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Authors present a new approach to the clustering of descriptive-textual geological
data with the aim to identify geological objects. Data used for the research come from
the description of boreholes drilled in Lithuania and representing the Baltic Silurian
basin. The problems under study include data preparation for analysis, methods of
evaluating the number of clusters for Silurian data clustering, attribute elimination,
techniques for data clustering and uncertainty elimination. A comprehensive descrip-
tion of clustering results is presented by an expert of geology.

The proposed method of clustering is of general purpose and can be applied to data
that come also from any other domain alongside geology. Clustering results and their
interpretation presented in the paper can be used for the Lithuanian Silurian overview
only, because the identified rock types (clusters) strongly depend on the properties of
the primary dataset. Those properties include subjective nature, multiple authorship and
the unequal level of detailing.
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INTRODUCTION

Classical geology, for a long time being a rather qua-
litative than a quantitative science, is increasing its pa-
ce of using methods of data mining. Data mining algo-
rithms are valuable for their ability to extract the know-
ledge from statistical properties of data and show an
explosive growth in many applications (Thuraisingham,
1999), as well as in geology. The spread of computers
was the primary reason of explosive growth of data
analysis methods and computing tools in various topics
of Earth sciences (Davis, 2002). Nevertheless, geolo-
gists till now often base their analysis on original data,
not processed or mined. In many cases these data are
not as much computer friendly as analysts would like
to have. Most of historically collected borehole data in
Lithuania are represented as the large scale descriptive-

-textual databases (Geolis, 1991–2005; Litosfera, 1997–
2005), and in many cases these databases do not fit to
any data analysis method forthright. Even more, data
cannot be easily converted to a numeric or other pre-
cise format, therefore the sophisticated structuring me-
thods are needed. This article presents such a new pro-
cessing and structuring method, opening the way to
cluster initially textual-descriptive data, later categorical
data with an application to geological data.

INITIAL DATASET OF GEOLOGICAL DATA

The geological data used in this research were collect-
ed after drillings performed in Lithuania in the middle
of the 20th century in search of oil fields. Many volu-
mes of reports from those expensive drillings are now
stored at the Geological Survey of Lithuania (www.lgt.lt).
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Most of their texts are written in Russian as unstructu-
red texts. Starting from 1997, most of these volumes of
information have been partially put into MS Access
tables (in the framework of the state “Litosfera” pro-
gram). During this input, the process data were partial-
ly structured, namely the attributes of rock title, color,
texture, structure and others were indicated. The prima-
ry dataset consists of 54 boreholes, 4030 layers overall
(Litosfera, 1997–2005). Each layer is de-scribed with
35 lithological and palaentological parameters for pri-
mary and secondary rocks separately, plus 9 general
parameters for the entire layer (e. g., oil/gas collector
description, other rocks, contacts between rocks, upper
contact, etc.). These data describe Silurian layers of
Lithuania, the SE slope of the Silurian Baltic basin.
Silurian system is one of the most complete, thick and
best explored ones (Lithuanian Geology, 1994, p. 68)
in the Lithuanian cross-section. The amount of Silurian
data gives a possibility, on the one hand, to explore the
layers in detail and on the other hand show that special
methods of data analysis are desperately needed. Till
now those tables are used only as electronic dictiona-
ries to support decisions and analyses performed with
the use of different data, e. g., palaeontological, geo-
chemical, geophysical and others.

CATEGORICAL DATA

As defined in (Huang, 1997), let A
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finite and unordered, e. g., for any a, b∈ DOM(A
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),

either a = b or a ≠  b. Aj is called a categorical
attribute. W is a categorical space, if all A1, A2, …, Am
are categorical. A categorical domain defined here con-
tains only singletons. Though in the primary dataset we
have combinational values, just like in (Gowda, 1991),
later such values are not allowed. The same holds for
a special value denoted in (Huang, 1997) by ε, i. e.
defined in all categorical domains, and represents the
missing values; it is allowed in the primary dataset, but
later it is not defined.

Like in (Gowda, 1991), the categorical object X∈ W
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) is called a selector.

