Classifying infrasound signals at Mount Etna

using pattern recognition techniques ClAlU
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Introduction Method Classification Results

Active volcanoes in densely populated areas like A pattern is described by as set of features. SOM The SOM result is displayed as the projected lattice of nodes with their assigned colors
Mt Etna (Italy) need constant monitoring to assess recognizes pattern similarites by a distance metric (fig. 3). Similar colors refer to similar pattern representations. The color information
the risk of natural hazards. in the feature space. The recognition is performed of the nodes can be transfered to the individual patterns that are represented by the
Infrasound recordings are a sensitive tool in this on a training data set. The trained model can then respective node. Combined with the time series of the infrasound waveform, pattern
context to detect volcanic activity that is coupled later be used to classify any newly acquired pat- changes in the time series become easily identifiable (fig. 4).
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Because volcanic infrasound signals are overlain windows we obtain a set of ten values describing , ,/.>|§i< the projected feature vec-
by various (mostly weather induced) noise signals, the median amplitude in logarithmically spaced ,‘, ‘ tors of the training data set.
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cally classify typical infrasound regimes at Mt Etna, Fig 1. Layout of the infrasound network at training process. This set s.hould represent all ex- L] AN cfﬁgk‘i» A s i the P.I’II’ICI,DO/ Component
e.g.windinduced noise, low amplitude background Mt Etna. We use data from station ESLN gt | | Pected and relevant scenarios at Mt Etna. Beckaround T Y ""‘ o A analysis ana’- are not rele-
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Inf dSi | ture vectors of the training data set by performing related nodes and colors.
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We anaTIyze data from station ESLN (see fig. 1) OB:OO:OO-WMMWWW the nodes, function as prototype patterns for all oo

in the time frame from Dgc 28, 2018 to Feb 29, W%MWW Oyl feature vectors for which they are the closest node. .

2020. We found this station to be less affected WWWKWHWWW During this process the summed distance between 10t

by wind noise or data gaps. W%MWMMW each node and its associated feature vectors is min- Lo
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gassing processes) or infrasound events which ¢ Freriesmstent [Infrasound Eventy-r- /. e o , Fig 4. Root-Mean square of the infrasound waveform (black line) with the color of the

. O . . . = eomcomriraetoced tpereanee e ShA— Then, the node lattice is projected onto a 2D plane . . .
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Fig 2. 4 h data example of the unfiltered infra- & o WWWWWMW WA o thi , mint colors represent periods of low amplitude background noise.
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sound waveform. Infrasound tremor is visible as 11:00;00-mew WWMW that are close in the higher dimensional feature .

the low amplitude background signal. It is over- W%WWMWW space are also close in the projected space. Conclusion

lain by infrasound events which manifest as high WWMWWW Finally, a color is assigned to each node based on SOMs allow an effective visualization of multivariate pattern characteristics and their
frequency transients. More chaotic periods can OW1WW3W4WSW its position on the projection plane. This only sup- change over time. By using ten spectral features we were able to identify well defined
kbe described as wind noise. time in minutes | ports the visualization of the results. ) kinfrasound regimes and their relation to the state of volcanic activity at Mt Etna. )






