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Figure 5. (a) Asymmetry between waveform similarity and slipmap similarity, displayed as contour plot for binned normalized cross-correlation (NCC)
coefficients among pairs of models. Usually waveform similarity is larger than slipmap similarity, exceeding 0.9 for most pairs of models. We focus on
particularly problematic pairs characterized by low slipmap correlation (<0.45) but high waveform correlation (>0.9) that may introduce ambiguity into
extended fault inversion (red box). (b) Examples of slipmap pairs of ambiguous models (each row shows two pairs). All slipmaps have been normalized to
the scalar moment estimate available for the Nicoya earthquake. (c) The comparison of synthetic waveforms for the first pair of ambiguous models shows that
these very different slip patterns might be difficult to distinguish from recorded data (blue and red seismograms correspond to the left and right slipmaps,
respectively, in the first row of Fig. 4b).
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Extended fault inversion with random slipmaps 85

Figure 6. Best-fitting model from our inventory of random slipmaps corresponding to L1-fit of 0.4892 (upper left), associated source time function for
triangular slip velocity function with 3 s half-duration on each subfault and rupture speed of 2.5 km s−1 (upper right), and waveform matches between predicted
(red) and observed (black) displacement seismograms (stations sorted by azimuth from north).

the model such as the position of peak slip are well constrained, as
well as whether a substantially different slipmap would explain the
data as well.

Being based on the falsification of inappropriate slipmaps, our
inversion scheme depends on criteria to decide whether a given trial
model achieves an appropriate fit to the observations. For a sub-
stantial amount of models, using an objective misfit measure and
threshold values automatizes this decision. We use average L1-fit
to quantify similarity between seismograms. Such as any other at-
tempt to condensate the information contained in full waveform
matches into a single number, this norm is susceptible to loosing
information, but we consider it a sensible choice for extended fault
inversion. The introduction of a threshold value that classifies mod-
els into two categories—wrong or possibly right—is a distinctive
feature of Popperian inversion. We chose the threshold based on vi-
sual inspection of waveform matches for models that achieve a given
L1-norm. In our example, waveform matches with overall L1-fit of

0.4392 (5 per cent below the formally best model) are appropriate
within a reasonable amount of mismodelling at most stations, while
waveform matches with L1-fit of 0.3892 already show clear defi-
ciencies compared to the best fitting model (Fig. 7; see e.g. stations
KBS, KEV, GRFO, ADK and BILL for P-waves). The degrada-
tion of waveform matches does not affect all waveforms equally.
In particular S waves show little variability, and also for P waves
the differences appear at some stations and not at others. The first
two station panels of Fig. 7 illustrate this behaviour. While at HRV
the waveform matches are practically indistinguishable for different
average L1-fit, KBS appears much more diagnostic in order to dis-
tinguish between different rupture patterns for this earthquake. The
5 per cent misfit increase already leads to a notable mismatch of
P-wave duration compared to the best solution. On the other hand,
a 10 per cent misfit increase, besides degradation of fit at individual
stations, leads to a large asymmetry in normalized cross correla-
tions between seismogram and slipmaps, showing pairs of possible
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Figure 7. Comparison of waveform matches for models with different L1-fit values. In each station and wave-type (P or SH) panel, we show the fit of the ten
best models (L1-fit between 0.4792 and 0.4892, top), 10 models with fits of L1 ≈ 0.4392 (best model −5 per cent, centre), and 10 models with fits of L1 ≈
0.3892 (best model −10 per cent, bottom). The degradation of fits is very small for S waves, but fits are clearly different for P waves at several stations, where
the formally inferior models lead to wrong predictions of P-wave’s duration.

solutions with low similarity (Fig. 8). Then, 5 per cent misfit in-
crease, or L1-fit of 0.4392, will be chosen as threshold for falsifying
inferior trial models.

