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ABSTRACT
Empirical ground-motion prediction equations (GMPEs) lack a sufficient number of mea-
surements at near-source distances. Seismologists strive to supplement the missing data
by physics-based strong ground-motion modeling. Here, we build a database of ~3000
dynamic rupture scenarios, assuming a vertical strike-slip fault of 36 × 20 km embedded
in a 1D layered elastic medium and linear slip-weakening friction with heterogeneous
parameters along the fault. The database is built by a Monte Carlo procedure to follow
median and variability of Next Generation Attenuation-West2 Project GMPEs by Boore
et al. (2014) at Joyner–Boore distances 10–80 km. The synthetic events span a magnitude
range of 5.8–6.8 and have static stress drops between 5 and 40 MPa. These events are used
to simulate ground motions at near-source stations within 5 km from the fault. The syn-
thetic ground motions saturate at the near-source distances, and their variability increases
at the near stations compared to the distant ones. In the synthetic database, the within-
event and between-event variability are extracted for the near and distant stations
employing a mixed-effect model. The within-event variability is lower than its empirical
value, only weakly dependent on period, and generally larger for the near stations than
for the distant ones. The between-event variability is by 1/4 lower than its empirical value
at periods > 1 s. We show that this can be reconciled by considering epistemic error in Mw

when determining GMPEs, which is not present in the synthetic data.

KEY POINTS
• We study near-source ground motions and their variability

using ~3000 synthetic dynamic rupture scenarios.

• Although within-event variability increases in the near-
source region, between-event variability does not change.

• About 1/4 of empirical between-event variability can be

assigned to epistemic uncertainty in the Mw estimation.

INTRODUCTION
Seismic hazard assessment is primarily based on the use of
empirical ground-motion models. They predict ground-motion
intensity measures (peak motions, spectral ordinates) in terms of
their median and variability for given explanatory variables. The
usual explanatory variables are the source distance, magnitude,
and possibly other terms, such as the site effects, source proper-
ties, and so forth. The variability is typically divided into within-
event and between-event components (Strasser et al., 2009; Al
Atik et al., 2010). The between-event residuals are mean offsets
of every individual event over all stations, and thus the corre-
sponding standard deviation stems from the variability of the

gross source characteristics. The within-event residuals are then
specific at each station for each specific event.

Present ground-motion prediction equations (GMPEs) are
based on databases of observed accelerometric data from
past earthquakes. The data coverage is relatively poor at
short distances (<10 km) and for larger magnitudes (>5–6)
(see e.g., Paolucci et al., 2014). Therefore, there is a need to
supplement the missing empirical data by realistic ground-
motion modeling, assuming finite-extent earthquake sources.

To simulate the near-fault ground motions, kinematic
source description, in which slip history is prescribed at each
point on a fault, is frequently used due to its tractability (e.g.,
Gallovič, 2015; Graves and Pitarka, 2016; Vyas et al., 2016;
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Dujardin et al., 2018). Many parametric studies of the kinematic
approaches showed the strong sensitivity of the synthetic ground
motions to input parameters, such as static stress drop, rupture
velocity, nucleation point position, and so forth. Depending on
the particular setting of the kinematic models, the synthetic
ground motions may overpredict or underpredict the observed
GMPEs and their variability (e.g., Gallovič and Burjánek, 2007;
Causse and Song, 2015). Moreover, there is no guarantee that
the resulting kinematic models conform to frictional processes
governing the earthquake rupture propagation. To overcome
this drawback, the dynamic source modeling is preferred.

Because of the computational demands of the dynamic rup-
ture simulations, so-called pseudodynamic models have been
proposed (Mai et al., 2010; Mena et al., 2012; Schmedes et al.,
2013; Song, 2015). In those models, kinematic source param-
eters are generated to be compatible with the rupture dynamics
in a statistical sense and produce ground motions compatible
with those of dynamic models (Trugman and Dunham, 2014).
Crempien and Archuleta (2018) generated 1000 pseudody-
namic scenarios to resolve and analyze the within-event and
between-event variabilities. Nevertheless, the resulting pseudo-
dynamic models are still an approximation of the truly physics-
based rupture models and are affected by the a priori chosen
distributions of the parameters (e.g., stress-drop limits, limits
on rupture velocity to avoid supershear, etc.).

With the increasing computational power, dynamic rupture
modeling of one or few events has been performed to analyze
the near-fault ground motions (Guatteri et al., 2003; Aochi and
Douglas, 2006; Shi and Day, 2013; Withers, Olsen, Day, and Shi,
2019; Withers, Olsen, Shi, and Day, 2019; Ulloa and Lozos,
2020). Bydlon et al. (2019) built 10 scenarios of Mw 4.2–5.8
earthquakes with heterogeneous initial shear stress and stress
drop. Ripperger et al. (2008) dealt with 61 dynamic rupture
scenarios to primarily study the effect of source directivity.
Baumann and Dalguer (2014) assessed a database of 360 rupture
models with various mechanisms (of which 100 corresponded to
a strike slip) and with ad hoc defined dynamic parameters.
Considering only events that provided satisfactory fit to the
GMPEs, they discussed the ground motions at close distances
and showed, like Ripperger et al. (2008), that many of the events
underpredicted the GMPEs, especially at 0.5 s. The underpre-
diction of GMPEs is not observed when more complex rupture
models, for example, including fault roughness, are considered
(e.g., Shi and Day, 2013; Bydlon et al., 2019; Withers, Olsen,
Day, and Shi, 2019; Withers, Olsen, Shi, and Day, 2019).
Nevertheless, those studies inspected mainly the within-event
variability of the ground motions due to the extreme computa-
tional demands. The between-event variability from the
dynamic models thus remains largely unexplored.

