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Abstract We use modern and novel techniques to study
the problems associated with detection and analysis of
multitudinous seismic events, which form the back-
ground for isolated great earthquakes. This new
approach involves multivariate analysis of low and large
magnitude events recorded in space over a couple of
centuries in time. We propose here the deployment of
the clustering scheme both for extracting small local
structures and large-scale trends in synthetic data
obtained from four numerically simulated models with:
uniform properties (U), a Parkfield-type asperity (A),
fractal brittle properties (F), and multi-size-heterogene-
ity fault zone (M). The mutual nearest neighbor (mnn)
clustering scheme allows for extraction of multi-resolu-
tional seismic anomalies in both the spatio-temporal and
multi-dimensional feature space. We demonstrate that
the large earthquakes are correlated with a certain
pathway of smaller events. Visualization of the anoma-
lies by using a recently introduced visualization package

Amira reveals clearly the spatio-temporal relationships
between clusters of small, medium and large earth-
quakes, indicating significant stress relaxation across the
entire fault region. We demonstrate that this mnn

scheme can extract distinct clusters of the smallest
events, which precede and follow a singularly large
magnitude earthquake. These clusters form larger spa-
tio-temporal structures comprising a series of large
earthquakes. The link between the large and medium
magnitude events is not so clearly understood. Short-
ranged correlations are dominated by strong spatio-
temporal anomalies, thus reflecting the global seismic
properties of the entire fault zone.

Keywords Earthquakes Æ Synthetic catalogs Æ
Clustering of events Æ Agglomerative clustering Æ
Visualization

Introduction

Investigations on earthquake prediction have, up to
now, focused principally on the precise detection of
precursory anomalies and their relation to the occur-
rence of large events (Shimazaki and Nakata 1980).
Behind these investigations lies the intention of ex-
tracting as large amount of relevant information as
possible from original physical data such as: origin
times, locations and magnitudes of seismic events.
Assuming that the information is not evenly distributed
among data coordinates, i.e., some of them are more
relevant than the others, by combining these data we can
produce new, synthetic parameters carrying the most of
valuable information.

For the statistical analysis of spatio-temporal patterns
produced by seismic events both simple methods
involving only one parameter and more sophisticated
multi-parameter techniques were employed. In recent
years, several groups (Keilis-Borok and Kossobokov
1990; Eneva and Ben-Zion 1997a, 1997b) have developed
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newer techniques, which include pattern recognition
algorithms for analysis of cross-correlations between
time-series of heuristically derived seismicity parameters.
These feature extraction techniques consist in non-linear
transformation of a spatio-temporal feature space of
greater dimensionality into a space with a smaller
dimensionality, thus filtering out redundant information.
This procedure is very reliable provided that it is possible
to extract the features carrying more than 80% of all
information. However, in many cases relevant informa-
tion can be evenly distributed among the all original
features. Then, as is well known from pattern recognition
principles (Jain and Dubes 1988; Theodoris and Kou-
troumbas 1998), not all complex structures in a multi-
dimensional feature space can be extracted by any
projection method. Therefore, after dimensionality
reduction, evenly distributed information will be mostly
lost. For example, there is a spatial distribution of events,
which is averaged out over certain distances and ne-
glected in the pattern recognition process, as proposed in
Eneva and Ben-Zion (1997a, 1997b). As is often the case,
clustering analysis comes to the rescue and unveils these
enigmatic, complex structures.

Clustering analysis is a well-known technique in
modern deterministic analysis and is a fundamental
conceptual tool in pattern recognition (Andenberg 1973).
It is used for classifying similar (or dissimilar) N-di-
mensional feature vectors. Clustering techniques can be
utilized for classifying not only static multi-dimensional
data, but also dynamic discrete events such as micro-
structures created due to flow in complex fluids
(Boryczko et al. 2003; Dzwinel et al. 2003), the micro-
earthquakes induced by mining activities (Rundle et al.
1997, 2000; Freed and Lin 2001), dissipation phenomena
occurring in a dispersed stellar population (Barnes and
Hernquist 1996; Briceno et al. 2001) or dynamically
changing Landsat data (Faber 1994) (terabytes per day–
represented by up to 256-dimensional vectors). The
clustering and feature extraction software can also be
applied in large collaborative GRID computing projects
(e.g., Foster and Kesselman 1998; Gannon 1998; Fox
et al. 2002; Brezany et al. 2002; Dutka and Kitowski.
2002) dealing with processing of large-scale data sets.

Depending on the data structure represented by a
two-dimensional matrix [xji]NxM, and the relationship
between dimensionality N of data vectors xi=1,...,M=
[x1i,x2i,...,xNi] and the number M of vectors considered
for classification, clustering can play a different role
(Gowda and Krishna 1978; Faber 1994; Theodoris and
Koutroumbas 1998). For large dimensionality N and N
of the same order as the value of M, clustering plays a
secondary role in classification of data and can be used
rather for feature selection (Andenberg 1973). Con-
versely, the number N of raw features xi describing ith
earthquake events is low, and comprises the spatial co-
ordinates (X,Z), origin time (t) and magnitude (m), thus
N=4 and xi=[X,Z,t,m]. Because a long period of time is
required for detection and analysis of anomalies, which
go with isolated earthquakes, the number of vectors

