 1.034

Pr M 1.0225 1.0178 1.0256 1.0212 1.0098 1.0125 1.009 1.035

No Prs 1.0111 1.0128 1.0182 1.0088 1.0176 1.0173 1.0196 1.0219

Table A.1: PSRF values for MCMC samples for 10 Markov chains of the eight fault
model parameters. Prs M+AS is when using both aftershock locations and moment
magnitude priors; Pr AS using only aftershock locations prior; Pr M using only
moment magnitude prior; and No Prs using no direct priors.
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B Simultaneous Bayesian estimation of non-planar fault

geometry and slip distribution

B.1 Variance reduction

We assess the quality of the fit of the fault-slip model to the synthetic data based on

variance reduction:

V R =

(
1− [d−G(θ)]T Σ−1

d [d−G(θ)]

dTΣ−1
d d

)
× 100%, (B.1)

where G(θ) is the predicted data, d is the data and Σd is the data covariance matrix.
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B.2 Results (extended)
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Figure B.1: Covariances of the data prediction based on the ensemble of 20,000 fault
slip models at the final stage of the sampling process. This data prediction covariance
matrix can be estimated at selected sampling stages and can be included as model
covariances (Σp in Eq. 3.5).

(a) (b)

Figure B.2: Evolution of gamma parameter (γ) with increasing sampling stage. a)
γ showed in a linear scale, and b) a logarithmic scale. This parameter is adaptive
according to the geometry of the target distribution (and hence the solution space).
If the intermediate PDFs are very different from each other, the γ parameter grows
slowly and vice versa. This parameter is also dependent on the number of Markov
chains used in the sampling process. A higher number of Markov chains warrants a
faster growth of γ and vice versa.
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Figure B.3: Covariances of the fault model parameters at several intermediate stages
of the sampling process. After adaptive Metropolis-Hastings sampling at each stage,
an ensemble of 20,000 fault parameter samples and weights calculated from the data
likelihood at the previous stage are used to estimate this covariance matrix (Cj in
Eq. 3.18). The proposal distribution used during the adaptive Metropolis-Hastings
sampling at the next stage is estimated from these fault model parameter covariances.
The covariances are higher at the initial stages, allowing for a wider selection of
candidate model parameters to be selected than at the final stages.
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Figure B.4: 2D marginal PDFs of the four geometrical parameters vs. one of the
slip asperity patches (index 3) at several intermediate sampling stages, reflecting the
complex nature of the solution space at each of the intermediate stages. The sampling
process searches through multiple highs and lows of the solution space and through
various correlations of the fault geometrical and slip parameters.



172

Pa
r D

1

Pa
r D

2

Pa
r S

1

Pa
r S

2

slip-patch 
 index 33

slip-patch 
 index 33

slip-patch 
 index 33

slip-patch 
 index 33

stage = 1
    γ = 0

stage = 28
     γ = 1

stage = 25
  γ = 0.73

stage = 22
  γ = 0.52

stage = 19
  γ = 0.34

stage = 16
  γ = 0.24

stage = 13
  γ = 0.15

stage = 10
γ = 7.1e-2

stage = 7
γ = 2.4e-2

stage = 4
 γ = 1e-3

Pa
r D

1

Pa
r D

2

Pa
r S

1

Pa
r S

2

Figure B.5: Same as Fig. B.4, except for slip asperity patch index 33.
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Figure B.6: Same as Fig. B.4, except for slip asperity patch index 51.
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Figure B.7: Same as Fig. B.4, except for slip asperity patch index 81.
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B.3 Effect of the finer discretization of fault geometry

To validate whether the bias observed in our results (Fig. 3.11) is due to too coarse

fault discretization (Section 3.5.3), we ran another simultaneous Bayesian estimation

of non-planar fault geometry and slip distribution with finer resolution of the fault

slip patches. For this, we used the same synthetic surface displacement observations

as in the paper (Section 3.5.1), the same number of fault geometrical parameters,

but we used 384 TDEs instead of the 96 TDEs used in the paper. Together, the

geometrical parameters, the 384 slip parameters and the hyperparameters (σ2
1 and

σ2
3) resulted in a total of 390 fault parameters to estimate. The a priori constraints

and prior distribution of the fault parameters used here are the same as in the paper.

The resulting multi-dimensional posterior PDF was sampled using the SMC technique

with 10,000 Markov chains and a chain length of 150. This sampling procedure took

49 stages such that the obtained samples converged to the posterior PDF.
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Figure B.8: Modeling results using a finer discretization of fault geometry. (a) 1D/2D
marginal posterior PDFs of the fault geometrical parameters and the hyperparame-
ters. (b) The posterior median sample of the fault geometry and slip distribution.

The resulting 1D marginal PDF of the geometrical parameters are closer to normal

distributions than the more skewed and multi-modal distributions obtained while
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using a coarser discretization of fault geometry (Fig. B.8a), although the 1D marginal

PDFs of the hyperparameters are log-normally distributed, similar to that in the

paper. However, these distributions are centered at somewhat different values than

the ones estimated in the paper. The two parameters controlling the curvature in

the down-dip direction (D1 and D2) are positively correlated to each other, and the

two parameters controlling the curvature in the along-strike direction (S1 and S2) are

negatively correlated, which was also the result when using a coarser discretization

(Fig. 3.11).

The bias observed in the estimated fault curvature in the paper is reduced as seen

in Fig. B.9. The change in dip with depth at the two profiles A and B is significantly

closer to the reference fault than for the estimated fault geometry in the paper. The

uncertainty of the fault geometrical parameters locations are also lower than in the

paper, but the slip value uncertainties are similar (Fig. B.10).
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Figure B.9: Uncertainties in fault geometry. (a) Comparison of the reference fault
geometry with the posterior ensemble at Plane A, and (c) at Plane B. (b) Comparison
of dip of the reference fault geometry with the posterior median sample at plane A,
and (d) at Plane B.
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Figure B.10: Uncertainties in slip parameters. a) posterior standard deviation of the
slip parameters. b) synthetic data, modeled data and the data residuals corresponding
to the posterior median of fault parameters.
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