The solution set, containing 252 out of 10 000 trial models that
produce L1-fit larger than 0.4392, indicates an overall satisfactory
resolution of the extended fault inversion for the Nicoya earth-
quake (Fig. 9). All members of the solution set show a single slip
patch around the hypocentre. According to a visual inspection of

slipmaps, none of them is substantially different from the formally
best solution, with the main slip occurring in a ∼70 km × ∼50 km
large area. There is no model that suggests significant slip in other
parts of the fault, or significant rupture directivity. On the other
hand, the variations among acceptable models tell us what is not
resolved in inversion. For example, peak slip varies between 2 and
3.5 m in the solution set (Fig. 10). Variations of almost a factor
two indicate significant uncertainties for this parameter. There are
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Extended fault inversion with random slipmaps 87

Figure 8. (a) Comparison of waveform similarity and slipmap similarity for the solution set of the Nicoya earthquake. Such as in Fig. 4(a), we display a contour
plot for binned normalized cross-correlation (NCC) coefficients among pairs of possible models according to the −5 per cent threshold and −10 per cent
threshold. (b) Comparison of the ‘0’ contour lines for various thresholds: 10 formally best models, −5 per cent threshold, −10 per cent threshold as well as the
entire model space (red line) for reference.

models with more concentrated slip and larger peak slip (e.g. model
with L1-fit = 0.4744), compared to models with a broader slip
maximum (e.g. L1 = 0.4748). In some models, peak slip splits into
two relative maxima, connected by large slip close to 2 m (e.g. the
second model, L1 = 0.4859). This does not suggest a description
as separate patches, but it does indicate that the detailed topogra-
phy of the slip patch is unresolved. This is also evident from the
variability in the position of peak slip, which can be located at any
direction from the hypocentre. Further uncertainties are related to
the characteristics of peripheral slip in the model. While peripheral
slip is a priori small due to the way we construct trial models, the
distribution is highly variable among the solution set, suggesting
that slip below 1 m may belong to the null-space. Contour plots of
the slip distributions (Fig. 11) illustrate the uncertainties: The 1.5 m
slip contour appears well resolved, the 2 m contour lines confining
the slip maximum show significant variability, and the 1 m contour
lines may extend into the periphery of the slip model. Forming the
mean and the standard deviation of the solution set indicates that the
most significant uncertainties occur around the 1 m contour. Source
time functions (Fig. 11b) illustrate another insight for the Nicoya
earthquake: The best models correspond to concentrated slip, while
the misfit increases for more distributed slip that introduces delay
of the moment rate maxima.

D I S C U S S I O N

As illustrated in this study, significant differences in distributions
of earthquake slip often translate into only minor variations of tele-
seismic body waves. In terms of the inverse problem, this implies
that significant parts of the model space may correspond to similar
misfit values and cannot be resolved in the presence of data and
modelling uncertainties. Even in a linear setup, where we assume
rupture velocity and slip velocity function to be known and only the
subfault displacements have to be determined, there may exist a vast
null space. Such ambiguity is well accredited for earthquake slip
inversions and modellers are presumably aware of the instabilities.
Nevertheless we may be sceptical of the priority given to best-fitting
models produced by optimization tools (Tarantola 2006). Here we

run through a Popperian inversion scheme that accounts for the
asymmetry between data similarity and model similarity by falsify-
ing inappropriate trial models and treating all remaining models as
coequal solutions of the inverse problem. Assuming that the input
set includes all different rupture scenarios, the solution ensemble
includes all rupture models that are consistent with the observed
data within some selected level of mismodelling. Different from
Bayesian inversion, we do not assemble the results from model
testing into a posterior probability distribution. We directly reject
underperforming trial models instead of just assigning them a low
degree of plausibility. Also we do not focus on the best model,
although the identification of the formally best trial model is a by-
product in our inversion. As in any extended fault inversion, we may
expect that the best model is a rather coincidental choice among a
number of possible models with similar performance. This point of
view allows reducing the sampling density in the model space, mak-
ing the approach inexpensive from a computational point of view. In
particular, subfault Green’s functions can be computed beforehand,
and only the summation of subfault contributions and computation
of the misfit norm needs to be repeated for each trial model.

