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ABSTRACT
This paper presents observations of the long-term Geoelectric
Potential Difference. The data have been collected during a
five-year (1993-1997) experimental investigation. For data
acquisition an automatic system for collection, transfer and
processing of Geoelectric measurements operates at the
Earthquake prediction section of the University of Patras
Seismological Laboratory (UPSL). The emphasis in this
work is given towards investigation of experimental changes
of the Hurst exponent behavior of the geoelectrical potential
difference and its possible relation with the changes of the
spectral power-law exponent of the seismic activity in Western Greece. The comparison of both parameters leads to a
possible correlation between geoelectrical time fluctuations
and earthquakes in the seismic area. A theoretical explanation
of the above results is also given.
1. INTRODUCTION
Investigations of the changes of geoelectriomagnetics signals
for the purpose of earthquake prediction are carried out in
United States, Russia, Japan, China, Italian, Bulgaria, and
other countries. Among the different presented methods, the
study of anomalies in the behavior of the geoelectromagnetic
field has attracted most of the attention and over the last two
decades geoelectrical measurements over a broad frequency
range have been carried out. Detected signals vary in duration pattern, having specific features and spectral characteristics. There is strong evidence that anomalous changes of the
geoelectromagnetic field take place prior to strong earthquakes and great effort has been made to correlate this activity with the impending earthquakes. Geoelectromagnetic
precursors to earthquakes have been reported by a number of
researchers, raising hopes that prediction of damaging earthquakes might be possible [1-7].
Among the most extensive and promising reports of precursor electromagnetic signals are the observations of the LongTerm Geoelectric Potential (LTGP). An earthquake is not an
instantaneous phenomenon; it is accompanied with preseismic geotectonic variations, therefore a possible correlation of the behavior of the LTGP and an oncoming earthquake is of great importance. Recently, Hayakawa [8], Uyeda

[9] and Telesca [10,11] proposed a fractal analysis of Ultra
Low Frequency geoelectric data showing that strong earthquakes were preceded by a decrease of the spectral powerlaw exponent approaching unity.
The data presented in this paper have been collected during
a five-year (1993-1997) independent experimental investigation at the Earthquake Prediction Section of the University
of Patras Seismological Laboratory (UPSL). During the period 1993-1997 several destructive earthquakes occurred in
Western Greece, a territory with the highest seismic activity
in Europe. In this work, correlation between Hurst coefficient strongly connected with the geoelectrical time series
and the power-law spectral exponent of the inter event seismic intervals is presented.
The remainder of this paper is organized as follows. In Section 2 the acquisition system along with the data are described. Section 3 provides the necessary theoretical background for data analysis. Results including a short discussion
are presented in Section 4. Finally, conclusions are drawn.
2. LTGP ACQUISITION SYSTEM
In this system the monitoring of the geoelectric potential
difference is achieved by one set of dipoles arranged in short
as well as long distances. This dipole makes use of Pb-PbCl2
electrodes. The set has an electrode separation of 100m and
direction E-W and will be referred to as Channel 1. The dipole is located at the outskirts of the University of Patras, in
Rio, in a rather quiet countryside and is based in Pleistocene
compact conglomerates. The exact geographical position of
the station can be found in fig. 1. The signal produced by this
dipole is initially directed to an electronic VAN device. Afterwards, it is directed to an A/D converter, which is set to
digitize at a rate of 3 samples/min. The converter is connected to an ordinary PC where monitoring and processing of
the signals is taking place. This channel is also connected to a
pen-recorder and a graph paper illustrates continuously the
changes in the area. The obtained electro-telluric signal is
transmitted via a dedicated line to the control room. The
channel signal is therefore anti-alias filtered with a 30Hz
Butterworth low-pass filter sampled at 100Hz and converted
to digital form with a 32-bit resolution.

2.1 Observed Signals
Reported electromagnetic precursor signals appear to have a
wide range of time duration, amplitude level and spectral
characteristics. The parameters, which are measured continuously with the above data acquisition system, are the long
time variations of the geoelectric potential. The digitization
rate for observing long time variations in our station is set at
1sample/hr. That is, approximately 43600 data (points) have
been obtained during the period 1993-1997.
The geoelectric potential difference that has been monitored
during the five-year investigation (1993-1997) is presented in
fig. 2 (Channel No 1). The major earthquakes (>4.8Ms)
which occurred during this period are shown at the top of
each figure. Table 1 provides additional details about these.

tan(2ωτ ) =

∑ sin 2ωt n
n

∑ cos 2ωt n
n

and ω = 2πf with f the frequency. For a time series with
scaling behavior the power spectrum behaves as a power-law
function of the frequency f , P( f ) ∝ 1 f a , where a
characterizes the temporal fluctuations of the time series (for
white noise time series, a = 0 ). In this work the temporal
fluctuations of the earthquakes, occurred in the area of Western Greece from 1993 to 1997, are studied analyzing the sequence of the inter-event intervals using the Spectral Power
Law exponent.

Table 1: Major earthquakes occurred in Western Greece during the period 1993-1997.
No

Point

Magnitude

Distance
(km)

Date

Depth
(km)

1

1543

5.3

176

05/03/93

6.4

2

1863

4.9

44

18/03/93

1.5

3

2055

5.0

100

26/03/93

18.3

4

3960

5.4

192

13/06/93

40.0

5

4700

5.1

15

14/07/93

50.2

6
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5.3

147

25/02/94

49.7

7
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5.3
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16/04/94
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8
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4.9
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9
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4.8
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50.9

11
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Figure 1: Epicenters of the major earthquakes in Western
Greece during the period 1993-1997.
On the other hand, the geoelectrical potential is studied by
means of the Hurst exponent, H [12,13]. The basic idea in
order to estimate H from the recorded data consisting of
SP (t i ) values sampled at uniform intervals of ∆t , is to determine how the range of the cumulative fluctuations depends on the length of the subset of the data analyzed.
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The temporal fluctuation of a time series can be studied by
means of power spectral density. In this work the spectral
analysis of geoelectrical signals, using the well-known Periodogram method, is employed. Let us denote by x n the
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geoelectrical signal measured at time t n and by x its mean
value. The periodogram of this signal is defined as:
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Figure 2: Geoelectric signal of Channel 1.
Consider the whole data set covering a total duration
τ max = N max ∆t . Its mean value over the whole data,
_

SP (τ max ) , for τ = τ max and N = N max is given by:

_

SP(τ max ) =

1
N

N

∑ SP(ti )

(1)

i =1

The accumulated departure at each time point D(N , k ) from
the beginning of the period up to any time k∆t , is calculated
by summing the differences in (1) from the mean:
k 
_

D(N , k ) = ∑  SP(t i ) − SP(τ max ) for 1 ≤ k ≤ N , (2)
i =1 

where D(N , k ) is equated to D(τ , u ) , and u = k∆t , and
τ = N∆t .
The range R(τ ) is estimated as the difference between the
maximum Dmax and the minimum Dmin accumulated departure in (2), for 1 ≤ k ≤ N :
R(τ ) = Dmax − Dmin
(3)
The standard deviation S (τ ) of the samples SP(t i ) over the
period τ during which the local mean is SP(τ ) is given by:
_


∑  SP(t i ) − SP (τ max )
i =1 

S (τ ) =
,
(4)
N
and the “rescaled range” is the range of the deviations calculated in (3), rescaled or renormalized by the standard deviation in (4):
R / S = R(τ ) S (τ )
(5)
At this first stage, N equals the total number of all the values in the time series and provides a point at τ max . For the
next stage, N will cover a fraction of the entire data sample
set. The procedure described above will be repeatedly continued and R / S will be calculated for each segment of the
data set. The processing will continue using successively
shorter τ ’s at each stage, dividing the data set into overlapping segments and finding the average value R / S at each
segment. The functional relationship over intervals of lengths
τ compared to a reference length τ 0 is:
N

R(τ ) S (τ ) = R(τ 0 ) S (τ 0 ) ⋅ (τ / τ 0 ) ,
(6)
with H the Hurst coefficient. The equation for the best fitting straight line is determined by using the linear Y on X
regression with Y = log( R / S ) and X = log(τ / τ 0 ) , where
the exponent H is the slope of the regression line. For a
purely random sequence with no correlations among intervals, H = 0.5 . A value of H ≠ 0.5 indicates autocorrelation
in the signal, H > 0.5 means positive correlation, while
H < 0.5 means negative correlation or anti-persistence [14].
For H > 0.5 the data sequence is characterized by persistence [10] because increases are more likely to be followed
by increases at all distances and vice versa for H < 0.5 .

analysis has been carried out using the non-linear fractal
method revealing a scaling behavior for the recorded signals
of the Long-Term Geoelectric Potential (LTGP). Results
were obtained using a fixed time window shifting through
the entire 5-year time period and not for intervals at time
periods just before and after the events. The spectral analysis
revealed a scaling behavior for the recorded geoelectrical
signal, with a ≈ 1.05 for the 18 significant earthquakes and
a 2 ≈ 1.1 for the whole seismic activity. In fig. 3, the results
of this analysis are presented after the investigation of the
time variations of H and a1 calculated for the 18 significant earthquakes. The outcome of H and a 2 after the same
analysis can be found in fig. 4 when the entire seismic activity is employed.
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Figure 3: Correlation of H-coefficient and α-parameter for
the 18 most significant earthquakes.
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Figure 4: Correlation of H-coefficient and α-parameter for
the entire seismic activity signal.
The standard deviations of parameters H and a are in both
cases very small, ( H ≈ 0.02 and a ≈ 0.05 ). The values of
a1 and a 2 vary approximately from 1.01 to 1.13 and from
1.02 to 1.21, with mean values 1.04 and 1.07 respectively.
The values of H range from 0.5 (at the very beginning) to
0.89, with average 0.86. It is obvious that a and H tend to
decrease and increase respectively during the progress of the
preparation of the major earthquakes. Specifically, this be-

haviour is apparent just before the occurrence of the major
earthquake, which respectively occurred nearby the geoelectric dynamic monitoring station (No.5 of the Table 1 which
caused damages in the city of Patras). The same behavior
appears at the time interval about 3 weeks before the earthquakes No 10-11which destroyed the city of Aigio causing
40 deaths, as it is shown in fig. 3 and fig.4. Finally, a and
H approach unity about 6 weeks before the major but far
away from the station event in the area (No.16-17 Strofades
island). It is noteworthy that similar behavior was observed
at the time interval four weeks before the big magnitude
earthquake (No.6), the epicentral point of which was far from
the station. All these cases of earthquakes are in the same
geotectonic area and that explains the greater sensitivity of
the channel for every earthquake disturbance. The aforementioned sensitivity is due to the similar behavior of the dipole
to an antenna sensor. These results are in agreement with the
behavior of the Long-Term Geoelectric Potential spectral
exponent observed in Hayakawa [8] and Telesca [10,11].
5. CONCLUSIONS

In this work we investigated the possible relation between the
behavior changes of a and H . The experimental results indicate the existence of good correlation between a and H .
The increase of H exponent as well as its converge toward
unity indicates the respective persistence of the seismic process to the earthquake event. In addition, the decrease of a coefficient toward unity is consistent with the appearance of
small- scale fractal structures in the focal zone. This is possibly due to the evolution of the earth’s crust toward the selforganization at the critical point and involves the formation
of fractal structures in the fault zone. This procedure results
in the observed geoelectrical signal. The presented results
indicate that the degree of correlation between seismic sequences and geoelectrical fluctuations can provide evidence
for upcoming earthquake events. However, the prediction
error seems to increase for the cases of earthquakes with
small magnitude or epicenter far from the station monitoring
of the geoelectric signal. This means that the earthquake generation process affects the LTGP dynamics in a manner dependant upon many parameters (e.g. geological composition,
location of epicenter).
Future work remains to understand better the relations between the behavior changes of a and H . The consideration
of many LTGP channels at the training algorithm could provide more information and can improve both the accuracy
and the reliability of this method. The measures of the
changes of a and H gives promising results that can be
used together with other pre-seismic signals to solve the difficult problem of short time earthquake prediction.
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ABSTRACT
An exploratory data analysis (EDA) framework is built based
on multidimensional scaling (MDS) and minimal spanning
tree (MST), as a means to investigate possible correlations
among the geoelectric potential difference prior to significant
seismic events in Western Greece. The data have been collected during a six-year (1998-2003) experimental investigation, at the earthquake prediction section of the University of
Patras Seismological Laboratory (UPSL), using an automatic recording and processing system. Certain interesting
clustering tendencies are detected in the MDS-plot of the
projected time-sequences (TSs) data, indicating the existence
of possible correlation between the geoelectric signal structure and the impeding seismic activity. The presence of similar temporal patterns in the recorded time-series of the
geoelectric field, ten days before the occurrence of the major
earthquakes, is also investigated using the MST’s ability to
rank observations in a multivariate space. The experimental
results demonstrate the validity of the introduced framework.
1.

