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Abstract 
 
A novel technique based on cluster analysis of the multi-resolutional structure of earthquake patterns is 
developed and applied to observed and synthetic seismic catalogs. The observed data represent seismic 
activities situated around the Japanese islands in the 1997-2003 time interval. The synthetic  data were 
generated by numerical simulations for various cases of a heterogeneous fault governed by 3-D elastic 
dislocation and power-law creep. At the highest resolution, we analyze the local cluster structure in the 
data space of seismic events for the two types of catalogs by using an agglomerative clustering algorithm. 
We demonstrate that small magnitude events produce local spatio-temporal patches corresponding to 
neighboring large events. Seismic events, quantized in space and time, generate the multi-dimensional 
feature space of the earthquake parameters. Using a non-hierarchical clustering algorithm and multi-
dimensional scaling, we explore the multitudinous earthquakes by real-time 3-D visualization and 
inspection of multivariate clusters. At the resolutions characteristic of the earthquake parameters, all of the 
ongoing seismicity before and after largest events accumulate to a global structure consisting of a few 
separate clusters in the feature space. We show that by combining the clustering results from low and high 
resolution spaces, we can recognize precursory events more precisely and decode vital information that 
cannot be discerned at a single level of resolution.  
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1 Introduction 
 
The understanding of earthquake dynamics and development of forecasting algorithms require a 
knowledge and skill in both measurement and analysis that cover various types of data, such as seismic, 
electromagnetic , gravitational [Song and Simons, 2003] , geodetic, geochemical, etc. The Gutenberg-
Richter power-law distribution of earthquake sizes implies that the largest events are surrounded (in space 
and time) by a large number of small events (e.g. [Wesnousky, 1994; Ben-Zion and Rice, 1995]). The 
multi-dimensional and multi-resolutional structure of this global cluster depend strongly on geological and 
geophysical conditions [Miller et. al., 1999; Ben-Zion and Lyakhovsky, 2002] past seismic activities 
[Rundle et. al., 2001], closely associated events (e.g., volcano eruptions) and time sequence of the 
earthquakes forming isolated events, patches, swarms etc.  

Investigations on earthquake predictions are based on the assumption that all of the regional 
factors can be filtered out and general information about the earthquake precursory patterns can be 
extracted [Geller et. al., 1996]. This extraction process is usually performed by using classical statistical or 
pattern recognition methodology. Feature extraction involves a pre-selection process of various statistical 
properties of data and generation of a set of the seismicity parameters [Eneva and Ben-Zion, 1997a,b], 
which correspond to linearly independent coordinates in the feature space. The seismicity parameters in 
the form of time series can be analyzed by using various pattern recognition techniques ranging from 
fuzzy sets theory and expert systems (e.g. [Wang and Gengfeng, 1996], multi-dimensional wavelets 
[Enescu et. al, 2002; Erlebacher and Yuen, 2003] to neural networks [Joswig 1990; Dowla 1995; Tiira, 
1999; Rundle et. al., 2001].  

The prediction of the earthquakes is a very difficult and challenging task; we cannot operate on 
only one level of resolution. The coarse graining of the original data can destroy the local dependences 
between the events and the isolated earthquakes by neglecting, e.g., their local spatial localization. In this 
manner, the subtle correlations between the earthquakes and preceding patches of events can be dissolved 
in the background of uncorrelated and noisy data. In [Dzwinel et. al., 2003] we have proposed a new 
approach employing clustering for multivariate analysis of seismic data. We can extract local spatio-
temporal clusters of low magnitude events and recognize correlations between the clusters and the 
earthquakes. We showed that these clusters could reflect clearly the short-term trends in seismic activities 
followed by isolated large events. However, local clustering of seismic events is not able to extract an 
overall picture concerning the precursory patterns.  

