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Preface

The earthquake process has always attracted much attention. Earthquakes
pose a hazard to thousands of people which is especially frightening due to
their sudden occurrence and destructive potential. Not only because of this
there is great scientific interest in a theoretical description but also classical
mechanics fails to describe the high complexity of the earthquake process
which is governed by complex interactions of various non-linear processes
acting on vastly different space and time scales. A comprehensive under-
standing of the earthquake dynamics as a whole is still a goal of the future
(e.g. Main, 1999).

So far earthquake seismology has been restricted to study various sorts
of patterns in the seismicity (cf. Wyss, 1999). The first group of patterns
emerged during the search for precursors of large earthquakes. Such are for
example Mogi doughnuts, seismic gaps, precursory quiescence, precursory
activation and temporal clustering. The Mogi doughnut is an early example
observed by Mogi (1969) that describes a doughnut shaped ring of anomalous
high activity that develops within decades before a large earthquake occurs
in its quiet interior. A comparable phenomenon is described by the terms
seismic gap and precursory quiescence which state that the spatially and
temporally less active segments of a fault are the most likely places for large
earthquakes.

The second group of seismicity patterns is studied in order to infer some
information about the rupturing crust rather than about the earthquake pro-
cess itself. These patterns include spatial and temporal variability of scaling
parameters that describe the frequence-magnitude distribution or the spa-
tial and temporal clustering of seismicity. The theoretical and experimental
background for interpretation of these patterns is sometimes ambiguous and
needs further development. Recently a third group of non-local seismic pat-
terns appeared in the literature. In opposite to older, local approaches the
new rely on the concept of critical point dynamics which implies long range
correlations. Goltz (2001) used an approach from remote sensing called Prin-
cipal Component Analysis to decompose spatio-temporal seismicity patterns
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into independent constituents in order to separate subtle precursory pat-
terns from stronger irrelevant patterns. Tiampo (2002) applied the concept
of mean-field threshold systems from statistical mechanics to earthquake data
to forecast space time patterns of seismic activity.

In this work I aim at studying patterns of the second group. In terms of
studying crustal properties and processes I think this is the most promising
way to utilize the information contained in earthquake catalogues.



Chapter 1

Introduction

1.1 Tectonic setting of Iceland

The relatively simple geometry of the rift/transform systems of the Mid-
Atlantic Ridge (MAR) is completely disturbed as it approaches the Icelandic
mainland. The elevation of the MAR spreading axis rises from about 2 km
below sea level to more than 1 km above sea. This is due to the Iceland
Hot Spot that feeds the extensive volcanism which has build up the thick
Icelandic crust. The MAR is represented by the Kolbeinsey Ridge (KR)
north of Iceland and by the Reykjanes Ridge (RR) to the south (figure 1.1).
The total spreading rate in South Iceland averages to about 2 cm per year
(DeMets et al., 1994) with a direction of 100° from north.

The volcanism in Iceland is concentrated in three neovolcanic zones, the
Northern, Western and Eastern Volcanic Zones (NVZ, WVZ, EVZ), that
represent the accretion axis. Additionally there are three flank zones with
poorly developed extensional features (Szemundsson, 1986). The location of
the volcanic zones is determined by the movement of the North Atlantic rift
system relative to the Iceland Hot Spot. According to the HS2-NUVEL 1
absolute plate motion model (Gripp and Gordon, 1990) the Eurasian plate
moves over the hot spot towards SSW with a velocity of 0.8 cm per year,
causing an offset of the ridge from the hot spot of about 0.3 cm per year.
The tendency of the rift system to maintain its position on top of the magma
source is reflected in repeated rift jumps (Szemundsson, 1986).

North of 65° latitude the last rift jump moved the spreading axis from
the line that connects the WVZ with the KR to the presently active NVZ.
In south Iceland a rift jump is thought to be in progress. It transfers the
crustal spreading from the older and almost inactive WVZ to the younger
and southward propagating EVZ (Einarsson and Eiriksson, 1982). Since this
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Figure 1.1: Tectonic setting of Iceland (after Einarsson and Szmundsson
(1987)). Abbreviations are explained in the text. Yellow denotes fissure
swarms. Central volcanoes are irregularly shaped black circles. Green de-
notes Fracture Zones. Black lines indicate extensional plate boundary. Ar-
rows indicate spreading direction and triangles stations of the seismic net-
work. Box shows location of study area at the triple junction between the
Reykjanes Peninsula oblique rift (onland continuation of RR) the WVZ and
the SISZ. See figure 1.2 for closeup.

rift jump can not be considered finished there are two parallel rift systems in
south Iceland. This setting of the rift systems is indicated by the black lines
in figure 1.1. It shows that the plate boundary in the Iceland region is offset
about 150 km from the offshore ridges.

Two fracture zones have developed that bridge this offset. The Tjornes
Fracture Zone (TFZ) north of Iceland is marked by three seismic belts with
WNW to NW trend. Several destructive earthquakes occurred within this
zone in the last century. Fault planes identified with relative relocation of
groups of events strike parallel to the trend of the fracture zone in most parts
of the dominant seismic belt, but lots of small fault planes have been found
to strike NNE (Rognvaldsson et al., 1998a).

The South Iceland Seismic Zone (SISZ) accommodates the transform mo-
tion between the EVZ and the Reykjanes peninsula which is the onland
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continuation of the RR. Major earthquakes occur in sequences at average in-
tervals of 80-100 years (Einarsson, 1991). Two M, = 6.5 earthquakes in June
2000 marked the last such sequence. Though the geometric relationship of
the SISZ would suggest a continuous left-lateral EW fault, the deformation
is taken up by right-lateral movement on numerous N trending faults and
counterclockwise rotation of the blocks in between (Einarsson, 1991). This
mechanism is called bookshelf-faulting.

The Reykjanes peninsula is an oblique spreading zone where the direction
of the spreading axis differs up to 45° from the direction of opening. Seis-
micity along the peninsula revealed some characteristics of transform motion
similar to the SISZ, especially after the SISZ events in 2000. Two M = 5
events on the Reykjanes peninsula were dynamically triggered by shear waves
from the first SISZ event and another one occurred some minutes later. All
three ruptured faults trending roughly N (Vogfj6d, 2003; Pagli et al., 2003).

The complex structures of the fracture zones in Iceland can be seen as a
response to the unstable situation of the rift zones (Einarsson, 1991). Faults
perpendicular to the direction of deformation and bookshelf faulting were
observed as transient features in the development of a major shear fault
(Cox and Scholz, 1988).

At the juncture between the Reykjanes peninsula, the SISZ and the WVZ
the Hengill triple junction is located which is the target of this work (black
box in figure 1.1).

1.2 Tectonics of the Hengill Triple Junction

The Hengill Triple Junction is named after the topographically and geologi-
cally dominant Mount Hengill (803 m). Together with its transecting fissure
swarm that extends form the coast south of Hengill to north of Lake Thing-
vallavatn (Th) the Hengill cental volcano (He) forms the respective volcanic
system. It is the focus of the main volcanic production in this area. The
associated high-temperature geothermal system is being utilized in the Nes-
javellir power plant at the south coast of Lake Thingvallavatn.

At the eastern edge of the Hengill volcanic system there is another less
pronounced system which constitutes a separate focus of volcanic production.
The geothermal activity of this system is most intense at Olkelduhals a few
kilometers south of its central volcano mount Hrémundartindur (Hr). A third
system that is far less active than Hrémundartindur or Hengill is the volcanic
system of the extinct Grensdalur central volcano (Gr).

The geothermal activity of these systems is expressed in numerous hot
springs and fumaroles that occur widespread in the area around the central
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Figure 1.2: Tectonic setting of the Hengill triple junction. Abbreviation are
explained in the text. The approximate location of the three central volcanoes
are indicated as ellipsoids. Red circle shows center of uplift estimated by
(Feigl et al., 2000). Points show epicenters of M;, > 0.5 events of the period
1993-2000. Stars indicate the two M7, ~ 5 events from 1998.

volcanoes.

The recent tectonic activity is bound to the Hengill volcanic system since
the center of volcanic productions has shifted from Grensdalur to the Hengill
system some 0.5 Ma ago. Except for a smaller Hengill eruption in 1789 the
last major volcanic eruption occurred about 2000 years ago (Szemundsson,
1995). Rifting is documented in 9000 years old lava flows that are transect
by the a fissure swarm north of lake Thingvallavatn with a total dilatation
of about 100 m (Gudmundsson, 1987). This accounts for about half of the 2
cm/yr spreading rate in south Iceland in post glacial times. The last signifi-
cant rifting episode accompanied the 1789 eruption. During the last 35 years
no significant dilatation could be measured in geodetic surveys across the
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Hengill fissure swarm. This clarifies the relocation process of the spreading
center from the WVZ to the EVZ.

Average subsidence of the Hengill fissure swarm occurred at a rate of 4
mm /yr during the last 10000 years (Rognvaldsson et al., 1998b). In 1789 the
last major tectonic episode caused considerable ground deformations and was
accompanied by 10 days of continuous seismic activity and single events that
were felt during several months. Between 1952 and 1955 several earthquake
swarms occurred in the Hengill area and ended with a magnitude 5.5 event
in 1955 (Rognvaldsson et al., 1998b). Since then the seismic activity in the
Hengill area has remained on a relatively low level until 1994.

In 1994 intensive swarm activity started in the Hengill area beneath the
Hrémundartindur central volcano. The activity began with a sequence of
several thousand events above magnitude 0.5 in July 1994. In March 1995
a period of constantly high activity began, that also effected the Olfus area
about 10km south of the Hengill and Hro6mundartindur central volcanoes.
The event rate increased by a factor of more than ten compared to the pre-
1994 activity. This period lasted until mid-1996 and the activity returned
almost to the pre-1994 level until another group of sequences started in mid
1997 that culminated in two M; =~ 5 events in June and November 1998.
Mid-1999 activity returned again to approximately the pre-1994 level.