representing seismic events is usually large, thus
M>>N. This is a very appealing data property for
clustering. By using a clustering scheme it is possible to
retrieve spatio-temporal patterns created by events,
which are averaged out by former approaches. The
analysis of these patterns can answer at least a few
important questions: Can we observe any regular spatio-
temporal structures of events? Can we extract common
features from global trends in a spatio-temporal distri-
bution of small, medium and large events? Is the spatial
distribution of small magnitude events correlated with
the largest earthquakes? The widespread clusters of
similar vectors can represent long-wavelength phenom-
ena, which go with the SOC-like (self-organized
criticality) (Bak et al. 1987; Bak 1996) earthquake oc-
currence. The analysis of the behavior of distinct long-
time trends can be used in modifying predictions of
earthquake occurrences on the basis of the previously
used techniques (Eneva and Ben-Zion 1997a, 1997b;
Keilis-Borok and Kossobokov 1990; Lyakhovsky et al.
2001). Moreover, clustering analysis can help to put
constraints on the variations of the physical parameters,
such as the shear modulus and friction coefficient of the
crustal fault zones under geophysical consideration.

In this age of data deluge one cannot emphasize
strongly enough the importance of advanced scientific
visualization in promoting understanding. This is espe-
cially true in looking at clustering of earthquakes. There
is a dire need for the researcher to interact instanta-
neously in analyzing the earthquake events and to
establish and replay the spatial-temporal patterns
obtained by clustering. Only by fast 3-D visualization
and volume rendering of multi-resolutional structures
can one detect precisely the boundaries between clusters
and depict the spatial distribution of events and their
magnitudes. Looking at a abundancy of static figures
would often stifle the urge for discovery.

In this paper, it is our goal to describe our clustering
analysis procedures together with our visualization
techniques using the Amira visualization package
(http://www.amiravis.com). First, we present the data
and discuss the concept of agglomerative clustering
(Andenberg 1973; Theodoris and Koutroumbas 1998).
We employ the clustering scheme, which is based on the
mutual nearest neighbor (mnn) concept (Gowda and
Krishna 1978; Dzwinel and Basiak 1999) and linked-list
method (Hockney and Eastwood 1981) for the nearest
neighbors search. Then we will describe briefly our
adaptation of Amira for this clustering research. We
close with a report of our results on clustering and dis-
cuss the geophysical implications based on this prelimi-
nary study.

Synthetic earthquake data catalog

The usefulness of synthetic catalogs based on theoretical
models depends on the extent to which the models mimic
realistic fault activity, including earthquakes and aseismic

13



slip. In this work we use catalogs generated by a model
(Ben-Zion 1996) for a two-dimensional (2-D), segmented
strike-slip fault system in a three-dimensional (3-D) sur-
rounding elastic matrix. Each fault segment is governed
both by a frictional threshold for brittle instability and by
a power-law creep for aseismic slip. As shown in Ben-
Zion (1996), the theory, parameters, as well as the results
of modeling obtained from this model, are compatible
with a large number of multi-disciplinary observations,
including geologic and geodetic data, stress drops, hypo-
central locations, frequency size and temporal statistics of
earthquakes, and stress profiles.

The use of synthetic data for the analysis of seismic
events and the development of methodology for predic-
tion of earthquakes has many advantages, which are very
relevant for revealing complex physical behavior. More-
over, synthetic data have the advantage of retaining the
statistical reliability of the results. The data are free of
measurement errors, which occur in estimating earth-
quake magnitudes and hypocentral locations, and do not
suffer from incomplete recording of small events, which
exist in natural catalogs. Synthetic data generated by
computational models can comprise many events cover-
ing large spatial areas and extremely long time spans.

These features are very attractive both for studying
new methods for data analysis and understanding the-
oretical aspects of earthquake dynamics. There are many
numerical models with different levels of complexity,
which simulate earthquake dynamics (Shimazaki and
Nakata 1980; Ben-Zion 1996; Lyakhovsky et al. 2001).
In this study, we employ the synthetic data catalog ob-
tained from the numerical model of a discrete fault plane
simulated with 3-D elastic dislocation theory and power-
law creep for the central San Andreas Fault (Ben-Zion
1996). The results cover the earthquake distribution in
space, time and magnitude size. An 1857-type event was
imposed at the south at the beginning of the simulation
and a 1906-type event was imposed at the north 50 years
later. We study four different model realizations repre-
senting various levels of fault-zone disorder. These are
models with uniform brittle properties (U), with a
Parkfield-type asperity (A), with fractal brittle properties
(F), and with multi-size-heterogeneities (M). In all cases,
the creep properties are the same and are chosen to
simulate a brittle-ductile transition at a depth of about
12.5 km, and an overall transition from stick-slip be-
havior to creep at horizontal distance of about 65 km
from the northern edge of the large 1857 event. These
models and various statistical properties of the catalogs
have been discussed in greater detail elsewhere (Ben-
Zion 1996; Eneva and Ben-Zion 1997b). The properties
of the models are described in Tables 1, 2, 3. We have
defined four dimensions: two spatial dimensions such as
the hypocenter location and the depth and two addi-
tional: time interval and magnitude of the events. The
fault is divided onto square cells—called here points—
550 m long and deep. The point of a given seismic ac-
tivity is called event. The time interval covers all events
that have occurred in the last 150 years of simulated

fault activity. The sizes of data files are collected in
Table 2. The raw data from the four models are depicted
in Fig. 1.

From the visual inspection of the panels displayed in
Fig. 1, we can clearly discern that:

1. As shown in Eneva and Ben-Zion (1997a, 1997b),
each model approximately follows the Gutenberg-
Richter power law (the relationship between magni-
tude and earthquake frequency), but each model has
the characteristic distribution for large events, which
can be discerned by using the histograms in Amira.

