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of earthquake slip distributions from point
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Geophysics Department, School of Environmental Sciences, University of Ulster, Coleraine, UK

Abstract Examining fault activity over several earthquake cycles is necessary for long-term modeling of
the fault strain budget and stress state. While this requires knowledge of coseismic slip distributions for
successive earthquakes along the fault, these exist only for the most recent events. However, overlying the
Sunda Trench, sparsely distributed coral microatolls are sensitive to tectonically induced changes in relative
sea levels and provide a century-spanning paleogeodetic and paleoseismic record. Here we present a new
technique called the Genetic Algorithm Slip Estimator to constrain slip distributions from observed surface
deformations of corals. We identify a suite of models consistent with the observations, and from them we
compute an ensemble estimate of the causative slip. We systematically test our technique using synthetic
data. Applying the technique to observed coral displacements for the 2005 Nias-Simeulue earthquake and
2007 Mentawai sequence, we reproduce key features of slip present in previously published inversions
such as the magnitude and location of slip asperities. From the displacement data available for the 1797 and
1833 Mentawai earthquakes, we present slip estimates reproducing observed displacements. The areas of
highest modeled slip in the paleoearthquake are nonoverlapping, and our solutions appear to tile the plate
interface, complementing one another. This observation is supported by the complex rupture pattern of
the 2007 Mentawai sequence, underlining the need to examine earthquake occurrence through long-term
strain budget and stress modeling. Although developed to estimate earthquake slip, the technique is readily
adaptable for a wider range of applications.

1. Introduction
To properly assess the seismic hazard in prone areas, we need to understand the processes inﬂuencing the
location and magnitude of future earthquakes [Sieh et al., 2008; Nalbant et al., 2013]. However, the factors
controlling earthquake recurrence are poorly understood. Examining the accumulation and release of interseismic stresses over a number of seismic cycles may provide insight into these mechanisms.
While we can determine secular stress loading rates from the relative motions of tectonic plates [Bock et al.,
2003], it is the physical properties of the fault that control where the stress is stored. Features of the plate interface, which we refer to as physical asperities, such as topographic roughness, fracture zones, bathymetric features (i.e., sea mountains and plateaus), overlying landforms, and other frictional properties interact to prevent
continuous aseismic plate movement [Pacheco et al., 1993; Chlieh et al., 2008; Kaneko et al., 2010]. Over time,
where physical asperities prevent free movement along sections of the fault, relative to the ratio of plate
motion, we observe the accumulation of a slip deﬁcit. The degree of coupling describes the extent to which
physical asperities limit free movement of the plates and is deﬁned by Chlieh et al. [2008] as the ratio between
the slip rate deﬁcit and the long-term slip rate. We observe aseismic creep along weakly coupled sections of the
plate interface. Conversely, where there is strong coupling, the accrual of interseismic strain results in an elastic
deformation of the interface [Chlieh et al., 2008; Konca et al., 2008; Moreno et al., 2010; Kaneko et al., 2010].
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The size of the slip deﬁcit limits the amount of potential slip that can occur in future earthquakes [Chlieh et al.,
2008]. Coseismic relaxation of the plate interface results in the heterogeneous release of accumulated strain
as a patchwork of relatively high and low slip regions, referred to as “slip asperities” and “antiasperities,”
respectively [Chlieh et al., 2008]. The correlation between strongly coupled sections of the plate interface
and slip asperities has been observed in previous studies [Chlieh et al., 2008; Konca et al., 2008; Moreno
et al., 2010; Lorito et al., 2011]. For example, along the Nias-Simeulue section of the Sunda Trench, areas of
high coupling correspond well with the location of slip asperities [Konca et al., 2008]. However, farther south,
along the Mentawai section of the trench, in a sequence of earthquakes that occurred in 2007 (Figure 1a) the
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Figure 1. (a) The Outer Arc Islands of the Sunda Trench with outlines of a number of recent and paleoearthquakes. Source parameters of the 1797 (yellow) and 1833
(purple) earthquakes are taken from Natawidjaja et al. [2006]. The 1 m, 5 m, and 10 m slip contours of the 2005 Mw 8.6 Nias-Simeulue earthquake are shown in
green with a green star marking the event epicenter [Konca et al., 2007]. The 1 m and 5 m slip contours for the 2007 Mw 8.4 primary rupture are shown in blue, and
the 1 m contours for the later Mw 7.9 sequence are shown in purple with correspondingly colored stars making the event epicenters [Konca et al., 2008]. (b) The
Mentawai section of the Outer Island Arc showing the location of the coral microatolls recording uplift during the 1797 and 1833 earthquakes and during the 2007
sequence of events. (c) The Nias-Simeulue section of the Outer Island Arc showing coral microatolls recording uplift during the 2005 earthquake.

coupling distribution provides an inadequate guide to the location of the slip asperities [Konca et al., 2008;
Nalbant et al., 2013].
We may gain a better understanding of the relationship between physical and slip asperities by examining the
release of strain over hundreds of years. For recent earthquakes, the development of GPS and interferometric
synthetic aperture radar (InSAR) technologies, ﬁrst used to study the 1989 Loma Prieta earthquake [Lisowski
et al., 1990] and the 1992 Landers earthquake [Massonnet et al., 1993; Zebker et al., 1994], allows detailed inversions of earthquake slip distributions to be produced. However, to examine the details of slip during earlier
earthquakes, we need to interrogate other sources of data [Nalbant et al., 2013; Nic Bhloscaidh et al., 2015].
One such source is the coral microatolls growing along the intertidal reefs that fringe the Outer Arc Islands
of the Sunda Trench (Figures 1b and 1c). Along the Sunda Trench, the variations in relative sea levels around
the Outer Arc Islands are driven by tectonic ﬂexing of the accretionary wedge. The response of coral microatolls
to these changes in sea level is recorded in their annual growth rings [Taylor et al., 1987; Zachariasen et al., 1999].
Taylor et al. [1987] ﬁrst demonstrated the use of coral stratigraphy to study tectonic deformation in the Vanuatu
Islands. Subsequently, the technique has been applied to and developed for the coral microatolls overlying the
Sunda Trench where both living and fossil coral heads store a record of tectonic activity associated with several
large earthquakes spanning hundreds of years [Zachariasen et al., 1999; Briggs et al., 2006; Natawidjaja et al.,
2006, 2007; Konca et al., 2007, 2008; Sieh et al., 2008; Meltzner et al., 2010; Philibosian et al., 2014]. The coral displacement data have been used to constrain slip distributions for the 2005 and 2007 earthquakes [Briggs et al.,
2006; Konca et al., 2007, 2008]. In conjunction with historical reports of shaking and tsunami damage [Newcomb
and McCann, 1987], the coral record has also helped constrain the magnitude, source parameters, and maximum slip values of two large preinstrumental earthquakes in 1797 and 1833 [Natawidjaja et al., 2006].
The corals of the Outer Arc Islands act as long-term geodetic recorders, and the proximity of the islands both
to strongly coupled sections of the plate interface and to the slip asperities of recent earthquakes make them
an ideal site to study rupture patterns of large megathrust events. The islands are found between 80 km and
130 km from the trench, approximately 15 km to 25 km above the plate interface (Figure 1a) [Kopp et al., 2001;
Singh et al., 2011; Collings et al., 2012]. For earthquakes in 2005 and 2007, researchers were able to combine a
number of data sets to produce well-resolved slip inversions, which we refer to here as the Kon05 and the
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Kon07 models, respectively. In addition to coral displacement data, they used information from previously
installed ﬁeld and campaign GPS stations, teleseismic data, and, for the 2007 event only, InSAR satellite measurements [Briggs et al., 2006; Konca et al., 2007, 2008]. The earthquake SouRCe MODel (SCRMOD) database
[Mai and Thingbaijam, 2014] archives the ﬁnite source models for a number of earthquakes and, thus, allows
us to compare the Kon05 model to preliminary teleseismic models of the 2005 earthquake [Shao and Ji, 2005;
Ji, 2005]. While there is some variation in the location of their slip asperities, both the Kon05 and the teleseismic models of the 2005 event have similarly ranged slip values. However, the Kon05 joint inversion presents a
more compact slip distribution and smaller Mw of 8.5 compared to the Mw of 8.7 produced from the teleseismic data alone. We can also compare the Kon07 model to both preliminary teleseismic models of the 2007
earthquake [Konca, 2007; Ji, 2007] and a model of the event produced from teleseismic and tide gauge data
[Gusman et al., 2010]. The teleseismic models of the 2007 event have peak slip values of <3.5 m, less than half
that of the Kon07 inversion. The distribution of slip and range of slip values in the Kon07 model and the
Gusman et al. [2010] model are broadly similar, but the more spatially compact slip of the former model
has a slightly lower Mw of 8.4 compared to Mw of 8.5 of the latter one. Natawidjaja et al. [2006] demonstrated
the possibility of using coral data to examine the slip distributions of preinstrumental earthquakes. They produced rectilinear source models of the 1797 and 1833 Mentawai earthquakes where each model was subdivided into four and three blocks of uniform slip, respectively. However, subsequent attempts to use these
models to examine the evolving stress state of the Sunda Trench found them to be insufﬁciently detailed
[Nalbant et al., 2013]. In response to calls for better resolved models of these events, we have developed a
novel Genetic Algorithm Sip Estimation (GASE) technique to constrain the details of earthquake slip distributions from sparse, surface displacements.
This paper describes the design, implementation, and testing of the GASE technique. In section 2, we detail
the steps necessary to set up a fault model and deﬁne a set of model slip distributions, before describing the
implementation of the GASE technique. In section 3, we use synthetic data to test the sensitivity of solutions
to initial model constraints. In section 4, we examine estimates of the slip distributions for the 2005 NiasSimeulue earthquake and 2007 Mentawai sequence from the published displacement data [Konca et al.,
2007, 2008] and compare our solutions to the published inversions. Finally, we produce the slip distributions
for the 1797 and 1833 paleoearthquakes using displacement data published by Natawidjaja et al. [2006] and
assess the reliability of our solutions. Extensive systematic tests of the implementation and optimization of
the techniques have been included in the supporting information for the interested reader.