INTRODUCTION

The investigation of electromagnetic signal has been studied
by numerous researchers, who have devoted their efforts
upon short-term earthquake prediction [1,2]. Correlation
between these signals and earthquakes still remains controversial. Detected signals vary in duration and pattern, having
specific features and spectral characteristics. Nevertheless
there is strong evidence that anomalous changes of the
geoelectromagnetic field occur prior to strong earthquakes.
Long-Term Geoelectric Potential (LTGP) measurements are
carried out and the abundance of the generated time series
data recordings are searched using sophisticated signal
analysis techniques [3-5]. A large number of laboratory experiments clearly suggest that micro-fracturing is associated
with the appearance of spontaneous charge production (electrification) and transient Electric or ElectroMagnetic (EM)
Emission. Correlation of the behavior of the LTGP and an
oncoming earthquake may be possible, since an earthquake
is accompanied by pre-seismic geotectonic variations [4,5].
In this study, clustering and classification tendencies in
time-sequences (TSs) of the geoelectric potential signal are
investigated, over a 10-days time period, prior to major

earthquakes that took place in the area of Western Greece.
The investigated ‘feature vectors’ are extracted from the
pattern vector (i.e., the geoelectric potential signal values in
the time domain). Recordings have been collected during a
long term, six-year (1998-2003) independent experimental
investigation, at the UPSL. During this period, several destructive earthquakes have occurred in the area of Western
Greece, a territory with the highest seismic activity in
Europe. For the purpose of our analysis, time series similarities search is studied using exploratory data analysis (EDA)
for data projection and visualization [6], applied to TSs of
the data. The bottleneck of the proposal incorporates the use
of multidimensional scaling (MDS) [7], a nonlinear projection algorithm employed here for reducing the dimensionality of the incoming data. The application of the technique
leads to an effective description of adjacency relationships
among individual patterns of time intervals, and simultaneously, extracts prior knowledge from the underlying data by
means of visualization to a low-dimensional space. In addition, similarities and correlations are investigated by studying the distances in a multidimensional point set. For this
purpose, the minimal spanning tree (MST) [8] is used as the
backbone of the proposed point set description, which has
been applied in several graph-theoretic clustering approaches [9]. Here, the MST captures the cohesion between
the TSs and enables a description of the input sample in the
form of ordered lists. The proposed ordering scheme facilitates intelligent queries in the time-sequence (TS) sample
and can act as dominant-mode seeking clustering algorithm.
2.

MONITORING SYSTEM AND SIGNALS

2.1 LTGP Acquisition System
The measurement of the geoelectric field is relatively simple, sensing the geoelectric potential difference between
pairs of electrodes, which are placed in the ground at specific locations. The current explanation of the electrical precursors includes the piezoelectric effect of quartz, contained
within the rocks, and fluid flow due to the application of
stress, which cause the redistribution of pore fluids. In this
system, the monitoring of the geoelectric potential difference is achieved by a dipole set of five Pb-PbCl2 electrodes
arranged in short as well as long distances.
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Figure 1 – Signal of Geoelectric Potential Difference (Channel 0).

The acquisition system has produced so far a total of
13-year long data. For the purpose of our experiments, we
investigate a six-year period duration of 1998-2003. The
dipole set that is used here has an electrode separation of
100m and is adjusted towards the N-S. Recorded data are
referred as ‘ch0’. The signal produced by this dipole is initially directed to an electronic VAN device, and afterwards
to an A/D converter, which is set to digitize at a rate of 3
samples per min. This channel is also connected to a penrecorder and a graph paper illustrates continuously the fieldchanges in the area. The obtained electro-telluric signal is
transmitted via a dedicated line to the control room, where it
is anti-alias filtered with a 30Hz Butterworth low-pass filter
and converted to digital form with a 32-bit resolution.
2.2 Observed Signals
For the purposes of our work, the digitisation rate for observing long time variations in our station is set at 1 sample per
hour, by taking the mean across the ensemble of 180 samples
that are obtained in the time period of 1 hour. That is, approximately 52560 data (points) describe the geoelectric potential-difference signal during the period from 1998 to 2003.
This signal is illustrated in Fig. 1.

Figure 3 – Epicenters of the major earthquakes (>4.8Ms) in Western
Greece during the period of 1998-2003.

The major earthquakes (>4.8Ms), that occurred during
the period 1998-2003, are plotted in Figure 2. In addition,
Figure 3 demonstrates their exact epicentres in the area of
Western Greece, along with the exact geographical position
of the monitoring station. The earthquakes that attracted
most attention are No.1, of medium magnitude and distant
epicentre in Strofades Islands, No.9, a strong and distant one
north of Lefkada Island, No.11, of medium magnitude and
relative distant epicentre in Kiparissia town, No.14 which
caused severe damage at the village of Bartholomio near to
Pirgos city and No.16, which damaged the Lefkada Island.
3. MDS-BASED MAPPING OF TIME SERIES
POTENTIAL DIFFERENCES
3.1 Time-series geoelectric potential differences

Figure 2 – Major earthquakes (>4.8Ms) in Western Greece during
the period of 1998-2003.

In this work, the observed time-series represents the
geoelectric field measurements, with each number corresponding to a value at a time-sequence. In general, searching
for similar patterns among time-series intervals is an open
research field, extensively investigated as a tool for exploring classification, clustering and mining of association rules
[10-12].
Analysis of time-series data is rooted in the ability to
find similar patterns. The definition of (dis)similarity between TSs is of crucial importance for time-series searches.
Following a geometric approach, a time-series of length n
can be considered as a point (feature-vector) in a multidimensional space RN resulting in a much-simplified representation, and thus can be treated as a collection of points in
RN. In this way, shifting and amplitude scaling of a time
series correspond to the movement of the point in straight
lines. The definition of the pairwise time series similarity

provides a mean of indexing time series data. Given a query
sequence Q = (q1 , q 2 ,..., q n ) , a set of stored data sequences
S = ( S1 , S 2 ,..., S n ) can be ordered according to their similarity to Q, as defined by the L2-norm (Euclidean distance),
performing a nearest neighbour search in the multidimensional space. In addition, data mining research is further
occupied with the supplementary tasks of (i) clustering finding natural groupings of the time series, (ii) proper visualization of the results and (iii) classification of the time
series data into some predefined classes.
3.2 MDS-based mapping
When all of the stored data sequences S need to be examined as a whole and in order to investigate possible relations
among them, their direct indexing is prohibitive due the
space’s high dimensionality. The core idea is to reduce the
dimensionality of the input space. This is accomplished by
projecting the N-dimensional extracts that represent the
time-series into a r-dimensional space so that (i) k<<N and
(ii) the resulted distances are preserved as well as possible.
Dimensionality reduction is the procedure of finding a suitable lower-dimensional space for representing the original
data. That alternative representation of the data can be helpful to explore high-dimensional structures with the goal to
discovering formations or patterns, visualize the data using
scatter-plots when dimensionality is reduced to 2-D or 3-D
and finally analyse the data using statistical methods, such
as clustering, smoothing, probability density estimation, or
classification [6].
Although the data may have very high dimensions,
these are typically embedded into manifolds (or subspaces)
that are of substantially lower dimensions. Identifying these
manifolds (or subspaces) is critical in understanding data
relations. The procedure that should be followed is such that
similar multivariate patterns are mapped on representative
points close to each other in a low-dimensional space. In
order to preserve topography of time-series data vectors, a
non-linear mapping needs to be utilized here, since linear
projections are not able to accomplish such a task. The general process of finding a configuration of points whose interpoint distances correspond to (dis)similarities is often called
MDS [7] and it is used to discover the underlying distribution of the original feature space.
In general, the MDS is a technique that handles interpoint dissimilarities as distances in some high dimensional
space (N-dimensional space, N >> 3 ) and attempts to embed them in a lower dimensional configuration ( r << N )
[7]. The procedure places the resulting approximations into
a metric space, where the interpoint distances conform as
much as possible to computed proximities between the
original data. This means that observations that are close
together in a high-dimensional space should be close in the
low-dimensional one. Usually, r = 2 is used in order to allow visualization by scatterplots. The mapping generally is
nonlinear and can reveal the overall hidden structure of the
original data.

Table 1 – Major earthquakes (>4.8Ms) that occurred in the area of
Western Greece, during the period 98-03.

No.

Point

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

240
2880
4704
6672
6720
12528
12624
16128
21000
22440
32472
40032
41184
43080
47352
49200

Magnitude Distance (km)
5.2
4.8
5.1
5.2
5.2
4.8
5.1
4.9
5.3
4.8
5.2
4.9
4.8
5.3
5.0
5.9

153
163
112
129
139
143
95
97
123
104
107
96
78
73
156
117

Date
10/01/98
01/05/98
16/07/98
06/10/98
08/10/98
07/06/99
11/06/99
04/11/99
26/05/00
25/07/00
16/09/01
28/07/02
14/09/02
02/12/02
29/04/03
14/08/03

Figure 4 – MDS-mapping of the different located earthquake territory region, illustrated using differently labeled points.