2. The data have periodical strip-like structure over time
coordinate. Large or moderately large magnitude
earthquakes in all models occur at rarefied strip
regions. We can see that these rarefied regions are due

Table 1 Data models

Model Physical properties of each simulated model.
Note that Qa=arrest stress, Qs=static stress,
and 1 bar=105 Newton/m2

U Uniform distribution of stress drops: Qa=Qs)12 bar
±6 bar. Similar to non-asperity region of model A

A Stress drop with Parkfield-type asperity: in asperity
region, Qa=Qs)54 bar ±6 bar, and the other
region, Qa=Qs)12 bar±6 bar

F Fractal stress drop distribution: Qa=f*Qs,
where Qs=60 bar and f is taken
from fractal distribution characterized by a
fractal dimension 2.3, mean values 0.5 and
standard deviation 0.2

M Stress drop with multi-size-scale heterogeneities:
the fault consists of low stress drop segments,
Qa=Qs)10 bar and high stress drop boundaries,
Qa=Qs)100

Table 3 Domains of physical parameters

Dimension Description Interval
and unit

Axis color

X Horizontal
distance

0<X<70 km Red

Z Depth 0<Z<17.5 km Green
t Time 150<t<300 years Blue
m Earthquake

magnitude
Different intervals
with the different
models (see Table 2)

The color
depends on
the color map
used

Table 2 Data specification

Model M (the number of
earthquake events)

M events
of m>6

Range of
earthquake
magnitude

U 32,185 32 3.26<m<6.68
A 25,881 30 3.26<m<6.73
F 10,475 16 3.43<m<6.73
M 29,039 20 3.41<m<6.81

14



F
ig
.
1
a
–
d

V
is

u
a
li
za

ti
o

n
o

f
ra

w
d

a
ta

o
b

ta
in

ed
b

y
u

si
n

g
th

e
v
is

u
a
li
za

ti
o

n
p

a
ck

a
g
e

A
m

ir
a
.
T

h
e
co
lo
r

o
f

p
o

in
ts

(e
v
en

ts
)

re
p

re
se

n
ts

th
e

v
a
lu

e
o

f
m

a
g
n

it
u

d
e.

T
h

e
lo

w
es

t
m

a
g
n

it
u

d
e

ev
en

ts
a
re

vi
o
le
t

(a
–
d
)

a
n

d
th

o
se

w
it

h
m

>
5

a
re

re
d
.

T
h

e
la

rg
es

t
ea

rt
h

q
u

a
k

es
w

it
h
m

>
6

a
re

d
ep

ic
te

d
b

y
la
rg
er

b
a
ll
s.

T
h

e
a
x
es

a
re

d
es

cr
ib

ed
in

T
a
b

le
3

15



to the relaxation of stress followed by the large
magnitude earthquakes.

3. The four different models have distinct features. In
the model A, a Parkfield-type asperity can be easily
seen. The asperity region has fewer low magnitude
earthquakes and has many large magnitude (m>6)
earthquakes. The model U is very similar to the non-
asperity region of model A.

4. Around the x=70 km region, parallel to the z-axis in
the U, A, and F models, there are many large (m>6)
earthquakes due to the combination of a seismic
creep just outside of the computational grid (and
taken as the boundary conditions in earthquake
simulation software) and the presence of the large
earthquake patches.

5. For M data set the largest events are distributed
almost evenly along the X coordinate.

6. The rarefied regions for M data set seem to be less
periodic. They apparently do not form fully devel-
oped strips, as shown in other data sets in Fig. 1.

We do not find any correlation between the magni-
tudes and the locations. For all data sets this is purely
random. No stationary clustering of earthquakes is
observed except in the case of the large influence wielded
by the imposed great earthquake patches. Therefore, a
mere visualization of raw data sets does not answer
important questions about spatio-temporal structures of
small and large patches of events. To extract these
structures we use clustering procedures based on simi-
larity of events in the feature space, which consists of
two spatial coordinates, one time coordinate and mag-
nitude of events. In such a feature space, a single event
will be characterized by feature vector [Xi, Zi, ti, mi]
where i represents an index of the event.

Clustering procedure

Clustering is a mathematical concept, which has been
used for a long time in pattern recognition (Andenberg
1973; Jain and Dubes 1988; Theodoris and Koutroum-
bas 1998) and has many applications. Nowadays the
clustering is an important tool for revealing features in
data mining process (Xiaowei et al. 1999; Grossman et al.
2001; Hand et. al. 2001; Hastie et al. 2001). Clustering is
used for classifying N-dimensional vectors, with the
similarity (or dissimilarity) measure defined between
the vectors. The number of vectors is M. Depending on
the data structures, different clustering schemes must be
applied (Gowda and Krishna 1978; Keilis-Borok and
Kossobokov 1990; Faber 1994; Su and Chou 2001;
Nesvorny et al. 2002). There are two main approaches
for classifying the data.

The first method calls for a non-hierarchical extrac-
tion of clusters. This approach is used mainly for
extracting compact clusters by using global knowledge
about the data structure. The most well-known and

simplest techniques are based on the K-means algorithm
(Theodoris and Koutroumbas 1998; Faber 1994; Su and
Chou 2001). The basic problem with K-means is that the
final classification, such as the one shown in Fig. 2, re-
presents the local minimum of a criterion function. Thus
for multi-modal functions, starting from different initial
iterations, one can obtain different cluster structures.
Because global information about the data is required for
the non-hierarchical schemes, the non-hierarchical algo-
rithms suffer also from a high computational complexity
and most of them require a priori knowledge about the
number of clusters. These techniques fail for elongated,
bridged clusters (Dzwinel and Basiak 1999) and clusters
with a different density appearing in simulations with
particles (Boryczko et al. 2003).