We do not use a standard software package. Our goal is to construct an interactive system for 
data-mining, which allows one to match the most appropriate clustering schemes on the structure of actual 
seismic data. Our data-mining techniques, include not only various clustering algorithms but also feature 
extraction and visualization techniques. This present approach is different from the work of [Dzwinel et. 
al., 2003]. In this paper we propose a novel muti-resolutional approach, which combines local clustering 
techniques in the data space with a non-hierarchical clustering in the feature space. We use multi-
dimensional scaling procedures for visualization of multi-dimensional events in 3-D space. This visual 
analysis helps greatly in detecting of subtle structures, which escape the classical clustering techniques. 

We used our methodology for analyzing the observed [Ito and Yoshioka, 2002; Toda et. al., 2002;] 
and synthetic [Ben-Zion, 1996] earthquake data.  The observed data represent seismic activities of the 
Japanese islands in 1997-2003 time interval. The synthetic catalogs correspond to various cases of a large 
heterogeneous fault zone in elastic half-space.  

The paper is constructed as follows. First, we present our knowledge of multi-resolutional and 
visual clustering and data-mining. Then we describe the clustering and multi-dimensional scaling methods 
we used for recognition of seismic anomalies. We discuss the results of data analysis both for the actual 
data set and for the synthetic data catalogs. We show that the multi-resolutional approach can indeed 
improve greatly the accuracy of earthquakes prediction. Finally, we discuss the conclusions and prospects. 
 
2 Methodologies 
2.1 Multi-resolutional analysis of multi-dimensional data  
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In Fig.1, we show that the seismic data can be analyzed in different resolutions associated with two types 
of spaces:  
1. data space Φ  of data vectors fi (i=1,...,N) – which correspond to the data describing a single seismic 

event, 
2. feature space Ω of time events Fj (j=1,...,M) and M<<N – an abstract space resulting from a non-

linear transformation L [Φ ]→Ω  representing the feature generation procedure. 
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Fig.1 Schematic diagram of multi-resolutional analysis of seismic events 
 
At the highest level of resolution, a single seismic event i can be represented as a multi-dimensional data 
vector fi = [mi,zi,xi,ti] where: mi is the magnitude while  xi, zi, ti – its epicentral coordinate, depth and the 
time of occurrence, respectively. As shown in [Dzwinel et. al., 2003], we can analyze these data locally by 
looking for clusters with similar (or dissimilar) events using the agglomerative clustering procedures 
[Andenberg 1973; Gowda and Krishna, 1978; Jain and Dubes 1988; Theodoris and Koutroumbas 1998]. 
The search for similar data is limited to successive time stripes tk with the same width ∆τ. We are seeking 
for the neighbors of event i, only in tk and the previous tk-1 time intervals. The point j belongs to the 
nearest neighbors of event i if some list of conditions is fulfilled (see [Dzwinel et. al., 2003]). This allows 
us to identify the correlated patches of events. They reflect clearly the short-term trends in seismic activity 
initiated by rapid changes in local activity generated by strong events. By combining similarity and 
dissimilarity measures [Theodoris and Koutroumbas 1998] between the data vectors, we can extract also 
the patches of small magnitude events corresponding to the isolated large earthquakes. This type of data 
analysis extracts information on the local properties of seismic  patterns [Dzwinel et. al., 2003]. At the 
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same time, this yields a large number of extraneous clusters, which produce unreliable information over a 
long timescale . We cannot also extract general knowledge about the data, which requires the detection of 
long-range spatial and temporal correlations.  

This knowledge has to be extracted from a global data structure in a low resolution space Ω. We 
achieve this by using coarse graining procedure L[Φ ]. This averages out the noise and fine detailed modes 
of the data vector components. 

The coordinates in the low resolution feature space are defined as seismicity parameters. 
Originally they are computed as time and space averages in a sliding time window with a length ∆T and 
time step dt, i.e.,: 
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where α = {NS, NL, CD, SR, AZ, TI, MR}. The seismicity parameters in α are defined as follows [Eneva 
and Ben-Zion, 1997a,b]: 
1. Degree of spatial non-randomness at short (NS) and at long distances (NL) – represents the 

difference between distributions of event distances and distances between randomly distributed points. 
NS and NL represent the portions of events involved in anomalies in short distances and long 
distances, respectively (0-5 km and 60-65 km for the synthetic catalogs [Eneva and Ben-Zion, 1997]). 