Common with other search approaches, our extended fault inver-
sion circumvents matrix inversion that has to be stabilized using for
example subjective smoothing constraints to adjust the resolution
of the model to the resolving power of the data. However, search
approaches are limited by the variety of the underlying trial models,
which also implicitly introducing a priori information into inver-
sion. Here, the construction manual for slipmaps is derived from
spectral properties of inverted fault solutions and may be affected
by all their shortcomings, including nonphysical constraints applied
in the original inversions. This circular logic is difficult to avoid in
search schemes. Random modelling will generate fields reminiscent
of earthquake slip distributions that have been seen previously, but
impose limitations towards identifying any fundamentally different
behaviour of the system. On the other hand, building on the body
of acquired knowledge allows for keeping the model space man-
ageable. Assuming von Karman power spectra with empirically
derived correlation lengths (Mai & Beroza 2002), only a few thou-
sand different earthquake slip distributions may be realized. Since
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88 J.Á. López-Comino et al.

Figure 9. Solution ensemble from Popperian inversion for the Nicoya earthquake, consisting of 252 unfalsified trial models with L1-fit ≥ 0.4392. Slip maps
are sorted according to their L1-fit (see labels), however we consider them coequal solutions of the inverse problem. Slip amplitudes are plotted using the
same colour scale as in Fig. 5. Although all solutions correspond to a single dominant slip patch near the hypocentre, the variability of the solutions indicates
that characteristics such as the exact position of peak slip, the concentration of slip, and the distribution of peripheral slip below 1 m are not resolved by the
inversion.
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Figure 9 – continued

correlation length scales with fault size, at least for the resolvable
part of the source model, the amount of trial models is almost in-
dependent of earthquake magnitude or fault discretization. For our
example, a set of 10 000 pseudo-random maps still contains many
redundancies (Fig. 1, Fig. 8) and could be condensed further. The

amount of models may increase if we choose a lower Hurst number,
increasing the roughness of slip. Hurst numbers around H = 0.75
are accredited empirically (Mai & Beroza 2002), possibly reflect-
ing the mapping of variable rupture speed, rise time, and geometric
irregularities of the fault surface onto the slip distribution. For the
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90 J.Á. López-Comino et al.

Figure 10. Comparison of peak-slip distribution for various thresholds: 10 formally best models, −5 per cent threshold and −10 per cent threshold.

data example chosen in this study, rupture models with H = 1 have
been shown capable of fitting the observations.

Popperian inversion appears sublime from a viewpoint of philo-
sophical aesthetics, but in practice it depends on difficult decisions
about the sampling of the model space as well as misfit threshold
values. As for the threshold, we have to recognize that falsification
may be probabilistic in nature. There is a contradiction between the
division of neighbouring models in the misfit ranking into wrong
and possibly true at the chosen misfit threshold, and our expectation
that the performance of these models is practically indistinguish-
able. In this sense, our yes-no scheme is a more primitive flavour of
Bayesian approaches, and the selection of the threshold is important.
A too conservative threshold causes contamination of the solution
set by inferior models, while a too restrictive threshold invalidates
the inversion scheme. There is probably no general-purpose solu-
tion to this dilemma, but on the positive side, Popperian inversion
is well suited to incorporate meaningful misfit descriptions. Since
no matrix inversion is needed, different misfit norms such as L1
and L2 can be implemented easily. Beyond that, the binary yes–no
structure of Popperian inversion allows for the use of Boolean ex-
pressions. We may implement multiple thresholds for example for
the misfit norm of data subsets, different misfit norms, or even for
an individual observation that is considered particularly relevant.
There is full flexibility in using elementary and Boolean algebra
to combine different criteria and decide if a model should be con-
sidered falsified due to its overall poor performance or due to its
failure in any specific aspect. In the sense of falsification, a model
will be rejected through logical disjunction if it fails in one or more
categories. This is particularly useful for joint inversion of different
data types, for example seismic and geodetic data. The reasonable
requisite of appropriate fit to each individual set of input data is
straightforward to implement in Popperian logic.