Repeated geodetic measurements between 1986 and 1995 detected uplift
and expansion around mount Hrémundartindur that is consistent with a
pointlike pressure source in 6.5 + 3 km depth (Sigmundsson et al., 1997).
Feigl et al. (2000) used interferometric analysis of synthetic aperture radar
images (InSAR) to study the interaction of magmatic injection and faulting
in the 1993-1998 period. They locate the point source that best explains the
interferograms further south but still consistent with the source estimated
by Sigmundsson et al. (1997). The inferred rate of maximum uplift is fairly
constant at 19.2 £ 2 mm/yr and the source depth amounts to 7+ 2 km. A
minor magmatic injection into the roots of the Hrémundartindur volcanic
system is regarded as cause of the pressure source (Sigmundsson et al., 1997;
Feigl et al., 2000). Different interpretations assume fluid accumulation as
source of the uplift.

The extensive seismic response to this rather small pressure source re-
flects the ambient stress level in the Hengill area. Fault planes determined
from groups of accurately relocated events show either NS or EW oriented
vertical planes and focal mechanisms indicate a NE direction of the max-
imum horizontal compression (Rognvaldsson et al., 1998b). This indicates
together with the fact that most earthquakes have strike-slip characteristics
that the events are triggered in a previously stressed crust.

The earthquakes were detected by the South Iceland Lowland (SIL) net-
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work. The SIL system is described by Stefansson et al. (1993) and B60o-
varsson et al. (1996). Currently the network consists of more than 40 three-
component seismic stations (black triangles in figures 1.1 and 1.2) that are
connected to a common data center in Reykjavik. There are five stations in
the closer vicinity of the Hengill earthquakes. Two of them were installed in
October 1996 during the study period. This improved the location estimates
from typically 1 — 1.5 km horizontally and 4 km vertically to £1 — 1.5 both
horizontally and vertically (Rognvaldsson et al., 1998b).



Chapter 2

Declustering

Events in an earthquake catalogue are described by their hypocenter, i.e.
their location in three dimensional space, their source time, and some mea-
sures for their size, i.e. different sorts of magnitude values. Fixing one sort
of magnitude to be used the catalogue represents a set of points in a five
dimensional space.

In this chapter I try to reveal structures in this set by declustering. The
idea of declustering is to identify dependent earthquakes (clusters) according
to some physical model of earthquake interaction. Typically the seismicity
identified via this method is then removed from the catalog. The biggest
event, in each cluster remains in the catalog which then contains only inde-
pendent events. In opposite to this I mainly aim at investigating the clusters
individually. Thus the term declustering is a bit misleading, but since the
procedure of identifying dependent events is the same I stick to the commonly
used term declustering.

Other terms that will be used frequently are sequence, swarm and cluster.
I use the term sequence to refer to a temporally dense succession of earth-
quakes without any constraint on their distribution in space and size. The
term cluster is used for sequences that are clustered not only in time but
also in space. Finally the term swarm is used for large clusters without an
outstanding mainshock (cf. Fischer and Horalek, 2002).

Two different approaches to the problem of declustering were used. 1
call the first one conventional because it is based on deterministic assump-
tions about the stress redistribution that governs the interaction between
earthquakes. This method has some shortcomings that are discussed below.
The second approach is called statistical because no assumptions are made
about the actual process that causes the interaction of earthquakes. Rather
I use the observed statistical distributions of events in time, space and size to
distinguish between interacting and independent events in a statistical sense.

11
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2.1 Conventional method

Identification of dependent seismicity mainly aims at the foreshock — main-
shock — aftershock relation because this is by far the most dominant type
of earthquake interaction (Reasenberg, 1985). Various methods have been
suggested to model the aftershock zones. Gardner and Knopoff (1974) for
example used rectangular windows 0 < dt < T for the time distance ¢ be-
tween mainshock and aftershock and 0 < dr < R for their spatial distance
or, where T and R are functions of the main shock magnitude. Savage (1972)
formed clusters from events separated in time and space less than some con-
stant limits. The Single-Link-Cluster technique described by Frohlich and
Davis (1990) successively connects the nearest neighbor events to small clus-
ter then the nearest small clusters to larger clusters and so on until a certain
level. This can be done in three dimensional Euclidean space or by incorpo-
rating the time via some kind of velocity in four dimensional space.

2.1.1 Description of the Algorithm

A more advanced technique was suggested by Reasenberg (1985). He based
his method of identifying aftershocks on a physical two-parameter model of
earthquake interaction. A spatial and a temporal interaction zone is cal-
culated for each event in the catalogue in order to consider an event as an
aftershock if it occurs within these time and space limits of an earlier event.
The spatial interaction zone, i.e. the volume that is assumed to be effected
by the stress redistribution after an earthquake scales with the earthquake’s
source dimension. The temporal interaction zone is set to a fixed value in
the technique of Reasenberg (1985).

My first approach is apart from minor modifications that will be discussed
later similar to the one by Reasenberg (1985). I calculate the two interaction
zones and associate two events to form one cluster if the later one falls into
these zones of the first one. For the development of the clusters I apply the
following three rules.

e If an event that does not yet belong to a cluster is associated with an
already clustered event it becomes a member of that cluster.

e If an event that already belongs to a cluster is associated with an event
that belongs to another cluster the two clusters are joined together.

e When two not yet clustered events are associated they form a new
cluster.
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The source dimension which is the basis for the spatial interaction zone
is estimated as the radius r(M,) of a circular crack that would release the
same seismic moment M, as the earthquake. r(M)) is given by

(M) = {f - (2.1)

(Shearer, 1999) where Ao is the stress drop that I take to Ao = 30bar. I
derive the seismic moment from the moment magnitude M,, using log My =
1.5M,, + 16.1 (Lay and Wallace, 1995) where M, has the dimension dyncm
(1dynem = 107"Nm). The radius of the interaction zone R(M;) is simply
r(My) - Q where @ is a scaling factor. This results in the following expression
for the radius of the spatial interaction zone

7 (101-5Mw+9-1)Nm
R(M,)=Q - 3—- 2.2
(M) =@ \ll@' (30-10%) 25 22
which can be simplified to
R(Mw) — Q .0.24 - 10(1.5Mw+4.1)/3‘ (23)

For the magnitude dependent time limit 7'(M,,) I use a different approach
than Reasenberg. I apply a formula used by Kagan (1999):

10
T(M,) =W - 3 10%/3(Mw=1) (2.4)

which is an estimate for the time that is necessary to wait in order to observe
a certain percentage of aftershocks, assuming an Omori decay. W is a scaling
factor for the time limit. The two parameters W and () allow to adjust the
time and space windows in order to account for regional characteristics of
the seismicity. Figure 2.1 shows the sizes of the resulting time and distance
windows.

2.1.2 Modifications compared to the Reasenberg (1985)
algorithm

This algorithm contains two modifications compared to the original one de-
scribed in Reasenberg (1985) that should be mentioned explicitly.

e All events are treated equally.

e The length of the time window depends continuously on magnitude.
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Figure 2.1: Size of the interaction zones in time and space for the two pa-
rameters () = 10 and W = 30.

The first modification refers to the question which earthquakes interact. In
the clustering procedure, Reasenberg (1985) only considers the most recent
event and the largest event in the developing cluster as triggering events con-
versely I consider all previous events as sources for stress modifications that
lead to another event. Thereby I avoid to identify the mainshocks explicitly
which is of great importance because of the swarm activity without distinc-
tive mainshocks. However, due to the relationship between the magnitude
and interaction zone the largest events have by far the strongest impact.

The second modification is adopted from Kagan (1999). Reasenberg
(1985) originally used constant time windows of one day for non clustered
events and ten days for clustered events. The modification was necessary
because the activity in the Hengill area contains sequences with rather small
temporal distance of only a few days. These sequences get connected when
the numerous small events (M} < 1.5) that constitute some kind of back-
ground activity have the same interaction time window as the larger events
(M, > 2) that dominate formation of the sequences.

2.1.3 Performance

For the sake of computational effectiveness I applied the algorithm to a
dataset composed only of events with My > 0.5 to assess the performance
of the algorithm. The results will be representative for the dataset includ-
ing all events because the very small events below M, = 0.5 do only play a
passive role in the clustering process. The performance of the algorithm can
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be assessed in terms of the spatio-temporal distribution of the independent
and dependent seismicity and in terms of the composition of individual clus-
ters. Independent seismicity is represented on the one hand by the events
that are not associated with any cluster and on the other hand by the mo-
ment weighted centers of the clusters. Because of the moment weighting
these cluster centers essentially represent the hypocenter and the origin time
of the largest event. The magnitude assigned to the cluster centers corre-
sponds to the collective seismic moment of the cluster. The events that are
associated with a cluster constitute the dependent seismicity.

I use the following three criteria to decide which combination of the pa-
rameters Q and W gives the best results.

e According to Reasenberg (1985) the independent seismicity should be
randomly distributed in time and space.

e The dependent part should resemble the main structures in the seis-
micity.

e The shape of individual clusters should be compact in space and time,
i.e. a cluster should represent a single sequence on one fault.

To demonstrate the effect of the model parameters, some examples of the
independent and dependent parts of the seismicity for some choices of the
tested parameters () and W are plotted in figures 2.2 and 2.3. At first one
can see that the dependence of the algorithm on the model parameters @)
and W is remarkably weak on a linear scale. Both parameters have to be
varied over two orders of magnitude to go from the domain of weak clustering
(low values of @ and W) where the seismicity appears to be independent to
the domain of strong clustering (high values of ) and W) where seismicity
appears dependent. Based on criteria one and two and visual inspection of
figures 2.2 and 2.3 the best value for () is around 10 and for W between 30
and 300.

After investigating the dependence of the temporal distribution of depen-
dent and independent seismicity and the dependence of the shape of several
clusters I fixed the values of ) = 10 and W = 30. With these values the
algorithm meets the expectations that are formulated in the three criteria
above quite well. The cumulative number of dependent and independent
events is shown in figure 2.4 for this combination of () and W. It is obvious
that the independent events in figure 2.4(b) occur almost randomly in time
which is represented by the almost constant slope between 1995 and 1998.
On the other hand the dependent seismicity plotted in figure 2.4(a) exhibits
a strong clustering in time.
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2.1.4 Shortcomings

Though the algorithm explained above is frequently used in the literature
(e.g. Kagan, 1999; Zoller and Hainzl, 2001) it rests on intuitive assumptions
rather than on a rigorous physical background. Further on there are two
main practical disadvantages.