2. A New Genetic Algorithm Slip Estimator Technique
2.1. Implementation of the GASE Technique
To constrain details of the slip responsible for a set of observed coral displacements, we ﬁrst construct a fault
model discretized into cells of the desired resolution that allows the surface effects of slip to be calculated.
We then produce a set of model slip distributions and evaluate each of them on their ability to satisfy the
data. Next, we use a genetic algorithm to recombine the information in these models and converge on a
set of solutions that better reproduces the coral displacements. The sparse distribution of observations presents an underdetermined problem and inﬁnite number of solutions. We therefore repeat this process for a
number of different sets of models; each time storing the model most closely converged on the observations.
Finally, from the stored models we compute an ensemble estimate of the slip distribution most likely responsible for the observed coral displacements.
2.1.1. Construction of a Fault Model
Our planar fault model is based on the geometry of the Sunda trench. The origin point of the fault model is at
7°S and 102°E, approximately 160 km south west of Enggano Island (Figure 1). It extends 1280 km northward
along the strike of 325° and 240 km downdip to accommodate the full size of the coupling distribution for the
Sumatra megathrust proposed by Chlieh et al. [2008]. We choose a dip angle (δ) of 15° to allow comparison of
the GASE solutions to the combined inversion of geodetic and teleseismic data for the 2007 Mentawai
sequence [Konca et al., 2008] and an earlier attempt at modeling the 1797 and 1833 paleoearthquakes
[Natawidjaja et al., 2006]. The fault model is discretized into a total of 768 cells, 64 along strike and 12 downdip, each of 20 km length (ε). A schematic (Figure 2h) shows the fault model with the overlying surface
accommodating observation points analogous to the 1797 coral data set and a vertical arrow marking the
coral displacement at the location k.
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Figure 2. A schematic of the fault model showing the trench lineament and the position of islands together with the
distribution of surface observation points (Figures 2a–2d) and overlaying synthetic slip models (Figures 2e–2h): (a) the
location of coral microatolls recording uplift associated with the 1797 earthquake; (b) 231 observation points uniformly
spaced (40 km) over the whole surface of the fault model (SG-231); (c) 25 observation points nonuniformly spread over
the lower 640 km section of the fault plane (SG-025); (d) a subset of 15 observation points taken from SG-025 (SG-015);
(e) the synthetic slip model of Mw 8.71 (SSM1); (f) the synthetic slip model of Mw 8.81 (SSM2); (g) the synthetic slip model of
Mw 8.78 (SSM3); and (h) an oblique 3-D view of our discretized fault model showing heterogeneous slip to be modeled
as vertical surface displacements. A Green’s function is calculated by mapping the slip U, in each cell ij, as a vertical
displacement at a surface location k. The total vertical displacement at the surface location is found by summing the
individual contributions from each cell. The origin point O of the fault model is 7°S, 102°E, with a strike of 325° and dip
of 15°. The fault model cell size is 20 km by 20 km, extending 64 cells along strike and 12 cells downdip. Observation points
analogous to the 1797 coral locations are shown in black on the surface overlying the fault interface.

We use Gomberg’s 3d-def software [Gomberg and Ellis, 1993], which incorporates Okada’s [1992], to deﬁne a
Green’s function G describing the vertical displacement z at k produced by reverse slip U in fault model cell ij.
While the convergence of the Australian, Indian, and Sunda plates introduces a slight oblique component to
the strain accumulation [Chlieh et al., 2008], it is not possible to estimate the strike-parallel components of the
slip from the vertical displacement data recorded by the corals. As such, our models can only account for
reverse slip on the fault; however, it has been shown that the oblique component of coseismic slip for the
2005 Nias-Simeulue and the 2007 Mentawai sequence is relatively small [Konca et al., 2007, 2008]. In effect,
the total displacement Zk for each cell of the fault model is deﬁned as
X
Gijk :Uij
(1)
Zk ¼
ij

For each observation point k, a displacement matrix is created with the same dimensions as the fault model.
The displacement matrix records the uplift at location k produced by 1 cm slip on the equivalent cell of the
fault model. The total uplift at k is calculated by summing the product of the slip value in each cell of the fault
model and uplift value in the corresponding cell of the displacement matrix. Given a set of observation
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locations, we compute a displacement matrix for each, allowing the rapid calculation of the vertical deformation resulting from any heterogeneous model slip distribution. Note that throughout the paper, we consistently use the term “slip” to describe motion along the fault interface and the term “displacement” to refer
to the vertical surface displacement.
Next, we evaluate the goodness of ﬁt fk for each solution from the mismatch between each observed displacement Zok and the corresponding modeled displacement Zmk weighted by the observational uncertainty at
each location γk:


fk ¼ e

12

ðZ ok Z mk Þ2
γ2
k

(2)

For each observation, fk has a value between 1, indicating a perfect ﬁt to the data, and 0, indicating a poor ﬁt.
The total ﬁtness F for any model solution is obtained from the product of fk, k = 1… n where n is the total
number of observation points:
F ¼ ∏nk f k

(3)

In order to compare the ﬁtness values of solutions based on different numbers of observation points, we calculate the geometric mean taking the nth root of the product of n observation points:
F′ ¼ Fn
1

(4)

This likelihood-based method severely penalizes models that are a poor ﬁt to the data, allowing us to extract
the maximum amount of information from sparse sets of observations.
2.1.2. Heterogeneous Slip Model Constraints
While we can increase the detail at which we model the earthquake slip distributions by reducing the cell size
in the fault model, the improved model resolution comes with increased computational overheads. The number of dimensions required to describe the solution rises with the number of fault model cells and requires us
to consider ways of constraining the range of possible models without excluding any viable solutions. The
model space required to accommodate the full range of continuous slip values in the 768-cell fault model
is inﬁnite, yet the majority of produced models constitute unphysical simulations of earthquake slip, i.e.,
models where the large difference between slip values in neighboring cells will result in the fracturing of
the rock rather than producing an elastic deformation. We can produce realistic, heterogeneous earthquake
slip distributions by sampling slip values from a fractal distribution. This allows us to reproduce the power law
decay exhibited by the power spectrum of other ﬁnite-fault source inversions of earthquake slip [Mai and
Beroza, 2002] and to replicate the self-afﬁne, scale-invariant properties observed in ruptures [Turcotte,
1997]. We can vary the slip heterogeneity, and so the proximity of slip asperities to antiasperities, by varying
the fractal dimension of the fractal distribution. For example, where the fractal dimension equals 2.1, it allows
10 m of slip to fall to 0 m over 100 km [McCloskey et al., 2008]. By decreasing the fractal dimension to 1.5, the
slip variability is signiﬁcantly reduced. It results in smoother appearing earthquake models, with slip falling,
on average, from 2.5 m to 0 m over 100 km. On the other hand, increasing the fractal dimension raises the
variability of slip values in adjacent fault model cells, so that a fractal dimension of 2.8 allows slip of 20 m
to fall to 0 m over 100 km. Therefore, by accepting the slip distributions with the fractal dimensions in the
range 2.0 to 2.5, we produce physically realistic slip models consistent with Mai and Beroza [2002].
Where the model space is limited by the fractal constraint on slip values, only a relatively small number of
solutions from the remaining subset of models will satisfy the displacement data. A Bayesian Monte Carlo
approach to the problem [Nic Bhloscaidh et al., 2015] must sample billions of models before it converges
on a robust solution. Even then, the Bayesian Monte Carlo technique is sensitive to a number of parameters
with tight constraints on the acceptable model size and magnitude necessary to produce timely solutions.
The GASE technique relies on a genetic algorithm both to accelerate the identiﬁcation of models that satisfy
the displacement data and to reduce its sensitivity to the initial model parameter selection.
2.1.3. The Genetic Algorithm
The genetic algorithm recombines the information held in a population of models to identify a superior set of
models using Darwinian operators and the principles of natural selection [Whitley, 1994; Goldberg, 1989;
Engelbrecht, 2002]. Parameters describing model solutions (i.e., the parameters determining slip values and
location) are encoded as a set of genes, which we call a model genome. Following this biological analogy,
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Figure 3. Different conﬁgurations of the control chromosome parameters producing different slip models from a single
matrix chromosome. Parameters used to describe potential solutions are encoded into a composite data structure consisting of (a) the matrix chromosome, a normalized Gaussian array (μ = 0.0, σ = 1); (b–d) control chromosome, whose values are
used to convert the matrix chromosome to a fractal matrix: FD determines the fractal dimension of the model, L and W limit
the size of the model (shown as a black box), and I and J map the model slip distribution onto the fault model; (e–g) how
the Gaussian matrix is converted to a fractal matrix; (h–j) three possible realizations of the matrix chromosome using different
values on the control chromosome genes. Note the different scales on the fractals and slip models. The maximum slip values
expressed on the fault model are determined by the control chromosome genes.