Like in (Huang, 1997), we consider that X is a vector
(x

1
, x

2
, …, x

m
) and every object in W has exactly m

attribute values.
Here and below in this article, like in (Davis, 2002,

p. 7), we introduce a binary-state domain that falls into
categorical attribute concept and indicates the presence
or absence of lithological, palaentological or other fe-
ature. Formally, a binary-state attribute is the categori-
cal attribute that has a domain containing flag value:

DOM(A
j
) = (1,0). Domain values can be defined as

TRUE-FALSE, YES-NO, ON-OFF, and so on. Here and
below we use (1,0) for binary-state domain values.

K-modes algorithm
K-modes algorithm (Huang, 1997) is a modification of
the well-known k-means clustering algorithm
(MacQueen, 1967; Anderberg, 1973), to cluster catego-
rical data. Formally, both clustering methods are based
on minimization of the functional
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where d is a dissimilarity measure, e.g. Euclidean dis-
tance in k-means algorithm. As defined above, the ca-
tegorical at,tribute has a much more limited set of ope-
rations, therefore the dissimilarity measure, like in
(Huang, 1997), could be defined as
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where X={X
1
, X

2
, …, X

n
}, d can be defined as (2). Q

is not necessarily an element of X and is composed of
the most frequent values (modes) of attributes in X.

Here we define the steps of the k-modes algorithm,
similarly as introduced in (Huang, 1997):

1) select k initial modes, one for each cluster,
2) allocate an object to the cluster whose mode is

the nearest to it according to d (2). Update the mode
of the cluster after each allocation by minimizing (4),

3) after all objects have been allocated to clusters,
retest the dissimilarity of objects against the current
modes. If an object is found such that its nearest mode
belongs to another cluster rather than its current one,
reallocate the object to that cluster and update the mo-
des of both clusters,

4) repeat 3 until no object has changed clusters af-
ter a full cycle test of the whole data set.

Like in k-means algorithm, the k-modes one also
produces locally the optimal solution which is depen-
dent on the initial modes and the order of objects in
the data set.

K-modes for binary-state values
The described k-modes clustering method fully meets
the needs of binary-state domain attributes, because those

,
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are categorical as well. But we would like to simplify
clustering operations by following the nature of the bi-
nary-state domain. The dissimilarity measure could be
defined as
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Like in (Pedrycz, 2005, p.3), in the Hamming dis-
tance the square could be changed to absolute value
brackets; this kind of k-means variation by (Bradley,
1997; Fung, 2001, p.11) is called k-median. The mode
of the set can be found by exceeding the threshold of
the related frequency:
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where T is a threshold of related frequency (in our
example we have used T=0.5), and it is being compa-
red with the relative frequency of the attribute.

Geological Dataset Preparation for Analysis
As stated above, the initial database of Lithuanian Si-
lurian lithological data has a descriptive-textual un-
structured nature and has to be prepared for clustering.
A brief example of initial Silurian data of rock descrip-
tion would be “clayey limestone” for “rock title”, “grey
with greenish shade” for “rock color” and so on;
35 textual descriptive attributes in total. Eleven attribu-
tes that describe separately the primary and secondary
rock of the layer have been chosen for further analysis.
In this article, we will concentrate on individual rock
samples and will not pay attention either it was initial-
ly taken from the primary or from the secondary rock
of the layer and in what part of the country and how
deep the drillings where made.

Formally, a record in the database represents a rock
R. R is defined by or is composed of a finite number
m of attributes A (in our case m = 11)
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terms from all attribute domains now become individu-
al attributes. The newly constructed attributes are rep-
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attributes (our experi-

mental Silurian transformed dataset consists of 205 at-

tributes). The R attribute j
it  value equals 1, if the term

j
it appears in A

j
 of R, and if 

j
it  equals 0 – the feature

j
it  is absent in A

j
 of R. The new attributes have been

named by concatenating the name of the initial attribu-

te A
j
, dollar sign ($) and the term j

it , e. g. “title$limes-
tone”, “title$clayey”, “color$grey”, “color$greenish” and
so on.

This newly created dataset has exploded in dimen-
sionality but, on the other hand, it has drastically redu-
ced the complexity of attribute domains. Later in this
paper we will show the technique of dimensionality
reduction, which is very common to data mining.