One is the dependence on two parameters. The influence of the parame-
ters @ and W on the number of dependent and independent events is similar
i.e. there is a trade off between these two. Therefore it is necessary to in-
vestigate the shape of individual clusters in order to resolve the trade off
between the size of the time and space windows.

The second disadvantage is that the space window is constant over time
as long as time window lasts. The effect of this is especially evident for
the two large M, =~ 5 events in 1998. In these cases the radius of the
spatial interaction zone is 18km and contains large parts of the active area.
That means that the independent seismicity is almost turned off for the
approximately one year period of the time window (figure 2.4(b)). This is in
contradiction to criterion one in section 2.1.3 which demands a constant rate
of independent seismicity.
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2.2 Statistical method

The algorithm discussed in section 2.1 assumes a model of how stress is redis-
tributed after an earthquake. Based on this model deterministic statements
are made about which event was triggered and which was not. This is obvi-
ously a very crude approximation to the mechanisms that cause the time and
space clustering of earthquakes and results in the shortcomings mentioned in
section 2.1.4.

Some of these drawbacks can be overcome by using observed statistical
relations between earthquakes rather than a deterministic model to describe
the triggering process. A way to do so is provided by the recent finding of a
unified scaling law (Bak et al., 2002).

2.2.1 Unified Scaling Law
Introduction

There are three well known relations that describe a part of the complex
spatio-temporal earthquakes process.

e The size distribution of earthquakes follows the Gutenberg-Richter law
(Gutenberg and Richter, 1944). It states that the number of earth-
quakes (N) with magnitudes greater than m is given by

with the constants ¢ and b ~ 1. With S = 10™ this can be written as
N o S0 (2.6)

e Over short times the temporal correlation between earthquakes is given
by the Omori law (Stein and Wysession, 2003) which gives the rate R
of aftershocks at time 7" after the mainshock as

RocT™? (2.7)
with the parameter p ~ 1.

e The geometry of fault systems and the distribution of epicenters is
fractal (Okubo and Aki, 1987). This means the average number of
epicenters N in non empty boxes of side length L is given by (cf. Goltz,
1998)

N oc L% (2.8)

where d is the fractal (capacity) dimension that ranges between 1.0
and 2.0.
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The benefit of the work by Bak et al. (2002) is that it relates the three
equations 2.6, 2.7 and 2.8 given above.

Waiting time statistics

In order to verify the results and to find regional distinctions I carry out
the same type of analysis for the Hengill area as Bak et al. (2002) did for
Southern California. Basis for this analysis is the time interval between two
successive events which is also called interevent time, waiting time or as done
by Bak et al. (2002) first return time.

The probability distribution of the waiting times P(t,,) is defined as the
probability of finding an event at time ¢ + t,, in the catalogue after the last
event had occurred at time ¢. It can take two characteristic forms. One is
the exponential form and the other one is a power law form. In the first case
the exponential decay of the interevent time distribution is a sign of random
occurrence of the events that can be modeled as a Poisson process. The
events occur independently of each other. The power law form in contrast is
a sign of temporal correlations between the events. This means the events
are clustered in time, i.e. it is much more probable to measure an event just
after another one than to find a significant gap between to events. The latter
form is typically observed for earthquakes. Since there is strong evidence
that earthquakes are self-organized critical phenomena (Bak and Tang, 1989)
that usually show random occurrence of events the time-correlation among
the earthquakes might be due to correlations in the driving forces (Sanchez
et al., 2002).

The probability distribution of the waiting times for the Hengill events
with My, > 0.5 is plotted in figure 2.5(a). A strait line is fitted to the dou-
ble logarithmic data according to P(t,) o t%. The extent of the power law
regime, i.e. the region where the data can be fitted by a power law is indi-
cated. The discrepancy between the power law and the data towards shorter
interevent times is due to the resolution limits of the seismic network. This
means the network fails to detect events if there is a shorter time distance
between the My > 0.5 events than 40 seconds. Towards longer waiting times
the deviation from the power law behavior reflects the transition to an un-
correlated regime in agreement with an exponential decay. For comparison
figure 2.5(b) shows how the probability distribution of interevent times would
look like if the events would occur at random, i.e. without any temporal cor-
relation. It is calculated from a synthetic catalogue of the original length that
contains the same number of events as the real data set but with source times
drawn from a set of uniformly distributed random numbers. The curve in
figure 2.5(b) is given by P(t,) = T ! exp(—t,/t,) where T is the time span
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of the catalogue and ¢, is the average waiting time. This shape is expected
for a poissonian distribution.

W’

P(t,) [#/day]
P(t ) [#/day]
5

power law regime

=
© )
L=

10710

10 10° 10% 10 10° 10 10 107° 107 107 10°
t, [days] t, [days]
(a) Original Hengill data (b) Random time catalogue

Figure 2.5: Probability distributions of the interevent times of the Hengill
data set with a lower magnitude cut of My > 0.5 and the same for a similar
catalogue but with random event times drawn from a uniform distribution.

Parameterised waiting time statistics

In view of the unified scaling law especially the point where the earthquakes
lose their temporal correlation, i.e. the end of the indicated power law regime
in figure 2.5(a), is of great interest. Bak et al. (2002) show that the position
of this point depends in a systematic way on the lower magnitude cut and on
the size of the area covered by the catalogue. The systematics is revealed by
introducing the parameterised probability Ps (t,) for the interevent times
found in a catalogue of spatial extend L containing events greater S with
log((S) = m.

For this, the study area was divided into boxes of variable side length
L =34,17,8.5 and 4.25km as shown in figure 2.6. Size levels corresponding
to a lower magnitude cut at My = 0.5,1,1.5 and 2 were chosen to reveal the
dependence on S. Pg (t,) was then measured as follows:

1. Values for L and S were selected

2. The probability distribution of the waiting times P(t,,) as defined above
was estimated for the events greater than S in each cell, i.e. a histogram
of the waiting times for the events greater than S contained in a par-
ticular cell was calculated.
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Figure 2.6: Hengill region covered with cells for the estimation of the param-
eterised waiting time distribution Pg f,(t,,)

3. The histograms of the various cells were combined by adding the counts
in the individual bins of all the histograms.

4. To achieve comparability the combined histogram is normalised, i.e.
the value of each bin of the combined histogram was divided by the
sum of the counts in the histogram.

5. The procedure was repeated for all combinations of L and S.

Steps 3 and 4 represent the stacking and normalisation of the histograms.
The outcome of this process is a set of 16 waiting time histograms repre-
senting Ps r(t,). Eight of these waiting time distributions are plotted in
figure 2.7. These plots have the same characteristics as the plot in figure
2.5(a). They consist of a linear part corresponding to the power law regime
that represents the correlated regime and a faster decaying part in the un-
correlated regime. The waiting time where the transition between the two
regimes occurs increases for increasing magnitude cut S (c.f. figure 2.7(a))
and decreasing region size L (c.f. figure 2.7(b)). The arrows in figure 2.7
mark these transitions for the various values of S and L.

This behaviour can be understood quite intuitively. Considering the blue
curve in figure 2.7(a) it means that an event typically belongs to a new
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Figure 2.7: Probability distributions of waiting times for lower magnitude
cut m = 0.5,1,1.5,2 with fixed L = 34km and for L = 34,17,8.5,4.25km
with fixed m = 0.5. Arrows mark the transition from the correlated to the
uncorrelated regime.

sequence if the time passed since the last event is larger than 0.1days (blue
arrow). If one would only look at the events larger than 1.5 (green curve)
the time gap has to be larger than 2days (green arrow) to mark the onset
of a new sequence. This means larger events are correlated over larger time
periods than are smaller events. Mathematically expressed this reads

Ps 1—3akm (tw) < t2g(t,S™) (2.9)

where b is an exponent characterising the size effect and g(x) is a scaling
function consisting of a constant part for arguments smaller than a critical
value x, and a typical exponentially decaying part for larger arguments.

Similarly the “x” symbols in figure 2.7(b) represent a catalog of spatial
extent of 34km. The characteristic time gap for the beginning of a new
sequence is 0.1day (“x” arrow). Looking at subsets of the catalogue that
do only cover a region of 8.5km side length (“x” symbols in figure 2.7(b))
the time gap has to be 1day (“x” arrow) to say that the latter event belongs
to a new sequence. Consequently the events in smaller regions, i.e. close-
by events are correlated over larger times than events in larger regions, i.e.
farther separated events. This can also be expressed in a formula

PS(m:O.S),L(tw) X t%gl(tdef) (210)

with ¢’ being a scaling function and d; an exponent that describes the spatial
effect.
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Unified Description

As suggested by Bak et al. (2002) equations 2.9 and 2.10 can be unified to a
single formula that describes space, size and time effects together. They pro-
pose equation 2.11 for the distribution of waiting times between earthquakes
exceeding S = 10™ in an area of side length L.

Ps 1, (tw) o< t2 f(t, LY S7°) (2.11)

where f is a scaling function as described above and o, dy and b are param-
eters that have to be fitted.