the model phenotype, i.e., the physical appearance and behavior of a solution, refers to the realization of its
genome [Whitley, 1994; Goldberg, 1989; Engelbrecht, 2002]. In relation to the earthquake problem, the model
phenotype refers to the location and magnitude of slip values. Genes can hold different values and, hence,
produce different model phenotypes; for example, varying the values of genes that control the event location
causes solutions to be mapped onto different areas of the fault model (Figure 3). Our approach differs from
the canonical genetic algorithm schema proposed by Holland [1975] which encodes solution parameters as a
single, binary string. Instead, solution parameters are encoded as continuous, real values [Michalewicz, 1996;
Bessaou and Siarry, 2001; Tsai et al., 2009] and stored in a composite data structure consisting of two parts: a
matrix chromosome and a control chromosome. Our technique requires us to produce a number of these
model genomes structured to the following speciﬁcations:
1. The matrix chromosome: a 64 × 64 element matrix ﬁlled with pseudorandomly generated values drawn from a
normalized Gaussian distribution (mean of 0.0 and standard deviation ± 1.0). Following Turcotte [1997], we take
the Fourier transform of the matrix chromosome and apply a low-pass ﬁlter (scaled to the value of the fractal
dimension gene, described below) to the Fourier coefﬁcients. We then compute the inverse Fourier transform
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of the ﬁltered coefﬁcients to create a fractal matrix. The conversion of the matrix chromosome to the fractal
matrix is computationally expensive; hence, we store the fractal matrix. As a consequence, we are able to
create multiple slip models by varying the value of genes on the control chromosome (Figure 3a).
2. The control chromosome: a second set of genes that performs a regulatory function controlling the activation and expression of genes from the matrix chromosome [Dasgupta and McGregor, 1993; Tsai et al., 2009;
Wallet et al., 1996]. Different conﬁgurations of the control chromosome genes are shown in Figures 3b–3d.
The genes on the control chromosome convert the information on the matrix chromosome into slip models
whose ﬁtness is then evaluated by the algorithm. By altering the value of the control chromosome genes,
we can produce multiple realizations from one matrix chromosome (Figures 3e–3g). Genes on the control
chromosome have a number of roles:
a. Gene FD determines the fractal dimension, which is used as a metric for slip correlation, and
regulates the gradient of slip between neighboring elements of a solution. Its value is randomly
selected from a range of 2.0 to 2.5, consistent with Mai and Beroza [2002].
b. Genes L and W deﬁne the size of the model slip distributions copied from the larger fractal matrix,
where the bottom left cell of the fractal corresponds to the bottom left cell of the model slip distribution. The L-gene determines the along-strike length, and the W-gene determines the downdip
width of the model in kilometers. Each is randomly assigned a value given 120 ≤ L ≤ jlen and
120 ≤ W ≤ ilen, where jlen = 700 km and ilen = 240 km are the along-strike and downdip limits of the
slip model, respectively. This equates to an along-strike range of 6 to 35 cells and a downdip range
of 6 to12 cells of the fault model.
c. Genes I and J store the coordinates used to map the lower left corner of the solution onto the fault
model. The along-strike coordinate is stored by J-gene and the along dip by the I-gene. Each holds
a randomly sampled value from within the legal bounds of the fault plane, so that 1 ≤ J ≤ (jmax  L)
and 1 ≤ I ≤ (imax  W), where jmax = 1280 km and imax = 240 km are the along-strike and downdip
bounds of the fault plane model, respectively.
2.2. Creation of Synthetic Displacement Sets
It is important that GASE solutions reproduce both the displacement data and features of the causative slip
distributions. Therefore, we conduct a series of tests on synthetic data to assess the effectiveness of our technique. Synthetic slip models are created and mapped onto the fault model allowing synthetic displacement
sets to be calculated. These synthetic displacement sets are then used by the algorithm to estimate the original
synthetic slip model. Knowledge of the details of the input slip model allows straightforward comparisons to
the obtained GASE solutions.
A randomly generated 64 × 64 cell Gaussian matrix is used to produce a two-dimensional fractal matrix (fractal
dimension of 2.3). We identify three smaller sections of the fractal matrix so that each ﬁts into the fault model
and is not bounded by high slip along its outer edges. We call them synthetic slip models 1–3 (SSM 1–3)
(Figures 2e–2g). Furthermore, we create three sets of observation locations: Synthetic Grid 231 (SG231), 025
(SG025), and 015 (SG015) (Figures 2b–2d) and calculate their displacement matrices. The displacements produced by each of the synthetic slip models on each synthetic grid are recorded, giving a total of nine displacement sets. We refer to each displacement set ﬁrst by the number of observation points in the set, then by the
synthetic slip model number. For example, we name the displacement set of 15 observation points which we
use to model synthetic slip model 1 as SG-015 m1. Accordingly, the nine displacement sets produced from our
three observation grids and three synthetic slip models are referred to as SG-231 m1, SG-231 m2, SG-231 m3,
SG-025 m1, SG-025 m2, SG-025 m3, SG-015 m1, SG-15 m2, and SG-015 m3.
To approximate the error structure of the published coral data, artiﬁcial uncertainties are added to each
observation. For each observation, an error factor is drawn at random from a normalized Gaussian distribution. The uncertainty ± γ, associated with each observation point, is given by the product of the synthetic
displacement μ and the error factor ϵ:
γ ¼ μϵ

(5)

2.3. Creation of a Parent Population
We randomly generate a collection of 100 model genomes according to the speciﬁcations described in the
previous section, each one consisting of a matrix chromosome and control chromosome. We refer to this
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set of models as a parent population. Our ﬁnal slip estimate relies on the information sampled from 100 of
these parent populations, but we consider each population to be independent of one another (We have
tested different sizes of parent populations in order to ﬁnd the optimal size and included the results of these
tests in the supporting information.). We recombine the genes held in the parent population to ﬁnd models
better converged on the displacement data. Our parent population must be large enough to hold sufﬁcient
information necessary to identify a set of optimal solutions. Moreover, it is important that this initial set of
models samples an adequately large area of the model space. This helps prevent the algorithm from prematurely converging on locally optimal solutions, which are of a limited use in data modeling. To ensure that our
initial parent population is suitably diverse, we test each newly created genome based on its eligibility to join
the population. We set a Hamming Distance to deﬁne the minimum acceptable dissimilarity between the
values stored in two matrix chromosomes [Guo and Zhao, 2002]. As each randomly generated genome is
created, we determine the similarity of the new genome’s Matrix Chromosome and the matrix chromosomes
of the genomes present in the initial population by calculating the geometric distance d deﬁned as
2
X
dal ¼
Maij  Mlij
(6)
ij

Maij

where
refers to an element ij of the matrix chromosome a, and Mlij refers to an element of the matrix
chromosome l in the parent population. As each new genome is accepted into the parent population, the
current parent population size Ncur increases by 1, l = 1 , Ncur until we reach the target population size of
100 models (the results of tests determining the optimal population size have been included in the supporting information). If dal < H, then Ma is rejected from the parent population and a new genome is pseudorandomly created. Model creation continues until the initial population reaches the size Ncur. Through trial and
error we identiﬁed H = 4300 as a point above which the algorithm had difﬁculty ﬁnding sufﬁcient models to
ﬁll the initial population for a 64 × 64 cell matrix. The result is a quasi-random population distributed throughout the model space. After establishing the initial population, the genomes are converted to their phenotypic
forms and are ﬁtness tested.
2.4. Evolution of the Parent Population
We compute the ﬁtness of each of the 100 models in the parent population and then recombine the information stored in each model genome, i.e., information on the matrix chromosome and control chromosome, to
produce new models using the following three operators: selection, crossover, and mutation.
1. Selection determines how two models are chosen from the parent population to undergo crossover (as
described below) [Whitley, 1994; Goldberg, 1989; Engelbrecht, 2002]. We have tested a number of different
selection techniques and determined “BottomUp” to be the most successful (see the supporting information). Accordingly, we choose each model from the parent population in ascending order of ﬁtness (i.e., their
ability to reproduce the displacement data), then pair it with a second randomly selected model of equal or
lower ﬁtness.
2. Crossover allows the information stored in the selected parent models (i.e., the genes of the matrix chromosome) to be recombined to produce a series of new offspring models [Whitley, 1994; Goldberg, 1989;
Engelbrecht, 2002]. Values are randomly copied from the matrix chromosome of either parent model to
form the matrix chromosome of an offspring model. The greater the number of offspring models, the
greater the likelihood of ﬁnding models that better satisfy the displacement data. However, producing
more offspring models increases the computational costs associated with the technique. Therefore, using
synthetic data, we have determined the optimal number of offspring models, produced during each
crossover operation, to be 50 (see supporting information). We have also tested a number of different
crossover implementations (see supporting information) and determined “Cluster4×4” technique to be
the most effective. Here genes from the parent matrix chromosome are copied to the offspring matrix
chromosome in 4 × 4 cell clusters. Simultaneously, genes from the control chromosomes of either of
the parent models are copied at random to the offspring model. We use Roulette Wheel Sampling to bias
the transfer of information in favor of the ﬁtter parent [Whitley, 1994; Engelbrecht, 2002]. The value R* is
given by


