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The overall goal of the research presented in this paper is to

design an intelligent system to aid geologists in processing com-

plex geologic characteristics for interpreting eruption patterns, and

thereby to aid eruption forecasting for volcanic chains and fields.

The objective of this paper is twofold. First it describes applications

of data fusion techniques to designing such an intelligent system.

The paper discusses the system architecture and applicability and

benefits of evidential decision fusion methods for processing un-

certain rock characteristics. Second, it introduces a new evidential

method of combining several clustering results and presents the re-

sults of application of this fusion method to clustering geochemical

data characterizing volcano magma chambers.
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1. INTRODUCTION

Volcanoes erupt mixtures of gas and rocks (gener-
ically known as tephra) [37]. The tephra settles to the
earth’s surface and leaves a record of the eruption. By
looking at the separate tephra layers preserved within
the soil layers, we are able to understand the history of
eruptions of a volcano. Because volcanoes are creatures
of habit, they tend to act in the future as they did in
the past. Thus we are able to forecast future behaviour
by observing the features of the tephra layers from past
eruptions. Unfortunately, the preservation of the tephra
layers is not complete. Erosion removes the tephra from
many locations, and eventually the tephra is buried un-
der enough younger layers that it is difficult to reach
by excavation. Thus the data may be sparse. Variability
within the tephra grains, and insufficient sampling often
result in relatively large variances and imprecision in
the dataset. Finally, we must match (correlate) the same
tephra layer from one locality to another to characterize
the layer thoroughly and understand its story. However,
the correlation process is rarely straightforward owing
to uncertainties about specific tephra layer identity.
There are two groups of characteristics that are used

for the correlation process: physical and geochemical.
Physical features include such variables as layer thick-
ness, size of grains of different types, arrangement of
the grains within the layer, and relative abundance of
the different grain types (Fig. 1).

Fig. 1. Physical features of tephra layers shown in a hand-dug pit.
The white rocks are pumice; black rocks are mostly obsidian.

Some of the physical characteristics (e.g., thikness)
are easy to observe and measure while “in the field”
and looking at the layers; others represent expert opin-
ion on their values. Thus, the physical characteristics
are the primary features used in identification and cor-
relation. However recognition of stratigraphic patterns
among different workers, and even for one worker, can
be difficult because of the variability. The result of such
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analysis depends on one’s level of expertise and can be
subjective and time consuming. Therefore it is benefi-
cial to develop an intelligent system to aid geologists in
recognition of tephra layers.
The geochemical make-up of a tephra layer helps us

not only with correlation, but also tells us much about
the reservoir (magma chamber) from which the tephra
layer was erupted. A magma chamber is a subterrenean
feature and is therefore inaccessible to direct observa-
tion. The chemical make-up of the rocks that came from
the chamber therefore carries indicators of some fea-
tures of the chamber. For example, by observing the
concentrations of different elements found within dif-
ferent rocks, we can determine whether there was one
coherent batch of magma responsible for the layers,
or whether there were different, but variously intercon-
nected batches.
The paper presents the first attempt to develop a

systematic approach to processing complex geologic
characteristics for interpreting eruption patterns. This
processing utilizes decision fusion techniques devel-
oped in the framework of the Transferable Belief Model
[35, 36]. Although utilization of different types of data
by geologists has been used in the study of seismic
and other geophysical data relating to volcanic eruption
forecasting [5], application of information fusion tech-
niques in eruption forecasting is a new field [8, 31].
The paper comprises two parts. The first one de-

scribes an intelligent system for assisting geologists
in processing uncertain geological data for interpreting
eruption patterns as well as the applicability and benefits
of evidential decision fusion methods for processing un-
certain rock characteristics. The second part introduces
an evidential method of combining several clustering re-
sults and application of this method to defining magma
chambers by clustering vent geochemical characteris-
tics.

