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Abstract

Geodetic fault slip inversions have been generally performed by employing a least squares method with a spatial smoothing
constraint. However, this conventional method has various problems: difficulty in strictly estimating non-negative solutions,
assumption that unknowns follow the Gaussian distributions, unsuitability for expressing spatially non-uniform slip distribu-
tions, and high calculation cost for optimizing many hyper-parameters. Here, we have developed a trans-dimensional geodetic
slip inversion method using the reversible-jump Markov chain Monte Carlo (rj-MCMC) technique to overcome the problems.
Because sub-fault locations were parameterized by the Voronoi partition and were optimized in our approach, we can estimate
a slip distribution without the spatial smoothing constraint. Moreover, we introduced scaling factors for observational errors.
We applied the method to the synthetic data and the actual geodetic observational data associated with the 2011 Tohoku-oki
earthquake and found that the method successfully reproduced the target slip distributions including a spatially non-uniform
slip distribution. The method provided posterior probability distributions with the unknowns, which can express a non-Gaussian
distribution such as large slip with low probability. The estimated scaling factors properly adjusted the initial observational
errors and provided a reasonable slip distribution. Additionally, we found that checkerboard resolution tests were useful to
consider sensitivity of the observational data for performing the rj-MCMC method. It is concluded that the developed method
is a powerful technique to solve the problems of the conventional inversion method and to flexibly express fault-slip distributions

considering the complicated uncertainties.
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Key Points:

e Trans-dimensional geodetic inversion method was developed and applied to synthetic
tests and data for the 2011 Tohoku-oki earthquake

e The developed method can express a spatially non-uniform slip distribution and
uncertainties for unknowns following non-Gaussian distributions

e The developed method can appropriately adjust scaling factors for the observational
errors
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Abstract

Geodetic fault slip inversions have been generally performed by employing a least squares
method with a spatial smoothing constraint. However, this conventional method has various
problems: difficulty in strictly estimating non-negative solutions, assumption that unknowns
follow the Gaussian distributions, unsuitability for expressing spatially non-uniform slip
distributions, and high calculation cost for optimizing many hyper-parameters. Here, we have
developed a trans-dimensional geodetic slip inversion method using the reversible-jump Markov
chain Monte Carlo (rj-MCMC) technique to overcome the problems. Because sub-fault locations
were parameterized by the Voronoi partition and were optimized in our approach, we can
estimate a slip distribution without the spatial smoothing constraint. Moreover, we introduced
scaling factors for observational errors. We applied the method to the synthetic data and the
actual geodetic observational data associated with the 2011 Tohoku-oki earthquake and found
that the method successfully reproduced the target slip distributions including a spatially non-
uniform slip distribution. The method provided posterior probability distributions with the
unknowns, which can express a non-Gaussian distribution such as large slip with low
probability. The estimated scaling factors properly adjusted the initial observational errors and
provided a reasonable slip distribution. Additionally, we found that checkerboard resolution tests
were useful to consider sensitivity of the observational data for performing the rj-MCMC
method. It is concluded that the developed method is a powerful technique to solve the problems
of the conventional inversion method and to flexibly express fault-slip distributions considering

the complicated uncertainties.

1 Introduction

Precise estimation on fault slip distributions is important to understand slip behaviors
during earthquake cycles. Geodetic slip inversions have been generally conducted to estimate
fault slip distributions, and a conventional geodetic slip inversion is performed by a least squares
method (LSM). In this conventional approach, a smoothing constraint on fault-slips (e.g.,
Laplacian regulation) is generally provided to avoid overfitting. Then, strength of smoothing is

determined by a criteria such as a trade-off L-curve [e.g., Du et al., 1992] and Akaike’s Bayesian
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Information Criterion (ABIC) [e.g., Yabuki & Matsu’ura, 1992]. However, some problems in the
LSM-based geodetic slip inversion have been noted: (1) it is difficult to strictly impose a direct
constraint (such as non-negative constraint) [Fukuda & Johnson, 2008], (2) it is difficult to
evaluate estimation error when unknowns follow non-Gaussian distributions, (3) it is unsuitable
for estimating a spatially heterogeneous fault slip distribution because spatially uniform
smoothing is applied, and (4) it takes effort to adjust the hyper-parameters when the multiple
hyper-parameters are introduced, such as weighting hyper-parameters for multiple data and
smoothing hyper-parameters for multiple time-windows in the viscoelastic inversion [Tomita et
al., 2020].

To overcome the above problems, various approaches have been developed. Although
LSMs without using the simple Laplacian regulation have been investigated, such as utilizing
spectral decomposition [e.g., Hori, 2001; Jin et al., 2007; Xu et al., 2018] and promoting sparse
solutions [e.g., Evans & Meade, 2012], they are not suitable for solving problems (1) and (2).
Meanwhile, slip inversion methods using a Markov chain Monte Carlo (MCMC) technique have
been well developed recently [e.g., Fukuda & Johnson, 2008; Minson et al., 2013]. MCMC-
based slip inversions can treat a direct constraint strictly and express posterior probability
distributions of model parameters [Fukuda & Johnson, 2008]. Furthermore, they can provide
posterior probability distributions of hyper-parameters as well as those of the model parameters
[e.g., Fukuda & Johnson, 2008; Kubo et al., 2016], which is an useful solution for the problem
(4). Thus, MCMC is a useful technique to solve the problems (1), (2), and (3). Although most of
the previous MCMC-based slip inversion studies have introduced the Laplacian regulation as
similar to the LSM-based slip inversions, MCMC-based slip inversions without using the
Laplacian regulation have been recently developed to solve the problem (3). One approach is that
the number and size of sub-faults are optimized based on the spatial resolution of observational
data prior to the MCMC sampling [Kimura et al., 2019]; however, a spatially smooth fault slip
distribution cannot be resolved by this method. Another idea is introduction of a complicated
regulation such as von Karman regulation [e.g., Amey et al., 2018].

Here, we investigated a trans-dimensional geodetic slip inversion method using a
reversible jump MCMC (rj-MCMC) technique [Green, 1995]. Through the trans-dimensional
approach, number of model parameters is automatically adjusted based on the sensitivity of

observational data and model complexity. Among the applications of the trans-dimensional
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approach to geophysics [e.g., Bodin & Sambridge, 2009; Hawkins & Sambridge, 2015], spatial
model parameters are divided into groups by a parameterization technique (e.g., Voronoi
partition, Figure 1). For the VVoronoi partition parameterization, model space is discretized using
the Voronoi nuclei (Figure 1), and number and spatial positions of the nuclei are optimized
through rj-MCMC sampling [Bodin and Sambridge, 2009]. Considering this optimization, the
trans-dimensional approach can be regarded as a sparse modeling method. As indicated by Bodin
and Sambridge [2009], ensemble of the rj-MCMC samples can express spatially smooth
distribution of the model parameters without any smoothing constraints. Furthermore, weighting
hyper-parameters for multiple observation data can be introduced in the rj-MCMC technique in
the same manner as conventional MCMC techniques [e.g., Dettmer et al., 2014]. Thus, we
expect that the trans-dimensional approach overcomes all of the above problems.

For geophysical studies, the trans-dimensional approach has been often applied to explore
underground geophysical structures using seismic wave data [e.g., Bodin & Sambridge, 2009;
Bodin et al. 2012] and electrical resistivity data [e.g., Galetti & Curtis 2018]. Furthermore, the
approach has been also applied to estimate tsunami sources due to a large subduction earthquake
[Dettmer et al., 2016]. However, there are few applications of the approach to estimate fault slip
distributions; for example, Dettmer et al. [2014] and Hallo and Gallovi¢ [2020] investigated a
fault slip distribution using seismic wave data. Although Amey et al. [2019] estimated a fault slip
distribution using geodetic observational data, they utilized the rji-MCMC technique and a von
Karman regulation together to restrict the number of sub-faults with non-zero slip. Thus, the
application of the trans-dimensional geodetic slip inversion has not been well investigated.