Here, we expand on the studies of Baumann and Dalguer
(2014), Ripperger et al. (2008), and Guatteri et al. (2003) by cre-
ating a database of synthetic dynamic scenarios with complex
rupture propagation. In those studies, dynamic parameters

are constant or have assigned ad hoc fractal distributions.
Since the true properties of these distributions are mostly
unknown, we use a different approach: Markov chain Monte
Carlo (MCMC) sampler navigates through the space of dynamic
parameters spatially variable on the fault and produces models
compatible with empirical GMPEs at stations with distances
>10 km. The computational demands of the dynamic rupture
simulations are reduced by assuming a simple planar vertical
fault and employing a highly efficient graphical-processing-
unit-enabled (GPU) rupture simulator FD3D_TSN by
Premus et al. (2020). We assume two sets of phantom stations
around the fault. The first one is used to evaluate the statistical fit
to the prescribed GMPEs. The second configuration is used to
calculate the ground motions at distances much closer to the
fault. Thanks to the validation achieved at the far-station set, the
ground motions at near stations should represent a more real-
istic prediction than what would have been obtained from an ad
hoc set of physics-based source models. Considering the mixed-
effect statistics, we split the ground-motion variability to within-
and between-event components, and confront the distant and
near-source characteristics of the simulated ground motions
with the empirical estimates.

METHOD
Our procedure to create the synthetic event database is analo-
gous to the Bayesian dynamic source inversion by Gallovič et al.
(2019a,b, 2020). It can be summarized as follows. An MCMC
algorithm performs a random walk on the space of dynamic
model parameters to draw samples that correspond to the indi-
vidual dynamic source models. For a given trial model, a
numerical simulation is performed to obtain seismograms
on a given set of stations. The misfit between synthetic accel-
eration response spectra and GMPEs at 0.5–5 s is quantified,
and the respective dynamic model is accepted or rejected
according to the probabilistic Metropolis–Hastings criterion.
The result is represented by a large set of dynamic models
generating ground motions that statistically agree with the
adopted GMPEs.

Dynamic source modeling
Dynamic source modeling is a computationally challenging
problem andmust be carefully optimized when employed within
stochastic methods. The simulation is divided into (a) dynamic
rupture simulation on a fault using the finite-difference method,
(b) convolution of the resulting slip rates with precalculated
Green’s functions on the fault for a given set of stations.

We assume a vertical planar strike-slip fault of size 36 × 20 km
embedded in a 1D layered elastic medium (Table 1).
We assume linear slip-weakening friction law to govern the rup-
ture process. Our dynamic model is described by three dynamic
parameters (see also Gallovič et al., 2019a,b; Gallovič and
Valentová, 2020): prestress τi (above dynamic stress τd), charac-
teristic slip-weakening distanceDc, and friction drop τs − τd . The
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shear stress is assumed to be dependent on the normal stress σn
via friction coefficient, so the equivalent parameterization utilizes
friction coefficient drop μs − μd instead of the friction drop. The
normal stress is prescribed to depend linearly on depth with gra-
dient 16.2 MPa/km. We note that since we deal directly with
strength and shear stresses without examining the friction coef-
ficients, the prescribed normal stress is rather formal.We omit τd
by setting μd � τd � 0 and assume cohesion of 0.5 MPa.
The dynamic parameters are assumed heterogeneous along
the fault, being defined on a grid of control points with spacing
1.4 × 1.2 km. The relatively coarse grid spacing was chosen to
downsize the model parameter space for the MCMC sampling.

The dynamic rupture propagation is solved numerically
using FD3D_TSN by Premus et al. (2020) (see also Data and
Resources) that has been validated within Southern California
Earthquake Center benchmarks (Harris et al., 2018) and per-
forms one dynamic simulation on a GPU in several minutes. It
utilizes a fourth-order finite-difference method to solve the
elastodynamic equation on a 3D regular staggered grid with
traction-at-split node implementation of the frictional boun-
dary condition at the fault surface (Dalguer and Day, 2007).
The free surface is implemented using the stress imaging tech-
nique (Graves, 1996). Perfectly matched layers (Berenger,
1994) in a classical split formulation (Kristek et al., 2009) are
used as artificial absorbing boundaries. The computational
domain is reduced to a relatively small box surrounding the
fault (10 km normal to the fault) with a grid spacing of 100 m,
using timestep 0.002 s. Bilinear interpolation is used to evaluate
the dynamic parameters from the coarser grid of control points
to the dense finite-difference grid.

