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Insights into a Deep Learning Workflow
for Automatic Detection of Seismic Signals
at Mount Etna Volcano
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Abstract

We present a workflow for the automatic detection of seismic events in volcanic areas,
leveraging deep learning (DL) tools for the picking and association of seismic phases.
Specifically, we employ PhaseNet and EQTransformer via the SeisBench open-source plat-
form to perform automated picking of P- and S-wave arrivals from continuous seismic
waveforms. To evaluate performance, we systematically test several pretrained models
available within SeisBench using seismic data from Mount Etna (Italy), encompassing
both volcano-tectonic (VT) and long-period (LP) events recorded from January 2019 to
June 2020. Each model configuration is quantitatively assessed through statistical analy-
ses, comparing results against existing seismic catalogs to identify the most effective
approach for the Etna region. Our findings show that models trained on volcano-specific
datasets significantly outperform those based on tectonic-only data. To further classify VT
and LP signals, we apply a frequency-based algorithm using a modified frequency index,
which effectively distinguishes VT, LP, low spectrum, mixed, and unclassified type events
based on their spectral characteristics. This classification demonstrates strong agreement
with the reviewed catalogs. Overall, the proposed workflow performs well in the com-
plex setting of Mount Etna, highlighting the potential of pretrained DL models for semi-
automated volcanic monitoring. At the same time, our results underscore the need for
site-specific model validation and expert oversight to ensure reliable outcomes.
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Introduction Orozco et al., 2006; Benitez et al., 2007; Esposito et al., 2008;

Volcano monitoring is an ever-evolving task that plays a key
role in our understanding of the various phases of volcanic
activity and risk assessment (Scarpa and Tilling, 1996;
Pallister and McNutt, 2015). One of the most critical compo-
nents of this process is seismic monitoring, which requires
acquisition and rapid processing of large volumes of data from
dense seismic networks (Matoza and Roman, 2022, and refer-
ences therein). In addition, seismic records from volcanic areas
can exhibit complex waveforms that are often influenced by
lithological heterogeneities, ambient noise, and resonance
effects (e.g., Kumagai and Chouet, 2000; Chouet and Matoza,
2013). This complexity poses a significant challenge for seis-
mologists who must accurately classify volcanic signals.
Machine learning (ML) techniques have emerged as power-
ful tools for assisting human analysts in identifying and clas-
sifying complex seismic patterns. Several approaches have
successfully applied supervised and unsupervised ML algo-
rithms to volcanic waveform classification, yielding promising
results (e.g., Falsaperla et al, 1996; Ohrnberger, 2001; Del
Pezzo, 2003; Langer et al, 2003; Alasonati et al, 2006;
Volume XX«
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Ibs-von Seht, 2008; Giacco et al., 2009; Ibafez et al., 2009;
Langer et al, 2009; Kéhler et al, 2010; Hammer et al,
2012; Malfante et al., 2018; Abed et al., 2026). More recently,
deep learning (DL) models have been introduced for auto-
mated seismic phase-picking and signal-type classification
(e.g., Ross et al, 2018; Zhu and Beroza, 2019; Mousavi
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et al., 2020; Fee et al., 2025), demonstrating high accuracy in
both tectonic and volcanic environments.

SeisBench (Woollam et al., 2022) is a modern open-source
framework that facilitates the application of DL models to seis-
mic waveform data. It provides access to multiple pretrained
models, including those trained on both tectonic and vol-
cano-specific datasets (e.g., Volpick: Zhong and Tan, 2024).
Although these models have demonstrated strong generalization
across various tectonic environments, their scalability and reli-
ability when applied to local volcanic datasets remain underex-
plored. In this study, we examine how the nature of the training
dataset influences DL model performance in a volcanic setting,
with particular attention to model architecture, training data
type (tectonic vs. volcanic), and waveform complexity under
the noisy conditions typical of volcanoes. We benchmark several
pretrained DL models, within the SeisBench framework, by
applying them to continuous seismic waveforms recorded by
the permanent network at Mount Etna (Italy) from January
2019 to June 2020. The workflow spans phase picking, event
association, and event classification, and is optimized for
high-performance computing (HPC) environments.