The major earthquakes (>4.8Ms) that occurred during
the period under investigation together with some additional
details are depicted in Table 1. In order to identify possible
correlations of the geoelectric potential signal prior to these
events, N=240 point sequences (corresponding to 10-days
duration) are selected, the end-point of which coincided with
the earthquake occurrence time. These N-dimensional feature
vectors are extracted directly from the geoelectrical potential
difference and used as the input data in our EDA.
In order to visualize inter time-series similarities, their
MDS plot is constructed using pairwise Euclidean distances
and illustrated in the 2-D plot of Figure 4. All distinct TSs of
the geoelectric potential signal are presented in the respective
Figure 4 using differently labelled points, according to the
epicentre locations of the corresponding earthquakes which
are generated from. For example, the earthquakes No.1, 2, 4,
5, 6, 7 and 8 that occurred in the broader area of Strofades
Islands are demonstrated using a blue cycle, earthquakes
No.3, 9, and 16 coming from the area of Lefkada Island using a green square, etc. In addition, a number is assigned to
each event according to the one provided in Table 1. The

projection results are impressive, indicating a certain correlation between the temporal patterns of the time series preceding the seismic event and the earthquake’s focal area.
By analysing the visualization plot of Figure 4 in accordance to the epicentre map of each earthquake depicted in
Figure 3, the following observations can be made. Seismic
events that are located in same geographic area in Western
Greece (Figure 3) reveal a similar geometric proximity- representation in the 2-D resulted MDS-map (Figure 4). For
instance, earthquakes No.10, 11 and 15 located in the
broader region of Messinia (depicted with the red-star symbol in Figure 4) tend to cluster together in the projection
terrain. The same general signal behaviour appears at the
time interval in the case of the broader areas of Strofades
Islands (No.1, 2, 4, 5, 6, 7 and 8 depicted by the blue-cycle),
Kyparissia (No.12, 13 and 14 depicted by the magentatriangle). Thus the geoelectric recordings display sensitivity
to the geotectonic area of the earthquake disturbance. By
applying dimensionality reduction techniques, the different
manifolds of the underlying field distributions are revealed,
resulting in a – somehow – clear geographical classification
scheme. The only behaviour that is not fully functional to
our methodology, appears in the case of earthquakes coming
from the area of Lefkada Island (No.3, 9 and 16) illustrated
using the green-square symbols. These points do not cluster
together, forming a different time-series signature, which
can be explained by the diverse underlying territory pattern
of the underwater terrain. However, the overall classification
scatterplot provides us with strong evidence about the approximate location of an impending earthquake. In the sequel, the structural organizations of the depicted clustering
tendencies are studied using the MST, a graph-theoretic
sketch that facilitates intelligent queries and acts as a seeking clustering algorithm.
4. MST-ORDERING FOR CLUSTERING DATA
Graph theory gives emphasis on the structural relationships
of the data, providing a condense description of a point set
[8]. It contains the ‘nearest neighbor’ information about
each point and the ‘shortest linkage’ information about subsets of points [12]. In addition, the MST structure is unchanged under translation, rotation and non-linear transformations, preserving the ordering of edge lengths [13].
Graph theory sketches the MST structure with the following definitions. A graph G(V,E) is a mathematical structure for representing pairwise relationships among data. It
consists of a set of points called nodes V={Vi}i=1:N (or vertices) and a set of links E={Eij}i≠j between nodes called edges
(or lines). When a weight eij is assigned to each link, a
weighted-graph is formed and in the particular case that
eij=eji this graph is called undirected weighted graph. A connected graph has a path between any two distinct nodes. A
spanning tree T of a (connected) weighted graph G(V,E) is a
connected subgraph of G(V,E) such that: (i) it contains every
node of G(V,E), and (ii) it does not contain any cycle. The
MST is a spanning tree containing exactly N-1 edges, for
which the sum of edge weights is minimum [8].

Figure 5 – MST of the extracted TSs.
Table 2 – Five segments of the geoelectric potential difference during periods of seismic quiescence.

No.

Starting Date

End Date

A1
A2
A3
A4
A5

31/07/99
06/09/99
17/02/00
02/04/00
06/05/00

09/07/99
15/09/99
26/02/00
11/04/00
15/05/00

Table 3 – MST-links and weights of the depicted graph of Figure 5.

Links

Weights

Links

Weights

2 – A3
4–5
5 – A1
6–8
7–6
8–4
10 – 13
11 – 10
15 – 12
12 – 10

40
37
78
151
25
43
153
88
260
149

13 – 16
14 – 15
3–2
9 – 13
16 – A5
A1 – A2
A2 – 1
A4 – A2
A3 – A4
A5 – A3

173
140
114
338
518
42
48
142
120
68

When the previous notions are applied to a set of N
points, a node is dedicated to each point and the corresponding pairwise distances (i.e., dissimilarities computed via the
Euclidean metric) are assigned as weights to the formed
edges. The MST is the connected spanning graph with the
minimum total length, emerged from the collection of exactly
(N-1) edges. Figure 5 demonstrates the construction of the
MST-graph using the projected points of Figure 4 of the corresponding TSs. For completion to our presented methodology, as well as for comparison purposes, five additional TSs
of the same time duration are also extracted and projected in
the reduced domain using MDS-analysis. These pertain to
periods of relative seismic quiescence (<3.5 Ms) in the area
and their exact position in time is shown in Table 2. Finding
such periods was not easy due to the area’s high seismicity.
In addition, Table 3 presents the constructed MST-links
along with the corresponding MST-weights. These clustering
tendencies are also apparent even at the five blobs of seismic

quiescence labelled {A1,A2,A3,A4,A5}, depicted by the
black-cross-cycle symbols.
The observation that the MST of points in R1 connects
the points in sorted order, led to the consideration that the
MST can provide a unique tracking for a trustworthy ordering of points in RN [14]. This procedure is established as
MST-ordering [12]. The structural paths of the MST are used
to assign ranks to the different TSs, where a rank is denoted
as follows: provided that ‘j’ ( j = 1,2,...K ) is the original
index of a point (i.e., the time identity of the corresponding
TS), then ‘[i]’ ( i = 1,2,...K ) is its rank indicator. After rooting the MST arbitrarily, the rank of each point is the order in
which it is visited in a first traversal of the graph. In this
way, a parent-daughter relationship is defined, where the
parent of X[i] denoted as P(X[i]) is the immediate predecessor
of X[i] along the path to the root [12]. The corresponding
edge weight e(X[i]) quantifies this relationship. These concepts are demonstrated for the case of the two-dimensional
projection scatterplot, shown in Figure 5. For example, the
ordered points [X[1], X[2], …, X[16], X[A1], …, X[A6]] will be
[1,A2,A1,A4,5,A3,4,2,A5,8,3,16,6,13,7,10,9,11,12,15,14] if
X1 is used as the starting root of the tree, and
[14,15,12,10,11,13,16,9,A5,A3,2,A4,3,A2,A1,1,5,4,8,6,7]
for X14 respectively. In addition, P(X[i]) and e(X[i]) will be
[/,1,A2,A2,A1,A4,5,A3,4,2,A5,8,16,6,13,13,10,10,12,15] &
[0,48,42,142,78,120,37,40,68,43,114,518,151,173,25,153,33
8,88,149,26,140] for the X 1 MST-node.
The MST-ordering scheme not only provides a means to
navigate into a given sample, but also gives rise to signal
processing strategies for the recognition of modes in their
intrinsic distribution and the detection of distinct TSs. For
instance, rooting at a central point can be used so as outliers
to be unmasked through the ordering procedure. Although
several clustering tendencies are also apparent in the depicted
MDS-map of Figure 5, the MST-structure reveals additional
information due to the utilized ordering scheme. In this plot,
patterns coming from the same geographical area are not
organized together in the ordering scheme, such as No.2, 3
and 16. One should further examine, basically, the underlying
focal zone of the specific geographical territory (among other
crucial characteristics). The proposed dual-segregation methodology (MDS-mapping and MST-ordering), however, provides useful information about the identification of different
manifolds in the underlying field patterns. By applying the
presented techniques, interesting geographical classification
schemes appear, that can be easily extended to advanced representation in a broader regional territory.
5.

CONCLUSIONS

We investigated the existence of possible temporal similarities in geoelectric signal recording, using EDA techniques
based on MDS-mapping and MST-ordering schemes, applied
upon extracted time-sequencies (TSs) prior to significant
earthquakes. Experimental results indicate the existence of
significant correlation in the patterns of the recorded TSs for
earthquakes originating from the same territory regions. In
addition, the appearance of temporally similar precursor signals is consistent with increased seismic activity in the focal

zone. This is possibly due to the evolution of the earth’s crust
towards self-organization at the critical point and involves
the formation of structures in the fault zone. The presented
methodology indicate that the degree of correlation between
seismic sequences from the same epicenter region and similar geoelectric fluctuations can be used to a form a query
time-series database system and provide evidence for upcoming earthquake events.
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Geoelectric Field Signal Investigation using Multidimensional
Techniques and its Possible Relation to Earthquakes in Western
Greece
Apostolos Ifantis, George Economou, Christos Theoharatos, Member, IEEE, Dimitris Petropoulos, and
Gerasimos-Akis Tselentis

Abstract—In this study, time series similarity and multidimensional scaling (MDS) techniques are used to examine
recordings of the geoelectric potential difference, 10-days prior
to significant seismic events in the area of Western Greece. The
data have been collected during a five-year experimental
investigation, at the earthquake prediction section of the
University of Patras Seismological Laboratory (UPSL). The
presence of similar patterns in the recorded time series data of
the geoelectric field, ten days before the occurrence of seven
significant earthquakes in the seismic area of Patras city, is
investigated. Certain interesting clustering tendencies are
detected in the MDS-plot of the projected time sequences data,
indicating the existence of a possible correlation between the
geoelectric signal structure and the impeding seismic activity.
An explanation of the above results is also provided.
I. INTRODUCTION

A

MONG all earthquake precursors, earthquake-related
electromagnetic phenomena are considered as the most
promising candidates for short-term earthquake prediction.
Over the years, numerous electromagnetic signals at a broad
range of frequencies associated with earthquakes have been
reported [1]-[3]. However, due to the many possible sources
of noise, correlation between these signals and earthquakes
is still controversial. Detected signals vary in duration and
pattern, having specific features and spectral characteristics.
Nevertheless, there is strong evidence that anomalous
changes of the geoelectromagnetic field do occur prior to
strong
earthquakes.
Currently,
a
plethora
of
geoelectromagnetic signal-change investigations take place
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for the purpose of earthquake prediction. Long-Term
Geoelectric Potential (LTGP) measurements are carried out
and the abundance of the generated time series data
recordings are searched using sophisticated signal analysis
techniques [4]-[6]. An earthquake is not an instantaneous
phenomenon; it is accompanied with preseismic geotectonic
preparations, thus correlation of the behavior of the LTGP
and an oncoming earthquake is possible [5], [6].
In this paper, the existence of similarities in time
sequences of the geoelectric potential data is investigated,
over a 10-days time period, prior to major earthquakes that
took place in the area of Western Greece. For this purpose,
time series similarities search is studied using exploratory
data analysis (EDA) for data projection and visualization
[7], applied to sequences of the data. The reduction of
dimensionality can lead to an increased capability of
extracting knowledge from the underlying data by means of
visualization, and to novel possibilities in designing efficient
and possibly more effective classification schemes.
Recordings have been collected during a five-year (19931997) independent experimental investigation in cooperation
with the Varotsos-Alexopoulos-Nomikos (VAN) group, at
the UPSL. During this period, several destructive
earthquakes have occurred in the area of Western Greece, a
territory with the highest seismic activity in Europe.
II. LTGP ACQUISITION SYSTEM

The monitoring of the geoelectric potential difference in
the system is accomplished using a dipole set of Pb-PbCl2
electrodes located 100m apart, having an E-W direction.
Recorded data are referred as ‘Channel 0’. The exact
geographical position of the station can be found in Fig. 1.
The signal produced by this dipole is initially directed to
an electronic VAN device. Afterwards, it is directed to an
A/D converter, which is set to digitize at a rate of 3 samples
per min. The converter is connected to an ordinary PC
where monitoring and processing of the signals is taking
place. This channel is also connected to a pen-recorder and a
graph paper illustrates continuously the field-changes in the
area. The obtained electro-telluric signal is transmitted via a
dedicated line to the control room. The channel signal is
anti-alias filtered with a 30Hz Butterworth low-pass filter
sampled at 100Hz and converted to digital form with a 32bit resolution.

two

data

sequences

X = ( x1 , x 2 ,..., x n )

and

Y = ( y1 , y 2 ,..., y m ) with n = m , their Euclidean distance is
defined as:

L2 ( X , Y ) =

n

∑ (x

− yi )

2

i

(1)

i =1

It is generally recognized that the Euclidean distance is
affected by offsets of the sequences. In the case where shape
similarity is sought, offset shifting and amplitude scaling
transformations alleviate this problem [10]. Given a time
series, S ( s1 , s 2 ,..., s n ) each element is transformed by the
Fig. 1. Epicenters of the major earthquakes in Patras area in Western Greece
during the period 1993-1997.

