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ABSTRACT

Mulargia, E, Gasperini, P. and Marzocchi, W., 1991. Pattern recognition applied to volcanic activity: Identification of the
precursory patterns to Etna recent f1ank eruptions and periods of resto J. Volcano/. Geotherm. Res., 45: 187-196.

Computational pattern recognition is an invaluable tool in understanding the phenomenology of complex processes and
represents the first step towards their effective physical modeling. So far it has never been used in volcanology. We discuss in
detail pattern recognition algorithms of the "logic" type and present an application to the recent eruptive activity of Mount
Etna volcano. The specific aim is a characterization of the intermediate-term precursory patterns to its f1ank eruptions. A
comparatively successful recognition is obtained, providing the combinations of parameters which have been precursory to
eruptions and periods of rest in the last fifteen years. The recognized patterns yield two main results: (a) the seismicity in
the Gulf of Patti is identified as the most important precursor, and a further correlation study confirms this issue as highly
significant, implying that regional tectonic stress, and in particular the structures around the Tindari-Giardini lineament,
play a fundamental role in triggering Etna f1ank activity; (b) an operative prediction-oriented application of the recognized
precursory patterns is tentatively possible.

Introduction

The term pattem recognition embraces vast
and diversified fields of research. Its most
generaI definition is a search for a struc
ture in the data. Obviously, this assumes that
the phenomenon under study occurs accord
ing to a number of complex, but well defined
and repetitive schemes. Pattern recognition
is in principle the most complete and effec
tive means of deciphering the data globally
available relative to a given process, since it
extracts information not only from each single
variable, but also from any possible combi
nation of variables without the need of any

model. In fact, pattern recognition is the only
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practical tool in all cases in which a phys
ical mode l is unavailable. Its main scope is
actually to provide a phenomenological pie
ture as clear as possible to be used as a basis
for deriving a reliable mode l. This feature is
particularly appealing in all the fields, like
vo1canology, which have a very complex phe
nomenology. Techniques of pattern recogni
tion are applicable to data, quantitative and/
or qualitative, drawn from virtually any physi
cal processo Examples are stock shares, medi
caI records, fingerprints, photos, etc. The old
est, and still most popular method of anal
ysis, is the visual one. MedicaI diagnosis is
the prototype of this traditional subjective ap
proach, and the classical "geological" inter-
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pretation is another one. More reliable forms
of data analysis have been developed thanks
to modern computing technology. At present,
two lines of approach lead the field: they are
respectively based on statistics and on logic.
Each of these lines, and each specific algo
rithm within them, has its own advantages
and defects. Final success depends therefore
essentially upon the choice of an algorithm
which is effective under the particular prob
lem under study.

Computational pattern recognition in geo
physics has been predominant1y used in the
space domain to identify oH fields (Bongard
et a1., 1966) and to predict the epicenters
of large future earthquakes (Gelfand et al.,
1976; Caputo et al., 1980). It has also been
used in the time domain to identify the seis
micity patterns that occur before large earth
quakes (Keilis-Borok et al., 1988). No ap
plication has been made yet to vo1canology,
in spite of the fact that the latter appears
as an almost ideally suited field. We fill this
gap, first by discussing in detail how a typical
pattern recognition algorithm based on logic
works, and, second, by applying it to the re
centvolcanic activity of Mount Etna.

Pattern recognition algorithms based on logic

Pattern recognition algorithms along the
"logic" line of approach operate essentially
in three separate phases: (a) leaming, which
scmtinizes the available information and rec

ognizes the precursory patterns; (b) voting,
which verifies the effectiveness of the recogni
tion; and (c) control experiments, which check
the stability of the recognition. Let us exam
ine each phase in detail.

The leaming phase

In learning, the first step is the descrip
tion of the objects of the recognition by an
appropriately chosen set of parameters. For
example, the objects of the recognition of
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earthquake prone areas are sites on the Earth
surface, and the parameters are the ones "sus
pected" to have a physical influence on earth
quake generation, i.e. the distance from tec
tonic lineaments, the number of faults, the
surface morphology, the elevation, the dis
tance to a geothermal zone, etc. As a generaI
mIe it is convenient to include all parameters
potentially relevant, since the algorithm itself
provides to some extent for the elimination of
the unimportant ones.

The objects are classified as belonging to
one and only one of usualIy two classes. Class
I includes alI the objects with a specific at
tribute, Le., in the latter example, all the
points on the Earth's surface which have been
epicenters of past large events, class II all the
other ones.