2. DECISION FUSION FOR INTERPRETING THE
PATTERN OF VOLCANO ERUPTION

2.1. The Processing

Information flow in the intelligent system of strati-
graphic layer characterization designed to support ge-
ologists in interpretation of eruption patterns loosely
follows the major steps of geological data analysis per-
formed by geologists (Fig. 2), which is comprised of
two interrelated tasks:

1. Identification of groups of vents (magma chambers)
by utilizing geochemical data.

2. Tephra layer correlation based on both lithostrati-
graphic (physical) and geochemical data.

Most of the tasks related to identifying magma cham-
bers and correlating tephra layers are currently per-
formed manually. Nevertheless, the complexity and

amount of data are ever increasing, thus it is becom-
ing increasingly necessary to provide geologists with
an aid in processing the information. This system is not
supposed to replace a geologist. Geologists are deeply
integrated into the processing. Geologist domain knowl-
edge is utilized to:

² Select a relevant set of chemical elements to be con-
sidered in the process of defining magma chambers

² Constrain the number of vent groups to be consider
for layer correlation

² Provide subjective opinion about qualitative strati-
graphic layer attributes

² Supply a limited training set (correlated layers) for
the layer recognition process

Fig. 3 shows the information flow in the intelligent
system for interpreting eruption patterns. The system
is built within the framework of the Transferable Be-
lief Model (TBM) [35, 36], which is a model to repre-
sent and combine quantified beliefs based on the belief
function theory developed by Shafer [34]. The TBM
assumes the existence of basic belief mass m(A) 2 [01],
where £ = fμ1, : : : ,μng is a frame of discernment and
Aμ 2£. m(A) exists independently of any probabilis-
tic model and represents “the amount of belief that
specifically supports that the actual value of the vari-
able on which beliefs are expressed belongs to A, and
that supports nothing more specific due to a lack of
information, but that might support any strict subset
of A if further information justifies it” [36]. The TBM
works under the open world assumption and does not
assume, as do other models, that the set of hypothe-
ses in the frame of discernment is exhaustive and that
m(Ø) = 0. Several basic belief masses based on inde-
pendent pieces of evidence can be combined by the
so-called unnormalized Dempster rule. The TBM de-
fines a two-level structure composed of a credal level
where beliefs are estimated, and a pignistic level where
decisions are made. Beliefs at the credal level are quan-
tified by belief functions. When a decision has to be
made, beliefs are transformed into pignistic probabil-
ities using the so-called pignistic transformation. Uti-
lization of the TBM allows for dealing with the lack
of statistical data as well as uncertainty, vagueness, and
imprecision inherited in the problem of rock character-
ization.
The following two subsections will discuss the uti-

lization and benefits of decision fusion to the processing
presented in Fig. 2.

2.2. Decision Fusion for Tephra Layer Correlation

As mentioned in the introduction, both geochemical
(a percentage of each chemical element in the rocks
selected by an expert) and stratigraphic characteris-
tics, such as the fraction of pumice, grading, zoning,
thickness, and size of large pumice or lithic fragments
can provide information for recognition of stratigraphic
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Fig. 2. Information flow in the intelligent system for interpreting eruption pattern.

eruption patterns. In many simple cases, it is straightfor-
ward for the geologist to manually categorize different
layers based on these features. However, utilization of
these features for tephra layer correlation faces signif-
icant challenges once the data become more complex.
First, it is usually costly to collect information on past
eruptions at a large number of sites as well as conduct
a thorough chemical analysis of the tephra collected at
these sites; hence the number of patterns used for train-
ing of the recognition system is small as compared with
the dimensionality of the feature space used for recog-
nition. Second, the features under consideration are het-
erogeneous and require different processing. While the
chemical composition of a layer depends mostly on the
magma source and characterizes a group of vents a layer
could have been erupted from, the lithostratigraphic fea-
tures depend on the dynamic characteristic of each erup-
tion and geographical location relative to a single vent
among many, the locations and number of which are not
known at the beginning. In addition, although some of