The slip rates on the fault resulting from the dynamic sim-
ulations are convolved with Green’s functions according to the
representation theorem to calculate seismograms for a given
set of phantom stations. We utilize two different station con-
figurations (see Fig. 1). The first array of 18 stations with dis-
tances 10 km apart (Fig. 1a) is used in building the event
database, as their distance from the fault is at least 10 km.
The second station configuration (Fig. 1b) consists of 22

stations 4–5 km apart with the shortest fault distance 1 km.
They are used to analyze the simulated ground motions for
distances unconstrained by the empirical GMPEs. For this sta-
tion configuration, the synthetic waveforms are calculated only
for events in the synthetic database, that is, for events with
ground motions compatible with observations on the first
set of distant stations.

For the Green’s function calculations, the same 1D layered
medium as in the dynamic simulations is assumed (Table 1).
The model originates from vertical averaging data of generic
rock model listed in Boore (2016) for the top 500 m. For
greater depths, we take averages over the 3D seismic velocity
model of the San Francisco Bay region, omitting ocean and
coastal areas (see Data and Resources). This model should

TABLE 1
1D Velocity Model Employed for Dynamic Modeling and the
Green’s Functions

Layer Top (km) VP (km/s) VS (km/s) ρ (g= cm3) QP QS

0. 2.128 0.729 2.102 170 85
0.03 2.570 1.098 2.203 170 85
0.06 2.951 1.442 2.281 170 85
0.12 3.413 1.851 2.365 200 100
0.24 3.789 2.156 2.428 260 130
0.50 4.292 2.483 2.597 370 185
1. 4.762 2.820 2.635 483 242
2. 5.325 3.158 2.672 620 310
4. 5.654 3.373 2.719 725 362
8. 6.016 3.555 2.796 809 405
16. 6.525 3.786 2.945 924 462
25. 7.602 4.322 3.252 1247 624
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Figure 1. Source–station configurations considered for the ground-motion
modeling. (a) Stations with distances >10 km used for fitting the
ground-motion prediction equations (GMPEs). (b) Stations with distances
<5 km considered for the discussion of the near-source ground motions. The
color version of this figure is available only in the electronic edition.
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ensure consistency between the simulations and the empirical
GMPEs used for model appraisal. To avoid on-the-fly calcu-
lations, the Green’s functions are precalculated using the dis-
crete wavenumber method (Axitra, Bouchon, 1981). We find it
sufficient to employ Green’s functions with the point-source
spacing of 200 m, assuming the maximum frequency of the
resulting waveforms is 5 Hz.

Monte Carlo sampling
The spatial distributions of the dynamic parameters are
determined by an MCMC approach following (Gallovič and
Valentová, 2020). A random walk is performed in the dynamic
model parameter space. In each control point the three
dynamic parameters (prestress, friction drop, and slip-weaken-
ing distance) are perturbed assuming lognormal proposal dis-
tribution, which is suitable for sampling of nonnegative
dynamic parameters. We point out that the choice of the pro-
posal distribution does not affect the resulting sampling in a
statistical sense.

The newly proposed model would nucleate wherever the
initial stress exceeds the yield stress. We note that we do not
apply any additional nucleation patch, the nucleation is con-
trolled completely by the random sampling algorithm. This
could lead to unwanted features, for example, multiple nucleat-
ing regions that are distant on the fault, extremely overstressed
nucleation areas, or no nucleation at all. Therefore, we pre-
scribe several a priori conditions to reduce the visited dynamic
models to viable ones. The proposed model is discarded if any
of the following constraints are violated:

1. Parameters are within predefined bounds (τi < 1 GPa,
μs < 1:1, and Dc in range 0.15–5.15 m).

2. Nucleation area is spatially confined (radius of all nuclea-
tion points from their barycenter is <3 km).

3. Mean overstress in the nucleation area is <1 MPa.
4. Events have moment magnitude >5.8 (to ensure that the

ruptured patch is larger than the grid step of the dynamic
model control points, 1.4 km).

5. Rupture is confined within the considered fault and finishes
by the end of the simulation time (20 s).

The nucleation conditions aim to minimize the effect of
nucleation on the rupture process so that the rupture is gov-
erned by spatial distribution of dynamic parameters. Except for
the conditions on the nucleation, the a priori conditions are
rather formal, so the parameter bounds are chosen large enough
to cover the values found in literature (e.g., Fukuyama and
Mikumo, 2007; Cocco et al., 2009; Tinti et al., 2009), or they
result from our numerical limitations (e.g., minimum Dc).

The proposed models that pass these constraints are further
assessed by their fit to the GMPEs. From the synthetic wave-
forms calculated for the set of stations with distances larger
than 10 km from the fault, we evaluate 5%-damped spectral

accelerations (SAs) at periods 0.5–5 s and estimate the
RotD50 measure (Boore, 2010) from the two horizontal SAs
following the definition of the selected GMPEs (Boore et al.,
2014). Joyner–Boore distance RJB, that is, the shortest distance
to surface projection of the rupture, is employed. Although the
fault plane is vertical, the exact RJB value is calculated by
projecting only the ruptured part of the fault to the surface.