Agglomerative clustering schemes (Andenberg 1973;
Theodoris and Koutroumbas, 1998) consist in the sub-
sequent merging of smaller clusters into the larger clus-
ters (see Fig. 3), based on a proximity criterion.
Depending on the definition of the proximity measure,
many agglomerative schemes exist such as: average link,
complete link, centroid, median and minimum variance
algorithm. The hierarchical schemes are very fast for
extracting localized clusters with non-spherical shapes
and clusters emerging in time-evolving processes
(Dzwinel and Basiak 1999). All of them suffer from the
problem of wrong classification at the early stage of
clustering, which may yield erroneous results. This
trouble can be partly overcome by controlling the process
of clustering by using threshold parameters and inter-
rupting the process before a wrong classification is made.

Fig. 2a, b Initial conditions and final result of clustering obtained
by using the K-means algorithm. The data vectors represented by
small circles are classified to the clusters, the centers of which are
shown as black dots. The number of centers is equal to the number
of expected clusters. At first, the centers are generated randomly.
The data points closest to the respective centers produce transient
clusters. New centers are computed for these clusters and the
procedure is repeated, until the centers become stable

Fig. 3 Conceptual scheme of agglomerative clustering. The data
points are agglomerated successively according to the nearest
neighbor rule in metric space defined in the feature space
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Most agglomerative clustering schemes cannot
extract neighboring clusters of different density, bridged
clusters or clusters of complicated shapes. Therefore, for
processing of earthquake data, we have used the
agglomerative mutual nearest neighborhood (mnn)
algorithm proposed by Gowda and Krishna (1978).

The advantage of the mnn scheme over other
agglomerative procedures lies in the hierarchical defi-
nition of the proximity measure. The proximity mea-
sure responsible for merging vectors into clusters is
constructed on the basis of two types of distances: mnn

distance and local proximity conditions. The mnn

distance concept can be outlined as follows:

1. Let us consider an ensemble R0 consisting of M
N-dimensional data vectors xi and i=1,2,...,M.

2. Compute distances d(xi, xj) between vectors xi and
the rest of vectors xj.

3. Find the lists Li of Ncut nearest neighbors j of vector
xi such that d(xi, xj)<Rcut for each vector i.

4. Sort out the neighbors j in the lists in ascending order
according to the d(xi, xj) values for i and j data
points. Thus Li(k)=j, where k is the position of the
data point j in the i’th list and Lj(m)=i, where m is
the position of the data point i in the j’th list.

5. Because Li(k)=j and Lj(m)=i, compute mnn(i,j)
distances defined as: mnn(i,j)=m+k. The maximum
mnn distance is less than 2 Ncut.

In contrast to the original scheme, we have intro-
duced an additional threshold value, Rcut, apart from
the maximal number of nearest neighbors Ncut. The
values of Ncut and Rcut support a mechanism for
extracting clusters of different density. Ncut decides the
resolution level of clustering. The smaller Ncut, the
finer cluster structure can be revealed. The value of
Rcut decides the density of extracted clusters. Larger
Rcut makes it possible to extract clusters of various
densities. Both parameters are data-dependent and are
chosen heuristically. The mnn(i,j) distances are sorted
out in ascending order. The data pairs (i,j) having the
same mnn(i,j) distance are also sorted out in the same
way, but according to the d(,) measure between the
vectors. A serial agglomerative clustering algorithm is
given as follows:

1. initiate—neighbors search

a. Choose R0={Ci={xi}, i=1,...,M}
b. Create the list W(t), of particle pairs (i,j), where

t=0,1,2,...,MN and MN is the number of pairs,
sorted out in increasing mnn and the Euclidean
distances between i and j

c. t=0

2. repeat—merge clusters

a. Check if the data points (i,j) from W(t) belong to
different clusters Ci and Cj, respectively.

b. If not: t=t+1 and go to 2
c. If yes: merge clusters, i.e., Ci=Ci[Cj

d. Rt=Rt-1){Cj}
e. t=t+1

3. finish if t=MN

Finding the nearest neighbors consumes most of the
computational time of the mnn scheme, as in the case also
for particle-based algorithms. For searching neighbors in
3-D space, however, an efficient O(M) algorithm exists,
which employs the linked-list concept (Hockney and
Eastwood 1981). The proximity conditions will be defined
on the basis of the data structure to be analyzed. Larger
data sets may require the parallel algorithm (Faber 1994;
Xiaowei et al. 1999) for more rapid analysis.