The validity of equation 2.11 can be tested as follows. The histograms
of the parameterised waiting time distribution Pgf(t,) (see figures 2.7(a)
and 2.7(b)) are multiplied by ¢,* and plotted as functions of the rescaled
argument z = t,L% S ° In the case that equation 2.11 holds all the data
points should collapse onto a single curve that depicts the scaling function
f(z). Figure 2.8 shows the resulting graph for values of o = 1.1, df = 1.1
and b = 0.9 which are experimentally fitted to the best data collapse. The
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Figure 2.8: The parameterised waiting time distributions Pg ;,(¢,,) multiplied

by t2 as functions of the rescaled argument t,,L% S~°. The values o = 1.1

(c.t. figure 2.5(a)), df = 1.1 and b = 0.9 have been used.

data collapses onto a single curve that fulfills the expectation for the scaling
function f(x). The curve is constant over more than 4 magnitudes for values
of x < 4 and rapidly decays in accordance with an exponential function for
values of z > 4. The constant part corresponds to the correlated regime with
the t2 behaviour in figures 2.7(a) and 2.7(b) and the decaying part belongs
to the uncorrelated regime with random occurrence of earthquakes. That the
transition between these two regimes occurs for different values of S and L
at the same (transition) point x. = 4 proves the validity of equation 2.11.
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To gain some insight into the uncertainties of the experimentally fitted
parameters b and dy, two further examples with different parameters are
shown in figure 2.9. The effect of the parameter « is simply to change the
slope of the constant part of t2 Ps 1,(,,) in figure 2.8 and is of no importance.
To illustrate the effect of d, figure 2.9(a) shows t% Ps 1,(t,,) for the scaling
exponents b = 0.9 and dy = 1.2. The curves are multiplied by a L-dependent
factor to separate curves with different L. There is a small but noticeable
shift of the position of the kink as indicated by the arrows. The same applies
to the effect of the scaling parameter b illustrated in figure 2.9(b). It shows
Ps 1,(t,,) multiplied by a S-dependent factor for the parameters b = 1.1 and
dy = 1.1. Changes in the scaling exponents b and d; of the order of 0.1
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Figure 2.9: The parameterised waiting time distributions Pg r,(¢,,) multiplied
by t2 as functions of the rescaled argument ¢, L% S~ for suboptimal values
of the scaling exponents b and dy. Curves with different L in (a) and different
S respective m in (b) are shifted apart for better comparison.

or 0.2 have noticeable effects on the data collapse. The uncertainty is thus
approximately +0.1 to £0.2.
Several conclusions can be drawn from equation 2.11 and figure 2.8

e The decision as to whether two events are correlated depends only on
the variable z = ¢,,L% S~ and not on S, L or t, separately.

e The position of the kink (z.) marks the transition from the correlated
to the uncorrelated regime in the sense explained above.

e There is no difference to be made between mainshocks and aftershocks.
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e The independently fitted values of d; and b correspond to the fractal
dimension and the b-value of the Gutenberg — Richter law.

Comparison with the results of Bak et al. (2002)

Since the above described analysis is the same as performed by Bak et al.
(2002) a comparison seem desirable. In general my results support the find-
ings of Bak et al. (2002) very nicely. A difference, however, is related to
the different datasets. Because of the larger catalogue, which spans 16 years
and contains 80000 events above their completeness level (m = 2), Bak et al.
(2002) can trace the constant part of the scaling function f(z) over more than
6 orders of magnitude of the rescaled variable x providing better confidence
in the results. The transition between the correlated and the uncorrelated
regimes at the kink in figure 2.8 occurs at z. = 4 in units of days and km.
It corresponds to the value of z.p = 10* found by Bak et al. (2002) in units
of seconds and degrees latitudes. The value of Bak et al. (2002) in units of
days and km is z.p = 20. Thus there is a difference of a factor 5 between the
results for the Hengill region and South California. Since there are no other
studies dealing with this topic, nothing is known about the influences on =z,
so far. Comparison between Hengill and Californian data however suggests
that the value of z. can not be regarded universal. The difference between
z. and z.p seems to be caused by regional effects in these very different
environments.

2.2.2 Description of the Algorithm

As described above the concept of the unified scaling law for earthquakes
provides a means to distinguish between correlated and uncorrelated activity.
I used this concept to design an algorithm that finds correlated sequences i.e.
groups of events that are correlated to each other. The algorithm works
similar to the one described in section 2.1 except that the decision whether
two particular events are interacting is now based on the unified scaling law
rather than on assumptions about stress redistribution.

To use the unified scaling law (equation 2.11) to answer the question
whether two particular events are correlated three minor assumptions are
necessary:

e The euclidian distance between the hypocenters of two earthquakes can
be used to characterise the length range L.

e The magnitude of the first earthquake characterises the size S
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e The time distance between two events characterises the respective wait-
ing time ¢,, in equation 2.11.

Using these assumptions it is straightforward to apply equation 2.11 in the
form
2 Ps 1, (tw) o< f(tu, LY S70). (2.12)

The value of x = t,L% S~" is calculated using the three assumptions above
and compared to z., the value of the transition between the correlated and
the uncorrelated regime. For x < z. the two events are associated to form a
cluster, for z > . they are not associated. The evolution of the clusters fol-
low the rules given in section 2.1.1. A flowchart that represents the algorithm
can be found in appendix A.

The relation between size S, length range L, and time distance ¢,, for a
fixed value of z. is illustrated in figure 2.10 which shows t,, = t,,(L, S)4,. The
hight of the surface represents the maximum time that may have past after
an event of size S to associate an event at distance L with it. For a magnitude
4 earthquake this means that all events closer than for example 10km are
considered aftershocks if they occur within the next 3.5 years (green dot in
figure 2.10).

t [days]

2
30 1 log, (S)

L [km]

Figure 2.10: Relation between size S, length range L and time distance t,,
for the value . = 4. The red line marks ¢, = 2555days, i.e. the time span
of the catalogue. Refer to text for explanation of green dot.

2.2.3 Problems and Modifications

I analyzed the dataset with the algorithm described above using the value of
r! = 4 as given by the kink in figure 2.8. According to the three criteria given

Hereafter is use simply z instead of z. to denote the transition from the correlated to
the uncorrelated regime.
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in section 2.1.3 the results are unsatisfactory. The whole activity, except a
few events that stay isolated, is associated to one single cluster.

However, this result could have been expected from figure 2.10. The
red line in figure 2.10 marks the combinations of S and L that yield ¢, =
2555days. This time interval covers the whole time span of the dataset from
1993 to 2000.

I thus introduce two modifications. At first equation 2.12 yields an infinite
time interval t,, for earthquakes located at the same position, i.e. with the
same hypocenter. I avoid this singularity by introducing a minimum distance
between two earthquakes equal to the approximate location errors of 0.5km.
This had no effect on the result. The second modification concerns the value
of the parameter x. Obviously the position of the kink in figure 2.8 cannot
directly be used in equation 2.12. I see two reasons for this fact.

At first the assumption that the hypocentral distance between two events
can be used as an estimate for the length range L seems to be an oversimpli-
fication. In the calculations of the parameterised waiting time distribution
in section 2.2.1 L was the side length of a square containing events of this
length range. The mean distance between two events inside this square, how-
ever, is significantly smaller. In two dimensions the mean distance between
two random points drawn form a uniform distribution inside a square of side
length a is roughly 0.52a (cf. appendix B). This value decreases further when
fractality of the point distribution is considered (cf. appendix B) as it is the
case for epicenters. Therefore the distance between two earthquakes has to
be divided by 0.5 or an even smaller value to be comparable to the length
range L used in equation 2.12. I can account for this in the declustering
algorithm by multiplying the value of x = 4 as given by the kink in figure
2.8 by 0.5*!. This leads to a corrected value z = 1.8.

Using the corrected value of x = 1.8 does not change the result signifi-
cantly. Still almost all earthquakes are associated to one cluster. I conclude
that there is a difference between the statistical correlation represented by
the value x and the type of clustering I look for.

The temporal correlation between earthquakes is caused by a correlation
of the triggering mechanisms (Sanchez et al., 2002; Hainzl, 2003). The corre-
lation among earthquakes identified with the concept of the Unified Scaling
Law is thus related to correlated triggering, i.e. a common driving mech-
anism responsible for the initiation of the rupturing processes. In complex
tectonic systems such as the Hengill area there is a variety of processes capa-
ble to act as such correlated triggering mechanism. Plate motion, magmatic
inflation, stress transfer, viscous coupling and pore-pressure perturbations
are such processes. All of these processes act on different scales, in time as
well as in space.
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How the algorithm handles these different types of correlations can be
understood by examining the conditions that lead to the separation of the
activity into different clusters 1 and 2. There is essentially one condition re-
sulting from the description in section 2.2.2. It states that every event from
cluster 1 has to be uncorrelated with all events from cluster 2. Thus the algo-
rithm is sensitive to correlations on all scales. The correlations on the largest
scale will therefore dominate the clustering process in that different clusters
formed by small scale correlations are combined because of correlations over
longer time-space scales.

This has two implications. At first it means that there is a triggering
process common to the whole dataset from 1993 to 2000 that causes correla-
tion over this time span in the study area. This is not really surprising since
this period is characterised by extraordinarily high activity that presumably
has its common cause in the interplay between magmatic activity and de-
formation due to plate motion. The second implication is that small scale
correlations are hidden in the large clusters. However, the z-value in equation
2.12 governs the space-time scale of the correlations that lead to clustering.
By reducing the corrected value of x = 2 as given by the unified scaling law
I can exclude the large scale correlations from the clustering process. Hence
I can regard the z-value as a free parameter of the clustering algorithm that
allows me to set a maximum scale to the correlations that contribute to the
clustering. The resulting clusters will be composed of strongly correlated
events.

2.2.4 Performance

I used events with M; > 0.5 and tried different values of the parameter x and
assessed the results with regard to the third criterion in section 2.1.3. The
other two criteria are not useful in this context because I consider strongly
clustered event and the clusters are therefore only independent with regard
to correlations below a certain scale. Thus I can not expect the independent
seismicity to be completely randomly distributed. Again the algorithm is
remarkably insensitive to changes of  on a linear scale. Therefore I used
the logarithmically distributed values 1,0.3,0.1,0.03 and so on. Figure 2.11
and 2.12 show the independent and dependent parts of the seismicity for the
various values of z.

Figure 2.11 nicely images the effect of reducing the correlation scale. The
number of the independent events grows as the maximum correlation scale
is reduced because the events within clusters of initially correlated events
become uncorrelated and break up the clusters when the largest correlation
scales are ignored. Simultaneously the fault structures of the area become
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Figure 2.11: Independent seismicity as result of different choices of the pa-
rameter x

apparent in the independent part of the seismicity for z < 0.1 indicating that
interaction mechanism have been neglected.

The plots of the dependent part of the seismicity in figure 2.12 does not
show much differences in the results for the different parameters. This is due
to the fact that the activity once found to be correlated for a high value of
x will essentially remain correlated but in different clusters. Only the events
at the cluster borders will disappear from the dependent seismicity. Figure
2.13 shows the number of independent and dependent events as a function
of the parameter x.

