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This report describes the results achieved in task 3.2.3: - Artificial intelligence time-series analysis. This task
was devoted to setting up novel numerical methodologies for multivariate-multiparametric analysis of time
series streamed by instrumental volcano networks, including forecasting approaches based on
spatiotemporal pattern/precursor recognition through semiautomated computer analysis (machine
learning). Within this task, major efforts have been spent to develop new tools and methods, eventually using
machine learning and artificial intelligence, for near-real time processing and analysis of monitored signals
at volcanoes. Here, we report on the obtained results in the following topics:

vi.

Vii.

viii.

New statistical tools for processing volcanic gas datasets, and hence identify new composite indexes
for the probabilistic quantification of the likelihood of a volcanic eruption. These techniques have
been applied to volcanic gas records from Stromboli volcano. New interpretative tools of volcanic
unrest, based on the use of volcanic gases, have also been identified.

New methods for advanced real-time analysis and modelling of GNSS data;

An integrated geophysical-numerical approach to identify permeable fault and fracture systems
controlling natural CO, degassing in tectonically active environments

A Random Forest Machine Learning algorithm to predict electrical resistivity in natural degassing
systems;

Modelling of non-double-couple source mechanisms in volcanic seismicity

On the use of Electrical Resistivity Tomography (ERT) for the understanding of mud volcanoes and
their associated risks;

on novel methods for the near-real-time identification of significant velocity variations in Global
Navigation Satellite Systems (GNSS) records;

on Al methods for rapid and precise earthquake location.
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Volcanic gas geochemistry has long been recognised as a potentially very useful volcano monitoring tool.
Magmatic volatiles have finite solubilities in magmas, causing them to partition into a separate volatile phase
(gas bubbles) at upper mantle to crustal conditions. The intrinsically mobile nature of such gas bubbles
implies that they can separate and escape from deeply stored magma to be eventually emitted at the surface
well before magma. However, the use of volcanic gas observations as truly exploitable eruption forecasting
tools has traditionally been challenged by a lack of quantitative data analysis testing the statistical robustness
of any identified gas “precursor”. This partly reflects the fact that, given to limitations and immaturity of gas
sensing tools and networks, complete (temporally continuous) long-term volcanic gas datasets are limited to
only a few, well-instrumented volcanoes. This has led to monitoring gas data being insufficient (in number,
continuity, and quality) to systematically test patterns indicative of a certain volcanic behaviour.

In order to fill this gap of knowledge, and foster a major advance in the use of volcanic gases as volcano
monitoring tools, we have develop novel methods for volcanic gas time-series analysis and pattern/precursor
recognition (also assisted by machine learning), and have applied these methods to volcanic gas datasets
obtained at Stromboli (within the context of volcano monitoring projects funded by DPC). New interpretative
tools of volcanic unrest, based on the use of sulphur isotopes in volcanic gases and SO, fluxes, have also been
identified.

Stromboli volcano in Sicily (Southern Italy) hosts a well- instrumented volcanic gas monitoring network and,
owing to its relatively steady and well-understood eruptive behaviour, is an ideal test site to quantitatively
explore the link between volcanic gas variations and volcano behaviour. The volcano’s generally mild
(Strombolian) activity is punctuated by the periodic occurrence of sudden, larger-than-normal explosive
eruptions referred as “major explosions”. These explosions occur (2 to 4 times a year on average) without
any obvious precursory change in surface activity, and therefore pose a threat to volcanologists/monitoring
staff, and to the population in the most severe cases. Past work has found a link between periods of high
C0,/S0; ratios in the volcanic gas plume and the occurrence of such explosions, but this association has never
been statistically verified.

In Return, we analysed a nearly continuous record of volcanic gas plume CO; and SO, concentrations and
ratios in the plume, as well as SO, and CO; flux observations, recorded in a four-year (2020 to 2023) activity
period of Stromboli volcano, during which 22 such major explosions took place (Fig. 4.1.1).

This dataset was then processed with novel tools never applied to volcanic gas time-series before (at least to
our knowledge), which included the Conditional Logit model and the Receiver Operating Characteristic (ROC)
analysis. From this analysis, we identified a characteristic pattern in volcanic gas flux/composition time-series
prior to Stromboli’s major explosions, in which most major explosions in 2020 to 2023 were preceded by
periods (of days to weeks) of reduced plume SO, concentrations (highly significant), low SO, fluxes and
increased CO,/SO; ratios (significant). Analysis shows these variations are statistically significant (p values
range from 0.002 to 0.02) over temporal timescales of days to weeks (Fig. 4.1.2). The statistical association

7
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between the occurrence of major explosions and periods of reduced SO, concentrations (very significant)
and fluxes, and high CO,/SO, ratios (significant) is interpreted using a conceptual model in which major
explosions are explained as caused by gas bubble accumulation at a rheological discontinuity, resulting from
deceleration of the shallow convecting magma that supplies the “regular” Strombolian activity.
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Figure 4.1.1: Four years (2020-2023) of gas observations at Stromboli. (a) Rate of occurrence (number of
events/3 months) of major explosions. Yellow and orange stars identify major explosions and
collapse/pyroclastic density currents, respectively; (b) Daily averaged SO, fluxes (t/d); (c) to (f), temporal plots
of (normalized) frequency distribution diagrams of (c) SO, and (d) CO, concentrations in the plume, CO,/SO,
(molar) ratios (e) and CO; fluxes (f). Taken from Aiuppa et al (2025).
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Figure 4.1.2: Odd ratio and 95 % confidence intervals for 7, 15 and 30 days moving averages of the four
parameters analysed. p-levels: Open symbols, n.s., not significant; filled circles, statistically significant. Taken
from Aiuppa et al (2025).

Using results of statistical analysis, we developed a volcanic gas-based Composite indicator (Fig. 4.1.3) that
expresses a gas-based prediction - on a 0 to 1 scale - of having a major explosion, based on the linear
combination of relative risks obtained for the statistically significant parameters (SO, concentrations and
C0,/S0; ratios). Results (Fig. 4.1.3) show that the Composite indicator varied widely during 2020-2023
(range, 0.08-0.90), and that major explosions were recurrently anticipated by increases to >0.48 (the optimal
threshold) days to several weeks beforehand. The confusion matrix (Fig. 4.1.3, right) shows that the algorithm
successfully forecasts (by a-posteriori analysis) 71 % of the events on timescales of week(s), yet being
associated with a large (32 %) False Positive rate.
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Figure 4.1.3: A composite indicator for estimating the likelihood of occurrence of “major explosions”. At
Stromboli. The confusion matrix is shown to the right. Taken from Aiuppa et al (2025).
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Notably, and even better success rate 77 SVC - Mean ROC curve
%) was obtained by processing the same SMOTE param: 2.0
1.0 -
time-series using a Machine Learning
algorithm (SVC, Support Vector Classifier)
(Fig. 4.1.4).
0.8 -
Ultimately, our results prove the existence
of a recurrent volcanic gas temporal
pattern prior to Stromboli’'s major £ ¢
o
explosions, and provide quantitative o
support to the use of volcanic gas E
. . . . . a'
observations for quantifying the likelihood 2 041
of larger-than-normal basaltic explosive "~ y
. . . ’ ROC fold 1 (AUC = 0.79)
eruptions (Aiuppa et al., 2025b). This latter /,’ ROC fold 2 (AUC = 0.82)
aspect has been further explored within 02 s ROC fold 3 (AUC = 0.59)
.£ #
the project by in-depth analysis of volcanic Il ROC fold 4 (AUC = 0.86)
) ) ’ ROC fold 5 (AUC = 0.76)
gas records obtained at Stromboli (Lo Bue 7 -—- Chance level (AUC = 0.5)
Trisciuzzi et al., 2024; Delle Donne et al., =—— Mean ROC (AUC = 0.77 £ 0.10)
0.0 -
2026) and Etna (Aiuppa et al., 2023; Lo Bue 0.0 0.2 0.4 06 08 1.0
Trisciuzzi et al., 2026), and by the False Positive Rate

characterization of the driving processes  Figure4.1.4: AOC curve showing the success rate of a Support
Vector Classifier applied to the Stromboli volcanic gas
dataset.

and mechanisms that control the
generation of these events (Stix et al.,
2025).