F2

R ¼1 1þ
(7)
F1
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where F1 is the ﬁtness of Parent1 and
F2 is the ﬁtness of Parent2. A random
number R1 between 0 and 1 is generated, where R* ≤ R1, Parent1 contributes information to the offspring
model and where R* > R1, Parent2
contributes information to the offspring model.
3. Mutation allows the values of
genes on the matrix chromosome
Figure 4. Changes to model ﬁtness over 150 generations. The ﬁtness of the
to be altered as they are copied
best model in 50 parent populations (colored lines) are shown alongside the
from parent to offspring solutions.
average model ﬁtness (black line). An Ensemble Estimate model (as described
This in turn affects the values of
in section 2.5) is produced every 10 generations and its ﬁtness plotted as a
the fractal matrix representing
series of black points.
our earthquake slip. Where the
algorithm has converged on local
optima, mutation adds new information to the solution, potentially opening up new areas of the model
space. Mutations occur at random and may destroy information evaluated as being useful so its effectiveness is governed by the size and frequency of the mutation [Whitley, 1994; Goldberg, 1989; Engelbrecht,
2002]. Our synthetic tests (see supporting information) show that the effects of mutation are generally
small and fail to produce a consistent positive effect on solutions. As a result, we have chosen not to
use a mutation operator.
After each selection/crossover operation the offspring models are converted to their phenotypic form (i.e.,
mapped as a slip distribution onto the fault model) and are ﬁtness tested. Where the offspring models are
found to be ﬁtter than the selected parent models, they replace them so that the two ﬁttest models are
returned to the parent population. Note that the size of the parent population remains constant.
We refer to a complete set of selection/crossover operations as one generation (i.e., where each model has been
selected in turn and paired with another to undergo crossover). As the number of generations increases, so does
the ﬁtness of models in the parent population (Figure 4). Systematic tests have shown that improvement in
model ﬁtness occurs most rapidly over the ﬁrst 50 generations (see supporting information); however, we suggest the number of generations be set to 100, as above this point improvements to ﬁtness generally plateau.
Figure 5 shows the displacement sets produced by the initial parent population of 100 models and by stack
models from 100 parent populations. When comparing the displacements of the initial population to the target
displacements SG015m1, we observe that the displacements produced at each observation point fall mostly
outside the uncertainty range of the target displacements (Figure 5a). By comparison, the displacement sets
produced by the stack models that have evolved over 100 generations are closely converged on the target
displacement set and in most cases fall within the given uncertainties for each observation (Figure 5b).
2.5. Ensemble Model
As previously stated, multiple models are capable of reproducing the sparse data so our forward modeling
approach identiﬁes a number of models consistent with the observations. We create a number of parent
populations and allow each to evolve independently. After 100 generations, we identify the best model from
each population and copy it to a catalog to which we refer to as a stack [Guo and Zhao, 2002]. We weight each
stack model by its ﬁtness, and then, from the stack, we generate an Ensemble Estimate model (EE model) of
the slip distribution. As the ﬁtness of each individual model is purely determined by its ability to reproduce
the displacements for a given set of observation points, those models that produce a good ﬁt to the data
have the strongest contribution to the EE model slip. We calculate the EE model so
0
1
XN
1
EE ¼ @XN A i Mi :F
(8)
i
F
i
i
where Mi is each model present in the stack, Fi refers to the corresponding ﬁtness value, and N is the total
number of models selected by the algorithm (Figure 6). Systematic tests have shown that a robust EE model
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Figure 5. The displacement sets produced by (a) the initial population of 100 models and (b) 100 stack models plotted as
black dots. The target displacements SG015m1 are shown in red along with its uncertainties in green. The displacements
generated by the Ensemble Estimate model (as described in section 2.5) are shown in purple.

can be produced by sampling the best model from each of 100 parent populations (see supporting information). In Figure 4 we examine how the ﬁtness of the EE model changes as the number of generations increases.
We observe high variability in the stack model ﬁtness, with only three models outperforming the EE model.
Furthermore, while the EE model produces a displacement set closely converged on the target displacement
set, some of the stack models fail to reproduce uplift within the given uncertainties.

3. Testing the Genetic Algorithm Slip Estimator
Using synthetic data described in section 2.2, we have carried out extensive tests of the GASE technique
examining the implementation of the genetic algorithm operators and optimization of its parameters, i.e.,
the size of the parent population, the number of offspring produced during crossover, the number of generations, and the number of populations. We have included the details of these tests and results in the supporting information. Here we analyze the sensitivity of generated slip estimates to the initial parent population
constraints. We go on to examine the EE models produced for 12 synthetic slip distributions using the
optimal settings derived from the synthetic tests.
3.1. Evaluation of the EE models
In addition to evaluating the EE model ﬁtness, we examine the similarity of our slip estimates to the corresponding input slip model and examine the variability of slip values in the stack models. Based on the City
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Figure 6. Flowchart outlining the GASE algorithm. The technique generates a number of parent populations. The genetic
algorithm recombines the information in each population until it converges on a set of solutions satisfying the ﬁtness
function, in this case, reproducing a set of displacements. The best model from each population is stored and stacked.
Weighted by their ﬁtness, the stack models are used to create an ensemble estimate of the slip distribution responsible for
the given displacements.

Block Dissimilarity [Webb, 2002], we calculate the e value as the absolute difference between values in corresponding cells of the target synthetic slip model, tij and EE model, vij, normalized to the peak slip value of the
target synthetic slip model tmax so


v ij  t ij 


(9)
eij ¼ 
t max 
The e values are summed for each cell of the solution and divided by the total number of cells in the fault
model Nc to give a normalized average absolute dissimilarity (E value) for each EE model:
E¼

1 X
e
ij ij
Nc

(10)

We also calculate the normalized average absolute deviation to examine the variability of slip values in the
stack of models used to compute the ensemble estimate solution. Treating slip in each cell of the EE model
vij, as a measure of central tendency, the City Block Distance is calculated for the corresponding cell in each of
the stacked models Mijq, where q is the total number of sampled population [Webb, 2002]. We normalize each
value by the peak slip in the EE model vmax, and in effect, we obtain s value reﬂecting the average deviation of
slip in corresponding cells of the stack models:


1 X Mijq  V ij 
(11)
sij ¼

q v
Nq
max
Summing the s values for each cell and averaging over the total number of cells gives an S value for the stack:
S¼

1 X
s
ij ij
Nc

(12)

We also calculate the moment magnitude (Mw) of EE models and compare it to the Mw of the target slip
distribution. The earthquake moment Mo is deﬁned as
Mo ¼ μAD
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Figure 7. Comparing the fractal dimension values of models in the initial and ﬁnal parent populations and in the catalog of
stack models. We examine the distribution of the fractal dimension values in the initial population (blue), the ﬁnal
population (yellow), and the models cataloged for the stack (red) observed for (a) the FreeFD scenario (values randomly
chosen from the range 1.5 to 3.0) and (b) the LimitedFD scenario (values randomly drawn from the range 2.0 to 2.5). As only
one model from each ﬁnal population is chosen for the stack we divide the frequency values of the initial and ﬁnal parent
populations by the total population size (100 models).

where μ is the shear modulus (33 GPA); A is the area (m2), and D is the summed slip (m). From this the
moment magnitude (Mw) is calculated:
Mw ¼

2
log10ðMo Þ  6:
3

(14)

3.2. Parent Population Properties
Source parameters (e.g., locations and event extent) for recent earthquakes are well deﬁned. For events in the
last few centuries, where available, written records can complement and constrain paleoseismic observations.
Where existing knowledge can inform the modeling process, it should be used. However, extending the paleoseismic record even further back relies on more deﬁcient observational data and an absence of written records.
By examining the value of the parameters constraining the generation of models in the initial parent population, we can test the algorithm’s ability to recover details of poorly constrained rupture patterns.
3.2.1. Testing Fractal Dimensions
We test a number of scenarios to examine how different ranges of the fractal dimension in the initial parent
population impact the ﬁnal EE model: (a) FixedFD, the value of the fractal dimension for each model of the
initial population is set to the fractal dimension of the target slip model; (b) LimitedFD, the fractal dimension
for each model of the initial population is randomly drawn from the range 2.0 to 2.5; and (c) FreeFD, the fractal dimension for each model of the initial population is randomly chosen from the range 1.5 to 3.0. We test
the different fractal dimension scenarios using the LimitedES constraint on model size, as described below.
The EE models are produced, for each of the nine displacement sets described in section 2.2, and their ﬁtness
is evaluated. The solution ﬁtness, normalized by the number of observation points in the corresponding displacement set, is computed and ranked to allow the impact of speciﬁc fractal dimension values to be examined. In Figure 7 we compare the distribution of fractal dimension values in the initial parent population to
those in the ﬁnal parent population and the catalog of stack models for the LimitedFD and FreeFD scenarios.
For the solutions to each set of displacement data, we assign a rank from 1 to 3 to each scenario based on the
EE model ﬁtness. For example, the normalized model ﬁtness for SG-015 m2 is 0.992 for FixedFD, 0.987 for
LimitedFD, and 0.989 for FreeFD. Therefore, the corresponding ranks are 1, 3, and 2, respectively. Having
ranked each solution, we sum the ranking values for each scenario to obtain its total rank value R. The lowest
value of the total rank R is given the best ﬁnal rank, FR = 1, whereas the highest value of the total rank R is
assigned FR = 3. We observe that the solutions are generally better ranking (i.e., where FR is lowest) when
we restrict the initial range of fractal dimension values (Table 1). For the FreeFD selection method, the EE
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Table 1. EE Model Fitness Values for Different Range Constraints of the Fractal Dimension
SG-015
SSM 1
FixedFD
LimitedFD
FreeFD