The digitization rate for observing long time variations in
our station is set at 1sample per 20 sec. For the purposes of
this work a time representation of 1 sample per hour is
selected. That is, approximately 43600 data (points) describe
the geoelectric potential-difference signal during the period
from 1993 to 1997. This signal is illustrated in Fig. 2.
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Fig. 2. Geoelectric signal (Channel 0).

III. TIME SERIES SIMILARITY SEARCH AND
VISUALIZATION
Time-series are the principal data format of signals in
many applications. Usually, a time-series is an ordered
sequence of real numbers collected at uniformly spaced time
instances (in our case representing geoelectric field
measurements), each number representing a value at a time
point. Searching for similar patterns among time-series
intervals is an open research field, extensively investigated
by the research community as a tool for exploring
classification, clustering and mining of association rules [8][10]. The most common notion for time series similarity
refers to time-series shape similarity.
Analysis of time-series data is rooted in the ability to find
similar patterns. The definition of similarity / dissimilarity
between time sequences is of crucial importance for timeseries searches. Among the plethora of proposed
(dis)similarity measures, the Euclidean distance, which is a
special case of the Lp-norm, is the most popular one. Given

form of

s i − mean ( S )
.
std ( S )

Following a geometric approach, a time series of length
n can be considered as a point (feature-vector) in a
multidimensional space RN resulting in a much-simplified
representation, and thus can be treated as a collection of
points in RN. In this way, shifting and amplitude scaling of a
time series correspond to the movement of the point in
straight lines. The definition of the pairwise time series
similarity provides a mean of indexing time series data.
Given a query sequence Q = (q1 , q 2 ,..., q n ) , then a set of
stored data sequences S = ( S1 , S 2 ,..., S n ) can be ordered
according to their similarity to Q as defined by L2,
performing a nearest neighbor search in the
multidimensional space.
When all of the stored data sequences S need to be
examined as a whole and in order to investigate possible
relations among them, their direct indexing is prohibitive
due the space’s high dimensionality. The core idea is to
reduce the dimensionality of the input space. This is
accomplished by projecting the N-dimensional blobs that
represent the time-series into a k-dimensional space so that
(i) k<<N and (ii) the resulted distances are preserved as well
as possible. Thus, dimensionality reduction is the procedure
of finding a suitable lower-dimensional space in which to
represent the original data. That alternative representation of
the data can be helpful to explore high-dimensional data
with the goal to discovering structures or patterns, visualize
the data using scatter-plots when dimensionality is reduced
to 2-D or 3-D and finally analyze the data using statistical
methods, such as clustering, smoothing, probability density
estimation, or classification [7].
In this case, dimensionality reduction plays a significant
role. Although the data may have very high dimensions,
these are typically embedded into manifolds (or subspaces)
that are of substantially lower dimensions. Identifying these
manifolds (or subspaces) is critical in understanding data
relations. The general process of finding a configuration of
points whose inter-point distances correspond to similarities
or dissimilarities is often called multidimensional scaling
(MDS) [7] and it is used to discover the underlying
distribution of the original feature space. In general, MDS

finds an embedding of the data points in a low-dimensional
space such that the proximity between objects in the multidimensional space is represented with some degree of
fidelity by the distances between points in the resulted
feature space. This means that observations that are close
together in a high-dimensional space should be close in the
low-dimensional one. Algorithmically, given the M timeseries, their pairwise distances and the desired
dimensionality of the produced space k, the optimization
criterion is given by:

∑ (D(S , S ) − D(S , S )) ,
(2)
Stress =
∑ D(S , S )
where D (S , S ) is the distance between time-series S and
S and D (S , S ) is the Euclidean distance at the k2
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dimensions. Actually, the stress is a number indicating how
well the distances are preserved in the newly formed feature
space. The steepest descent algorithm starts with an
assignment of the time-series to the k-dimensions and
proceeds by minimizing the stress in (2) by moving points.
The mapping generally is nonlinear and can reveal the
overall hidden structure of the original data. However, it is
inevitable that there will be some stress in the resultant
display.

TABLE 2
FIVE SEGMENTS OF THE GEOELECTRIC POTENTIAL SIGNAL DURING PERIODS
OF SEISMIC QUIESCENCE.
No.

Start Point

End Point

A
B
C
D
E

10100
21440
32240
37000
38561

10339
21679
32479
37239
38800

In order to visualize inter time-series similarities, their
MDS plot was constructed using pairwise Euclidean
distances. In Fig. 4 the 2-D MDS plot is illustrated, where
the seven time-blobs recorded prior to earthquakes are
displayed using a red-star symbol and labeled according to
Table 1 data from 1 to 7, while the rest five sequences that
correspond to seismic quiescence are presented by a greencircle, also labeled in accordance to Table 2 data format.
Results are interesting, indicating a certain correlation
between the temporal patterns of the time series preceding
the seismic event and the earthquake’s focal area.

IV. EXPERIMENTAL RESULTS AND DISCUSSION
The major seven earthquakes (>4.0Ms) that occurred
during the period under investigation together with some
additional details are depicted in Table 1. In order to identify
possible correlations of the signal prior to these events, a set
of twelve data sequences S, each one of length N=240
corresponding to a point in a 240-dimension space, were
used as input to our data mining system. These 240-point
sequences corresponded to 10-days duration (one point per
hour), where the sequences end-point coincided with the
earthquake occurrence time. For comparison purposes, five
additional time sequences of the same time duration were
also constructed. These were located at periods of relative
seismic quiescence (<3.5 Ms), in the area and their exact
position in time is shown in Table 2. Finding such periods
was not easy due to the area’s high seismicity.
TABLE 1
THE SEVEN MAJOR EARTHQUAKES THAT OCCURRED IN PATRAS AREA IN
WESTERN GREECE DURING THE PERIOD 1993-1997
Distance
No.
Point
Magnitude
Date
(km)
1863
4.9
44
18/03/93
1
3575
4.0
60
29/05/93
2
4700
5.1
15
14/07/93
3
21505
5.6
42
15/06/95
4
21755
4.0
42
25/06/95
5
24030
4.8
29
28/09/95
6
42453
4.9
55
05/11/97
7

Fig. 4. 2-D MDS clustering results of the 7 earthquakes (red stars) and the 5
random blobs (green circles) of seismic quiescence, in Patras area.

In order to further exploit the underlying field pattern of
the broader territory, three extra time sequences of the same
time duration were also consider. These were related to the
three major earthquakes that occurred during the same timeperiod in the area of North Ionian, far away from the
recording station and presented using the same details in
Table 3. Following the same experimental methodology, the
MDS plot was produced for studying terrain-pattern
clustering tendencies from different located areas and
illustrated in Fig. 5.
TABLE 3
THE THREE MAJOR EARTHQUAKES THAT OCCURRED IN SOUTH IONIAN
AREA IN WESTERN GREECE DURING THE PERIOD 1993-1997
Distance
Date
No.
Point
Magnitude
(km)
10082
5.3
147
25/02/94
8
16744
4.9
159
29/11/94
9
16783
4.8
148
01/12/94
10

Fig. 5. 2-D MDS plot of the five-strogest events (red stars) in Patras area
and the three events (blue squares) in North Ionian area.

A more detailed analysis is provided in the sequel, related
to the history of the previously mentioned seismic events.
During the recording period, seven significant earthquakes
with magnitude Ms ≥4.0R were recorded. The earthquake
No. 3 was very strong and caused damages in the city of
Patras having its epicenter point very close to our
geoelectric monitoring station, as depicted in Fig. 1. The
earthquake No. 6 had its epicenter point a few km away from
the earthquake No. 3. Thus the geometric proximity of the
corresponding points in the 2-D graph of Fig. 4 & 5 indicate
a similarity in the signal structure prior to significant seismic
events that originate from the same area. The same general
signal behavior appears at the time interval in the case of
earthquake No. 4 and earthquake No. 5, as it is also shown
in Fig. 4 & 5. The same clustering tendencies are also
apparent in the other pair of earthquakes, No. 1 and No. 7,
having their epicenters close enough, as plotted in the
epicenter map of Fig. 1. Earthquake No. 2 that has its
epicenter point located at another geographic area reveals a
different time signature and does not cluster with any of the
other earthquakes. Thus the geoelectric recordings display
sensitivity to the geotectonic area of the earthquake
disturbance. Moreover, the different time signatures of timeseries data taken during seismic quiescence are distributed in
a more uniform way of visualization, without the creation of
any obvious clusters. This can be explained by the absence
of a characteristic and prevailing disturbance that would
have otherwise modified their temporal behavior. Finally,
the three major earthquakes that occurred in the area of
North Ionian in Western Greece tend to cluster together as
presented in Fig. 5, revealing the different underlying
territory pattern of the underwater terrain. By applying
dimensionality reduction techniques, the different manifolds
of the underlying field distributions are formed, resulting in
a clear geographical classification scheme.
V. CONCLUSIONS
In this work we investigated the existence of possible
temporal similarities in geoelectric signal recordings, for a
period of ten days before significant earthquakes.
Experimental results indicate the existence of significant

correlation in the patterns of the recorded time sequences for
earthquakes originating from the same region. In addition,
the appearance of temporally similar precursor signals is
consistent with increased seismic activity in the focal zone.
This is possibly due to the evolution of the earth’s crust
towards self-organization at the critical point and involves
the formation of structures in the fault zone.
The presented results indicate that the degree of
correlation between seismic sequences from the same
epicenter region and the similar geoelectric fluctuations
could be used to a form a query time-series database system
and provide evidence for upcoming earthquake events. The
prediction error seems to increase for those earthquakes
having either small magnitude or epicenter far away from
the geoelectric signal monitoring station. This means that the
earthquake generation process affects the LTGP dynamics in
a manner dependant upon several parameters (e.g.
geological composition, propagation mechanisms, etc).
The proposed method based on a dimensionality
reduction technique, provides promising results that can be
used jointly with other seismic precursor techniques to solve
the difficult problem of short time earthquake prediction.
However, further investigations are needed to better quantify
these findings. The consideration of more LTGP channels
into the training algorithm is pursued at present, expected to
provide us with extra information and improve both the
accuracy and the reliability of this method.
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Third-order Spectral Analysis of Geolectrical
Signals
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Abstract — A third-order spectral analysis for the
detection of non-linearities in geolectric signals is presented
in this work. Specifically, the bispectrum and bicoherence
function are employed for the case of the geolectrical signal
acquired over the period of 1993-2002 in the area of Patras,
Greece. This is an area of intense seismic activity and the
possible relation between this activity and the non-linear
mechanism of the geoelectrical signal is explored.
Keywords — Geolectrical signal, higher order spectra.