Our primary aim is to identify the DL picking models that
maintain robust performance throughout the detection pipe-
line. We focus specifically on the detection of volcano-tectonic
(VT) earthquakes and long-period (LP) events. VT earth-
quakes, typically associated with brittle fractures due to stress
changes (e.g., Chouet and Matoza, 2013; Matoza et al., 2014),
exhibit well-defined P and S phases and broad frequency con-
tent, similar to tectonic signals. In contrast, LP events are usu-
ally associated with fluid pressurization processes, such as
resonance of fluid-filled cracks or conduits triggered by pres-
sure transients in the fluid, thermal stresses, volatile pressures,
or rapid bubble formation during magma ascent (e.g., Chouet
et al., 1994; Chouet, 1996; Chouet and Matoza, 2013; Matoza
et al., 2015). The detection of LP events in the Mount Etna area
is usually performed using stations located in the summit area
of the volcano (Cannata et al., 2013) because they capture shal-
low events beneath the central craters of the volcano (e.g.,
Patané et al., 2013; Cannata et al., 2015; Sciotto et al., 2022).

The different source mechanisms produce different spectral
signatures: VT earthquakes typically have high frequencies and
clear phase onsets, making them easier to detect, whereas LP
events have lower frequency content, emergent phase onsets,
and no distinct S phases, making them more difficult for phase
pickers to detect (Zhong and Tan, 2024, and references
therein). Despite the characteristics described earlier, the spec-
tral content does not necessarily reflect the source mechanism,
and for process discrimination, moment-tensor and single-
force source representations should be considered (e.g.,
Sarao et al., 2010, 2023; Matoza and Roman, 2022).

Given these spectral differences, we implement a frequency-
based classification algorithm using a modified frequency index
(FI) to automate the categorization of events as VT, LP, low
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spectrum (LS), mixed or unclassified types. In this study, the
LS class corresponds to events with predominantly low-fre-
quency spectral content and no detectable contribution from
the summit stations in the FI calculation, which are not classified
as LP. Mixed-type events occur when FI metrics give conflicting
indications, so they cannot be distinctly classified. Events belong
to the unclassified category when the FI cannot be calculated.

We then evaluate the performance of both the DL-based
workflow and the FI classification scheme by comparing the
resulting catalogs with reference catalogs for the Etna region.

Data

The waveform dataset used in this study was recorded by 38
seismic stations operated by the Istituto Nazionale di Geofisica
e Vulcanologia (INGV), Sezione Osservatorio Etneo (OE), cov-
ering the period from January 2019 to June 2020. All stations
are equipped with broadband, three-component seismometers,
recording in real time at a sampling rate of 100 Hz. These sta-
tions are mainly located in the Etna volcano area, with a few
situated in the surrounding sectors (Fig. 1). Four stations in the
summit area of the volcano (ECNE, ECPN, EPDN, and EPLC)
are used for the detection of LP events (Cannata et al., 2013).
To provide a robust reference for benchmarking and compari-
son with the results obtained in this study, we used two inde-
pendent seismic event catalogs provided by INGV-OE: the VT
earthquake catalog and the LP event catalog, both restricted to
events located within the bounding box shown in Figure 1.

The VT catalog contains 4243 VT earthquakes, including ori-
gin times and hypocentral parameters, and manually labeled P
and S picks (Alparone et al., 2020; Barberi et al, 2020). Events
were localized using the Hypoellipse algorithm (Lahr, 1999).
Figure S1, available in the supplemental material to this article,
provides the distribution of the local magnitude (0.2 < M| <
4.1) along with the horizontal and vertical errors. The 99th per-
centile localization errors are within 1.90 km horizontally and
2.60 km vertically. Hypocentral depth ranges from —1.60 to
38.24 km, with positive values indicating hypocenters below
sea level and negative values indicating elevation above sea level.

The LP catalog contains 65,068 events triggered by the sum-
mit stations during the same period (Sciotto et al, 2022;
Cannata et al., 2025), hereafter referred to as the unfiltered
catalog. From this dataset, 30,741 localized events were
selected, and an additional filter using an amplitude threshold
was applied to ensure higher reliability, resulting in what we
hereafter call the filtered catalog.