2. Spatial correlation dimension (CD) - calculated on the basis of correlation integrals based on 
interevent distances.  

3. Degree of spatial repetitiveness (SR) – contains the spatio-temporal components and represents the 
tendency of events with similar magnitudes to have nearly the same locations of hypocenters. 

4. Average depth (AZ)  
5. Time interval for the occurrence of a constant number of events (TI) - represents time intervals for 

the occurrence of the 100 events in each group.  
6. Ratio of two number of events falling into two different magnitude ranges MR=N(m≥M0)/N(m<M0). 
We have introduced an additional parameter M, which is not used in data processing and which displays 
the maximum magnitude of events in the moving time window.  
 We focus our data analysis on the time series of seven seismicity parameters, which create the 
abstract 7-dimensional feature space of time events Ft = (NSt, NLt, CDt, SRt, AZt, TIt, MRt) where t are 
discretized moments of time. These events produce clusters, which correspond to similar (or dissimilar) 
fragments of 7-dimensional time series. Thus the clusters will have information about the anomalies 
reflected by all the 7 parameters in the same moment of time. Because the number of clusters is generally 
unknown, and most of the clustering methods are not able to extract the clusters of complicated shapes 
and densities accurately [Ertoz et. al., 2003], we propose to visualize the clustering structure in the feature 
space. We use multi-dimensional scaling transformation MS [Ω]→ω, which maps the 7-D feature space Ω 
into its image in a 3-D space ω [Jain and Dubes 1988; Siedlecki et. al., 1988; Theodoris and Koutroumbas 
1998; Dzwinel, 1994; Dzwinel and Blasiak, 1999]. From the high-resolution 3-D visualization, one can 
discern clearly how strong the clusters are and how they are positioned with respect to each other. This 
will allow use to tune better clustering parameters or select different clustering algorithm that matches 
better the clustered structures.  
 
2.2 Clustering schemes 
 
Clustering analysis is a mathematical concept, whose main useful role is to extract the most similar (or 
dissimilar) separated sets of objects according to a given similarity (or dissimilarity) measure [Andenberg, 
1973]. This concept has been used for many years in pattern recognition. Nowadays clustering and other 
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feature extraction algorithms are recognized as important tools for revealing coherent features in the earth 
sciences [Rundle et., al., 1997, 2000, Freed and Lin, 2001] and in data mining [Xiaowei et. al., 1999, 
Grossman et. al., 2001, Hand et. al., 2001, Hastie et. al., 2001]. Depending on the data structures and goals 
of classification, different clustering schemes must be applied [Gowda and Krishna, 1978, Karypis and 
Kumar, 1999].  

In this new approach we use two different classes of clustering algorithms for different resolution 
levels. In data space we use local agglomerative schemes, such as modified mutual nearest neighbor 
algorithm mnn [Gowda and Krishna, 1978; Karypis et. al., 1999; Boryczko et. al., 2003]. This type of 
clustering extracts better the localized clusters in the high resolution data space. 

In the feature space we are searching for global clusters of time events comprising the similar 
events from the whole time interval. The non-hierarchical clustering algorithms are used mainly for 
extracting compact clusters by using global knowledge about the data structure. We use improved k-
means  based schemes [Theodoris and Koutroumbas, 1998] , such as a suite of moving schemes [Ismail  
and Kamel, 1989], which uses the k-menas  procedure plus four strategies of its tuning by moving the data 
vectors between clusters to obtain a more precise location of the minimum of  the goal function: 
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where zj is the position of the center of mass of the cluster j, but xi are the feature vectors closest to zj. To 
find a global minimum of function J(), we repeat many times the clustering procedures for different initial 
conditions. The new initial configuration is constructed in a special way from the previous results by using 
the methods from [Ismail  and Kamel, 1989; Zhang and Boyle, 1991]. The cluster structure with the 
lowest minimum is selected. 
 