One of the chracteristics of the geodetic slip inversion is that we often treat many types of
observational data such as onland GNSS, onland InSAR, offshore GNSS-Acoustic (GNSS-A),
offshore bottom pressure (OBP), and the others. Determination of relative weights among these
various data is an important issue [e.g., Funning et al., 2014]; however, it is difficult optimized
the relative weights by conventional inversion approaches because of computational costs when
types of the observational data are many. This study tried to automalltically adjust many
weighting hyper-parameters through the MCMC sampling process. Moreover, compared with
other geophysical data, the geodetic data have heterogeneity of spatial coverage of observational
sites: dense onshore sites and sparse offshore sites. This heterogeneity provides strong spatial

variation of sensitivity to fault slips. We expect thet the ri-MCMC method can consider such
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spatil variation of the data sensitivity because fault patch sizes are variable depending on the
observational data. Thus, this study tried investigated how the r}-MCMC method works for
various patterns of the observational sites.

In this study, we performed a simple trans-dimensional geodetic slip inversion using the
r-MCMC method based on the Voronoi partition through synthetic tests and an application to
actual observational data associated with the 2011 Tohoku-oki earthquake. We then assessed

utility of the trans-dimensional inversion approach for analyzing geodetic observational data.

2 Methods

2.1 Observation equation

We aim to analyze geodetic observational data with multiple time windows or from
multiple observational instruments. An observational equation that links the vector of ground
surface displacements d with the vector of fault slips s via the matrix of Green’s functions G is:

d=Gs +e, (¢D)
where e is an observational error vector. When we have I types of the observational data and ]

components of fault slips (hereafter, called as fault-slip component), Equation (1) is re-written as

d, R WAL e ()
d, G o G/ \Sy e

for example, if we estimate fault slips in horizontally orthogonal slip directions for coseismic

follows:

slip, J = 2, or if we estimate fault slips in horizontally orthogonal slip directions for transient
slip with three time windows, | = 2 x 3.

We consider the observational error vector e obeys an observational covariance matrix E.
The observational covariance matrix can be expressed by combination of I types of the

observational covariance matrices E;(i = 1,---,1) as
E, i 0 ©)
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Most of the previous geodetic inversion studies fixed the observational covariance matrix
initially given from instrumental measurement errors. However, considering modeling errors and
the difficulty in assessing instrumental measurement errors, it is reasonable to introduce scale
factors to the individual types of the observational covariance matrices [e.g., Dettmer et al.,
2014; Funning et al., 2014]. According to Dettmer et al. [2014], we provided hierarchical scaling
parameters, A%(i = 1,---,1), which multiplies the initial observational covariance matrices
EM(i = 1,---,1). As each hierarchical scaling parameter is a positive value, we transformed A?
into 10~ and sampled A;(i = 1,---,1) in same manner as Kubo et al. [2016] (hereafter, A is

called as a weighting parameter). Then, Equation (3) is re-written as

E, &i 0 AZEI 1 0 10~A1EM 17 0 (4)

0 ii E 0 i A?EM 0 i1 10"MEM
Subseqgently, defining Wit = Eini; ", the weight matrix is written as

1041Wjni £ 0 ©)

2.2 Principle of the rj-MCMC method

In the Bayesian framework, all information on unknowns can be expressed by the
probability density function (PDF). From Bayes theorem [Bayes, 1763], a posterior PDF of

unknowns x when data d are given can be written as

d 6
P e p(d 1 0p(0) ©

where p(d | x) is a likelihood function of observational data d given x, and p(x) is the a priori

p(xld)=

PDF of x. The posterior PDF can be written by a proportionality relationship using p(d | x) and
p(x) because p(d), which is evidence indicating a priori PDF of d, is independent of x [e.g.,
Sambridge et al., 2006]. In an ordinary MCMC approach (e.g., the Metropolis-Hasting (MH)
algorithm [Metropolis et al., 1953; Hastings, 1970]), unknowns are updated based on a posterior
PDF. As for the MH algorithm, unknown candidates x’ are generated from current unknowns x

by adding perturbation based on a proposal distribution (e.g., uniform or normal distribution).
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Then, an acceptance probability a,, is calculated as a ratio of the posterior PDFs when proposal
PDFs q(x' | x) and q(x | x") are symmetric [e.g., Fukuda & Johnson, 2008; Kubo et al., 2016]:

Cion &) qix X)) |, p&'1d) (7)
avy (X’ | Xx) = min |1, o D) X T o mlnll,m :

If apy > u (u is arandom number generated from a uniform distribution with a range between 0

and 1), the candidates are accepted. The unknown values are sampled during iterative updates of
the unknowns based on the above process; the ensemble of the sampled unknown values
demonstrates the estimates of the unknowns following their posterior PDFs.

For the rj-MCMC approach, an extended form of the acceptance probability in the MH
algorithm has been generally utilized, which was implemented as the Metropolis-Hasting-Green
(MHG) algorithm [Green, 1995; 2003]. The acceptance probability in the MHG algorithm is

written as

P& 1) qx|x) ®)
IR

where J is the Jacobian for the transformation from x to x’, which evaluates the scale changes

apuc (X' 1 X) = min |1,

due to a dimensional jump between x and x’. However, we can simply consider [J| = 1 when the
transformed dimension is less than one, such as in a case of the birth/death r|-MCMC method
[e.g., Denison et al., 2002; Bodin & Sambridge, 2009]. In this study, we employed the
birth/death rj-MCMC method. The details of the birth/death rji-MCMC method are denoted in
Section 2-4. Thus, considering Equation (6), the acceptance probability in this study can be
expressed as following:

a(x' | x) = min[1, (prior ratio) x (likelihood ratio) x (proposal ratio)] 9)

p(x) , Pl X') L A X')
P pdIx) g I1x)f

= min|1

Like the ordinary MCMC, the unknowns are updated based on the acceptance probability
and are sampled. The practical implementation of the dimensional jump and of the unknowns’

update is denoted later.
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2.3 Parameterization of unknowns

We introduced a set of the Voronoi nuclei to discretize a 2-dimensional fault plane as
shown in Figure 1. The fault plane is covered by sub-faults (black rectangles). Each sub-fault
was classified by distance from the VVoronoi nuclei (red circles); this classification demonstrated
the Voronoi cells (colors of sub-faults). The Voronoi nuclei are generated from a nucleus grid
(gray dots). The total number of nucleus grid points is defined as K84, Using the Voronoi
partition, the unknowns expressing fault slip distributions are defined as the combination of
locations of the Voronoi nuclei ¢ and slips for individual cells s. Note that the slips s are defined
as a partitioned form of s. Defining the number of the Voronoi nuclei for the jth fault-slip

component is K;, the unknown vector for the locations of the Voronoi nuclei ¢ can be written as

C1 C11 (10)
C Ck,

Note that each nucleus location Ck, denotes a locational number of the nucleus grid; the

locational number is assigned for each point of the nucleus grid in advance. The unknown vector

for the slips s can be written as
S 51, (11)

(7]
Il

S EK]

Besides the unknowns expressing fault slip distributions, the number of the Voronoi
nuclei and the weighting parameters also account for unknowns. Defining the number of the
Voronoi nuclei for the jth fault-slip component is K;, the unknown vector for number of the
Voronoi nuclei is expressed as k = (Ki,:*, Kj). Furthermore, the unknown vector for the
weighting parameters is defined as h = (A4,---, A;). Thus, the unknown vector can be finally
written as
(12)

we =R
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2.4 Birth/death rj-MCMC algorithm

We summarized our birth/death rj-MCMC algorithm as a flowchart in Figure S2. Based
on Bodin and Sambridge [2009] and Galetti and Curtis [2018], we iteratively optimized the
unknowns from initial values by following three steps: (1) “slip update” updating the slip amount

for a randomly chosen Voronoi cell Ekj; (2) “weight update” updating the weighting parameters

h; (3) “Voronoi partition update” updating the number of the Voronoi nuclei k, the locations of
the Voronoi nuclei c, and the corresponding slip s.

