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Glossary

Bayesian analysis A model estimation technique that ac-
counts for incomplete knowledge. Bayes’ theorem is
a mathematical formulation of how an a priori esti-
mate of the probability of an event can be updated, if
a new information becomes available.

Critical earthquake concept The occurrence of large
earthquakes may be described in terms of statistical
physics and thermodynamics. In this view, an earth-
quake can be interpreted as a critical phase transi-
tion in a system with many degrees of freedom. The
preparatory process is characterized by acceleration of
the seismic moment release and growth of the spatial
correlation length as in the percolation model. This in-
terpretation of earthquake occurrence is referred to as
the critical earthquake process.

Earthquake forecast/prediction The forecast or predic-
tion of an earthquake is a statement about time,
hypocenter location, magnitude, and probability of oc-
currence of an individual future event within reason-
able error ranges.

Fault model A fault model calculates the evolution of slip,
stress, and related quantities on a fault segment or
a fault region. The range of fault models varies from
conceptual models of cellular automaton or slider-
block type to detailed models for particular faults.

Probability A quantitative measure of the likelihood for
an outcome of a random process. In the case of re-
peating a random experiment a large number of times
(e. g. flipping a coin), the probability is the relative fre-
quency of a possible outcome (e. g. head). A different
view of probability is used in the! Bayesian analysis.

Seismic hazard The probability that a given magnitude
(or peak ground acceleration) is exceeded in a seismic
source zone within a pre-defined time interval, e. g.
50 years, is denoted as the seismic hazard.

Self-organized criticality
Self-organized criticality (SOC) as introduced by
Bak [2] is the ability of a system to organize itself in
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the vicinity of a critical point independently of values
of physical parameters of the system and initial condi-
tions. Self-organized critical systems are characterized
by various power law distributions. Examples include
models of sandpiles and forest-fires.

Definition of the Subject

The most fundamental question in earthquake science is
whether earthquake prediction is possible. Related issues
include the following: Can a prediction of earthquakes
solely based on the emergence of seismicity patterns be re-
liable? In other words, is there a single or several “magic”
parameters, which become anomalous prior to a large
earthquake? Are pure observational methods without spe-
cific physical understanding, like the pattern recognition
approach of Keilis–Borok and co-workers [41], sufficient?
Taking into account that earthquakes are monitored con-
tinuously only for about 100 years and the best available
data sets (“earthquake catalogs”) cover only a few decades,
it seems questionable to forecast earthquakes solely on the
basis of observed seismicity patterns. This is because large
earthquakes have recurrence periods of decades to cen-
turies; consequently, data sets for most regions include less
than ten large events making a reliable statistical testing
questionable.

In the studies discussed here, the goal is not to fore-
cast individual earthquakes. Instead, we aim at developing
a combined approach based on numerical modeling and
data analysis in order to understand seismicity and the
emergence of patterns in the occurrence of earthquakes.
The discussion and interpretation of seismcity in terms of
statistical physics leads to the concept of “critical states”,
i. e. states in the seismic cycle with an increased probabil-
ity for abrupt changes involving large earthquakes. Amore
general goal of this work is to provide perspectives for
the understanding of the relevant mechanisms and to give
outlines for developments related to time-dependent seis-
mic hazard.

Introduction

Several empirical relationships for the occurrence of seis-
micity are well-known. The most common one is probably
the Gutenberg–Richter law [30] for the relation between
frequency and magnitude of earthquakes in a large seismi-
cally active region,

logN D a � bM ; (1)

where N is the frequency of earthquakes with magnitude
equal to or greater than M; a is a measure of the over-

all seismicity level in the region and the b value deter-
mines the relation between large and small earthquakes.
The Gutenberg–Richter law provides an important con-
straint for the design of physical models and serves as a key
ingredient for seismic hazard estimations. Statistical rela-
tions for the temporal occurrence of large events are less
well known, because the corresponding data records are
too short.

Several additional problems exist in the understanding
and interpretation of observed seismicity patterns. First,
it is important to decide whether an observed pattern has
a physical origin or is an artifact, arising for example from
inhomogeneous reporting or from man-made seismicity
like quarry blasts or explosions [69]. Second, the non-ar-
tificial events have to be analyzed with respect to their
underlying mechanisms. This leads to an inverse prob-
lem with a non-unique solution, which can be illustrated
for the most pronounced observed temporal pattern asso-
ciated with aftershocks. It is empirically known that the
earthquake rate Ṅ after a large event at time tM follows the
Omori–Utsu law [49,67]

Ṅ D
K

(c C t � tM)p
; (2)

where t is the time, K and c are constants, and the Omori
exponent p is close to unity. In particular, aftershocks are
an almost universal phenomenon; that is, they are ob-
served nearly after eachmainshock. The underlyingmech-
anisms leading to aftershocks are, however, unknown.
Various physical models have been designed to explain af-
tershock occurrence following Eq. (2). These models in-
clude viscoelasticity [32], pore fluid flow [46], damage
rheology [9,57], and rate-state friction [24]. The question
which mechanism or combination of mechanisms is rele-
vant in a given fault zone remains open. Detailed compar-
isons of observed and modeled seismicity with respect to
the aftershock rate, the duration of aftershock sequences,
the dependence on the mainshock size, and other features
are necessary to address this problem. Additionally, results
from lab experiments on rupture dynamics and satellite
observations of deformation provide important informa-
tion for the design of such models.

Apart from aftershock activity, other seismicity pat-
terns are occasionally associated with observations, in-
cluding foreshocks [39], seismic quiescence [34,72,78],
and accelerating moment release [17,38]. These patterns
have been documented in several cases before large earth-
quakes. They occur, however, far less frequently than af-
tershocks. For example, foreshocks are known to preceed
only 20–30% of large earthquakes [71]. Therefore, their
predictive power is questionable. Moreover, it is not clear
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whether these patterns can be attributed to physical pro-
cesses or to random fluctuations in the highly sparse and
noisy earthquake catalogs. This problem can be addressed
by using fault models which simulate long and complete
earthquake sequences over thousands of years. If the mod-
els capture the main features of the underlying physics,
the occurrence of seismicity patterns can be studied with
reasonable statistics. The main ingredients of such models
are the geometry of a fault region, empirically known con-
stitutive laws, spatial heterogeneities, and stress and dis-
placement functions following dislocation theory [20,47].
In order to allow for detailed studies of the relations be-
tween the imposed mechanisms and the observed seismic-
ity functions, it is important that the number of adjustable
parameters is limited.