(2)

0.990
(1)
0.992
(3)
0.989

SSM 2
(2)

0.988
(1)
0.990
(3)
0.986

SG-025
SSM 3
(1)

0.999
(1)
0.999
(1)
0.999

SSM 1

SSM 2

(1)

0.987
(2)
0.986
(3)
0.983

(1)

0.977
(2)
0.972
(3)
0.968

SG-231
SSM 3
(1)

0.995
(2)
0.994
(3)
0.993

SSM 1
(1)

0.308
(2)
0.256
(3)
0.233

SSM 2
(1)

0.404
(3)
0.398
(2)
0.400

SSM 3
(1)

0.372
(2)
0.353
(3)
0.317

R

FR

11
16
24

1
2
3

a

Fitness values are normalized by the total number of observation points given nine different synthetic displacement sets. Numbers in brackets are ranks for
individual solutions. R is the total rank assigned to each selection method (FixedFD, LimitedFD, and FreeFD). The value of FR, ranging from 1 to 3, represents the
ﬁnal rank where 1 refers to the most preferable and 3 to the least preferable method.

models still reproduce the main slip features of the target synthetic slip model, although the along-strike
extent of the solutions is poorly deﬁned (Figure 8).
We also compare the distribution of fractal dimension values present in the (1) initial population, (2) ﬁnal
population, and (3) stack models (Figure 7). For both FreeFD and LimitedFD selection methods, the observed
frequency distribution of fractal dimension values in the ﬁnal population closely matches that of the stack
models (Figure 7). For FreeFD, 82% of the fractal dimension values of the stack models are nonuniformly distributed between 1.9 and 2.6 and 54% between 2.0 and 2.5; however, we report no convergence on a speciﬁc
value (Figure 7a). Where the fractal dimension is further constrained to the LimitedFD range, the values in the
ﬁnal population and the stack models concentrate at the upper limit of 2.5 (Figure 7b).
3.2.2. Slip Model Size
In order to evaluate the effect of the model size on the EE model ﬁtness, we test three different scenarios:
(a) FixedES, the model size is the same as the size of the target synthetic slip model; (b) LimitedES, the
along-strike model length ranges from 400 to 800 km, and the downdip width ranges from 160 to
240 km, the equivalent of 20 to 40 cells along and 8 to 12 cells across the fault model; and (c) FreeES,
the along-strike model length ranges from 120 to 1200 km, and the downdip width ranges from 120 to
240 km, the equivalent of 6 to 60 cells along and 6 to 12 cells across the fault model. As the fractal dimension tests demonstrate that the LimitedFD scenario yields the ﬁttest EE models, we apply the LimitedFD
constraint to models in the initial parent population to test different model scenarios. In each case,
solutions from the nine displacement sets (see section 2.2) are produced and their normalized ﬁtness
computed. The EE models for each displacement set are ranked in order of ﬁtness to evaluate each of
the different model size scenarios (Table 2).
We ﬁnd that for the FixedES scenario (i.e., when the size of models is known), our solutions have a higher
value of normalized ﬁtness. Outside of our synthetic simulations, the dimensions of the earthquakes are
unknown, particularly when we are dealing with preinstrumental events, so we will focus on the solutions
to the LimitedES and FreeES scenarios. Where the length and width of the initial model are poorly constrained (i.e., LimitedES and FreeES), we still correctly map slip onto the appropriate sections of the fault
model; however, we report greater levels of artifact slip along strike (Figure 8). We recover the broad features
of the target synthetic slip model, but some of the ﬁner detail is lost, and hence, our solutions are oversmoothened versions of the input slip distribution. For the LimitedES and FreeES scenarios, the EE models
tend to underestimate peak slip values, though they successfully reproduce the slip asperities present in
the target model. Further from the observation points, our solutions reproduce less detail of the input slip
model; however, they do not introduce spurious slip asperities.
Since the EE model is computed from the stack of the ﬁttest models in each parent population, we obtain
more information when these individual models are in agreement (i.e., the signal-to-noise ratio is high),
and therefore less information where there is disagreement (i.e., the signal-to-noise ratio is low). Where the
signal-to-noise ratio is highest, i.e., proximal to the surface displacement, the agreement among the stack
models gives us a relatively good estimate of the target slip. Despite this, the small variations in the slip values
of the stack models produce the smoothed-out appearance of our ﬁnal EE models. We report greater disagreement among the stack models further from the observation points resulting in poor estimation of slip
values. In the case of FixedES and FreeES scenarios, where we have poorly constrained length and width
values, we observe slip extending along the length of the fault model. Away from the observation points,
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Figure 8. Examining the sensitivity of EE models to different initial parent population and fractal dimension constraints.
We compare the EE models produced from the different fractal dimension and model size scenarios described in sections
3.2.1 and 3.2.2 for (a) synthetic slip model 1, (b) synthetic slip model 2, and (c) synthetic slip model 3. The LimitedES constraints
were applied to the initial population for our tests of the different fractal dimension scenarios. We applied the LimitedFD
constraints to the initial population when examining the different model size scenarios.

a

Table 2. Normalized EE Model Fitness for Different Ways of Constraining the Initial Size of the Model
SG-015
SSM 1
FixedES
LimitedES
FreeES

(2)

0.982
(1)
0.983
(1)
0.983

SSM 2
(1)

0.991
(2)
0.987
(3)
0.985

SG-025
SSM 3
(2)

0.998
(1)
0.999
(1)
0.999

SSM 1

SSM 2

(1)

0.986
(2)
0.984
(3)
0.983

(1)

0.976
(2)
0.970
(3)
0.962

SG-231
SSM 3
(2)

0.993
(1)
0.994
(1)
0.994

SSM 1
(1)

0.933
(3)
0.360
(2)
0.455

SSM 2
(1)

0.628
(2)
0.399
(3)
0.136

SSM 3
(1)

0.931
(3)
0.309
(2)
0.410

R

FR

12
17
19

1
2
3

a

Fitness values are normalized by the total number of observation points given nine different synthetic displacement sets. Numbers in brackets are ranks for
individual solutions. R is the total rank for a given selection method (FixedES, LimitedES, FreeES). The value of FR, ranging from 1 to 3, represents the ﬁnal rank
where 1 refers to the most preferable and 3 to the least preferable method.
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greater variability in possible slip values gives a lower signal-to-noise ratio. Consequently, we observe low
levels of artifact slip extending along strike and around the periphery of our EE model. While individual
stacked solutions may have slip asperities along their edges or beyond the visibility of the observation points,
the contribution of uncommon stack features to the EE model is small.
3.3. Synthetic Displacements on Actual Coral Locations
To determine how well we can estimate slip distributions from real coral locations, we attempt to recover
features of the synthetic slip models from a set of 11 observation points analogous to the 1797 Mentawai
earthquake coral displacement set [Natawidjaja et al., 2006] (Figure 2h). Following the procedure described in
section 2.1.1, we create a discretized fault model and a displacement matrix for each coral location. We set
the GASE parameters to the optimal values in Table 3, as identiﬁed by systematic testing (see supporting
information). To further test the robustness of the technique, we generate an additional nine synthetic slip
models following the procedure described in section 2.2. Each of these new synthetic slip models is selected
so that we have a range of different sized events. Note that we shift the position of SSM 1–3 so the slip lies on
the fault plane under the locations of observation points. We produce a displacement set for each of the 12
synthetic slip models and assign uncertainties proportional to the published errors to each observation point
[Natawidjaja et al., 2006]. We then apply the GASE algorithm to the data and for each compute an EE model.
The slip values of the resulting EE models are of similar range to the target model and are in most cases conﬁned to the correct section of the fault model (Figure 9); however, the maximum slip values of the EE models
are generally lower than those of the corresponding target models. While we are able to reproduce the broad
features of the target slip distributions, some of the ﬁner details of the input slip distribution are lost. Our solutions are generally well constrained along strike. At the same time, we observe that the slip values in the
downdip direction from the observation points are better estimated than those updip. All EE models satisfy
the target displacement data within the given uncertainties. In 50% of cases, our EE models are within Mw
±0.05 of the target synthetic slip models and each of our remaining solutions are within Mw ±0.12 of the
target models (Table 4). We have previously observed that slip is generally well estimated close to the observation points where the signal-to-noise ratio in stack models is low. Further from the observation points, the
signal-to-noise ratio in stack models decreases and we report oversmoothening our modeled slip. Where
there is insufﬁcient displacement data to constrain the along-strike and along-dip limits of our solutions,
declining levels of slip extend along the fault plane causing us to overpredict the Mw of the target models.
For example, our solutions to synthetic slip models m006 and m007 overestimate the target Mw by 0.07
and 0.11, respectively. Conversely, in some cases we fail to identify features of the target slip distribution
along sections of the fault plane unresolvable to the observation points, leading us to underestimate the
Mw of the target model. For example, we are unable to correctly identify a slip asperity downdip of the
observation points for synthetic slip model m012 and a slip asperity updip of the observations for synthetic slip
model m005. In both cases this leads to an underprediction of the target Mw by 0.12 and 0.08, respectively.
Therefore, having only limited data, such as in a case of paleoearthquakes, we may expect our technique to give
an estimate of the event Mw, rather than determine its precise value.