I

I. INTRODUCTION

NVESTIGATION of the changes of geoelectromagnetic
signals for the purpose of earthquake prediction is
carried out in United States, Russia, Japan, China, Italian,
Bulgaria, and other countries. Among the different
methods presented, the study of anomalies in the behavior
of the geoelectromagnetic field has attracted most of the
attention and over the last two decades geoelectrical
measurements over a broad frequency range have been
carried out. Detected signals vary in duration pattern,
having specific features and spectral characteristics. There
is strong evidence that anomalous changes of the
geoelectromagnetic field take place prior to strong earthquakes and great effort has been made to correlate this
activity
with
the
impending
earthquakes.
Geoelectromagnetic precursors to earthquakes have been
reported by a number of researchers, raising hopes that
prediction of damaging earthquakes might be possible [17].
Among the most extensive and promising reports of
precursor electromagnetic signals are the observations of
the Long-Term Geoelectric Potential (LTGP). An
earthquake is not an instantaneous phenomenon; it is
accompanied with preseismic geotectonic variations,
therefore a possible correlation of the behavior of the
LTGP and an oncoming earthquake is of great importance.
Recently, Hayakawa [8], Uyeda [9] and Telesca [10,11]
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proposed a fractal analysis of Ultra Low-Frequency
geoelectric data showing that strong earthquakes were
preceded by a decrease of the spectral power-law
exponent approaching unity.
In this work higher-order spectra are employed in order
to detect nonlinearities [12] in geolectric signals. This step
is being followed by locating the nonlinear components
(in the Fourier domain) and quantification of these
components. In particular, the bispectrum, that is the
Fourier transform of the third order cumulant or moment,
is employed for detection of non-linearities [13-14]. The
bicoherence function, a normalized version of the
bispectrum, is used to determine the energy due to
nonlinear interactions. Finally, the well-known Hinich
hypothesis testing is used to verify the previous results
[15-16]. The data presented in this paper have been
collected during a ten-year (1993-2002) independent
experimental investigation at the Earthquake Prediction
Section of the University of Patras Seismological
Laboratory (UPSL). During the period 1993-2002 several
destructive earthquakes occurred in Western Greece, a
territory with the highest seismic activity in Europe.
The rest of this paper is organized as follows. In Section
2 the acquisition system along with the data are described.
Section 3 provides the necessary theoretical background
for data analysis. Results including a short discussion are
presented in Section 4. Finally, the conclusions are drawn
in Section 5.
II. LTGP ACQUISITION SYSTEM
In this system the monitoring of the geoelectric
potential difference is achieved by one set of dipoles
arranged in short as well as long distances. This dipole
makes use of Pb-PbCl2 electrodes. The set has an electrode
separation of 100m and direction E-W. The dipole is
located at the outskirts of the University of Patras, in Rio,
in a rather quiet countryside and is based in Pleistocene
compact conglomerates. The exact geographical position
of the station can be found in Figure 1(a). The signal
produced by this dipole is initially directed to an electronic
VAN device. Afterwards, it is directed to an A/D
converter, which samples and digitizes the signal at a rate
of 3 samples/min. The converter is connected to an
ordinary PC for monitoring and processing the signal. This
channel is also connected to a pen-recorder and a graph
paper illustrates continuously the changes in the area. The
obtained electro-telluric signal is transmitted via a
dedicated line to the control room. The channel signal is
anti-alias filtered with a 30Hz Butterworth low-pass filter
sampled at 100Hz and converted to digital form with a 32bit resolution that is depicted in Figure 1(b).

Reported electromagnetic precursor signals appear to
have a wide range of time duration, amplitude level and
spectral characteristics. The parameters, which are
measured continuously with the above data acquisition
system, are the long time variations of the geoelectrical
potential. The digitization rate for observing long time
variations in our station is set at 1sample/hr. Thus,
approximately 86800 data (points) have been obtained
during the period 1993-2002.

the power spectrum in the frequency ω1 . In [17], a
normalized version of the bispectrum, the bicoherence
function was introduced
P (ω1 , ω 2 ) =

| B (ω1 , ω 2 ) | 2
S(ω1 ) S(ω 2 ) S(ω1 +ω 2 )

(2)

It has similar symmetry properties with the bispectrum and
it can be employed to quantify the degree of non-linearity
and phase coupling in the bifrequency (ω1 , ω 2 ) .
The Gaussianity (non-skewness test) and linearity
properties of the signal are examined employing the
statistical test proposed by Hinich [15]:
S (ω1 , ω 2 ) =| b(ω1 , ω 2 ) |2 =
=
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Figure 1: (a) Epicenters of the major earthquakes in
Western Greece during the period 1993-2002 and (b) the
observed geoelectrical signal for the same period.

| B (ω1 , ω 2 ) |2
P(ω1 ) P(ω 2 ) P (ω1 + ω 2 )

(3)

It has been proved [15] that if a process has zero
bispectrum, the statistic S is central chi-square distributed
with 2K degrees of freedom. For nonzero bispectrum this
statistic follows the non-central chi-square PDF with 2K
degrees of freedom. We can decide with certainty that a
signal is Gaussian distributed (equivalent S is central χ2
with 2K degrees of freedom) if most of the population of
the central χ2 - PDF with 2K degrees of freedom is larger
than the observed S. On the other hand, if the observed
statistic S is of the largest members of a central χ2 - PDF
then we have to reject Gaussian hypothesis for the signal
y(n). This certainty is expressed as the probability of false
alarm Pfa.
If we are confident that the data are not Gaussian (nonzero bispectrum) the next step is to examine if they are
nonlinear. If the data are linear we expect the bicoherence
to be constant over all frequencies. This constant value
can be estimated using the mean value λ of the
bicoherence. The squared bicoherence in (3) is chisquared distributed with two degrees of freedom and noncentrality parameter λ. The sample inter-quantile range R,
of the squared bicoherence can be estimated and compared
with the theoretical inter-quantile range for a chi-square
distribution with two degrees of freedom and noncentrality parameter λ. If the estimated inter-quantile range
Rest is much larger or far smaller than the theoretical value
Rtheor, then we should assume that the signal has
undergone a nonlinear process.

III. THIRD-ORDER SPECTRA AND HYPOTHESIS TESTING
The bispectrum is usually defined as the Fourier transform
of the third-order cumulant in accordance with the
definition of the power spectrum:
+∞

B (ω1 , ω 2 ) =

+∞

∑ ∑ M 3X (n1, n2 )e − j(ω n +ω n )
1 1

2 2

(1)

n1 = −∞ n 2 = −∞

where

M 3X (n1 , n 2 ) = E{ X (i ) X (i + n1 ) X (i + n2 )} .

The term

bifrequency is used to denote the pair (ω1 , ω 2 ) . The
estimation of the bispectrum function is based on the
symmetry relationships derived from its definition in (1).
For a Gaussian process the bispectrum function is zero
over all frequencies, since its third-order moment is zero.
A large value of the bispectrum function in the
bifrequency (ω1 , ω1 ) may be caused by a large value of

IV. EXPERIMENTAL RESULTS
The first step in the spectral statistical analysis is to
derive the power spectrum of the geoelectric signal. The
power spectral density is estimated using the periodogram
method for overlapping segments of 1024 samples and the
result is depicted in Figure 2. The normalized frequency
corresponds to 1024 samples that is 1024 hours in the
temporal domain. The estimated power spectrum reveals a
large number of peaks. The first peak is approximately in
the normalized frequency 0.042 and corresponds to oneday time. The remaining observed peaks are in multiples
of this basic frequency.
The next step is to employ third-order spectra in order
to explore the phase coupling and the possible non-linear
mechanism that produces these frequency components.
The bispectrum function is estimated and plotted in Figure

3. The mean value of the bispectrum is equal to 4156 and
obviously non-zero. This implies that the signal is nonGaussian and the bicoherence function should be used to
quantify the phase coupling. The bicoherence estimate is
presented in Figure 4 while in Figure 5 a contour plot of
the low frequencies is presented.
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Figure 5: Low frequencies bicoherence for the geoelectric
signal.
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The bicoherence function reveals a significant amount
of phase coupling over all frequencies as is obvious from
Figure 4. Moreover, in the low frequencies, Figure 5, there
is a phase coupling relationship in the bifrequency (0.025,
0.015). That is an interesting result, since there is no
significant peak for those frequencies in the power
spectrum. Moreover, the normalized frequency 0.042
observed in the power spectrum may be caused by phase
coupling of the above frequencies.
Finally, the Hinich hypothesis testing is employed to
verify the above results. The value of Pfa for the
geolectrical signal is 0.01 denoting a non-Gaussian
process. The estimated inter-quantile range Rest is 0.8
while the theoretical value Rtheor, is 7.07. Based on these
results we can verify that the signal has undergone a
nonlinear process.
V. CONCLUSIONS AND FUTURE WORK
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Figure 3: Bispectrum for the geoelectric signal.
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Figure 4: Bicoherence for the geoelectric signal.

A higher-order spectral analysis based on the
bispectrum and the bicoherence function is employed in
this paper. The main purpose is to detect and quantify
nonlinearities that are present in geolectrical signals
observed in a region with high seismic activity over a long
period (1993-2002). Hinich hypothesis testing is used to
verify the results obtained from the estimation of the
bispectrum and the bicoherence function and reveals the
presence of nonlinear mechanisms in the generation of the
geolectric signals.
The nonlinear behavior of the geoelectric field probably
reveals a strong connection between the dynamic
mechanisms, governing the seismic and self-potential
phenomena. The evolution of the Earth’s crust toward the
self – organized criticality involves the formation of
fractal structures in the fault zone. The nonlinearity of the
geoelectric field indicates an increase of the degree of the
persistence of the seismic process.
The authors wish to extend their work in two different
aspects. Firstly, new channels will be processed in order to
apply our conclusions to these channels. In this way the
effect of different polarizations (East-West, North-South)
in the measurement of the geolectrical signal will be
examined. A different extension of this work may be the

proposition of a second order Volterra filter in order to
model the non-linear mechanism that generates the
geolectrical signal.
REFERENCES
[1] P. Varotsos and K. Alexopoulos, “Physical properties
of the variations of the electric field of the earth
preceding earthquakes I & II”, Tectonophysics, vol.
110, pp. 73-125, 1984.
[2] K. Meyer and R. Pirjola, “Anomalous electrotelluric
residuals prior to a large imminent earthquake in
Greece”, Tectonophysics, vol. 125, pp. 371-378,
1986.
[3] T. Kawase, S. Uyeda, M. Uyeshima and M.
Kinoshita, “Possible correlation between geoelectric
potential change in Izu-Oshima Island and earthquake
swarm off the East Izu Peninsula Japan”,
Tectonophysics, vol. 224, pp. 83-93, 1993.
[4] G-A. Tselentis and A. Ifantis, “Geoelectric variations
related to earthquakes observed during a 3-year
independent investigation”, Geophysical Research
Letters, vol. 23, pp. 1445-1448, 1996.
[5] D. Karakelian, S. Klemperer, A. Fraser-Smith and G
Beroza, “A Transportable System for Monitoring
Ultra low Frequency Electromagnetic Signals
Associated with Earthquakes”, Seismological
Research Letters, vol. 71, pp. 423-436, 2000.
[6] A. Ifantis, G. Economou and G. A. Tselentis,
“Experimental Investigation of Electrotelluric Field
Periodic Anomalies in Western Greece and their
Possible Relation to Seismicity during a Five – Year
Period”, Acta Geophysica Polonica, vol. 51 (3), pp.
291-305, 2003.
[7] G. Economou, A. Ifantis and D. Sindoukas,
“Multichannel distance filtering of seismic electric
signals”, Proc. EUSIPCO 1996, Trieste, Italy, Sept.
1996, pp. 10-13.
[8] M. Hayakawa, T. Ito and N. Smirnova, “Fractal
analysis of ULF geomagnetic data associated with the
Guam earthquake on August 8”, Geophysical
Research Letters, vol. 26, pp. 2797-2800, 1999.
[9] S. Uyeda, T. Nagao, Y. Orihara, T. Yamaguchi and I.
Takabashi, “Geoelectric potential changes: possible
precursors to earthquakes”, Proc. US Nat. Acad. Sci.
97, pp. 4561-4566, 2000.
[10] L. Telesca, V. Cuomo, V. Lapenna and M. Macchiato,
“Identifying space-time clustering properties of the
1983-1997 Irpinia-Basilicata (Southern Italy)
seismicity”, Tectonophysics, vol. 330, pp. 93-102,
2000.
[11] L. Telesca, V. Cuomo, V. Lapenna, “A new approach
to investigate the correlation between geoelectrical
time fluctuations and earthquakes in a seismic area of
southern Italy”, Geophysical Research Letters, vol.
28(23), pp. 4375-4378, 2001.
[12] C.L. Nikias and J.M. Mendel, “Signal processing with
higher-order spectra”, IEEE Signal Processing
Magazine, vol. 10, pp. 10-37, 1993.
[13] A. Petropulu and C.L. Nikias, “The complex cepstrum
and bispectrum: analytic performance evaluation in
the presence of Gaussian noise”, IEEE Trans. Acoust.