the lithostratigraphic tephra characteristics can be ob-
tained by direct measurements, others represent vague
subjective expert opinions about their values. The non-
measurable features comprise descriptive depositional
features such as zoning (e.g., more pumice on bottom
than on top) and grading (e.g., bigger particles on bot-
tom than on top) and are usually expressed in the lin-
guistic form. For example, bedding can be characterized
as reversely graded, graded, planar bedded, massive,
and cross-bedded. These characteristics are subjective
and uncertain since there is not always a sharp differ-
ence between, e.g., massive and graded characteristics.
In many cases the uncertainty is so high that an expert
may have multiple opinions about the characteristics
and can assign more than one linguistic value with a
certain confidence. For example, an expert could say
that grading is massive with confidence 0.3 and graded
with confidence 0.4. As a result it is necessary to com-
bine the levels of confidence assigned to the value of
each characteristic to convert multiple opinions about
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Fig. 3. Location of the Mono-Inyo Craters, showing the different
types of eruptions (inset photographs) and geochemical groups of

the rocks (represented by different volcano coloration).

the value of the attribute into one value to be used in a
classifier [32, 46]. The measurable features comprise the
data types related to eruption size in a loose sense, for
example, maximum pumice, maximum lithic, and bed
thickness. Their values are imprecise and depend on the
expertise of the geologist doing the measurements. Fi-
nally, experts are not always sure about the labels of the
patterns in the training set so the labels are uncertain.
All this calls for an iterative processing, which can

deal with a small training set, heterogeneous features,
uncertainty, vagueness, and imprecision characterizing
features, as well as the lack of information about the
number and location of the vents. To deal with insuf-
ficient number of training patterns and heterogeneous
rock features a combination of the decisions of sev-
eral classifiers is considered, with each of them built
to treat different types of features. The classifiers are
combined via an intelligent voter designed within the
framework of the TBM, which is appropriate for deal-
ing with the lack of statistical data, vague and uncer-
tain subjective expert opinions about non-measurable
tephra features as well as the open world assumption
that a layer in question can be classified not only into
known layers but also into a layer that has not yet been
observed.
The result of the classifier combination in an intelli-

gent voter is used for either assigning a pattern in ques-
tion to a particular known class or to label this pattern
as unknown. The patterns are labeled as unknown if

m(Ø)¸PAμ2£ m(A). Otherwise the pattern is assigned
to a particular known layer under consideration based
on pignistic probabilities. The patterns classified either
as unknowns or belonging to a certain known class can
be used for augmenting the training set. The problem
with patterns classified as unknown is that we cannot
say whether they belong to the same class. To over-
come this problem we will perform clustering of all
such layers to identify the number of possible unknown
classes and which unclassified layers belong to the same
class.
Some preliminary results showing feasibility of uti-

lizing the belief model and decision fusion for tephra
layer correlation are presented in [8]. In [8] pairwise
recognition of layers based on lithostratigraphic features
was performed by combining two neural network clas-
sifiers within the framework of the TBM. Input to the
first neural networks represented layer characteristics
related to eruption size (maximum pumice, maximum
lithic, and bed thickness). Input to the second neural
network comprised descriptive deposit features (fraction
of pumice and grading). Utilization of decision fusion
allowed us to deal with an extremely small number of
patterns available for training of the classifiers.
The results of the lithostratigraphic layer correlation

can be improved by incorporating the knowledge of
which batch of magma is responsible for the layer
into the system. This knowledge can be obtained by
processing geochemical characteristics of the rocks, as
described in the next subsection.

2.3. Ensemble of Clusters for Defining Magma
Chambers

Information about the size and location of magma
chambers independently contributes to the knowledge
about the age and eruption pattern in an area. It also
provides important constraints for the process of lithos-
tratigraphic layer correlation. Geochemistry has been
used extensively to attempt to delineate separate magma
batches and sources that have persisted for over a mil-
lion years (see, e.g. [2, 3, 16, 18, 37]).
Information processing of geochemical data for