In the step (1), we randomly chose the kth VVoronoi cell of the jth fault-slip component
with the slip of s, .. According to Bodin and Sambridge [2009], we generated a new candidate of
the slip parameter E’kj as following:

S'k; = Sk; + VOgip (13)
where v is a random coefficient derived from a normal distribution N(0,1) and oy;j, is a constant
denoting the standard deviation of the proposal PDF for the slip. This step is same with the
ordinary MH algorithm and does not involve a dimensional jump.

In the step (2), we generated a new candidate of the weighting parameters h’ as

h' = h + 05416V, (14)
where v is a random coefficient vector (I dimensions) derived from a normal distribution N(0,1)
and o1 IS @ constant denoting the standard deviation of the proposal PDF for the weighting
parameters. This step is also same the ordinary MH algorithm and does not involve a
dimensional jump.

We implemented the birth/death algorithm in step (3). According to Bodin and
Sambridge [2009], we performed this step only at every odd iteration loop. Step (3) branches
into three actions: (a) “birth” action that adds a new nucleus is added, (b) “death” action that
chooses one nucleus randomly from the existing nuclei to eliminate, (¢) “move” action that
chooses the location of one nucleus randomly from the existing nuclei to relocate. In step (3), we
randomly chose one of the actions with equal probability. The unknowns are updated without the
dimensional jump in the move action, while they are updated with the dimensional jump in the
birth and death actions. We produced a new candidate of the unknowns for each action, and

evaluated the candidates using the acceptance probability. The acceptance ratio is calculated
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based on the formulation of Bodin and Sambridge [2009] and Galetti and Curtis [2018]. The
details of the acceptance probability are written in Text S1.

In the birth action, we randomly chose a target fault-slip component from J components.
Then, we randomly added one nucleus for the target jth fault-slip component from the K&"id grid
points except the currently existing nuclei listed in c;. According to this action, the total number
of the nuclei for the jth fault-slip component was increased by 1 as K; = K; + 1. Then, the

locations of the nuclei were reformed as

, G (15)
¢j= C,Kj'-

where c’Kf, is the locational number of the new nucleus. The slips of the nuclei were also
]

- Sj (16)
S kj = E’K’.

J

reformed as

where the slip of the new cell E’K]{ was derived from the slip of the existing cell where the new

nucleus was introduced with perturbation. If the nucleus controlling the existing cell is defined as

k7, the slip at the new cell §’K]r_can be written as

- =
S K = Sk§ + VOjump 17)

where gj,mp, is a constant denoting the standard deviation of the proposal PDF for the slip due to
the dimensional jump.

In the death action, we randomly chose a target fault-slip component from J components.
Then, we randomly eliminated one nucleus of the target jth fault-slip component from the
currently existing nuclei. According to this action, the total number of the nuclei for the jth fault-
slip component was decreased by 1 as K/ = K; — 1. Then, the locations of the nuclei and the
slips of the cells were reformed just excluding the corresponding fault-slip component.

In the move action, we randomly chose a target fault-slip component from J components.
Then, we randomly chose one nucleus from the currently existing nuclei of the target jth fault-
slip component, and relocated its point to another nucleus randomly chosen from the grid points
within specific distances from the original nucleus; the specific distances are defined by 1S, .

and r,ﬂiﬁ,e in the strike and dip directions, respectively. In this action, the total number of the
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nuclei and the slips were kept k' = k and s’ = 5. For the locations of the nuclei ¢/, they were
kept from the existing locations c; except the chosen nucleus.

After these three steps, we sampled the unknowns with a specific loop interval of the

loops if the number of the iteration loops n was over the number of burn-in loops Ny ,.,,.in- TO

sample well-converged unknowns, the unknowns during the burn-in loops were discarded. As
not all unknowns were updated in a single iteration loop, we only sampled the unknowns with a
specific loop interval. In this study, we sampled every 100th iteration loop based on Bodin and
Sambridge [2009]. Finally, we sampled the unknowns until n reached N,y.

In this study, we performed the above rj-MCMC algorithm for L multi-chains with
(multi-chains approach); we assigned different initial values of x™! for each chain and sampled
the unknowns parallely from the multi-chains. As noted by Brooks et al. [2011] and Somogyvari
and Reich [2019], the multi-chains approach is useful to reduce computational times by parallel
computing compared with a long single-chain approach. Furthermore, calculating the ensemble
of the samples from the multiple chains, we can obtain robust solutions regardless of influence
on the initial values. As the length of each chain in the multi-chains approach is shorter than the
long single-chain approach, the multi-chains approach is relatively sensitive to the length of the
burn-in loops (i.e., degree of convergence). Thus, a parallel tempering technique has been often
employed to accelerate the convergence [e.g., Sambridge, 2013; Dettmer et al., 2014]. However,
this technique has difficulty in properly assigning the number of parallel replicas and their

potential temperatures. Thus, we calculated solutions for the slip by a conventional ABIC-LSM,

sSMand produced L sets of the initial partitioned solutions 3™ from s“S™ assuming various
distributions of initial Voronoi nuclei (c™, k™). Because s“SM can be regarded as well-
converged initial values, we can perform the multi-chains approach effectively and simply
without the parallel tempering technique. s“S™ was estimated following Yabuki and Matsu’ura
[1992], and the details of this estimation method are written in Text S2.

In this study, we uniformly assigned the following configuration of rj-MCMC: L =

2000, N = 1000000, Ny = 1250000, and K™ = 20 (j = 1,---,]). Considering that the

burn-in
unknowns are sampled every 100th iteration loop, we fully obtained 5 x 106 samples from the
multi-chains. Note that the initial distributions of the Voronoi nuclei ¢™ were randomly

generated from the nucleus grid following the number of the initial Voronoi nuclei k™.
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Moreover, we basically assigned the minimum and maximum numbers of the VVoronoi nuclei for
each fault-slip component as iji“ =5and K;"* =50 (j =1,-,]), respectively, which are
used in Equation (S2) and (S3) of Text S1. We also assigned the minimum and maximum values
of the weighting parameters as A™™ = —10 and AM® = 10 (i = 1,---,1), respectively for the

all estimations, which are used in Equation (S8) and (S9) of Text S1.

3 Synthetic tests
3.1 Model configuration

Here, we investigated performance of the trans-dimensional geodetic inversion using the
rjl-MCMC technique through synthetic tests assuming fault slips in a subduction zone. A plate
interface with uniform dip of 15° in a semi-infinite space was assumed as shown in Figure S2.
The fault domain was approximately 500 km (along strike) x 310 km (along dip), and its upper
limit reached to the surface corresponding to the trench. We then laid sub-faults with size of
approximately 20 km x 20.7 km on the plate interface, and total number of the sub-faults is 375.
We located randomly distributed 150 synthetic observational sites within the a range of 200-400
km from the trench as onshore GNSS sites. Moreover, we located synthetic observational sites
within the a range of 0-200 km from the trench as offshore GNSS-A sites. Three patterns of the
offshore observational site distribution were assumed: (1) no site, (2) five randomly distributed
sites, and (3) twenty-five randomly distributed sites. We calculated synthetic displacements at
these sites due to a given fault slip distribution, and then we obtained synthetic observational

data by adding observational errors.