The long-lived dormancy periods of hydrothermal volcanoes and calderas are occasionally interrupted by
episodes of escalating seismicity, ground deformation and changes in the chemistry/flux of hydrothermal
fluid emissions. These unrest episodes are of special concern because they can represent signs of potential
volcano reawakening. A remarkable example is offered by the resurgent Campi Flegrei (CF) caldera, in the
suburban metropolitan area of Napoli (Italy) that, after four centuries of dormancy and subsidence following
the 1538 eruption, has entered a phase of unrest since the 1950s, totally a net total uplift of ~4 m during 4
main ground uplift episodes (1950-1952, 1969-1972, 1982-1984 and 2000—present), accompanied by
intense seismicity and escalation in degassing activity. Deformation/seismicity are thought to be caused by
elastic/brittle response of the shallow crust to pressure build-up at the base of the hydrothermal system (at
~3-4 km depth), caused by escalating magmatic fluid transport. However, debate remains on whether
magma is intruding at shallow depth or remains stationarily at depth, hence challenging interpretations of
the future evolution of the unrest.

Emerging evidence indicates that, during unrest, hydrothermal fumaroles exhibit by an increasing transport
of sulphur (Aiuppa et al., 2025b). However, the causes driving this escalating sulphur release have remained
so far poorly understood, because this element can either be sourced by degassing magmas in the crust or
by remobilization of hydrothermal minerals and brines.

10
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Within the activities in RETURN, we contributed to developing novel interpretation models of unrest by

modelling the recent escalation in hydrothermal sulphur (in the form of hydrogen sulphide, H,S) observed at
the Solfatara crater of CF since 2018 (Fig. 4.1.5) (Caliro et al., 2025).

5000

D% SD

o HZS (wmol/mol)
- w
o o
o ()
= =
O

T
n
%j

(&)

(LAD 'sAo%) G, Qo

:

o ©

mi

1
O
(@)

1
—

1 1 1

1982 1992 2002

2012 2022

Time (yyyy)

Figure 4.1.5: Temporal evolution of H,S concentrations and sulphur isotope composition (expressed as &*S)
in the Bocca Grande fumarole inside Solfatara crater, CF. Data from regular monitoring of the Osservatorio

Vesuviano, INGV. Modified from Caliro et al (2025).
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Figure 4.1.6: The compositional vs. sulphur isotope
composition (expressed as 5**S) of Bocca Grande fumarole
point to a shift form hydrothermal (H) to magmatic (M)
signature. Modified from Caliro et al (2025).

An important contribution arising from the
project is the demonstration that isotopic
composition of sulphur is an especially
useful parameters for interpreting unrest. In
the specific CF case, results (Fig. 4.1.5) show
that the increase in fumarolic H,S
abundance was paralleled by a systematic
isotopic shift towards negative sulphur
isotope compositions (8*'S < 0), that
correspond to the isotopic signature of
magmatic sulphur at CF (as inferred from
the sulphur isotopic composition in olivine-
hosted trachybasaltic melt inclusions from
two of the most mafic eruptions of the
recent CF activity; these constrain the CF
magmatic source to have 6%S of ~-1.7 +
1.1%o0, identical to those seen in the

11
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fumaroles. It was hence concluded from modelling the escalation in sulphur transport at CF is consistent with
an increasing transport of magmatic sulphur from a magmatic source located at depths of 26 km (Fig. 4.1.6).

Cecere G., De Martino P., Riccardi U., Di Maio R., 2025. Evaluation of Trimble CenterPoint RTX correction service for Real-
Time GNSS Monitoring: A Field-Based Comparison with RTK positioning. Discover Applied Sciences, 7, 1331,
https://doi.org/10.1007/s42452-025-07889-z

An evaluation of the Trimble CenterPoint Real Time eXtended (RTX™) GNSS correction service was conducted
to assess its suitability for high-precision, real-time monitoring of geohazard-prone areas and critical
infrastructures, including volcanoes, landslides, seismic zones, and engineering structures. Real-time
geodetic measurements are essential for detecting ground deformation with centimetre-level accuracy, but
conventional methods such as single-baseline RTK require nearby reference stations and are limited by
distance-dependent biases. RTX, based on Precise Point Positioning (PPP), delivers global, real-time
corrections without reliance on local infrastructure, potentially overcoming these limitations (e.g., Kouba et
al., 2017; Krasuski et al., 2018).

A series of controlled field tests were designed to simulate realistic ground displacement scenarios. A
geodetic GNSS antenna was connected to two receivers simultaneously: one operating in RTK mode,
referenced to a base station 3 km away, and one using the RTX service. Horizontal and vertical displacements
were manually applied via a micrometric sled and telescopic rod, covering amplitudes of 1-50 cm and rates
from 5x107® m/s to 5x10™* m/s. Additional “blackout” tests simulated temporary signal loss. Data acquisition
produced 108 sessions totaling 286,116 one-second observations, allowing robust comparison of positioning
precision (STD, 2DRMS, CEP50) and accuracy (RMSE, MAE).

Results indicate that RTX consistently achieves precision and accuracy comparable to or exceeding RTK, with
particular improvement for vertical displacements (<1 cm) and rapid deformation scenarios. As summarized
in Figures 4.2.1, RTX performance remains robust across both moderate and rapid displacement rates, and
under signal loss conditions, demonstrating its reliability for both slow-moving deformations (e.g.,
bradyseism or soil subsidence) and rapid events such as landslides. RTX performance also shows reduced
error accumulation over longer sessions compared to RTK.

12
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Figure 4.2.1: Accuracy and precision metrics for GNSS displacement tests. (A) Moderate-rate deformation:
1D North-South (long and short sessions, a—b), 2D North—East (c), and 1D Up—Down (d). (B) Rapid-rate
deformation: 1D North—South (a), 2D North—East (b), and 1D Up—Down (c); metrics include MAE, CEP50, and
STD.

The study highlights RTX as a reliable, scalable solution for real-time geodetic monitoring, with potential
integration into Al-based time-series analysis frameworks for multiparametric geohazard surveillance. Future
work will explore expanded experimental setups, including full 3D motion control, network RTK comparisons,
and long-duration stability assessments, to further enhance real-time monitoring capabilities in dynamic
geological environments.

Salone R., Carbonari R., De Paola C., lezzi F., Di Maio R., 2025. Numerical modelling to identify permeable
fractures from geophysical imaging of natural degassing areas. Example from the Matese Fault system (Italy).
Tectonophysics, 917, 230950, https://doi.org/10.1016/j.tecto.2025.230950

An integrated geophysical-numerical approach was developed to identify permeable fault and fracture
systems controlling natural CO, degassing in tectonically active environments. In natural degassing areas,
accurately constraining the structural pathways of deep fluids is essential for understanding gas migration
processes, assessing environmental impacts, and improving hazard evaluation. Although 3D geophysical
imaging can delineate subsurface discontinuities, it does not directly discriminate between structurally
mapped faults and hydraulically active conduits.

To address this limitation, the study implemented 3D thermo-fluid dynamic simulations constrained by high-
resolution Electrical Resistivity Tomography (ERT), Self-Potential (SP) measurements, and geological-
geochemical data. The objective was to establish a physically consistent relationship between geophysically
imaged structures and the dynamic processes governing H,0—-CO, multiphase flow.

The methodology was tested in the Solopaca degassing area within the Matese Fault System (Southern
Apennines, ltaly). A 3D petrophysical model derived from the integration of the geophysical modelling with
the results of geological-structural and geochemical studies (Vitale et al., 2023) was implemented in the
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multiphase flow simulator TOUGH2 (EOS2 module), using PetraSim as graphical interface. Simulations
reproduced the ascent of a deep H,0-CO, mixture along hypothesized fault zones and were iteratively
validated against measured surface CO, flux data.