4. Modeling Real Displacement Data
We now apply our technique to the coral displacement record for the 1797, 1833, 2005, and 2007 earthquakes and evaluate the resulting slip distribution for each event. First, we produce models of the 2005
and 2007 events using only the published coral displacement data [Konca et al., 2007, 2008]. This allows us
to compare our EE solutions to the previously published slip inversions and gain insight into the potential
limitations of estimating paleoslip from the coral data. Next, we compute slip estimates for the 1797 and
1833 paleoearthquakes using the coral data by Natawidjaja et al. [2006]. Note that the recent study by
Philibosian et al. [2014] uses the expanded set of coral observation points to produce the slip distributions
of these two paleoearthquakes. We plan to rigorously analyze the supplemented uplift data in the
future work.
4.1. Fault Plane Geometry
Following the procedure described in section 2.1, a fault model with an origin point of 7°S and 102°E, strike of
325°, and dip angle δ = 15° is created for the 1797, 1833, and 2007 earthquakes, to allow the EE models to be
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Table 3. Optimal GASE Parameters Used to Produce EE Models as Determined From the Synthetic Tests

Population Size
100
a

Length

Width

Number of
Generations

Number of
Populations

Number of
Offspring

Range
of FD

Cells

km

Cells

km

50

100

50

2.0–2.5

10–30

200–600

8–12

160–240

FD refers to the fractal dimension of models in the initial population.

compared with other published models [Natawidjaja et al., 2006; Konca et al., 2008]. For the 2005 NiasSimeulue earthquake, Konca et al. [2007] tested a number of planar fault models with different angles of
dip and found δ = 10° allowed them to best ﬁt the data. Accordingly, we construct a fault model with a strike
of 325° and dip of 10° to be able to assess the EE models against the combined inversion of teleseismic and
geodetic data. Here we set the origin point at 6.7°S and 101.8°E to allow the fault model to extend fully under
Simeulue Island.

Figure 9. A fault model of the Sunda Trench along with the observation points based on the location of corals uplifted
during the 1797 Mentawai earthquake. We use 12 synthetic slip models to generate synthetic displacement sets and
then use the GASE technique to estimate the original synthetic slip model. The ﬁgure shows the slip distribution of the
target models with the corresponding slip distributions for the EE models.
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Table 4. Earthquake Magnitude (Mw) Calculated for the 12-Input Synthetic Slip Model and the Corresponding EE Models
SSM

Input Mw
EE Mw

1

2

3

4

5

6

7

8

9

10

11

12

8.72
8.71

8.81
8.72

8.78
8.79

8.51
8.52

8.68
8.60

8.61
8.68

8.66
8.61

8.59
8.55

8.49
8.46

8.28
8.35

8.23
8.34

8.52
8.40

4.2. Modeling the Coral Data for Instrumentally Constrained Earthquakes
4.2.1. The 2005 Nias-Simeulue Earthquake
The March 2005 Mw 8.6 Nias-Simeulue earthquake ruptured the portion of the Sunda megathrust adjacent to
the southern extent of the region affected by the 2004 Mw 9.2 Andaman-Sumatran earthquake [Nalbant et al.,
2005]. During the earthquake, uplift of up to 2.9 m was recorded by coral heads populating 90 sites along the
coastlines of Nias and Simeulue islands [Briggs et al., 2006]. These data were used in conjunction with the
uplift data derived from the recently installed campaign GPS (cGPS) arrays to provide the most detailed map
of slip distribution [Briggs et al., 2006; Konca et al., 2007].
In Figure 10, we compare our slip estimate to the Kon05 model [Konca et al., 2007]. Both the combined inversion and the EE model have similar along-strike extent. The Kon05 model has peak slip values slightly greater
than 12 m and a relatively compact distribution of slip, whereas the EE model produces marginally lower slip
values, spread over a wider area. Both the Kon05 and the EE model are of Mw 8.6. The smallest dissimilarities
between the two models are along the NE coast of Nias and the southern ﬂank of Simeulue, close to the densest cluster of observation points. Higher e values are found off the SW ﬂank of Nias and in the area between
the Nias and Simeulue islands where data are sparser. The S value showing the average deviation of slip in
cells of the stacked models is 0.05 (Table 5). Despite managing to reproduce only 63 of the 90 coral displacements within the observational uncertainty (Figure 12c), the EE model produces similar slip features as the
Kon05 model (Figure 10). When we calculate the displacements produced at each observation point by
the Kon05 model and compare them to the displacements produced by the EE model, we report that the
GASE solution produces a better ﬁt to the displacement data (Figure 12e).

Figure 10. (a) The slip distribution derived from the combined inversion of the teleseismic and geodetic data by Konca
et al. [2007]; (b) the slip distribution of the EE model; (c) s values showing the variability in slip values of the stacked
models; and (d) e values describing the level of dissimilarity between the EE and Kon05 models calculated for the 2005
Nias-Simeulue earthquake.
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Table 5. Comparison of Main Features of the EE Models (the
Percentage of Uplift Data Modeled Within Uncertainty, Estimated Mw,
and S Value) Calculated for the 1979, 1833, 2005, and 2007 Earthquakes

4.2.2. The 2007 Mentawai Sequence
In September 2007, the Southern
Mentawai Islands experienced a sequence
1797
1833
2005
2007
of large earthquakes in close succession.
% of uplift data modeled within
100.0
100.0
70.0
94.4
The ﬁrst event, Mw 8.4, began 70 km south
uncertainty
of Mega Island and propagated northS value
0.1
0.08
0.05
0.1
ward to rupture two slip asperities: one,
Mw
8.7
8.8
8.6
8.7
to the north of Mega Island, experienced
slip of over 6 m; the other just under the
South Pagai produced slip of >7 m. The initial event was followed 12 h later by a second Mw 7.9 earthquake,
giving a combined Mw 8.5 [Konca et al., 2008]. The earthquakes displacements for both events were recorded
instrumentally by a number of GPS and satellite instruments as well as by 18 coral microatolls [Konca
et al., 2008].
We compare our EE model to the Kon07 inversion [Konca et al., 2008] in Figure 11. The along-strike extent of
the EE model is poorly constrained compared to the Kon07 model, with low levels of slip extending from the
Enggano Island in the south to the north as far as the Batu Islands. Our solution reproduces the distinctive
dumbbell-shaped slip asperities observed in the initial Mw 8.4 earthquake, but it fails to clearly identify the
later Mw 7.9 event [Konca et al., 2008]. At the same time, it matches the peak slip values of the Kon07 model
under Mega Island and South Pagai and successfully models 17 of 18 displacements. The close convergence
of the modeled displacements onto the observed uplift can be seen in Figure 12d. A comparison of the displacements produced by both the EE and Kon07 models shows that our solution produces a better ﬁt to the
recorded uplift data (Figure 12f). However, the larger area of high slip in the EE model results in a larger Mw of
8.7 when compared to the Mw 8.5 of the Kon07 model.
The greatest dissimilarity between the EE and Kon07 model is indicated by the high e values off the south and
west coasts of the Pagai Islands, particularly around Mega Island, where slip is poorly constrained by a few
isolated observations. This dissimilarity is reﬂected in the variability of slip values of the stack models contributing to the EE model. We ﬁnd much higher s values in the range from 0.4 to 0.5 for the areas around Mega
Island than under the Pagai Islands where the s values fall to between 0.1 and 0.2. Better constrained slip in

Figure 11. (a) The slip distribution derived from the combined inversion of the teleseismic and geodetic data by Konca
et al. [2008]; (b) the slip distribution of the EE model; (c) s values showing the variability in slip values of the stacked models;
and (d) e values describing the level of dissimilarity between the EE and Kon07 models calculated for the 2007 Nias-Simeulue
earthquake.
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Figure 12. Comparison of the EE model displacements to other observed and modeled displacements. We compare the EE model displacement set to the coral
displacement data for (a) the 1797 Mentawai earthquake; (b) the 1833 Mentawai earthquake; (c) the 2005 Nias-Simeulue earthquake; and (d) the 2007 Mentawai
sequence. We compare the EE model displacement sets to displacements produced at (e) the 2005 coral locations by the Kon05 model [Konca et al., 2007] and (f) the
2007 coral locations by the Kon07 model [Konca et al., 2007]. The observed displacements (red squares) are shown alongside the observational uncertainties (green
triangles), the displacements produced by the stack models (black points), the EE model displacements (purple points), and the Kon05 and Kon07 model displacements
(blue points).

the region under the Pagai Islands is related to the greater number of observations in the vicinity. Due to
poorly constrained slip around Mega Island, the average S value for the 2007 EE model is calculated to be
0.1 and proves to be much higher than the S value of 0.04 for the EE model of the 2005 event (Table 5).
4.3. Modeling the Coral Data for Paleoearthquakes
4.3.1. The 1797 Mentawai Earthquake
In February 1797 a large earthquake accompanied by a tsunami was observed on the west coast of Sumatra
Island [Newcomb and McCann, 1987]. Natawidjaja et al. [2006] identiﬁed uplift at 14 sites associated with this
large event and used the data from 11 sites to constrain its source parameters (Figure 13a). The largest vertical displacements during the event, ranging between 0.7 and 0.8 m, were found along the southwest ﬂank
of Pagai Islands. On the northeast coast, the measured uplift was relatively smaller and did not exceed 0.5 m.
Note that the attempts to model uplift at all 14 sites proved to be unsuccessful mostly due to the sharp drop
in observed uplift values for the three southernmost corals on South Pagai, i.e., from approximately 0.8 m to
0.0 m, over tens of kilometers [Natawidjaja et al., 2006; Nic Bhloscaidh et al., 2015]. Natawidjaja et al. [2006]
suggested that a permanent inelastic deformation of the rock could be responsible for the problematic uplift
values. However, fresh analysis of the uplift data by Philibosian et al. [2014] showed that sites on South Pagai
experienced 0.28 ± 0.4 m uplift in 1797 much less than the than previously calculated uplift of 0.8 ± 0.2 m.
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Figure 13. The EE model slip distributions of the (a) 1797 Mentawai earthquake and (c) 1833 Mentawai earthquake with rupture outlines by Natawidjaja et al. [2006]
in purple. (b, d) The corresponding maps of s values show variability in slip values of the stacked models. (e) Slip contours (every 4 m) for the 1797 and 1833
earthquakes are shown in red and white, respectively.