3.2 Synthetic test 1: response to smooth coseismic slip

In the synthetic test, a smooth coseismic slip distribution with maximum slip of ~700 cm
was provided to calculate synthetic observational data for three site patterns (“Target” column of
Figure 2). In this test, we assumed an elastic media [Okada, 1992], and we calculated the Green

functions in the directions of rake = 45° and of rake = 135° (i.e., the fault-slip components were
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defined as / = 2, and total number of the unknowns for slip is 375 x 2 = 750). Then, imposing
non-negative constraints on the slip, we restricted the slip rake within the range from 45° to 135°
in the same manner as Miyazaki et al. [2011]. We assigned the minimum and maximum slips as

—min —max

si  =0[cm] and's; *" = 3000 [cm] (j = 1,2), respectively. The observational errors were

added as the Gaussian noises of

(Gonpor Tonyer: Toffir: Toffyer) = (1,2,3,6) [cm] (18)
indicating standard deviations for horizontal components of the onshore sites, vertical component
of the onshore sites, horizontal components of the offshore sites, and vertical component of the
offshore sites, respectively. The standard deviations for the offshore sites are given following the
case of the 2005 Miyagi-oki earthquake shown in Sato et al. [2013]. We provided single
weighting parameter uniformly scaling all data for simplicity (i.e., I = 1). Because we assigned a
diagonal matrix for the initial observational covariance matrix Ei™ following Equation (18), the
weighting parameter should be zero (i.e., the weight matrix should be on the initial condition:
W, = 10°wjnh),

From the synthetic observational data, we estimated fault-slip distributions by the ABIC-
LSM and the rj-MCMC method, which are shown in “ABIC-LSM” and “Rj-MCMC” columns of
Figure 2, respectively. Note that the “Error” column of ABIC-LSM demonstrates standard
deviations calculated from diagonal components of the covariance matrix. For the rj-MCMC
results, we used two methods to express a slip distribution: mean and median of the samples.
Moreover, we calculated the standard deviation of the samples (“SD” column) and the
normalized interquartile range (NIQR) of samples (“NIQR” column) as estimation errors. The
synthetic (without the observational errors), observational (with the observational errors), and
calculated (from the estimated model) displacements are shown in Figure 2 as magenta, black,
and blue vectors.

Figure 3c shows histograms of the unknowns for site pattern 2. The histograms
demonstrated that total number of the unknowns for slip was reduced from 750 to ~10-12 by the
Voronoi partition and that the weighting parameter was properly kept at zero. For the slip

unknowns, the histograms at three sub-faults shown in Figure 3a are demonstrated for example.

The slip at the mth sub-fault was calculated as s,,, = /s,znl + s4, when defining Sm; 8S the slip

at the mth sub-fault in the jth fault-slip component. Figures S3 and S4 also show histograms for
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the unknowns in the cases for site patterns 1 and 3, respectively. The histograms at the sub-fault
A are similar to the Gaussian distribution in all cases of the site patterns, whereas we can find the
histograms with multiple peaks or those with a biased distribution at the sub-fault B and at sub-
fault C, respectively, in the cases of the site patterns 1-2. These histograms following non-
Gaussian distributions are considered to be caused by the lack of the offshore observational sites
as the slip amounts at these sub-fault were not well constrained. Although we showed the
standard deviation of the samples to visualize estimation errors (“SD” in Figure 2), the standard
deviation of the samples potentially assumes a Gaussian distribution of the samples. Thus, to
visualize the estimation error following a non-Gaussian distribution, we also showed the map of
NIQR. If the observational error follows a Gaussian distribution, NIQR corresponds to SD;
therefore, we can roughly interpret that the estimation errors are close to Gaussian distributions
when the mean and the standard deviation resemble the median and the median and the NIQR,
respectively. Furthermore, to visualize details of the PDFs for the slip such as due to multiple
peaks or a biased distribution, we calculated differences of the percentiles (subtracting 50th
percentile from 5th, 25th, 75th, and 95th percentiles) in Figures 3b, S3b, and S4b. For example,
we considered that a PDF of the slip amount shows a biased distribution with a long slope to the
high slip; 5th and 25th percentile differences demonstrate small absolute values, while 75th and
95th percentile differences demonstrate large absolute values such as sub-fault C in the cases of
the site patterns 1-2.

The target slip distributions were well reproduced both by the ABIC-LSM and by the rj-
MCMC method for the cases of the site patterns 2 and 3. Furthermore, both of the ABIC-LSM
and the rj-MCMC method underestimated the maximum slip for the case of the slip pattern 1
because no offshore site was employed. However, the estimated slip distribution of ABIC-LSM
was obviously over-smoothed in the along-strike direction. By contrast, the rj-MCMC method
reduced such over-smoothing in the along-strike direction. It is considered that this effect was
caused by a sparse modeling behavior of the rji-MCMC method. Furthermore, among all site
patterns, the rj-MCMC method successfully reduced spotting artificial slips appearing in the all
slip distribution estimated by the ABIC-LSM. This effect is also considered to be provided as the
sparse modeling behavior of the rji-MCMC method.

For all slip pattern cases, the slip distributions estimated by the rj-MCMC method
generally show large slip near the trench compared with those estimated by the ABIC-LSM. This
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is because the rj-MCMC method sampled a low probability of large slips near the trench as
demonstrated by the histograms of sub-fault C and the 95th percentile difference (Figures 3, S3,
and S4). Because spatial resolution near the trench was low due to the lack of the observational
sites, large coseismic slip there was considered to occur with low probability as modeled by the
r-MCMC. However, ABIC-LSM cannot properly consider such a low probability phenomenon
in the solutions because Gaussian distribution of the solutions was assumed.

We showed two models for the results of the rj-MCMC method: the mean and median
models as shown in Figure 2. Their slip distributions were quite similar except the region near
the trench where the large slip was considered to occur with the low probability. Because the
median is generally smaller than the mean when the biased PDF with a long slope to the high slip
(e.g., the histogram of sub-fault C in Figure 3c), the seismic moment of the median model is
smaller than that of the mean model; for example, in the case of the site pattern 1, the moment
magnitude of the median model is M,, 8.18, while that of the mean model is M, 8.24. We
evaluated the mean model as a better representative model because the seismic moments of the
mean model were generally close to the seismic moment of the target model. However, the
median model and its corresponding estimation error (NIQR) provided useful information to
know degree how the unknowns for the slip follow the Gaussian distribution or not as indicated
above.

3.3 Synthetic test 2: response to sharp coseismic slip

In this synthetic test, a sharp coseismic slip distribution with maximum slip of
approximately 1000 cm was provided to calculate synthetic observational data for the three site
patterns as in synthetic test 1, and then we estimated slip distributions by the ABIC-LSM and the
ri-MCMC method as shown in Figure 4. Considering the elasticity of plates, deformation due to
fault locking at asperities should be continuous; therefore, coseismic slip should be rather
continuous (i.e., edge of fault slip distribution tends to be smooth) [Herman et al., 2018]. Thus,
the target slip distribution in this synthetic test is slightly unrealistic but effective to evaluate the
performance of the inversion techniques.

The ABIC-LSM model failed to reproduce the target slip distribution in any cases of the
site patterns (Figure 4), because the assumption of the smoothing was unsuitable to model such a
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sharp distribution. To forcibly reproduce sharp edges of the slip patch, the ABIC-LSM provided
a weak smoothing constraint; hence, the estimated slip distributions were highly dependent on
location of the observational sites especially as shown in site pattern 3. In contrast, the r;i-MCMC
method successfully reproduced the target slip distribution, because the VVoronoi partition was
potentially suitable for producing sharp edges. Summarising the results of the synthetic tests 1
and 2, the rj-MCMC method can flexibly represent a fault slip distribution regardless of the site

distribution and of roughness on the target slip distribution.