It is emphasized that thesemodels do not aim to repro-
duce an observed earthquake catalog in detail. Instead, the
main goal is to address questions like: Why is the Park-
field segment of the San Andreas fault characterized by
relatively regular occurrence of earthquakes with magni-
tude M � 6, while on the San Jacinto fault in California
the properties of earthquake occurrence are more irregu-
lar? Basic models for seismicity are mainly based on one or
more solid blocks, which are driven by a plate over a slid-
ing surface. The plate and the blocks are connected with
springs. This model can generate stick-slip events con-
sidered to represent earthquakes. The slider-block mod-
els can produce a wide range of complexity, beginning
with a single block model leading to periodic occurrence
of events of uniform size, and progressing to an array of
connected blocks [18] leading to complex sequences of
events with variable size. In order to reduce the computa-
tional effort cellular automata are commonly used [42,48].
Mathematically, these models include maps instead of dif-
ferential equations; physically, this corresponds to instan-
taneously occurring slip events, neglecting inertia effects.
The main ingredients of slider-block and cellular automa-
ton models are (1) external driving (plate motion), and
(2) sudden local change of system parameters (stress),
when a critical value (material strength) is reached, fol-
lowed by an avalanche of block slips (stress drop and co-
seismic stress transfer during an earthquake). While the
first process lasts for years to several hundred years, the
second occurs on a time scale of a few seconds. The sim-
plest model including these features has been formulated
by Reid [52] and is known as Reid’s elastic rebound the-
ory; in terms of slider-block models, this corresponds to
a single blockmodel with constant plate velocity. Account-
ing for spatial heterogeneity and fault segmentation, many
interacting blocks, or fault segments, have to be consid-
ered. This leads to a spatiotemporal stress field instead

of a single stress value. In general, the material strength
will also become space-dependent. Such a model frame-
work can be treated with the methodology of statistical
physics similar to the Ising model or percolation mod-
els [43]. In this context, large earthquakes are associated
with second-order phase transitions [2,59,64]. The view of
earthquakes as phase transitions in a system with many
degrees of freedom and an underlying critical point, is
hereinafter referred to as the “critical point concept”. The
period before such a phase transition is expected to be
characterized by a preparation process including devel-
opment of power laws and growing spatial correlation
length [14]. However, depending on the parameters of
a model, different situations are conceivable: the system
trajectory can enter the critical state and the critical point
frequently (“supercritical”) or it may never becomes criti-
cal (“subcritical”). A case of special interest is the class of
models [2] showing self-organized criticality (SOC), which
have their origin in a simple cellular automaton model
for a sandpile [3]. In this case the system drives itself
permanently to the vicinity of the critical point with al-
most scale-free characteristics. Consequently, each small
event can grow into a large earthquake with some proba-
bility [28].

Long simulations of earthquake activity can be used to
calculate statistical features like the recurrence time distri-
bution of large earthquakes and the frequency-size distri-
bution with high precision. Despite the scaling behavior
(Eq. (1)) in the earthquake magnitudes for small and in-
termediate earthquakes, which is observed for many sets
of model parameters, clear deviations become visible for
large magnitudes. Such deviations are known from real
catalogs, but their statistical significance is not clear in
all cases. The model simulations suggest that deviations
from scaling for strong earthquakes can be attributed to
physical properties. One important property is the spatial
disorder of brittle parameters of the fault. The presence
of strong heterogeneities suppresses system-wide events
with some probability, whereas such events can evolve
more easily on smooth faults. The degree of quenched
(time-independent) spatial heterogeneity turns out to be
a key parameter for statistical and dynamical properties of
seismicity [5,12,80]. This includes the temporal regularity
of mainshock occurrence, various properties of the stress
and displacement fields, and a spontaneous mode-switch-
ing between different dynamical regimes without chang-
ing parameters. The degree of heterogeneity can act as
a tuning parameter that allows for a continuous change
of the model dynamics between the end-member cases of
supercritical and subcritical behavior. Such a dependence,
which is observed also for other parameters, can be visual-
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Seismicity, Critical States of: FromModels to Practical Seismic Hazard Estimates Space, Figure 1
Sketch of the fault model framework

ized in phase diagrams similar to the phase diagram for the
different aggregate states of water [22,79,80]. For increas-
ing complexity of a model, the number of axes of the phase
diagram, representing the relevant model parameters, will
increase. The above mentioned question of distinguish-
ing different faults like the Parkfield segment and the San
Jacinto fault can be rephrased as the problem of assign-
ing the faults to different regions in such a diagram. An
important step in this direction is the physical modeling
of observed seismicity patterns, including universal pat-
terns like aftershocks (Eq. (2)), common fluctuations like
foreshocks and the acceleration of seismic energy release
before large earthquakes. The latter phenomenon which
sometimes occurs over large regions including more than
one fault, can be interpreted in terms of the approach to-
wards a critical point. This view is supported by an ob-
servational study of the growth of the spatial correlation
length which is a different aspect of the same underlying
physics [73,75,76,77].

The establishment of relationships between model pa-
rameters and observational features may be used to tune
the model towards a specific fault zone, and use the tuned
fault model for practical applications of seismic hazard es-
timations. Toward this end the recurrence time distribu-
tion of large earthquakes is needed. Since observational
data records are often short and noisy, the use of Bayesian
probability theory is helpful for the estimation of uncer-
tain model parameters, and the incorporation of various
types of observational data in seismic hazard estimations.
The Parkfield segment, as one of the best monitored seis-
mically-active regions, serves as an excellent natural lab-
oratory for such a case study. A discussed example illus-

trates how partially known parameters like the stress drop
and the seismic hazard can be estimated by combining nu-
merical models and observational data [74].

In Section “Modeling Seismicity in Real Fault Re-
gions”, the physical fault model used for the discussed
studies is described. Results from numerical simulations
are presented in Sect. “Results”. A summary is given in
Sect. “Summary and Conclusions”.

Modeling Seismicity in Real Fault Regions

Numerous frameworks have been used to simulate
seismicity (see e. g. [6,9,10,18,32,37,48] and references
therein). These include slider-block models, cellular au-
tomata, “inherently discrete” fault models where the dis-
creteness is an inherent feature of the imposed physics,
and continuum models. In this section we illustrate how
a fault model (Fig. 1) can be adjusted in order to simulate
seismicity of a real fault region, e. g. the Parkfield segment
of the San Andreas fault in California.

Fault Geometry and Model Framework

A first constraint for a specific model is to represent the
geometry of the fault segment. As shown in Fig. 2, the re-
gion of Parkfield is characterized by a distribution of fault
segments, which have generally the same orientation. It is
therefore reasonable to map these segments in the model
on a plane intersecting the surface at a straight line from
SE to NW. The dimensions of the fault segment for mod-
eling (Fig. 1) are chosen to be 70 km in length and 17.5 km
in depth. As discussed in [10], this geometry corresponds
approximately to the San Andreas fault near Parkfield. The
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entire fault is an infinite half-plane, but the brittle pro-
cesses are calculated on the above rectangular section re-
ferred to below as the computational grid. The computa-
tional grid is discretized to 128 � 32 cells of uniform size,
where stress and slip are calculated. The size of the cells is
not related here to observations; rather it depends on the
magnitude range under consideration and the computa-
tional effort. The failure of a single cell defines the lowest
magnitude.A higher resolution of the grid with same over-
all dimensions increases the magnitude range, because the
magnitude is calculated from the slip of all cells during an
earthquake. Following Ben–Zion and Rice [10], the mate-
rial surrounding the fault is assumed to be a homogeneous
elastic half space, which is characterized by elastic param-
eters and a related Green’s function:

1. The elastic properties are expressed by the Lamé con-
stants  and �, which connect stress and strain in
Hooke’s law. For many rocks, these constants are al-
most equal; therefore we use  D � with � being the
rigidity. An elastic solid with this property is called
a Poisson solid. Because the strain is dimensionless, �
has the same dimension as the stress. In the present
study, we use � D 30GPa.