Number of clusters
Initially we did not keep on any of available Baltic
Silurian basin models (Нестор, Эйнасто 1977; Bra-
zauskas, 1993), so it is said that the number of clus-
ters, i. e. rock classes, is not known. We follow the
non-parametric clustering approach as in (Fung, 2001,
p. 14) where the number of clusters or groups can be
determined as a function of some merging threshold.
To describe the method of finding the number of clus-
ters, we have to introduce two concepts of sums of
dissimilarities, which are used in many data analyses,
especially in clustering applications (Barr, 2004; Pribyl,
Jain 1997; Zvika, 2004) that are also related to some
other case grouping methods. We introduce local (or
like in (Barr 2004) within-cluster) and global dissimi-
larities: local dissimilarity is a sum of dissimilarities
between the cluster mode and observations inside a clus-
ter; global dissimilarity is a sum of all cluster local
dissimilarities. In the best case, the global dissimilarity
measure would represent a global optimum of the da-
taset for a given number of clusters.

Here we have to note that as initial modes k of k
clusters, k distinct random records from the dataset ha-
ve been chosen. As (Huang, 1997; Fung, 2001, p.11)
and many others emphasize, k-means as a technique
behavior and the final k cluster centers strongly depend
on the initial ones. So, by applying the modified
k-modes algorithm to a dataset we have produced a
number of results. Those are shown in Fig. 1: the up-
per line shows global dissimilarity measure and the
lower one indicates the average local dissimilarity
measure calculated by dividing the upper line by the
number of clusters. The calculated power trends are
very close to the actual values: R2 equals 0.965 for
global and 0.999 for average local.

It is trivial to note that a local dissimilarity varies
from the sum of dissimilarities of all observations to
the mode of the set (k = 1) to 0, where k equals to
distinct attribute combinations of the dataset (in the
worst case k = n). This kind of approach is met in
hierarchical clustering, e. g. (Fung, 2001, p.14; Rapševi-
čius, 2001) where the number of clusters could be de-
termined by a threshold: if a threshold equals zero, the
number of clusters is equal to the number of data points,
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and with a high threshold the data are partitioned in
just one single cluster. Thus, from the average local
dissimilarity trend equation (the least squares fit through
points by using the following equation: y = cxb, where
c and b are constants) we have found that the average
local dissimilarity would reach 95% of its total ampli-
tude (from k = 1, to k equal distinct attribute combina-
tions of the dataset), then the number of clusters would
be 14. Reliability limit of 5% was the value we have
a priori agreed on.

Dimensionality reduction
After the number of clusters is found, we have to re-
duce the dimensionality of the dataset. Though there
are a lot of methods in data mining how to reduce

dimensions (Ye, 2003, p. 324; Hand, 2001, p. 118) we
have rejected the “loosy” methods that produce new
artificial dimensions, like (Hand, 2001, p. 120): factor
analysis, projection pursuit and others. The idea was
not to loose the meaning of an attribute to be able to
use it straight for an interpretation. Reducing the di-
mensionality of data by deleting unsuitable attributes
improves the performance of the clustering algorithm.
More importantly, dimensionality reduction yields a more
compact, more easily interpretable representation of the
target concept, focusing the geologist’s attention on the
most relevant variables.

The combination of relative frequencies of observa-
tions is a method chosen in this research to eliminate
dimensions. The combination includes 1) overall relati-
ve frequency of attribute values and 2) relative fre-
quency of attribute in modes of k (14) clusters. In Fig. 2

we have shown the described
frequencies of a reduced attri-
bute set, except the first two
attributes (color$grey and na-
me$clayey). Such attributes
have been removed because of
a very high frequency. At least
one of the chosen attribute fre-
quencies has exceeded 0.05
(5%). The whole set of cate-
gorical attributes is shown in
Fig. 3, and the name$argilitus
has been included because of
its importance to the domain.

Resolving uncertainties
After clustering the reduced
dataset we have found that a
large number of records (1833
records, 24.5%) became uncer-
tain – they had the same smal-
lest dissimilarity measure (4)
with more than one cluster. To
solve the uncertainties, we ha-
ve introduced cluster modes
with attributes having different

importance that come as a final record partitioning step
in the clustering process after the cluster modes have
already been found (the overall clustering process is
shown in Fig. 4).

