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Abstract Kinematic ﬁnite‐extent models of earthquake sources can be determined by inverse modeling
of observed waveforms and/or geodetic data. Such models are subject to signiﬁcant uncertainty as a result
of inaccurate observations and imperfect physical description of the complex properties of the Earth's
crust. For slip inversions of large earthquakes, the major source of uncertainty is related to the
uncertainty of Green's functions due to the imperfect description of the crustal model and selected
parameterization of the source model. To account for both, we introduce an effective nonlinear Bayesian slip
inversion with transdimensional source parameterization, including analytical representation of
uncertainties of Green's functions. Our nonlinear slip inversion method relies on a self‐adapting spatial
parametrization of the slip distribution by means of a varying number of spline control points on the
assumed fault. For the temporal parameterization, it utilizes the regularized Yoffe function with spatially
varying rise time and rupture velocity. Rake angle is also treated as an unknown spatially dependent
parameter. The Green's function uncertainties are included using full covariance matrices. The posterior
probability density function is sampled by the transdimensional Markov chain Monte Carlo algorithm with
parallel tempering. The performance of our slip inversion method is demonstrated on a synthetic test
from the Source Inversion Validation project and real‐data inversion of the 2016 Mw7.1 Kumamoto
earthquake. In the latter test, we infer an ensemble of ~7,300,000 possible rupture models, representing
samples of the posterior probability density, and inspect which features of these models are reliable and
which are rather artifacts.

Plain Language Summary Large damaging earthquakes are caused by a rapid slip movement on
large fractures in the Earth's crust. Earthshaking is then caused by a combination of released energy by
the slip on the fracture (i.e., the source), propagation of generated waves through the Earth, and site‐speciﬁc
conditions at the place of an observer. Having observations of the earthquake from multiple locations, we
can discriminate the source parameters (i.e., kinematic description of the slip) of the earthquake. We
focus in this work on the inference of large earthquakes' parameters, which would take into account also
the imperfect knowledge of the medium between the source and the observer. For this purpose, we utilize
mathematical relations between the observed ground shaking and the description of the source to obtain
a statistical description of the source model uncertainty. The spatial smoothness of source is governed
by Occam's razor. Features of the earthquake source having small uncertainties are labeled as certain and
vice versa. We apply this method to the destructive earthquake that happened in the Japanese prefecture
Kumamoto in 2016. The interpretation supports major features as described by other researchers while
pointing on some uncertain aspects of the source of this earthquake.
1. Introduction
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Earthquake ground motions originate from rupture processes on faults in the Earth. Constraints on earthquake source models are essential for a better understanding of earthquake physics and for seismic hazard
analysis, which is particularly signiﬁcant for construction engineering and disaster mitigation planning.
Kinematics of large tectonic earthquake sources can be described by ﬁnite‐extent source models with heterogeneous distribution of slip on a fault and variable rupture propagation. Such source models are inferred by
inverse modeling of observed seismic waveforms and/or geodetic data. The inverse solutions are generally
subject to signiﬁcant uncertainty (e.g., Gallovič & Ampuero, 2015; Mai et al., 2016), which should be taken
into account during the evaluation of source model reliability.
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1.1. Fault Slip Inversions
Approaches to the inference of fault slip models differ mainly in the chosen parameterization of the source
model (e.g., Ide, 2007, and references therein). The inverse problem can be linear when a dense spatial and
temporal discretization of the slip rates over the assumed fault is considered (e.g., Gallovič & Zahradník,
2010; Hartzell & Heaton, 1983; Olson & Apsel, 1982; Sekiguchi et al., 2000), as commonly used to infer kinematic sources of large crustal earthquakes (e.g., Asano et al., 2005; Asano & Iwata, 2016; Gallovič et al., 2015;
Pizzi et al., 2017; Wald & Heaton, 1994). Linear inversions are typically overparameterized and hence extremely unstable, which requires regularization by, for example, the positivity of slip rates and spatial‐temporal
smoothing. Such regularization has to be speciﬁed a priori for the whole model, and it has been shown to be
capable of producing artifacts (e.g., Zahradník & Gallovič, 2010). The issue of ill‐posedness of the linear rupture inversions was tackled by exploring the eigenstructure of the inverse problem by Gallovič and Ampuero
(2015). They decomposed the linear forward operator by singular value decomposition, providing a set of singular vectors in the model space. Differencing large and small singular values demonstrated that only minor
part of the source model (associated with the large singular values) is correctly resolved, while the rest, lying
in the operator null space, is thus basically indeterminable without additional constraints on the rupture
properties and proper treatment of the associated uncertainties.
Another approach is nonlinear fault slip inversion, which relies on a spatial‐temporal parameterization of
the slip rate function (SRF). This particular parameterization both regularizes the solution and reduces
the number of unknown parameters (e.g., Archuleta, 1984; Bouchon et al., 2002; Dettmer et al., 2014; Ji
et al., 2002; Liu & Archuleta, 2004; Minson et al., 2013; Minson et al., 2014; Monelli et al., 2009; Piatanesi
et al., 2007). However, these inversions require additional demands on computational power as the strongly
nonlinear inverse problem should be solved by a Monte Carlo (MC) method.
In any case, each particular selection of the parameterization represents an assumption on the slip distribution and can lead to a different solution (e.g., Clévédé et al., 2004). This brings concerns about the reliability
of the inferred source models due to the nonuniqueness of the inverse problem (e.g., Hartzell et al., 2007; Mai
et al., 2016). In particular, Beresnev (2003) critically illustrated that the choice of a particular inversion
scheme, parameterization of the SRF, spatial parameterization of the slip on the fault, and geometry of
the monitoring array have a signiﬁcant inﬂuence on the inferred solution. It is rather complicated to distinguish between artiﬁcial and real features of fault slip models, and hence, the importance of the consideration
of the solution uncertainty rises again.
1.2. Consideration of the Uncertainties
Slip inversions with an assessment of the solution uncertainty are usually performed in the Bayesian probabilistic framework. It combines prior information on the physical model with a conditional posterior probability of model parameters given the observed data. In such a scheme, assumptions on the uncertainties of
the observed data and theory need to be incorporated (e.g., Tarantola & Valette, 1982). Yagi and Fukahata
(2011) and Hallo and Gallovič (2016) emphasize that the major source of such uncertainty is related to
the uncertainty of Green's functions (GFs) due to the inaccuracy of the crustal model considered. The
Bayesian fault slip inversions have been introduced by several recent studies. For example, Minson et al.
(2013, 2014) take into account the GF variance, treating it as an unknown parameter with a uniform probability distribution. Next, Duputel et al. (2014, 2015) show the importance of considering the full covariance
matrix in inversions and propose to estimate the full covariance matrices by considering a linear relationship
between the GFs and random perturbations of the velocity model. Further, Hallo and Gallovič (2016) introduce so‐called approximate (analytical) covariance functions inferred from observed seismograms and show
that these functions can reliably represent the GF uncertainties.
Probabilistic inversions estimate the solution uncertainty for the assumed parameterization. The choice of
parameterization thus has a signiﬁcant inﬂuence on the inferred solution (e.g., Beresnev, 2003), and
hence also on the estimated uncertainty of the solution. Therefore, it is advisable to choose the source
model parameterization considering the resolution power of the observed data (e.g., Custódio &
Archuleta, 2007). Overparameterization is typically associated with overﬁtting the observed data (i.e.,
noise ﬁtting), while underparameterization is associated with oversimpliﬁed models, as also called the
bias‐variance trade‐off problem (e.g., Bishop, 2006). This issue can be overcome by, for example,
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introducing a global smoothing constraint of model parameters by using the Akaike's Bayesian information criterion (Akaike, 1980; e.g., Yabuki & Matsu'ura, 1992; Sekiguchi et al., 2000; Sekiguchi & Iwata,
2002) or by Bayesian inversion on the weight of such smoothing (e.g., Kubo, Asano et al., 2016).
Another approach is to use the so‐called transdimensional (trans‐D) Bayesian probabilistic inversion
method developed by Green (1995, 2003), where the number of model parameters is subject to inversion
itself (e.g., Bodin et al., 2012; Sambridge et al., 2006). The latter approach, together with an appropriate
spatially varying smoothing parameterization of the slip, allows inferring models with the data‐driven
spatially varying complexity. A nonlinear hierarchical Bayesian fault slip inversion with trans‐D parameterization was introduced by Dettmer et al. (2014). Nevertheless, this approach does not include uncertainty of the GFs, yet it takes into account the nonstationary character of the noise in the residual
waveforms (following Dettmer et al., 2007). In this paper, we introduce an effective nonlinear Bayesian
slip inversion with suitable trans‐D source parameterization, including analytical representation of uncertainties of GFs. The performance of our slip inversion method is demonstrated on a synthetic test from
the Source Inversion Validation (SIV) project and real‐data inversion of the Mw7.1 mainshock of the
2016 Kumamoto, Japan, earthquake sequence.