The initial conceptual model (Figure 4.2.2a), which assumed multiple permeable discontinuities, significantly
overestimated surface fluxes and showed weak spatial agreement with observations (Figure 4.2.2b).
Following iterative refinement—restricting permeability to two NW-SE normal faults supported by resistivity
contrasts and SP anomalies—the model (Figure 4.2.2c) successfully reproduced both the order of magnitude
and the spatial distribution of measured CO, emissions (Figure 4.2.2d). Statistical indicators (normalized Root
Mean Square Error and low Spearman correlation) showed substantial improvement, confirming the
robustness of the revised structural configuration.
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Figure 4.2.2: (a) Initial 3D petrophysical model of the Solopaca area used to simulate ascending CO; flux. (b)
Corresponding distribution of CO, flow vectors and gas saturation (GS) isosurfaces after 100 years (quasi
steady-state). (c) Refined 3D model including two hydraulically active fault zones (dark green cells). (d)

Simulated CO, flow vectors and GS isosurfaces after 100 years for the refined configuration. In both models,
red cells indicate the deep H,0-CO, source region.
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Furthermore, simulated gas saturation patterns within low-permeability stratigraphic units were consistent
with high-resistivity volumes observed in the 3D ERT model, demonstrating internal coherence between
numerical predictions and geophysical imaging. The results indicate that only a subset of mapped
discontinuities actively controls geogenic CO, migration, while other structures are currently hydraulically
inactive.

The proposed workflow establishes an iterative validation framework in which geophysical observations
constrain the structural model, numerical simulations test hydraulic assumptions, and statistical comparison
with surface flux measurements guides model refinement. This approach enhances the reliability of
conceptual models in complex fractured systems and provides a quantitative basis for discriminating active
from inactive fault zones.

Despite limitations—such as the assumption of homogeneous fault properties and the exclusion of biogenic
CO; contributions—the methodology is transferable to other geological settings, including volcanic systems,
geothermal reservoirs, and CO, storage sites.
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Overall, the study demonstrates that integrating 3D geophysical imaging with thermo-fluid dynamic
modelling significantly improves the structural and dynamic interpretation of natural degassing systems,
transforming resistivity-derived geometries into physically validated models of subsurface fluid circulation

and supporting predictive hazard assessment frameworks.

Carbonari R., Salone R., De Paola C., Di Maio R., 2025. Predicting electrical resistivity in natural degassing geological
systems through petrophysical and thermodynamic data: a machine learning approach. Pure and Applied Geophysics,
https://doi.org/10.1007/s00024-025-03882-0

An innovative machine learning—based approach is developed to predict electrical resistivity in natural
degassing geological systems, which are critical for human safety, groundwater quality, and volcanic hazard
assessment. Although resistivity is highly sensitive to water saturation, gas content, and fluid temperature,
its quantitative interpretation is complicated by the nonlinear relationships linking thermo-petrophysical and
hydraulic parameters to geophysical measurements (e.g., Glover, 2015).

To overcome the limitations of traditional empirical models (e.g., modified Archie’s law), the study
implements a Random Forest (RF) algorithm trained on thermo-petrophysical numerical simulations. The
objective is to establish a predictive relationship between simulated physical variables and 3D resistivity
models derived from Electrical Resistivity Tomography (ERT) surveys.

The methodology was tested at two CO,-dominated degassing sites in southern Italy (Solopaca and Ciorlano).
For each site, a 3D ERT-derived resistivity model and a thermo-petrophysical numerical model were
developed and spatially harmonized for training (Di Maio et al., 2021; Salone et al., 2025). The RF model
achieved high predictive performance (R? = 0.80 at Solopaca and 0.94 at Ciorlano, Fig. 4.2.3), significantly
outperforming conventional Archie-based approaches (Figure 4.2.4), particularly in complex geological
settings with variable porosity and saturation.
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Figure 4.2.3: Resistivity prediction using the Random Forest algorithm for the (a) Ciorlano and (b) Solopaca
model.
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Figure 4.2.4: Comparison of resistivity predictions for the Solopaca model obtained using the Random Forest
algorithm (blue dots) and the modified Archie’s law (orange dots).

Moreover, feature-importance analysis showed that the most influential predictors are directly linked to
system dynamics (heat flow, gas migration, thermo-hydraulic conditions), demonstrating the model’s ability
to learn physically meaningful and generalizable relationships. This enables iterative integration of
geophysical monitoring data with numerical models, refining thermo-petrophysical parameters until
simulated and observed resistivity values converge within a multi-method monitoring framework.

Despite limitations—such as spatial resolution mismatches between models and the need for detailed site-
specific input data—the framework is transferable to other geological contexts, including volcanic
hydrothermal systems, geothermal reservoirs, and CO, storage sites. The approach also opens perspectives
for near—real-time applications through continuous integration of ERT and magnetotelluric data.

Overall, the study demonstrates that integrating thermo-petrophysical simulations with machine learning
significantly enhances the quantitative and predictive monitoring of natural degassing systems, transforming
resistivity measurements into a dynamic tool for constraining subsurface processes and supporting risk-
informed management strategies.

The study of non-double-couple source mechanisms in volcanic seismicity is essential to unravel the
complexity of volcanic processes, gain insights into magma dynamics, understand fluid-induced seismicity,
characterize fracture and fault systems, explore volcano-tectonic interactions, and improve hazard
assessment in volcanic regions.

The determination of the non-double-couple components requires advanced seismological techniques, as
seismic signals from volcanic events can be very complex. Moment tensor inversion is generally used to
analyze seismic waveforms and determine the components of the moment tensor that can be decomposed
into a double couple and a non-double component associated with the seismic event.
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In this study, we report a preliminary analysis of the non-double-couple components of a selected dataset of
the highest energy seismic events (ML > 3.4) that occurred in the Mt. Etna area in the period 2005-2022.

T,
P i

The solutions obtained by moment tensor analysis show that the double-couple components dominated the
source mechanisms during the study period. In contrast, in the Pernicana fault system, mechanisms not
related to double-coupling were predominantly observed, probably due to the presence of fluid circulation.
These initial results, obtained in collaboration with researchers from the Osservatorio Etneo -INGV, form the
basis for further studies on the interpretation of non-double mechanisms in the context of volcanic dynamics,
which will be the subject of next year's work.

The moment magnitude (MW) determined for the 2005-2020 data set contributed to the definition of a data-
driven ML - MW relationship for the Etnean region. Accurate quantification of the energy released by the
seismic activity in volcanic regions is an important factor for improving seismic and volcanic hazard and risk
assessment. This is of crucial importance for densely populated areas, as in the case of Etna.

The results presented in this report are part of a research study described in the paper:

Sarao, A., Moratto, L., Giampiccolo, E., & O Cocina, (2023). Moment magnitude for earthquakes in the Etna
volcano area, Geophysical Journal International, 234, 2519- 2533, https://doi.org/10.1093/gji/ggad257

The study of earthquake sources in volcanic areas provides important insights into the mechanisms driving
seismicity associated with magma movement, fluid migration, and tectonic interactions. The seismic moment
tensor describes fault geometry, seismic moment, and force system, allowing estimation of moment
magnitude and, in volcanic environments, potentially constraining magma intrusion volumes, eruption
probability, and the energetic state of an eruption (e.g., Meyer et al., 2021).

The full moment tensor can be decomposed into a double-couple (DC) component, associated with shear
faulting, and non-double-couple (non-DC) components, namely the compensated linear vector dipole (CLVD)
and the isotropic (ISO) term, which may reflect crack activation, fluid motion, or volume changes (e.g., Julian
et al., 1998). However, non-DC components may also result from inversion artefacts, particularly affecting
the CLVD term (e.g., Panza and Sarao, 2000), and may be influenced by structural complexity, noise, or limited
station coverage; therefore, careful analyses are required before attributing them to physical source
processes.

In Italy, moment tensor studies have investigated low-magnitude seismicity in the Campanian volcanic areas
(Guidarelli et al., 2002; 2006) and at Etna. At Vesuvius, non-DC components decrease with depth, whereas
at Campi Flegrei they appear correlated with seismicity rate. For Etna, analyses of the 1991-1993 and 2001
unrest episodes showed an increase in non-DC components prior to eruptions, possibly reflecting magma
ascent, degassing, and the interaction between tectonic stress and volcanic activity (Sarao et al., 2001; 2010).