defining location and size of magma chambers can be
of two types. One of these types is based on statistical
methods such as chi-square hypothesis testing utilizing
a quasi-Euclidian distance between mean chemical com-
positions of pairs of tuff outcrops [25, 26], and factor
analysis [21, 44] based on a correlation matrix for ex-
tracting common “factors” from a given data set. As
summarized in [39], the use of correlation coefficients
requires a multivariate normal distribution for all the
input data [30]. This condition is almost never fulfilled
when working with geochemical data [29]. Further-
more, geochemical data are “closed” data, which sum
up to a constant. Hence multivariate statistical methods
may deliver biased results [1, 40]. While these meth-
ods may provide insight into the underlying structure
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of a data set, their use may require further analysis to
identify distinct groups [39].
A more attractive method for generating correlations

among tephra and dome-rock samples is clustering,
aimed at discovering structure in a given set of P-
dimensional feature vectors by organizing them into k
groups based on their similarity in the feature space.
Clustering is an unsupervised technique, which does
not require any additional information, neither on which
pattern belongs to which class, nor on which subgroup
of patterns belongs to the same class.
One of the problems with utilizing clustering for def-

inition of magma chambers is the existence of many
different clustering methods, which may produce dif-
ferent results. There are two major classes of cluster-
ing methods: relational clustering and partitioning (see,
e.g. [17, 10]). Relational clustering assigns patterns to a
cluster based on a similarity matrix, e.g., distances be-
tween the patterns based on their attributes or subjective
expert judgments. The most popular similarity based
algorithms are hierarchical algorithms [17], which are
used to either merge smaller clusters into larger ones,
or to split larger clusters. The result of the algorithm is
a tree of clusters, called dendrogram, which shows how
the clusters are related. By cutting the dendrogram at a
desired level, a clustering of the data items into disjoint
groups is obtained.
Partitioning directly decomposes the data set into a

set of disjoint clusters. More specifically, partitioning at-
tempts to determine K partitions that optimize a certain
criterion function in an iterative procedure. Very pop-
ular partitioning algorithms are the k-means algorithm
and its modification, fuzzy, possibilistic and evidential
k-means [6, 17, 22], in which observations can be as-
signed to multiple clusters with various degrees, par-
ticipation or membership coefficients. A different parti-
tioning approach is based on probability density func-
tion estimation using Gaussian mixtures. The specifica-
tion of the parameters of the mixture is based on the
expectation-maximization (EM) algorithm [9].
In spite of the advantages of clustering methods as

compared to multivariate statistical methods, utilization
of the former for assisting in making decisions on cor-
relation of igneous rocks and volcanic deposits presents
certain problems, since clustering suggests several pos-
sible groupings, which makes it difficult to select the
best one to be used for decision making. Domain knowl-
edge about the data to be clustered and correctness of
the result is very limited or does not exist. Indeed, there
are many clustering algorithms available and the result
of these algorithms depends on selection of algorithm
parameters, such as the number of clusters to consider,
the proximity measure used in the objective function,
or the selection of the distance measure for building
the similarity matrix and the termination point for the
hierarchical algorithms. The nature of geochemical data
(neither normal nor log-normal, strongly skewed, often
multi-modal data distributions) makes cluster analysis

results strongly dependent on the clustering algorithm
selected, which allows for employing them as an “ex-
ploratory data analysis tool” [40].
In many cases a cluster validity measure may be used

to select a clustering algorithm and a set of parameters
producing the best clustering result. At the same time,
there are several cluster validity measures reported in
the literature (see, e.g. [4, 7, 27]), and selecting the best
one greatly depends on the data to be clustered.
Recently, inspired by the success of combination of

decisions of supervised classifiers, several papers on
combining clustering results have appeared (see e.g.
[11, 12, 14, 20, 38]). They demonstrate the superior
performance of combinations in discovering clusters of
arbitrary shape and size as compared to the performance
of a single clustering algorithm. Thus the incorporation
of the combination of clustering results into the pro-
cess of defining magma chambers makes the clustering
results more accurate and thereby leads to improved in-
terpretation.
The next section will discuss the problem of com-

bining the results of several clustering algorithms in
more detail and introduce a new combinational method
designed in the framework of the Transferable Belief
Model.