2. The (static) Green’s function G( Ey1; Ey2) defines the
static response of the half space at a position Ey1 to a dis-
placement at Ey2, which may arise from (coseismic) slip
or (aseismic) creep motion. Due to the discretization
of the fault plane into computational cells, we use the
Green’s function for static dislocations on rectangu-
lar fault patches of width dx and height dz, which is
given in [20] and [47]. Themain difference between this
Green’s function and the nearest-neighbor interaction
of most slider-blockmodels and cellular automata is the
infinite-range interaction following a decay according
to 1/r3, where r is the distance between source cell and
receiver point.

Interseismic Processes

The motion of the tectonic plates, indicated in Fig. 2, is
responsible for the build-up of stress in the fault zone.
Geodetic measurements of surface displacements provide
estimates of the velocity of the plates. For the San Andreas
fault, a value of vpl D 35mm/year as a long-term aver-
age [55] is widely accepted and is adopted for the model.
The displacement du in the regions surrounding the grid
during a time period
t is simply du D vpl �
t. While the
average slip rate u̇ is independent of the location of a cell,
the stress rate �̇ depends on space. The assumption that the
computational grid is embedded in a half-plane which un-
dergoes constant creep, implies that cells at the boundaries

of the grid experience higher load than cells in the cen-
ter of the grid. The Green’s function G(i; j ; k; l) defines
the interaction of points (i; j) and (k; l) in the medium. In
particular, the stress response at a position (i; j) to a static
change of the displacement field du(k; l) is given by

d�(i; j) D �
X

(k;l )2 half space

G(i; j ; k; l) � du(k; l) ; (3)

where the minus sign stems from the fact that forward
(right-lateral) slip of regions around a locked fault seg-
ment is equivalent to back (left-lateral) slip of the locked
fault segment. Taking into account that

X

(k;l )2half space

G(i; j ; k; l) D 0 ; (4)

Eq. (3) can be written as

�(i; j ; t) D �
X

(k;l )2 half space

G(i; j ; k; l)�[u(k; l ; t)�vpl t] ;

(5)

where u(k; l ; t) is the total displacement at position
(k; l) and time t since the start of the simulation. Be-
cause the surrounding regions sustain stable sliding,
u(k; l ; t) D vpl t for (k; l) … grid, the slip deficit outside
the fault region vanishes and it is sufficient to perform the
summation on the computational grid:

�(i; j ; t) D
X

(k;l )2 grid

G(i; j ; k; l) � [vpl t�u(k; l ; t)] : (6)

Equation (6) can be decomposed to a part for the tectonic
loading and a residual part for slip on the computational
grid. The tectonic loading follows the formula

�load(i; j ; t) D � (i; j) � t (7)

with a space-dependent but time-independent loading rate

� (i; j) D vpl �
X

(k;l )2 grid

G(i; j ; k; l) : (8)

The build-up of stress may be reduced by aseismic
creep motion, which is implemented by a local constitu-
tive law corresponding to lab-based dislocation creep [5]:

u̇creep(i; j ; t) D c(i; j) � �3(i; j ; t) (9)

with space dependent but time-independent creep coeffi-
cients c(i; j).
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Seismicity, Critical States of: FromModels to Practical Seismic Hazard Estimates Space, Figure 2
a Distribution of faults in the Parkfield (California) region; b fault region in the model

Friction and Coseismic Stress Transfer;
Quasidynamic Approach

It is widely accepted that earthquakes on large faults are
due to frictional processes on pre-existing structures. The
friction is therefore an important empirical ingredient
of a fault model [56]. Numerous laboratory experiments
have been carried out to characterize frictional behavior
of different materials (see e. g. [19]). An important find-
ing is that the friction coefficient defined as the ratio of
shear stress �shear and compressional normal stress �normal,
�f D �shear/�normal at the initiation of slip is approximately
constant for many materials; the value of �f lies between
0.6 and 0.85. This observation, known as Byerlee’s law,
is related to the Coulomb failure criterion [16] for the
Coulomb stress CS,

CS D �shear � �f�normal : (10)

The Coulomb stress depends on a plane where shear stress
and normal stress are calculated. Neglecting cohesion, the
Coulomb criterion for brittle failure is

CS � �0 ; (11)

which for CS D 0 is Byerlee’s law.
The North-American plate and the Pacific plate move

in opposite directions along the fault plane having strike-
slip motion. The absence of normal and thrust faulting re-
duces the problem to a one-dimensional motion: all parts
of the fault move along the fault direction. The stress state
of the fault is fully determined by the shear stress �xy in the
coordinates given in Fig. 2b. Slip is initiated if �xy exceeds
�f�y y . This quantity, which is called the static strength �s is
constant in time if �f is assumed to be constant. Note that
the normal stress on a planar fault in a homogeneous solid

does not change [1]. The shear stress �xy will be denoted
simply by � . In this notation, the failure criterion Eq. (11)
reduces to

� � �s : (12)

When a cell (k; l) fails, the stress drops in this cell to
the arrest stress �a:

�(k; l)! �a ; (13)

where the value �a maybe space-dependent. The stress
change produces a corresponding slip

du(k; l) D
�(k; l)� �a
G(k; l ; k; l)

(14)

with the self-stiffness G(k; l ; k; l) of cell (k; l).
The observational effect of dynamic weakening in-

cludes also a strength drop from the static strength to
a lower dynamic strength:

�s ! �d : (15)

In particular, slipping material becomes weaker during
rupture and recovers to the static level at the end of the
rupture. This approximation of the strength evolution is
known as static-kinetic friction.

The values �s, �d, and �a are connected by the dynamic
overshoot coefficient D:

D D
�s � �a

�s � �d
; (16)

or alternatively by the dynamic weakening coefficient ":

" D 1 �
�d

�s
: (17)



Seismicity, Critical States of: From Models to Practical Seismic Hazard Estimates Space S 7859

Seismicity, Critical States of: FromModels to Practical Seismic Hazard Estimates Space, Figure 3
Pictorial evolution of stress (solid line) and strength (dashed line) of a hypocenter cell in the quasidynamic approach

Following [10] we use in most simulations D D 1:25.
The redistribution of the stress release 
�(k; l) D

�(k; l)� �a from cell (k; l) to a point (i; j) at time t is

d�(i; j ; t) D G(i; j ; k; l) � ı
�
t �

r(i; j ; k; l)
vs

�

�

�(k; l)

G(k; l ; k; l)
; (18)

where ı(x) denotes the ı-function, which is 1 for x D 0
and 0 else; vs is the shear-wave velocity, and r(i; j ; k; l) is
the distance between source cell (k; l) and receiver posi-
tion (i; j). That is, regions far from the slipping cell receive
their stress portion later than regions close to the slipping
cell. The value of vs is assumed to be constant. Each “stress
transfer event” associated with Eq. (18) gives a transfer of
a stress d� from a source cell (k; l) to a receiver cell (i; j)
at time t. This time-dependent stress transfer is called the
quasidynamic approach in contrast to the quasistatic ap-
proach used in most similar models.