2. Method
Here we introduce our nonlinear Bayesian fault slip inversion method with trans‐D parameterization of the
SRFs on the fault and with implemented uncertainty of GFs.
2.1. Finite‐Extent Source Representation
The displacement waveﬁeld u(ζ, t) measured at receiver position ζ and time t is related to the SRF Δu_ ðξ; t Þ
distributed along the fault by the representation theorem (e.g., Aki & Richards, 2002). Assuming that the
shear slip direction does not change in time, the representation theorem reads
uðζ ; t Þ ¼ ∬Σ Δu_ ðξ; t Þ*Gðζ ; t; ξ Þ dΣðξ Þ ;

(1)

where * denotes temporal convolution and G represents the displacement waveform at observation point ζ
corresponding to a slip rate pulse at position ξ on the fault Σ (here called as GF).
The fault geometry is expected to be ﬁxed and given a priori (e.g., from geological mapping, from aftershock
distribution, or as a result of a centroid moment tensor inversion). The fault plane is spatially discretized into
NΣ uniform rectangular subfaults of area ΔΣ. These subfaults are assumed to be small with respect to the
used wavelengths and source‐receiver distances to be considered as point sources. The subfaults are characterized by their strike and dip angles, while rake angles ϑi (i.e., slip direction on the subfault i) are subject to
b
the inversion. Therefore, we express the GF for an arbitrary rake angle as a linear combination of two GFs (G
~ for two perpendicular rake angles b
and G)
ϑ and ϑ~ given a priori. Then, the formula for the nth displacement
component reads





NΣ
~ ϑi ;
^ ni ðζ ; t Þcos ϑi − ϑ^ þ G
~ ni ðζ ; t Þcos ϑ−
un ðζ ; t Þ ¼ ΔΣ∑i¼1
Δu_ i ðt Þ* G

(2)

~ ni ζ ; t are nth components of the two GFs for subfault i and Δu_ i ðt Þ is the respective SRF.
b ni ðζ ; t Þ and G
where G
The advantage of such formulation is the possibility to precompute GFs for all receivers and subfaults prior
to the inversion for arbitrarily rake angles on the given fault. We use the discrete wavenumber method
(Bouchon, 1981) for computing GFs in this work, but our method is not restricted to this particular choice
(i.e., other approaches for numerical or empirical determination GFs could be used as well).
2.2. Rupture Parameterization
In our approach, we utilize a spatial‐temporal parametrization of SRF, Δu_ i ðt Þ, and treat the problem as nonlinear. The time dependence of SRF is modeled by regularized Yoffe function Υ introduced by Tinti et al.
(2005), reading
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Figure 1. Spatial‐temporal parametrization of the SRF. (top) Examples of various (temporal) regularized Yoffe functions
for (a) ﬁxed peak time τP = 0.3 s and (b) ﬁxed rise time τR = 4.0 s. For the variable parameter, see legend. (bottom) Schemes
of two systems of control points used for the spatial parameterization. Shaded gray rectangles represent subfaults discretizing the fault for the evaluation of the representation integral. Positions of the control points on the fault are shown by
red circles for (c) the regular grid and (d) the system of spline points (see text). Blue circles show (optional) auxiliary
control points setting slip to zero on the fault edges.



Δu_ i ðt Þ ¼ Ai Υ t− t 0i ; τ Ri ; τ Pi ;

(3)

where t 0i is rupture time, Ai is slip, τ Ri is rise time (duration of slip), and τ Pi is so‐called peak time (duration of
initial positive slip acceleration), all respective to subfault i. The regularized Yoffe function (see examples in
Figures 1a and 1b) is a nonnegative function of a unit area, it can be expressed analytically, and it is compatible with rupture dynamics (Bizzarri, 2012). Therefore, it is suitable as a shape of SRF for fast forward problem computations.
The initiation of the rupture process at the subfaults is deﬁned by rupture times t 0i (see equation (3)). We
assume that the rupture propagates from hypocenter h (three‐component vector specifying its position on
the fault surface and the origin time). The rupture propagates with rupture‐front velocity v0(ξ), which is a
function of position on the fault plane. The rupture times are then formally a solution of the
two‐dimensional eikonal equation, describing the propagation of the rupture front along the fault. The eikonal equation can be numerically solved on a dense grid by a method relying on a systematic application of
the Huygens' principle in the ﬁnite‐difference approximation (Podvin & Lecomte, 1991). Nevertheless,
any other rupture‐front propagation solver can be used as well. We treat hypocenter h and rupture‐front
velocity function v0(ξ) as model parameters instead of the rupture times t 0i themselves. It forbids nucleation
of the rupture from multiple spatially separated areas and enforces causality.
Parameters ϑi, Ai, τ Ri , and τ Pi are assigned to positions of the subfaults' centers on the fault. In our approach,
these parameters are interpolated from a sparse grid of so‐called control points. We deﬁne two different
interpolation methods with a different system of the control points. In the ﬁrst method, we use a ﬁxed
HALLO AND GALLOVIČ
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regular grid of control points distributed over the whole fault (Figure 1c). Each “regular” control point c has
assigned values of the rake angle, rupture‐front velocity, rise time, and peak time (i.e., ϑc, v0c , τ Rc , and τ Pc ,
respectively). The value of a parameter at the ith subfault position is obtained by bilinear interpolation from
the regularly distributed control points with assigned values stored in matrix Γ. In the case of rupture‐front
velocity v0(ξ), the values in the control points are interpolated by the bilinear interpolation into a dense
ﬁnite‐difference grid used by the rupture‐front propagation solver, and then the resulting rupture
times are resampled to the subfault positions for the representation integral calculation.
For the spatial parametrization of slip Ai we use a different system of control points as it is the leading parameter. Following the idea of Causse et al. (2017), we utilize a self‐adapting parametrization with varying
number of control points where the density of the control points can vary spatially. Such parameterization
can effectively adapt to the heterogeneity of slip such as to the case of a multiple asperity source model. The
used system of control points consists of a variable number of points NΦ (called as “spline points”) arbitrarily
distributed over the fault plane (see Figure 1d). These spline points are allowed to move over the whole fault
surface during the inversion. Each “spline” control point c is assigned by a value of slip and position on the
fault (i.e., Ac, xc, and yc). Slip Ai at the ith subfault position is evaluated using biharmonic spline interpolation
(Sandwell, 1987; see Appendix A). As an optional feature, the interpolation is performed with enforced zero
slip at the fault edges; this is achieved by adding ﬁxed auxiliary spline points regularly distributed at the fault
edges with assigned zero slip (see Figure 1d). The slip on the fault is then parameterized by assigned properties of all “spline” control points stored in matrix Φ of size (NΦ × 3).
We note that other approaches can be used for the self‐adapting spatial parametrization of slip.
Nevertheless, it is advisable to use parameterization suitable for continuous and smooth functions (e.g.,
Hawkins et al., 2019). For example, Voronoi cells considered by Dettmer et al. (2014) introduce nonsmooth sharp boundaries between two neighboring cells, which may cause unexpected artifacts in this
case. A suitable alternative may be parameterization by the tree structures (Hawkins & Sambridge,
2015), which would also lead to the desirable smooth spatially varying complexity of slip on the fault.
Nevertheless, one of the advantages of our parameterization by spline points allows representing the
smooth slip distribution on a simple circular (dynamic‐like) crack by just one control point, while allowing increasing the physically signiﬁcant complexity of slip by increasing the number of spline points.
Hence, our parameterization can be considered as physically oriented, while the tree structures would
be resolvability oriented.
2.3. Forward Problem
The representation theorem in equation (2) shows straightforward relation among the synthetic displacement, GFs, and SRF on the assumed fault. For the sake of the numerical computations, the expression in
equation (2) is rewritten in the form of discrete‐time samples as





NΣ
NT
~ ϑi ;
~ r− s cos ϑ−
^ r− s cos ϑi − ϑ^ þ G
urn ¼ ΔΣ Δt ∑i¼1
∑s¼1
Δu_ is G
ni
ni

(4)

where Δt is the temporal sampling interval of SRF with NT samples in total. Indexes r and s denote temporal
~
b ni and G
~ ni, for two perpendicular rakes (b
samples of the waveforms and SRFs, respectively. The GFs, G
ϑ and ϑ)
are precomputed before the inversion for all receivers and components n, and subfaults i. Then, the nth synthetic component can be directly computed for a given set of SRFs Δu_ i and respective rake angles ϑi using
matrix multiplication.
In the inverse problem, the forward problem of equation (4) needs to be solved many times for various sets of
trial model parameters (i.e., models), deﬁned in our parameterization (see section 2.2) as vector
wN Φ ¼ ðh; vecðΓÞ; vecðΦÞÞ;

(5)

where vec(·) denote vectorization of a matrix. Vectors h and vec(Γ) have a ﬁxed size, while vec(Φ) have length
of NΦ × 3. Such model vector wN Φ fully parameterizes the spatial‐temporal rupture propagation on the fault
for a particular number of spline points NΦ. The forward problem, where synthetic waveforms on all receivers
for a given model wN Φ are predicted by equation (4), can be expressed using a forward operator g(·) as
HALLO AND GALLOVIČ
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d ¼ gðwN Φ Þ;

(6)

where vector d contains all synthetic waveforms predicted on all three‐component receivers.
To summarize, the forward computation consists of the following steps:
1. Interpolate rake, rise time, and peak time parameters from the regular ﬁxed grid stored in matrix Γ into
all subfaults.
2. Interpolate rupture‐front velocity from the regular grid stored in matrix Γ into the dense ﬁnite‐difference
grid of the eikonal solver. Evaluate rupture times assuming rupture‐front propagation from the hypocenter h. Resample the rupture times to all subfaults.
3. Perform biharmonic spline interpolation of slip from the given number of spline points NΦ stored in
matrix Φ to all the subfaults.
4. Evaluate SRFs for all the subfaults using equation (3).
5. Perform the discrete temporal convolution of SRFs and GFs and summation over subfaults following
equation (4).
2.4. Trans‐D Bayesian Inference
Following Tarantola and Valette (1982) and Tarantola (2005), we introduce an abstract n‐dimensional vector
space Rn, where each vector represents a model of the system. Such multidimensional space is called model
space, and each model is denoted by vector w, where w∈Rn. In analogy, the observed data are treated as data
vector dobs in an abstract multidimensional linear data space of dimension given by the total number of measured data. As we assume a varying number of spline points NΦ, the length of the model vector w and consequently the dimension n of its model space vary. This leads to trans‐D formulation, where the number of
dimensions of the model space is treated as an unknown parameter (e.g., Fan & Sisson, 2011; Green, 1995,
2003; Sambridge et al., 2006).
Let us assume that we have a countable collection of model states K indexed by parameter k∈K. Each model
state has respective nk‐dimensional model vector wk in its own model space, wk ∈Rnk . The union state space
X for across‐model simulations is deﬁned following Green (2003) as
X ¼ ⋃k∈K ðfk g × Rnk Þ:

(7)

Then, we aim to explore trans‐D models m = (k, wk) as an element of the union state space X (m∈X), which
can be achieved by a speciﬁc MC sampler, as explained in section 2.5.
The physical measurements dobs and models m are subject to uncertainties. In the Bayesian framework (e.g.,
Tarantola, 2005), these uncertainties are represented by multidimensional probability density functions
(PDFs). The Bayesian solution of an inverse problem is then given by the posterior (conditional) PDF on
model parameters,
pðmjdobs Þ ¼

pðmÞ pðdobs jmÞ
∫pðmÞ pðdobs jmÞ dm

;