In the following I want to analyze the shape of individual clusters in order
to find a suitable value for the parameter z. Figures 2.14 to 2.16 show three
selected clusters that represent different situations.

The first example I consider is the cluster defined by the large (M = 5)
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Figure 2.12: Dependent seismicity as result of different choices of the param-
eter z

earthquake from Nov 13 1998. This event triggered swarm earthquakes in a
10 to 15 km long E-W trending zone (Réngvaldsson et al., 1998). During this
swarm activity in the Olfus area there was ongoing activity around Mount
Hengill to the north. Therefore this sequence offers a good opportunity to
find a suitable range for z because on the one hand, following criterion three
in chapter 2.1.3 the algorithm has to separate the Olfus activity from the
activity at Hengill. On the other hand the swarm activity lasts continuously
for several weeks and thus requires a certain temporal duration of the cluster.
The three columns of figure 2.14 show the results for x = 0.03, z = 0.01 and
x = 0.003. The top row shows the clustered events in red and the whole
activity during the period, displayed in the lower two columns, in black. The
middle row shows the magnitude-time plots. The events that belong to the
cluster are plotted red, the remainder activity is plotted in black. The bottom
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Figure 2.13: The number of dependent and independent events as identified
by the algorithm as a function of the parameter z

row pictures the cumulative number of events in the respective time period.
Again the red line belongs to the events in the cluster under consideration
and the black line belongs to the whole activity.

The left row (figure 2.14(a)) shows the situation with too large x value.
Events from all over the study area in the period from March 1997 until
December 1999 are associated with the M; = 5 event from Nov 13 1998.
The cluster contains essentially all earthquakes that occurred in this period
except some hundred swarm events that occurred between mid 1997 and mid
1998 as it can be seen in the lower two pictures of figure 2.14(a). The shape of
the cluster obtained with a smaller z value of 0.01 or 0.003 is acceptable. The
cluster contains the events in the Olfus area and only a few from the Hengill
region. This activity in the Hengill region started almost simultaneously with
the Olfus events and is therefor strongly correlated in time. Decreasing the
value of x from 0.01 to 0.003 reduces the number of associated events form
the Hengill region, but also leads to the loss of later events in the Olfus area.

The second example I consider is the cluster identified by the M; = 5
event from Jun 4 1998. The activity associated with this event is very
interesting because of the stress transfer caused by it. There was very
strong swarm activity in the Hengill region involving about 7000 events above
My, = 0.5 from April 1997 until the occurrence of this earthquake in the be-
ginning of June 1998. After this quake the activity in the Hengill region
faded away, but the Olfus area experienced an activation culminating in the
M; = 5 event that marked the cluster considered above. The result for
z = 0.03 in figure 2.15(a) is the same as in figure 2.14(a) because the two
My, = 5 events are correlated and the clusters thus identical. z = 0.01 sepa-
rates the two M, = 5 events and yields good results. The cluster contains the
aftershock activity until the beginning of August 1998. A smaller x separates
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Figure 2.14: The cluster that contains the My = 5 event from Nov 13 1998
for different values of x

the cluster similarly but the aftershock activity contained in the cluster ter-
minates already in the beginning of July (c.f. bottom row of figures 2.15(b)
and 2.15(c)).

Since the last two examples belong to the two largest events in the dataset
it was natural to analyze these clusters. Therefore I selected the M = 3.3
event from December 23 1993 arbitrarily to define the last example (figure
2.16). The activity in this period was comparably low and widely scattered.
Only at the very beginning of January did clustered activity occur about
10km to the N-E. These events are separated for the displayed selection of
x. A difference exists in the temporal extent. The small sequence following
the M = 2.2 event from December 26 occurred at the same place as the
one from December 23. This sequence is only contained in the cluster for
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Figure 2.15: The cluster that contains the M = 5 event from Jun 4 1998
for different values of z

x > 0.003. The question as to whether this sequence should belong to the
cluster illustrates the problem of choosing a scale for the clustering process.
After studying a number of clusters more, the value of x = 0.01 emerged
as the best choice. This is because of two reasons. At first I wanted to
separate the activity associated with the two M = 5 earthquakes from
1998. This is equivalent to excluding the large correlation scale that led to
the apparent connection between these events. It is quite likely that motion
on the plate boundary was a common source for at least part of the moment
that was released in these earthquakes and thereby caused the correlation
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Figure 2.16: The cluster that contains the M; = 3.8 event from December
23 1993 for different values of x

between them. For values of x < 0.03 these sequences are separated (c.f.
2.14(a) and 2.15(a)). The lower bound for a reasonable value for z is given
by the temporal extent of correlated sequences, i.e. the clusters. Values of
x < 0.01 exclude the correlation scales that link the activity within a fault
on time scales of a few days or weeks (c.f. figure 2.16(c)).
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2.2.5 Results

Using the value of x = 0.01 I applied the algorithm to the dataset without any
restrictions to the magnitudes. T could verify the assumption that the shape
of the clusters is effected very little by the small events below M, = 0.5.
The temporal evolution of the dependent and independent seismicity as
defined in section 2.1.3 is very informative concerning the quality of the
declustering. In figure 2.17 the cumulative numbers of the dependent and
independent parts are plotted versus time. It is can clearly shown that the
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Figure 2.17: Cumulative numbers of events in the two parts of the seismicity

dependent events are strongly clustered in time. Its graph in figure 2.17(a)
resembles a staircase which means that there are long periods without any
dependent activity, and shorter periods with extremely high correlated ac-
tivity. The independent seismicity represented by the smooth graph in figure
2.17(b) indicates a more or less random occurrence without any significant
clustering as it is to be expected for uncorrelated events. The effect of the
strong clustering, i.e. the limited correlation scale, is noticeable too because
the independent events do not occur fully at random. The rate of indepen-
dent events increases after mid 1994 and remains almost constant on a high
level until the end of 1998 when it decreases again to the pre 1994 level. This
indicates that there is a long scale correlation among the independent events
between mid 1994 and end of 1998.

Figure 2.18(a) shows the size distribution of the clusters (cumulative num-
ber of clusters containing more events than N versus the number of events
N in the cluster). The algorithm identified 38 clusters with more than 100
events and 20 clusters with more than 200 events. The locations of the clus-
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ters with more than 200 events are marked by ellipsoids in figure 2.18(b).
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Figure 2.18: Size distribution and location of the 20 largest clusters

2.3 Summary

I tried two methods to decluster the catalogue. The conventional method
followed the technique used by Reasenberg (1985). This method uses two
free parameters to adopt the behaviour of the algorithm to the characteristics
of the seismicity. It proved to be unsuitable for this dataset.

The statistical method developed on the basis of the unified scaling law for
earthquakes (Bak et al., 2002) appeared to be better suited to this problem.
Initially there is no free parameter in this method. To identify clusters on a
certain space-time scale I introduced a parameter that governs the maximum
scale of the correlation that link the events to form clusters. With a suitable
choice of this parameter I obtained a set of clusters that meet the demands.
For further analysis I will use the results of the statistical method.



Chapter 3

Parameters of individual clusters

In the last chapter I developed an algorithm that identifies sets of events
that are strongly correlated in space and time, i.e. clusters. In this chapter I
will estimate parameters that describe the seismicity in the 20 clusters that
contain more than 200 events.

3.1 Patters in the temporal distribution

The temporal occurrence of earthquakes is dominated by clustering. In the
case of aftershock sequences accompanying mainshocks this temporal clus-
tering can be described by the Omori law (c.f. chapter 2.2.1) or the modified
Omori law (MOL, Utsu et al., 1995)

k
(t+c)p

R(t) = (3.1)

Where R(T) denotes the rate of earthquake occurrence at time ¢ after the
mainshock. k is a parameter related to the total number of aftershocks and
the parameter ¢ accounts for the complex effects directly after the mainshock.
The parameter p governs the rate of the decay. The MOL states that the
aftershock activity decays in time like a power law with the exponent p rang-
ing between 0.3 and 2 (Davis and Frohlich, 1991; Kisslinger and Jones, 1991;
Guo and Ogata, 1995). The evaluation of the exponent p suffers from the
problem that one has to identify a unique mainshock. Often this is impossi-
ble because there is no unique way to classify a certain event as foreshock,
mainshock or aftershock as many aftershocks act as mainshocks in that they
trigger their own aftershocks.

One way to avoid this problem is the use of the epidemic type aftershock
(ETAS) model (Ogata, 1999). The ETAS model is a generalization of the

39
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MOL and takes into account the secondary aftershock sequences triggered
by all pervious events. Thus this model treats every event as fore- main-
and aftershock simultaneously. The inversion of this model on real data is
difficult because it is analytically very complex and uses six parameters.

Another way to describe the temporal behaviour of seismicity by avoiding
the identification of mainshocks is to use the time intervals between two
successive events. The probability distribution of these waiting times P(t,,) is
defined in section 2.2.1. For correlated activity P(t,) has the form of a power
law, i.e. P(t,) ox t&. In certain cases the two parameters p of the MOL and
a of the waiting time distribution are related. If the activity can represented
by a non-stationary Poisson process with the intensity proportional to ¢?
the relation between the p-value and « is

—a=2-p! (3.2)

(Senshu (1959) in Hainzl et al. (2000)). The waiting time statistics thus
offers an elegant way to quantify the temporal clustering, not only of earth-
quakes. Wheatland et al. (1998) for instance used the waiting time statistics
to analyse the temporal correlation of solar flare bursts and Sanchez et al.
(2002) analysed the waiting times of sandpile models. But it was also used
for rainfall data, trades on stock markets and the temporal distribution of
lightning.

In the context of earthquakes this concept has been used by Kagan and
Jackson (1991), Christensen and Olami (1992), Hainzl et al. (2000), Hainzl
(2003) and Bak et al. (2002).