Visualization of the cluster data

Data visualization alone is no longer sufficient for
elucidating great amounts of data. Instead, what is
required is the use of current scientific visualization
packages which can truly integrate modern 3-D
graphic techniques, such as arbitrarily oriented planar
cuts, isosurfaces, volume rendering, and segmentation,
with data analysis and data mining techniques. These
modern techniques are needed to extract relevant fea-
tures from the data and allows their rapid interpreta-
tion. The Amira package fills the bill for these
challenging visualization tasks for researchers (http://
www.amiravis.com). Its very broad field includes, e.g.,
geophysical data and results from large-scale simula-
tions involving both scalar and vector fields. It can
quickly analyze and visualize large 3-D data sets
through a wide variety of reduced representations and
employs scripts for efficient operation. Geophysical
applications of Amira can be found in Erlebacher et al.
(2001). The package recognizes several mesh types,
such as structured curvilinear grids, tetrahedral meshes
and scattered data. Moreover, Amira allows the user
to implement new algorithms without recompilation.
The developer version enables the users to construct
their own modules for developing a complex, inte-
grated visualization environment. Erlebacher and Yuen
(2003) describe an Amira module to perform wavelet
transforms of input data using Amiradev, a tool in
Amira that allows users to write their own extensions.
Amira can be used both locally by standard computing
resources, such as on a laptop, or large-display visu-
alization hardware (such as the Power Wall http://
www.lcse.umn.edu) and can represent one of the
remote services available via GRID structures (Erleb-
acher and Yuen 2003), enabling extensive visualization
bandwidth across the network.

In the following section, we will demonstrate how
clustering analysis and 3-D visualization work in con-
cert in extracting seismic structures from earthquake
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data. Clustering is a powerful filter for quantization
and extraction of patterns from the raw and noisy
seismic data. On the other hand, visualization using
Amira allows one not only to clarify cluster structures
but also to control the clustering parameters, which are
usually chosen heuristically.

Clustering of earthquake events based
on the similarity measure

First, we will explain the goals and capabilities of clus-
tering. In this regard, we must define the multi-dimen-
sional vectors, which will be used by the clustering
scheme. The rules for clustering are characterized by a
proximity measure (Theodoris and Koutroumbas 1998).
These elements for the rules are given by:

1. The square cells of the fault—events—are treated
here as vectors in four-dimensional spatio-temporal-
magnitude space (X, Z, t, m).

2. The spatio-temporal-magnitude data set is divided
along the time coordinate into strips tk with the same
width Dt.

3. The linked-list procedure assigns each point to the
respective slice.

4. In Fig. 4 we show that we are looking for the
neighbors of the particle i, only in tk and the previous
tk-1 time intervals. The point j belongs to the nearest
neighbors list Li of i if the following conditions are
fulfilled:

– (Distij<Rcut) and (min(mi,mj)>mA) and (max

(mi,mj)<mB) and (abs(mi-mj)/max(mi,mj)<mC) and
(abs(mi-mj)<(>) mD), where Distij d(xi, xj)=sqrt

((Xi-Xj)· (Zi-Zj)).

The first condition dictates that the separation dis-
tance between points i and j must be less than Rcut in the
sense of the Euclidean distance Distij. The magnitudes of
two points have to fall within a certain interval [mA,mB].

We can also require that the relative difference in mag-
nitudes is less than mC or the absolute difference
between magnitudes is less (or greater) than mD. These
criteria allow us to identify clearly the correlated patches
of events, assuming that in these patches the correlated
events are similar (or extremely dissimilar) in magnitude
and are situated close to each other in both space and
time. The direction of the ‘‘greater than’’ operator
depends on the type of structures we are looking for by
using similarity (<) or dissimilarity metrics (>). The
mA,mB values are used for coarse discretization of the
feature space according to magnitude value. The small-
est cluster represents the set of events with mA>6. The
rest of the events are divided into two classes: small
magnitudes (mA=3 and mB=4) and medium magni-
tudes (mA=4 and mB=6). The threshold value mC (or
mD) is responsible for finer analysis of events inside the
classes. For similarity metrics, it can be of the order of
the average fluctuations of magnitudes of events located
in a sphere of Rcut radius and smaller than the average
minimum difference between magnitudes of events in
this sphere. This allows us to aggregate the events, which
are very close not only in time and space but also in
magnitude. The values for all the parameters were
selected arbitrary on the basis of the data histograms. By
extracting more classes or classes with different mA and
mB values does not influence considerably the results of
clustering. However, it is very sensitive to the mC value.
We note here that for mC>10% the resulting clusters
become too large for revealing remarkable correlations,
conversely, for mC�5% a large number of small clusters
is observed. Therefore, in the course of extracting large
trends, we search for clusters with locally correlated
points in both space and time, whose magnitudes do not
differ locally more than 10%.

In this way, we have employed the most effective
ingredient from the mnn approach in data classification
for detecting the spatio-temporal-magnitude trends for
seismicity evolution over a certain period of time. With
the mnn method we can classify two events, which are
both distant in magnitude and space-and-time, into one
single cluster, provided that these two events are con-
nected with a particular spatio-temporal path of locally
correlated events. Since the number of clusters obtained
from the mnn procedure is too large, because of the
complexity of the earthquake system, we shall neglect
small patches (clusters) and singular, uncorrelated
events and focus only on the most prominent trends. We
have assumed that small clusters and singular points
form one widespread cluster.

One can perform data classification in many diverse
ways. In particular, all the events can be collected into
clusters at the same time. However, the power–law nature
of the Gutenberg-Richter relationship puts a lot of weight
on the numerous events associated with small magni-
tudes. Therefore, the clusters of small magnitude events
will be much larger—in the number of events—than the
camp associated with larger magnitude earthquakes,
whose societal impact is more serious. Moreover, by

Fig. 4 Schematic representing the search criteria for the nearest
neighbor list. Neither points j, k or m are the neighbors of i. Point j
fits within the Rcut radius but its magnitude differs more than the
maximum mC value assumed
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assuming thin time-strips (small Dt value), the largest
events cannot form any clusters. Conversely, for wider
strips in time, we can lose valuable information about
short time scale earthquake phenomena. In this vein, we
will follow the same philosophy as in wavelets (Strang and
Nguyen 1996) and classify the data in a multi-resolutional
manner with different levels of resolution. In this way, we
can hope to have a better understanding of these intrin-
sically multi-scale phenomena.