Following the development of the broadband seismic network managed by INGV-Osservatorio Etneo, full
moment tensors were computed in near real time for earthquakes with 3.4 < ML < 4.8 occurring between
2005 and 2022 (Sarao et al., 2016; 2023; Cocina et al., 2022). In this study, we present this full moment tensor
dataset, discuss the non-DC solutions, and refine the MW-ML relationship for Etna by integrating
independent moment magnitude estimates derived from source spectral analysis.

17



Ministero . -
o2 dell'Universita l [taliadomani
&5 @ dElla Ricerca = PIANO NAZIONALE

DI RIFRESA E RESILIENZA

v Finanziato

* * .

L dall'Unione europea
ks NextGenerationEU

The non-double couple investigated in this study was calculated for a selection of the highest energy

earthquakes (3.4< ML < 4.8) using the full-time domain moment tensor technique described in Minson and
Dreger (2008). The minimum magnitude of earthquakes was defined by the limits imposed by background
noise in the frequency passband. The Green functions used in the inversion were computed for a
homogeneous stratified velocity structure retrieved for the Etna region (Alparone et al., 2012; Martinez-
Arevalo et al., 2005). The fit between observed and synthetic seismograms was quantified by the variance
reduction (VR). The source depth was determined iteratively by finding the solution that maximizes VR. The
higher the VR the better the solution. The full solution of the moment tensor provides the orientation
parameters (strike, dip, and rake) of the two nodal planes, the scalar seismic moment, and the percentage of
the double couple (DC) and non-double couple, i.e., the compensated linear vector dipole (CLVD) and
volumetric (ISO) part. In our analysis, we selected the solutions that minimize the non-DC components. A
more detailed description of the method and its application can be found in Sarao et al., (2023).

All data used for this study were provided by the Osservatorio Etneo of the INGV. For the analysis of the
moment tensor, 75 earthquakes ML 3.4 recorded by the INGV-OE seismic broadband (0.01-40s) network in
the period 2005-2020 were selected (see Sarao et al., 2023 for all details) among those with a signal-to-noise
ratio greater than 5 (Sarao et al., 2023). The seismic waveforms of the three components were inverted after
removing the instrumental response in the frequency range of 0.02-0.10 Hz or 0.02-0.05 Hz.

The dataset of MW for events with ML < 3.4 events was derived from response spectra and source spectral
analyses of P waves from a subset of about 400 earthquakes with ML 21.0, corresponding to about 6400
waveforms recorded by the INGV-OE seismic network since 2005. Selected data from the INGV-OE
instrumental seismic catalogue (see Sarao et al., 2023 for more details) were examined to eliminate spurious
transients and double events. Only data with a signal-to-noise ratio greater than 1.3 in the 1-25 Hz frequency
band were included in the analysis of the source spectra.

The focal mechanisms derived from full moment tensor inversion (Fig. 4.3.1a) show predominant NNW-SSE
and NE-SW orientations, consistent with the structural framework of the Etna area, where different source
mechanisms coexist, with strike-slip motions prevailing over subordinate normal and reverse components.

The overall distribution of moment tensor solutions (Fig. 4.3.1b) indicates that the DC component dominates
across the study area. DC mechanisms are generally associated with the activation of regional tectonic
structures compatible with the current stress field, particularly for the deepest events, supporting a tectonic
stress-release interpretation. In some cases, DC solutions may also be linked to the formation of eruptive
fissures, such as during the 2008 Etna eruption.
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Non-DC components, instead, may reflect pore-pressure variations and fluid-related processes. Earthquakes
located along the Pernicana Fault are predominantly non-DC (Fig. 4.3.1c), consistent with evidence of fluid
circulation from geophysical and geochemical observations (Siniscalchi et al., 2010). However, the link
between non-DC components and fluids is complex, as fluid flow may induce pressure imbalances, promote
crack opening or closure, increase pore pressure, and reduce frictional resistance. Therefore, a more detailed
analysis is required to fully interpret these results within the complex volcano-tectonic dynamics of the area.
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Figure 4.3.1: Map showing the epicenters (yellow circles) and focal mechanisms of the earthquakes analyzed
in this study through moment tensor inversion. (b) Boxplots of the relative percentages of the moment tensor
components (DC, CLVD, and ISO) for the entire study area; (c) same as (b), but limited to the Pernicana Fault
area. In each boxplot, the red line represents the median, the box edges correspond to the 25th and 75th
percentiles, and the whiskers extend to the most extreme values excluding outliers.

Finally, the MW values derived from full moment tensor solutions for earthquakes with 3.4 < ML < 4.8
occurring between 2005 and 2020 were combined with independent seismic moment and MW estimates for
smaller events (1.0 < ML < 3.4) obtained from source spectral analysis (see Sarao et al., 2023 for details) to
calibrate a specific MW—-ML relationship for the Etna area (Fig. 4.3.2). The resulting relation is as follows:
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Figure 4.3.2: Map showing the epicenters (yellow circles) and focal mechanisms of the earthquakes analyzed
in this study through moment tensor inversion. (b) Boxplots of the relative percentages of the moment tensor
components (DC, CLVD, and ISO) for the entire study area; (c) same as (b), but limited to the Pernicana Fault
area. In each boxplot, the red line represents the median, the box edges correspond to the 25th and 75th
percentiles, and the whiskers extend to the most extreme values excluding outliers.

Template matching and deep learning applied to time series are increasingly contributing to earthquake and
volcano monitoring, enabling the detection and classification of weak or complex events in large,
heterogeneous datasets. In Task 3.2.3, we first focused on the February 2018 seismic swarm in the Azores,
where template matching successfully expanded the event catalog, identified three main event families, and
improved the interpretation of fluid injection episodes even under noisy or low-magnitude conditions (Soares
et al., 2023). Building on this experience, the approach was applied to Mount Etna, utilizing an original
Python-based HPC code developed at OGS. In Task 3.2.3, we also focused on Mount Etna, employing
unsupervised deep learning pipelines for clustering and phase discrimination using daily seismic
spectrograms, as well as a deep learning-based workflow for automatic seismic phase picking and
association, tailored to generate volcano seismicity catalogs.

The template-matching pipeline increases the long-period event catalog of Etna events for the analyzed time
window, resolving the persistence and recurrence of LP sources. The Unsupervised Deep Clustering pipeline
reliably identifies spectral transitions and the main volcanic regimes (quiescence, LP-dominated, preparatory
or recharge, paroxysmal or eruptive activity), achieving a prediction accuracy of over 90% for paroxysmal
events during the investigated period (Abed et al., 2026). The workflow-driven deep learning approach
achieves recognition rates of about 84% compared to reviewed VT catalogs for the selected time frame,
providing further support for volcano monitoring (Carducci et al., 2026).

We collaborated with the Istituto Nazionale di Geofisica e Vulcanologia — Osservatorio Etneo (INGV-OE) and
the University of Catania during the project. INGV-OE supported the project by providing essential data and
expertise, which were crucial for addressing the scientific challenges at Mount Etna. For testing the
Unsupervised Deep Clustering pipeline, the Helmholtz Centre Potsdam, German Research Centre for
Geosciences (GFZ) shared code and valuable guidance.
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The results presented in this report are part of a public research study described in the following papers:

- Abed, W., Zali, Z., Sciotto, M., Cocina, O., Cannata, A., Picozzi, M., Martinez-Garzén, P., Vuan, A,,
Sarao, A., Sugan, M. (2026) Hidden Patterns in Volcanic Seismicity: Deep Learning Insights from Mt. Etna’s
2020-2021 Activity. Scientific Reports 16, 6155 (2026). https://doi.org/10.1038/s41598-026-36677-x.

- Carducci, A., Cocina, O., Sciotto, M., Cannata, A., Di Gioia, S., Vuan, A., Sarao, A., Tanaka Hernandez
K., Sugan, M. (2026). Insights into a Deep Learning Workflow for Automatic Detection of Seismic Signals at
Mount Etna. Submitted to Seismological Research Letters. Under review.

- Soares, A., Custddio, S., Cesca, S., Silva, R., Vuan, A., Mendes, V.B. (2023). The February 2018 seismic
swarm in Sdo Miguel, Azores. Front. Earth Sci. 11:1144151. https://doi.org/10.3389/feart.2023.1144151.