3.1.1 Motivation

Hainzl (2003) investigated the effect of viscous coupling in a stick-slip block
model. He introduced the viscous coupling in his model as transient stress
redistribution to neighboring blocks after coseismic stress perturbation. Pos-
sible mechanism in real fault systems that could cause this relaxation pro-
cess are fluid migration, afterslip or ductile creep. With increased viscous
coupling that causes postseismic stress changes of the order of the coseis-
mic changes Hainzl could reproduce typical features of earthquake swarms
(Hainzl, 2003). The waiting time statistics was affected by the amount of
postseismic response in a systematic way. The strength of the viscous cou-
pling is quantified by the parameter f, defined as the fraction of postseismic
stress changes f, = Aopost/A0toq. Figure 3.1 gives examples of waiting
time distributions found by Hainzl (2003) in model simulations with viscous
coupling of different strength. The parameter o' of the waiting time distri-

IThe parameter a is called p,, by Hainzl (2003)
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bution decreases from —1 in the case of weak (f, = 0.1) to about —2 for
strong viscous coupling (f, = 0.7).
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Figure 3.1: (from Hainzl (2008)) waiting time distributions for the model
simulations with f, = 0.1, 0.4 and 0.7.

Similarly to the waiting time distribution the size distribution represented
by the Gutenberg-Richter b-value is systematically influenced by changes of
the viscous coupling. This relation will be discussed in a later section.

On basis of this findings I want to draw conclusions on the influence of
viscous effects in the Hengill region by analysing the waiting time statistics
together with the size distribution of the clusters identified in chapter 2.2.

3.1.2 Estimation of «

For the measurement of the parameter « I calculate histograms of the waiting
times. Because of the power law behaviour I use bins of logarithmically
distributed width. The counts in the histogram c;, with ¢ being the index of
the bin, are weighted according to

ct

G = ——o—
' wzl'TZiCz'

ct denote the counts in the bins of logarithmically distributed width w! in
days. T denotes the times span of the analysed sequence also in days. The
final histograms give the probability of finding an interevent time of length
t, within one day of observation normalised for the number of events that
occur. The normalization for the number of events and the length of the

(3.3)



CHAPTER 3. PARAMETERS OF INDIVIDUAL CLUSTERS 42

sequence is only done for comparison between different sequences. It has no
influence on the value of a.

The parameter « is estimated as the slope of the least squares fit to
the histogram in double logarithmic coordinates. For the least squares fit
only waiting times larger than 40s are considered. As an estimate of the
uncertainty of o I use the 95% confidence limit of the least squares fit. In
figure 3.2 two examples of the waiting time distributions are shown.
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Figure 3.2: Examples of waiting time distributions for individual clusters

3.1.3 Results

I estimated « for 18 of the 20 cluster larger than 200 events. The power law
regime in the two other clusters was to small for a reliable fit. The a-values
are mapped on a colour scale and plotted as coloured ellipsoids at the location
of the respective cluster in figure 3.3. In table C.1 the values together with
the estimated uncertainties are given.

The « values scatter between —1.5 and —2 with an average uncertainty
of 0.28. In the Olfus area and the western part of the Hengill region o ranges
between —1.5 down to —1.8. Four clusters show very low values below —1.8.
In figure 3.4 the area of these clusters is indicated in blue together with the
events that belong to them. These clusters are concentrated in a relatively
small area 3km north of the uplift center with a diameter of approximately
6km.
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Figure 3.3: Spatial distribution of a value

3.2 Patterns in the size distribution

The size distribution of earthquakes is a typical example of scale invariance
associated with a self-organized system (Bak and Tang, 1989). There is no
characteristic size. Gutenberg and Richter (1944) first described the relation
between the size of events and the frequency of their occurrence. This relation
is known as the Gutenberg-Richter law (GRL) and was introduced in section
2.2.1. The parameter a in equation 2.5 is related to the total number of events
and b determines the relation between large and small events. In contrast
to the parameter a that varies simply with the size of the catalogue under
study the b-value is almost constant at 1 if averaged over large volumes. On
smaller scales of a few kilometers however considerable differences have been
found (Wiemer and Wyss, 1997; Wiemer and Katsumata, 1999; Ogata and
Katsura, 1993).
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Figure 3.4: Clusters with o < —1.8

3.2.1 Motivation

The GRL b-value was found to be related to the degree of structural hetero-
geneity in laboratory experiments (Mogi, 1962) and numerical simulations
(Steacy et al., 1996). Wyss et al. (1997) studied the distribution of b-values
in the surrounding of an active volcanoe and also attributed part of the
variations to structural heterogeneities. These studies show a direct correla-
tion between b and heterogeneity, i.e. b increases with increasing degree of
heterogeneity.

Evidence for the influence of stress on the frequency-magnitude distribu-
tion come from laboratory tests (Scholz, 1968) and studies of mining induced
seismicity (Urbancic et al., 1992). Wyss (1973) studied seismicity accompa-
nying fluid injection experiments in Denver and also demonstrated a relation
between stress and b. Comparison of b-values between thrusting and normal
faulting environments (Frohlich and Davis, 1993) and the depth dependence
of b (Wiemer and Wyss, 1997) give further evidence for this relation. The
correlation between b and the stress level is indirect, i.e. high stress level
causes low b-values.

As mentioned in section 3.1 Hainzl (2003) demonstrated the influence of
viscous coupling on the frequency-size distribution in numerical models.

The variety of possible causes for perturbations of the frequency-magnitude
distribution poses a problem for the interpretation. Better confidence in the
conclusions drawn from certain properties of the b-values can be provided
by a joint interpretation together with other parameters of the seismicity.
Therefore I think Hainzl (2003) provides a good background for analysis
of the frequency-magnitude distribution. In figure 3.5 frequency magnitude
distributions of the simulations with different postseismic coupling by Hainzl
(2003) are shown. There is a systematic increase in the b-value for increasing
viscous coupling. b ranges from 0.7 in the case of weak coupling (f, = 0.1)
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Figure 3.5: (from Hainzl (2003)) frequency-magnitude distributions for the
model simulations with f, = 0.1, 0.4 and 0.7.

to 1.6 for strong coupling with f, = 0.7.

3.2.2 Estimation of b

There are two different ways to estimate the value of the parameter b in
equation 2.5. The direct way makes use of the linear dependence of log;, N
on the magnitude m. b can simply be estimated by a least squares fit as the
slope of log;, N versus m. A requirement of this method is, that the graph to
be fitted has a sufficiently large linear segment. Additionally this method is
very sensitive to the number of large events which makes it rather unstable.
The indirect way uses the relation between the b-value and the mean
magnitude. Aki (1965) showed that a maximum likelihood estimate for b is
given by
- 0.4343 (3.4)
<m>—me
where m, is the cutoff magnitude? and < m > is the mean magnitude of
events with magnitude greater than m.. The approximate standard error
db of the b-value is given by 6b = ﬁ (Aki, 1965) where N is the number
of events used to estimate b. This method has two advantages. At first
it does not require a strict power law shape of the frequency magnitude
distribution. Thus one can not claim to directly measure some property of

the scale invariant system, because the power law is the indicator of such

2The cutoff magnitude is the smallest magnitude that is completely reported in the
catalogue.
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systems. But the mean magnitude that is used for the maximum likelihood
estimate still gives insight into the size distribution, i.e. ratio between large
and small events. The second advantage is that the maximum likelihood
estimate is very easy to calculate and very stable because the mean magnitude
is dominated by the numerous small events rather than by the few large
events.

3.2.3 Results

The b-value is estimated for the same clusters used in section 3.1. I obtained
the b-values together with their standard errors using the maximum likelihood
method. The magnitude cut m, is set to My = 0.5 in accordance with
Rognvaldsson et al. (1998b) and the mean magnitude < m > is calculated
from local magnitudes. The results are again plotted as coloured ellipsoids
at the clusters location in figure 3.6. The values together with their standard
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Figure 3.6: Spatial distribution of a value
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error are given in table C.1. I found the b-values to range between 0.6 and
1.1 with a mean standard error of 0.1.

In the Olfus area the values are more or less constant. Two clusters that
occurred in 1995 (# 3 and 4) have b = 0.79 and the other two from 1997
and 1998 (# 15 and 19) have slightly lower values of b = 0.7. With respect
to their error estimates the frequency-magnitude distribution of these four
clusters can not be regarded different.

Except the cluster that contains the June 98 M; = 5 earthquake (clus-
ter # 18) the clusters in the closer vicinity of the uplift center show higher
b-values. They range from 0.8 to 1.1. The value of cluster # 18 might be
underestimated because the cluster contains an intensive aftershock sequence
which might result in a temporally increased completeness level that would
lower the b-value. In figure 3.7 the clusters with b > 0.9 are plotted. The
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Figure 3.7: Clusters with b > 0.9

tendency to find the highest values around the uplift center suites to observa-
tions that link high b-values to areas of increased heterogeneity. Clifton et al.
(2002) argue that the area to the north and west of the uplift center where I
found the highest b-values is the area of greatest structural complexity. This
causes the seismic activity to be concentrated north and west of the uplift
though the assumed point source produces a circular stress field.

3.3 Joint interpretation of o and b distributions

The interpretation of individual seismicity parameters suffers from ambiguity.
This can partly be overcome by interpreting different parameters together.
This approach of course requires the knowledge about the effects of a certain
cause on different parameters. The most effective way to gain this kind of
knowledge is to use numerical simulations where one has complete control on
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individual parameters. In natural systems the actual cause of an observed
effect is often hidden in a combination of several possible causes.

As mentioned in previous sections Hainzl (2003) modeled the effect of vis-
cous coupling on the waiting time distribution and the frequency-size distri-
bution in numerical simulations. Hence this study provides means to jointly
interpret o and b-values.

Increased viscous coupling is according to Hainzl (2003) accompanied
by high b-value and low «-value (cf. figures 3.1 and 3.5). The numerical
simulations do not really provide a way to quantify high or low values. The
values can thus only be quantified in relation to each other or in relation to
their mean.

I decided to declare the largest 25% of the b-values as large in the sense
discussed above and the smallest 25% of the a-values as small. This results in
4 clusters with low a values and 5 clusters with high b-values. The threshold
values resulting from this definition are —1.8 for the o and 0.9 for the b-value.