After the final modes Q=(q
1
, q

2
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m
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let’s define the new look of (3):
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Fig. 1. Global and average local dissimilarity measures on
different number of clusters
1 pav. Globalus ir vidutinis lokalus skirtybės matas, gautas
grupuojant stebėjimus su nuolat didinamu klasterių skaičiumi

Fig. 2. Graph displays the relative frequencies of attributes that have been chosen for the
further analysis. At least one of those attribute frequencies have exceeded 0.05 (5%)
2 pav. Santykiniai pasirinktų atributų dažnių grafikai: pradinių duomenų aibėje (ištisinė
linija) ir k-modose (nutrūkstanti linija). Atributai atrinkti su sąlyga, kad bent vienas iš
dažnio grafikų viršija 0,05 (5%) ribą
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The (7) produces exactly the same result as like
(3), but takes into account the weighted binary-state
domain of the mode. Now let us introduce a similarity
measure s,
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As (Zvika, 2004) has noted, it is trivial that if mo-
de attributes would be defined via DOM(q

j
) = (1,0), it

would meet the equality

m = s(X,Y) + d(X,Y), (10)

where m equals to the number of dimensions in a da-
taset. Both similarity and dissimilarity measures in
(Hand, 2001, p. 25) are called proximity measures. For

the weighted mode attributes DOM(q
j
) = ℑ  we meet the

inequality

s(X,Y) ≥ m – d(X,Y). (11)

Attribute Overall dataset Modes of k=14

Sum R. freq. Sum R. freq.

structure$layered 4547 0.59 97 0.69

name$marl 3402 0.44 61 0.44

structure$waved 3393 0.44 79 0.56

color$greenish 3094 0.40 57 0.41

name$limestone 3044 0.39 60 0.43

texture$crystaline 2654 0.34 55 0.39

color$dark 2491 0.32 48 0.34

detritus$fauna 2191 0.28 31 0.22

texture$microcrystaline 2135 0.28 51 0.36

macrofauna$brachiopods 1974 0.25 30 0.21

color$light 1773 0.23 34 0.24

texture$bundle 1637 0.21 33 0.24

name$dolomitic 1329 0.17 13 0.09

detritus$fine 1291 0.16 20 0.14

texture$detritus 1222 0.16 24 0.17

structure$horizontal 1162 0.15 11 0.08

name$dolomitic 1115 0.14 10 0.07

detritus$coarse 1038 0.13 14 0.10

texture$organogenic 982 0.12 18 0.13

macrofauna$worm_tracks 902 0.11 11 0.08

cracks$crack 629 0.08 5 0.04

structure$snaggy 624 0.08 3 0.02

name$dolomite 529 0.06 12 0.09

structure$discontinuous 506 0.06 1 0.01

detritus$detritus 479 0.06 2 0.01

intermixture$pyrites 457 0.06 0 0.00

name$chalky 445 0.05 1 0.01

texture$finecrystaline 417 0.05 3 0.02

intermixture$calcite 410 0.05 5 0.04

color$black 403 0.05 3 0.02

name$argillite 224 0.02 4 0.03

Fig. 3. Reduced attribute set
3 pav. Analizei atrinkti atributai

Fig. 4. Overall clustering process
4 pav. Visas stebėjimų grupavimo (klasterizacijos) procesas

results

results



Clustering of descriptive-textual data on Silurian rocks of Lithuania 53

The above approach of combined similarity and dis-
similarity measures, first, raises the importance of the
observed (1) terms against unobserved (0) and, second-
ly, allows an expert to define individual attribute weights
in different modes. The algorithm to resolve uncertain-
ties would be the following:

1) q
j 
= q

j
+1 for each q

j 
> 0,

2) partition records by minimizing dissimilarity
measure (2) and in the case of uncertainty – maximize
similarity measure (8),

3) repeat from step 1 if the num-
ber of unresolved uncertainties has
changed,

4) reduce Θ to the smallest stab-
le weight constant q

j
= q

j
-1 for each

q
j
>0,

5) construct a matrix m×m and
put into its cells the number of un-
certainties between the attributes,

6) review the matrix and increa-
se the weight of mode attributes of
the conflicting mode pair that are
weighted (q

j
>0) in one conflicting

mode and are not weighted (q
j
=0) in

another,
7) repeat partitioning by minimi-

zing the dissimilarity measure (2)
and, in the case of uncertainty, ma-
ximizing the similarity measure (8),

8) if the number of uncertainties
left does not satisfy the limit of re-
liability – continue from step 4.