3. COMBINING SEVERAL CLUSTERING RESULTS

3.1. Related Work

The general problem of combining several parti-
tions can be formulated the following way. Let P =
fp1, : : : ,pNg be an ordered set of N patterns to be clus-
tered and let C be a set of K different partitions of
P: C = fC1, : : : ,CKg with each partition Ck containing
nk clusters. The goal is to find a combined partition C
containing n clusters.
The problem of cluster combination is more diffi-

cult than the problem of combining several supervised
classifiers. First, it is not clear which cluster label in
one partition corresponds to a cluster label in another
partition since the cluster numbers have only symbolic
meaning. Second, in the case of fusion of supervised
classifiers the number of classes, to which patterns have
to be assigned is usually known and is the same for all
classifiers under consideration. This is not usually the
case when several clustering results are combined.
Several approaches to the problem of combining

clustering results are reported in the literature. One
approach employs the fact that clustering is an opti-
mization procedure based on a specific clustering crite-
rion and regards clustering combination as a technique
that constructs and processes multiple clustering criteria
rather than a single criterion [45]. One of the disadvan-
tages of this type of method is that it requires access to
the original features of the data points, which are not
always available. Another one is that it requires a set of
a priori parameters to perform the combination.
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Another clustering combination method utilizing
original pattern features is described in [22]. This
method involves two steps. The first step creates credal
partitions via an optimization of an objective function
defined within the framework of the belief functions.
The second step performs a direct combination of credal
partitions obtained with the Dempster rule. This method
also requires the knowledge of the number of clusters
in the resulting partitions.
A different type of method combines clustering re-

sults via a consensus function, which maps multiple
clustering results to a final partitioning. The advantage
of such methods is that they generally do not require
the knowledge of the original features of the patterns to
be clustered but use stored results of clustering partic-
ipating in combination. The authors of [23] identified
four major classes of approaches to building consen-
sus functions: Voting or direct “re-labeling” methods,
Mixture models, Hypergraph methods, and information
theory-based methods.
Direct “re-labeling methods” [10, 13, 41] involve

two steps. The first step is designed to solve the label
correspondence problem or the problem of finding the
best permutations, which is a major difficulty in obtain-
ing a consensus-based combination. The second step
combines the clustering results of correspondent clus-
ters. In [13, 41] the problem of finding the best permu-
tation can be rewritten as a weighted bipartite matching
problem solved by the Hungarian method. The majority
[13] or plurality [41] voting is exploited for finding the
final partitions.
In [10] a direct re-labeling method is applied to the

combination of the results of the evidential clustering
method (EVCLUS). The EVCLUS is an approach to
clustering proximity data within the framework of the
Dempster-Shafer theory of evidence [34]. The EVCLUS
results in a so-called “credal partition,” which provides
an assignment of objects to each possible subset of
classes. Combination of credal partitions is obtained
by the conjunctive rule of combination from evidence
theory. The best match between partitions is found by
minimizing the degree of conflict between different
permutations.
Hypergraph-based methods represent clusters as hy-

peredges of a graph while the nodes correspond to the
objects to be clustered. The problem of consensus clus-
tering is then reduced to finding the minimum-cut of
a hypergraph. An example of the hypergraph-based al-
gorithms can be found in [38], in which three effective
algorithms for solving the k-way min-cut partitioning
problem are proposed. A probabilistic model of con-
sensus, which uses a finite mixture of multinomial dis-
tributions in a space of clusterings, is given in [42].
An example of the information theoretic approaches is
given in [43], in which consensus functions related to
intra-class variance criteria are described.
The majority of the consensus methods need a priori

knowledge about the data such as a predefined number

of clusters in the combination results. The direct re-
labeling methods often also require the same number of
clusters in each partition used in combination. In many
cases these models involve optimization that makes
them computationally expensive, especially when ap-
plied to a large number of patterns.
A more attractive combination approach resembling

the hard voting scheme for classifier fusion is described
in [11, 12, 15]. This “pairwise approach” utilizes a
square co-association matrix − = (!ij), i,j = 1,N, (N is
the number of patterns), which represents an average of
consensus matrices built for each partition Ck:

− = 1=N
KX
k=1

−k (1)

where −k = (!ki,j) and !
k
ij = 1 if pi and pj are in the same

cluster in partition Ck and 0 otherwise. Elements !ij of
the consensus matrix are used to define whether patterns
pi and pj belong to the same cluster in the resulting
partition C. Similar to a hard voting algorithm for deci-
sion fusion in supervised classification !ij is considered
as evidence of the consensus between partitions under
consideration. Matrix − can be used as input to any
algorithm based on similarity patterns, for example, in
the single link and the average-link methods [11].
The pairwise approach has become quite popular de-

spite the fact that it can be rather expensive computa-
tionally if the number of patterns is very large. There are
several reasons for the popularity: it is straightforward,
can work with a different number of clusters in each
partition to be combined, and does not require defin-
ing a priori the number of clusters in the ensemble. At
the same time the pairwise approach described above
has the same drawback as any hard voting algorithm,
namely it does not consider the level of confidence that
pi and pj are in the same cluster for each partitioning.
The next subsection introduces an evidential voting

method representing a soft modification of the pair-
wise approach, which takes into account a level of cer-
tainty of assigning each pattern to a certain cluster. This
method represents a refined version of the method de-
scribed in [31].

3.2. Evidential Method for Combining Clustering
Results

The method described in this section utilizes the
stored outputs of partitioning to be combined for build-
ing an evidential consensus matrix, which represents a
new natural pattern proximity measure to be used in
any clustering algorithm based on the distance between
patterns. We start with the description of this method for
combining the results of the fuzzy k-means algorithms.
Let us consider a frame of discernment £ = fμ1,μ2g,

where μ1 and μ2 are the hypotheses that each pair
of patterns pi and pj belongs to the same or dif-
ferent clusters. First, we need to represent beliefs in

INTELLIGENT SYSTEM FOR INTERPRETING THE PATTERN OF VOLCANIC ERUPTIONS 123



each hypothesis for each partition Ck. The beliefs for
each partitioning have to preserve the assignment of a
pattern to a cluster based on the maximum membership.
Let Uk = (ukit) be a membership matrix for partition

Ck defining the level of participation of pattern pi in
cluster t. The values of Uk are used to produce a col-
lection of basic probability assignments that represent
evidence pro and against each hypotheses μi, i= 1,2.
Let t= argmaxm(u

k
im) and l = argmaxm(u

k
jm). If t = l pat-

terns pi and pj are assigned to the same cluster in par-
titioning Ck, a degree of support for this assignment
can be represented by (1¡ jukit¡ ukjlj), which reflects our
belief that the smaller is the difference between the re-
spective values of the membership matrix, the higher is
the evidence that pi and pj belong to the same cluster.
The reliability of this assignment for each partition can
be variable, and we need to use a discounted degree of
support with reliability coefficients for patterns pi and
pj respectively:

Rki = (n
k ¢ ukit¡ 1)=(nk ¡1) and

Rkj = (n
k ¢ ukjl¡ 1)=(nk ¡ 1):

(2)

The reliability coefficients represent the difference
between the maximum coefficient defining the assign-
ment of patterns pi and pj to clusters t and l respec-
tively and an average of the rest of the membership
coefficients, and reflect the level of confidence in this
assignment. The discounted degree of support defines a
simple support function with focus μ1:

mk1ij (μ1) = (1¡ jukit¡ukjlj) ¢Rki ¢Rkj
mk1ij (£) = 1¡mk1ij (μ1):

(3)

Similarly, if t 6= l, we can define degrees of support for
assignment of patterns pi and pj to different clusters:
jukit¡ ukjtj and jukil¡ ukjlj, and corresponding discounted
separable support function with focus μ2:

mk2ij (μ2) = 1¡ (1¡Rki jukit¡ukilj)
¢ (1¡Rkj jukjl¡ ukjtj)

mk2ij (£) = 1¡mk2ij (μ2):
(4)