The evolution of stress and strength in a failing cell
is shown schematically in Fig. 3. When the slip is initi-
ated, both the stress and the strength drop. Due to co-
seismic stress transfer during the event, the cell may slip
several times before the earthquake is terminated and in-
stantaneous healing takes place in all cells. The piecewise
constant failure envelope (dashed line) indicates static-ki-
netic friction. A model version with gradual healing was
employed by [79]. A review of analytical results associated
with the basic model in the context of a large universality
class is given in� JerkyMotion in Slowly DrivenMagnetic
and Earthquake Fault Systems, Physics of.

We note that the Green’s function leads to an infinite
interaction range. Using open boundary conditions with
respect to the computational grid, the stress release from

a slipping cell is not conserved on the grid, but on the infi-
nite half plane.

Data

Themodel produces two types of data, earthquake catalogs
and histories of stress and displacement fields. As demon-
strated below, all parameters of the model have physical
dimensions and can therefore be compared directly with
real data, where they are available. This is in contrast to
most of the slider-block and cellular automaton models.

Earthquake catalogs include values of the earthquake
time, hypocenter, and size. The time of an earthquake is
the time of the first slip; the hypocenter is determined
by the position of the corresponding cell along strike and
depth. The size of an event can be described by differ-
ent measures: The rupture area A is the total area, which
slipped during an earthquake. The potency

P D
Z

u(A)dA (19)

measures [7] the total slip during the event and is related
to the seismic moment m0 by the rigidity: m0 D �P. The
(moment) magnitude M can be calculated from the po-
tency [10] using

M D (2/3) log10 (P)C 3:6 ; (20)

where P is given in cm � km2.

Results

Numerous simulations of the model described in the pre-
vious section have been performed. Firstly, simulations
have been examined with respect to the spatiotemporal
propagation of stress during single earthquakes (“rupture
histories”). Then, long deformation histories have been
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Seismicity, Critical States of: FromModels to Practical Seismic Hazard Estimates Space, Figure 4
Snapshots of rupture evolution for a system-wide event on a smooth fault without creepmotion. t denotes the time after the rupture
initiation (given in units of the total earthquake duration tEQ). The white circle is the hypocenter of the event. The figure shows the
dimensionless stress state �̂ D ���a

�s��a
of the cells. a t/tEQ D 1/6; b t/tEQ D 2/6; c t/tEQ D 3/6; d t/tEQ D 4/6; e t/tEQ D 5/6; f t/tEQ D 1

simulated in order to search in a large fraction of the pa-
rameter space for relationships between input parameters
and observed seismicity features. In this section, a selec-
tion of key results is presented and discussed in relation to
critical states of seismicity.

Rupture Histories

We compare qualitatively rupture histories of large earth-
quakes for three end-member cases in parameter space:

(1) a smooth fault,
(2) a rough fault, and
(3) a fault without dynamic weakening (�d D �s or

D!1 in Eq. (16)).

Following [5], we vary the degree of quenched spatial dis-
order for a particular realization by introducing barriers
of high stress drop �s � �a in an environment of low stress
drop.

The observation that smooth faults show a more reg-
ular earthquake occurrence than rough faults, can be ex-

plained by the ability of the stress field to synchronize
on certain fault patches. On a disordered fault, this type
of synchronization is unlikely. Figure 4a shows the stress
field (normalized between 0 and 1) immediately before
a large earthquake on a smooth fault. The most striking
feature is the emergence of clearly defined patches with
highly loaded boundaries. During rupture evolution, these
patches rupture almost in series until the fault is nearly un-
loaded (see Fig. 4b–f). A different situation is shown in
Fig. 5, corresponding to a rough fault with creep coeffi-
cients c(i; j) (Eq. (9)) that increase with depth leading to
a brittle-ductile transition zone as in [5] and [80]. Here the
stress field in the brittle regime is irregular without obvi-
ous pattern formation. Similar behavior is found in a case
where dynamic weakening is switched off (D!1); in
other words, the material heals instantaneously. Figure 6
shows the stress field in this case. In analytical studies, it
has been shown that this corresponds exactly to a criti-
cal point in a phase diagram spanned by the stress dissi-
pation and dynamic weakening [22,27]. Observational re-
sults indicate [68] that irregular slip histories and power
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Seismicity, Critical States of: FromModels to Practical Seismic Hazard Estimates Space, Figure 5
Same as Fig. 4 for a strongly disordered fault with a brittle-ductile transition at about 15 km depth. a t/tEQ D 1/6; b t/tEQ D 2/6;
c t/tEQ D 3/6; d t/tEQ D 4/6; e t/tEQ D 5/6; f t/tEQ D 1

Seismicity, Critical States of: From Models to Practical Seismic
Hazard Estimates Space, Figure 6
Same as Fig. 4a for a fault without dynamic weakening (�d D �s)
corresponding to a dynamic overshoot coefficient D!1
(Eq. (16))

law frequency-size distributions are associated with geo-
metrically disordered fault structures, while characteris-
tic earthquake statistics and overall regular ruptures are
found on mature fault with large total displacements.

Although the stress field shows a complex evolution
during a simulation, the presence or absence of charac-
teristic length scales indicating the relation to a critical

point is easily detected. From an observational point of
view, the stress field is not accessible. The evolution of
the displacement field may be estimated, e. g. from seis-
mic and geodetic data using slip inversion techniques. Be-
cause of the high uncertainties in the calculated slip his-
tories, a quantitative comparison of the simulated data
with “natural” data is questionable. However, general fea-
tures of the quasidynamic ruptures are quite realistic, e. g.
the irregular patterns in Fig. 5 resemble the rupture of
the Chi–Chi (Taiwan) earthquake on September 21, 1999
(Mw D 7:6) [58].

Later we will show that the frequency-size distribution
of earthquakes can serve to some extent as a proxy for the
degree of disorder of the stress field. Ben-Zion et al. [12]
discuss additional seismicity functions that may be used as
surrogate variables for the stress.