(8)

where p(m) is a prior PDF on model parameters and p(dobs| m) is a conditional PDF of data given model m,
that is, so‐called likelihood function. Equation (8) can be rewritten for the case of trans‐D models m = (k, wk)
following Green (2003) as
pðmjdobs Þ ¼ pðk; wk jdobs Þ ¼

pðk Þ pðwk jk Þ pðdobs jk; wk Þ
∑k′∈K ∫Rnk′ pðk′Þ pðw′k′ jk′Þ pðdobs jk′; w′k′ Þ dw′k′

;

(9)

where p(k) is a prior probability on model states (number of spline points), p(wk| k) is a prior PDF on model
parameters given state k, and p(dobs| k, wk) = p(dobs| m) is the likelihood function given trans‐D model m.
The likelihood function p(dobs| m) evaluates how well the given model m describes the observed waveforms
dobs by means of a misﬁt with synthetic waveforms d predicted by equation (4). It can be expressed for
assumed Gaussian data errors (e.g., Tarantola, 2005) as
HALLO AND GALLOVIČ
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(10)

with the misﬁt function LðmÞ expressed in matrix form as
LðmÞ ¼ ðdobs − gðmÞÞT CD − 1 ðdobs − gðmÞÞ:

(11)

The Gaussian covariance matrix CD characterizes cross‐covariances of misﬁts, which can encompass
expected errors of both observed data and theory (Duputel et al., 2014). The expected errors of the measured
data and theory (i.e., uncertainties of GFs) are treated as invariant during exploration of the model space in
our approach, which is in accord with their formal deﬁnition. The covariance matrix CD can be decomposed
by Cholesky decomposition as
CD − 1 ¼ WT W;

(12)

where W is an upper triangular matrix. Substituting equation (12) into equation (11), the misﬁt function
reads
LðmÞ ¼ ðWdobs − WgðmÞÞT ðWdobs − WgðmÞÞ;

(13)

where Wdobs and Wg(m) are so‐called standardized observed and synthetic waveforms, respectively (Hallo
& Gallovič, 2016). Note that equations (10)–(13) are valid independently on the number of dimensions of the
model vector m, which inﬂuences implicitly only the forward computation by g(·). This means that model
vectors from different subspaces of X (i.e., wk ∈X and w′k′ ∈X, where k ≠ k′) that reproduce identical synthetic waveforms result in equal misﬁt to the observed data. This feature is essential for the trans‐D model
balance (see section 2.5).
Concerning the covariance matrix CD, we assume it is dominated by modeling errors of the GFs due to the
inaccuracy of the Earth crust model considered (e.g., Yagi & Fukahata, 2011). Ambient noise and instrumental artifacts are typically negligible when dealing with large events or can be avoided by station exclusion. We
include the modeling errors in covariance matrix CD following the approach by Hallo and Gallovič (2016).
They compose CD from discrete‐time samples of approximate covariance functions (ACF or SACF; see
Appendix B). These approximate covariance functions are based on consideration of possible inﬂuence of
the randomly perturbed (assumed inaccurate) velocity model on the GFs. In this work, we particularly
assume nonstationary ACFs for velocity model uncertainty 15% (for details, see Hallo & Gallovič, 2016).
In the multistation and multicomponent inversions, data covariance matrix CD has a block‐diagonal structure. The covariance matrices for each waveform are arranged along the diagonal, while the off‐diagonal
blocks are intercomponent and interstation cross‐covariance (not assumed in the present application, i.e.,
are set to zero). Finally, a station‐speciﬁc water level is added to the diagonal to stabilize the Cholesky
decomposition of the block‐structured covariance matrix. As the water level, 25% of the maximum variance
from all three station components was used.

2.5. Sampling of the Trans‐D Posterior PDF
To draw random samples from the trans‐D posterior PDF in equation (9), we utilize the reversible‐jump
Markov chain Monte Carlo (MCMC) algorithm by Green (1995, 2003). It is based on the
Metropolis‐Hastings algorithm (Hastings, 1970; Metropolis et al., 1953), which samples the posterior PDF
by a series of random steps in the model space. The used algorithm extends the Metropolis‐Hastings algorithm to cases when the model changes the state (i.e., makes trans‐D steps) within the Markov chain steps.
By such MCMC approach, model m = (k, wk) is perturbed in each MC step by creating a new (proposed)
model m′ = (k′, w′k′) with a forward step probability drawn from proposal distribution q(m′| m) within
the whole state space X. The proposed model m′ is then accepted or rejected based on the acceptance probability (Metropolis et al., 1953). Following Green (2003), the acceptance probability α(m → m′) in a general
form reads
HALLO AND GALLOVIČ
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pðk′Þ pðw′k′ jk′Þ pðdobs jm′Þ qðmjm′Þ
αðm→m′Þ ¼ min 1;
jJj ;
pðk Þ pðwk jk Þ pðdobs jmÞ qðm′jmÞ

(14)

where q(m| m′) is the proposal distribution of the reverse step (m′ → m) across X, p(k′) is a prior probability
on the proposed model state k′, p(w′k′| k′) is prior PDF on model parameters under the proposed state k′, and
p(dobs| m′) is the likelihood function of the proposed model m′. The Jacobian J is to account for the space
volume change in the transformation m → m′, and it can be omitted (it is unity) for the problem considered
in this research (see Bodin & Sambridge, 2009; Sambridge et al., 2006). Equation (14) resembles the standard
Metropolis‐Hastings acceptance probability (Hastings, 1970) and includes it as a special case when dim
({k}) = 1. The abstract meaning of the proposal distribution q from Equation (14) is overcome in the
reversible‐jump algorithm by proposing that trans‐D moves through dimension matching (see Dettmer
et al., 2010; Gallagher et al., 2009; Green, 1995, 2003; Sambridge et al., 2006).
In our particular case, each model state consists of a different number of spline points; that is, index k has the
meaning of the number of spline points NΦ, that is, ðk; wk Þ≡ðN Φ ; wN Φ Þ, where k = 1,2,3,…,kmax. The difference in the number of dimensions of two adjacent model spaces Rnk and Rnkþ1 is in our case (nk+1 − nk) = 3,
as we deﬁne every spline point by three parameters (see section 2.2). Further, the model state transitions are
considered in one Markov chain step only between neighboring model states. It can be a model state with
either one extra or one less spline point. This is so‐called birth‐death MCMC (e.g., Geyer & Moller, 1994),
and it consists of three move types that occur with probabilities jP, jB, and jD, such that
1 ¼ jP þ jB þ jD ;

(15)

where jP is the probability of a “perturb” move with no change in dimension (k′ = k), jB is the probability of
“birth” of new dimensions (i.e., creation of one arbitrarily spline point, k′ = k+1), and jD is the probability of
“death”, meaning reducing dimensions (i.e., deleting one arbitrarily spline point, k′ = k − 1). The probabilities of birth and death moves are equal, so as not to prefer either birth or death proposals. The probability of
the perturb move may be higher to let the MCMC sampler explore various parameter combinations of the
model with temporarily ﬁxed model state k. The choice of these probabilities is arbitrary (as far as
jB = jD), as it only inﬂuences the efﬁciency of the sampling algorithm and does not alter the posterior
PDF itself (see Dettmer et al., 2010; Green, 1995). We set these probabilities as jP = 0.9 and jB = jD = 0.05;
nevertheless, they can be adjusted according to the particular inversion.
Concerning the propositions of perturbations of the existing model parameters, we utilize Gaussian proposal
distribution, which is recentered after each step to the present value. Then, in the case of the perturb move,
the trans‐D MCMC behaves like a Gaussian random‐walk MCMC. In such process, the forward and reverse
steps are reversible, that is, q(m′| m) = q(m| m′). The acceptance probability αP(m → m′) for this scenario of
no change of state can be obtained from equation (14) as


pðw′k jkÞ pðdobs jm′Þ
αP ðm→m′Þ ¼ min 1;
:
pðwk jk Þ pðdobs jmÞ

(16)

The acceptance probabilities for the birth and death moves αB(m → m′) and αD(m → m′) are given in analogy to Sambridge et al. (2006) as


pðk þ 1Þ pðw′kþ1 jk þ 1Þ pðdobs jm′Þ qDkþ1
αB ðm→m′Þ ¼ min 1;
;
pðkÞ
pðwk jkÞ
pðdobs jmÞ qBk


pðk− 1Þ pðw′k− 1 jk− 1Þ pðdobs jm′Þ qBk− 1
:
αD ðm→m′Þ ¼ min 1;
pðkÞ
pðwk jkÞ
pðdobs jmÞ qDk

(17)

(18)

Here qBk and qDk are probability densities of birth or death of one spline point, respectively, which can be
expressed similarly to those in Bodin et al. (2012). In particular, we evaluate the probability density of birth
(spontaneous occurrence) of a new spline point on a random location on the fault of ﬁnite‐size xΣ × yΣ
(independent of k) and the probability of death (removal) of one arbitrary spline point from all present (k)
or all proposed (k+1).
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Further, the prior PDFs in equations (16)–(18) can be simpliﬁed assuming efﬁciently homogenous prior PDF
(i.e., a weakly informative proper prior; see Appendix C) on model parameters under the same state, that is, p
(w′k| k) = p(wk| k). Then, the prior PDF on model parameters under the state k+1, that is, p(w′k+1| k+1) is
the prior PDF at state k, that is, p(wk| k), augmented by the prior of a random occurrence of one spline point
on the fault of size xΣ × yΣ. Consequently, proposal distributions are in balance with prior PDFs on model
D

parameters, that is,

pðw′kþ1 jkþ1Þ qkþ1
pðwk jkÞ · qBk

¼ 1 and

pðw′k− 1 jk− 1Þ qBk− 1
· qD
pðwk jk Þ
k

¼ 1 (see supporting information Text S1).