2.3 Multi-dimensional scaling (MDS) 
 
Multi-dimensional scaling (MDS) [Jain and Dubes 1988; Siedlecki et. al., 1988; Theodoris and 
Koutroumbas 1998; Dzwinel, 1994; Dzwinel and Blasiak, 1999] deals with the transformation MS of N-
dimensional feature space to a space with a reduced dimensionality, i.e., MS(ℜN)→ℜn and n<<N. In 
visualization we can assume that n=3. A  non-linear mapping method is constructed on the basis of 
minimizing of the “stress” function criterion.  
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The criterion means that the distances ri j  between the two transformed MS(Fj) and MS(Fi)  time events 
in a lower dimension, e.g., in 3-D space,  approximate the respective distances Dij  between Fi and Fj   in 
the original 7-dimensional space in the sense of minimum squared error. The parameters w,m (m>1;w∈{-
1,0,1}) represent the error function parameters, which allows for different views of the data in the reduced 
space.  
 
3 Description of the data 
 
We data-mine and analyze observed and synthetic earthquake catalogs in different time intervals. The 
observed data represents (Fig.2a) seismic activities of the Japanese islands collected by the Japan 
Meteorological Agency (JMA). The seismic events shown in Fig.2a, were detected during 5 years time 
interval from 1997 to 2003. The data set consists of 4×104 seismic events with magnitudes m, position in 
space (latitude X, longitude Y, depth z) and occurrence time t. The lowest magnitudes were determined by 
using a detection level, estimated from the Gutenberg-Richter frequency-size disribution. Thus the 
statistical completeness of the earthquakes above the detection level assures that there is no significant 
lack of events in space and time.   
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Fig.2 A) Seismic activities around the Japanese Archipelago. We use the hypocentral data provided by the Japan 
Meteorological Agency (JMA). The magnitude of the earthquakes (JMA magnitude) and their depth are represented 
by differences of the radius of the circle and colors, respectively.  B) The synthetic 2-D raw data visualized by using 
the Amira visualization package [www.amiravis.com]  for A and U data sets . Large events are shown as spheres on 
the background of smaller events. 
    
The synthetic catalogs (Fig.2b) were obtained by numerical simulations of seismicity on a heterogeneous 
fault governed by 3-D elastic dislocation theory, power-law creep and boundary conditions corresponding 
to the central San Andreas Fault [Ben-Zion, 1996]. The model yields the earthquake distribution in space 
(horizontal distance X, depth z), time t and magnitude m size.  A large 1857-type event is imposed at the 
south in the beginning of the simulation and a large 1906-type event is imposed at the north 50 years later. 
We study catalogs from four different model realizations representing various levels of fault zone disorder. 
These are models with statistically uniform brittle properties (U), with a Parkfield type Asperity (A), with 
fractal brittle properties (F), and with multi-size-heterogeneities (M). These models and various statistical 
properties of the catalogues have been discussed in greater detail elsewhere [Ben-Zion, 1996, Eneva and 
Ben-Zion, 1997]. The time interval covers every event, which occurred during the last 150 years of 
simulated fault activity and this period contains from 1-3×104 events with magnitudes from [3.3-6.8] 
interval.  
 The seismicity parameters were obtained by averaging the data using the sliding time window of 
the constant width ∆T and shift dt (see Eqs.1-2): ∆T= 10 days and dt= 2 days for Japanese data and ∆T= 
10 months and dt= 2 months for synthetic data. Each parameter in the clustering was normalized to the 
standard deviation. 
 
4 Results of Clustering 
 
Clustering results of the observed Japanese seismic catalogs both in raw data and in feature spaces are 
shown in Fig.3. At the highest resolution level a single  seismic event i can be represented as a multi-
dimensional data vector fi = [mi,zi,Xi,Yi,,ti] where: mi is the magnitude, Xi - the latitude, Yi - the longitude,  
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zi and ti –the depth and the time of occurrence, respectively. The seismic events are visualized with the 
Amira package in Figs.3a,b as an irregular cloud consisted of colored dots with (z,x,t) coordinates.  
 