Misfit between the natural logarithms of the RotD50 of the
SAs, denoted as y, and the corresponding GMPE prediction
yGMPE is defined as follows:

EQ-TARGET;temp:intralink-;df1;320;614S � 1
2
�y − yGMPE�TC−1�y − yGMPE�; �1�

in which C is the covariance matrix of a Gaussian mixed-effect
model of residuals as assumed in Boore et al. (2014). According
to Abrahamson and Youngs (1992), the covariance matrix for
the mixed model of a single event is C � ϕ2l� τ21, with τ2

being the between-event variance and ϕ2 corresponding to
the within-event variance. l is an identity matrix, and 1 is an
all-ones matrix, both of size N × N , in which N is the number
of stations. The inverse of C is analytically expressed as

C−1 � 1
ϕ2
l − τ2

ϕ2�ϕ2�Nτ2� 1 (adopted from Abrahamson and

Youngs, 1992). The misfit appraising the synthetic event with
respect to the GMPE thus reads

EQ-TARGET;temp:intralink-;df2;320;415S � 1
2ϕ2

X
�yj − yGMPE

j �2 − τ2N2

2ϕ2�ϕ2 � Nτ2�Δy
2
; �2�

in which Δy � 1
N

P�yj − yGMPE
j � is the mean residual of the

event. The first term in equation (2) corresponds to the mini-
mization of the within-event residuals with variance ϕ2, whereas
the second term balances the misfit for the mean event
offset assuming variance τ2. Here, the period-dependent values
of τ and ϕ are adopted from the GMPE model of Boore
et al. (2014).

The proposed model is either accepted or rejected based on
the Metropolis–Hastings acceptance probability min�1; eα�, in
which α is the difference between the misfits of the new and old
models (Sambridge and Mosegaard, 2002). After that a next
model is proposed, and the process is restarted. The scheme
of the MCMC sampling procedure is shown in Figure 2. To
make the sampling more efficient, we employ the parallel tem-
pering algorithm (Sambridge, 2013; Gallovič and Valentová,
2020). The method is similar to the better-known simulated
annealing, in which the misfit is modified by a parameter called
temperature T , S′�T� � S=T . The model space is sampled
simultaneously by several chains with different T . Chains with
low T concentrate around the optimal values, whereas high-T
chains ensure larger variability in the sampled models. The
algorithm enables model switching between the chains. Only
chains with T � 1 correspond to the original misfit and are,
therefore, used to generate the database.
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RESULTS
Dynamic source model database
The resulting synthetic event database consists of almost 3000
dynamic models of different sizes within the magnitude range
Mw 5.8–6.8. Figure 3 shows distribution of misfit (equation 2),
moment magnitude, slip-weighted mean static stress drop,
mean rupture velocity, radiation efficiency, and ratio of radi-
ated energy to scalar moment M0. All these parameters are
derived directly from the dynamic simulations (for the exact
definitions see, e.g., Kanamori and Brodsky, 2004; Ripperger
et al., 2007; Noda et al., 2013; Gallovič et al., 2019b). The light
color highlights the distribution of the events with Mw > 6:5.

The distribution of the moment magnitudes exhibits a
decreasing trend with increasing magnitudes, with more than
50 events of Mw ∼ 6:6. We note that we did not prescribe any
target magnitude distribution, suggesting that the preference of
smaller events results only from the sampling process. Indeed,
the largest events require an opportune setting of the dynamic
parameters over larger distances on the fault, which is difficult
to achieve by random sampling of the a priori uncorrelated
dynamic parameters. On the other hand, a nonuniform mag-
nitude distribution is also present in real data but due to the
Gutenberg–Richter law.

The distribution of mean rupture velocity peaks between 2
and 2.5 km/s, but there are also events with very slow and

supershear mean rupture velocities present (i.e., above
3.55 km/s). Most of the supershear ruptures are small (below
Mw 6), and thus the supershear velocities are not sustained
over large distances on the fault. The distribution of the mean
rupture velocity or stress drop of the large events tends to lower
values. The synthetic events agree with the real ones also in the
energy budget, for example, fracture energy ∼1 × 1015 J (not
shown here), radiation efficiency peaks around 0.2, radiated-
energy-to-moment ratio peaks at 2–4 × 10−5.

The mean static stress drop ranges between 5 and 40 MPa,
corresponding to variability ~0.28 in log units (Fig. 3).
Following Gallovič and Valentová (2020), we estimated rup-
ture durations and corner frequencies from the moment rates
and their spectra, and translated them to the seismological
stress-drop estimate using Brune’s source model. The Brune
stress-drop values are in the range of 0.3–30 MPa with the
standard deviation of ~0.9 (in natural logarithm). The empiri-
cal variability is usually 1.4–1.7 (e.g., Cotton et al., 2013), but
this value is overestimated due to large epistemic uncertainty.
Courboulex et al. (2016) estimated the Brune stress drop using
source time functions determined by the SCARDEC method
(Vallée and Douet, 2016) and were able to reduce the variabil-
ity to 1.13, which is much closer to out value. The smaller vari-
ability in our database can be assigned to the precise knowledge
of the moment rates for the synthetic events, which cannot be
achieved with real data.