Finally, for the prior probability on the model states we prescribe a reciprocal distribution, p(k) ∝ k−1, working as Occam's razor (see supporting information Figure S1a). Such distribution would result in improper
probability in R; however, it is proper (i.e., normalizable to 1) in our case of a countable collection of model
states k∈K. As a result, the birth move is penalized with increasing number of spline points, while the death
move acceptance probability increases with the number of spline points (see equations (20) and (21)). Hence,
a better value of misﬁt between data and synthetics is required to increase the number of spline points
(and thus potentially the slip complexity) in the MCMC algorithm. We want to emphasize that the number
of spline points in the posterior trans‐D models is governed by the data misﬁt and the prior probability on the
model states only. Hence, the number of spline points is independent of a particular slip distribution as far as
it reproduces the same data misﬁt.
To increase the efﬁciency of the trans‐D MCMC sampler, we apply the parallel tempering (PT) method introduced by Sambridge (2014). The PT sampling algorithm is similar to the simulated annealing method
(Kirkpatrick et al., 1983), modifying the posterior PDF by an additional parameter called temperature
γ ≥ 1. The random samples are then drawn following such modiﬁed posterior PDF assuming multiple values
of temperature γ (multiple parallel trans‐D Markov chains), while at least one chain has γ = 1 (see also
Valentová et al., 2017; Gallovič et al., 2019a & Gallovič et al., 2019b). The acceptance probabilities for perturb, birth, and death moves in equations (16)–(18) with canceled homogenous prior PDFs are then modiﬁed
as follows:

1 !
pðdobs jm0 Þ =γ
αP ðm→m ; γ Þ ¼ min 1;
;
pðdobs jmÞ
0

(19)


1 !
k
pðdobs jm′Þ =γ
;
αB ðm→m′; γ Þ ¼ min 1;
k þ 1 pðdobs jmÞ
αD ðm→m′; γ Þ ¼ min 1;

(20)


1 !
k
pðdobs jm′Þ =γ
:
k− 1 pðdobs jmÞ

(21)

Arbitrary trans‐D chains are allowed to exchange the temperatures with a probability given by a balance
condition for the swap (e.g., Sambridge, 2014). Finally, the ensemble of solutions following the posterior
PDF is formed only by random samples at temperature γ = 1, which sample the original posterior PDF.
To summarize, the utilized trans‐D MCMC algorithm with PT at each Markov chain step is as follows:
1.
2.
3.
4.

randomly selects the move type (perturb/birth spline/spline death);
randomly perturbs the current model to create a new (proposed) model;
creates a new spline point or deletes an existing spline point (birth or death moves only);
computes the forward problem and then accepts or rejects the proposed model based on the respective
acceptance probability; and
5. tries to exchange the temperature γ with another Markov chain.

3. Computational Workﬂow
We have developed Fortran90 code PSI (Parametric Slip Inversion), for application of the methodology as
described in section 2. The code includes the eikonal ﬁnite‐difference solver written in C (Podvin &
Lecomte, 1991), PT Fortran90 interface by Sambridge (2014), Fortran90 subroutine for computing covariance matrices from ACF by Hallo and Gallovič (2016), and some Fortran90 subroutines from linear
multitime‐window earthquake slip inversion (LinSlipInv) by Gallovič et al. (2015). Inputs of PSI are
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ﬁltered observed waveforms, precomputed GFs by an arbitrary method in a ﬁxed format, and settings of the
inversion. The output of PSI is an ensemble of models drawn from the posterior trans‐D PDF and log ﬁles
with the sampling progress record. PSI is parallelized using the Message Passing Interface (MPI), and it
can be run on supercomputing clusters as well as on personal computers. For the maximum performance,
each CPU core is assigned to a single MPI process (MPI node). In the case of multiple‐CPU run, one CPU
core hosts the “master” process that controls the exchanges of temperatures among “slave” processes, which
run on all other CPU cores and perform all the calculations. The PSI code workﬂow (see Figure 2) is
as follows.
First, PSI dynamically allocates the random‐access memory (RAM) on all deployed computational nodes
and read the input data. It prepares the data covariance matrix CD (blue star in Figure 2), utilizing the
method of the user's choice (ACF, SACF, or diagonal station‐constant matrix). Then, it computes standar 
b i and W·vec
dized observed waveforms Wdobs and standardized GFs for two perpendicular rakes W·vec G

G~i Þ (cyan star in Figure 2; see equation (12)). This step has a signiﬁcant impact on the efﬁciency of the code
as the inverse of the covariance matrix and the standardized waveforms do not need to be recomputed at
each Markov chain step. At the same time, we can delete the large covariance matrix and free some RAM.
The standardized waveforms are then saved to the hard drive to skip this RAM‐demanding step in case of
multiple‐CPU run (see the ﬁrst conditional operation in Figure 2).
Next, PSI creates initial source models (magenta star in Figure 2) for all “exploration” (γ > 1) and
“sampling” (γ = 1) Markov chains of the PT algorithm, independently on each of the deployed CPU.
These initial source models have assigned random model parameters b (i.e., b ¼ wlk ) drawn from uniform
or Gaussian PDFs. The distribution of the initial random models may be arbitrary (as far as it contains
randomness), as it only inﬂuences the efﬁciency of the sampling algorithm in terms of the necessary
length of the subsequent “burn‐in” phase. Nevertheless, every initial parameter has to satisfy all constraints, in particular, to lie within an interval of prescribed (physically plausible) values, that is,
B = [bmin, bmax]. If any of the initial parameters exceed their limits, then a new initial random model
is generated. The ranges are preferably set broad (input by the user) to view the prior PDF as efﬁciently
homogeneous (Appendix C), that is,
8
<

1
b
pðbÞ ¼
max − bmin
:
0

if b∈B;

(22)

otherwise:

This is so not to prefer any particular value between bmin and bmax during the model space exploration by the
random walk (i.e., weakly informative proper prior). Note that the slip distribution is initiated by a single
spline point (NΦ = 1) randomly generated on the fault surface. It ensures a simple, yet random, initial distribution of the slip.
As a next step, PSI initiates the burn‐in phase of PT (Sambridge, 2014) on all the deployed CPUs. In this
phase, various trans‐D models are explored by the Markov chains, but the model samples are excluded
from the ensemble of solutions (i.e., no model is saved). PSI performs testing of trial source models
(forward problem in equation (4); green star in Figure 2) against the observed data and accepts/rejects
them based on the Metropolis‐Hastings acceptance probabilities (equations (19)–(21); lime star in
Figure 2). The perturbed trial models (orange star in Figure 2) are proposed by a Gaussian random walk
in the model space. The utilized random walk algorithm (see Appendix C for details) ensures efﬁciently
homogeneous prior PDFs (equation (22)) within the whole range of parameter‐speciﬁc interval B = [bmin,
bmax] (see examples in the supporting information Figures S1b and S1c). However, reaching boundaries
bmin and bmax is considered as undesirable. Such a situation appears if limits of the interval B are set
as too tight or if there is too low information content in the data (data contamination by strong uncorrelated white noise, uneven station distribution, limited frequency range, etc.). Hence, these incidents are
monitored and continuously recorded in log ﬁles. We point out that this burn‐in phase is necessary
because the set of initial models does not follow the posterior PDF explicitly. The length of this phase differs for each setting, and it could be estimated by inspecting the data variance reduction, being continuously recorded in the log ﬁles.
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Figure 2. Flowchart diagram of the PSI's workﬂow. Arrows show ﬂow order, red rhomboids indicate inputs and outputs, yellow diamonds are conditional operations, yellow horizontal bars show main loops, and green rectangles represent operations or subroutines. Small colored stars are anchors for text links (see text). The
diagram shows the workﬂow on three MPI nodes (two slaves and one master) and their internode interaction.

Finally, PSI switches to the “production” phase, providing model samples drawn from the posterior trans‐D
PDF. The samples are saved by the “sampling” chains at temperature γ = 1 (red star in Figure 2). Arbitrary
Markov chains are allowed to exchange their temperatures on intra‐CPU and inter‐CPU bases (silver and
black stars in Figure 2, respectively) following the swap balance condition by Sambridge (2014). This phase
lasts as many chain steps as necessary to create a sufﬁciently representative ensemble of solutions.
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Figure 3. Settings of the synthetic SIV test Inv1. (a) Geometry of the fault (red rectangle) and station locations (blue triangles); (b) seismic wave velocities; and (c) density of the provided one‐dimensional elastic layered medium.

To complete, the saved model samples from PSI are postprocessed by a Fortran90 code. It provides statistics
(e.g., averages and occurrences in user‐speciﬁed bins), the maximum likelihood model, and the maximum a
posteriori (MAP) model estimate (see section 4.2).

4. Application to a Synthetic Test
We apply our methodology to community inversion benchmark Inv1 from the SIV project (Mai et al., 2016,
http://equake‐rc.info/SIV/). The target source model is based on a spontaneous dynamic rupture simulation
for an 80° dipping strike‐slip fault. The reference model of Mw6.6 (seismic moment ~1 × 1019 Nm) has heterogeneous initial shear stress, depth‐dependent normal stress, and smooth rupture termination. The fault
has dimensions of roughly 30–35 km along the strike and 15–20 km downdip. The synthetic surface ground
motion data at 40 sites (see Figure 3a) are provided with the nominal maximum resolved frequency of 2.5 Hz.
We perform this benchmark using only the original synthetic waveforms, fault geometry, and
one‐dimensional velocity proﬁle (Figures 3b and 3c) provided in the frame of the SIV exercise description.
4.1. Inversion Settings
We set the fault geometry following the description of the SIV test Inv1 (see Figure 3 and Table 1). The fault is
spatially discretized into 36 × 20 subfaults of size 1 × 1 km, that is, 720 subfaults in total. The strike and dip
angles are ﬁxed, while the rake angle, hypocenter position on fault, and the rupture initiation time are treated as unknowns (for details, see Table 1). The “observed” waveforms downloaded from the SIV project website were ﬁltered between 0.05 and 0.5 Hz to use frequency band as utilized in the real data inversion. The
GFs for all of the subfaults are precomputed by the discrete wavenumber method (Bouchon, 1981),

Table 1
Fault Geometry and Discretization of the SIV Test

Moment magnitude
Hypocenter depth
Fault strike/dip
Fault length/width
Rake angle
Subfault size
Number of subfaults
Regular control points