 
Fig.3 Actual seismic data analyzed by using multi-resolutional clustering in both the data and the feature spaces (A-
C).  In panels A and B one can see the results of clustering in the data space for small magnitude (3<m<4) and 
medium magnitude (4<m<6) events, respectively, represented by the small shaded dots. The different colors of the 
dots mean different clusters.  Large events are visualized by the  larger spheres . The shades  show difference in 
magnitudes m (red – the largest, green - the smallest). The clusters in panels  A-B encircled in red shows the places of 
the largest seismic activity, while those in white represent the clusters of precursory events . The red, white and green 
stripes in panels  C-D representing 5 (out of 7) seismic parameters show the time events belonging to three different 
clusters. In panel D we show the clusters of seismic parameters obtained only from clustering the time events in the 
feature space. From panel C (as compared to D) we see that by combining clustering results in data space with 
clustering in the feature space, we can extract anomalies, preceding the two earthquake swarms  (encircled in red in 
panel B).  
 
From the Gutenberg-Richter self-similarity power-law relationship, the number of events of different 
range of magnitudes differs considerably. Therefore, we arbitrarily divide the entire set of data into three 
subsets comprising the small S(mi<ma), medium M(ma≤mi<max) and the large magnitude events 
L(mi>max). The last ones represent the earthquakes and are displayed in Figs.3a,b as larger spheres. The 
deepest earthquakes z>150 km are not displayed in the figure. The various shades represent the 
magnitudes of earthquakes from m=6 (green) to m=7 (red). In Figs.3a,b we present the clustering results in 
the data space Φ  of the data vectors fi ∈ S(mi<ma) (Fig.3a) and fi ∈ M(ma≤mi<max) (Fig.3b). We have 
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chosen arbitrarily that ma=4 and max=6.We look for clusters of similar events as shown in [Dzwinel et. 
al., 2003]. The dots (data vectors), belonging to the same clusters, have the same color.  

As shown in the upper part of Fig.3a, clusters made of small size events are located mainly close 
to the surface (0-30 km deep). They form long disparate stripes along the time axis. The stripes break-out 
close to the largest cluster of earthquakes – the Miyakejima event [Toda et. al., 2002; Ito and Yoshioka, 
2002] - located in the middle of time interval and encircled in red in Fig.3b. The large swarm of 
earthquakes (June 26, 2000) occurs in the region of Miyakejima, Honshu, in central Japan [Toda et. al., 
2002; Ito and Yoshioka, 2002]. The eruptions of Miyakejima and five large earthquakes with magnitudes 
6.0 and above occurred together with a large number of 100,000 smaller earthquakes.   

Many other compact and small clusters are strongly correlated with this cluster. The second patch 
of large events encircled in red in Fig.3 – representing large swarm of earthquakes in the northern part of 
Japan (see Fig.2a) - is shown on the left hand side of the largest one. There are clearly seen two clusters 
(encircled in white in Fig.3a) of similar depth preceding these two largest patches of earthquakes. Other 
clusters, such as the wide one spanned by a blue cluster and another smaller one, are located much deeper 
(larger than 100 km) and represent the seismic background for the earthquakes occurring at depth up to 
200 km. 
 Clusters of the medium events have completely different structures. They look like bricks, which 
lie parallel to X-z plane. The borders between clusters roughly correspond to the borders of successive 
showers of the earthquakes. In Fig.3d we display 5 out of 7 time series of seismicity parameters. Due to 
clustering of the time events in the feature space and simultaneous inspection of the results by using multi-
dimensional scaling we found 4 distinct clusters. The cluster structure in 7-D feature space reflects Fig.4a, 
which represents the result of its mapping into 3-D. The blue cluster forming a long thin rod in Fig.4a, 
corresponds to the famous Miyakejima earthquake swarm [Toda et. al., 2002] encircled in red on Fig.3b 
and marked by the red stripe in Fig.3d. The red and flat clusters from Fig.4a, represent both the largest 
earthquakes and corresponding time events, marked in Fig.3d as green. The yellow and blue clusters 
contain the rest of the time events. In summary, clustering of averaged time events does not detect any 
anomalies reflecting the precursory patterns. A cluster examination of Fig.4a shows that there exist no 
anomalies in the feature space. The small blue cluster from Fig.4a represents the events at the end of the 
time interval, which are averaged within a shrinking time window.  
 