After applying steps 1 to 3 twice
(Θ =2), the number of uncertainties
has decreased to 772 records (10.3%
of the total) and became stable. By
applying steps 4 to 7 twice we arri-
ved at 264 (3.46%) uncertainties,
which are far below the limit of 5%.

EXPERIMENTAL RESULTS

The overall clustering process is
shown in Fig. 4, and we hope that it
gives the reader the idea of cluste-
ring large descriptive-textual geologi-
cal databases. Below we provide the
description of final clusters (after geo-
logist expertise we have defined 15
instead of 14 clusters) by referring
to the (Нестор, Эйнасто 1977) mo-
del of the Baltic Silurian basin. All
15 clusters have been labeled to be
easier recognizable by the human.
The clusters and facial zones are pre-
sented in Fig. 5.

Cluster A1: dark greenish grey
and black dolomitic argillite with

graptolites and pyrite concretions. This class of rock
belongs to the deepest part of the Baltic Silurian basin:
facial zone V in (Нестор, Эйнасто, 1977). A1 cluster
has been assigned to the deepest facial zone of the
Baltic Silurian Basin, because it has almost no macro
fauna such as brachiopods or corals; quartz and mica
are more frequent than in other clusters, and the reac-
tion with HCl is very poor.

Cluster M0: grey marl. Into this cluster have fallen
all the “marls” that have a very poor description, thus

Fig. 5. Clusters and facial zones of (Нестор, Эйнасто, 1977)
5 pav. Proceso metu išskirtų uolienų grupių (klasterių) ir facijų zonų (Нестор,
Эйнасто, 1977) sugretinimas
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in general this rock class could be attached to any part
of the basin where marls are met. But we have atta-
ched it to the lower part of the Intermediate Facial
Zone (IV

2
), based on the fact that there significant

amounts of graptolites, organic matter, and pyrite con-
cretions are observed. On the contrary, there are almost
no benthic macrofauna.

Cluster MA: dark greenish grey dolomitic clayey
marl with worm tracks. This kind of rock comes from
the upper part of Intermediate Facial Zone (IV

1
), be-

cause, just like in the above cluster, graptolites are still
there. The amount of macrofauna (brachiopods and tri-
lobites) constantly increases. All those facts show that
the rocks of this cluster were formed in a slightly shal-
lower depositional environment than the rocks of M0
cluster. The macrofauna, except worm tracks and grap-
tolites, is very rare. As follows from the above state-
ments, we think it is reasonable to assign the MA clus-
ter to the fourth facial zone.

Cluster A2: dark greenish grey argillite with bra-
chiopods. This argillite comes from a far shallower zo-
ne than A1 and presents a regressive sequence in the
bottom of Open-Shelf Facial Zone, III

3
 litho-facies. Lar-

ge amounts of micro-grained terrigeneous material we-
re brought into the Baltic Silurian depositional basin
after the regressive regime had settled down, especially
in the last stages of the basin evolution cycle. After
diagenesis those sediments transformed into argillite
beds. However, the depositional basin was much shal-
lower than the one that formed A1 argillites as bra-
chiopod fauna are much more frequent there. All other
lithological and faunal features described in (Нестор,
Эйнасто, 1977) are common to IV faunal zone.

The transgressive sequence in this point would be
presented by the pack of two clusters: the lower Clus-
ter M (dark greenish grey clayey marl with a waved
layered structure) and the upper Cluster MB (dark gre-
enish grey clayey marl with brachiopods). Waved layer-
ed rock structures are formed in the facies of marl
with the bundles of clayey limestone that are common
to the Open Shelf facial zone. This facies is characte-
rized by frequent scour surfaces, detritus of brachio-
pods and crinoids, worm tracks and threads of argilli-
tes. All the above features are common to the rocks
that come from M cluster. However, MB cluster rocks
have a much wider variety and larger amount of macro
fauna.

Cluster K1: grey clayey limestone with a crystalli-
ne and microcrystalline texture and a waved layered
and bundle structure. Rocks like this are met in the
lower part of III

2
 litho-facies of the Open-Shelf Facial

Zone. Gray and light gray limestone of various struc-
ture and texture with lots of detritus is natural in this
facial zone. Yet gray colors are more natural to the
lower (deeper part of the basin) and light ones to the
upper part of the zone. Most of the rocks in the lower
part of the third zone are gray, microcrystalline, waved
layered and bundle structured.