3.4 Synthetic test 3: behavior of the weighting parameters

In this synthetic test, performance of the weighting parameters was investigated by
applying incorrect initial observational errors. We provided the smooth coseismic slip
distribution for the target slip distribution as employed in synthetic test 1 and performed the rj-
MCMC inversion under the same conditions as synthetic test 1 except the observational errors.
Note that we performed the inversion only for the data assuming the site pattern 3. Here, dual
weighting parameters were employed (i.e., I = 2): the weighting parameter for the onshore
observational data (i = 1) and that for the offshore observational data (i = 2), regardless of
distinction between the horizontal and vertical components. Then, two types of the observational
error conditions were investigated; one assumed that the true observational errors, which were
added to the synthetic observational data, were smaller than the initial observational errors (the
smaller error case); and the other assumed the true observational errors were larger than the
initial observational errors (the larger error case). In the former case, the true observational errors
were added as the Gaussian noises of

(Gonpgp Tonyer Toffyop Toffyer) = (1,2,3,6) [cm], (19)
like synthetic test 1, while the initial observational errors were given as
(088 088 O O = (1,2,30,60) [em]. (20)
In the later case, the true observational errors were added as the Gaussian noises of
(Fonnor Tonyers Tofor: Toftyer) = (1,2,30,60) [cm] (21)
while the initial observational errors were given as

(O-(i)rﬁihorl O-(i)rl}livel"’ O’élf}fihOr' O—(i)?fiver) = (11 21 31 6) [Cm]' (22)
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For comparison, we also estimated fault slip distributions by the ri-MCMC method assuming the
single weighting parameter in the same manner as synthetic test 1.

The upper panels of Figure 5 show the results for the smaller error case. When assuming
the single weighting parameter, the estimated slip distribution and its standard deviation are
similar to those of the synthetic test 1 for the site pattern 1. This similarity suggested that the
offshore observational data were almost ignored because of the employed large initial
observational errors (Equation 20). When assuming the dual weighting parameters, the estimated
slip distribution and its standard deviation are similar to those of synthetic test 1 for site pattern 3
(Figure 2). This suggests that the weighting parameter for the offshore observational data
increased the weights of the offshore observational data. Actually, the observational errors
adjusted by the weighting parameters were given as

. . ~ N (23)
(Uonhor’ Uonver’ O-Offhor’ O-Offver)

2 ini 21 ini 22 ini 22 ini
— —5 1Nl —5 41Nl Y -
- (10 2 O-onhor’ 102 Oonyer’ 10 2 UOffhor’ 10 2 UOffver)

= (1.01,2.03,4.36,8.72) [cm].
The weighting parameters used in Equation (23) were calculated as the mean values of the rj-
MCMC samples. The histograms of the weighting parameters are shown in Figure S5. Because
the adjusted observational errors for the offshore data were rather larger than the true
observational errors (Equation 19), the estimated slip distribution was also smoother than that of
the synthetic test 1 for site pattern 3.

The lower panels of Figure 5 show the results for the larger error case. When assuming
the single weighting parameter, the estimated slip distribution was extremely rough. In this
result, the offshore observational data were over-fitted because of the employed small initial
observational errors (Equation 22). By contrast, when assuming the dual weighting parameters,
the estimated slip distribution reproduced the target smooth distribution by degrading the weights
of the offshore observational data by the weighting parameters. The observational errors adjusted
by the mean weighting parameters were given as
(24)

(aonhor’ aonver’ GOffhor’ GOffver)

A i A i A2 ini A2 ini
— —™> 1Nl —™> 1Nl Y -
B (10 ? Oonpy,s 10 2 Tonyer’ 10 2 Toffyor’ 10 2 aOffVﬂ’)
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= (1.01,2.03,31.77,63.54) [cm].
which are well fitted to the true observational errors (Equation 21). The histograms of the
weighting parameters are shown in Figure S6 as well as the histograms of the other unknowns.
From the above results, the weighting parameters properly adjusted the initial
observational errors by the data-driven approach. Considering that the initial large observational
errors provided a little smooth slip distribution even using the weighting parameter (the smaller
error case), we would assign rather small initial observational errors and adjust them by the

weighting parameters in a practical use of the rj-MCMC method as shown later in Section 4.

3.5 Synthetic test 4: coupling estimation

In this synthetic test, we provided synthetic negative fault slips assuming annual inter-
seismic coupling (Figure 6). An elastic media [Okada, 1992] was assumed, and we calculated the

Green functions in the direction of rake=90° alone (i.e., /] = 1). The minimum and maximum slip

—min —max

rates were assigned as ' s; = —83.5[mm/yr] and s; = = 500 [mm/yr], respectively. The
minimum slip rate was provided as a subducting rate in the off-Tohoku region, Japan. The

observational errors were added as the Gaussian noises of

(UGNSShor' OGNSSyer’ UGNSS-Ahor) = (1.5,3,5) [mm/yr]. (25)

We ignored the vertical component of the offshore sites because the GNSS-A measurement has
too large observational errors to discuss small coupling conditions. The standard deviation for
the horizontal components of the offshore sites was given following the case of interseismic
displacement rates for the Nankai and Tohoku regions shown in Sato et al. [2013] and Yokota et
al. [2016]. The initial observational errors were given following the true observational errors
(Equation 25), and the single weighting parameter was given (I = 1). The aim of this test was to
assess performance of the rji-MCMC method for the coupling estimation and for difficult
inversion conditions compared with the coseismic slip cases: multiple peaks of fault slip
(“Target” of Figure 6) and low signal-noise ratio.

Figure 6 shows the inversion results estimated by the ABIC-LSM and the r]-MCMC
method for site patterns 1 and 3. In the both of the site patterns, the ABIC-LSM provided fairly

smooth coupling distributions because the difficult inversion conditions required strong
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smoothing constraints. The rj-MCMC method also provided smooth coupling distributions for
site pattern 1 due to the low spatial resolution in the offshore area. However, down-dip limits of
the coupling distribution estimated by the rj-MCMC method were substantially constrained
compared with those estimated by the ABIC-LSM. This indicated that flexibility of the spatial
partition by the rj-MCMC method enables smooth edge expression of the up-dip limits (due to
low spatial resolution) and relatively sharp edge expression of the down-dip limits (due to
relatively high spatial resolution). The rj-MCMC method obviously demonstrated better
performance for site pattern 3; peaks of the coupling distribution in the northern and middle
regions were clearly obtained. Thus, the rj-MCMC method has superior ability to avoid the over-
smoothing compared with the ABIC-LSM. Meanwhile, the southern peak of the coupling could
not be imaged even by the ri-MCMC method because of its narrow spatial extent and insufficient
deployment of the offshore observational sites.

Figure 6 shows that distributions of the standard deviation are obviously different from
that of NIQR in both of the site patterns. This suggests the observational errors did not generally
follow Gaussian distributions. Figures S7 and S8 show percentile differences and histograms of
the unknowns for cases of site patterns 1 and 3, respectively. Figure S7 clearly shows positive
slip with low probability in the northern area near the trench, and also indicates low spatial
resolution there. Figure S8 shows multiple histogram peaks, especially the histogram for the slip
at sub-fault D (in the northern area near the trench). For the sub-fault D, we can interpret that
both possibilities of strong coupling and zero coupling are considered at the same level taking
into account the insufficient spatial resolution. Thus, the rj-MCMC method is useful to assess
how risk of the coupling occurs at each sub-fault from the histogram or the percentile difference,
which cannot be expressed by the conventional ABIC-LSM.