We perform clustering for each data set (A, U, M, F)
in three, arbitrarily chosen magnitude intervals:

1. small events—3<m<4,
2. medium events—4<m<6,
3. large events—m>6.

Because each model approximately follows the
Gutenberg-Richter power-law relationship for small and
medium events, the interval of time slices and Rcut
values increases with decreasing frequency of occurrence
of small, medium and large amplitude events. In Table 4
we collected the input parameters used for clustering of
data for these three cases. We report below the results
based on clustering. We neglect the singular events of
magnitude m<6, i.e., the events which do not belong to
any cluster, and the clusters one order of magnitude
smaller in number of events than the largest clusters.
They are eliminated from further analysis by comparing
the number of events in each cluster to a threshold value.

In Figs. 5, 6, 7, 8, small events are depicted as colored
points. The largest events with m>6 are shown as larger
balls. The events belonging to the same cluster have the
same color. Singularly large magnitude events are white.
We visualize only those clusters, which are stable, i.e., do
not change considerably for clustering parameters which
differ about 20% from those collected in Table 4. Ag-
glomerative clustering of random data sets with a uni-
form statistical distribution of each data component can
produce vastly different clustering patterns for two

Table 4 Basic clustering parameters for the similarity measure

Small
events

Medium
events

Large
events

Number of time slices 450 100–150 30
Rcut 1.5–2.0 5–6 �20
Nclust 5 5 5
mA 3 4 6
mB 4 6 10
mC 0.1 0.1 0.1–0.3
mD 0 0 0

Fig. 5 The clusters of a medium and b small magnitude events
(represented by small dots in feature space) for data set A. The
clusters are depicted in color and are numbered 1, 2, 3 and 4. The
borders between clusters are drawn manually. The clusters of large
magnitude events shown as large colored dots are depicted in a and
b. The large events belonging to the same clusters are colored and
denoted as a, b, c, d. The white dots represent singular events

Fig. 6 The clusters of a medium and b small magnitude events
(represented by small dots in feature space) for data set U. The
clusters are depicted in color and are numbered 1, 2, 3, 4 and 5. The
borders between clusters are drawn manually. The clusters of large
magnitude events shown as large colored dots are depicted in a and
b. The large events belonging to the same clusters are colored and
denoted as a, b, c, d. The white dots represent singular events
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slightly different sets of data. The final large-scale cluster
structure will be then be very sensitive on the ‘‘micro-
scopic’’ cluster configuration (‘‘condensation grains’’)
emerging at the initial stages of aggregation. Existence
of stable and large cluster structures for various sets of
the input parameters (such as a slightly distorted data
structure simulated by changing the scopes of magnitude
m taken for clustering of small, medium and large
events) means that the data reproduce a non-uniform
statistical distribution, that is, the data set is not random
and has inscribed spatio-temporal patterns.

In Figs. 5, 6, 7, and 8, we show only the largest
clusters from A,U,M,F data sets. In these figures, the
clusters of small (3.5<m<4) and medium events
(4<m<6) with the largest events in the background re
depicted. Descriptions of the patterns extracted by
clustering are summarized in Table 5. The following
conclusions can be drawn from these findings:

1. All the data sets A, U, M and F have distinct spatio-
temporal cluster structures, which indicate large
stress relaxation across the entire fault region.

2. The boundaries between clusters represent bound-
aries between different trends in seismic activity.

3. Small magnitude events located on the Parkfield
Asperity (data file A) do not produce clusters,
therefore, it can be easily recognized in Fig. 5a.

4. The Parkfield Asperity cannot be identified from the
cluster structure produced by medium events.

5. The medium magnitude events from data files A, U,
M, and F create clusters with distinct boundaries for
t=180–190 (for t=200, 1906-type event was
imposed) and t=260–280.

6. For data sets U, M, and F there is one more cluster
and a new boundary emerges for t=230–240.

7. The long-time behavior of medium events for A, U,
and M data is correlated with the cluster structures
obtained for small events. The time boundaries of
clusters are very similar for both cases.

8. These types of correlations are not found for the
fractal associated data file F. The clusters of largest

Fig. 9 Distribution of events along Z coordinate (data set M). The
small and medium events are represented by small colored points
but large events by large dots. The color represents the value of
magnitude: blue depicts the lowest and red the largest magnitudes

Fig. 7 The clusters of a medium and b small magnitude events
(represented by small dots in feature space) for data set M. The
clusters are depicted in color and are numbered 1, 2, 3, 4 and 5. The
borders between clusters are drawn manually. The large magnitude
events shown as large colored dots are depicted in a and b. The large
events do not produce distinct clusters

Fig. 8 The clusters of a medium and b small magnitude events
(represented by small dots in feature space) for data set F. The
clusters are depicted in color and are numbered 1, 2, 3 and 4. The
borders between clusters are drawn manually. The clusters of large
magnitude events shown as large colored dots are depicted in a and
b. The large events belonging to the same clusters are colored and
denoted as a, b, c, d. The white dots represent singular events

20



events are weakly correlated with the cluster bound-
aries of small and medium events. From Figs. 5b, 6b,
and 7b, we can discern that some boundaries between
clusters of medium events match the boundaries
between different patches of the largest events.
This impacts the cases where the distribution of larger
events along the X-axis changes rapidly with time.
For example, the largest events represented by the
cluster of blue balls in Fig. 5b are more scattered
along X-axis than in other clusters. At this time point,
the boundary between medium and small magnitude
events emerges. This time point is close to the
1906-type event, which was imposed into the model.