Pattern recognition algorithms along the
"logic" line represent the objects as answers
(YES/NO) to a questionnaire. Dealing with
qualitative data this is straightforward, but
the use of quantitative data requires to subdi
vide the measured range for each parameter
in a number of subintervals, so that a given
value is simply represented as a YES answer
in the subinterval which contains it. In gen
eraI, the partition itself has a quite criticaI ef
fect on the recognition. Standard partitioning
methods are: (a) divide the whole measured
range for each parameter in two subintervals
at the median; (b) divide the measured range
in the smallest number of subintervals with

approximately equal population and withthe
same dominant tendency, i.e. with a difference

larger_th,an_10% (in absolute value) betweenth~eof objects in class I and class II.
The first method tends to give a more stable
recognition, the second a more accurate one.

A trait, i.e. a combination of three parame
ters with specific values, is recognized as P if
it is present a number of times 2: klP in class
I and a number of times ~ kzp in class II.
Analogously, a trai t is recognized as N if it is
present a number of times 2: klN in class II
and a number of times ~ kZN in class L The
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choice of the thresholds :S klP, k2P, klN, k2N

is made by trial and error, attempting to ob
tain a number of traits comprised between 7
and 15 for each class. This range gives empir
icalIy the highest efficiency. The recognized
traits yield also the importance of the single
parameters: the most significant P parameters
are common, with the same values, to sev
eral traits P and absent in the traits N. This
observation also holds, reversed, for the N
variables. Note that patterns more complex
than the combination of three parameters are
identified as two or more traits.

Class I and class II objects have paramet
rizations which is inevitably affected by er
rors, both experimental and introduced by the
partitioning itself. Therefore, classes I and II
represent a "blurred" image of the sets P and
N, in which errors are absent. The final goal
is to recognize a set of distinctive features for
the sets P and N on the basis of the distinctive

features apparent in classes I and II.

The voting phase

The voting phase is tailored to assess the de
gree of coincidence of sets P and N with classes
I and II. It reconsiders the objects one at a time
and identifies them as P or N according to the
recognized set of distinctive features. Identifi
cation is based on the difference ~ = np - nN,

where np and nN are respectively the numbers
of distinctive features of type P and N of the
cluster. A cluster is identified P if ~ ~ .6.,and
N if ~ < .6.,where .6. is a given threshold.
Also .6. is chosen by trial and error trying to
reach an identity as close as possible between
the sets, P, N and the classes I, IL The voting
step measures the formai validity of the recog
nition, which is optimal when the sets P and N,
with a number of traits comprised between 7
and 15, differ marginalIy from classes I and II.
This near-coincidence, which is achieved when
80% or more objects have been correctly iden
tified, stands for the existence of a structure in
the data.
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The contrai experiments phase

Once the patterns have been identified we
face a crucial question: to what extent are
they significant? This is indeed a very impor
tant step in alI recognition algorithms along
the "logic" line since there is no statistical
control and the whole process may simply re
sult in fitting an inordinate amount of param
eters. This analysis of significance is devoted
to control experiments, which consist first of
alI of a stability study (cf. Gelfand et al.,
1976): small changes are imposed on the vari
ous thresholds klP, k2P, k1N, k2N, .6.,and slight
variations are imposed on the learning veri
fying that the results are virtualIy unchanged.
Second, a simulated test is made on the se
ries of the available records: the learning and
voting phases are effected on a truncated set,
while the rest of the available data are used
to verify the validity of the recognition. If the
characteristic features identified on the trun
cated sets classify correctly the rest of the
data, then the recognition is successful.

An application to MOllnt Etna recent flank
activity

Mount Etna vo1cano has been (Sharp et
al., 1980; Barberi and Villari, 1984) and is
presently one of the most extensively moni
tored of the Mediterranean region. Its gen
eraI structure and phenomenology are rel
atively welI known (Rittman, 1973; Chester
et al., 1985; Mulargia et al., 1987). However,
the almost continuous activity in the termi
naI crater together with the foul weather and
poor visibility conditions often encountered
in the winter did not yet alIow to compile
a reliable catalog of summit eruptions (cf.
Cristofolini and Sturiale, 1983). This prevents
a complete analysis of Etna eruptive mecha
nisms since some estimates of the recent out

put of Etna yield values comparable (if not
larger) to the flank output (Wadge and Guest,
1981).
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On the other hand, a reliable catalog exists
for flank eruptions. Restricting the analysis to
the latter ones does not obviously alIow to
understand the whole picture of Etna activ
ity. However, this analysis appears interesting
in two respects, one practical and the other
one physical: (a) flank eruptions are by far
the most important in terms of impact on the
territory; (b) flank eruptions alIow to discrim
inate between the two basic "engines" of vol
canic activity, i.e. magma feeding and tectonic
stress (cf. Shaw, 1980).