HALLO AND GALLOVIČ

Value

Notes

Mw6.6
14 km
90°/80°
36 km/20 km
180°
1 km × 1 km
720
13 × 7

Seismic moment sought during inversion
Hypocenter h sought during inversion
Fixed
Fixed
Rake ϑi sought during inversion
ΔΣ
NΣ
Regular grid (Γ) along strike × dip
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Figure 4. Statistics of the ensemble of all posterior slip models of the SIV test Inv1. (a) Histogram of standardized data variance reduction (100% = zero misﬁt of data
and synthetics); (b) histogram of scalar seismic moments; and (c) histogram of the number of spline points in the models.

considering the given one‐dimensional layered velocity model (Figures 3b and 3c). The data covariance
matrix is computed prior to the inversion following the approach of Hallo and Gallovič (2016; ACF matrix).
We performed our nonlinear slip inversion (PSI) in parallel on 120 deployed CPU cores (119 slave and 1 master processes) of Xeon supercomputing cluster IT4I. There were 30 serial Markov chains processed by each
CPU core with assigned temperatures. The utilized temperature ladder, with γ ∈ [1,50], has one sampling
(γ = 1) and 29 exploration chains with γ drawn from a log‐uniform distribution. The runtime was set to
48 hr (i.e., in total 5,760 CPU‐hours; 3,451 exploration chains; and 119 sampling chains). For each of the
3,570 chains, the length of the burn‐in and production phases were 1,000 and ~10,000 steps, respectively.
In this test, PSI was able to visit ~37,000,000 of rupture models, and it produced ~1,200,000 slip
model samples.
4.2. Inversion Results
The result of our Bayesian inversion is the ensemble of ~1,200,000 rupture models representing random
draws from the posterior trans‐D PDF. All the models in the ensemble have very high standardized data variance reduction (see Figure 4a), that is, standardized data ﬁt, and hence, all models represent viable solutions
in terms of ﬁt with the observed waveforms. For source‐scaling purposes, we deﬁne the total scalar seismic
moment M0 of the rupture models as
NΣ

M 0 ¼ ΔΣ ∑ μi Ai ;

(23)

i¼1

where μi is shear modulus at the depth of ith subfault. The histogram of the inferred scalar seismic moment
in Figure 4b has a sharp shape, being centered at 1.06 × 1019 Nm (i.e., Mw6.6). Next, the histogram of the
number of slip spline points of the ensemble models is shown in Figure 4c. The number of spline points is
a nonphysical parameter; however, it is related to the spatial complexity of the slip distribution on the fault
in our trans‐D formulation. Note that initial slip models have assigned a single spline point (NΦ = 1) randomly generated on the fault. A new model with more spline points is more likely to be accepted if it
improves the standardized data ﬁt. However, an increment of the number of spline points is penalized by
the higher dimensionality of the model space. This balancing mechanism works as an Occam's razor, where
the spatial slip distribution is as simple as possible, but not simpler then as required by the waveform ﬁts.
This is the principle of our self‐adapting inversion utilizing the trans‐D formulation of the model space
and the reciprocal distribution p(NΦ) ∝ NΦ−1 as Occam's razor (see supporting information Figure S1a).
Statistics of the ensemble of solutions are useful for the evaluation of model parameters' uncertainties in a
real data case. Nevertheless, we would like to focus here in the synthetic test on the quality of a single
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representative source model as it can be compared with the “target” (true) model. For example, we could
look at the maximum likelihood solution, that is, the model with the highest standardized data variance
reduction; see equation (10). Indeed, such a model would be representative in terms of data ﬁt, but we prefer
to inspect a representative model in terms of the posterior PDF; see equation (9). To ﬁnd an estimate of the
MAP model, we ﬁrst determine the maximum of the marginal posterior probability of the number of slip
spline points NΦ (i.e., bin “13” in Figure 4c). Note that the posterior marginal probability on NΦ is governed
solely by the data misﬁt, and it is independent of individual posterior marginal PDFs of other parameters
(see sections 2.4 and 2.5). Then, we search among the source models from this particular model space
(i.e., all models with NΦ = 13) for the model with the highest standardized data variance reduction. Such
a model is the MAP estimate as we utilized the efﬁciently homogeneous prior PDFs (assuming broad, physically acceptable values of the model parameters; see Appendix C). It is still only estimated as there is zero
probability to hit precisely the target by the random exploration of the model space.
Our MAP slip model estimate for the SIV test Inv1 has high data variance reduction of 99.1% (see the standardized data ﬁt in Figure 5), has moment magnitude Mw6.6 (seismic moment 1.07 × 1019 Nm), and consists
of 13 spline points (N MAP
¼ 13).
Φ
4.3. Comparison With the Reference Model
Here we compare the kinematic properties of our MAP model and the target model of the SIV test Inv1. The
target kinematic model was created from the reference solution (Mai et al., 2016) by resampling into our discrete grid of subfaults' size 1 × 1 km. The comparison of our MAP model and the target SIV model (used for
computation of the synthetic data in the SIV project) is shown in Figures 6 and 7. First, the spatial distribution of slip on the fault (Figure 6a) ﬁts quantitatively well with the reference (Figure 6b). The along‐strike
location of the asperity with the largest slip is also clearly resolved. The depth of the maximum slip area
of this MAP model is shallower than that in the target SIV model. This issue may be related to the similar
behavior of the standard L2‐norm based inversions, where the observation data can be explained with a
smaller amount of the slip on the shallow subfaults as they are closer to the stations on the surface.
Moreover, as this is a noise‐free synthetic test (data variance reduction ~99%), it could also be affected by
the prior PDF on the slip, which is very weak but exists (see supporting information Figure S1d). Further,
our method was able to resolve the location of the hypocenter on the fault (blue asterisk in Figure 6). The
rake angles (slip directions) of our MAP model are similar to the reference model (blue arrows in
Figure 6), especially in the high‐slip areas. Contrarily, in the zones of small slip (white zones), the rake angles
are scattered as small amplitudes of SRF suppress the inﬂuence of the rake angle on the resulting synthetic
waveforms (see equation (3)). The latter applies implicitly also on the rise time, peak time, and rupture time
values. Further, the rake angle exhibits some spatial symmetries (see Figure 6a). It is an artifact caused by
almost identical GFs for neighboring subfaults. Hence, we can produce almost identical synthetic waveforms
by using various combinations of rake angles at neighboring subfaults. Hence, it is advisable to use
slip‐weighted spatial means as a more robust representative value rather than isolated values of rake angle
(and implicitly also rise time and peak time). We want to emphasize that this behavior is a common feature
of slip inversions with spatially varying rake angle and it is not caused by our particular approach.
Figure 7 compares spatial distributions of slip rates of our MAP model (Figure 7a) and the target SIV model
(Figure 7b). We also show temporal snapshots of the slip rates (Figures 7c and 7d, respectively) and SRFs
from six selected points (Figure 7e) depicted by black stars in Figures 7a and 7b. The similarity of our
MAP slip rate solution to the target SIV model is very satisfactory, especially when we consider that the original SRFs stem from a dynamic rupture simulation (Gallovič et al., 2019a; Mai et al., 2016).
To conclude this section, our spatial‐temporal parametrization of SRFs is sufﬁcient for kinematic representation of earthquake sources, being compatible also with the basics of the rupture dynamics. Furthermore,
the algorithm for the multidimensional model space exploration can produce a MAP model estimate that
is close to the target model.

5. Application to the 2016 Mw7.1 Kumamoto Earthquake
On 16 April 2016, Kumamoto prefecture in Kyushu region, Japan, was devastated by a shallow MJMA7.3
(Mw7.1) earthquake. It generated destructive ground motions in the near‐source region, causing severe
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Figure 5. Fit of standardized “target” waveforms (black) by synthetics of the MAP model (blue) for the SIV test Inv1.
Waveforms were ﬁltered between 0.05 and 0.5 Hz before the standardization by the triangular matrix from the
Cholesky decomposition of the covariance matrix (ACF matrix). The standardized waveforms are normalized by the largest amplitude over all stations and components. Note that the black curves are almost invisible as they are overlaid by the
blue synthetics.

damage and 49 casualties. The mainshock occurred at 01:25 of Japan Standard Time (JST), that is, 28 hr after
the ﬁrst recognized foreshock of MJMA6.5, as reported by the Japan Meteorological Agency (JMA). It was followed by a series of weaker aftershocks of various locations and source mechanisms (e.g., Hallo et al., 2017;
Kato et al., 2016). In the 2016 Kumamoto sequence, seven earthquakes reached or exceeded the instrumental
intensity of lower 6 of the JMA intensity scale (0–7).
Fault slip source models for the mainshock were inverted from strong‐motion records (e.g., Asano & Iwata,
2016; Kubo, Suzuki et al., 2016; Hao et al., 2017; Kobayashi et al., 2017; Yoshida et al., 2017). The inferred
models suggest that the rupture started near the intersection of the Futagawa and Hinagu faults by
right‐lateral strike‐slip movement, with subsequent propagation to the NE along the Futagawa fault as a
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Figure 6. Comparison of the slip distribution of (a) our MAP model and (b) the target Inv1 SIV model. The slip values are
shown by color (see color bars). The rake angles (slip directions) are shown by blue arrows. The hypocenter position is
shown by the blue asterisk. The ﬁt of standardized waveforms for these MAP and target models is shown in Figure 5.