Template matching is a widely used technique in seismology that employs well-located seismic events as
templates to identify small-magnitude earthquakes or tremor that may be hidden in noisy continuous data.
The PyMPA code (Vuan et al., 2018) used in this project operates similarly to a matched-filter technique
(MFT), identifying earthquakes that resemble these template events (e.g., Shelly et al., 2007; Peng and Zhao,
2009; Yang et al., 2009; Kato et al., 2012; Zhang and Wen, 2015).

Built on ObsPy routines (Krischer et al., 2015), the algorithm is highly versatile and supports most commonly
used seismic data and earthquake catalog formats. The required inputs are daily continuous seismic
waveforms, a parametric catalog of templates, and a 1D velocity model.

While template matching typically requires at least three-component seismic stations, the number of stations
can vary. Reducing the number of available stations requires raising the detection threshold and cross-
correlation criteria to maintain reliable detections.

The PyMPA code was rewritten to improve performance and scalability (Campanella, 2022), enabling
execution during increased seismic activity in a volcanic unrest phase.

Key technical updates for managing computational workloads include:

1. Performance improvements: approximately 200% acceleration in single-threaded mode, near-linear
scaling with multiple threads. GPU support, especially with NVIDIA V100, resulted in significant performance
gains and enabled processing of tens to hundreds of templates per second per node.

2. Improved usability: enhanced command line interface (CLI), logging, input/output handling, and file system
scanning for valid input. Output is provided in a structured binary format with optional compression.
Flexibility is increased by supporting arbitrary signal lengths, template durations (per channel), and sampling
rates.

3. Robustness and correctness: improved error handling addresses issues such as negative normalization in
cross-correlation routines, dropping multiple detections within the template length, and ensuring stable size
estimation. Comprehensive error corrections include handling missing data, template data, and improving
detection at the beginning or end of the signal.
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4. Maintainability: significant reduction of code (-80%) and dependencies, improved readability through
refactoring into functions and meaningful variable names. The design emphasizes modularity and facilitates
deployment through a registered PyP| package.

The code was applied to the S. Miguel sequence in the Azores archipelago (Soares et al., 2023) and Mount
Etna, where a Long Period (LP) event catalog was compiled covering the period from 2019 to mid-2020.

Using the Template Matching automated workflow based on the analysis of continuous waveform data, we
built an earthquake catalog for the February 2018 S. Miguel sequence in the Azores archipelago. The catalog
includes sub-clusters identified by waveform similarity (Figures 4.4.1 and 4.4.2). The evolution of the
cumulative events in our catalog at each stage of the automatic procedure is shown in Figure 3. The temporal
evolution of the seismicity in our catalog shows that, although the earthquake sequence may initially appear
to be a mainshock-aftershock sequence, a further detailed examination reveals that the highest magnitude
earthquake occurred after the onset of the period of most intense activity (Figure 4.4.3).

We assess seismicity clustering and swarm-like behavior by computing different indicators typically used to
distinguish between seismic swarms and sequences. The variations of these indicators among different sub-
clusters indicate complex behavior, with clear swarm activity in the initial phase and a combination of swarm
and mainshock-aftershock sequences during the latter part of the sequence, which includes the most
significant events.

The swarm starts with a precursory phase of low-magnitude events, marking the onset of sub-cluster C1
activity. C1 is the deepest sub-cluster, suggesting that the swarm initiated with fracturing at depth, likely
caused by the intrusion of volcanic fluids. The high-frequency nature of C1 waveforms supports the
interpretation of brittle failure. As C1 activity diminishes, sub-cluster C2 emerges, exhibiting a high seismic
rate and containing the largest magnitude earthquakes of the sequence. C2 is located slightly shallower and
SE of C1, indicating fracture migration toward the surface and the activation of more superficial faults. Sub-
cluster C3 emerged closely after C2 and soon after the earthquake with the highest magnitude. Family C3 is
slightly shallower to the SE than C2, suggesting continued migration of earthquakes and the activation of a
third, shallower fault system. C3 earthquakes have a very harmonic character, which we interpret as evidence
of faulting in a fluid-enriched system.

We hypothesize that the swarm started with the activation of C1, whose earthquakes opened a pathway for
fluids to ascend, leading to the activation of C2 and finally C3, consistent with a fluid-enriched environment.
Previous studies show that seismicity in volcanic environments is often used to track the fluid propagation
within the plumbing system, with recent notable cases involving migration over tens of kilometers and even
across the entire crust. The spatial distribution of volcano seismicity with different characteristics, such as
varying frequency content of their signals, is often interpreted to understand the plumbing system and other
processes along complex fluid migration paths. A key difference between the earthquake families resides in
the frequency content of their waveforms. We speculate that the higher-frequency waveform family, C1,
indicates brittle failures, while the more harmonic and lower frequency waveforms of C2 and C3 may
correspond to earthquakes occurring in the presence of fluids.

The results presented are part of the following paper:
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Soares, A., Custddio, S., Cesca, S., Silva, R., Vuan, A., and Mendes, V.B. (2023). The February 2018 seismic
swarm in Sdo Miguel, Azores. Front. Earth Sci. 11:1144151. https://doi.org/10.3389/feart.2023.1144151
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Figure 4.4.1 - Identification of different earthquake families based on the similarity of waveforms recorded at
station MESC, vertical component (EHZ). Families C1 (blue), C2 (red) and C3 (green) are shown in panels
from (A—C). Colored traces correspond to the stacked waveforms of each family. Selected traces are plotted
downward in order of increasing dissimilarity to the top example waveform, where dissimilarity d = 1- CC.
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Figure 4.4.2 - Example of the template matching results, showing one template event (black line) and
associated detections (gray). As an example, we show the template with origin time 2018-02-12T03:51:48.80.
Each rectangle displays different components: (A) vertical (EHZ), (B) north (EHN), and (C) east (EHE) at
station MESC. Each detection is assigned a ncc value, where an event with ncc = 1 corresponds to the detection

of the template itself.
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Figure 4.4.3 - Temporal evolution of earthquake’s magnitude: (A) two-week period corresponding to the
February 2018 swarm. (B) Zoom for February 12th, day with the highest seismic rate. Hypocentral location of
the earthquake families: (C) map view and (D, E) cross-sections with contour line surrounding 70% of the
events from the final catalog. Events are colored according to families identified by waveform similarity: C1
(blue), C2 (red) and C3 (green).

Using the Template Matching automated workflow based on the analysis of continuous waveform data, we
built a Long Period (LP) event catalog for the period from 2019 to mid-2020 for Mount Etna.

We collected continuous seismic data from the monitoring network installed on the summit of Etna volcano,
focusing on both single-station and multi-station approaches. For the single-station approach, we used three-
component seismograms from the ECPN seismic station, which is considered a reference station for LPs
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related to volcanic activity due to its location near the LP sources (e.g., Cannata et al., 2013; Cannata et al.,
2015). For the multi-station approach, we also included other summit stations generally used by INGV-OE for

the localization of LP events, such as ECNE, EPDN, and EPLC.

The dataset consisted of 1.5 years of continuous seismic recordings (January 2019 to June 2020), covering
different phases of Etna's activity (Sciotto et al., 2022). For the LP catalog, we selected representative
templates based on known characteristics and waveforms from previous studies. We used a subset of 30,741
LP events from the dataset described by Sciotto et al. (2022) and Cannata et al. (2025).

We processed the seismic data using standard preprocessing techniques, including downsampling (from 100
Hz to 20 Hz), filtering (0.5-8 Hz), and kurtosis-based analysis to improve signal quality and minimize
background noise. We extended the frequency band to 8 Hz to enhance the distinction between LP events
and VT events; however, in volcanic areas, this differentiation can be challenging, particularly for extremely
shallow earthquakes with dominant low-frequency content (often referred to as VT-B) (Wassermann, 2012).
We used 9 seconds of signals, trimmed relative to the theoretical S-wave arrival time (-4 sec, +5 sec).

All candidate templates underwent a kurtosis-based test to exclude noisy signals and those with maximum
amplitude at the beginning or end of the trace for different channels. We selected only templates that met
the evaluation criteria, using at least two channels for single-station configurations and at least five channels
for multi-station configurations. We then applied the template matching algorithm to the preprocessed
seismic data for both configurations.