Cluster K2: grey clayey limestone with a crystalli-
ne and fine crystalline texture and layered structure.
This rock is common to the lower part of III

2
 litho-

-facies of the Open-Shelf Facial Zone. The middle- to
coarse crystalline structure of K2 cluster rocks and in-
tense reaction with HCl acid are the main features that
differentiate this cluster from K1. Those rocks have a
relatively high content of marl and detritus of grapto-
lites fauna, thus showing that K2 rocks come from the
lower part of III

2
 litho-facies.

Cluster K3: light grey clayey limestone with a crys-
talline and microcrystalline texture and bundle structu-
re. It is common to the mid of III

2
 litho-facies of the

Open-Shelf Facial Zone. Rocks of the upper part of the
III facies zone have various structures: waved and bund-
le layered, bundle, etc. Gradually organogenic and det-
ritus textures like crinoidae, coral and stromatopore ap-
pear. The macrofauna is diverse yet not numerous;
squids are predominant. All the above features and fau-
nal singularity are the main criteria to ascribe K3 clus-
ter to the middle part of III

2
 litho-facies of the Open-

-Shelf Facial Zone.
Cluster K4: light grey clayey limestone with crystal-

line and microcrystalline texture, and horizontally laye-
red structure. This rock is common to the lower part of
III

1
 litho-facies of the Open-Shelf Facial Zone. The main

features that distinguish this cluster from the others in-
clude brachiopodal and crinoidae texture and a small
amount of clayey material. The horizontally layered struc-
ture and white rock color could be mentioned as well.

Cluster K5: grey clayey limestone with a crystalli-
ne, microcrystalline and organic, detritus texture and
waved layered and bundle structure. This rock is com-
mon to the upper part of III

1
 litho-facies of the Open-

-Shelf Facial Zone. The sedimentary environment of
the rocks of this cluster could be described as before-
reef (towards the open sea). Textural features like or-
ganogenic, detritus, etc. show that. Other important in-
dicators of reef proximity would be a bent layered struc-
ture, calcite concretions and sockets, and many broken
fragments of other rocks.

Cluster K6: grey clayey limestone with organic and
detritus texture, and waved layered structure. This kind
of rock comes from the Shallow-Sea Facial Zone (II)
and is related to reefs. This kind of rocks usually co-
mes from sedimentary domains affected by a strong
hydrodynamic influence. Organigenic and broken orga-
nigenic textures are the main features that distinguish
this cluster from the other limestone rock clusters. The
rocks of this cluster contain a lot of reef-forming macro-
fauna – stromatoporoids, corals, crinoidea. Towards the
open sea this cluster switches to light clayey limestone
(cluster K5), while towards the coast it turns into dark
gray dolomitic marl (cluster MD).

Cluster MG: dark greenish grey clayey dolomitic marl
with a waved layered structure, faunal detritus and bra-
chiopods. Together with MD and D clusters this rock
forms the shallowest part of the basin; the Lagoon-Littoral
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Facial Zone (I). Dark grey and even black colors show
the slow-motion circulation of water in the sedimentary
basin where the rocks of this cluster were formed. Such
a condition is common to closed or semi-closed lago-
ons between the reef and the coast. Large amounts of
brachiopods and ligulidae, yet not diverse in species,
are quite often met in the rocks like this.

Cluster D: light grey clayey dolomite with a crys-
talline and microcrystalline texture and waved layered
structure. This rock class would be ascribed to one of
the shallowest parts of the basin, the mid of the Lago-
on-Littoral Facial Zone (I). The porous, cavernous struc-
ture, exceptionally lingulid macrofauna, and yellow and
red color are the main features that allow us to assign
this cluster to the above Facial Zone.

Cluster MD: greenish grey clayey dolomitic marl with
a layered structure. This class rock represents the shallo-
west part of the basin, the upper part of the Lagoon-
-Littoral Facial Zone (I). Rocks of this facial zone have
a red and purple color and spotted structure, include con-
cretions of gypsum and limonite. Those rocks contain al-
most no macrofauna, except a few specific fish species.