The clusters that fulfill these conditions separately are plotted in figures
3.4 and 3.7. The clusters number 14 and 20 fulfill these conditions simul-
taneously their location is shown in figure 3.8. These are the clusters that
are, according to the observations of Hainzl (2003), most affected by viscose
coupling.
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Figure 3.8: Clusters with b > 0.9 and oo < —1.8
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3.4 Spatial patterns, Configurational Entropy

Patterns in the spatial distribution of earthquakes strongly reflect the pro-
cesses and structures inside the earth. Earthquakes follow the delineation of
plate boundaries, the distribution of faults or they are coupled to magmatic
activity. The amount of clustering of the earthquake distribution varies sig-
nificantly, geographically as well as over time. Often the shape and size of
these earthquake clusters provides information about the processes involved.

The concept of fractality or multifractality is one way to characterise
the composition of earthquake distributions. To calculate a fractal dimen-
sion requires scale-invariance of the epicentral distribution over length scales
of several magnitudes. This is often problematic for earthquakes since the
length scales are limited by the extent of the tectonic regime on one side and
the spatial resolution, i.e. the location errors of the network on the other
side.

The concept of configurational entropy provides an alternative way to
quantify the statistical properties of a point set. It aims at the description of
the interplay between ordered features and scatter in the distribution. In the
context of earthquakes configurational entropy has successively been used to
measure the random scatter in the epicentral distribution that is caused by
location errors (Nicholson et al., 2000). They used the entropy to measure
the improvement of earthquake locations made by a technique called collaps-
ing method. Simply speaking the collapsing method enhances the order in
the hypocenters by moving them in a suitable direction inside their error el-
lipsoids. Similarly entropy can be used to quantify the improvements of other
relocation techniques such as joint hypocenter or master event relocations.

Nicholson et al. (2000) also show that the entropy of earthquake distri-
butions in different tectonic environments such as mid-oceanic ridges, sub-
duction zones and intraplate zones varies significantly.

Goltz and Bose (2002) used the entropy to demonstrate similarities be-
tween the phase transition at the critical point in a percolation model on the
one hand and the Southern California earthquake population in the spatial
and temporal vicinity of the 1992 Landers earthquake. As for the percolation
model at the percolation threshold?® they find the entropy of the southern
California earthquake to increase prior to the Landers event, to reach its
maximum at the event and to decrease slowly afterwards.

3The percolation threshold represents the critical point where the phase transition from
impermeable to permeable occurs.
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3.4.1 Motivation

By measuring the entropy of the clusters I identified in section 2.2 T want to
test whether it is possible to classify the clusters according to spatial distri-
bution of their events. Secondly I want to analyse the temporal evolution of
the entropy to see whether there is any significant change in the characteris-
tic of the hypocenter distribution and whether the two M, = 5 events from
1998 are reflected in the entropy.

3.4.2 Definition of S

The classical concept of entropy in thermodynamics introduced in 1871 by
Boltzmann was extended to be applicable in information theory by Shannon
(1948). He defined the information I that we gain from the occurrence of
event i(i =1,2,...,n) as ,
P;
where p; is the probability for the occurrence of this event. The entropy S
of a system is the expected value of I as

n n
S:ZPZ-Ii:—ZPilnPi (3.6)
i=1 i=1
(Shannon, 1948).

The meaning of Shannon’s entropy for a 2D point set, like the epicenters
of earthquakes, can be understood as follows. Considering a discretised image
of a certain number of pixels the information gained if we get to know that
an event occurred at pixel 7 depends on the probability p;. If p; = 1 i.e. the
event was certain to occur in cell ¢ the information gained is —Inp; = 0.
Whereas [ is infinite if p;, = 0. S will adopt its maximum if all p; are equal,
i.e. when there is maximum disorder (Goltz, 1998).

If the probability is a continuous function of space rather than a piecewise
constant, equation 3.6 can be written as

§=_ /V P(z) In(P(x))dz (3.7)

(cf. Papoulis (1984) in Nicholson et al. (2000)) where z is the position vector
in the domain V. To overcome the problem equivalent to the one known from
thermodynamics that a reference temperature is needed to define an absolute
value and not only differences of the entropy, Skilling (1989) generalized
equation 3.7 to incorporate a reference distribution m:

5=~ [ Pl)m (P(x)> da (3.8)

m(x)
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(cf. Skilling (1989) in Nicholson et al. (2000)) with m and P being normalized
probability densities. For a set of points the probability P(z) is related to
the local density p(x) by

_ pz)
Pla) = =7 (3.9)

where NV is the number of points. Using equation 3.9 in equation 3.8 results
in

S=1n(N) - ~ [ p(z)In(p(x))dz + — [ p@)m(m(@)dz  (3.10)
N Jv N Jv

Equation 3.10 shows that the entropy can be calculated if the spatial
distribution of the point density is known. The problem of estimating the
local point density can be tackled with different techniques. One group of
these techniques requires the use of some arbitrary smoothing parameters
which often have strong influence on the density estimate. The domain of
the point set can for instance be divided up into boxes of side length L
which gives an estimate for the density via the number of points in each
box. The smoothing parameter in these box-counting methods is the box
size L. Too large boxes reduce the resolution and too small boxes increase
the error. Goltz and Bose (2002) estimate the point densities for various box
sizes and finally use the box size that yields the maximum entropy to avoid
these arbitrariness of the smoothing parameter.

A quite different technique, introduced by Nicholson et al. (2000), makes
use of Voronoi cells. Because this method does not require any smoothing
parameter I use this technique and follow the work of Nicholson et al. (2000).

The Voronoi diagram is a unique partition of the domain into nearest-
neighbor region of a set of points (referred to as nodes). Each region contains
those points that are nearer to one node than to any other. Figure 3.9 shows
the Voronoi diagram of the My, > 2 events in the Hengill region. It is obvious
in figure 3.9 that the size of the Voronoi cells reflects the density of the point
set. The idea of Nicholson et al. (2000) was to use the inverse of the size of
the Voronoi cell as density estimate of its interior:

1

v(z;)

p(z) = (3.11)

x; is the position vector of the ith node and v(z;) denotes the volume of
the Voronoi cell about node 2. z; is assumed to be the closest node to the
position vector x which means that x lies within cell 7. Equation 3.11 provides
a unique measure of the local point density without the use of any smoothing
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Figure 3.9: Voronoi diagram (blue lines) of the My > 2 events (red points).
Red line indicates the convex hull of the epicenters.

parameter. The Voronoi cells of the nodes that belong to the convex hull*
of the point set pose a problem because they are unbounded which leads to
zero point density. Thus only the volume inside the convex hull is considered
for the estimation of the density. The sum of all cell volumes then becomes
equal to the volume of the convex hull V.

The integrals in equation 3.10 can be replaced by sums because the
Voronoi diagram covers the domain and the density is piecewise constant.
Using equation 3.11 this gives:

S =1In(N) + % ;ln(vi) + %Zln(mz(x)) (3.12)

The differentials dx in equation 3.10 become v; in equation 3.12.

4A set S is convex if for any given points p,q € S the line segment pg C S.The convex
hull of a set of points () is the intersection of all convex sets containing @), i.e. the convex
hull of @) is the smallest convex set that contains Q.
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A natural choice for the reference distribution is, to make it uniform and
structureless. This results in a constant probability

_ 1
-

m;

(3.13)

With this choice the maximum entropy value is the one of a uniform dis-
tribution which is zero. All other distributions will have negative entropy
(Nicholson et al., 2000). Using this reference distribution and equation 3.12
one finally obtains

1N
S =1In(N) —In(Vp) + N > In(vy). (3.14)
i=1
The entropy definition in equation 3.14 has several interesting properties
(cf. Nicholson et al., 2000).
e S is always non-positive.

e S is scale invariant. (A factor that scales all volume terms cancels.)

e S is normalised for the number of events N and the volume of the
domain V.

The entropy can thus be compared between sets with different numbers of
events that occupy vastly different volumes.

3.4.3 Estimation of S

The estimation of S according to formula 3.14 involves the following steps

1. Coordinate transformation from geographical into Cartesian coordi-
nates

2. Calculation of the Voronoi diagram

3. Calculation of the intersection between the convex hull of the set and
each Voronoi cell

4. Calculation of the volume of each of these intersections between hull
and Voronoi cell from 3 and of the convex hull itself

5. Calculation of S by using the volumes obtained in 4 in equation 3.14
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I used the GMT software by Wessel and Smith (1991) for the coordinate
transformation in item 1. For the calculation of the Voronoi diagram in
item 2 I made use of the ghull program released by the National Science and
Technology Research Center for Computation and Visualization of Geometric
Structures (The Geometry Center), University of Minnesota (1993). It is
based on the quickhull algorithm (Barber et al., 1996) for calculating convex
hulls. I used the same program to calculate the intersection in item 3 and
the volume in item 4.

I tested the algorithm on sets of uniformally distributed points in a unit
cube. Table 3.1 gives the entropies of these test distributions. The entropy

# of points # on conv. hull Volume Entropy

100 30 0.673 —0.8073
100 27 0.693 —0.1114
100 28 0.709  —1.5253
1000 78 0.890 —0.1578
1000 7 0914 —0.1638
1000 63 0.938  —0.2096
10000 112 0.990 —0.1225
10000 119 0.986 —0.1112
10000 101 0.987 —0.1136
100000 196 0.998 —0.1028

Table 3.1: Entropy values for test distributions of 10000 uniformally dis-
tributed point in a unit cube

of the sets with 100 points scatters comparatively wide around a mean of
—0.81. The range of the scatter decreases with increasing number of points
in the sets and the mean increases to —0.18 for the sets with 1000 points and
to —0.12 for the sets containing 10000 points.

This nicely fulfills the expectations for the entropy estimate. The entropy
approaches zero as the number of points increases because any structure that
is left in smaller sets vanishes and the uniformity becomes dominant. The
larger variations for smaller sets reflect the fact that small sets badly reflect
the statistical properties of the distribution they were drawn from. Con-
versely one can not distinguish between large sets from the same distribution
from the statistical point of view.