Figure 4 shows slip contours and nucleation barycenters on
the fault plane for all synthetic models. The spread of the slip
contours suggests large variability of the rupture sizes. The
nucleation barycenters spread over 10 km along the fault. The
MCMC approach preferably generates models close to the pre-
vious one and thus seems not to be very efficient in shifting the
nucleation along the fault. This is mainly due to the a priori
constraints on the nucleation, which are prescribed to minimize
the effect of the nucleation on the rupture propagation.
Nevertheless, the database comprises both unilateral and bilat-
eral ruptures, and since the station distance is calculated from
the ruptured part of the fault, we consider the source model vari-
ability representative. There are just a few surface-rupturing
events. Either they generate ground motions that are not com-
patible with the prescribed GMPEs (and are thus discarded fol-
lowing the Metropolis–Hastings criterion) or they require a
specific setup (e.g., large fracture energy well-balanced with pre-
stress and strength, Mai et al., 2006, and/or shallow hypocenter,
Sassi et al., submitted to this special issue of BSSA), which is
difficult to encounter during the random sampling process.

To illustrate the level of rupture complexity in the synthetic
database, we show an example of an Mw 6.4 event in Figure 5.
Figure 5a shows the distribution of the dynamic model param-
eters on the fault together with the distribution of slip, static
stress drop, and rupture velocity. For this particular model,
the near-surface areas of the fault show an increased Dc value,
which prevents the surface rupture. In the deeper parts, the

Modify dynamic 
parameters following 

proposal PDF

Do the model parameters 
satisfy constraints?

Parameter constraints:
Parameter bounds
Patch-like nucleation
Nucl. overstress < 1 MPa

Run dynamic rupture 
simulation

YES
NO

Does the rupture model 
satisfy constraints?

NO

SA at 10 periods
between 0.5 - 5 s

Calculate waveforms and 
evaluate misfit. Does it 
pass the M-H criterion?
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Figure 2. Scheme describing the sampling of the dynamic rupture models by
our Markov chain Monte Carlo (MCMC) method constrained by the pre-
scribed GMPEs.
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rupture does not propagate further due to the large strength. The
rupture propagation is shown by slip-rate snapshots at 1 s inter-
vals in Figure 5b. The rupture first propagates from its nucle-
ation down-dip, and then evolves into a rather bilateral rupture,
and, finally, it ruptures the upper part. The complex rupture
evolution results from the heterogeneity of the dynamic param-
eters. The shortest wavelength of the spatial heterogeneity of the
kinematic parameters and in the rupture propagation is dictated
by the step size of the control points (~1.3 km).

Figure 6 shows acceleration
waveforms generated by the
synthetic event example of
Figure 5 for selected stations
at distances both far (Fig. 6a)
and near (Fig. 6b) the fault.
At near stations, the waveform
shapes are relatively simple,
with peak values reaching
∼6 m=s2. At the more distant
stations, the waveforms
become more complex.

Synthetic ground motions
Figure 7 shows the distribution
of all synthetics according to
the Joyner–Boore distance RJB

and moment magnitude Mw

for both near and far-station
configurations. A few gaps
for the far stations (Fig. 7a)
are related to the station align-
ment and the definition of the
Joyner–Boore distance when
using a vertical fault, because
it tends to group the stations

with a similar distance from the fault. The magnitude–distance
distribution of the near stations (Fig. 7b) is almost perfect espe-
cially for distances <15 km. When combined, the distances 1–
30 km are covered ideally, especially when compared with real
data distribution.

Figure 8 shows the distribution of RotD50 measure at
four selected periods for all stations and all events scaled to
Mw 6.5 (the values are divided by the GMPE prediction for
the actual Mw and multiplied by the GMPE prediction for
Mw 6.5). In addition, the data were binned every 10 km,
and their mean and standard deviation are shown for all-mag-
nitude events and also for events of Mw > 6:5 (see also distri-
butions in Fig. 3). The median and standard deviation of the
corresponding GMPE are also shown. Let us first discuss far
stations that were employed in constraining the event database.
The ground-motion measures agree well with the GMPEs at
periods down to 1 s. At lower periods, the spectral content of
the synthetics seems rather underestimated, although some sce-
narios have the high-frequency radiation strong enough.

Figure 8 also shows SAs for near-source stations that were
not used to constrain the source database. They are generally
in agreement with the GMPEs (although, strictly speaking,
the empirical GMPEs are rather extrapolations of the measured
data in the short-distance range). At a closer look, the synthetic
ground motions flatten (saturate) with decreasing distance at all
periods. Moreover, the scatter increases at short distances. We
also observe larger SAs for larger events at very short distances.
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We analyze the residuals between the synthetics and the
GMPEs assuming a mixed-effect model, as was performed for
the empirical Next Generation Attenuation-West2 Project data
in Boore et al. (2014). Residual Rij between natural logarithms
of RotD50 of SA of the synthetic seismogram and the

corresponding GMPE predic-
tion for event i and station j,
that is, Rij � yij − yGMPE

ij , can
be decomposed to

EQ-TARGET;temp:intralink-;df3;433;692Rij � C � ηi � εij: �3�

Coefficient C describes the
mean offset between the syn-
thetic dataset and the GMPE
prediction (also called bias or
intercept in the mixed-effect
terminology). Between-event
residual is represented by ηi,
corresponding to the mean off-
set over all stations of the ith
event. Term εij accounts for
the so-called within-event vari-
ability and corresponds to the
residual difference of the syn-
thetic SA measurement at sta-
tion j for event i. Random
variables ηi and εij are assumed
to have a normal distribution
with zero mean and standard
deviations τ and ϕ, respectively.
They are assumed independent,
so the total standard deviation
is given as σ �

����������������
ϕ2 � τ2

p
.