The same can be observed for U and F data.
However, for the M data set, the picture is not so
clearly depicted.

In Fig. 9, we can observe that the events are distrib-
uted heterogeneously along the Z (depth)-axis. They are
concentrated mainly in the center of the depth interval.
At the same time, the smallest magnitude events (dark
blue) are situated farther away than the events with
medium and the largest magnitudes (red). By applying
the functional modules from Amira for 3-D spline in-
terpolation to the raw earthquake data, we carried out
volume rendering of the interpolated results and pro-

Table 5 Cross-correlation features between clusters of data

D Properties Cross-correlations

Small events Medium events

A Small events 4 Clusters Clusters 2 and 4 (small events)
correlate with the borders between
clusters (medium events) 1–2 and
3–4, respectively

2 Large—border t=230–240
2 Small—expanding from [180–200]
and [260–280]

Parkfield asperity can be seen
Medium events 3 Clusters

1–2 Border t=180–200
2–3 Border t=270–280

Large events 3 Larger clusters No correlations Cluster 1 corresponds to cluster a,
and 3 to ca–b Border t=170–200

c–2 border t=270–280
U Small events 5 Clusters Two small clusters correlate in time

with the borders between clusters
for medium events

3 Large 1–2–5
1–2 Border t=170
2–5 Border t=270
2 Small—expanding from [190–200] (3)
and [230–240] (4)

Medium events 5 Clusters
1–2 Border t=140–200
3–4 Border t=230–240
4–5 Border t=260–270

Large events 4 Clusters Same correlation seen Same correlation seen
M Small events 5 Clusters Good correlation between cluster

borders for small and medium
events

Gaps between 1 and 2, 3 and 4, 5 clusters
1–2 Border t=170
2–3 Border t=230
3–4 Border t=250
4–5 Border t=280

Medium events 5 Clusters
Gaps between 1 and 2, 3 and 4, 5
clusters

1–2 Border t=190
2–3 Border t=230
3–4 Border t=250
3–5 Border t=280

Large events No meaningful clusters No correlations No correlations
F Small events 3 Clusters No correlations

2 Large placed on the opposite sides
of X coordinate

1 Small close to the large event m>6
Medium events 4 Clusters

Fine structure of clusters gaps
1–2 Border t=160–180
2–4 Border t=220–230
4- Border t=280

Large events 4 Small clusters No correlations Some correlations between borders
of medium-events clusters can be
seen
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duced on-screen pictures similar to those shown in
Fig. 10. We can observe red spots representing the vol-
umes of spatio-temporal space of the highest seismic
activity. The spots are located mainly close to the bor-
ders of the depth interval, i.e., close to the surface and
the depth limit of the model. Combining the results from
clustering with the map of seismic activity produced by
Amira, we can conclude from Fig. 11 that the occur-
rence of the highest seismic activity zones is well corre-
lated with the borders of clusters. This comparison
confirms our assumption that changes of trends repre-
sented by clusters are captured by the presence of sin-
gularities and rapid transitions in the seismic activities
inside the zone.

Clustering of earthquake events based
on the dissimilarity measure

From the previous analysis we have noted that the
clustering method, which uses mathematically the
proximity measure and relies heavily on the similarity
between the magnitudes of locally distributed events,
fails utterly in finding the correlations between the
largest events and the cluster structures obtained for
small and medium events. Therefore, as a different re-
sort, we turned our attention to searching for the cluster
structures with the greatest dissimilarity between the
largest and the smallest magnitude events. In Table 6 we

collected the input parameters for the clustering code.
Our goal is to find the low magnitude data structures
associated with the largest events or some series con-
sisting of them. As shown in Fig. 9, the largest magni-
tude events and the small ones, which are placed inside
high-density data regions, are highly correlated. Clusters
of small events precede and follow the largest events.
The largest events, in turn, are clustered in short patches.
In most cases, the large events are singular in time and
are not accompanied by any clusters of small events.

Figure 12 exhibits this behavior very clearly. In
comparison to the raw data (see Fig. 3), the stochastic
noise has been filtered out. It is obvious that only a
fraction of small events corresponds to the largest event.
However, from Fig. 12 and movies from Fig. 2Sa,b (see
electronic supplementary material), it appears that there
are certain clusters with small events, which generate a
singularly large event. In Fig. 12Sa,b (electronic sup-
plementary material), we demonstrate the possibilities of
the Amira package in the inspection of cluster patterns.
By zooming into the interesting fragments of the data,
we are able to go through the data, searching for the
structure of multi-resolutional patterns. Unlike the uni-
form data (A in Fig. 12a), for data sets M (Fig. 12b), we
cannot find any dense data region, which is disconnected
from one of the largest events. The clusters obtained
reflect also the long-time behavior similar to that ob-
served in Table 5 and Figs. 5, 6, 7, and 8. We can easily
recognize similar boundaries along the time axis between
the clusters, such as those portrayed by the measure of
similarity shown in the figures.

Concluding remarks

In this work we have set out explicitly to extract salient
information from the gargantuan heap of synthetic
earthquake data. We propose here clustering methods as
a means of alleviating this difficult data-mining problem.
Thus we have employed synergetically both the mnn

agglomerative clustering scheme and the Amira 3-D vi-
sualization package. The classification of events into
clusters is performed by clustering algorithms. The
clusters can be visualized over the network by Amira,
which allows one to controll simultaneously the
parameters of clustering.