  
 

Fig.4 The results of non-linear multi-dimensional scaling of 7-D clusters from the feature spaces defined by the 
seismicity parameters from Fig.3D and Fig.3C, respectively, into a 3-D space.  

A B 
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Fig.5 Temporal evolution of the seismicity parameters {M,NS,NL,CD,SR,AZ,TI,MR} (see Eqs.1-2) for synthetic 
data catalog A. The green stripes from figure A depict  the events belonging to the green cluster from Fig.6 while the 
white ones to the red cluster from Fig.6. Fig.B displays the seismicity parameters computed for the same data but 
filtered out by using the results of clustering in the data space. In Fig.B, a new red cluster emerges. 
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Fig.6. A) Results of non-linear, multi-dimensional scaling of 7-D clusters from the feature spaces into 3-D space. 
The seismicity parameters computed for the complete synthetic data catalog (catalog A). B) The clusters of the 
largest events , corresponding to the time events from Fig.5B, marked in red. The seismicity parameters have been 
computed from the events, which have been selected by clustering in the data space. 
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In Fig.3c we display the seismicity time series and in Fig.4b the 3-D image of the feature space for the 
data pre-selected initially by clustering in the data space. Only the largest clusters of small and medium 
events were used for computing the seismicity parameters. As shown in Fig.4a, the feature space became 
more diverse, producing several distinct clusters. In Fig.3c, we show that, by clustering in the feature 
space, we can extract not only the largest events but also their precursory clusters composed of small 
events. 

A similar procedure was carried out on the synthetic data. In Fig.5a we display the seismicity 
parameters in time computed for the complete synthetic data catalog A. As shown in Fig.6a , the time 
events produce in the feature space 2 clusters. The green cluster from Fig.6a, corresponds to the time 
events marked in green in Fig.5a. From the top plot of Fig.5a representing the largest events in the sliding 
time window, we may conclude that green cluster comprises the time events, preceding the largest events. 
We pre-select data events by considering only these creating clusters in the data space. As a result, in the 
feature space we can locate more precisely in time the precursory zones for the most of earthquakes. The 
zones are displayed by the green stripes in Fig.5. Moreover, as shown in Fig.6b, the cluster structure of 
time events in the feature space of seismicity parameters reflects the changes in the spatial localization of 
the largest earthquakes. The events, occurring closer to the Parkfield Asperity boundary, produce a 
separate cluster.  
 

  
 
Fig.7 Results from visual classification of the synthetic data (from catalogs A and F, respectively) in the feature 
space transformed into 3-D space by using multi-dimensional scaling (MDS). The time events are divided onto two 
groups of data {Fi; i<T} (violet and green) and {Fi; i>T} (red and blue) representing: teaching and test sets, 
respectively. The classifier is constructed using teaching set of time events, which consists of two groups of events: 
preceding the earthquakes (green) and the others (pink). The preceding time events were taken arbitrarily as the 10 
nearest events to the corresponding earthquake. In the result of training we obtain two clusters: green and violet. The 
same two groups of data are marked in the test set (preceding the earthquakes – blue, and the others – red). We see 
that all the blue points were attracted to the green cluster - taught as the cluster consisting of “precursory” events - so 
all of them were recognized as “precursory”.  
 