As regards the first point, we have to recall
that Mount Etna slopes are rather densely
populated and that alI recent flank eruptions
caused considerably damage, including de
struction of buildings, roads and of part of
the Circumetnea railway. Furthermore, each
eruption induced generalized panic, which in
turn made it difficult to organize an efficient
defense strategy. The capability to predict
with an advance of at least a few days the
onset of an eruption would have therefore a
high practical relevance. So far, no clear pre
cursor has been yet identified and also the
successful cases were relative to very short
term (hours before the eruption) phenomena
of no practical use (Gresta and Longo, 1988).

As regards the second point, we must con
sider that summit eruptions take pIace in welI
localized vents without substantial opening
of fractures, indicating a direct link with the
magma feeding mechanisms. On the contrary,
flank eruptions, even when they take pIace
close to the summit, are accompanied by ex
tensive downslope fracturing mostly oriented
at NNE-SSW (NI5°), i.e. along one of the
dominant trends of tensional regional stress
(cf. Guest, 1982; Lo Giudice et al., 1982).

In the present work, we study through a
logic-based pattern recognition algorithm the
recent Etna flank activity, attempting to iden
tify the precursory patterns in a temporal win
dow starting 40 days prior to eruption. This
interval is optimal for organizing an effec
tive alert strategy. At the same time it should
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provide quite a clear picture of the physical
processes which rule the onset of eruptions at
intermediate time-scale.

The data

We choose as objects of the recognition the
seismic clusters occurring in a circular of re
gion with a radius of 120 km centered at Etna.
This choice alIows to account, through the
simplest possible geometry, for alI the three
main seismicalIy active regions surrounding
Etna, i.e. the Straits of Messina, the Gulf
of Patti, and Mount Etna itself (see Fig. 1).
Choosing a larger radius would result in the
inclusion of events from quite different tec
tonic settings with a much looser link with
Etna (Scandone, 1979). We define a cluster
of seismic events simply as a group of one
or more events which occur in the region
considered within 7 days. A seismic cluster
is defined precursory to a flank eruption if
it occurs 40 days or less before the eruption.
We characterize each seismic cluster using the

TABLE 1

Etna flank eruptions in the period Jan. 1 1971-Sep. 31 1989
compiled according to a criticaI comparison of the avail
able references, i.e. Wadge and Guest (1981), Tanguy (1983),
Cristofolini et al. (1987), S. Gresta (pers. commun., 1989).
The first eruption in the list is outside the period of study
(1974-89) and does not enter the recognition, but serves to
parametrize the first c1uster

Starting DurationVolumeMean effusion
date

(days)(106 m3)rate
(106 m3 day-l)

15/06/1971

9270.1
31/01/1974

4660.1
29/04/1978

38lO0.3
23/08/1978

830.4
23/11/1978

850.6
03/08/1979

7121.7
17/03/1981

7304.3
28/03/1983

132750.6
10/03/1985

126300.2
25/12/1985

710.1
30/10/1986

122600.5
27/09/1989

lO306.0
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Fig. 1. The region considered showing the epicenters of the seismic events (M 2: 3.0) in the period 1 January 1974-30 September
1989.

folIowing parameters: the eoordinates of the
eentroid, the number of events, the maximum
magnitude, the time elapsed from the previ
ous c1uster, the month of the year, the time
elapsed from the last flank eruption, its vol
ume output, and its mean effusion rate. Note
that while the objects of the reeognition are
the seismie c1usters, our parameter set eom
prehends seismologieal information as welI as
implicit atmospherie information on c1imate,
and vo1canologieal information regarding the
previous eruption. This set is not meant to
exhaust alI the variables that may influenee
Etna vo1canie aetivity, but it eovers most of

the presently available data.
We take the epieentral data from the Bol

lettino Sismico of the Istituto Nazionale di

Geofisiea (ING), whieh runs a nationwide
eentralized seismie network. This network has

reaehed a good eoverage of the whole Ital
ian territory in year 1974. We will therefore
restrict the period of analysis to the last fif
teen years. The number of stations has sinee
steadily inereased and is now 72, twelve of
whieh are within 150 km from Etna. How

ever, due to the speeifie geometry of the seis
mie network and its ehanges in time, the ING
earthquake eatalog is affeeted, as any other
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TABLE 2