We demonstrate that detection of complex trends in
seismic activity, which are portrayed by clusters, is the

Table 6 Input parameters for the dissimilarity measure

All events

Number of time slices 30–70
Rcut 70
Nclust 128
mA 3
mB 10
mC 100
mD 2.55

Fig. 11 Combined Z-t cross section employing clustering results
and isolines of magnitude. The largest magnitude events producing
elongated and singular bunches of isolines (red) correlate with the
border of clusters (dark blue, light blue, yellow and red clusters) of
medium magnitude events from data set M

Fig. 10 3-D distribution of magnitude m averaged out by using
Amira volume rendering module (data set U). Red denotes high
magnitude, blue is the lowest m
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most valuable contribution of the mutual nearest
neighborhood clustering scheme. Because our clustering
scheme is relatively fast—for M�104 the scheme re-
quires 20 s of CPU time of an R14000 500-MHz pro-
cessor—visualization with the Amira package allows not
only the clear elucidation of the 3-D cluster structures,
but also the control of clustering parameters, which are
usually defined heuristically. This methodology is com-
plementary to the short-time techniques presented in
Eneva and Ben-Zion (1997a, 1997b). We show that un-
like the approaches presented in Eneva and Ben-Zion
(1997a, 1997b), where the analysis involves one-dimen-
sional time series of averaged out seismic parameters,
our approach involves four-dimensional raw data
defined by principal coordinates of earthquake events:
localization in space and time and magnitude. We
demonstrate convincingly that the raw synthetic earth-
quake data generated by computational model presented

in Ben-Zion (1996) reveal well-defined, spatio-temporal
cluster structures. These clusters reflect clearly the long-
term trends in overall seismic activity initiated by rapid
changes in local activity generated by strong singular
events or clusters involving the largest magnitude events.

The cluster structure is very sensitive to the variations
in mechanical properties of the fault zone, such as as-
perities. Conversely, we can derive valuable information
about the mechanical and rheological properties of the
fault zone from a detailed analysis of the seismic event
clusters. However, in spite of the apparent differences
between cluster structures obtained for four different
models considered here, model with uniform properties
(U), with a Parkfield-type asperity (A), with fractal
brittle properties (F), and with multi-size-heterogeneities
(M), they have some commonly shared characteristics.
The clusters obtained for these models expose similar
time boundaries of trends in seismic activity resulting

Fig. 12 The clusters formed in
data sets A and M for a large
dissimilarity in magnitude
between events (see Fig. 12Sa,
Sb in the electronic
supplementary material and the
movies provided therein). The
movies demonstrate very clearly
the great potential for data
investigation with the Amira
package. This proves to be
especially advantageous for
much larger data sets, for
example, data sets ten times
larger than A or M
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from similar initial conditions imposed in all the models.
We show also that by combining both the Amira inter-
polation and rendering modules with clustering, we are
able to correlate better the singular events with trends
represented by spatio-temporal cluster structures.

We demonstrate that the analysis of clusters for dif-
ferent magnitude intervals can play a role similar to the
multi-resolution capabilities of discrete wavelet trans-
form (Strang and Nguyen 1996). As an example, we show
that the clusters of small magnitude events reveal finer
spatio-temporal structures of seismic trends than those
obtained from clustering of medium and large magnitude
events. Likewise, we can carry out multi-resolution
analysis of data not only for magnitudes, but also in
space and time. We show that by employing different
rules of clustering—for example, looking for dissimilar-
ities between events, instead of similarities—we can study
short-time changes in seismic activity. The foreshock and
aftershock of each large earthquake can be very clearly
seen as a cluster of small magnitude earthquakes.

In the near future we intend to incorporate into the
model some elements of short-time analysis, developed
on the basis of seismicity parameters (Eneva and Ben-
Zion 1997a, 1997b). For example, a time event, i.e., an
aggregated event averaged in space and magnitude, can
be represented by seven seismic parameters defined in
Eneva and Ben-Zion (1997a, 1997b). After clustering and
mapping, e.g., by using the Sammon’s mapping proce-
dure (Dzwinel 1994; Dzwinel and Basiak 1999), trans-
forming 7-D space into 3-D space, thus conserving the
multi-dimensional cluster structure, these seven-dimen-
sional clusters of events can be visualized by the Amira
visualization package. We expect that the simultaneous
analysis of multi-dimensional structures can reveal cross-
correlations, which were missed in the one-dimensional
analysis presented in Eneva and Ben-Zion (1997a,
1997b). Thus, we conclude that multi-resolution and
multi-dimensional analysis of earthquakes, using pattern
recognition schemes and modern visualization tools, will
represent a new and very appealing approach for
studying long-time seismic activity in earthquake-prone
zones, e.g., the San Andreas Fault. However, for study-
ing long-time correlations in seismic activity, e.g., their
periodicity or other types of regularity in spatio-temporal
space, much longer time intervals must be analyzed, and
different models and many pattern recognition tech-
niques examined. We anticipate that in the near future,
the clustering analysis of huge data sets produced from
large-scale and multi-parametric simulations of earth-
quakes will require the integration of various simulation
engines with pattern recognition techniques within the
GRID environment (Foster and Kesselman 1998; Gan-
non 1998; Fox et al. 2002; Brezany et al. 2002; Dutka and
Kitowski 2002).
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