The algorithm systematically compared each segment of the seismic recordings with predefined templates
and computed cross-correlation coefficients (CC) to measure similarity. Candidate new LPs were identified
using threshold criteria applied to the cross-correlation and daily median absolute deviation (MAD) values.
We implemented the original procedure (Vuan et al., 2018; Campanella, 2022), in which the fully normalized
correlation coefficient (CC) between the template and incoming data was used to determine a detection,
along with a new procedure in which CC is replaced by C|C| (hereafter CC*) in the operational correlation
detector, improving detection sensitivity without increasing the probability of false triggering (Gibbons,
2022).

Figure 4.4.4 presents the detections obtained using the multi-station approach. The template-matching
method typically identifies more LP events than the classical STA/LTA triggers, and the number of detections
generally decreases as the CC* threshold increases.

The ability to track event families using template matching could benefit hazard assessment as well as basic
research on the structure of volcano plumbing and the recurrence of specific source mechanisms. The
approach has been optimized for computational efficiency in an HPC/parallel environment, possibly enabling
future integration into next-generation observatory pipelines.
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Figure 4.4.4 — Multi-station approach: a) Daily and b) cumulative number of LP events detected between
January 2019 and June 2020, along with ¢) RMS amplitude measurements using the ECPN seismic station.
The top panel (a) shows daily event counts for multiple detection thresholds (CC*) with at least three channels
having CC* > (0.25 and MAD > 50. Template events (gray dashed line) and STA/LTA-triggered events (black
dashed line) provided by INGV-OE are plotted for comparison. The middle panel (b) shows cumulative event
counts over the same period, highlighting variations in detection rates. The bottom panel (c) displays the RMS
amplitude at ECPN, showing signal fluctuations over time on a logarithmic scale.

Deep learning (DL) techniques have recently transformed the analysis of continuous time series in seismic
monitoring, enabling pattern recognition that surpasses traditional manual or algorithmic labeling. In this
study, we applied autoencoder-based architectures, Clustremor (Zali et al., 2024) and AutoencoderZ (Zali et
al., 2025), to identify clusters representing distinct seismic features corresponding to different volcanic

phases at Mount Etna.

We used Clustremor and AutoencoderZ to extract compressed feature representations from daily seismic
spectrograms at Mount Etna. Clustremor demonstrated its effectiveness by detecting volcanic tremors prior
to the 2021 Geldingadalir eruption (Zali et al., 2024), while AutoencoderZ was applied to low-frequency
signals preceding the 2023 MW 7.8 Kahramanmaras earthquake (Zali et al., 2025).

The autoencoder architecture consists of:

1) Encoder — compresses the spectrogram input into a set of learned features using a series of convolutional

and fully connected layers;

2) Bottleneck layer — a narrow, central layer that forces the network to learn a low-dimensional
representation of the data (Hinton and Salakhutdinov, 2006);
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3) Decoder — reconstructs the original input from the bottleneck features to verify the effectiveness of the

learned representation.

In AutoencoderZ, the convolutional layers in the encoder are directly linked to their corresponding
transposed convolutional layers in the decoder through skip connections. Unlike Clustremor, which does not
include this feature, these connections enable AutoencoderZ to retain fine-scale spectral details that might
otherwise be lost during compression. This design improves the robustness of feature extraction and allows
the model to generalize more effectively across different data types and input sizes. For both the
convolutional and fully connected layers, we employ the Exponential Linear Unit (ELU) activation function. In
the decoder’s final layer, we use a linear activation function. The loss function used for the autoencoder (LR)
is the mean squared error (MSE), calculated as the difference between the input and the reconstructed
output. To evaluate the efficiency of AutoencoderZ in reconstructing the input spectrograms, we introduced
the Relative Bias (RB) metric (Cawley and Talbot, 2010).

We employed a Deep Embedded Clustering (DEC; Mousavi et al., 2019) technique that uses the
spectrograms’ latent representation for clustering. Clustering groups similar data points, and in this context,
the features extracted from the autoencoder represent the compressed version of the spectrograms. This
methodology ensures the extraction of the most pertinent data features for the clustering task through the
simultaneous optimization of feature extraction and clustering. During the pre-training phase, the
autoencoder is trained to reconstruct the output from the latent space close to the input. Subsequently, the
features extracted from the bottleneck of the autoencoder are used for clustering with the k-means
algorithm. K-means is recognized as one of the fastest and most widely used clustering methods. The
algorithm divides the latent space into k clusters, each characterized by a cluster centroid. A cluster centroid,
representing the center of a cluster, corresponds to the mean of all the data points within that cluster. To
determine the optimal number of clusters, we varied the number of clusters from 2 to 8. We calculated the
Davies-Bouldin Index (DBI; Davies and Bouldin, 1979) and the Calinski-Harabasz Index (CHI; Calinski and
Harabasz, 1974). DBl measures the average similarity between each cluster and its most similar cluster,
considering cluster compactness and separation. Lower DBI values indicate better clustering quality. CHI
calculates the ratio of between-cluster dispersion to within-cluster dispersion. Higher CHI values indicate
more distinct and well-separated clusters.

Using AutoencoderZ combined with the Deep Embedded Clustering (DEC) method on Etna’s summit stations,
we identified four clusters corresponding to distinct seismic regimes associated with different volcanic
phases from November 2020 to November 2021 (Figure 4.4.5). We compared the resulting clusters with
independent volcanic state indicators, including RMS amplitude, LP/VT event catalogs, and lava fountain
timing, using the available INGV-OE dataset. Clustering results revealed four regimes:

° Regime 1: Quiescence or background seismicity, characterized by low amplitude and
indistinguishable spectral content, attributed to pre- or inter-eruptive quiescence.

° Regime 2: LP-dominated phases, with transient, low-frequency vertical bands in the spectrograms
reliably attributed to ongoing magma or gas migration through the shallow conduit system. This regime was
most prevalent during periods of apparent recharge and internal pressurization.

° Regime 3: Preparatory phase, characterized by sustained high-amplitude tremor (consistent energy
0.5-5 Hz) and low LP event rates. These periods preceded recognized eruptive sequences, with a marked
increase in shallow VT seismicity and RMS amplitude, representing a possible precursor signature.
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° Regime 4: Paroxysmal or eruptive activity, closely coinciding with cataloged lava fountains and

associated with broadband, high-energy spectrogram features, capturing the most intense eruptive episodes
throughout the study period.

The results presented are part of the following paper:

Abed, W., Zali, Z., Sciotto, M., Cocina, O., Cannata, A., Picozzi, M., Martinez-Garzon, P., Vuan, A., Sarao, A.,
Sugan, M. (2026) Hidden Patterns in Volcanic Seismicity: Deep Learning Insights from Mt. Etna’s 2020 - 2021
Activity. Scientific Reports 16, 6155 (2026). https://doi.org/10.1038/s41598-026-36677-x.
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Figure 4.4.5 - Temporal evolution of clusters derived from multi-station analysis in relation to independent
volcanic state indicators. Panels (A), (B), and (C) show different configurations of seismic station
combinations used for clustering. In each row, the left plot shows the temporal distribution of cluster
assignments over the analysis period, with each dot representing a day; the center plot displays the proportion
of time each cluster was active during the analyzed period (modified from Abed et al., 2026).

Using a deep learning (DL)-based workflow for automatic seismic phase picking and association, we
constructed a catalog of Volcano-Tectonic (VT), Long-Period (LP), Low Spectrum (LS), and Mixed events
spanning January 1, 2019, to June 30, 2020, for the Etna region. The waveform dataset was recorded by 38
seismic stations operated by INGV-OE. To establish a reliable baseline, we used two independent event
catalogs provided by INGV-OE: the VT Earthquake Catalogue (Alparone et al., 2020; Barberi et al., 2020) and
the LP Event Catalogue (Sciotto et al., 2022; Cannata et al., 2025), both limited to events within the Mount
Etna domain.

We developed and optimized a distributed workflow to automate seismic phase detection, association, and
classification. The process consists of three main stages:
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1. Phase picking: P- and S-phase identification using the open-source toolkit SeisBench (Woollam et al.,
2022) and a suite of pre-trained ML-based pickers (PhaseNet: Zhu and Beroza, 2019; EQTransformer: Mousavi
et al.,, 2020).