I am thus very confident in the quality of the algorithm.
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3.4.4 Results

I estimated the entropy S of the 20 largest clusters i.e. the same used in
sections 3.1 and 3.2. In figure 3.10 the entropy values are plotted in the
same fashion as the o and b-values in sections 3.1.3 and 3.2.3. The exact
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Figure 3.10: Spatial distribution of entropy S

values are given in table C.1. The entropy values range between —1.9 and
—4.1. There is no clear systematics evident in the spatial distribution of
entropy. However the entropy of the clusters in the Hengill area averages to
—2.9 whereas the Olfus clusters have slightly lower average of —3.3. Because
of the large scatter of the values I calculated S for all events with My > 0.5
to the north and south of 64° latitude. These values mirror the averaged
values of the clusters very nicely. I found S = —2.85 for the events north
of 64° corresponding to an cluster average of —2.9 and S = —3.21 for the
events south of 64° corresponding the —3.3. This shows that the activity in
the Hengill area tends to be more diffuse than in the Olfus region.
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Nicholson et al. (2000) estimated values of S for seismicity in 10 different
tectonic regions. They found values of S between —4.26 and —3.88 for mid-
oceanic ridges, between —3.84 and —2.73 for subduction zones and a range
from —2.78 to —1.75 for continental regions. Thus the values for the clusters
in the Hengill region can not be classified according to this because they
occupy almost the whole range and also classification of the values for Hengill
and Olfus is not very instructive as both fall in the range of subduction
zones. However it seems not surprising to find the higher entropy in the
Hengill region that surely has some intraplate characteristics in opposite
to the Olfus area that probably has transform characteristics as it is the
westward continuation of the SISZ.

There is one problem with this concept of entropy that appeared during
my work. Equation 3.14 includes a normalisation of the entropy with respect
to the size of the domain. This arose from the reference distribution that
was used to fix the value of zero entropy. But still I found some correlation
between the extent of the set and its entropy which is related to the insuffi-
cient scale invariance of the epicenter distribution. On a scale of e.g. 20 km
(cf. figure 1.2) one can intuitively separate active and inactive areas. This
means structure. If the extent of the set used to estimate entropy is placed
on this boundary between active and inactive areas this structure disappears
and the entropy increases. The value of S thus correlates with the size of
the “inactive” volume, that typically surrounds some concentrated activity,
inside the convex hull of the set.

Temporal analysis of S

I used this observation to improve the analysis of the temporal evolution
of entropy. For this the entropy is calculated for time windows of different
length. The windows contain 300 events and have an overlap of 50 events. I
used the convex hull of the whole set of events for each time window because
of the problem mentioned above. Figure 3.11 shows the entropy evolution
from January 1998 to July 1999. This period is selected because of the two
M7 =~ 5 events.

The two M = 5 events are clearly reflected in the entropy (cf. figure
3.11). S assumes local maxima around both large events. This is in ac-
cordance with the results of Goltz and Bése (2002) for the M 7.3 Landers
event in Southern California. The entropy maximum at the occurrence of the
mainshock is interpreted by Goltz and Bose (2002) as indication of a phase
transition and critical point dynamics that take place at the mainshock. I can
confirm that the seismicity, temporally related to the My ~ 5 events, shows
maximum disorder. The exponential increase of S prior to the mainshocks
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Figure 3.11: Temporal evolution of entropy. (a) time-magnitude plot, (b)
entropy plotted at the center of time window, (c) entropy smoothed with a
centered moving average filter of 3 points length

as described by Goltz and Bose (2002) could not be found in this dataset,
excluding a forecasting potential for the Hengill area.

I applied a centered moving average filter of length 3 to the time series of
S. The result S’ displayed in figure 3.11 (c¢) shows that there is a difference of
about 20% between the average values before and after the June event. This
jump can be interpreted as change in the characteristics of seismicity. The
system probably moved away from the critical state (Main and Al-Kindy,
2002) because the M = 5 event might have decreased the stress level of the
whole area significantly as it transfered strain to the plate boundary.



Chapter 4

Summary and Conclusions

In this work I analysed patterns in the distribution of earthquakes in space,
time and magnitude. This was done in two steps documented in chapters 2
and 3.

In the first part I developed a method to identify clusters of strongly cor-
related events. 20 clusters were found that contain more than 200 events.
These clusters represent temporally dense accumulations of events in a nar-
row region e.g. a fault. The method is based on a certain form of the corre-
lations between earthquakes expressed by the recently found Unified Scaling
Law (Bak et al., 2002). During the analysis I could verify the Unified Scaling
Law and show that there are differences in the properties of the earthquake
correlations between the Hengill area and the Southern California seismicity
analysed by Bak et al. (2002).

In the second part I studied different properties of the seismicity in the
individual clusters. I estimated three parameters for each cluster, the a-value
of the interevent time distribution and b-value of the frequency-magnitude
distribution and the configurational entropy S describing the degree of spatial
clustering.

Significant differences between different clusters were found in the o and
b-value. b-values range between 0.6 and 1.1 and a-values were found between
—1.5 and —2. With the interpretation of these results I follow the findings
of Hainzl (2003) who describe an influence of the viscous coupling on the
frequency-magnitude and interevent time distributions. The pattern that in-
dicate strong viscous effects could be localized below the Hromundartindur
central volcano in an area directly to the north of the uplift center deter-
mined by Feigl et al. (2000). The high b-values that were found in the
Hengill-Hrémundartindur area might reflect strong heterogeneity. Clifton
et al. (2002) argue that this heterogeneity caused the concentration of seis-
micity north and west of the uplift center though one would expect at least
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some kind of rotational symmetry for a point like source.

I speculate that the increased postseismic response north of the uplift
center is caused by fluids that originated from the magma injection and
migrated into the direction of high heterogeneity.

Comparison between the entropy values of the different clusters did not
reveal an obvious systematic. The values range between —1.9 and —4.1.
However a tendency to lower entropy in the Olfus clusters compared to the
Hengill-Hrémundartindur clusters was noticeable. This observation could be
confirmed by separate analysis of the whole seismicity north and south of 64°
latitude. In the view of Goltz and Bose (2002); Main and Al-Kindy (2002)
where a system assumes its maximum entropy at the critical point the higher
entropy in the Hengill-Hromundartindur area indicates that this system was
in a state closer to criticality than the Olfus system. Temporal evolution
of the entropy between January 1998 and July 1999 showed maxima at the
occurrence of the two Mj, & 5 events in June and November 1998 and a drop
in entropy from pre June level at —2.5 to a post June level at about —3.
This entropy drop occurred simultaneously with the event that mechanically
linked the Hengill-Hré6mundartindur system to the plate boundary. I think
the entropy jump in June 1998 reflects a significant change in character of
the seismicity in the Hengill-Hroémundartindur system away from criticality.
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Appendix A

The declustering process

Output

return

i=0,j=0
|—
i=i+1
'_
j=j+1
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The declustering algorithm described in sec-
tion 2.2.2 works according to the following
flowchart. The program starts at the top and
works downward. Diamond shaped objects
denote decisions and the program works down-
ward if the condition is true, and otherwise to
the right. 7, 7 and k£ denote indices of events in
the catalogue and end is the number of events
in the catalogue. The = sign symbolises that
the events are associated.



Appendix B

Point distributions

The mean distance between two random point drawn from a uniform dis-
tribution in a plane can be estimated in numerical simulations. I simply
generate 100000 pairs of uniformally distributed points in a square of side
length 1. The distribution of the distances between the points of these pairs
is plotted in figure B.1(a). The mean distance is 0.5214.
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Figure B.1: The distribution of distances between points in a plane for dif-
ferent kinds of point distributions.

To simulate the distance distribution between pairs of points of a fractal
set I use the distribution shown in figure B.1(a) and apply a weighting factor
for the different bins that account for the clustering caused by the fractality.
On a set of points with a fractal distribution the number of points /V inside
a sphere of radius r is N(r) o< r%. The probability P(r) of finding a point
at distance r, P(r) o< r%~! is proportional to the derivative of N(R). The
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fraction of the probabilities Pf(r) for the fractal distribution P,(r) for the
uniform distribution of dimension 2 is:
di—1
Py (r) o - _ s =2
P,(r) r2-1

(B.1)

This is the weighting factor to be applied to the bins in the histogram in
figure B.1(a). Figure B.1(b) shows the weighted histogram that represents
the distribution of distances between points on a fractal set of dimension 1.1.
The mean distance between two points is 0.36 in this case where 100 bins
were used.



Appendix C

Results
# time # of events b-value a-value entropy
1 13/08/94 — 28/08/94 3667 0.81 £0.04 —-2.03+0.31 —4.1
2 26/02/95—01/03/95 603 084 +£0.1 -—-1.84+0.23 -—-3.3
3 02/03/95—04/03/95 435 0.79+0.13 —-1.69+0.29 —-3.6
4 14/03/95 —15/03/95 310 0.79 £0.13 2.7
5 08/04/95—10/04/95 285 0.83+0.15 —-1.68+0.27 -—1.9
6 30/04/95—04/05/95 743 0.88+0.11 -1.69+0.24 —-29
7 22/07/95—24/07/95 472 0.8+£0.13 -169+0.32 -3.1
8 26/07/95—29/07/95 345 098 +0.16 —-1.62+0.27 —2.5
9 22/10/95—24/10/95 415 0.92+0.12 —-1.72+0.32 —24
10 16/11/95—17/11/95 233 0.89 +0.22 —-1.63+0.31 —3.6
11 12/01/96 —13/01/96 287 08+0.14 -169+0.29 -1.9
12 14/03/96 — 17/03/96 259 082+0.13 -1.6=+0.3 —2.2
13 14/10/96 —20/10/96 552 0.61 £0.11 -1.55=+0.21 -3.2
14 12/04/97 — 17/04/97 2594 0.95+0.07 —-1.83+0.26 —3.2
15 10/07/97 —11/07/97 2901 0.7+£0.17 —-1.61+£0.23 —3.0
16 23/08/97 352 1.09 +0.23 —-3.5
17 24/08/97 — 06/09/97 3668 0.824+0.04 —-1.76+0.25 —-3.5
18 03/06/98 —01/08/98 5578 0.61£0.02 —-1.75+0.25 —3.6
19 12/11/98 —18/12/98 5214 0.7+£003 —1.79+.24 3.7
20 25/05/99 — 01/06/99 1228 091+01 -197+£0.36 —3.5

Table C.1: Parameters of the seismicity in different clusters

The numbers of the clusters in table C.1 refer to ellipsoids labeled with
the cluster numbers in figure C.1.
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Figure C.1: Cluster numbers
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