Following Natawidjaja et al. [2006], we use the uplift data from 11 sites. We observe that our 1797 EE model
forms a bow-shaped rupture pattern. Slip is concentrated in a band 80 to 120 km downdip of the trench with
lobes of slip extending farther downdip of South Pagai and Siberut (Figure 13a). Peak slip, exceeding 8 m, is
concentrated in an asperity just off the western ﬂanks of North Pagai and Sipora. Northward, the slip levels
decline to 4 m under southern sections of Siberut with 2 m slip extending to the Batu Islands. To the south,
slip levels fall to between 4 and 5 m under South Pagai, with very low levels of slip extending southward past
Enggano Island. The Mw 8.7 of the EE model (Table 5) falls within the range proposed by Natawidjaja et al.
[2006]. The areas of highest slip, around the Mentawai Islands, are those with the lowest s values
(Figure 13b). Updip of the Mentawai Islands, the higher s values suggest less certainty about the trenchward
extent of the slip. The displacements produced by the GASE solution are tightly converged on the published
data and ﬁt all observations within the given uncertainty (Figure 12a)
4.3.2. The 1833 Mentawai Earthquake
Displacement data from corals sampled at 15 sites were used to characterize the patterns and magnitude of
uplift produced by a large earthquake in 1833 [Natawidjaja et al., 2006]. Observations of up to 2.8 m uplift at
sites on the southwest coast of South Pagai suggested 13 m slip on the underlying megathrust [Zachariasen
et al., 1999]. Sites on the northeast ﬂanks of the islands experienced uplift ranging between 0.9 and 1.7 m. As
indicated by the coral data, the event tilted the islands away from the trench what was reﬂected in steeper tilt
observed along the north shores. At the same time, the southeast ﬂanks of Sipora experienced ~ 1.2 m uplift,
whereas sites in the northwest direction recorded only ~ 0.5 m displacements. Progressively smaller levels of
uplift were recorded at single sites on Siberut, 0.25 m, and up to 0.12 m on the Batu Islands. From the historic
records, Newcomb and McCann [1987] estimated that the 1833 earthquake was produced by a rupture of Mw
8.7 to 8.8. Natawidjaja et al. [2006] suggested that if slip occurred only under Sipora, North Pagai, and South
Pagai islands, then the earthquake magnitude would not exceed Mw 8.8. However, if the rupture extended
from near Enggano Island in the south to the Batu islands in the north, as previously proposed by
Newcomb and McCann [1987], the size of the event would correspond to Mw 9.2 [Zachariasen et al., 1999].
Our estimated slip distribution for the 1833 event extends from just north of the Enggano Island to the southern coast of the Batu Islands (Figure 13c). The area of high slip of >13 m is modeled under South Pagai,
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dropping to 10 m under North Pagai, and farther to between 6 and 9 m under Sipora. A lobe of slip exceeding
8 m extends northward downdip of Sipora. Low s values under the Mentawai Islands indicate general
agreement of slip values of the stack models (Figure 13b). Higher s values off the southern and western ﬂanks
of the Pagai Islands suggest that slip here is not as well constrained. The solution displacements reproduce all
the published uplift values within the range of uncertainty (Figure 12b). The EE model of Mw 8.7 (Table 5) is
within the range proposed by Natawidjaja et al. [2006].
4.4. Discussion
4.4.1. The GASE Technique
Our GASE technique attempts to address the problem of estimating earthquake slip distributions in the
absence of instrumental constraints. We adopt a forward modeling approach that uses a genetic algorithm
to identify a suite of models consistent with a set of observations. We weight each model on its ability to
reproduce the displacement data and then compute an ensemble estimate of the causative slip distribution.
By using an ensemble model, we limit the inﬂuence of features unique to individual solutions and identify
those attributes common to the suite of models; however, this results in oversmoothing of the ﬁnal model.
Despite this, our solutions produce slip values consistent with synthetic test models, instrumentally constrained inversions of recent events, and earlier attempts to model the paleoearthquakes, while also satisfying the displacement data. Key to implementation of this technique is the careful design of data structures
and algorithm to minimize computational overheads.
A major issue with increasing the resolution (the number of model cells) at which we examine slip along the
fault is the increase in the number of solutions to be considered. The problem is compounded by multiple
solutions being capable of satisfying the surface displacement data. Several key features of the GASE technique allow us to identify a suite of models from which we can estimate the slip distribution responsible for the
observed displacements. By limiting acceptable slip values to a fractal distribution, we reduce the size of the
model space to be explored. At the same time, this allows solutions to approximate the patchwork of slip
asperities and antiasperities observed in earthquake slip distributions and ensure that only slip reﬂecting
the mechanical properties of the rock is considered [McCloskey et al., 2008]. Even then, only a small subset
of these models is capable of reproducing the displacement data and we use a genetic algorithm to
identify them.
Essential to the implementation of the genetic algorithm is a carefully designed data structure. The use of the
matrix chromosome to encode the fractal parameters allows neighborhood properties of successful models
to be preserved during crossover operations [Rojas et al., 2001; Wallet et al., 1996]. The use of a control chromosome allows several possible solutions to be quickly realized from a larger fractal by rapidly identifying
suitable event size and location parameters.
Producing an ensemble estimate of slip from a suite of models consistent with the observations gives us
greater conﬁdence in solution. The signal-to-noise ratio of values in the stacked models ampliﬁes the input
of common slip features in the ﬁnal ensemble, dampening the contribution of uncommon ones. As such,
the stability of the ﬁnal solution relates to the proximity of the modeled slip to the observation points helping
identify the areas of the fault plane where details of the slip are resolvable; this has a twofold effect. First,
despite the loss of some ﬁner detail, broad features of the slip close to observation points are generally well
constrained. Second, at distance from the observations, greater variability in stacked values produces a
weaker signal in the ﬁnal ensemble. The ﬁtness function plays an important role downweighting the
contribution (in the ﬁnal ensemble) of those solutions that poorly reproduce the displacement data. This is
demonstrated both by the EE model ﬁtness outperforming the individual solution ﬁtness (Figure 4) and
the tight convergence of EE model and the target displacement sets (Figure 5).
4.4.2. Modeling the Coral Data for Instrumentally Constrained Earthquakes
Our solution for the 2005 Nias-Simeulue earthquake reproduces 70% of the observations within the given
uncertainty (Table 5). Konca et al. [2008] computed a reduced chi-square value to assess the goodness of
ﬁt of their models to the geodetic data. Their model, produced from the combined cGPS and coral data,
had a reduced chi-square value of 5.21. Following their formula, we computed a reduced chi-square value
of 2.44 for our EE model using only the coral displacement data. While our lower reduced chi-square value
indicates a better ﬁt to the data, we use less observations and the coral data has much larger uncertainties
than the cGPS measurements.
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As we observed in the synthetic tests, the process of stacking sampled models causes slip to be spread more
widely over the fault model, simultaneously lowering peak slip values and smoothing out ﬁner details of the
slip distribution. While the combined inversion of teleseismic and geodetic data has peak slip centered under
the north coastline of Nias [Konca et al., 2007], the EE model produces signiﬁcant slip under the entire island.
However, with broadly similar slip values both the EE and Kon05 models have a magnitude of Mw 8.6.
Despite reproducing the broad features of the initial rupture, the EE model of the 2007 earthquake fails to
identify the slip generated by the smaller Mw 7.9 event. However, the greatest differences between our solution and the Kon07 model are found under Mega Island where two isolated corals experience large uplift.
South of Mega Island, the absence of data points result in a poorly constrained southern limit of our EE model.
In effect, stack variability increases with distance from the observation points and the high slip responsible for
the uplift on Mega Island gradually drops to 0, just south of Enggano Island. In contrast, the Kon07 inversion
relies on a number of instrumental sources as well as the coral data allowing them to tightly constrain the
southern limit of the event slip. Consequently, the Kon07 inversion is a compact model with Mw 8.5, while
our model has a much larger Mw of 8.7. However, it is important to remember that the solutions produced
from the coral data are incomplete estimates of the actual slip distributions responsible for the uplift data.
We use s values associated with the EE model to assess the uncertainty associated with the estimated slip.
4.4.3. Modeling the Coral Data for Paleoearthquakes
As noted by Nic Bhloscaidh et al. [2015], the historical displacement data records both coseismic and postseismic deformation between successive coral growth rings. Postseismic displacements may be signiﬁcant in the
ﬁrst few months after an event [Subarya et al., 2006]. The cGPS records of afterslip for the Nias-Simeulue
earthquake suggest that as much as 25% of the moment magnitude is released aseismically in the months
following the event [Hsu et al., 2005]. Konca et al. [2007] allows 20% of postseismic slip in their calculations
of moment release for the paleo-events. While this may result in underestimation of coseismic slip, it may also
account for more of the slip deﬁcit and so be of use in the long-term modeling of the fault behavior [Nic
Bhloscaidh et al., 2015].
Despite the sparse, irregular distribution of coral displacement data available for the 1797 and 1833 earthquakes, we are still able to extract enough information to determine the magnitude and patterns of the
responsible slip distributions. The average uncertainties for uplift observations of the 1797 and 1833 events
are 37% and 30% of the measured uplift, respectively. Our 1797 and 1833 EE models reproduce the uplift data
within the given uncertainties (Figure 12). In contrast, the average uncertainty associated with the 2005 and
2007 uplift data is 37% and 86%, respectively. The high uncertainty in uplift data of the 2007 event is most
likely caused by a few poorly constrained observations. For example, we can see that a number of sites
experienced low levels of uplift (<0.03 m) with relatively large uncertainties (±0.14 m to 0.18 m).
Our 1797 and 1833 EE models are consistent with the slip models of Natawidjaja et al. [2006] and give event
magnitudes that fall within the proposed ranges of Mw 8.5 to 8.7 and Mw 8.6 to 9.2 for the 1797 and 1833
events, respectively (Table 5). Whereas the expansive areas of high slip in the EE model of the 2007 event centers around an isolated set of corals, high slip in both the 1797 and 1833 events is well constrained by a higher
number of observation points around Sipora and the Pagai Islands. As a result, general agreement between
slip values of the stacked models is reﬂected here in the low s values. At the same time, observations from
remote corals on the Batu Island and, to a lesser extent, Siberut registered much smaller vertical displacements during both the paleoearthquakes, reducing the chance of modeling the large areas of poorly constrained high slip. When we compare the GASE solutions to the published inversions of the 2005 and 2007
earthquakes, we ﬁnd that the additional instrumental constraints produce more compact slip distributions.
It is therefore likely that the paleoslip distributions were in fact more compact than the GASE models suggests
and their peak slip values may be higher than calculated.
In their attempt to model the evolving stress state of the Sunda megathrust, Nalbant et al. [2013] referred to
incomplete knowledge of paleoslip distributions as a large source of error. Based on empirical scaling relations and the previously modeled slip values for the 1797 and 1833 earthquakes [Natawidjaja et al., 2006],
they created triangular source models that assumed peak slip to be at the center of each event. In effect, they
observed large, persistent areas of negative stress which they attributed to the poorly constrained slip in the
1833 event and called for the development of techniques to better estimate paleoearthquake slip. While still
presenting an incomplete picture of the 1797 and 1833 events, the slip distributions produced using our