3.6 Synthetic test 5: viscoelastic inversion

In this synthetic test, we provided synthetic coseismic slip distribution (period 1) and
postseismic slip distributions with three time windows (periods 2—4; the duration for each period
was set as one year). We assumed a two-layered viscoelastic media [Fukahata & Matsu’ura,
2004] in the same manner as Tomita et al. [2020]: viscosity in the lower media of 1.5 x 10" Pa

s, thickness of the upper media of 50 km, rigidities in the upper and lower media of 40 GPa and
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67 GPa, densities in the upper and lower media of 2800 kg/m* and 3300 kg/m?, and Poisson’s
ratios in the upper and lower media of 0.25 and 0.27, respectively. We then calculated the
viscoelastic Green functions in the directions of rake=45° and rake=135° for the coseismic slip
and in the direction of rake=90° alone for the postseismic slip (i.e.,/ = 5). The minimum and

maximum slips for the coseismic period were assigned as 57" = 0 [cm] and 5" = 6000 [cm]

in

(j = 1,2), respectively, and those for the postseismic period were assigned as E}n =
—8.35 [cm] and 5 = 500 [cm] (j = 3,--,5), respectively. Based on the 2011 Tohoku-oki

earthquake, we assumed that the offshore sites were installed in the postseismic period (here, the

period 3). The observational errors for the coseismic period were added as the Gaussian noises of
(0aNSSyr OaNSSyer) = (1,2) [cm]. (26)

The observational errors for the postseismic period were added as the Gaussian noises of

(UGNSShor' OGNSSyer’ TGNSS-Apop’ @ GNSS-Aver) =(0.5,1,2,4) [cm/yr]. (27)

The standard deviations of the offshore sites were given following the postseismic displacements
after the 2011 Tohoku-oki earthquake shown in Watanabe et al. [2014], Tomita et al. [2017], and
Yokota et al. [2018]. The initial observational errors were given following the true observational
errors, and the four weighting parameters were given to individual time-window (I = 4). The
aim of this test was to assess performance of the rj-MCMC method for estimation of
spatiotemporal evolution of fault slip, which basically requires many hyper-parameters
constraining both spatial space and temporal space [e.g., Yoshioka et al., 2015]. In this case, we
individually deployed Voronoi nuclei for each time-window and estimated fault slip distributions
considering viscoelastic responses without any external constraints. Although we can introduce
temporal smoothing constraints in our rj-MCMC method, we did not use the constraints for
simplicity.

For comparison and obtaining initial values, we also performed the ABIC-LSM as well as
the rj-MCMC method. In the r]-MCMC method, we simultaneously estimated the co- and post-
seismic slip distributions based on the following observation equation for the viscoelastic

inversion approach derived from Tomita et al. [2020]:
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e e S
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where G€ and GY represent the elastic and viscous Green functions, respectively. However, in the
ABIC-LSM, we estimated a fault slip distribution of each time-window step by step as similar
with Lubis et al. [2013] to avoid difficulty in determining multiple hyper-parameters.

Figure 7 shows the target and the estimated slip distributions. The slip and error maps of
the r]-MCMC method demonstrated mean and standard deviation of the samples, respectively.
The rj-MCMC results well reproduced the target distributions as well as the results of the ABIC-
LSM except the period 2 in which effective offshore observational sites were absent. Unlike the
ABIC-LSM, the rj-MCMC method successfully reduced artificial negative postseismic slip.
Although the smoothing constraint of the ABIC-LSM cannot prevent generation of spotting
artificial slips, the rj-MCMC method can prevent it by unifying the sub-faults by the Voronoi
partition. Thus, the rj-MCMC method is useful to model such spatiotemporal evolution of the
fault slip without any constraints. Additionally, as with the other synthetic tests above, the
estimation errors imaged precision of the solutions, which cannot be assessed by the ABIC-LSM.
We also showed median model at percentile differences in Figure S9 to assess non-Gaussian

errors.

3.7 Checkerboard resolution test

From the above synthetic tests, the estimation errors of the rji-MCMC method (standard
deviation and NIQR) demonstrated good performance of imaging precision of the solutions for
the fault slip; however, it is difficult to consider spatial resolution from the results. To evaluate
spatial resolution, we conducted checkerboard resolution tests. As it is difficult to evaluate
spatial resolution for the overall fault space by single checkerboard pattern, we conducted the
checkerboard resolution test for various patterns in which checkerboard patches were slightly
shifted (Figure S10). Here, we generated eighteen total checkerboard patterns. Note that
observational noises, which were given to generate the synthetic observational data, followed the

observational errors adjusted by the weighing parameter in the synthetic test 1. The upper limits
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of the Voronoi nuclei are set as K;"** = 50 (j = 1,2) in the checkerboard resolution tests. Figure
8a shows an example of the inversion result for a single checkerboard pattern. The results for all
checkerboard patterns are shown in Figure S10. For each checkerboard pattern, a patch with the
size of ~60 x 60 km? and with the slip of ~425 cm was provided. The patch size and the slip
amount for patch should be manually changed to comform with our target slip behavior by which
we intend to assess sensitivity of the observational data to. To summarize the results, we
introduced a new indicator called as the “reconstruction ratio”. The reconstruction ratio for a

sub-fault m is written as follows:

ZL |§Ca% _ syn (29)
1 _Imm, m,l
RRp =100 —= e x 100 [%],

cal syn
. . Sm,l lf Smi = 0
with 583} = { '

0 if s =0

where sY is the slip amount of the slip patch (~425 cm in this case), and sf,f{ll and sf,f}ll are the
estimated and the target slips at the sub-fault m for the pattern [, respectively. Moreover, L is the
total number of the checkerboard patterns (L = 18), and L is the total number of the
checkerboard pattern that provided the slip (non-zero slip) at the sub-fault m. As defined by 55,?11
we only considered recovery at the sub-faults where synthetic slip was provided by the target slip
distribution. Because we provided a set of normal and reverse checkerboard patterns (see the
target distributions of 1 and 4 in Figure S10, for example), L = L/2. A map of the reconstruction
ratio (Figure 8b) clearly demonstrated that high reconstruction ratios (corresponding to high
spatial resolution) appeared roughly below the observational sites. A checkerboard resolution test
has been often performed in ABIC-LSM aproaches; however, it is difficult to assess intrinsic
sensitivity of the observational data because the degree of recovery was quite influenced by
strength of a smoothing constraint in ABIC-LSMs. If the smoothing constraint is optimized for a
checkerboard slip distribution, it is not suitable for a practical slip distribution. Whereas, if the
smoothing constraint is optimized for a practical slip distribution, it is not suitable for a
checkerboard slip distribution. Meanwhile, as the smoothing constraint is not used in the rj-
MCMC method, the checkerboard resolution tests through the ri-MCMC method are much
effective to demonstrate sensitivity of the observational data.
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4 Application to the 2011 Tohoku-oki earthquake

Here, we applied the rj-MCMC method to coseismic geodetic observational data
associated with the 2011 Tohoku-oki earthquake (March 11, 2011). We constructed 485 sub-
faults based on the plate interface model of Iwasaki et al. [2015]. As with synthetic test 1, an
elastic media [Okada, 1992] was assumed, and the Green functions in the directions of rake=45°
and of rake=135° were calculated (J = 2; total number of the unknowns for slip is 485 x 2 =
970). When calculating the Green functions for offshore sites (denoted later), we considered
seafloor depths by biasing the depths of the sub-faults along the plate interface in the same

in

manner as linuma et al. [2012]. Minimum and maximum slips were assigned as E}n = 0[m]

ands;

=100 [m] (j = 1,2), respectively.