2. Phase association: Grouping ML-predicted phases into events using GaMMA (Zhu et al., 2022).
3. Event classification: Assigning events to categories based on a spectral Frequency Index (Fl)
approach.

To identify the best-performing phase-picking models available in SeisBench, we conducted benchmarking
tests using seismic waveforms recorded during a period of elevated activity (April-July 2019). Ten pre-trained
configurations, combinations of PhaseNet and EQTransformer trained on various datasets, were evaluated
against manually labeled P- and S-picks.

Performance assessment on this four-month dataset identified PhaseNet Volpick, EQTransformer Volpick,
and PhaseNet Original as the top-performing models. All three exhibited high recall, exceeding 93% for P-
phase picks and 76% for S-phase picks, based on INGV-OE VT events.

Following phase association with GaMMA, recall rates of about 84% were achieved for VT events. Only events
detected by at least three independent stations (each providing both P and S picks) were retained,
significantly reducing spurious associations.

Spectral classification was then performed using a modified Frequency Index (Fl), defined as the logarithmic
ratio between maximum spectral amplitudes in predefined frequency bands. This approach effectively
differentiates LP, VT, low spectrum (LS), or Mixed types. In this study, the LS class corresponds to events with
predominantly low-frequency spectral content and no detectable contribution from the summit seismic
stations in the Fl calculation. To calibrate the Fl frequency bands, we analyzed mean amplitude spectra from
100 manually selected high-SNR VT and LP events. Based on the stacked spectra, we defined the low-
frequency band (0.5-3.0 Hz) characteristic of LP events and the high-frequency band (3.0-20 Hz)
characteristic of VT events.

Applying the three best-performing models over 1.5 years of data revealed that configurations trained on
the Volpick dataset, particularly EQTransformer Volpick, consistently delivered superior results. However,
periods of strong volcanic tremor reduced model accuracy, occasionally obscuring VT and LP signals. Across
all models, a decline in detection and classification performance was observed beginning in September 2019,
coincident with increased volcanic tremor activity at Etna (Sciotto et al., 2022). These tremors (1-5 Hz)
overlap the frequency ranges of both VT and LP events, likely degrading SNR and impairing picking and
classification accuracy. Notably, EQTransformer demonstrated greater robustness to such noise, maintaining
high recall up to an Fl size of 3.

Our findings (Carducci et al., 2026) highlight the importance of volcano-specific training datasets, such as
Volpick, for improving the performance and generalizability of DL models in volcanic contexts. In particular,
EQTransformer Volpick shows strong potential for monitoring, event association, and seismic signal
classification at active volcanoes. Future integration of advanced spectral analysis techniques may further
refine event-type discrimination and reduce classification ambiguities, contributing to improved
understanding of volcanic seismicity (e.g., Zali et al., 2024; Abed et al., 2026).

The results presented are part of the following paper:
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M. (2026). Insights into a Deep Learning Workflow for Automatic Detection of Seismic Signals at Mount Etna.
Submitted to Seismological Research Letters. Under review.

The Nirano Salse represents one of the most significant mud volcano fields in Italy, attracting over 50,000
visitors annually. However, these structures are inherent geohazards, capable of violent mud and
hydrocarbon expulsions, soil degradation, and dangerous "quicksand" or liquefaction effects. By Electrical
Resistivity Tomography (ERT) we provided a critical scientific foundation for reducing these risks by imaging
the subsoil down to 250 meters for the first time.

ERT models (Fig. 4.5.1) provides several key contributions to local risk mitigation:
1. Identification of Localized Reservoirs:

ERT imaging identified shallow conductive zones (50-100 m deep) that act as fluid reservoirs. Crucially, the
data revealed that these reservoirs are small and sparse, proving there is no massive, unstable "mud caldera"
beneath the entire area. This finding limits the scope of potential catastrophic collapses.

2. Mapping Migration Conduits:

The study successfully mapped subvertical discontinuities, such as faults and fractures, which serve as the
primary routes for rising fluids. By understanding exactly where these conduits are located—particularly in
the more heterogeneous southern sector—authorities can predict where new vents or ground failures are
most likely to occur.

3. Distinguishing Stability Zones:

The geophysical models highlight a stark contrast between the stable northern sector, characterized by
regular stratification and multilayer aquifers, and the unstable southern sector, which is dominated by faults.
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Figure 4.5.1 - The 3D arrangements of the torhographic results. Starting from panel (a), an anticlockwise
rotation of the tomographic result is performed. The yellow and red flags on top of each section indicate the
starting point of the geoelectrical surveys. The inset in each panel shows the location of the survey.

ERT model insights directly translate into public safety strategies. The ability to pinpoint the exact location of
shallow reservoirs allows for fencing off high-risk areas prone to liquefaction and optimizing tourist routes to
ensure they remain on stable ground.

In conclusion, ERT provides a non-invasive but highly effective way to characterize the "plumbing system" of
mud volcanoes. By moving beyond surface observations to deep structural mapping, this methodology
enables a targeted approach to hazard assessment, ensuring safer public access to this unique geological site.

We defined and tested a methodology for the near-real-time identification of significant velocity variations,
on large datasets of historical series of coordinates estimated from the processing of Global Navigation
Satellite Systems (GNSS) measurements and Synthetic Aperture Radar (SAR) images, which may be
representative of the triggering of deformational phenomena potentially associated with volcanic events.

In particular, with reference to even very long time series (over 20 years) of GNSS coordinates, a pre-analysis
and analysis strategy has been defined, implemented and tested, which considers temporal autocorrelations
and identifies significant velocity variations, estimating a piecewise linear model linear (FEED 2.0 - Fast Elbow
Effect Detection 2.0).

The obtained results have been published in:

Colosimo, G., Ravanelli, R., Mazzoni, A., Crespi, M., FEED - Fast Elbow Effect Detector 2.0, Kuaternion (Internal
Report), 2022
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FEED 2.0 is an original methodological approach designed and implemented to analyze complex time series
in the context of geophysical monitoring. The algorithm is specifically optimized to process data from GNSS
(coordinate sets or displacement data) and SAR (line-of-sight (LOS) or directional displacements, e.g., West-
East and Up-Down components). FEED 2.0 is engineered to provide robust analysis under challenging data
conditions. Its main capabilities include: (i) data integrity management (it handles time series characterized
by outliers and significant interruptions); (ii) non-linear analysis (it is capable of modeling non-linear
behaviors in the data); (iii) velocity variation detection (the algorithm identifies significant changes in velocity
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Figure 4.6.1: Example of GNSS time series modelled through FEED 2.0.

and estimates a piecewise linear model to represent these shifts); (iv) periodicity estimation (it detects and
estimates annual periodic signals, allowing for amplitude changes over time); (v) precision estimation (it
accounts for temporal autocorrelations to provide statistically correct velocity precisions).

FEED 2.0 was tested on several GNSS and SAR time series (an example in Figure 4.6.1) and it represents a
comprehensive tool for high-precision monitoring of volcanic and earthquake-prone areas. By integrating
GNSS and SAR data and employing advanced piecewise modeling with rigorous statistical validation, it
provides a reliable means to detect subtle changes in Earth surface dynamics.
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Earthquakes represent a great scientific challenge, perhaps one of the most important of all time. They
represent a massive natural hazard, with potential for catastrophic loss of life and colossal economic damage.
While even a modest scientific advance could have a major impact on public safety, national economic health,
and world-wide goals for energy transition, the state-of-the art for seismic hazard assessment and
earthquake forecasting is limited. Part of the problem is that we have access to only too short and incomplete
historical records rather than detailed models of earthquake physics and local measurements of fault zone
stress state. Our work conducted for PEO3 Return Spoke 3 VS3-DST - Progetto PEOOO00005 addresses these
limitations.