Speech and Signal Process., vol. 38, pp. 1246-1256,
1990.
[14] J.-M. Le Gaillec and R. Garello, “Comparison of
statistical indices using third order statistics for
nonlinearity detection”, Signal Processing, vol. 84,
pp. 499-525, 2004.
[15] M. Hinich, “Testing for Gaussianity and linearity of a
stationary time series”, Journal of Time Series
Analysis, vol. 3, pp. 169-176, 1982.
[16] T. Subba Rao and M.M. Gabr, “A test for linearity of
time series analysis”, Journal of Time Series Analysis,
vol. 1, pp. 145-158, 1980.
[17] D.R. Brillinger, “An introduction to polyspectra”,
Ann. Math. Stat., vol. 36, pp. 1351-1374, 1967.

New Experimental Data Reveal Possible Relation of Chaotic
Behavior of the Long-Term Geoelectric Potential Difference to
Seismic Activity in Western Greece
Apostolos Ifantis
Control Systems and Signals Laboratory, Department of Electrical Engineering,
Technological Educational Institute of Patras, Patras 26334, Greece, Email:
ifantisa@teipat.gr
Seismological Laboratory, Department of Geology, University of Patras, Patras 26500,
Greece, Email: ifantis@geology.upatras.gr

Konstantine Giannakopoulos
Electronics Laboratory, Department of Physics, University of Patras, Patras 26500, Greece,
Email: kgian1@physics.upatras.gr
Abstract
Observations of the long-term geoelectric potential difference are presented in this paper. The data
have been collected during a six-year (1998-2003) experimental investigation. This paper constitutes a
continuation of a previously published work with five-year (1993-1997) experimental data. For the creation
of the data, an automatic system for collection of geoelectric measurements operates at the Seismological
Laboratory of the University of Patras. The analysis of the data using the Lyapunov exponents and the
Takens estimator confirm their quite chaotic behavior. The Lyapunov exponents have also been calculated
for short periods of fifteen days, ten days before and five days after the earthquakes occurred during this
six-year period. The study of the resulting Lyapunov spectrums leads to a possible change of the Lyapunov
spectrum prior to an earthquake.

Keywords: Chaos, long-term geoelectric potential difference, Lyapunov exponents, Takens estimator
1. Introduction
Over the years many researchers have
studied the correlation between the change in
value of a certain physical parameter and the
occurrence of an earthquake. Among the
different methods under investigation, the study
of anomalies in the behavior of the
geoelectromagnetic field has attracted most of
the attention and over the last three decades
electrical measurements over a broad frequency
range have been carried out. There is strong
evidence that anomalous changes of the
geoelectromagnetic field take place prior to
strong earthquakes and a lot of attempts have
been made to correlate this activity with the
impending
earthquakes.
Electromagnetic

precursors to earthquakes have been reported by
a number of researchers, raising hopes that
prediction of damaging earthquakes might be
possible [1-3].
Among the most extensive and promising
reports of precursor electromagnetic signals are
the observations of the long-term geoelectric
potential (LTGP). The data presented in this
paper have been collected during a six-year
(1998-2003)
independent
experimental
investigation at the Seismological Center of the
University of Patras. These data constitute the
second part of an eleven-year (1993-2003)
observation. The authors have studied and
published the first part of the data (1993-1997)
in [4]. The recorded signals are gradual
variations of the electric field (GVEF), periodic

variations of the electric field (PVEF) as well as
seismic electric signals (SES), which are
transient variations of the electrotelluric field
[5].
To the authors knowledge it has not been
reported before in the open literature such a
large amount of data dealing with seismic
activity except [4]. During the period 19932003 several destructive earthquakes have
occurred in Western Greece, a territory with the
highest seismic activity in Europe.
The analysis of the first part of the data
(1993-1997) [4] by means of Lyapunov
exponents (LEs) has shown a quite chaotic
behavior of the electric field preceding strong
earthquakes in this region. The present analysis
of the second part of the data (1998-2003) by
means of LEs and Takens estimator confirms
the previous results. The calculation of LEs for
short periods of fifteen days, i.e. ten days before
and five days after the earthquakes that have
been occurred, reveal some interesting results
concerning the change of the chaotic behavior
prior to an earthquake in accordance with [4].

2. LTGP Acquisition System
The measurement of the geoelectric field is
relatively simple, sensing the geoelectric
potential difference between pairs of electrodes
placed in the ground at specific locations.
Current explanation of the electrical precursors
includes the piezoelectric effect of quartz
contained within the rocks and fluid flow due to
the application of stress, causing the
redistribution of pore fluids.
In this system the monitoring of the
geoelectric potential difference is achieved by
five sets of dipoles arranged in short as well as
long distances (Fig. 1). The acquisition system
in [4] contained only four sets of dipoles. One
new set has been added since 1999. So, the four
old sets have produced six-year (1998-2003)
data while the new one has produced five-year
(1999-2003) data. Two sets have an electrode
separation of 100m and are adjusted towards
the N-S (ch0) and E-W (ch1) one perpendicular
to each other. The third set (ch2) has an
electrode separation of 300m and is directed

towards the NE-SW. The fourth one has an
electrode separation of 3000m in the direction
NW-SE (ch4). The new set has an electrode
separation of 500m in the direction NW-SE
(ch5).

Fig. 1 LTGP acquisition system

3. Observed Signals
The parameters that are measured
continuously with the above data acquisition
system are the long time variations. Long time
variations are taken as anomalies of the
geoelectric potential with duration of three to
ten days and are observed two to four weeks
prior to an earthquake occurrence [1]. The
digitization rate for observing long time
variations in our station is set at 1sample/hr. So,
during the period 1998-2003 we have obtained
52584 data (points).

Fig. 2 Geoelectric potential difference for ch0

The geoelectric potential difference that has
been
monitored
during
the
six-year
investigation (1998-2003) is presented in Fig.
2-6 for each channel.

The major earthquakes (>4.8Ms), occurred
during this period, are shown in Fig. 7. Table 1
gives more details about these earthquakes
while Fig. 8 presents the exact epicenters in the
area of Western Greece. The earthquakes that
we have focused our attention on, are No.1 of
medium magnitude and distant epicenter in
Strofades islands, No.9, a strong and distant one
north of Leukada island, No.11 of medium
magnitude and relative distant epicenter in
Kiparissia town, No.13 and No.14, which
devastated the village of Bartholomio near to
Pirgos city and No.16-19, which destroyed the
Leukada island.

Fig. 3 Geoelectric potential difference for ch1

Fig. 4 Geoelectric potential difference for ch2

Fig. 5 Geoelectric potential difference for ch4

Fig. 6 Geoelectric potential difference for ch5

Fig. 7 Major earthquakes (>4.8MS) in Western
Greece during the period 1998-2003
No.

Date

Magnitude

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19

10/01/98
01/05/98
16/07/98
06/10/98
08/10/98
07/06/99
11/06/99
04/11/99
26/05/00
25/07/00
16/09/01
28/07/02
14/09/02
02/12/02
29/04/03
14/08/03
14/08/03
14/08/03
14/08/03

5.2
4.8
5.1
5.2
5.2
4.8
5.1
4.9
5.3
4.8
5.2
4.9
4.8
5.3
5.0
5.9
4.9
5.1
5.2

Distance
(km)
153
163
112
129
139
143
95
97
123
104
107
96
78
73
156
117
120
108
108

Depth
(km)
5
5
5
5
5
5
58
12
5
5
5
19
8
17
67
12
14
8
9

Table 1 Major earthquakes that occurred in
Western Greece during the period 1998-2003

The chaotic behavior of the observed
signals has been confirmed by means of
TSTOOL [11]. It is a software package
implemented mainly in Matlab. The dominant
LE and the Takens estimator have been
estimated for each channel. Table 2 summarizes
all the estimated dominant LEs and Takens
estimators for all the cases.
Channel
Ch0
Ch1
Ch2
Ch4
Ch5

Fig. 8 Epicenters of the major earthquakes in
Western Greece during the period 1998-2003

4. Confirmation
Observed Signals

of

Chaos

in

the

A chaotic system must contract in some
directions and expand in others with the
contraction outweighing the expansion [6].
Lyapunov exponents (LEs) [6] are used to
quantity the expansion and contraction
occurring in a dynamical system. The largest
(dominant) LE is the most important. A strange
attractor is distinguished from the other types of
attractor by the existence of at least one positive
LE.
In order to calculate the LEs of the
experimental data, time delay reconstruction
has been performed [7]. Delay reconstruction
builds an n-dimensional orbit out of a time
series once we select two parameters: the
embedding dimension and the time delay.
In order to determine good settings for
delay reconstruction, the autocorrelation
function and mutual information function [8]
are used to find a good choice of delay time,
and Cao’s method [9] to find a good choice of
embedding dimension.
Another way to confirm the chaotic
behavior of the experimental data is the
calculation of the correlation dimension by
means of Takens estimator [10]. The strange
attractors have in general a non-integer
dimension.

Dominant LE
+4.742
+5.012
+3.679
+3.419
+2.891

Takens estimator
1.4280
1.5127
1.6679
1.5118
1.0902

Table 2 LEs and Takens estimators for all the
channels
The results from Table 3 make obvious the
fact that all the signals from all the channels are
quite chaotic as they have a positive dominant
LE and a non-integer Takens estimator in
accordance with [4].

5. Changes of Chaotic Behavior of the
Observed Signals and Results
In order to investigate in detail the possible
relation of the changes of chaotic behavior of
the observed signals to some earthquakes, the
dominant LEs have been estimated for many
different short periods prior to and after the
occurrence of each earthquake. The estimations
that are presented here are for short periods of
24 hours for ten days before and five days after
the occurrence of each earthquake. Also, we
have calculated the average of the dominant
LEs as well as the intermediate of them
considering either four channels (ch0, ch1, ch2
and ch4) or all the five channels. The average
and intermediate dominant LEs and some of the
estimated dominant LEs are plotted in Fig. 918.
In [4], it was concluded that strong
earthquakes, with close epicenter to the
observation station, present an increasing
fluctuation of the LE values before the
occurrence of the earthquake and after the
earthquake this value diminishes. In the present
work, we have obtained similar results.