We employed the following types of the observational data: onshore GNSS (horizontal
and vertical), offshore GNSS-A (horizontal and vertical), and offshore OBP gauge (vertical)
data. The onshore GNSS data were differences between the daily coordinate solutions for the day
before the mainshock (March 10, 2011) and those for the day after the mainshock (March 12,
2011) at 370 GNSS sites maintained by the Geospatial Information Authority of Japan (GSI) and
Tohoku University, which were obtained by Tomita et al. [2020]. The offshore GNSS-A data
were provided by the Japan Coast Guard (six sites with horizontal and vertical components)
[Sato et al., 2011; Yokota et al., 2018] and Tohoku University (two sites with horizontal
component only) [Kido et al., 2011]. The offshore OBP data were provided by University of
Tokyo and Tohoku University (six sites) [Ito et al. 2011; Meade et al., 2011] as summarized by
linuma et al. [2012]. The onshore GNSS and the offshore OBP data indicate almost pure
coseismic displacements, while the offshore GNSS-A data include not only coseismic
displacements but also early (~1 month) postseismic displacements [Kido et al., 2011; Sato et al.,
2011]. Then, as for the offshore GNSS-A data, it is unsuitable to assign instrumental
measurement errors as observational errors for the inversion analysis considering the
observational errors included not only instrumental measurement errors but also the modeling
errors of the early postseismic displacements. Thus, we adopted an approach providing rough
initial observational errors of the offshore GNSS-A data and then adjusting them by the

weighting parameters. The observational errors of the offshore GNSS-A data in the horizontal
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and vertical components were quite different for both the instrumental measurement errors and
the early postseismic displacements; hence, we provided three weighting parameters (I = 3) for
the horizontal GNSS-A data, vertical GNSS-A data, and other data. The initial observational
errors were given as follows:

ini ini ini _ (30)
(UGNSShor OENSSyers OO, » OOEP,» 1 OGNSS-Ap o, GGNSS-Aver) =

(2.5,5,10,2.5,20,20) [cm].

The onshore GNSS data potentially had standard deviations of a few centimeter as the
observational errors from the previous geodetic slip inversion studies [linuma et al., 2012,
Tomita et al., 2020]. The observational errors for OBP; [Maeda et al., 2011] and OBP,, [Ito et al.,
2011] were roughly given from measurement errors following linuma et al. [2012]. We provided
relatively small observational errors for the GNSS-A data compared with the instrumental
measurement errors (from several tens of centimeters [Sato et al. 2011] to ~1 meter [Kido et al.,
2011]). We then assigned the initial observational covariance matrices E"(i = 1,--+,3)
following Equation (30). Meanwhile, as for the ABIC-LSM, a diagonal observational covariance
matrix was given based on the following relative observational errors:

OGNSShor: OGNSSyer: OOBP;: O0BP,: OGNSS-Apo, O GNSS-Aye, = 11 2 21 1:10:10. (31)
Because the ABIC-LSM tends to generate larger misfits in the offshore area for the case of the
2011 Tohoku-oki earthquake, we determined the relative observational errors by trial and error.

Figure 9 shows the estimated slip distributions and the estimation errors, and Figure 10
shows percentile differences and histograms for the unknowns. Through the rj-MCMC method,
the weighting parameters were determined as Figure 10c. Using the estimated weighting
parameters (mean values of samples), the adjusted observational errors are obtained as follows:

32
(GGNSShor: OGNSSyer? 90BP;» O0BP,» OGNSS-Apor’ UGNSS-Aver) (32)

= (10 2 08ss,,,. 1077 olfiss, o, 10 208, 10 F 08, 10 Foliss s 1072 0fRiss )
= (2.47,4.93,9.86,2.47,177.32,59.20) [cm].
The adjusted observational errors for the GNSS and OBP data did not significantly changed from
the initial values, while those for the GNSS-A data indicated large uncertainties. Considering the
instrumental measurement errors (from several tens of centimeters [Sato et al., 2011] to ~1 meter

[Kido et al., 2011]) and the early postseismic displacements (especially affecting the horizontal
components), the adjusted large observational errors for the GNSS-A data are reasonable.
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Furthermore, histograms of the weighting parameters for the GNSS-A data show wide ranges
(Figure 10). This is because the total number of the GNSS-A data is small. Although previous
ABIC-LSM studies have often considered relative weights between different observational data
[e.g., Funning et al., 2014], the relative weights were finally fixed to certain values optimized by
the ABIC criterion. By contrast, the r]-MCMC method can obtain slip distributions considering
wide ranges of the weighting parameter through the MCMC sampling process.

Figure 9 shows that the slip distributions estimated by the rji-MCMC method were similar
to the slip distribution estimated by the ABIC-LSM, which show large coseismic slip over 20 m
at the up-dip portion of the plate interface in the off-Miyagi region (the central portion of the
fault zone, called as the main rupture area) and small coseismic slip less than 20 m at the down-
dip portion of the plate interface in the off-Fukushima region (the southern portion of the fault
zone, called as the sub-rupture area). These features are the same as previous studies [e.g., Yagi
& Fukahata, 2011; linuma et al., 2012; Ozawa et al., 2012; Yue & Lay, 2013].

Comparing the results of the ABIC-LSM and the rj-MCMC method, the rj-MCMC
method provided relatively large slip near the trench (Figure 9). This feature was the same as the
results of the synthetic tests (e.g., Figure 2). The estimation error maps (SD and NIQR) of the rj-
MCMC method demonstrate small errors just below the offshore observational sites and large
errors in the northern and southern portions of the main rupture area (especially, around 38.5°N
near the trench and around 37.5°N). These large estimation errors were caused by low spatial
resolution due to lack of offshore observational sites. We can find the low spatial resolution there
by checkerboard resolution tests (Figure 11a; Figure S11) and reconstruction ratio (Figure 11b).
In the checkerboard resolution tests, each slip patch has the slip amount of ~21.2 m, and size of
the slip patch is ~80 x 80 km?. Moreover, Figure 10b and 10c demonstrate that large coseismic
slip with low probability was obtained in the areas with the large estimation errors as clearly seen
by difference between the 95th and 50th percentiles and by a histogram for the slip at sub-fault
C; i.e., the slip amount there was basically estimated to be zero, but it might be large in low
probability. Such high coseismic slip with low probability cannot be investigated by the
conventional ABIC-LSM because of its assumption that the estimation errors follow a Gaussian
distribution. Meanwhile, we can also find low spatial resolution in the sub-rupture area (Figure
11b). However, unlike the large estimation error areas around the main rupture area, quite large
coseismic slip did not be sampled (Figure 10b and Figure 10c for the sub-fault A). Thus, we
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figured out that the sub-rupture did not reach high slip amount such as the main rupture, but
spatial extent of the sub-rupture might not be well constrained considering the low spatial

resolution.

5 Summary

In this study, we developed the trans-dimensional geodetic inversion approach using the
r-MCMC method based on the Voronoi partition and assessed its performance by the five
synthetic tests and the application to the 2011 Tohoku-oki earthquake.

Throughout the synthetic tests and the application, the rji-MCMC method demonstrated
similar or superior performance compared with the conventional ABIC-LSM from the point of
view of reproducing fault slip distributions. Because of the absence of the smoothing constraints,
the r]-MCMC method can flexibly express fault slip distributions; both of the smooth and the
sharp fault slip distributions can be reproduced (e.g., synthetic tests 1 and 2), and the spatially
non-uniform degree of the fault slip smoothness can be expressed (e.g., site pattern 1 in synthetic
tests 1 and 4, showing the sharp down-dip limits of slip and the smooth up-dip slip limits of slip).
Especially in synthetic test 4, non-uniformness of the fault slip distributions reflected spatial
heterogeneity of the data sensitivity to fault slips depending on spatial coverage of observational
sites. Because geodetic observational data often have large variation of their spatial coverage as
shown in the application of the 2011 Tohoku earthquake, the rji-MCMC method is suitable to
handle such geodetic observational data for appropriately imaging a fault slip distrition following
the data sensitivity. Moreover, the rj-MCMC method can prevent the occurrence of the artificial
spotting slips that cannot be avoided by the conventional ABIC-LSM. This benefit is provided
due to sparsity of number of unknowns introduced by the VVoronoi partition.