The analysis was performed
using linear mixed-effect mod-
ule within Python package for
statistical analysis Statsmodel
(Seabold and Perktold, 2010,
see also Data and Resources).

Figure 9 shows offset (bias)
and standard deviations corre-
sponding to the total, between-
event, and within-event resid-
uals as a function of period
for both station configurations
and also their combination.
The offset is close to zero for
longer periods when all sta-
tions are considered. At almost
all periods, there is a systematic
difference of up to 30%
between the offsets for the near

and far stations. This is related to the distance saturation
already seen in Figure 8 due to the burial depth of the rupture,
which is not accounted for in the RJB distance definition and is
negligible for larger distances. The offset at all periods and both
station sets is smaller than the total standard deviation (Fig. 9).
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Regarding the residuals variability, the standard deviations
of the between-event and within-event residuals are smaller
than those of the GMPEs, except at shortest periods
(Fig. 9). The between-event standard deviation is up to 2×
smaller than the within-event one. This agrees with the
adopted GMPEs and with simulations by other authors

(Crempien and Archuleta,
2018). The total variability is
then controlled primarily by
the within-event variability.

The between-event variabil-
ity is the same for both station
configurations (and also their
combination) at longer periods
(above 2 s), indicating that the
variability at longer periods
due to the mean source param-
eters is perceived equally by all
stations. For the near stations,
the within-event variability is
larger compared to the distant
ones for all periods.

DISCUSSION
Limitations of the
scenario database
Our database is limited by
various a priori assumptions
and conditions, resulting
mainly from the computational
demands. The fault size caps
the maximum magnitudes to
~7. The fault geometry is con-
sidered planar and vertical,
thus missing geometrical com-
plexities at both small scale
(fault roughness) and large
scale (segmentation, stepovers,
listricity, etc.).

As a result of the limited
sampling, our scenarios include
only a small amount of surface
ruptures. Although these are
not prevalent in the empirical
data, they are associated
with specific ground motions
(Kagawa et al., 2004).
Furthermore, because the
dynamic parameters explored
by the random approach are
spatially uncorrelated, smooth
distributions leading to coher-
ent rupture fronts with (locally)

constant rupture velocities or stress drops are less likely, and thus
are missing in the database. This also affects the distribution of
the events’ size, making smaller events more frequent than large
ones. To tackle this deficiency, one may prescribe the distribu-
tions of the dynamic parameters with a specific spectral decay
(e.g., k−1 following Andrews, 1980) or penalize heterogeneity
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Figure 6. Acceleration waveforms for the scenario example of Figure 5. The time axis lengths for the (a) far and
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by adding an appropriate term in the misfit to favor smoother
models.

One of the apparent issues in our database is expressed by the
negative offsets (up to ~40% smaller median than the GMPEs) at
the shortest periods for both near and far stations (Fig. 9a). This
indicates depletion of the high-frequency spectral content in the
synthetics, although there are scenarios with strong enough high-
frequency radiation present. The depletion of high-frequencies
originates in the source, as shown by moment rate spectra for
selected magnitude ranges, (6.0 ± 0.1) and (6.6 ± 0.1), in
Figure 10. When compared against the Brune source spectrum
(Brune, 1970), their root-mean-square (rms) spectra show dis-
tinctively steeper than f −2 decay above 2 Hz.

The amount of the high-frequency radiation is related to the
stress, frictional, and geometrical complexity of the dynamic
model. Dynamic ruptures with smooth distributions of dynamic

parameters are characterized by
more coherent rupture propaga-
tion and steeper than omega-
square decay above the corner
frequency (Madariaga, 1979).
Despite the apparently complex
rupture propagation of our sce-
narios and the heterogeneity of
the dynamic parameters (see,
e.g., Fig. 5), the models seem still
not heterogeneous enough. This
can be caused by a coarse spatial
grid for the dynamic parameters
(1.4 × 1.2 km), which corre-
sponds to the wavelength at
2 Hz. However, to calculate
SAs at 2 Hz one needs to model
the wavefield up to ~5 Hz, for
which the grid should be even
finer. In addition, in our models
we omit geometrical fault com-
plexity. Shi and Day (2013) and
Withers, Olsen, Day, and Shi
(2019) demonstrated that
dynamic rupture models on
rough faults generally do not
show underprediction of the
GMPEs at high frequencies.
Another limitation might come
from the lower limit on Dc

value, which is set to 0.15 m
for numerical reasons. Guatteri
and Spudich (2000) showed that
decreasing the Dc value leads
to sharpening of the slip-rate
functions and amplification of
high-frequency ground motions

especially at near stations. To test these hypotheses, the simula-
tions would be far more computationally intense, and thus we
leave it for future studies.