Fig. 9 Dominant LEs of ch0 and ch1 for No.14

Fig. 13 Intermediate Dominant LEs for No.14

Fig. 10 Dominant LEs of ch2 and ch4 for No.14

Fig. 14 Average Dominant LEs for No.16-19

Fig. 11 Dominant LE of ch5 for No.14

Fig. 15 Intermediate Dominant LE for No.16-19

Fig. 12 Average Dominant LEs for No.14

Fig. 16 Intermediate Dominant LEs for No.9

due to the evolution of the earth’s crust towards
the self-organization at the critical point and
involves the formation of fractal structures in
the fault zone [12].
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A pattern recognition based approach is taken in examining single-channel Long Term Geoelectric Potential
difference data recorded during 1998-2003 in Western Greece, and attempting to enhance possible features of the
signal that may be correlated to the seismic activity of the region. A set of features is extracted from 24-hour
segments of the signal, analyzed and partitioned using an unsupervised procedure. Study of the properties of the
resulting clusters lead to the selection of features that appear correlated to low as well as high magnitude seismic
activity observed in the period.
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1. Introduction.
Several approaches have been used in past years by researchers attempting to correlate
changes in geophysical parameters with earthquake phenomena. In particular, many works
investigate the possible connection of Geoelectric Field (Long and Sort Term Geoelectric
Potential) variations to seismic activity [1-14]. In this work, we investigate the application of
pattern recognition tools in the discovery and enhancement of such possible correlations
between data recorded during six-years (1998-2003) of Long Term Geoelectric Potential
(LTGP) acquisition and the seismic activity observed in Western Greece during the same
period. The geographical area studied is a territory with very high seismic activity, where 19
major seismic events of magnitude ≥ 4.8Ms and almost 4500 seismic events of magnitude ≥
3Ms took place during the six years examined. The data acquisition system used operates
continuously for the past 15 years at the Seismological Laboratory of the University of Patras,
while the seismic activity data has been obtained by the National Observatory of Athens. The
LTGP signal contains interesting information potentially relevant to the seismic events of the
period. We separate the six-year LTGP signal into consecutive segments of 24-hour (single
day) continuous data; characteristics (features) are extracted from these segments, selected,

and then classified using pattern recognition techniques. Similar approaches have been
successfully used in various applications [15-17] and also prove suitable in exploring data of
this type, producing interesting results which are also shown in this study. The features, which
are extracted from time and frequency domains, undergo a correlation matrix based selection
process, are projected to principal component axes, and classified using an unsupervised
clustering method. Cluster properties in the resulting partitioning are associated to major
seismic events and then analyzed leading to a possible correlation of particular signal features
with the overall seismic activity of the region, including events of lesser magnitude.

2. LTGP Data Acquisition System and Seismic Activity.
LTGP data consists of potential difference measured between pairs of electrodes placed in the
ground at specific location and distance. The electric field is continuously monitored, usually
in two perpendicular directions (N-S and E-W), by an appropriate number of electrodes. In
the system used here, monitoring of the LTGP potential difference is performed by a total of
four sets (or channels) of dipoles using Pb-PbCl2 electrodes and arranged in short as well as
long distances (Figure 1). Two of the sets have electrode separation distance of 100m and are
directed towards the N-S (channel 0) and E-W (channel 1) respectively. The third set (channel
2) has an electrode separation of 300m and is directed towards the NE-SW direction, while
the fourth set (channel 4) has an electrode separation of 3000m and placed in the NW-SE
direction. The dipoles are located on the outskirts of the University of Patras, in Rio (marked
STATION in Figure 3), in a rather quiet countryside and are enclosed in Pleistocene compact
conglomerates. The six-year (1998-2003) LTGP data used in this study consists of 52560
values per channel, with each value corresponding to an hour of data acquisition and being the
average of 180 actual samples taken hourly. Since this analysis focuses on the evaluation of
potentially useful features that could be extracted from the signal, only data from a single
channel (channel 0, directed N-S) is presented here. The obtained channel 0 LTGP signal
appears in Figure 2(a), with vertical axis showing the potential in mV while the horizontal
axis is the time offset in hours from 00:00 GMT of 1/1/1998. Since correlation of this data to
seismic activity is to be investigated, Figure 2(b) illustrates the major seismic events with
magnitude ≥ 4.8 Ms that occurred at the time, with the vertical axis being the magnitude of

earthquakes in the Richter scale. Details of these major seismic events are listed in Table 1,
while their epicenters appear in Figure 3. It should be noted that event 16 is the largest of a
series of major seismic events (16 to 19) which occurred on the same day and geographical
location, marked by the epicenter of event 16 on the map of Figure 3.
Event
#

DATE

TIME (GMT)

LAT (N)

LONG
(E)

DEPTH
(km)

MAGNITUDE

1

Days
(offset
from
1/1/98)
9

10/01/1998

19 21 54.3

37.12

20.73

5

5.2

2

120

01/05/1998

04 00 8.1

37.20

20.43

5

4.8

3

196

16/07/1998

17 29 16.7

38.66

20.56

5

5.1

4

278

06/10/1998

12 27 43.3

37.19

21.13

5

5.2

5

280

08/10/1998

03 50 17.1

37.79

20.27

5

5.2

6

522

07/06/1999

23 55 12.9

37.18

20.83

5

4.8

7

526

11/06/1999

07 50 15.4

37.56

21.11

58

5.1

8

672

04/11/1999

02 08 11.2

37.45

21.32

12

4.9

9

876

26/05/2000

01 28 22.0

38.91

20.58

5

5.3

10

936

25/07/2000

19 33 59.0

37.31

21.91

5

4.8

11

1354

16/09/2001

02 00 48.5

37.29

21.83

5

5.2

12

1669

28/07/2002

17 16 30.7

37.95

20.73

19

4.9

13

1717

14/09/2002

19 50 16.8

37.81

21.06

8

4.8

14

1796

02/12/2002

04 58 56.4

37.80

21.15

17

5.3

15

1944

29/04/2003

01 51 20.2

36.83

21.72

67

5.0

16

2051

14/08/2003

05 14 53.9

38.79

20.56

12

5.9

17

2051

14/08/2003

08 41 39.3

38.81

20.56

14

4.9

18

2051

14/08/2003

12 18 15.0

38.76

20.67

8

5.1

19

2051

14/08/2003

16 18 3.9

38.76

20.67

9

5.2

Table 1. Major seismic events (with magnitude ≥ 4.8Ms) occurring in Western Greece during 1998-2003.

The 19 major events in Table 1 are a small fraction of almost 4500 seismic events with
magnitude ≥ 3 Ms which took place in the region at the time. Figure 4 is a density plot of
these events, showing the number of events recorded per epicenter location, while Figure 5
illustrates the observed tendency for seismic events (with magnitude ≥ 3 Ms) over time. In
Figure 5a, the horizontal axis is time (shown as offset in days from 1/1/1998), while the
vertical axis shows the cumulative number of seismic events. As can be seen from this plot,
the rate in which seismic events occur is relative constant, besides small increases in the slope
of the line (i.e. higher rate of events) which usually occur after major events (shown as tabs in
the figure) due to post seismic activity. Figure 5b illustrates the tendency for seismic event
magnitudes by plotting the cumulative magnitude exponent (ME) of each earthquake
observed. Since magnitude is recorded on a logarithmic scale, we define magnitude exponent
(ME) as 10magnitude of each event and display this value to emphasize the variation of observed

activity. As expected, large increases in the slope of the line (i.e. increased totals of
magnitudes) usually take place when major seismic events occur along with their post seismic
activity. The magnitude exponent is also used in the analysis later on.

3. LTGP Data Preprocessing and Feature Extraction.
The 52560 LTGP data values of Channel 0 (each corresponding to an hour of data
acquisition) are separated into 2190 data segments consisting of 24 consecutive data values
(each corresponding to a day). The mean data value of each segment is computed, and all data
values of a segment are replaced by their difference from the mean value of the previous
segment. To maintain consistency, this simple high pass filtering step results in the removal of
the first segment from further analysis. Fourteen simple characteristics (or features) of each
segment are extracted for each of the remaining 2189 segments. The features, listed in Table
2, are computed from both time and frequency domains, and the resulting values are used to
represent the segment (i.e. day of LTGP data acquisition) in further processing. Features 0 to
10 are based on the segment’s power spectrum, estimated by taking the 512-point Discrete
Fourier Transform (DFT) of the segment and performing array multiplication between the
transform and its complex conjugate (and dividing by 512). The resulting 512 values are
symmetric and thus only the first 257 values are kept, indicating measurement of the power at
various frequencies. The peaks of the power spectrum (frequencies with most power) are
identified and counted resulting to Feature 0. The frequencies of the first and second peaks
become feature 1 and 2 respectively, while feature 9 is their ratio. Frequency and power
information is also recorded for the peaks with most, second most, and least power, creating
Features 3 to 8. Feature 10 is the total power found in all frequencies. Features 11, 12, and 13
are taken from time domain and represent the number of times the signal crosses the
segment’s mean value, the range of the values in the segment, and the sum of the absolute
value of all differences between each value in the segment from the previous one. The entire
process is automated and results in a 2189 x 14 dataset, with each of the 2189 days of LTGP
data acquisition being represented by the corresponding values of the 14 features.

#

Feature
Name

Feature Description

Feature
Domain

0

NP

Number of peaks in the segment’s power spectrum.

Freq.

1

PFRE1

1st frequency peak in the power spectrum

Freq.

2

PFRE2

2nd frequency peak in the power spectrum

Freq.

3

PMFRE1

Main frequency (the frequency with most power)

Freq.

4

PMPOW1

Power at main frequency. Equals to range of powers in the power
spectrum.

Freq.

5

PMFRE2

Frequency with 2nd highest power.

Freq.

6

PMPOW2

Power at frequency with 2nd highest power.

Freq.

7

PMFREL

Frequency peak with least power

Freq.

8

PMPOWL

Power at frequency peak with least power.

Freq.

9

PRRA

Ratio of PFRE1 over PFRE2

Freq.

10

PALL

Total power at all frequencies

Freq.

11

MXNS

Total count of signal crossing its mean level

Time

12

DRANGE

Data range

Time

13

ABSVDF

Sum of all absolute values of differences between sample at time t and
sample at t-1

Time

Table 2. Features computed for each LTGP data segment.

Next, correlation hierarchy is used to (a) visualize the degree in which the data of individual
features is correlated, and (b) determine if a feature is correlated to the recorded seismic
activity of the day (to the ME value of the day, as used in Figure 5b). For this, dataset features
and corresponding ME daily totals are introduced to a feature correlation method, a classic
way to determine the degree of dependence between random variables [18] [19]. The method
performs hierarchical clustering of the variables using data from their correlation matrix as the
distance measure. Initially all variables are considered independent entities whose distance
matrix contains the absolute value of their respective correlation coefficients, and the
variables are then iteratively linked together in groups of decreasing correlation. During the
grouping step, the distance matrix is adjusted (and reduced) to reflect the changes, i.e. to
accommodate the replacement of the merged entities (variables or existing groups of
variables) by the single newly formed group. A complete linkage approach is used here, with

the group inheriting the minimum value (least correlation) of the items to be merged with the
remaining entities. The result, a correlation hierarchy between the data found in the variables,
is presented in Figure 6 with more dependant variables linked closer to the top. From the plot
one can conclude the following about the data at hand: (a) the data found in some features
indeed appears correlated, and (b) as expected, data of no feature appears particularly
correlated to the magnitude exponent of the same day. Based on Figure 6 and setting a
correlation threshold of ≈0.35, features 2, 5, 6, 8, 9, 10, 11, and 13 are removed from the
dataset, leaving a set containing features 0, 1, 3, 4, 7 and 12 (selected for their physical
meaning from branches A, B, C and D of Figure 6). In terms of dimensionality, the produced
2189 x 6 dataset eases the analysis of daily LTGP data to a rather manageable space. However
a final preprocessing step, Principal Component correlation Analysis (PCA) [18] [20], is
performed on the data; the method calculates the eigenvectors of covariance matrix to expose
a set of new orthogonal axes on which the data reaches maximum variance; the data is then
projected to these new axes. The process also normalizes the data and allows further removal
of the least significant axes (where data exposes least variance). Since the features were
already selected for low correlation, only one axis is removed after the projection, resulting in
a new dataset of size 2189 x 5 and 93.67% degree of fit to the non-projected data.