This dual-catalog approach ensures that both VT and LP
event families are well represented, enabling robust bench-
marking of the DL-based workflow across signal types with
distinct spectral and temporal characteristics.

Methodology
We optimized a distributed workflow designed to automate seis-
mic phase detection, association, and classification, using ML.
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Figure 1. (a) Map of the seismic stations used in this work (triangles). Blue triangles indicate
summit stations. The white dashed box outlines the boundaries of the Etna area as defined by
INGV-OE for monitoring purposes. The bottom-right inset shows the location of Mount Etna
within the Italian territory. (b) Daily histogram of the volcano-tectonic (VT) earthquakes in the
Etna area (Istituto Nazionale di Geofisica e Vulcanologia [INGV] - OE VT catalog); the April-July
2019 test time frame is evidenced in orange. The color version of this figure is available only in

the electronic edition.
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The process consists of three
primary stages: (1) P-S phase
picking from input waveforms,
using the open-source tool
SeisBench (Woollam et al,
2022) and a set of pretrained
ML-based picker models (Zhu
and Beroza, 2019; Mousavi
et al, 2020); (2) association of
the ML-predicted phases into
seismic  events using the
Gaussian ~ Mixture ~ Model
Association (GaMMA; Zhu
et al., 2022); and (3) event clas-
sification based on spectral
characteristics using an FI
approach (e.g, Buurman and
West, 2010).

This pipeline was developed
in Python and optimized for use
on an HPC platform (CINECA
Supercomputing Centre,
SuperComputing Applications
and Innovation Department,
2024) with  multi-graphic
processing unit (GPU) support,
enabling accelerated processing
of large seismic datasets. The
overall speedup for total run-
times (input time + computing
time + output time) reached up
to ~4.5 when using multicore
and multi-GPU configurations
compared to nonparallelized
execution. A flowchart summa-
rizing the complete workflow is
shown in Figure 2. Additional
scripts include benchmarking
tools for evaluating perfor-
mance across key steps, filtering
associated events, and automati-
cally labeling them according to
selected volcanic event classes.

Phase picking with
SeisBench models

We used two state-of-the-art
DL models available in
SeisBench:  PhaseNet  (Zhu
and Beroza, 2019) and
EQTransformer (Mousavi et al.,
2020). Each model was evalu-
ated across multiple pretrained
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Figure 2. Flowchart of the optimized workflow for the automatic detection of seismic events in
volcanic areas. GaMMA, Gaussian Mixture Model Association. The color version of this figure is

available only in the electronic edition.
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number of picks but also intro-
duced more false detections.
We tested probability thresh-
olds starting from 0.2.

To identify the most effec-
tive phase-picking models, we
first conducted a benchmark
using
recorded over four months,
between April and July 2019
(see Fig. 1b). This time frame
is characterized by intense seis-
mic activity in the INGV-OE
VT catalog, resulting in a larger
number of cataloged events
than in other periods. This
increases the probability of
recording robust numbers of
P-§ phases in the Etna dataset,
making it ideal for the first
testbed of the 10 model con-

seismic  waveforms

eSpectral analysis
eFrequency index

configurations (Table S1), which differ in training datasets,
source-receiver distance regimes, and event types (tectonic or
VT). Regarding the latter distinction, we consider datasets that
mainly include seismic events related to brittle fractures as tec-
tonic, as they represent typical tectonic environments and feature
events with broad spectral content. Examples of these datasets
are the STanford EArthquake Dataset (STEAD; Mousavi
et al, 2019), INSTANCE (Michelini et al, 2021), the
Southern California Earthquake Data Center (SCEDC) (2013),
and the Northern California Earthquake Data Center
(NCEDC) (2014) datasets. On the other hand, datasets compiled
by balancing high-frequency earthquakes with the inclusion of
LP events are referred to as VT, as they are representative of
volcanic environments characterized by the presence of mixed
signals. An example of such a dataset, used in this work, is the
Volpick dataset (Zhong and Tan, 2024). To ensure relevance to
the local volcanic setting of Mount Etna, we excluded models
trained on teleseismic or distant regional datasets, following
the spatial-domain  selection  criteria  proposed by
Miinchmeyer et al. (2022). Only models trained on local datasets
(0-150 km source-receiver distance) with abundant, well-dis-
tributed P and S picks were considered. In total, 10 combina-
tions of pickers and pretrained models were included in our
benchmark. The tested configurations included: PhaseNet
Original (NCEDC, 2014) and EQTransformer Original
(Mousavi et al., 2019), PhaseNet and EQTransformer trained
on INSTANCE (Michelini et al, 2021), SCEDC (2013),
STEAD (Mousavi et al, 2019), and Volpick VT dataset
(Zhong and Tan, 2024). Picks were extracted using a user-
defined probability threshold. Lower thresholds increased the
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figurations. Only the top-per-
forming configurations from
this initial evaluation were selected for subsequent application
to the full 1.5-yr dataset and for event association.

