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We applied automatic pattern recognition techniques to
classify volcanic tremor data recorded during different
states of activity at Etna volcano, Italy. The choice of
automatic classification methods 1 determimed by the &
necessity to solve rather complex discrimmation o
problems using as little a-ptiori information as possible. |
Following Masottt et al. (2000), we tramed a Support
Vector Machine (SVM) classifier and compared 1ts
performance with those achieved by methods usmg
supervised learning, such as Artificial Neural Networks
(ANN), and unsupervised learning, such as Cluster

Training and test of the classifiers were carried out ustng 425
spectrogram-based feature vectors. The latter were calculated
from 142 time sertes with duration of 10 min from 7 and NS
components and 141 from EW. In our applications, each
spectrogtam of volcanic tremor represented a pattern belonging
toagiven class. We established four target classes, L.e., pre-eruptive,
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Analysts (CA). The performance of SVM and ANN lava fountains, eruptive, st-etuptive. [ixamples of the
was also tested with and without the applicattion of #. R ' patterns arec : “ & _‘ vy . e et T E S

Genetic Algorithms (GA). LR as L G L G AL T . S O S SRR W A S—— s

Our seismic data analysis ranged from 1 July to 15 e | § . " 'y e, e S '

August, 2001, and included 16 days before the onsetand  § : = 3 B~ =T B - RN, S . S dar Ol .
7 days after the end of a flank eruption (F1). The Ee Sl SRS 5 - s N\ oG R AN R ' PRt T EPR-. . wu M 1T . 0N (55)
persistent background radiation (called volcanic - e R L VIR IR Y ; s ST e e TRU (180)
tremot) was recorded at a seismic station ESPD (F1)
deployed 6 km southeast of the summut craters, over a
time span encompassing eptsodes of lava fountamns and
223 day-long effusive activity.

F1 - Eruptive field at Etna in 2001. C.C. sta

~ ) -
for Central Craters. The blue square matks
location of the seismic statton ESPD.
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2 - From left to right, examples of pre-eruptive, lava fountain, eruptive, and 7 :
post-erupttve patterns: (a) time series, (b) spectrograms. The examples are . , kA Bl St s —————

taken from the Z component. PSD stands for power spectral density. : - . 3 N 0 s AR I
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SVM 1s a supervised classification method whete nonlmearly : \ R ¥ R N N Erw—— -
separable classtfication problems ate converted into lmearly \ ‘ _ haidie ool LR 2 M T
A fundamental feature of ANN 15 that it 15 possible to solve R
classification problems of arbitrary complexity. The procedures
followed for the estimation of the discrimmation function do not
require any a-priort knowledge about its mathematical structure.
Formally the classtfication 1s carried out by applymg a mappimg
function of the mput vector X (which represents our signals) to an
output vector Y (here the class membership values). The mapping

function s given by
'e /

NH
yk(X)=chc5(ij-X+tj)+c:0

j=1 where T is the transpose and G, = (det S)""S,", S, is the

separable ones using a suitable transformation of the patterns
(Vapnik, 1998). For a two-class classtfication problem, the dectsion
function determmed during the SVM training 1s the so-called
maximal margin hyperplane, namely the hyperplane which causes the
largest separation between 1tself and the border of the two classes
under consideration (I'3a). This border 15 defined by a few patterns,
the so-called support vectors (F3a). As the hyperplane calculated by
SVM s the farthest from the classes in the tramning set, 1t 18 also robust
in presence of previously unseen patterns. Throughout the tramning,
SVM computes the maximal margm hyperplaneas

r
()= sgnlw-x+b)=sgn v ya,(x-x )+b

CA 15 an unsupervised classification tool, which requires only
limited a-priori information about the structure of the data set. Its
task 15 to partitton the data mto groups with maximum mternal
homogeneity. Accordingly, m our application each cluster has its
typical pattern which 15 given by the rms amplitudes m three
frequency bands between .24 and 15 Iz, and bandwidth of 5
Hz. Asameasute of homogeneity we use the distances:

dzﬂi = (Za Xy TGk (%%

dispersion matrix of rank n = 3. An example of CA of a 2D
demonstration data set taken from Spith (1983) 1s gtven m I,

hidden 121}"61'_, Cj are the \Veightg between hidden and Output la}ret’ '[]. are The characters 1 the flgU.I'C have no pllySlCEll mp ortance, as they

biases, 6( ) is the sigmoid activation function 6(z)=1/(1+¢?, ¢, is a UENSIE SEns 2 DB g G BT

constant. I'4 depicts a stmple architecture of ANN, the so-called
Multr-layer Perceptron (Rumelhartetal., 19806).

where Yk is the k-th element of Y estimated by the network, X is the
i=1 input vector, W; ate the vectors of the weights between mput and
where the vector of weights w 1s calculated m terms of the scalats a,

o The results obtained with the application of GA for the optimization of the parameters used by SVM and
ANN slightly mproved (of a few percentage) those obtamed with a trial-and-error procedure, with the
drawback of much longer computation time. Nevertheless, for each method, the results with and without the
optimizatton ustng GA do not change the overall performance. References
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and b by solvinga quadratic programming problem (Vapnik, 1998).
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patterns on the two margins are called support vectors, and are the only ones
contributing to the determination ot the hyperplane. (b and ¢
Transtormation of a non-linear classification problem into a linear one

applying the kernel function ¢ (from Masotti etal., 2000).
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F5 - CA of 2 2D demonstration
data set (from Spith, 1983).

The background photo is courtesy of Alfio Amantia (INGV-Sez. CT).

4 - (a) Topology of an ANN, and (b) scheme of the
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single neuron (from Langer etal., 2000).