strike‐slip with a normal faulting component. Common features of these fault slip models are consistent
with ﬁeld measurements of coseismic surface ruptures and static slip models from geodetic data
(Fukahata & Hashimoto, 2016; Himematsu & Furuya, 2016). Nevertheless, detailed spatial‐temporal
distribution of slip on Futagawa and Hinagu faults may be biased due to the use of speciﬁc data, velocity
model, method, constraints, and so on. Hence, we apply our Bayesian self‐adapting fault slip inversion
with GF uncertainty (PSI code) to discern reliable features of the present slip models for this earthquake.
5.1. Fault Geometry
Following Asano and Iwata (2016), we assume a fault plane model consisting of two planar fault segments
based on surface traces of known active faults and the aftershock distribution (e.g., Kato et al., 2016). The
ﬁrst fault segment #1 is set along the Hinagu fault intersecting the hypocenter of the Mw7.1 mainshock.
The second (larger) fault segment #2 is set along the Futagawa fault spreading to NE from the intersection
of both faults (see Figure 8). The Hinagu and Futagawa fault segments are assumed to have a rectangular
shape of dimension larger than assumed by Asano and Iwata (2016) to not restrain the distance of the rupture propagation. For detailed settings of the assumed fault planes and spatial parametrization, see Table 2.
5.2. Data and Velocity Model
We use three‐component waveforms recorded at 29 stations of the K‐NET, KiK‐net, and F‐net strong‐motion
networks (Aoi et al., 2011; National Research Institute for Earth Science and Disaster Resilience [NIED],
2019a, 2019b; Okada et al., 2004) of the National Research Institute for Earth Science and Disaster
Resilience, located up to the distance of 55 km from the mainshock epicenter (see Figure 8). The stations
are selected based on distance and sufﬁcient signal‐to‐noise ratio. Few regional stations were excluded from
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Figure 7. Comparison of slip rates of the MAP model and the target Inv1 SIV model. The results are compared in terms of the spatial distribution of the peak slip
rate for (a) our MAP and (b) the target model; slip rate time snapshots for (c) our MAP and (d) the target model; and (e) slip rate functions from six selected points
depicted in panels (a) and (b) by black stars. The slip rate peaks in panels (a)–(d) are shown by color (see the common color bar). The hypocenter position is shown
by the blue asterisk.

the selection, as their waveforms contain complex signals. Nevertheless, these stations are located on the
edge of the area of interest (see gray triangles in Figure 8).
Original acceleration data (K‐NET and KiK‐net) and strong‐motion velocity data corrected for the instrument response (F‐net) are ﬁltered by a band‐pass ﬁlter at 0.05−0.5 Hz, and then they are integrated into displacements. The processed waveforms are downsampled to the sampling frequency of 2.5 Hz (0.4 s sampling
interval) to reduce computational demands. The observed data time window used in the inversion spans 0
−40 s after the origin time of the mainshock (Table 2).
We use one‐dimensional station‐dependent velocity models consisting of homogenous elastic layers for computing GFs. This way, we account for local thick near‐surface sedimentary layers that might affect waveforms in the frequency range considered (0.05−0.5 Hz; Asano & Iwata, 2009). These one‐dimensional
velocity models (Figure 9) were extracted for every used station from the three‐dimensional Japan
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Figure 8. Map of the Kumamoto area with the settings of the Mw7.1 earthquake inversion. Blue rectangles are Hinagu
(#1) and Futagawa (#2) fault segments, yellow star is JMA epicenter, and triangles show positions of stations of the K‐
NET, KiK‐net, and F‐net networks that included in (black) or excluded from (gray) the inversion. Red lines denote surface
traces of the main known active faults (e.g., Nakata & Imaizumi, 2002).

Integrated Velocity Structure Model (Koketsu et al., 2012) as velocity depth proﬁles below the particular
receiver. To complete, for the sake of the computation of the scalar seismic moment M0 in equation (23)
(i.e., for estimation of the shear modulus μi on the fault), we use a one‐dimensional velocity proﬁle derived
from the three‐dimensional velocity model at the center position of the fault.

Table 2
Geometry and Discretization of the Hinagu and Futagawa Fault Segments

a

Origin time
a
Rupture initiation
Fault strike/dip
Fault length/width
a
Rake angle
Subfault size
Number of subfaults
Regular control points

Hinagu segment #1

Futagawa segment #2

16 April 2016/01:25:06 JST
32.75°N/130.76°E/12 km
205°/72°
18 km/18 km
−160°
2 km × 2 km
81
7×7

16 April 2016/01:25:07 JST
32.79°N/130.75°E/12 km
235°/65°
34 km/18 km
−142°
2 km × 2 km
153
13 × 7

Note. The rupture process is assumed to initiate formally at each fault segment separately; hence, they have independent rupture initiation points (formally a segment‐speciﬁc hypocenter).
Initial model parameters, assumed free during inversion.

a

HALLO AND GALLOVIČ

18 of 32

Journal of Geophysical Research: Solid Earth

10.1029/2019JB018703

Figure 9. One‐dimensional station‐speciﬁc velocity models used in the inversion. (a) P wave and (b) S wave velocities of
the layered models for the individual stations (for color, see legend). These models were extracted from the
three‐dimensional Japan Integrated Velocity Structure Model (Koketsu et al., 2012).

5.3. Inversion Settings and Procedure
In section 2 we describe parametrization and inversion of slip on a single fault segment. In the case of the two
fault segments (#1 and #2), we consider the parametrization of the SRFs on each fault segment separately.
The augmented trans‐D model m, initially formulated for a single segment and then for the two‐segment
model, reads


m ¼ k #1 ; w #1 k #1 ; k #2 ; w #2 k #2 :

(24)

It does not bring any additional constraints into our inverse problem formulation, and hence, the choice of a
multiple‐segment source model is straightforwardly implemented into the default PSI code. These two segments #1 and #2 are spatially discretized into 9 × 9 and 17 × 9 subfaults, respectively, of equal size of 2 × 2
km. The strike and dip angles are ﬁxed, while the rake angles, rupture initiation point, and time are treated
as unknowns (independently for each segment). Pairs of GFs for all of the assumed subfaults and receivers
are precomputed by the discrete wavenumber method (Bouchon, 1981), considering the station‐dependent
velocity models in Figure 9. The data covariance matrix is computed before the inversion following the
approach of Hallo and Gallovič (2016; ACF matrix).
We performed our nonlinear slip inversion (PSI) in parallel on 360 deployed CPU cores (359 slave and 1
master processes) of Xeon supercomputing cluster IT4I. We used 30 serial Markov chains with the same temperature ladder settings as in the synthetic test. The runtime was set to 48 hr (i.e., in total 17,280 CPU‐hours;
10,411 exploration chains; and 359 sampling chains). For each of the 10,770 chains, the length of the burn‐in
and production phases were 3,000 and ~20,000 steps, respectively. In the runtime, PSI visited ~220,000,000
models, and it produced ~7,300,000 rupture model samples representing random draws from the
posterior PDF.
The standardized data variance reduction (i.e., standardized data ﬁt) of all models from the ensemble is in
the range of 73−79% (see the histogram in Figure 10a). The histogram of the inferred scalar seismic moment
in Figure 10b is centered at 6.5 × 1019 Nm (i.e., Mw7.1). The ensemble of solutions then suggests the seismic
moment in the range of approximately 5.6 − 7.3 × 1019 Nm (i.e., Mw7.1 to Mw7.2). Next, the histograms of the
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Figure 10. Statistics of the ensemble of all posterior slip models for the Mw7.1 Kumamoto earthquake. (a) A histogram of
standardized data variance reduction; (b) a histogram of scalar seismic moments; (c, d) are histograms of the number of
spline points describing the slip at the Hinagu (#1) and Futagawa (#2) fault segments, respectively.

total number of spline points of both fault segments are shown in Figures 10c and 10d. Those can be shown
separately because each fault segment has its independent parameterization (see equation (24)). Thus, the
resolved complexity of one fault segment is not bound to the second one. Such a feature is especially
suitable in the case when one segment is dominated over by the second in terms of the released seismic
moment. The 2016 Kumamoto mainshock is precisely such a case as the total slip on the Futagawa
segment dominates over the total slip on the Hinagu segment (e.g., Asano & Iwata, 2016). Indeed, our
statistics on the number of spline points suggest that PSI was able to resolve more complex spatial slip
distribution (described by more spline points) on the dominant, larger Futagawa segment (Figure 10d)
than on the smaller Hinagu segment (Figure 10c). We point out that the number of subfaults on the fault
is not related to the spline points. Instead, the seismic moment of the segment controls the amplitude of
the seismic waves and thus the segment's contribution to the data. The segment with weaker contribution
thus has a weaker effect on the waveform misﬁt, and thus thanks to Occam's razor, more simple slip
is preferred.
5.4. The MAP Model
The ultimate result of our Bayesian inference of the Mw7.1 Kumamoto earthquake kinematic rupture model
is the ensemble of possible models drawn from the posterior PDF. Nevertheless, we would like to focus on
the MAP model estimate ﬁrst, as it allows direct comparison with other proposed rupture models for the
2016 Kumamoto earthquake. We use the model with the highest standardized data variance reduction from
models having N Φ#1 ¼ 7 and N Φ#2 ¼ 10 (see maxima in Figures 10c and 10d) as the MAP model estimate
(see section 4.2 for details). Our MAP model has data variance reduction of 78.2% and the scalar seismic
moment of 6.8 × 1019 Nm (Mw7.15). The spatial slip distribution is shown in Figure 11a. Figures 11b and
11c show the spatial distribution of peak slip rates and slip rate snapshots, respectively.
The MAP model has hypocenter (i.e., the early rupture initiation point from our low‐frequency data) located
at the Hinagu segment at a depth of 10 km (blue asterisk on #1 in Figure 11). The rupture propagates by an
average rupture velocity of 2.5 km/s along this segment (see #1 in Figure 11c), terminating at the intersection
with the Futagawa segment. Large slip on the Hinagu segment is concentrated in the zone between the
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Figure 11. The MAP model for the Mw7.1 Kumamoto earthquake. (a) The spatial slip distribution (see slip color bar). Rake angles (slip directions) are shown by
blue arrows. (b) The spatial distribution of peak slip rate and (c) the temporal slip rate snapshots. Slip rate amplitudes are shown by color (see slip rate color bar
common to panels b and c). The segment‐speciﬁc rupture initiation points are shown on both segments #1 and #2 by blue asterisk.

hypocenter and the intersection with the Futagawa segment at a depth of approximately 8−14 km. The
inferred rupture initiation time on the Futagawa segment is delayed by 1.5 s with respect to the origin on
the Hinagu segment and is located at a depth of approximately 12.5 km close to the intersection of both
segments (blue asterisk on #2 in Figure 11). The rupture continues along the Futagawa segment upward
and to NE by an average rupture velocity of 2.8 km/s (see #2 in Figure 11c). The largest slip on the
Futagawa segment is concentrated at shallower depths of approximately 1−8 km (see #2 in Figure 11).
Eventually, the rupture terminates at shallow depths inside the Aso volcano caldera (i.e., NE edge of
segment #2). The inferred rake angles on the Hinagu segment indicate dominating right‐lateral strike‐slip
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Figure 12. Comparison of standardized observed waveforms (black) and synthetics for our MAP model (blue) of the
Mw7.1 Kumamoto earthquake. Waveforms were ﬁltered between 0.05 and 0.5 Hz before the standardization by triangular matrix from the Cholesky decomposition of the covariance matrix (ACF matrix). Variance reduction is 78.2%. In the
plot, the standardized waveforms are normalized to the largest value over all the stations and components.