4. Clustering Analysis.
PCA also aids visualization of possible structures in the data. However visual inspection of
the given dataset reveals no obvious structures, so a clustering method is employed to group
together days with similar signal characteristics (occupying the same region of the 5-d space).
Since no assumption on the optimal number of such clusters can be made, the method is to be
executed for a variable number of classes and the final partitioning be selected based on some
suitable evaluation criteria. A popular and well-known clustering algorithm, k-means [21]
[22], is employed on the 2189 x 5 PCA-projected data. The method classifies input vectors
using a 1- nearest neighbor classifier (1-NNC), Euclidean distance metric, and a set of cluster
reference vectors (centers) it determines during an iterative encoding process. When
encoding, all data is partitioned using the current reference vectors which are then replaced by
the mean vector of each produced cluster. Doing so, k-means aims to minimize of the sum of

squared distances between elements and the center of each cluster. The method is usually
initialized with random reference vectors, causing variable classification performance.
However, a deterministic variation is applied here (similar to the schema used in [16]),
initializing cluster reference vectors from a collection of pre-selected data vectors. The first
reference vector to be used for initialization is the data vector closer to the mean vector of the
entire dataset. This vector is added it to an (initially empty) collection of initialization vectors.
Next, the data vector with the highest total distance to the one(s) in the collection is found and
added, and the process is repeated until the number of vectors in the collection equals to the
requested number of clusters. Once k-means is initialized, it is set to perform 1000 encoding
iterations. Furthermore, the entire k-means clustering process is repeated several times for
increasing desired number of clusters ranging from 2 to 20. Finally, the Davies-Bouldin index
(R-criterion) [23] is used to evaluate the 18 produced classifications. Calculated separately for
each partition, the criterion averages the worst values of an internal index produced for each
cluster taking into account a within class scatter measure as well as the distance and scatter of
all remaining clusters in the partition. Standard deviation is used here as the within class
(intra-set) distance measure [21], while between class (inter-set) distance is measured using
the Euclidian distance of the mean vectors of the two clusters. The returned index value is a
measure of cluster separation, independent of the requested number of classes, with lower
values implying better clustering. Compromising between a manageable number of classes
and a low Davies-Bouldin index value, the 4-class partitioning of the data was selected for
further examination. The partitioning splits the data (or days of LTGP data acquisition) into
Cluster 0 containing 27.9% of the data, Cluster 1 with 7.6%, Cluster 2 with most data
(62.5%), and Cluster 3 containing 2.0% of the data. Although the partitioning is produced
with the method operating on PCA-projected data (Figure 7), clusters can also be examined
on the original feature space to add physical meaning to the partitioning. Doing so, it appears
that Cluster 1 contains days with high PMFRE1 values, while Cluster 3 members expose
relatively high PMPOW1 readings. This last observation, which will be used later when
correlation to seismic information is discussed, can be seen from Figure 8 which plots the
partitioned data on two of the original features as well as Table 3 which lists the mean values
of selected original features per cluster.

Cluster

NP (Feat.0)

PMFRE1 (Feat.3)

PMPOW1 (Feat.4)

DRANGE (Feat.12)

0

11.0

5.6

3.9

4.5

1

7.2

119.0

2.2

16.4

2

7.2

18.2

10.6

16.8

3

7.7

11.3

238.0

59.0

All Data

8.2

22.3

12.6

14.2

Table 3. Mean values of selected original features on the 4 class k-means partitioning.

6. Results and Discussion.
To aid the discovery of possible correlations between the LTGP classes and co-occurring
seismic activity, the cumulative number of records of each cluster is plotted. The graph
(shown in Figure 9a) shows cluster sizes over time (vertical axis is cumulative number of
vectors per cluster, while horizontal axis is time as days offset from 1/1/1998). Figure 9b is
the same plot focused only on Cluster 3, along with marks (tabs) indicating the occurrence
and magnitude of major seismic events. Examining such plots is a subjective practice, so
several possible observations can be drawn from Figure 9. Focusing on Cluster 3 and Figure
9b, one may notice a possible correlation between the cluster data and seismic events 9, 10,
11, 15, or 16-19 since: (a) In the case of events 9 and 16-19, a period of rapid size increase
starts at the time of the events, indicating a possible link with post-seismic activity (see
sections A and G in Figure 9b). The events have adjacent epicenters located at Lefkada Island,
north-west of the acquisition station. (b) In the case of events 10, 11 and 15, the cluster seems
to grow in size until the event occurs, (see Figure 9b, sections A, C and E respectively),
followed by a period following the event when no new members are added to the cluster (see
Figure 9b, sections B, D and F respectively). The three events also happen to have adjacent
epicenters (mainland, south of the station) as can be seen from Figure 3. These observations
suggest a possible connection of the data placed in Cluster 3 to major seismic events
occurring north-west and south of the acquisition station. Given that Cluster 3 records are
characterized by above-average values on the PMPOW1 feature (i.e. days during which the
recorded LTGP signals have above-average power at the main frequency), the next conjecture
to be examined is a possible relationship of PMPOW1 to seismic activity. A plot of
cumulative PMPOW1 for all 2189 daily LTGP acquisitions is shown in Figure 10a. This plot
illustrates the accumulation, day per day, of power recorded at main frequency for each day of

LTGP data acquisition. Increases in slope indicate a series of days with signals of increased
power, while discontinuities (sudden steps upwards, marked A to F in Figure 10a) indicate
days with extremely high power. Comparison of such changes to those of the cumulative
magnitude exponent plot of Figure 5b, could lead to the identification of periods during which
changes in the seismic activity co-occur with changes in the LTGP data. While some
similarities in the trends exposed by the two curves are evident, especially after day 1500, in
other time periods such potential matches are difficult to identify. However, to properly
evaluate the results, one should be aware of some shortcomings resulting from the following
implicit properties of LTGP: (a) Assuming that geoelectrical fluctuations such are those
recorded by LTGP sensors are affected by processes that eventually lead to a seismic event,
including mechanisms that take place near the seismic event’s eventual epicenter, then
distance, route, direction and nature of the propagation path towards the sensor may affect the
results. Thus, events of similar magnitude are not expected to exhibit a pattern in the recorded
signal unless they have neighboring epicenters from the same geotectonic area. Sensors have
selective sensitivity to geographical areas [24], so minor seismic events may also have a
disproportional effect on the LTGP signal. (b) By construction, LTGP sensors should be more
sensitive to changes which take place along the direction of the dipole. Here only a single
channel (Channel 0) is used, placed in the N-S direction, therefore more sensitivity is
expected to LTGP variations occurring north or south of the station. These are in agreement to
the observations made earlier on the increase of Cluster 3, and further supported by examining
the time when some of the extreme LTGP values (marked A, F on Figure 10a) coincide with
major seismic events occurring north west of the acquisition station. On Figure 10a, sudden
steps upwards found on days 869 and 871 (marked A) were recorded before event 9 of Table
1, while those of days 2092, 2098, 2101, 2102, 2104 (marked F) were acquired after events
16-19. All these seismic events have neighboring epicenters located at Lefkada Island northwest of the station (Figure 3). This is an indication that the area does register on the examined
LTGP Channel 0, despite of distance, path and other such factors.
Focusing on the activity of the general geographical area where these events occurred (entire
area north of the station), Figure 10b is a cumulative plot showing the magnitude exponent of
all major and minor seismic events (with magnitude ≥ 3Ms) taking place during the examined

period and occurring in latitude > 38.5’N (between 38.5’N and 39.5’N). Examining the two
plots of Figure 10 reveals interesting co-occurring similarities (marked 1-8) between increases
of the recorded PMPOW1 (Figure 10a) and increases in the overall observed seismic activity
(Figure 10b). In the latter, while marks 1, 3, and 8 correspond to days of major seismic events
(3, 9, and 16-19 of Table 1), the remaining correspond to an increased rate or magnitude of
minor seismic events. Figure 11 emphasizes the tendency for slope increase (and thus feature
or seismic activity increase) that the two curves of Figure 10 exhibit. It displays, for each day,
the slope of the linear regression line through the next 60 cumulative values (or days) shown
in Figure 10, thus putting emphasis on similarities as well as differences between the two
curves. As can be seen from Figure 11, while the sudden slope increase caused by a strong
seismic event (seismic event 3 of Table 1, marked 1 on Figure 10b) coincides only with a
milder slope increase (also marked 1) on Figure 10a, the overall tendencies for increased
seismic activity or PMPOW1 readings are similar, especially so during the last third of the
examined time period which ended with a series of destructive earthquakes at Lefkada Island.
Finally, to further visualize the similarities, Figure 12 shows, per day, the slope of the linear
regression line through the actual values observed in the next 60 days, for both PMPOW1
feature (Figure 12a) and seismic activity (Figure 12b).

7. Conclusions.
In this work we use a pattern recognition based approach to investigate the existence of
possible temporal similarities of behavior between features of geoelectrical signal recordings
and overall observed seismic activity (major and minor seismic events).

A clustering

procedure is applied to the characteristics of all consecutive 24-hour LTGP signals recorded
in a six year period. Interpretation of the resulting partitioning helps identify a single signal
feature that appears be linked to seismic activity and, to a lesser degree, the geographical
region on which evaluation of results should be focused. The presented results indicate a
degree of correlation between the variation exposed by the selected LTGP feature and overall
seismic activity. This is possibly due to the evolution of the earth’s crust towards selforganization at the critical point, involving the formation of structures in the fault zone.
Results also indicate that the inclusion of minor (in addition to major) seismic activity

observations in any such study, although greatly increases the amount of information to be
processed, may lead to very interesting results that, used jointly with other seismic precursor
techniques, could help approach the difficult problem of short time earthquake prediction. It
is well understood, that further investigations are needed to quantify better the findings,
including the consideration of more LTGP channels, new features, more complex pattern
matching procedures, data from other time periods and active geotectonic areas. Data analysis
and pattern recognition tools will be invaluable aids in such investigation, which is pursued at
present.
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Figure 1. LTGP data acquisition system

(a)

Channel 0 LTGP Data

(b) Major Seismic Events (magnitude ≥ 4.8Ms)
Figure 2. Observed geoelectric and seismic activity (time period 1998-2003).

Figure 3. Epicenters of major seismic events (with magnitude ≥ 4.8Ms) occurring in Western
Greece during 1998-2003.

Figure 4. Number of seismic events per epicenter location. Events with magnitude ≥ 3Ms and
occurring in Western Greece during 1998-2003 are shown.

(a) Seismic events

(b) Magnitude exponent of seismic events
Figure 5. Cumulative number of seismic events and cumulative magnitude exponent vs. time.
Seismic events with magnitude ≥ 3Ms occurring in Western Greece during time period 19982003 are shown. Tabs indicate the 19 major seismic events with magnitude ≥ 4.8Ms.

Figure 6. Correlation between feature data in the Channel 0 LTGP signal of time period
1998-2003. Most correlated features are linked near the top.

Figure 7. LTGP data projected on principal component axes and clustered to 4 classes using
k-means. Each point represents a day of LTGP data acquisition in the time period 1998-2003.

Figure 8. Partitioning of LTGP data, shown using original features. Each point represents a
day of LTGP data acquisition in the time period 1998-2003.

(a) All clusters

(b) Cluster 3 and major seismic events.
Figure 9. Cluster size versus time (time period 1998-2003).

(a) PMPOW1 (power at main frequency of 24-hour LTGP data)

(b) Magnitude exponent of all seismic events ≥ 3Ms between 38.5’N and 39.5’N.
Figure 10. Cumulative plots (time period 1998-2003).

(a) PMPOW1 (power at main frequency of 24-hour LTGP data)

(b) Magnitude exponent of events between 38.5’N and 39.5’N
Figure 11. Slopes (based on cumulative values of next 60 days) versus time (time period
1998-2003).

(a) PMPOW1 (power at main frequency of 24-hour LTGP data)

(b) Magnitude exponent of events occurring between 38.5’N and 39.5’N
Figure 12. Slopes of the linear regression line through 60 data points (based on next 60 days)
versus time (time period 1998-2003).