The distinctive features of precursory (P) and non-precursory (N) seismic clustersDistinctive features PTraits

NumberMaximumTime fromTime fromVolume ofEffusion rateMonthLatitude ofLongitude of
of events

magnitudepreviouspreviouspreviousof previous centroidcentroid

cluster
eruptioneruptioneruption

(days)

(days)(106 m3)(106 m3 day-l)

Discretization threshold(s):

23.38212507005450.20.45lO37.8 14.915.0

1

2:0.2 and ::;0.42:5 ::;15.0
2

2:3.3>700 >15.0
3

::;0.4>37.8> 14.9 and ::; 15.0
4

>250<5 and 2:10>14.9 and ::;15.0
5

::;8::;5 and >45 > 14.9 and ::; 15.0
6

::;8 <5 and 2:10>37.8
7

<3.3 ::;0.4>37.8
8

>8 and ::;21>45<lO
9

::;21>700
lO

::;700::;0.42:10Il
<3.3 ::;52:5

12
2:3.3>700 <5

Distinctive features N
Traits

NumberMaximumTime fromTime framVolume ofEffusion rateMonthLatitude ofLongitude of
of events

magnitudepreviouspreviouspreviousof previous centroidcentroid
cluster

eruptioneruptioneruption

(days)

(days)(106 m3)(106 m3 day-I)

Discretization threshold( s):

23.38212507005450.20.45lO37.8 14.915.0

1

::;7002:5 and <lO::;37.8
2

::;250<0.2 and >0.4<5 and 2:10
3

::;700>45 2:5
4

>21>5>0.4
5

2:3.3::;700>0.4
:'l1

s:6
2:3.3::;8 and >21 >0.4 c

r-7 ::;21::;250 <0.2 and >0.4 »"8
2:3.3::;250<0.2 and >0.4

o
S;9

<22:3.3 ::;700 :'l1-I»,.
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catalog, by problems of completeness (Mu
largia and Tinti, 1985). These may seriously
bias any analysis. Correcting them implies a
tradeotf between the length of the time in
terval in which the catalog is complete and
the lower magnitude threshold. The statisti
cal analysis of completeness (Mulargia and
Tinti, 1985) yields that for our set the thresh
old M ~ 3.0 together with the time interval
1 January 1974-30 September 1989 provide
an optimal compromise, resulting in a total
of 340 events. According to this catalog we
identify 173 c1usters.

Etna had Il flank eruptions in the same
period (Table 1). Two eruptions, which started
respectively on the 17 March 1981 and on the
28 March 1983, were not preceded by any
seismic event by 40 days or lesso Henceforth,
we can expect that precursory c1usters, and
therefore a direct link with the regional stress
field, to exist in most but not all cases.

The recognition

Pattern recognition is etfected through a
modified cORA-3 algorithm (Gelfand et a1.,
1976), which is an improved version of the
algorithm which proved successful in oil re
search (Bongard et a1., 1966). In the learn
ing phase, seismic c1usters are divided in two
c1asses: c1ass I inc1udes c1usters which oc

curred 40 days or less before a flank eruption,
c1ass II all the other c1usters. The partition of
the measured interval range for each parame
ter is etfected according to the "predominant
tendency" criterion. At most three subinter
vals are found to be sufficient in all cases (see
Table 2).

The "best" threshold values are found to

be kIP = 4, k2P = 5, kIN = 38, k2N = O. With
the distinctive features and the partitions of
the measured ranges shown in Table 2, we
identify 12 distinctive features for c1usters P
and 9 for c1usters N (Table 2). The most sig
nificant P (precursory) parameter appears to
be the centroid of the epicenters of the c1us-
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ters, which is sited in the Gulf of Patti and

not, as it would appear more natural, in the
proximity of Etna.

In the voting phase, the recognized distinc
tive features, together with a Li = 1, allow
a formally very good recognition of past pre
cursory patterns. A total of 38 c1usters Pare
identified, and 19 of them are in c1ass I. Since
c1ass I, which fits our definition of true pre
cursors, has 20 c1usters, 19 out of 20 are cor
rectly identified. Note that the "missed" c1us~
ter would have had no practical consequence
in terms of prediction since it occurred with
another P c1uster correctly identified (Fig. 2).
The remaining 19 c1usters are erroneously
identified as P. A total of 135 c1usters are

identified N (non-precursory), 134 in c1ass II
and one (the above "missed" P c1uster) in
c1ass I. The recognition is therefore wrong in
only 20 cases out of 172.