Frequency–Size Distributions

The frequency-size (FS) distribution is one of themost im-
portant characteristics of observed seismicity. For world-
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Seismicity, Critical States of: From Models to Practical Seismic
Hazard Estimates Space, Figure 7
Frequency-size distribution for California from 1970 to 2004; the
dashed line denotes a power law fit to the data

wide seismicity, this distribution is given by the Guten-
berg–Richter law (Eq. (1)). Figure 7 shows the FS distribu-
tion of California seismicity from 1970 to 2004. Here we
use the non-cumulative version of Eq. (1), where N is the
number of earthquakes with magnitude between M and
M C dM with a magnitude bin dM D 0:1.

For individual fault zones the FS distribution can de-
viate from Eq. (1), especially for high magnitudes. Exam-
ples are given in Fig. 8, which shows the FS distribution
of the Parkfield segment (Fig. 8a) and for the San Jacinto
fault (Fig. 8b) in California for a time span of 45 years.
The distribution of the Parkfield segment consists of two
parts: A scaling regime for 2:2 � M � 4:5 and a “bump”
for 4:5 < M � 6:0. For the San Jacinto fault, the scaling
range is observed for almost all events (2:2 � M � 5:0).
The decrease for M � 2 in both plots is probably due to
catalog incompleteness.

The FS distribution as shown in Fig. 8a is called the
characteristic earthquake distribution, because of the in-
creased probability for the occurrence of large (“charac-
teristic”) events compared to the prediction of the Guten-
berg–Richter relation. The latter is an exponential dis-
tribution for the earthquake frequency as a function of
magnitude, or a power law distribution for the earthquake
frequency as a function of potency (Eqs. (19), (20)), mo-
ment, energy, or rupture area, over a broad range of mag-
nitudes [66]. The Gutenberg–Richter relation is “scale-
free” because a power law distribution indicates the ab-
sence of a characteristic scale of the earthquake size [64].
In terms of critical point processes, the absence of a char-
acteristic length scale indicates that the system is close to
the critical point. In this state, earthquakes of all mag-
nitudes can occur, or each small rupture can grow into

a large one. Therefore, the frequency-size distribution can
serve as a proxy for the current state of a system in relation
to a critical point.

The FS distribution in a model can be tuned by vary-
ing the mean stress h�i on the fault, where hi denotes the
spatial average. This can be achieved, for instance, by vary-
ing brittle properties, e. g. in terms of the dynamic over-
shoot coefficient D (Eq. (16)), or by introducing dissipa-
tion [31,79]. Figure 9 shows FS distributions for two dif-
ferent values of D : D D 5/4 (Fig. 9a) and a higher value
D D 5/3 (Fig. 9b). While Fig. 9a follows a characteristic
earthquake behavior similar to the Parkfield case (Fig. 8a),
Fig. 9b resembles the shape of the FS distribution of the
San Jacinto fault (Fig. 8b).

As an outcome, three cases can be distinguished by
means of a critical mean stress �crit:

1. subcritical fault (h�i < �crit): the mean stress on the
fault is too small to produce large events. The system
is always far from the critical point. The FS distribution
is a truncated Gutenberg–Richter law.

2. supercritical fault (h�i > �crit): the mean stress is high
and produces frequently large events. After a large
earthquake (critical point), the stress level is low (sys-
tem is far from the critical point) and recovers slowly
(approaches the critical point). The FS distribution is
a characteristic earthquake distribution.

3. critical fault (h�i � �crit): the system is always close to
the critical point with scale-free characteristics. The FS
distribution is a Gutenberg–Richter law with a scaling
range over all magnitudes.

If the FS distribution is plotted as a function of the model
parameters, the result can be visualized by a phase dia-
gram [22,31,79,80]. An example is provided in Fig. 10,
which shows schematically the phase diagram spanned by
the degree of quenched spatial disorder and 1 � " with
the dynamic weakening coefficient " (Eq. (17)). The phase
diagram summarizes results from various studies, which
demonstrate that the degree of spatial disorder of the
stress drop acts as a tuning parameter for the FS distribu-
tion [5,36,80].

If the model is in the transition regime betweenGuten-
berg–Richter statistics and characteristic earthquake be-
havior, the ability of the stress field to synchronize on
parts of the fault can have additional impact on the dy-
namics of seismicity: for a model with small cells and high
stress fluctuations along the cell boundaries arising from
a high degree of spatial disorder, the system can undergo
a spontaneous transition from an ordered state and char-
acteristic behavior to a disordered state following Guten-
berg–Richter statistics. Due to the high fluctuations in the
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Seismicity, Critical States of: FromModels to Practical Seismic Hazard Estimates Space, Figure 8
Frequency-size distribution for two faults in California: a the Parkfield segment, and b the San Jacinto fault

Seismicity, Critical States of: FromModels to Practical Seismic Hazard Estimates Space, Figure 9
Frequency-size distribution for model realizations with different dynamic overshoot coefficients (Eq. (16)): a D D 5/4 , b D D 5/3

Seismicity, Critical States of: From Models to Practical Seismic
Hazard Estimates Space, Figure 10
Phase diagram for the frequency-size distribution (GR=Gu-
tenberg–Richter distribution, CE=characteristic earthquake dis-
tribution) spanned by the degree of quenched spatial disorder
and the dynamic weakening represented by ". The upper left
corner corresponds exactly to a critical point [22,27] and results
in scale-free characteristics as shown in Fig. 6

stress field, there is some probability that a certain num-
ber of cells synchronize by chance, leading to an ordered
behavior for some seismic cycles, until the order is de-
stroyed, again resulting from stress fluctuations. This type
of mode-switching behavior has been observed earlier in
a mean-field model and a damage rheology model [11,22].
Figure 11a gives a corresponding earthquake sequence
with spontaneous mode-switching behavior. Figure 11b
shows a sequence calculated with a higher grid resolu-
tion (128 � 50 cells). The tendency to mode-switching is
less pronounced, but still visible. In [79] it is shown that
the emergence of such mode-switching depends both on
the spatial range of interaction (given as the decay of the
Green’s function) and the discretization of the computa-
tional grid. In the less realistic model of [22], where the
stress redistribution is governed by a constant (space-in-
dependent) Green’s function, analytical expressions for
persistence times have been calculated [27]. In [11] some
evidence for mode-switching behavior in long seismic
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Seismicity, Critical States of: FromModels to Practical Seismic Hazard Estimates Space, Figure 11
Earthquake area (measured as the number of failed cells) as a function of time a in the mean-field model of Dahmen et al. [22] for
a fault with 100 cells and b in the elastic model with 128� 50 cells

Seismicity, Critical States of: FromModels to Practical Seismic Hazard Estimates Space, Figure 12
Earthquakes before and after amainshock: a theM7:3 Landers (California) earthquake; bM7:3 earthquake in the basic version of the
model

records based on paleoseismic and geologic data from the
Dead Sea fault and other regions are discussed. However,
the relevance of mode-switching to natural seismicity re-
mains unclear due to the general lack of very long data
records.

Aftershocks and Foreshocks
The most pronounced temporal pattern in observed seis-
micity is the emergence of strongly clustered aftershock
activity following a large earthquake. Apart from the
Omori–Utsu law (Eq. (2)), it is widely accepted that after-
shocks are characterized by the following properties:

1. The aftershock rate scales with the mainshock size [51].
2. Aftershocks occur predominantly around the edges of

the ruptured fault segments [66].