For each pair of patterns pi and pj a set of partitions
under consideration fCkg can be considered as a union
of two subsets: fCkg= fCijsameg[ fCijdiffg, where fCijsameg
is a subset of Ksame partitions in which pi and pj belong

to the same clusters, while fCijdiffg is a subset of Kdiff
partitions in which pi and pj belong to the different
clusters. The combination of all support functions with
focus μ1 defined by members of subset fCijsameg is

msameij (μ1) = 1¡
KsameY

k:Ck½fCijsameg
(1¡mk1ij (μ1))

msameij (£) = 1¡msameij (μ1):

(5)

The combination of all support function pro hypothesis
μ1 defined by members of subset fCijdiffg is

mdiffij (μ2) = 1¡
KdiffY

k:Ck½fCijdiffg
(1¡mk2ij (μ2))

mdiffij (£) = 1¡mdiffij (μ2):

(6)

The result of combination ofmsameij (μ1) and m
diff
ij (μ1) with

the normalized Dempster rule defines the combined
belief that patterns pi and pj belong to the same or
different clusters:

belij(μ1) =m
same
ij (μ1) ¢ (1¡mdiffij (μ2))=C

belij(μ2) =m
diff
ij (μ2) ¢ (1¡msameij (μ1))=C (7)

belij(£) = (1¡mdiffij (μ2)) ¢ (1¡msameij (μ1)=C

where C = 1¡mdiffij (μ2) ¢msameij (μ1) is a normalizing co-
efficient and bel(£) represents our ignorance. The com-
bined similarity matrix eij is defined by the correspond-
ing pignistic probability, and the combined partition C
can be obtained by using any hierarchical algorithm
based on the similarity matrix. For the crisp k-means
clustering algorithm, the values of Uk used in equations
(2)—(7) can be replaced by 1¡ dkim, where dkim is a rel-
ative distance between each pattern pi and all cluster
centers.
Multiple partitions can be created by considering:

1. A different subset of chemical elements characteriz-
ing rocks.

2. A different set of features characterizing patterns,
for example, features obtained by different chemical
analysis methods (X-ray diffraction or microprobe)
or different chemical components can be considered
for clustering volcanic vents.

3. Various algorithm parameters such as initial number
of clusters and cluster centers. Although very pop-
ular, this method of creating multiple partitions has
a serious drawback since it can generate an infinite
number of results. Here we propose the consideration
of different cluster validity measures instead. Each
cluster validity measure allows for selecting the best
set of initial parameters and reduces the number of
partitions to consider.

4. Various distance measures used in the algorithm ob-
jective functions, for example Euclidian or Maha-
lanobis distances.

The next section describes experiments and results
of application of the combination method introduced
above to understand the number of separable magma
batches currently active and underlying the Mono-Inyo
Craters [18], a rhyolitic volcanic field with a compli-
cated eruption history.
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TABLE I
Fuzzy Clustering Results Corresponding to Optimal Values of Different Validity Indices and Results of their Ccombinations as Compared

with Partitioning Suggested by Experts (average over 7 trails)

Fukuyama-Sugeno Combination with Hard Combination with Evidential
Method Rezaee Index Index Xie-Beni Index Consensus Matrix Consensus Matrix

Average % of patterns
grouped incorrectly

38.74% 35.93% 36.58% 28.79% 20.56%

TABLE II
Fuzzy Clustering Results Corresponding to Optimal Values of Different Validity Indices and Results of their Combinations as Compared

with Partitioning Suggested by Experts (“knowns” only)

Fukuyama-Sugeno Combination with Hard Combination with Evidential
Method Rezaee Index Index Xie-Beni Index Consensus Matrix Consensus Matrix

Average % of patterns
grouped incorrectly

37.88% 33.33% 37.88% 33.33% 19.70%

# of clusters 9 3 9 9 8

4.3. Experiments and Results

The Mono-Inyo Craters volcanic chain cuts across
ancient Long Valley caldera, and consists of volcanic
domes, craters and lava flows that stretch for 50 km
north-south, subparallel to the eastern front of the Sierra
Nevada (Fig. 3). Although there may be some older
events, almost all eruptions within the chain occurred
less than 50,000 years ago. Because of the variety of
magma and eruption types, and the migration of vents
in time and space, it is nontrivial to discern patterns of
eruption behavior.
We conducted experiments with patterns from the