To keep this proof of concept simple, we assume in this study
that rupture velocity, the slip velocity function and rake values of

subfault slip are known and constant across the fault. For our real
data example, we obtain appropriate waveform fits under these as-
sumptions, justifying their introduction in order to obtain a simple
description for the Nicoya earthquake. More generally, there may
exist trade-offs between these parameters and the slip distribution,
or we may be unable to fit waveforms if the rupture is characterised
by significant heterogeneity in these parameters. Actually, rake vari-
ations would not be necessary in a model scenario of a plane fault
under uniform shear stress, and are sometimes suspicious to be the
result of imperfect forward modelling. Variations in rupture velocity
and rise time, on the other hand, are predicted by rupture dynamics.
A common way to accommodate these variations is through a multi-
ple time window scheme, where local slip histories are obtained as a
superposition of time-lagged elementary functions. This introduces
additional degrees of freedom, requiring substantial modification of
our inversion approach in order to keep computational requirements
reasonable, for example by replacing the random model generation
by a guided search in the model space. Possibly a sparse parame-
terization of the additional model parameters that describe variable
rupture speed may solve this issue, such as a search for rupture front
delays only at a few key points of the slip distribution, followed by
interpolation. Alternatively we may invoke earthquake dynamics;
not all slip distributions are physically acceptable. Setting up the
model space from dynamic rupture simulations is computationally
expensive (e.g. Peyrat & Olsen 2004; Ripperger et al. 2008), but
pseudo-dynamic slip models may represent a practicable solution.
Albeit existing epistemic uncertainty, pseudo-dynamic modelling
provides recipes for estimating rupture velocity and rise time from
local slip amplitudes and the subfault position vector (e.g. Guatteri
et al. 2004; Schmedes et al. 2010), for potential applications to
complex rupture processes without relevant computational compli-
cations.

The 2012 Nicoya earthquake turns out to show a well-behaved
slip distribution that can be easily reconstructed from teleseismic
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Figure 11. Comparison of properties of the 10 formally best trial models (left-hand column), models with L1-fit ≈ 0.4392 (the formally worst models included
in the solution set, centre column), and models with L1-fit ≈ 0.3892 (falsified models, right-hand column). The first rows compare slip contours (2, 1.5 and
1 m) for the models, showing large scatter among falsified models, and an overall consistent behaviour for members of the solution set (black reference lines:
average for the 10 formally best models, blue reference lines: average for all models above the respective threshold, red lines: 10 individual models). The same
display has been chosen for the moment rate functions (4th row). Finally, the last rows show the mean and standard deviation for the 10 formally best models,
all models with L1-fit ≥ 0.4392, and all models with L1-fit ≥ 0.3892, respectively.
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body waves. This characteristic allows formulating a hypothesis for
the source process, which may be our formally best model (Fig. 6)
or any other of the 252 trial models that form the solution set and
correspond to similar waveform fits. The set contains only simi-
lar solutions –a single centred slip patch- with minor differences.
The similarity suggests that we could still reduce the volume of
the model space, merging pairs or groups of very similar models
into a single one. The minor differences between the slipmaps are
interesting, because they relate to properties that are often picked
out in the interpretation of fault models, such as the precise location
of peak slip relative to the hypocentre. Generalizing the results for
the Nicoya earthquake, viable peak slip amplitudes may have large
limits of variation, and we may hardly obtain information about
the total extent of rupture from finite fault inversions. Small slip in
peripheric regions does not contribute significantly to the wavefield
and become invisible from a practical point of view. This affects for
example inferring the segmentation of major faults, confining seis-
mic gaps, and estimating the seismic potential of plate boundaries.
As an encouraging outcome, we did not undermine the legitimacy
of optimization approaches in the case of the Nicoya earthquake.
Proposed models (Hayes 2012; Ye et al. 2013; Yue et al. 2013; Protti
et al. 2014) are in line with the characteristics of our solution set. In
this case, previous studies certainly spent more effort on front-end
issues of the inversion, such as the selection and processing of data,
and Earth structure introduced into the forward operator. Popperian
inversion tells us what level of detail we may venture to interpret,
and warns us if inversions are not well constrained. For a solution
set revealing more substantial ambiguities, a classification of slip
maps according to any appropriate similarity or distance measure
may help us to interpret the inversion result, propose different hy-
potheses for the source process, and guide the search for additional
data that might possibly distinguish between the different scenarios.
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