LINDSAY ET AL.

A NEW GASE TECHNIQUE

1817

Journal of Geophysical Research: Solid Earth

10.1002/2015JB012181

GASE technique add some of the slip heterogeneity necessary for more accurate modeling of the evolving
state of stress of the megathrust.
Considered together, the speciﬁc distributions of slip for the paleoearthquakes complement one another
(Figure 13e); a property that has also been observed in models produced using the Bayesian Monte Carlo
approach [Nic Bhloscaidh et al., 2015]. The peak slip asperity in the 1797 earthquake is modeled under the
upper coast of North Pagai and Sipora. Lower levels of slip are found on lobes extending northward under
Siberut and to the south under South Pagai. The highest slip in the 1833 event is modeled under South
Pagai, just outside the southern extent of the 1797 high slip asperity. To the north, the 1833 model produces
low levels of slip under Sipora and Siberut, with areas of signiﬁcant slip (>5 m) found in the downdip direction from the areas of signiﬁcant slip in our model of the 1797 event. There is overlap of the southern sections
of the 1797 and 1833 slip distributions under South Pagai, although updip of the Pagai Islands both models
show elevated s values, suggesting greater uncertainty in the speciﬁc detail of the slip. Bearing in mind the
diffuse nature of EE model slip, the solutions appear to tile sections of the fault plane. To a lesser extent, the
Konca et al. [2008] inversion of the 2007 Mentawai sequence complements the EE models of the paleoslip.
The initial 2007 Mw 8.4 event terminates under South Pagai, where the EE model shows high slip in the
1833 event. The later rupture of Mw 7.9 bookends the 1833 model downdip of the Pagai Islands.
Unfortunately, the lack of displacement data south of the Mentawai Islands prevents us from further comparing the slip in the 1833 and 2007 events. It also prevents the detailed modeling of the southern extent of slip,
suggested by Newcombe and McCann [1987].

5. Conclusions
This paper details the implementation and testing of a new GASE technique that produces estimates of
coseismic slip from sometimes sparse, irregularly distributed surface displacements. Initial tests with synthetic
data show that our technique can produce well-converged slip estimates for both high- and low-quality
displacement data. Solutions produced from only 15 observations reproduce the key features of the target slip
distribution with estimate of the Mw to be up to ±0.12 of the input synthetic slip model.
A number of features helps to produce robust estimates of slip that agree with inversions produced from
entirely independent techniques, such as the combined inversions of the 2005 and 2007 earthquakes and
the Bayesian Monte Carlo models of the paleo-events. Limiting acceptable slip values to a fractal distribution
reduces the size of the model space to a manageable level. Careful design of a suitable data structure allows
a genetic algorithm to efﬁciently explore the model space. Additionally, the genetic algorithm itself is designed
to be readily implemented on clustered computer systems that signiﬁcantly reduces the time needed to identify solutions to the displacement data. Finally, combining multiple solutions to create a ﬁnal Ensemble Estimate
model of slip reinforces the signal from common features of stacked models and dampens the contribution
from features unique to individual solutions.
While initial tests of the method focus on demonstrating the technique viability and optimizing its implementation, the tests of necessary model constraints demonstrate its insensitivity to loosely deﬁne initial models.
Historical shaking records and tide gauge data can help constrain the source parameters for the 1797 and
1833 earthquakes, but for earlier events we must rely solely on paleoseismic and paleogeodetic data. The
technique’s insensitivity to the choice of initial values makes it ideal for analyzing these sparse observations.
As it is a forward modeling technique, it can be used to identify a range of solutions capable of producing the
observed displacements. The lack of observations may result in less robust estimates, but where these individual solutions exhibit signiﬁcant difference they can be grouped together to form competing estimates.
Where possible other source of data such as tsunami deposits may be used to reﬁne the EE models and
elucidate further details of slip.
The tests on real data also show that the technique can use coral displacement data to estimate slip for the
recent earthquakes. Slip estimates are generated for the 2005 Nias-Simeulue earthquake and the 2007
Mentawai sequence and validated against published geodetic inversions. The GASE solutions produces similarly scaled slip values and events of comparable moment magnitude. The 2007 Mentawai sequence of earthquakes shares a similarly sized and distributed set of coral observations to the earthquakes of 1797 and 1833.
The recovery of key slip features of the 2007 event suggests that sufﬁcient information is stored in the coral
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data to estimate broad features of the paleoslip associated with these events. However, attention must be
paid to the variation in stacked slip values.
From the published coral displacement data, we produce slip estimates for the 1797 and 1833 Mentawai
earthquakes. Our solutions provide more detailed estimates of paleoearthquake slip compared to the earlier
rectilinear models of the events; however, a lack of displacement data precludes modeling of the full extent
of the 1833 earthquake south of the Pagai Islands. The concordance of slip asperities in the 1797 and 1833
events suggests that the spatial distribution of earthquake slip acts to control (extent or location of) slip in
subsequent events along the Mentawai stretch of the megathrust. This may indicate that the complex
patterns of slip in 2007 sequence may also be inﬂuenced by the earlier events. Nevertheless, this tentative
observation requires more rigorous analysis and underpins the need for detailed modeling of coseismic slip
across several seismic cycles.
Recently published data for the 1797 and 1833 earthquakes reinterpret the coral record with updated correlation and rate ﬁtting techniques [Philibosian et al., 2014]. In future work we wish to model these improved
data to produce more accurate estimates of the 1797 and 1833 earthquakes. It is hoped that the resulting slip
distributions prove useful in developing longer-term strain budgeting and stress evolution models.
Furthermore, the revised data include minimum and combined total uplift values in the 1797 and 1833
events for individual observations, making it possible to devise multiple uplift scenarios for both events.
Modeling different uplift scenarios can be used to further examine the longer-term models’ sensitivity to
uncertainties in the data.
Along the Sunda Trench, the proximity of the corals recording vertical deformation caused by a number of
large earthquakes in the region offers a unique opportunity to test and develop the GASE technique.
However, the technique can also be adapted to examine preinstrumental slip distributions in other situations.
Wherever a set of Green’s functions can be used to map the effects of earthquake slip as a set of observations,
this technique can be adapted to identify possible source models. For example, coastal uplift along the
Andean Subduction Zone occurs at distance from the main slip asperities. While it may prove impossible to
recover detailed estimates of the responsible slip, some features of the rupture patterns may be identiﬁable.
Elsewhere, detailed histories of earthquake damage are being used to produce shake maps for normal faults.
While this presents a much more challenging problem, we feel that our technique may also be adapted to estimate the slip distributions from the ground-shaking information. It may also be possible to apply the GASE technique to InSAR and GPS data as an additional way of estimating earthquake slip distributions for recent events.
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