One of utilities of the MCMC sampling is in obtaining the estimation errors following a
non-Gaussian distribution. As shown in the synthetic tests and application (especially, synthetic
test 4 and application), we successfully obtained slip parameters following non-Gaussian
distributions, which cannot be expressed by the conventional ABIC-LSM. These non-Gaussian
estimation errors suggested further detailed information on fault slip behavior such as high
coseismic rupture or strong fault locking in regions with low spatial resolution, which are useful

for coupling risk assessment or evaluation of large co- and post-seismic fault slip events.
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Meanwhile, we demonstrated utility of the percentile differences (e.g., Figures 3b, S4b, S5b and
10b) to roughly understand distributions of the estimation errors in map views.

For the conventional ABIC-LSM, the estimation error and spatial resolution are affected
by the prior information, such as the spatially uniform smoothing constraint; thus, they uniformly
vary depending on strength of the smoothing constraint. Although the rj-MCMC method also
have influence on the prior information, such as the VVoronoi-partition assumption, we can easily
evaluate precision of the unknowns from standard deviation, NIQR, or PDF histograms of the
MCMC samples without such spatial uniform dependency. Meanwhile, it is difficult to assess
spatial resolution (i.e., sensitivity of the observational data to fault slips) from a series of the
samples obtained by performing the rj-MCMC method once. To assess this, it is effective to
conduct the checkerboard resolution tests (Sections 3.7 and 4). We also introduced an indicator
of the reconstruction ratio averaging various patterns of the checkerboard resolution tests and
demonstrated its usefulness in considering the spatial resolution.

Our results also showed utility of the weighting (hierarchical scaling) parameters
implemented in the MCMC sampling. As shown in synthetic test 3, the weighting parameters can
appropriately adjust the initial observational errors to the given observational errors. The
adjustment of the observational errors provided us reasonable fault slip distributions. Moreover,
as the weighing parameters were sampled through the MCMC procedure as well as the other
unknowns, we can obtain the estimated slip distributions considering the possible extents of the
weighting parameters as shown in the weighting parameter histograms (e.g., Figures 3c, S4c,
S5c¢, and 10c). This is one of advantage of the MCMC method compared with ABIC-LSMs that
can adjust relative weighting parameters but cannot consider their possible extents. Furthermore,
we can easily handling multiple weighting parameters. These flexibilities of the weighting
parameters are quite useful for modeling geodetic data that included various kinds of
measurements as shown in the application to the 2011 Tohoku earthquake.

As indicated above, the developed rj-MCMC method has various advantages compared
with the conventional ABIC-LSMs; therefore, we conclude that it is effective for inverting
geodetic observational data into fault slips. The rji-MCMC method can be widely used for
estimating coseismic slip distributions, postseismic slip distributions considering viscoelastic

Green’s functions, coupling distributions, and it is useful to assess the detailed fault slip
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behaviors even if the slip parameters follow non-Gaussian distributions and spatially non-

uniform roughness.
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Figure 1. Image of the VVoronoi partition

The whole rectangle represents a fault zone, and small squares represent sub-faults. Red
circles represent the Voronoi nuclei, and gray dots represent nucleus grid points (i.e., candidates
for the VVoronoi nuclei). The colors of sub-faults indicate extents of the VVoronoi cells classified

by the Voronoi nuclei.
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Figure 2. The estimated slip distributions and the estimation errors of synthetic test 1

The upper, middle, and lower panels show results of the synthetic test 1 assuming the site
patterns 1, 2, and 3, respectively. Leftmost panels show the target slip distribution, and triangles
and inverse triangles indicate synthetic onshore and offshore geodetic sites. The other panels
show the estimated slip distributions and the estimation error distributions given by the ABIC-
LSM and the rj-MCMC method (the mean and median models). Magenta, black, and blue
vectors in the estimated slip distributions indicate the synthetic, and observed (synthetic
displacements with observational noises), and calculated displacements in the horizontal
components, respectively. The bars in the estimation error distribution indicate the displacements

in the vertical component. Colors of the bars indicate the same meanings with the vectors.
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Figure 3. The percentile differences and the histograms for the synthetic test 1 assuming the site

pattern 2

(@) The slip distribution estimated by the rj-MCMC method (the mean model) with the

site distribution as shown in Figure 2. (b) The slip distributions for percentiles of 5th, 25th, 75th,
and 95th subtracting 50th percentile (the median model). (c) The histograms for unknowns:
number of the Voronoi nuclei for the fault slip component of rake=45°, that of rake=135°, the
weighting parameter, and slips at sub-fault A, B, and C shown in (a). The vertical axis of each
histogram indicate sample’s frequency (i.e., number of the samples at certain range over total
number of the samples). Red and blue vertical lines represent mean and median values,
respectively. Solid orange vertical lines represent 5th and 95th percentile values, and dotted

orange vertical lines represent 25th and 75th percentile values.
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Figure 4. The estimated slip distributions and the estimation errors of synthetic test 2

The panels show results of the synthetic test 2 in the same manner as Figure 2.
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Figure 5. The estimated slip distributions and the estimation errors of synthetic test 3

The upper and lower panels show results of the synthetic test 3 assuming the smaller and
larger error cases, respectively. Leftmost panels show the target slip distribution, and triangles
and inverse triangles represent the same with Figure 2. The second and third columns show the
estimated slip distributions and the estimation error distributions given by the rj-MCMC method
with single weighting parameter, respectively. The fourth and fifth columns show the estimation
results given by the rji-MCMC method with dual weighting parameter. The vectors and bars are

written in the same manner as Figure 2.
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Figure 6. The estimated slip distributions and the estimation errors of synthetic test 4

The upper and lower panels show results of the synthetic test 4 assuming the site patterns
1 and 3, respectively. The panels for each column show the results in the same manner as Figure
2.
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Figure 7. The estimated slip distributions and the estimation errors of synthetic test 5

The panels for each row show the target slip distributions and the estimation results for

the periods 1-4. The upper panels show the target slip distributions. The middle and lower panels
show results of the synthetic test 5 estimated by the ABIC-LSM and the rj-MCMC method,

respectively. The vectors and bars are written in the same manner as Figure 2.
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Figure 8. Example of the checkerboard resolution test and reconstruction ratio for the synthetic

test 1

(a) The target and estimated slip distributions for one pattern of the checkerboard

resolution tests. Triangles and inverse triangles represent the same with Figure 2. (b) Map of the

reconstruction ratio averaging all patterns of the checkerboard resolution tests.
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Figure 9. The estimated slip distributions and the estimation errors of the application

The upper and lower panels show the estimated slip distributions and the estimation error
distributions of the 2011 Tohoku-oki earthquake, respectively. The first, second, and third rows
show the results of the ABIC-LSM solution, the mean model of the rj-MCMC method, and the
median model of the rj-MCMC method, respectively. The black and blue vectors represent the
observed and calculated displacements in the horizontal components, respectively. The black and

blue bars represent the observed and calculated displacements in the vertical component,

respectively.
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Figure 10. The percentile differences and the histograms for the application
(a) The slip distribution estimated by the rj-MCMC method (the mean model) with the

site distribution as shown in Figure 9. (b) The panels show the percentile differences as the same

manner with Figure 3. (c) The histograms for unknowns: number of the VVoronoi nuclei for the
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996  fault slip component of rake=45°, that of rake=135°, the weighting parameters, and slips at sub-

997 fault A, B, C, and D shown in (a). The histograms are expressed in the same manner as Figure 3.
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