Although the synthetic database contains a large number of
events, the limitations in our model and in the sampling proc-
ess somewhat reduce the resulting variability of the synthetic
events. Still, thanks to the large number of events, we properly
separate the between-event and within-event variability from
our database consistently with the GMPE derivation. We bear
in mind all those limitations when drawing conclusions
regarding the ground-motion variability in the next sections.

Within-event variability
The within-event variability corresponds to the differences
in ground-motion intensity measures recorded at different
stations regarding the specific event. Therefore, a part of the
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within-event variability always stems from those source effects
that impact the ground motions unevenly (e.g., directivity,
proximity of a large slip patch, etc.).

While we considered a relatively simple 1D velocity model,
our within-event variability comes primarily from the source.
This explains the lower variability at the large distances than
the short ones, in which the source features have stronger
effects. Such distance dependence of the within-event variabil-
ity was already shown in other studies (Guatteri et al., 2003;
Aochi and Douglas, 2006; Ripperger et al., 2008; Vyas et al.,
2016; Dujardin et al., 2018).

Our within-event standard deviation is significantly lower
than its empirical counterpart. We checked that this underes-
timation is not related to the station configurations by adding
more stations (not shown here). Withers, Olsen, Shi, and Day
(2019) showed that increasing the complexity of the velocity
model (3D features including random scattering) destructs
the large SAs linked with spatially coherent waves, and, con-
sequently, decreases the within-event variability at the distant
stations. The underestimation of the within-event variability
may be related to significant site effects, which are present in
real data but are lacking in our simulations. Moreover, the
within-event variability may be reduced compared to the
empirical one due to absence of epistemic errors (such as
improper distance measurement, imperfect site response
amplification due to improper or even missing site classifica-
tion, etc.), which are not present in our synthetic models.

Between-event variability
Despite the rather large variability of the dynamic source sce-
narios (mean stress drop in range 5–40 MPa, rupture velocity
1.5–4 km/s), the between-event variability at long periods
is smaller than the empirical value of the adopted GMPEs
(Fig. 9c). With the increasing number of models during the
random sampling, the convergence toward the target between-
event variability ceased. We note that the synthetic events are

not only constrained by the GMPEs but also by our dynamic
rupture simulations (e.g., friction law, vertical strike-slip fault,
the same velocity medium for all events). This can further
reduce the between-event variability. Crempien and Archuleta
(2018) obtained similarly smaller values of the between-event
variability in their pseudodynamic simulations.

Although we cannot rule out that the relatively small
between-event variability at long periods comes from the insuf-
ficient variability of the scenarios in the database (e.g., small
spread of nucleation barycenters, lower variability in Brune
stress drop), we propose an alternative explanation. In the
empirical data the epistemic variability is always present,
whereas all source parameters are known exactly in our data-
base. In a simple test, we randomly modify the Mw values of
all the events in the synthetic database, assuming standard
deviation of 0.1 (in magnitude units), which corresponds to
common uncertainty of the magnitude determination. The
GMPE predictions are evaluated considering the perturbed
magnitude, and the residuals are recalculated. The within-
event variability is unaffected by the Mw error by definition.
Contrarily, the between-event variability changes significantly,
as shown in Figure 11. The standard deviation at periods >1 s
becomes closer to the empirical value. The between-event vari-
ability at short periods remains almost unchanged for this level
ofMw variations. To conclude, to correctly model the between-
event variability with the synthetic (dynamic or kinematic)
scenarios, one should consider the epistemic variability of the
Mw estimation in the original database that was used for the
GMPEs derivation.
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The increase of the between-event variability with decreas-
ing period is steeper for the near-source region and almost
reaches the within-event variability value. We hypothesize that
this is caused by the smoothness of the rupture at short scales
and insufficient high-frequency radiation, which is also seen as
negative offset at short periods in Figure 9. The stations locally
experience coherent wavefield at short periods due to the spa-
tial correlation of the rupture process at short scales originating

from the coarse discretization of the dynamic parameters. The
synthetic ground motions at high frequencies thus do not cor-
respond to the ones prescribed by the GMPEs. Systematically
underestimated SAs result in the negative offset of the residuals
and increased between-event variability. The additional
random perturbations in Mw in Figure 11 are less important
and thus have a much smaller effect than the systematic error.

Trends in synthetic residuals
We have analyzed possible trends in the residuals with respect
to the GMPEs for periods 1, 2, and 5 s. For this analysis, the
modified equation (3) takes form

EQ-TARGET;temp:intralink-;df4;320;588Rij � C1 � AkXijk � ηi � εij; �4�

in which C1 corresponds to the modified offset with respect to
the linear model, vector Xijk contains the explanatory variables
indexed k, and Ak forms the vector of their coefficients. We
consider several explanatory variables: rupture distance, rup-
ture velocity, and mean stress drop. Coefficients Ak are found
by linear mixed-effect modeling using Statsmodel.