shear (see #1 Figure 11a). Contrarily, the slip directions on the shallow part of the Futagawa segment have a
signiﬁcant normal‐slip component (see #2 Figure 11a).
To quantify the data ﬁt of this MAP model, we use a misﬁt function computed from the standardized residuals, that is, waveforms multiplied by the triangular matrix from the Cholesky decomposition of the data
covariance matrix (see equation (12) and Hallo & Gallovič, 2016). In such formulation, the standardization
ampliﬁes the low‐frequency part of the spectrum for stations at intermediate distances, which enhances
their weight in the inversion. Figure 12 shows the ﬁts of the standardized waveforms for our MAP model.
5.5. Ensemble Statistics
The ensemble of ~7,300,000 possible slip models allows statistical evaluation of the inferred model parameters and an assessment of the source model uncertainty. Hence, we can look critically in this section
on the MAP model as merely a single representation of the many plausible slip models.
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Figure 13. Ensemble statistics of rupture initiation of the source models for the Mw7.1 Kumamoto earthquake inferred
from low‐frequency data. (a, b) Statistics of the rupture starting point (see color bar). (c, d) Histograms of the rupture
initiation time from the reference time at 0.0 s. The statistics are created for both the Hinagu (#1) and Futagawa (#2) fault
segments. Star denotes the JMA hypocenter.

First, we evaluate the uncertainty of the rupture initiation point and time on both fault segments (Figure 13).
The rupture initiation position and time are better resolved on the larger, dominant Futagawa segment
(Figures 13a and 13c) than on the smaller Hinagu segment (Figure 13b and 13d). The initiation point on
the Futagawa segment is located at the depth of approximately 11−16 km close to the intersection of both
segments (Figure 13a), while the initiation point on the Hinagu segment is rather uncertain (especially in
its depth) as manifested by its complex marginal posterior PDF (see Figure 13b). Still, the JMA hypocenter
on the Hinagu segment is close to the higher posterior PDF on the rupture initiation as inferred from our
low‐frequency data. Next, the rupture initiation time on the Futagawa segment is distinctly delayed with
respect to the Hinagu segment (see histograms in Figures 13c and 13d). Still, the exact value of this delay
is hard to judge due to the signiﬁcant uncertainty of the rupture initiation time on the Hinagu segment.
The whole ensemble supports the rupture initiation properties as captured by the MAP model.
As observed for the MAP model, the rise time, peak time, and rake angle vary signiﬁcantly along the fault
due to their spatial trade‐offs (see also section 4.3). Hence, we use slip‐weighted spatial averages as representative values for each model from the ensemble. The slip weighting is used so that the subfaults with negligible SRF amplitudes (being thus practically unconstrained) are suppressed in the statistics. Histograms of
such weighted averages are shown in Figure 14 for both fault segments. The statistics for the Hinagu segment (#1; Figures 14a, 14c, and 14g) reveals that SRFs have an average rise time of 4.0−5.8 s, an average peak
time of 1.4−1.7 s, and an average rake angle of −180° ± 5°. For the Futagawa segment (#2; Figures 14b, 14d,
and 14h), SRFs have an average rise time of 3.6−5.2 s, an average peak time of 1.3−1.6 s, and an average rake
angle in the range from −145° to −150°. The inferred rake angles support slip model with right‐lateral strike‐
slip shear movement on the Hinagu segment and signiﬁcant normal‐slip component on the Futagawa segment, as also present in our MAP model. To complete, Figures 14e and 14f show histograms of slip‐weighted
averages of the rupture velocities for both fault segments. They are below the S wave speeds, so there is no
evidence of supershear rupture propagation along the segments.
To show the statistics and uncertainties of the spatial distribution of slip (or slip rate) in a concise graphics,
we introduce here a modiﬁed polar histogram plot and denote it as the “ring polar histogram” (RPH).
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Figure 14. Statistics from the ensemble of source models for the Mw7.1 Kumamoto earthquake plotted as histograms of
slip‐weighted spatial averages of the (a, b) rise times, (c, d) peak times, (e, f) rupture velocity, and (g, h) rake angles.
The statistics are created for the Hinagu (#1) and Futagawa (#2) fault segments individually (left and right, respectively).

The RPH is a radially symmetric polar plot (see three examples in Figure 15d) designed for graphical
representation of a random variable with spatially varying statistical properties (e.g., mean and standard
deviation). In our particular case, the radial coordinate of the RPH has the meaning of slip (or slip rate)
value on a speciﬁc subfault. The angular coordinate of RPHs has no meaning, and hence, the RPHs are
radially symmetric for better visualization. The radial coordinate is divided into several equal‐width value
bins (i.e., histogram bins) so that each bin can be represented by an equal‐width hoop of the various radii.
All hoops have assigned a color based on the occurrence of the slip (or slip rate) value within the given
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Figure 15. Ring polar histogram (RPH) plots of slip values of the Mw7.1 Kumamoto earthquake. The RPH plots of slip are shown for all subfaults distributed along
strike and dip of the (a) Futagawa (#2) and (b) Hinagu (#1) fault segments. (c) Legend to the RPH plots in (a) and (b) as all subplots share axes limits. The
segment‐speciﬁc rupture initiation points of the MAP model are shown by the blue asterisks for reference. (d) Three illustrative RPH plots (see text). The red disk
thickness has the meaning of uncertainty, and the hoop with the maximum posterior marginal probability is highlighted by black color.

bin in the solution ensemble. The hoops (i.e., bins) with occurrence exceeding the threshold of 10% of
maximum count from all bins are ﬁlled by a color (red for slip in Figure 15; blue for slip rate in Figure 16
); otherwise, the hoops are left white (transparent). Typically, the colored hoops then form a ring. This
ring shows the range of plausible values by its inner and outer margins, as captured by the whole
ensemble of solutions. The width of the compact ring in RPH shows an estimate of the uncertainty. If the
center [0, 0] of the RPH is ﬁlled by color, the plausible slip values from the ensemble also encompass zero
(Figure 15d). These RPH plots are plotted for each subfault (Figures 15a and 15b), showing the spatial
variations of the statistical properties of the slip (or slip rate) along the fault. To complete, a hoop
representing the maximum posterior marginal probability (i.e., histogram bin with maximal model count)
is painted in black (see Figure 15c).
The RPH plots of slip from our ensemble of models for the Mw7.1 Kumamoto earthquake are shown in
Figure 15. The large slip zone on the Hinagu segment (#1; Figure 15b) at a depth of 8−14 km exhibits
considerable uncertainty. Hence, the slip value can be smaller in this zone than suggested by the MAP model
(#1 in Figure 11a). On the other hand, the low slip value in the southernmost part of the Hinagu segment is a
feature supported by the whole ensemble of slip models (#1; Figure 15b). The RPH plot for the Futagawa
segment (#2; Figure 15a) shows maximum slip having values in the range of 4−8 m. The slip value is well
resolved in the central and southwestern zone (thin, large red rings), while it has signiﬁcant uncertainty
in the shallow and deep northeastern zone (very thick red rings).
Figure 16 (blue rings) shows RPH plots of peak slip rates and temporal slip rate snapshots. The latter indicates that the rupture propagation pattern, as described by the MAP model, is a well‐resolved feature consistent across the whole ensemble of solutions.
5.6. Critical Assessment of Our Slip Model and Comparison With Other Studies
Major characteristics of our MAP model and statistics from the ensemble suggest the following scenario of
the rupture process of the 2016 Mw7.1 Kumamoto earthquake. The rupture started on the Hinagu fault by
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Figure 16. Ring polar histogram (RPH) plots of slip rates of the Mw7.1 Kumamoto earthquake. The RPH plots of peak slip rates are shown for all subfaults of the (a)
Futagawa (#2) and (b) Hinagu (#1) fault segments. (c) Legend to the RPH plots as all subplots share the same axis limits. (d) RPH plots of temporal slip rate
snapshots (statistics of slip rates at a given time). The blue disk thickness has the meaning of uncertainty, and the hoop with the maximum posterior marginal
probability is highlighted by black color.

a right‐lateral strike‐slip shear movement and propagated along the Hinagu fault, reaching the intersection
of the Hinagu and Futagawa faults. The initiation point of the rupture on the Futagawa fault is located at the
intersection of both faults at the depth of approximately 11−16 km. Then the rupture propagated upward
and to NE along the Futagawa fault as a strike‐slip with a normal faulting component. The largest slip of
4−8 m took place on the Futagawa fault. The duration of the whole rupture process is estimated to be
approximately 16 s. We point out that these results are in accord with previous studies of this event
(e.g., Asano & Iwata, 2016; Kubo, Suzuki et al., 2016; Yoshida et al., 2017; Himematsu & Furuya, 2016).
The inferred scalar seismic moment of our slip models is in the range of 5.6–7.3 × 109 Nm. These values are
larger than the seismic moment obtained by Asano and Iwata (2016), that is, 4.5 × 1019 Nm (Mw7.0), or by
Yoshida et al. (2017), that is, 4.7 × 1019 Nm (Mw7.1). Nevertheless, the lower limit of our estimate is close the
scalar seismic moment obtained by Kubo, Suzuki et al. (2016), that is, 5.5 × 1019 Nm (Mw7.1). The somewhat
larger seismic moment may be caused by a larger assumed fault in our models, which would be in agreement
with Yoshida et al. (2017), who obtained seismic moment 6.7 × 1019 Nm (Mw7.2) before trimming their
slip model.
Ensemble statistics proved that the right‐lateral strike‐slip shear movement on the Hinagu fault and the
strike‐slip with a signiﬁcant normal‐slip component on the Futagawa fault are well‐resolved features of this
earthquake. Indeed, such slip directions are also presented by other authors (Asano & Iwata, 2016, Kubo,
Suzuki et al., 2016, and Yoshida et al., 2017). Further, the so‐called RPHs showing spatially varying statistical
properties of slip (Figure 15) show the following:
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• The southernmost zone of the Hinagu segment (#1) is characterized by lower slip than that on the
Futagawa segment (#2), as also inferred by the other studies.
• Our inferred solutions show high uncertainty of the slip on the Hinagu segment (#1). This is in accord
with the variability of solutions of the other authors. Asano and Iwata (2016) located a slip asperity at shallow depth, while models by Kubo, Suzuki et al. (2016) and Yoshida et al. (2017) resolved it less pronounced and located at a slightly different position on the Hinagu fault.
• The large slip asperity in the southwest and central part of the Futagawa fault (#2) is inferred with rather
low uncertainties in our inversion. Hence, it can be considered as a well‐resolved feature, being also consistently imaged by the other studies.
• We consider slip at shallow depth northeast on the Futagawa fault (#2) to be uncertain. Indeed, Asano
and Iwata (2016) and Yoshida et al. (2017) inferred only insigniﬁcant slip, while Kubo, Suzuki et al.
(2016) inferred signiﬁcant slip for this shallow zone.