Future tasks
Though there are a lot of possible future workarounds in
the domain of data and tools presented in this paper, we
suggest two areas of primary interest. One area is related
to the spatial nature of data: each rock sample could be
presented as a point in a 3D space. It is obvious that
lithological attributes have different importance depending
on the location. It is possible to have attributes allowing
elimination, because they are rare in the dataset as a who-
le, but they could be very important in particular subsets
of data. Another interesting issue to be solved is related
to the sequences of rocks. Sequences in geology are very
important and present transgress, regress or a mixed state
of a sedimentary basin. We hope that clustering and se-
quence analysis techniques could bring a fresh insight in-
to the history of the Baltic Silurian basin.

Tools used
The Original Silurian data were entered into Oracle 9i
database. All the data preparation and transformation
operations where conducted in Oracle database by using
PL/SQL programming language. As a result, a package
of applied procedures and functions has been compiled.
Clustering and other operations have been programmed
by using Perl.

CONCLUSIONS

Authors propose a process to cluster descriptive-textual
data, which has proven to be efficient, scalable and could
be fully or at least semi-automatic. Most of human atten-
tion and thus time has to be paid to the data preparation
(actually the first) stage; all the other stages can be per-
formed by the software, with the provided initial parame-
ters. The method has identified geological objects (rock

types) by analyzing a comparable huge amount of data; it
was not possible before because of the unstructured cha-
racter of data and their huge amount. The proposed method
of clustering is of general purpose and can be applied
also to data that come from any other domain alongside
geology. The clustering results and their interpretation pre-
sented in this article can be used for the Lithuanian Silu-
rian overview only, because the identified rock types (clus-
ters) strongly depend on the properties of the primary
dataset. Those properties include subjective nature, mul-
tiple authorship and the unequal level of detailing.
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TEKSTINIŲ APRAŠOMŲJŲ LIETUVOS SILŪRO
UOLIENŲ DUOMENŲ KLASTERIZACIJA

S a n t r a u k a
Šiame straipsnyje yra pateikiamas geologinių objektų klasteri-
zacijos metodas naudojant tekstinius aprašomuosius duomenis.
Metodą rekomenduojama taikyti tais atvejais, kai turima daug
tekstinės aprašomosios, dažniausiais kokybinės informacijos, o
kiekybinių objektyvių duomenų arba neįmanoma gauti, arba jie
susiję su didelėmis laiko ir lėšų sąnaudomis. Metodui pagrįsti
buvo naudojami Lietuvos silūro 54 gręžinių tekstiniai aprašo-
mieji duomenys iš 4030 sluoksnių. Aprašytos kiekvieno sluoks-
nio pirminė ir antrinė uolienos, kiekvienai jų pateikti 35 lito-
loginiai ir paleontologiniai parametrai. Visa šių duomenų aibė
iki šiol nebuvo nagrinėta jokiais statistiniais metodais.

Tyrimo metu tekstiniai aprašomieji uolienų duomenys bu-
vo skaidomi į elementariuosius derinius tol, kol jų skaidymas
turėjo semantinę prasmę. Vėliau deriniai buvo išskleisti į atri-
butus, kurių reikšmės įgyja 1, jei derinys randamas uolienoje,
ir 0 – jei derinio uolienoje nėra.

Gautos matricos analizei buvo pasitelktas (Huang, 1997)
aprašytas k-modų algoritmas, kuris yra gerai žinomo k vidur-

kių klasterizacijos algoritmo (MacQueen, 1967; Anderberg,
1973) modifikacija kategoriniams duomenims klasifikuoti.

Klasterių skaičius buvo nustatomas parametriniu metodu:
modifikuotas k-modų algoritmas buvo skaičiuojamas įvairiam
klasterių skaičiui – nuo 1 (visi geologiniai objektai priklauso
vienai klasei) iki 20, kiekvienu atveju perskaičiuojant bendrą ir
vidutinę duomenų aibės atstumų iki klasterių centrų sumą. Iš
gautų duomenų sudarytas grafikas (1 pav.), kuriame tiek ben-
dra, tiek vidutinė atstumų iki klasterių centrų suma kinta pa-
gal jėgos (laipsnių) dėsnį. Remiantis pasirinkta 5% leistina klai-
dos tikimybe, nustatytas optimalus 14-os klasterių skaičius.