The far-station residuals show no significant dependence on
RJB (Fig. 12a). For the near-source stations (Fig. 12b), very clear
correlation can be found between the residuals and RJB at all
periods, resulting from the distance saturation of the synthetic
data (Ripperger et al., 2008; Baumann and Dalguer, 2014).
Removal of this dependency would significantly decrease the
within-event variability.

We see positive correlations
of the far-station residuals with
stress drop and with rupture
velocity (Fig. 12a), as already
observed in dynamic (Baumann
and Dalguer, 2014) and kin-
ematic (Causse and Song,
2015; Del Gaudio et al., 2018)
simulations. Moreover, their
effect is almost statistically
independent. If these linear
trends are subtracted from the
residuals, the between-event
standard deviation reduces to
approximately 2/3 of its original
value. Coefficients Ak of the lin-
ear trends change with period,
but the trend is generally pre-
served for far stations.

For near stations, correlation
of the residuals with the mean
rupture velocity is present at
all periods for near stations
(Fig. 12b). Correlation with
the stress drop for near stations
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decreases with decreasing period. However, compared to the
distant stations, the near-source coefficients of the linear model
are much lower. This indicates stronger sensitivity of the near-
source data to local values of the stress drop rather than to the
mean values.

We admit that a comprehensive analysis on the effects of
dynamic rupture parameters on the within-event and between-
event variability (e.g., employing clustering tools) would be
beneficial. Because it is out of the scope of the present article,
it is left for future studies for which our database is at disposal
upon request.

CONCLUSIONS
We have built a synthetic database of ~3000 dynamic rupture
models with spatially variable dynamic parameters (prestress,
strength, slip-weakening distance). The events are constrained
by GMPEs in terms of median, between-event, and within-
event variability at Joyner–Boore distances RJB > 10 km. The
moment magnitude range of the synthetic models is 5.8–6.8,
the average stress drop is within 5–40 MPa, and mean rupture
velocity ranges between 1.5 and 4 km/s. The ruptures include
both unilateral and bilateral propagation, and are very complex
with locally highly variable stress drop and rupture velocity.
Brune stress drop calculated from the moment rate spectra
varies between 0.3 and 30 MPa.

We analyzed the ground motions at short rupture distances
and split their variability among the between- and within-event
variability, considering the mixed-effect statistical model. In
agreement with other studies, the synthetics exhibit a clear sat-
uration with distance and underestimate the GMPEs at short
periods. The ratio of the between-event and within-event stan-
dard deviations is about 1/2, which is also in agreement with
the GMPEs.

The within-event variability is smaller than the empirical
one at far and near stations. However, it increases at near sta-
tions for long periods almost to double the value. Because we
do not assume any media complexity, we assign this to the
stronger effects of the small-scale source properties closer to
fault. We hypothesize that in case of no epistemic uncertainties
(i.e., perfect knowledge of site responses, rupture distances,
etc.) in the derivation of the GMPEs, the empirical within-
event variability would be closer to our synthetic value.

Despite the large number of events and the strong variability
in the dynamic scenarios (e.g., mean rupture velocity 1.5–4 km/
s, mean stress drop 5–40 MPa, Brune stress drop 0.3–30 MPa),
our between-event variability at periods >1 s is about 3/4 of the
empirical one. We show that the remainder of the between-
event variability can be assigned to the epistemic error of the
magnitude estimation in empirical data analysis.

The between-event variability increases at periods <1 s
above its empirical counterpart, which is more pronounced
at near stations. We assign this to the underestimation of
ground motions at high frequencies that results in both

negative offset and increased between-event variability. The
depletion in high-frequency content is connected to the source
radiation showing steeper than f −2 spectral decay above 2 Hz.
This stems from the insufficient small-scale complexity of the
rupture model related to, for example, too coarse discretization
of the dynamic parameters or missing fault roughness.

The present study highlights further challenges in the
dynamic rupture simulations for physics-based ground-motion
modeling in seismic hazard assessment. The databases of the
synthetic rupture scenarios should correctly simulate ground
motions in the full frequency range (with undepleted high-fre-
quency source radiation, 3D velocity model and site effects, etc.)
and recover their mean values, within-event and between-event
variability taking epistemic uncertainty into account. Only then,
may they be combined with empirical ground-motion data to
build GMPEs that would be well constrained in full distance
range.

DATA AND RESOURCES
The forward solver FD3D_TSN is available at https://github.com/
JanPremus/fd3d_TSN. The Markov chain Monte Carlo (MCMC) inverse
solver fd3d_tsn_pt is available at https://github.com/fgallovic/fd3d_tsn_pt.
The 3D seismic velocity model of San Francisco Bay region is available
at https://www.usgs.gov/natural-hazards/earthquake-hazards/science/3-d-
geologic-and-seismic-velocity-models-san-francisco. Python package for
statistical modeling is found at www.statsmodels.org. Programs for evalu-
ating ground-motion prediction equations (GMPEs) are available at
http://www.daveboore.com/software_online.html. Parallel tempering algo-
rithm is available at http://www.iearth.org.au/codes/ParallelTempering/.
All websites were last accessed in July 2021.
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