3. Båth’s law [4]: The magnitude of the largest aftershock
is usually about one unit smaller than the mainshock
magnitude.

Deviations from the Omori–Utsu law, especially for rough
faults, are discussed in [45]. While aftershocks are ob-
served after almost all large earthquakes, foreshocks oc-
cur less frequent [71]. As a consequence, much less is
known about the properties of these events. Kagan and
Knopoff [40] and Jones and Molnar [39] propose a power
law increase of activity according to an “inverse” Omori–
Utsu law.

Figure 12a shows an example for the aftershock se-
quence following theM7:3 Landers earthquake in Califor-
nia on June 28, 1992. An earthquake of similar size gener-
ated by the model is given in Fig. 12b. The absence of af-
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tershocks in the simulation is clearly visible. The reason for
the lack of aftershocks is the unloading of the fault result-
ing from the mainshock: When a large fraction of the fault
has ruptured, the stress in this region will be close to the
arrest stress after the event. Consequently, the seismicity
rate will be almost zero until the stress field has recovered
to a moderate level.

Discussions for likely mechanisms of aftershocks are
given in [9] and [81]. A common feature is the presence
of rapid postseismic stress which generates aftershock ac-
tivity. In [32], for instance, postseismic stress has been
attributed to a viscoelastic relaxation process following
the mainshock. In the work discussed here, continuous
creep displacement following Eq. (9) is assumed. Addi-
tionally, the computational grid is divided by aseismic bar-
riers from the free surface to depth into several seismi-
cally active fault segments. As shown in [81], this mod-
ification results in a concentration of stress in the aseis-
mic regions during rupture and, subsequently in a release
of stress after the event according to the coupled creep
process. This stress release triggers aftershock sequences
obeying the Omori–Utsu law (Eq. (2)). A typical after-
shock sequence after a M6:8 event is shown in Fig. 13.
In agreement with Båth’s law, the strongest aftershock has
the magnitude M D 5:5 in this sequence. The sequence
shows also the effect of secondary aftershocks, namely af-
tershocks of aftershocks [61]. The stacked earthquake rate
as a function of the time after the mainshock is given
in Fig. 14. In this case, where the barriers are character-
ized by creep coefficients higher by a factor of 105 than in
the other patches, a realistic Omori exponent of p D 1 is
found.

Seismicity, Critical States of: From Models to Practical Seismic
Hazard Estimates Space, Figure 13
Earthquakes before and after a mainshock with MD 6:8 in the
modified model

Aftershock sequences like in Fig. 13 emerge after all
large events in the extended model. In contrast, there is
generally no clear foreshock signal visible in single se-
quences. However, stacking many sequences together un-
veils a slight increase of the earthquakes rate prior to
a mainshock supporting the observation of accelerating
foreshock activity. An explanation of these events can be
given in the following way: Between two mainshocks the
stress field organizes itself towards a critical state, where
the next large earthquake can occur. This critical state
is characterized by a disordered stress field and the ab-
sence of a typical length scale, where earthquakes of all
sizes can occur [12]. The mainshock may occur immedi-
ately or after some small to moderate events. The latter
case can be considered as a single earthquake, which is in-
terrupted in the beginning. This phenomenon of delayed
rupture propagation has also provided a successful expla-
nation of foreshocks and aftershocks in a cellular automa-
ton model [33,35].

The hypothesis that foreshocks occur in the critical
point and belong, in principle, to the mainshock, can
be verified by means of the findings from Subsect. “Fre-
quency–Size Distributions”. In particular, the frequency-
size distribution in the critical point (or close to the
critical point) is expected to show scale-free statistics.
If an overall smooth fault model following characteris-
tic earthquake statistics is studied over a long time pe-
riod, the approach of the critical point should be seen in
terms of a change of the frequency-size distribution to-
wards Gutenberg–Richter behavior [12]. This change of
frequency-size statistics is indeed observed in the model
(Fig. 15) and supports the validity of the critical point con-
cept [82].

Accelerating Moment Release

In the previous section, it has been argued that large earth-
quakes are associated with a critical point and the prepa-
ration process is characterized by increasing disorder of
the stress field and increasing tendency for scale-free char-
acteristics in the frequency-size distribution. Further sup-
port for critical point dynamics has been provided by the
observational finding of [17] that the cumulative Benioff
strain ˙˝(t) follows a power law time-to-failure relation
prior to the M7:1 Loma Prieta earthquake on October 17,
1989:

˙˝(t) D
N(t)X

iD1

p
Ei D A� B(tf � t)m (21)

Here, Ei is the energy release of earthquake i, N(t) is the
number of earthquakes before time t; tf is the failure time
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Seismicity, Critical States of: FromModels to Practical Seismic Hazard Estimates Space, Figure 14
Earthquake rate as a function of time for the model with seismic and aseismic regions. The calculation is based on a simulation with
200,000 earthquakes covering about 5000 years; the earthquake rates are averaged over about 300mainshocks. A fit of the Omori–
Utsu law (Eq. (2)) with pD 1 is denoted as a solid line. The dashed line gives the estimated background level of seismicity

Seismicity, Critical States of: From Models to Practical Seismic
Hazard Estimates Space, Figure 15
Frequency-magnitude distributions of all earthquakes, fore-
shocks and aftershocks. Foreshocks and aftershocks are defined
as earthquakes occurring within one month before and after an
earthquake withM � 6

and A; B, and m > 0 are constants. Similar studies for nu-
merous seismically active regions followed (see [8,77] and
references therein).

The time-to-failure relation Eq. (21) has been ex-
plained by [54] and [60] from the viewpoint of renormal-
ization theory and by [8] and [65] in terms of damage rhe-
ology. Similar to the findings about foreshocks, the time-
to-failure pattern is not universal. Therefore, a stacking
procedure is adopted in order to obtain robust results on
the validity of Eq. (21) in the model. This is not straight-
forward, since the interval of accelerating moment release
is not known a priori and the duration of a whole seis-
mic cycle, as an upper limit, is not constant. To normal-
ize the time interval for the stacking, the potency release

Seismicity, Critical States of: From Models to Practical Seismic
Hazard Estimates Space, Figure 16
Mean potency release (Eq. (19)) as a function of the stress level.
The stress level is normalized to the maximum (max) and mini-
mum (min) observed stress