Existing approaches for seismic hazard assessment are especially lacking in some settings, as we know all too
well based on recent devastations in the 2023 Turkey-Syria earthquakes and, closer to home, the 2016 central
Italy sequence of Amatrice/Norcia. While we are still far from predicting earthquakes, recent works provide
an opportunity for transformational advancement. These studies demonstrate: 1) the ability to reproduce
the full range of earthquake fault slip behaviors in controlled lab experiments under geophysical stresses, 2)
the possibility to collect observations of foreshocks and precursory changes in fault zone elastic properties
prior to laboratory earthquakes, 3) that artificial intelligence methods based on Machine Learning (ML) and
Deep Learning (DL) can predict the timing of lab earthquakes, the fault zone stress state and in some cases
the magnitude of impending labquakes, and 4) that the lab-based ML/DL techniques can be applied to
tectonic faults in nature, at least under some conditions. In the laboratory, we have found that frictional
stick-slip failure events — the lab equivalent of earthquakes — are preceded by a cascade of micro-failure
events that radiate elastic energy in a manner that foretells impending catastrophic failure. Our recent work
suggests that such signatures are also present for earthquakes associated with fluid-injection for energy
recovery and storage, where seismic risk is often a limiting factor for progress.

Al methods are expanding at an incredible rate driven by increases in computational power and their success
in diverse problems. As applied to earthquake physics, ML/DL techniques recognize patterns and subtle
features that traditional approaches do not. Thus, it is not surprising that applications of Al to seismology
have produced an explosion of interest. However, in many cases progress is hindered by the need for labeled
data or task-specific datasets. The next wave of progress is likely to be driven by models that use unlabeled
waveforms from openly available data. This would follow the ontogeny of LLMs for natural language
processing or models for computer vision, which transitioned from task-specific datasets to general-purpose
foundation models capable of handling a wide range of tasks with minimal fine tuning. Thus, we have
developed such a model for application to seismic data.

We worked on LLM-based models and a foundation models for seismic data processing. The first step is an
LLM model applied to Real Time Estimation of Earthquake (RTEE) source parameters (Bassani et al., 2025,
2026) and the foundation model is applied to seismic waveforms (Laurenti et al., 2026). Both approaches
have clear applications for Earthquake Early Warning Systems (EEWS) because they can be fully automated
and readily generalizable with minimal fine tuning.
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For the RTEE work we adopted a pre-trained LLM (TinyLlama) and are using it to estimate earthquake
magnitude and location (Figure 4.7.1). The LLM, TinyLlama is a compact LLM pretrained on > 1 trillion tokens.
It is built on the architecture and tokenizer of Llama 2 using open-source, community input methods to
improve computational efficiency. Despite its relatively small size, TinyLlama has produced impressive
results. We fine-tuned it on a customized version of INSTANCE (The Italian Seismic Dataset for Machine
Learning) and applied it to RTEE for earthquake magnitude and location.

Using LLMs and foundation models eliminates the need to develop and train tailor-made architectures. Our
model using TinyLlama selects stations based on P-wave arrival times and uses the station location along with
a single parameter extracted from the ground motion waveform: the peak ground velocity (PGV). We use
PGV in a 0.21 s interval around the known P-wave arrival based on INSTANCE. Remarkably, the model is able
to locate the events and estimate their magnitude with great accuracy (Figures 4.7.2 and 4.7.3). We do not
use a crustal velocity model nor S-wave arrival time. In fact, our LLM approach uses only the station location,
PGV, and P-wave arrival times in the form of the time difference between stations.

Our model compares favorably with automated methods used by the Italian National Institute of Geophysics
and Volcanology (INGV), with similar performance in magnitude estimation and superior accuracy in
epicenter, hypocenter and origin time prediction. Our LLM-based model achieves average errors of 6.3 km,
11.1 km, and 1.1 s for epicenter, hypocenter, and origin time estimation, respectively, in contrast to 8.6 km,
15.0 km, and 1.8 s for the INGV automatic solution. This represents an improvement of more than 26% and
thus provides a strong direction for future work.
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Figure 4.7.1: LLM model structure and workflow. >(a) Model summary; (b) Map of earthquake location
(yellow star); c) Seismogram
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Research Activities in TK3.2.3 have identified a variety of new tools and methods, eventually using machine
learning and artificial intelligence, for near-real time processing and analysis of monitored signals at
volcanoes.

New statistical tools have been developed for processing volcanic gas datasets, and hence identify new
composite indexes for the probabilistic quantification of the likelihood of a volcanic eruption. These
techniques, when applied to volcanic gas records from Stromboli volcano, are now opening new avenues for
the potential probabilistic prediction of otherwise unpredictable “major explosions”. New interpretative
tools of volcanic unrest, based on the use of sulphur isotopes in volcanic gases and SO, flux records, have
also been identified. New data processing tools have been developed to analyse and real-time interpret
GNNS and electric resistivity datasets.

Monitoring seismicity is a key component of volcano surveillance systems. The identification of source
patterns associated with specific volcanic processes contributes to a more reliable interpretation of unrest
phases and improves the understanding of volcano—tectonic interactions. In this framework, full moment
tensor analysis represents an advanced tool for characterizing fracture systems, fault activation, and possible
fluid-related processes.

Within the project activities, we computed full moment tensors for the most energetic earthquakes (3.4 <
ML < 4.8) that occurred in the Etna region between 2005 and 2022. The results indicate a clear dominance
of the double-couple (DC) component during the investigated period, consistent with the activation of
regional tectonic structures. In some cases, DC mechanisms may also be associated with eruptive fissure
formation and rock fracturing processes. Conversely, events located along the Pernicana Fault system show
a predominance of non-double-couple (non-DC) components, likely linked to fluid circulation.

The relationship between non-DC components and fluid processes is complex and requires further
investigation. The results presented constitute the basis for the next phase of the project. Future activities
will include a more detailed analysis of non-DC events and the integration of additional earthquakes into the
dataset, with the objective of better constraining their role within the volcanic dynamics of the Etna area.

The study of advanced seismic event detection and classification — including template matching,
unsupervised deep learning clustering, and deep learning cataloging — shows that integrating signal-
processing and Al-based strategies marks a significant advancement in both scientific understanding and
operational monitoring of active volcanoes.

Our analysis also highlights both the strengths and limitations of the different automated techniques applied
to volcanic seismicity. Template matching proved highly effective in detecting repeating events, but its
performance strongly depends on the careful selection of representative templates. In volcanic
environments, building such a template dataset requires significant effort, largely because earthquake
locations are often uncertain and signal variability is high. Spectrogram based clustering allowed us to identify
groups of similar events, yet the method is inherently limited by the difficulty of linking these clusters to
specific volcanic processes. Without robust qualitative and quantitative reference observations, assigning
physical meaning to the clusters remains challenging. Finally, deep learning detection methods, particularly
for distinguishing LP and VT events, require well designed, balanced training datasets that capture the full
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range of possible seismic signals. In volcanic settings, where signal types overlap and noise conditions vary,
this remains a substantial limitation.

Overall, while these automated approaches offer powerful tools for improving volcanic seismic monitoring,
their effectiveness depends critically on high quality datasets, careful model design, and the integration of
complementary geophysical observations. A multi method strategy, combining traditional time series
analysis, unsupervised feature discovery, and deep learning catalogs, provides a robust path forward for
operational volcano monitoring. The experience gained here demonstrates that such an integrated
framework is both adaptable and transferable to any region where high resolution seismic and multi
parametric data are available, offering significant potential for strengthening volcanic seismic monitoring and
hazard assessment in complex volcanic environments.

A novel methodology was defined and tested for the near-real-time identification of significant velocity
variations, on large datasets of historical series of coordinates estimated from the processing of Global
Navigation Satellite Systems (GNSS) measurements and Synthetic Aperture Radar (SAR) images.

A LLM model has been applied to Real Time Estimation of Earthquake source parameters and a foundation
model has been applied to seismic waveforms. Both approaches have clear applications for Earthquake Early
Warning Systems (EEWS) because they can be fully automated and readily generalizable with minimal fine
tuning.

A possible further improvement could be based on the integration of real-time GNSS-derived PGV through
VADASE approach (Colosimo et al., 2011; Branzanti et al., 2013; Fratarcangeli et al., 2018; Ravanelli et al.,
2021), both for epicenter and magnitude estimation (Crowell et al., 2013), benefiting from the resilience of
GNSS permanent stations with respect to clipping, what allows PGV determination even at or very close to
the epicenter.
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