6. Discussion and Conclusions
We have developed a novel Bayesian kinematic slip inversion, which can account for the uncertainty of
GFs as the dominant source of variability of the solutions. Our nonlinear slip inversion method relies on a
self‐adapting spatial parametrization of SRFs using a varying number of spline control points on the
assumed fault (e.g., Causse et al., 2017). The temporal parameterization utilizes the regularized Yoffe
function (Tinti et al., 2005). The GF uncertainties are included in our formulation using full data covariance matrices composed from approximate covariance functions introduced by Hallo and Gallovič (2016).
Triangular matrices from the Cholesky decomposition of the covariance matrices then allows working
with standardized waveforms, which reduces computational demands on solving the inverse problem.
We note that other sources of uncertainty (e.g., fault geometry as proposed by Ragon et al., 2018, 2019;
or propagation inaccuracies as addressed by Spudich et al., 2019) might be implemented in the trans‐D
formulation as well by considering the appropriate covariance matrix. Further, inference of the fault geometry might be implemented also following Shimizu et al. (2020) by assuming variable subfaults' strike
and dip angles, by dealing with GFs for ﬁve basic double‐couple components of subfaults'
moment tensors.
Our representation of the SRFs consists of a varying number of parameters, and hence, our posterior PDF on
model parameters consists of a varying number of dimensions. Hence, we utilize the multiple‐state formulation of the posterior PDF following Green (1995). The posterior PDF is then sampled by trans‐D MCMC algorithm with implemented reciprocal Occam's razor. The developed computational code utilizes very efﬁcient
PT (Sambridge, 2014) working on multiple MPI nodes so that it can be run on supercomputing clusters as
well as on personal computers. The PSI program including its source code is available under the GNU
General Public License for free for noncommercial use.
The application to synthetic SIV test Inv1 demonstrates that our spatial‐temporal parametrization of SRFs is
suitable for kinematic representation of earthquake sources, being compatible also with the basics of rupture
dynamics. Furthermore, the utilized algorithm for the multidimensional model space exploration is capable
of an effective exploration of a model space of several hundreds of dimensions. The number of dimensions of
the models is linearly related to the number of used spline control points, which is linked with the potential
spatial complexity of the slip distribution on the fault. The increase in the number of dimensions allows
obtaining more complex slip models, which is, however, penalized. Such a balance mechanism of our
self‐adapting inversion works effectively as Occam's razor, where the spatial slip distribution is as simple
as possible, but not simpler than required by the waveform ﬁts.
Our Bayesian slip inversion is applied to the destructive 2016 Mw7.1 Kumamoto, Japan, earthquake from 16
April. The fault geometry consists in this case of two separate fault segments, where slip on the larger one
dominates over the slip on the smaller segment (e.g., Asano & Iwata, 2016). We utilize the self‐adapting
mechanism separately at each fault segment (independent parameterization for both segments) to not
bound resolved spatial complexities of their slip. Indeed, our statistics of the number of spline points from
the ensemble of ~7,300,000 models suggests that we were able to resolve more complex spatial slip distribution on the dominant, larger, Futagawa segment.
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Major characteristics of our slip model and statistics from the ensemble are in accord with previous studies
(e.g., Asano & Iwata, 2016; Kubo, Suzuki et al., 2016; Yoshida et al., 2017; Himematsu & Furuya, 2016). The
rupture process of the Mw7.1 Kumamoto earthquake started on the Hinagu fault as a strike‐slip event. The
rupture crossed the intersection of the Hinagu and Futagawa faults and jumped to the second larger segment. Then, the rupture propagated upward and to NE along the Futagawa fault as a strike‐slip with a normal faulting component. Statistics from the ensemble of all models then show that the above features are
well constrained by the data. This feature is thus consistently retrieved by other researchers using other
methods. The same phenomenon also exists in big data analysis, where even a simple analysis can provide
satisfactory results if there is a huge data volume. Contrary to it, the ensemble statistics reveals that the deep
zone of a larger slip on the Hinagu fault and the shallow slip zone on the NE part of Futagawa fault are
uncertain. The latter is in agreement with the fact that these features are not consistently imaged in the other
published slip models.

Appendix A: Biharmonic Spline Interpolation
Two‐dimensional biharmonic spline interpolation (Sandwell, 1987) is used for minimum curvature smooth
interpolation of a surface from ﬁnite number Nc of irregularly spaced control (spline) points. Each spline
point c has assigned value Ac (i.e., amplitude) and position speciﬁed by coordinates (xc, yc). The interpolating
surface is then the result of a linear combination of biharmonic functions |z|2(ln|z| − 1), where |z| has the
meaning of two‐dimensional distance between interpolated and spline points.
In particular, the ith interpolated value Ai at given position (xi, yi) is given by
N

c
ϵc jzj2 ðlnjzj− 1Þ;
Ai ðx i ; yi Þ ¼ ∑c¼1

(A1)

where distance |z| is
jz j ¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðx i − x c Þ2 þ ðyi − yc Þ2 :

(A2)

The “strength” (i.e., weight) of each spline point ϵc = ϵc′ is found by solving the following linear system of
Nc equations:

c
Ac ðx c ; yc Þ ¼ ∑c0 ¼1
ϵc0 jz0 j ðlnjz0 j− 1Þ; where c ¼ 1…N c ;

2

N

(A3)

and |z′| are interspline two‐dimensional distances

jz′j ¼

qﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
ðx c − x c′ Þ2 þ ðyc − yc′ Þ2 :

(A4)

As the system in equation (A3) is linear, the values of ϵc′ can be calculated prior to the interpolation.
In our particular application to the spatial parametrization of the slip function, we allow amplitude Ac at
each spline control point c to vary arbitrarily. Subsequently, the interpolated amplitudes Ai lower than
zero are annulled as negative values of the slip are not allowed. Such an approach permits us to generate
even sharp interpolated distributions with varying spatial complexity.

Appendix B: Approximate Covariance Function
The covariance matrix of GFs can be estimated by the approach of Hallo and Gallovič (2016). They compose
covariance matrices from discrete‐time samples of approximate covariance functions f ACF
n ðt; φÞ depending
on time t and time lag φ, reading
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L

1 2
1 2
1 2
¼ ∫ un ðt− lÞun ðt þ φ− lÞdl− ∫ un ðt− lÞdl ∫ un ðt þ φ− lÞdl:
L −L
L −L
L −L
2

2

(B1)

2

Here un(t) is the nth component of observed waveforms and 0.5L (s) is maximal possible relative time shift of
synthetics and observed waveforms caused by imprecise GFs. These time shifts L, as a function of
source‐receiver distance, can be estimated from time delays caused by randomly perturbed velocity models.
Equation (B1) is easy to implement as the integrals normalized by L−1 operate as smoothing by a moving
time window of width L. For details, see Hallo and Gallovič (2016).

Appendix C: Random Walk With an Efﬁciently Homogeneous Prior PDF
Implicit or explicit prior assumptions on a model parameter b are present in all inverse problems in general.
These priors can be informative (e.g., Gaussian distribution centered at the expected value), weakly informative (e.g., homogeneous in a broad range of values), or noninformative (e.g., homogeneous in R). In our particular application, we suppress prior assumptions on model parameters by using “efﬁciently” homogeneous
prior PDFs (see equation (22)) within intervals of physically plausible values B = [bmin, bmax], where b ∈ B.
This is so not to prefer a priori any particular value between bmin and bmax (i.e., the weakly informative prior)
but to have a proper prior (i.e., to avoid the inﬁnitesimal probability).
Such prior PDF is achieved by a random exploration of the model space utilizing Gaussian (i.e., symmetric)
proposal distribution q as follows:

2 !
1
1 b0 − b
qðb jbÞ ¼ pﬃﬃﬃﬃﬃﬃ exp −
;
2
σ
σ 2π
0

(C1)

where b′ is the new proposed value and σ is the standard deviation of the size of the proposed steps b → b′.
Then, attention has to be paid to the random sampling procedure to preserve homogenous PDF on the random walker occurrence within the whole interval B. The straightforward way is to reject all models having a
proposed value b′ outside its interval B (i.e., reject the model if b′ ∉ B); however, it results in smaller efﬁciency of the random walker close to the interval edges (due to higher rejection rate). Hence, we took advantage of the symmetry of the Gaussian distribution, and we utilize the ﬁrst‐order “mirroring” of the proposal
distribution on boundaries bmin and bmax as follows:
8
0
>
< 2bmin − b
00
b ¼ 2bmax − b0
>
:
b0

if b0 < bmin;
if b0 >bmax ;

(C2)

0

if b ∈B:

We neglect higher orders of repetitive mirroring (i.e., reject the model if b′′ ∉ B) as the size of perturbation
|b ′ − b| in terms of σ is considered small with respect to B. Then, a chain of a large number of steps produce
uniformly distributed random samples drawn from B (i.e., efﬁciently homogeneous prior PDF; see
Supporting Information – Figures S1b and S1c), and it is equally efﬁcient within the whole range of B.
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