Because the precursory events produce distinct clusters in both Fig.5a and Fig.5b, we can construct a 
simple visual classifier [Jain and Dubes 1988; Theodoris and Koutroumbas 1998] for recognizing of the 
anonymous precursory patterns. The entire time interval in the feature space has been divided into two 
parts. The events from the first 2/3 of the interval - approximately 700 events - represent the teaching set, 
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the rest - about 300 events – make up the test set. From the teaching set we extract two uneven groups of 
events. The first one consisting of 10 successive time events preceding each of the earthquake (m>6) is 
shown in green in Fig.7. The rest of the events represent the second (pink) cluster from Fig.7. The clusters 
are visualized by using multi-dimensional scaling in 3-D. Then, the distances (see Eqs.3-4) between 
events belonging to the same clusters was multiplied by the factor λ<1, while the distances between events 
from different clusters remain the same. The vale  of λ is gradually decreasing to the moment when the two 
clusters separates one from the another. For the situations shown in Fig.7 λ is set to 0.8. The test events 
from the test data are added to this teaching structure, with the determined coordinates in  3-D ω space. 
They are “attracted” or “repelled” from the teaching clusters according to their distances to the events 
from the teaching set. Eventually, we obtain the situations shown in Fig.7. The precursory events from the 
test set marked in blue (10 events preceding the earthquake) were recognized at 100% level for synthetic 
data sets A, U, F. The blue points fall into the area occupied by the green cluster representing precursory 
events from the teaching set. We see that many other points are also situated in the area of a green cluster. 
However, the choice of precursory events for training was completely arbitrary. By using a more careful 
analysis of seismicity patterns, such as in [Eneva and Ben-Zion, 1997a], and better selection of teaching 
patterns, we can improve the classification. 
 
4 Conclusions  
 
Earthquake prediction from extracting the precursory phenomena is a very tough task. Various 
computational methods and tools are used for detection of the precursors and for generalization of the 
information. In our opinion, such a generalization is impossible, when one analyses only the data at a 
single level of resolution. The set of data-mining tools has to be used as a single interactive system, 
allowing for on-line clustering, feature extraction and visualization of the data on various levels of 
resolution.  

We show that by using a common framework of clustering, we are able to perform multi-
resolutional analysis of seismic data starting from the raw data events described only by their magnitude-
spatio-temporal data space. Then we look for global cluster structure in the feature space, which is defined 
by using the seismicity parameters. This global view can also be divided over different levels of resolution 
in the feature space defined, e.g., by wavelet analysis [Holschneider, 1995; Strang and Nguyen, 1996] of 
the time series of the seismicity parameters [Torrence and Compo, 1998] and further classification of 
wavelet amplitudes by using clustering schemes.  

The approach presented here is different than that of [Dzwinel et. al., 2003]. The fine-grained 
spatio-temporal patterns of correlated events, extracted by using agglomerative clustering schemes, can be 
analyzed further in the coarse grained feature space by eliminating the noisy patterns and uncorrelated 
events. We have developed a new software that is based on pre-clustering. This allows for the detection of  
precursory events with a higher accuracy (e.g., pick-up the Miyakejima event) and their generalization at 
the low resolution level. It also allows for constructing visual classifiers for anonymous data. We believe 
that a more careful extraction of the precursory events allows us to construct more accurate classifiers.  
 The raw seismic data contains both local and global knowledge about correlations between the 
seismic events. Thus, the two-level approach presented here can still be incomplete, bearing in mind that 
the general knowledge about the seismic background can be buried in subtle patterns of data events. Any 
coarse graining of the data can destroy some, if not a majority, of these patterns. Therefore, extracting 
global knowledge about seismic patterns corresponding to precursory events involves global clustering of 
data without any averaging. This is a very daunting task both methodologically and computationally. This 
is due to both irregular structure of seismic data, which comprise many noisy events, different accuracy of 
measurements, outliers, bridges, clusters of different density and the large number of data vectors (104+) 
which have to be processed. This problem can be attacked by using modern non-hierarchical clustering 
schemes, such as the DBSCAN [Sander et. al., 1998], CURE [Guha and Rastogi, 1998], Chameleon 
[Karypis, 1999] or the shared nearest neighbor clustering algorithm (SNNCA) [Ertoz, 2003].  
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This new methodology can be also used for the analysis of the data from other geological 
phenomena, e.g, we can apply this clustering method to volcanic eruptions [Amelung et. al., 2000], and 
astrophysical events such as dissipation phenomena, occurring in a dispersed stellar population [Briceno 
et.,al., 2001]. 
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