(Eq. (19)) is computed as a function of the (normalized)
stress level (Fig. 16). Taking into account that the stress
level increases almost linearly during a large fraction of the
seismic cycle, the stress level axis in Fig. 16 can effectively
be replaced by the time axis leading to a power law depen-
dence of the potency release on time. The best fit is pro-
vided with an exponent s D �1:5. Transforming the po-
tency release to the cumulative Benioff strain (Eq. (21)),
results in an exponent m D 0:25 in Eq. (21). This find-
ing is based on a simulation over 5000 years; the exponent
is in good agreement with the theoretical work [53], that
derives m D 0:25 for a spinodal model, and the analyti-
cal result of m D 0:3 in the damage mechanics model [8].
An observational study of California seismicity findsm be-
tween 0.1 and 0.55 [15].
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Seismicity, Critical States of: From Models to Practical Seismic
Hazard Estimates Space, Figure 17
The normalized interevent time distribution of the model sim-
ulations (black dots) compared with the result of [21] and the
distribution of earthquakes in California (ANSS catalog ofM � 3
earthquakes occurred between 1970 and 2004 within 29ı and
43ı latitude and�113ı and�123ı longitude)

Interevent Times

In recent studies it has been shown that the distribution
of interevent times can be described by a universal law. In
particular, the distributions from different tectonic envi-
ronments, different spatial scales (from worldwide to local
seismicity) and different magnitude ranges collapse if the
time
t is rescaled with the rate Rxy of seismic occurrence
in a region denoted by (x; y) [21]. Such rescaling leads to

Dxy(
t) D Rx y � f (Rx y
t) ; (22)

whereDxy is the probability density for the interevent time

t, and f can be expressed by a generalized gamma distri-
bution

f (�) D C
1

���1
exp

 

�
�ı

B

!

: (23)

The parameters C, � , ı, and B have been determined
by a fit to several observational catalogs [21].

In Fig. 17 we compare Dxy(
t) from Eq. (22) with two
earthquake catalogs: (1) The ANSS catalog of California
(catalog ranges are given in the caption), and (2) the model
catalog. Due to the universality of Eq. (22) with respect to
different spatial scales, the comparison of the model simu-
lating a single fault of 70 km length with a region of hun-
dreds of kilometers including several faults in California
does not require coarse graining the ANSS catalog. In the
region where the interevent times are calculated, we find
a remarkable agreement of the three curves. For small val-
ues of 
t, Eq. (22) deviates from the California data; for

Seismicity, Critical States of: From Models to Practical Seismic
Hazard Estimates Space, Figure 18
The temporal earthquake occurrence quantified by the coeffi-
cient of variation as a function of the lower magnitude cutoff.
Values larger than 1 indicate clustering, whereas lower values
point to quasiperiodic behavior

high values the model has a slightly better correspondence
with the observational data than Eq. (22). Thus the results
generally support the recent findings of [21].

The degree of temporal clustering of earthquakes can
be estimated by the coefficient of variation CV of the in-
terevent time distribution.

CV D � /� ; (24)

where � is the standard deviation and � the mean value of
the interevent time distribution. Values of CV > 1 denote
clustered activity, while CV < 1 represents quasiperiodic
occurrence of events. The case CV D 1 corresponds to
a randomPoisson process. The studies of [5] and [80] have
found that the clustering properties of the large events de-
pend on the degree of quenched spatial disorder of the
fault. Figure 18 shows that CV as a function of the lower
magnitude cutoff has a characteristic shape. The values of
CV are higher than 1 (clustered) for small and intermedi-
ate earthquakes (M � 5:4) and smaller than 1 (quasiperi-
odic) for larger earthquakes. This corresponds to the case
of a low degree of disorder in [80], because the brittle cells
which participate in an earthquake have no significant spa-
tial disorder.We note that this behavior resembles the seis-
micity on the Parkfield segment of the San Andreas fault,
which is characterized by a quasiperiodic occurrence of
mainshocks. Based on the analysis of 37 earthquake se-
quences, an estimation of CV � 0:5 has been found for
multiple tectonic environments [26].

A different behavior is observed on the San Jacinto
fault in California, where the largest events occur less reg-
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ularly and have overall smaller magnitudes. As discussed
in [5] and [80], this can be modeled by imposing higher
degrees of disorder leading to a broader range of spatial
size scales, e. g. by using a higher number of near-verti-
cal barriers.While barriers provide a simple and physically
motivated way to tune the degree of disorder, other types
of heterogeneities may work as well, as long as they are
able to produce strong enough fluctuations of the stress
field. As an example, we mention fractal distributions of
the stress drop, which can be tuned easily by changing the
fractal dimension [63,80].

Recurrence Times of Large Earthquakes

While interevent times are waiting times between suc-
cessive earthquakes in a given catalog, recurrence times
are defined as waiting times between two successive large
events, typically in the magnitude range 6 � M � 9, de-
pending on the region. For example, on the Parkfield seg-
ment of the San Andreas fault seven �M6 earthquakes
occurred between 1857 and 2004 with recurrence times
T1 D 24 years, T2 D 20 years, T3 D 21 years, T4 D 12
years, T5 D 32 years, and T6 D 38 years.

The distribution of recurrence times of large earth-
quakes is crucial for the calculation of seismic hazard. Due
to a lack of observational data, this distribution is un-
known for real fault systems. Commonly used distribu-
tions are based on extreme value statistics and on mod-
els for catastrophic failure. These include the lognormal
distribution [50], the Brownian passage time distribu-
tion [44], and the Gumbel distribution [29]. All distribu-
tions are characterized by a maximum for a certain recur-
rence time followed by an asymptotic decay. The Brown-
ian passage time distribution and the lognormal distribu-
tion have been used by the Working Group on California
Earthquake Probabilities [70], e. g. for calculating earth-
quake probabilities in the San Francisco Bay area.

Figure 19a shows the probability density function
(pdf) of the recurrence times of earthquakes with mag-
nitude M > 6:2 in a realization of the numerical model
for the Parkfield region [74]. Since we focus on long
time-scales, we use here a minimal model without aseis-
mic creep and strong spatial heterogeneities. This model
leads to characteristic earthquake statistics and quasiperi-
odic occurrence of large events, and can therefore serve
as a model framework for large earthquakes on the Park-
field segment. However, quantities which are only poorly
known from empirical data, e. g. the stress drop, have
to be chosen in order to perform a numerical simula-
tion. Starting with an imposed uniform a priori distribu-
tion P(
�) of stress drops between a lower bound 
�min

and an upper bound 
�max, an a posteriori distribution
P(
� jT1; : : : ; TN) can be estimated using observational
recurrence times T1; : : : ; TN from Parkfield and Bayes’
theorem [13],

P(
� jT1 ; : : : ; TN) D
P(T1 ; : : : ; TNj
�)P(
�)
��maxP

sD��min

P(T1 ; : : : ; TNjs)P(s)
;

(25)

with the likelihood function

P(T1 ; : : : ; TNj
�) D
NY

iD1

f (Ti j
�) : (26)

The function f (Ti j
�) denotes the pdf of recurrence times
simulated with a model stress drop 
� . To get an analytic
expression of this function, it is fitted by a Gamma dis-
tribution f (t) D ˇ�1(� (� ))�1( t��

ˇ
)��1exp (� t��

ˇ
) with

the location parameter �, the shape parameter � � 2:0
and the scale parameter ˇ (with x � � ; �; ˇ > 0). For an
example see Fig. 19a. In [74] it is shown that the mean
value �t and the standard deviation � t of the fits in this
model are related to the average stress drop of a large
earthquake
� by the simple empirical relations

�t(
�) D 9:7 �
�

�t(
�) D 1:8 �
�2 � 6:8 �
� C 11:7
(27)

with �t ; �t in years and 
� in MPa. Using this approxi-
mation in combination with six observational recurrence
times from�M6 earthquakes on the Parkfield segment, we
find the a posteriori distribution of stress drops shown in
Fig. 19b. The position where this distribution reaches the
maximum, 
� D (3:04˙ 0:27)MPa, is the most repre-
sentative value of the stress drop of�M6 Parkfield events.