In the control experiments phase, we first
vary the thresholds kIP, k2P, k'N, k2N, Li by
one to three units. Second, we operate the
recognition eliminating one parameter at a
time. The recognition appears generally sta
ble. Third, we base the learning and voting on
a truncated set and check if the traits recog
nized on this set allow to predict the erup
tions which have been omitted. This test of

simulated prediction of future events is mod
erately successful: the use in learning of both
the series truncated at November 1988 and

at January 1986, Le., before the last eruption
and before the last two, gave correct predic
tions. In other words, if an identical study
had been made at the beginning of 1986, the
last two eruptions, which occurred on 30 Oc
tober 1986 and 27 September 1989, would
have been predicted with an advance of ap
proximately three weeks each. The test fails if
learning is based on the series truncated be
fore December 1985. This may reflect both a
change in the patterns of occurrence of flank
eruptions, deficiencies in the algorithm and/
or in the available data.
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Fig. 3. The cross correlogram of the time series of Etna flank
eruptions and of seismic clusters in the Gulf of Patti. The
functions analyzed are number of events in 210-days intervals
starting on 1 January 1974. Negative lags indicate that earth
quakes precede the eruptions. The 95% and 99% significance
bounds are also shown.
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The recognition of the patterns of occur
rence of Etna flank eruptions appear moder
ately successful and provides an encouraging
base for further development. In particular,
two aspects appear interesting, one regarding
the physics of the process and the other one
the prediction of future events.

The first one concerns the identification

of the seismicity in the Gulf of Patti as the
most important parameter, suggesting that
flank eruptions are correlated to the occur
rence of earthquakes in the structures along
the Tindari-Giardini line. We further ana

lyze this issue through full statistical testing.
Namely, we test the correlation between the
time series of the eruptions and that of the
seismic clusters with centroid longitude com
prised between 14.9 and 15 E and latitude
greater than 37.8 N, as indicated by the recog
nition.

Specifically, we analyze the number of
events in 21O-days intervals, and the result
ing correlogram is shown in Figure 3. A value
of 0.595 is found at zero lag, which means
that the correlation between the two series is

highly significant (the corresponding level is
larger than 0.99). This gives definite support
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Fig. 2. Seismic clusters P, precursory to a flank eruption, occur
at the vertical side of the solid triangles, and seismic clusters
N, precursory to rest, occur at the vertical side of the open
triangles. The horizontal side indicates the prediction interval
(40 days). Vertical arrows indicate the starts of flank eruptions.
The oblique arrow indicates the "missed" P cluster (see text).
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to the issue that regional tectonic stress, and
in particular the structures along the Tindari
Giardini line, play a crucial role in ruling Etna
flank activity. Note how, from the point of
view of methodology, this result provides a
proof of the propaedeutical validity of com
putational pattern recognition in selecting the
parameters, and their specific range, relevant
to a given processo

The second aspect regards the potential
importance of N clusters in terms of pre
paredness to a future event: while P clusters
indicate that a flank eruption should occur
any time within the next 40 days, N clusters
indicate that no eruption should take pIace
within the following 40 days. Three states of
alert are therefore possible: if a cluster with
distinctive features N occurs, a flank erup
tion in the next forty days is "unlikely"; if a
cluster with distinctive features P occurs, a
flank eruption is "likely"; if no cluster occurs,
the present pattern recognition approach can
not give any answer. While the small number
of eruptions prevents a reliable statistical ap
proach, a rough estimate is possible, based Oli

past frequencies of occurrence: the probabil
ity of eruption is less than 1% in the forty
days following a cluster N, 50% in the forty
days following a cluster P and 4% in any forty
days aseismic interval. The latter estimate is
based on the fact that two eruptions, the 1981
and 1983 ones, took pIace in this state, which
lasted approximately 2050 out of 5750 days.
Many clusters occurred as less than forty days
from each other, resulting in a total of ap
proximately 1100 days for the state P and
2600 days for the state N (see Fig. 2). The
average time between the occurrence of a P
cluster and the following eruption has aver
aged 22 ± 12 days, an almost ideaI value for
activating emergency procedures of civil de
fense. These considerations suggest that the
recognized traits can be tentatively used for
predicting future activity.
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