Siekiant sumažinti dimensijų (atributų) skaičių buvo skai-
čiuojamas kiekvieno duomenų aibės atributo ir 14-oje klasterių
centrų pastebėtų atributų dažniai. Atlikus skaičiavimus buvo at-
mesti pernelyg dažni (spalva: pilka ir pavadinimas: molingas)
mažesnes nei 0,5 (5%) abi dažnių reikšmes turintys požymiai.
Tolimesnei analizei liko 30 požymių plius pavadinimas: argi-
litas, kuris yra svarbus dalykinis požymis.

Atlikus galutinės duomenų aibės klasterizaciją pastebėta,
kad labai didelė jų dalis (1833 įrašų, 24,5%) įgyja vienodą mi-
nimalų skirtybės matą (atributų skirtumų sumą) su keletu klas-
terių centrų ir nėra vienareikšmiškai aišku, kuriai klasei reikė-
tų priskirti objektą. Straipsnyje detaliai aprašytas metodas, kuris
išsprendžia šią problemą: „pasimetusių“ objektų skaičius suma-
žintas iki 264 (3,46%).

Klasifikacijos metu gauta 15 klasterių, kurie straipsnio pa-
baigoje detaliai interpretuojami Lietuvos silūro eksperto bei pri-
skiriami Baltijos silūro baseino facijų zonoms (Нестор,
Эйнасто, 1977).

Валдас Рапшявичюс, Альгимантас Юозапавичюс,
Антанас Бразаускас

КЛАСТЕРИЗАЦИЯ ТЕКСТОВЫХ
ОПИСАТЕЛЬНЫХ ДАННЫХ СИЛУРИЙСКИХ
ПОРОД ЛИТВЫ

Р е з ю м е
В статье представлен метод кластеризации геологических

объектов с использованием текстовых описательных данных.

Метод рекомендуется применять в тех случаях, когда имеются

большие объемы информации качественного характера, а

получение объективных данных не возможно или связано с

большими затратами времени и средств. Для обоснования

метода использованы текстовые описательные данные

силурийских пород из 54 скважин Литвы, описание которых

представлено из 4030 слоев. В каждом слое описаны

первостепенная и второстепенная породы и каждая из них

охарактеризована 35 литологическими и палеонтологическими

параметрами. Вся эта совокупность данных до сих пор не была

обработана никакими статис-тическими методами.

Во время исследования текстовые описательные данные

пород расчленялись на элементарные комбинации до тех

пор, пока их расчленение имело семантический смысл.

Позже эти комбинации были развернуты на атрибуты с

определенными значениями. Если комбинация встречается

в породе, то она приобретает 1, и 0 – если комбинация не

обнаруживается.
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Для анализа полученной матрицы применен алгоритм

к-мода (Huang, 1997), который является модификацией

хорошо известного алгоритма (MacQueen, 1967; Anderberg,

1973) кластеризации по к-средних для классификации

категорических данных.

Для определения числа кластеров применен

параметрический метод, при котором модифицированный

к-моды алгоритм вычислялся для разного числа кластеров –

от 1 (все геологические объекты представляют один класс)

до 20, в каждом случае вычисляя сумму общего и среднего

расстояний совокупностей данных до центров кластеров.

По полученным данным составлен график (рис. 1), из

которого видно, что сумма средних расстояний до центров

кластером меняется по закону степеней. Опираясь на

допускаемом 5% уровне значимости, выделено оптимальное

число 14 кластеров.

Чтобы уменьшить число атрибутов, вычислялись

частоты атрибута в каждой совокупности данных и заме-

ченных атрибутов в центрах 14 кластеров. После выпол-

ненных подсчетов из дальнейших вычислений были

исключены очень часто повторяющийся (цвет: серый и

название: глинистый), а также меньше чем 0,5 (5%) обеими

значениями частот обладающие признаки.

После выполнения окончательной кластеризации

совокупностей данных замечено, что большая часть

записей – 1833 (24,5%) приобретают одинаковую мини-

мальную меру различия (сумму различия атрибутов) c

центрами некоторых кластеров, поэтому нет однознач-

ности, к которому классу объектов следовало бы их

присоединить. В статье детально описан метод, который

решает эту проблему. С помощью этого метода число

„растерявшихся“ объектов сократилось до 264 (3,46%).

В ходе кластеризации получены 15 кластеров и

детально интерпретированы по фациальным зонам Бал-

тийского силурийского бассейна согласно модели

Х. Нестора и Р. Эйнасто (1977).