The cumulative probability density function (cdf) of
recurrence times based on Eq. (26) and the observational
data can now be calculated by

C(t) D
tZ

0

��maxZ

��min

f (t0j
�)P(
� jT1 ; : : : ; TN)d
�dt0 : (28)

The hazard function

H(
tjt0) D
C(t0 C
t) � C(t0)

1� C(t0)
(29)

is the conditional probability that the next large earth-
quake occurs in the interval [t0 ; t0 C
t] given the time
t0 since the last large event. Results for two choices of ob-
servational data (corresponding to two different observa-



Seismicity, Critical States of: From Models to Practical Seismic Hazard Estimates Space S 7869

Seismicity, Critical States of: FromModels to Practical Seismic Hazard Estimates Space, Figure 19
a Approximated probability density function of the recurrence time distribution of large earthquakes (M > 6:2) for a simulated
earthquake catalog and fit with a truncated Gamma distribution; b A posteriori distribution P(	�jT1; : : : ; TN) of stress drop	�
calculated with Bayes’ theorem (Eq. (25))

Seismicity, Critical States of: FromModels to Practical Seismic Hazard Estimates Space, Figure 20
a Cumulative recurrence time distribution C(t) (Eq. (28)) for (1) the Bayesian approach with three data points: long-dashed line; (2)
the Bayesian approach with six data points: short-dashed line. The solid line denotes the cdf of the six Parkfield recurrence times;
b Hazard function H(t0j	T) (Eq. (29)) based on the six observational recurrence times between 1857 and 2004 a as a function of dT
for different values of t0

tional periods) in comparison to the Parkfield cdf are given
in Fig. 20a. The hazard function for three fixed values of t0
and varying
t is given in Fig 20b.

This approach enables us to calculate the most likely
occurrence time of the next (post 2004) Parkfield earth-
quake by picking the maximum of the (non-cumulative)
recurrence time distribution (inner integral in Eq. (28))
after taking all Parkfield earthquakes (1857–2004) into ac-
count. Based on the analysis done so far, we may forecast
the next �M6 Parkfield earthquake to occur in May 2027.
The error associated with one standard deviation of the
pdf is 7.7 years. We note, however, that the probability for
the occurrence of a �M6 earthquake between May 2026
and May 2028 is only about 14%.

Summary and Conclusions

The present reviewdeals with the analysis, the understand-
ing and the interpretation of seismicity patterns with a spe-
cial focus on the critical point concept for large earth-
quakes. Both physical modeling and data analysis are dis-
cussed. This study aims at practical applications to model
data from real fault zones. A point of particular interest is
the detection of phenomena prior to large earthquakes and
their relevance for a possible prediction of these events.
Despite numerous reports on anomalous precursory seis-
micity changes [62], there is no precursor in sight which
obeys a degree of universality that would make it practi-
cally useful. It is, therefore, important to study less fre-
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quent precursory phenomena by means of long model
simulations.

Toward this goal, we discuss a numerical model which
is on one hand reasonably physical, and on the other hand
simple enough that it allows to obtain some analytical re-
sults and perform long simulations. The basic version of
themodel consists of a segmented two-dimensional strike-
slip fault in a three-dimensional elastic half space and is
inherently discrete because of the abrupt transition from
static to kinetic friction [10]. This paper and � Jerky Mo-
tion in Slowly Driven Magnetic and Earthquake Fault Sys-
tems, Physics of summarize a large body of analytical and
numerical results associated with the model.

The results of the simulations indicate an overall good
agreement of the synthetic seismicity with natural earth-
quake activity, with respect to frequency-size distributions
and various features of earthquake sequences. The de-
gree of spatial heterogeneity on the fault, which is imple-
mented by means of space-dependent rheological prop-
erties, has important effects on the resulting catalogs.
Smooth faults are associated with the characteristic earth-
quake statistics, regular occurrence of mainshocks and
overall smooth stress fields. On the other hand, rough
faults generate scale-free Gutenberg–Richter statistics, ir-
regular mainshock occurrence, and overall rough stress
fields. A closer look at the disorder of the stress field
shows, however, that even on a smooth fault a gradual
roughening takes place when the next large earthquake
is approached [12,82]. This is reflected in the frequency-
size distribution which evolves towards the Gutenberg–
Richter law and other changes of seismicity. The results
can be used to establish relations between the proximity
of a state on a fault to a critical point, the (unobservable)
stress field, and the (observable) seismicity functions. Fur-
thermore, it is demonstrated that the concept of “self-or-
ganized criticality” can be folded back to criticality associ-
ated with tuning parameters [12,31]. We note that phase
diagrams with different dynamic regimes as functions of
tuning parameters, in addition to criticality, provide a gen-
eral and rich description of seismicity. Accelerating seis-
mic release, growing spatial correlation length, changes of
frequency-size statistics and evolution of other seismicity
parameters may be used to track the approach to critical-
ity [73,75,76,77].

Future Directions

We have demonstrated that numerical fault models are
valuable for understanding the underlying mechanisms of
observed seismicity patterns, as well as for practical esti-
mates of future seismic hazard. The latter requires model

realizations that are tuned to a specific fault zone by assim-
ilating available observational results and their uncertain-
ties. In a case study, the seismic hazard in the Parkfield re-
gion has been estimated by combining such a tunedmodel
with few observational data. The use of Bayesian analysis
allows us to construct a flexible hazard model for this re-
gion which can, in general, incorporate statistical and non-
statistical data (e. g. from paleoseismology and geodesy) to
improve and update the estimations of the seismic hazard.
This approach is particularly promising for less-well mon-
itored regions, and especially for low-seismicity regions
like those in central Europe.

Modification of the stress transfer calculations to ac-
count for a statistical preference of earthquake propaga-
tion direction on a given fault section, e. g. [6,25], can im-
prove the estimates of seismic hazard associated with large
faults. It is also possible to extend the discussed framework
to other geohazards with even smaller amount of obser-
vational data, e. g. the occurrence of landslides. Since the
fault model deals with coupled physical processes leading
to interacting earthquakes, a challenging future direction
will be the design of a more general model for interact-
ing geohazards including earthquakes on different faults
as well as landslides triggered by earthquakes, and perhaps
tsunamis initiated by (submarine) earthquakes or land-
slides.
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