Mono-Inyo Craters characterized by the concentration
of 15 chemical elements, representing an indication of
originating from different magma chambers. Magma
chambers are inaccessible to direct observation and the
information on ground truth for determining the accu-
racy of the result of clustering of geochemical data is
rarely available. However the ground thruth for the par-
titioning of some patterns can be established by check-
ing the distribution of the resulting clusters on a map
and evaluating this distribution against known proper-
ties of the survey area [40] with further confirmation of
the result by consensus of a group of experts.
Our database included 66 patterns, for which parti-

tioning into 7 clusters was confirmed by expert consen-
sus (“knowns”) and 68 patters without annotated class
labels (“unknowns”). The data used for clustering com-
prised 91 patterns from the database, which included 66
“knowns” and 25 randomly selected “unknowns.” The
performace of the proposed combination method was
evaluated based on an accuracy score [15] computed
as the proportion of the correctly partitioned “known”
patterns.
The experiments were conducted with combination

of fuzzy k-means clustering, which is more appropri-
ate for clustering geochemical data for defining magma
chambers since the level of participation of each pat-

tern in each cluster allows for consideration of a degree
of partial membership, which can be construed to be a
measure of the degree of mixing of magma. The max-
imum number of clusters considered in all the experi-
ments was 9. The clustering results selected for combi-
nation corresponded to the optimum values of various
cluster validity measures obtained in 25 runs each. Uti-
lization of validity measures allowed for reducing the
number of partitions to be combined and helped to avoid
inclusion of very weak partitioning in the combination.
The combined partition was obtained by applying the
single-link method over the similarity matrix by using a
natural fixed threshold of 0.5 over pignistic probability.
The results of the fuzzy k-means algorithms included

in the combinations were obtained with a degree of
fuzziness m= 2, as used in the majority of practical
applications [7]. Three well known cluster validity mea-
sures were employed: Xie-Beni and Fukuyama-Sugeno
indices optimizing different functions of cluster com-
pactness and separation (see, e.g. [24], and Rezaee in-
dex based on measures of the degree of variance within
each cluster [27]. The combination results were aver-
aged over 7 trails: one with the “known” patterns only
and 6 with both “knowns” and 25 “unknowns” selected
randomly. The fusion results were compared with indi-
vidual partitions participating in the combinations, the
fusion results obtained with a similar method based
on concensus matrix obtained with majority voting
[11, 12], and ground truth (Tables I and II).
The results presented in Tables I and II demonstrate

a superior performance of the evidential combination
method as compared with the results corresponding to
the best values of the validity indecies as well as the
hard combination method.

6. CONCLUSIONS

The paper presents applications of fusion techniques
to designing an intelligent system to support geologists
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in processing complex rock characteristics for interpret-
ing eruption patterns. The paper has also discussed the
system architecture and applicability and benefits of de-
cision fusion within the framework of the Transferable
Belief Model to designing of such a system.
Special attention has been paid to the description

of a new evidential method for clustering combination
aimed at improved vent partitioning based on geochem-
ical features for defining the size and position of magma
chambers. This soft method utilizes the belief model for
building and combining the evidential consensus matrix,
which represents a new natural pattern proximity mea-
sure and can be used in any clustering algorithm based
on the distance between patterns.
The research reported in the paper is a step in de-

signing an intelligent system to support geologists in
eruption forecasting for volcanic chains and fields, areas
that would otherwise be difficult, perhaps impossible to
characterize and understand for large amounts of com-
plex data. For a single geologist working in a complex
region with large amounts of geochemical and lithos-
tratigraphic data, the techniques provide a route to ob-
taining a “second opinion” about the meaning of those
data. For the Mono-Inyo Craters used in the present ex-
ample, these results allow us to gain confidence about
our estimates regarding the number and positions of dif-
ferent batches of magma in the subsurface that could
potentially generate a future eruption.
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