Phase association
We associated the predicted P and S picks with seismic events
using GaMMA (Zhu et al., 2022), a Bayesian Gaussian Mixture
Model (BGMM) framework. Unlike traditional grid-based asso-
ciators (e.g., Weber et al., 2007; Friberg et al., 2010; Patton et al.,
2016), GaMMA treats phase association as a probabilistic clus-
tering problem, incorporating expected travel times using a 1D
velocity model. We used the same Etna-specific 1D velocity
model (based on Hirn et al, 1991 and Patané et al, 1994) as
used in the INGV-OE VT catalog (Table S2). Travel times were
calculated using an Eikonal solver. Associations were performed
using the BGMM approach, with the Density Based Spatial
Clustering of Applications with Noise (DBSCAN) clustering
method (Ester et al., 1996) used to divide long sequences of picks
into segments. The minimum number of samples in a neighbor-
hood for a point to be considered a core point was set to 5, which
allowed the DBSCAN method to find dense clusters and thus
ensured the robustness of the association. The maximum time
between two picks for one to be considered as a neighbor of the
other was calculated based on the distribution of stations and the
velocity of P waves in the area. The oversampling factor to deter-
mine the number of initial clusters was set to 5, a value that
balances the high number of predicted picks from the model
configurations and the number of recording stations. The
covariance prior factor of time residuals was set to 5 because
higher values of this factor could determine the splitting of single
events into multiple events with the same origin time. An event
Volume XX« Number XX
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was accepted with a minimum of five associated phases (P > 3
and S > 2).

DL pickers typically generate a very high number of picks,
especially when low-probability thresholds are used (e.g., Zhu
and Beroza, 2019; Mousavi et al., 2020). Although this reflects
their enhanced sensitivity, many of these automatically pre-
dicted phases may still represent false detections.

To improve the reliability of automated event association,
we require each event to be supported by a minimum number
of stations with both P- and S-phase picks (“P&S stations”).
Setting a minimum number of P&S stations helps balance
the need to minimize false positives (FPs) with maintaining
adequate sensitivity for event detection across the network,
thereby improving the robustness of the automated association
process.

Spectral classification
To distinguish between VT and LP events, we implement an
automated classification method based on the FI. This param-
eter captures the dominant frequency content of seismic sig-
nals by comparing spectral amplitudes in two characteristic
bands: a high-frequency band, prevalent in VT events, and
a low-frequency band, typically prominent in LP events.
Building on standardized FI-based approaches (Buurman
and West, 2010; Matoza et al., 2014; Song et al, 2023;
Zhong and Tan, 2024), we enhance sensitivity by calculating
the FI as the logarithmic ratio of the maximum spectral ampli-
tudes, rather than the mean values, within the selected fre-
quency bands for each trace (see Text SI).

These frequency intervals were calibrated by averaging the
stacked spectral amplitudes of waveforms representative of
both VT earthquakes and LP events, following the approach
of Buurman and West (2010). A trace is retained for FI calcu-
lation only if it meets a quality check based on signal-to-noise
ratio (SNR > 2.5).

For each detected event, FI values were calculated and aver-
aged from up to four stations selected among the six closest to
the epicenter. To ensure robust and unbiased FI calculations,
we implemented an adaptive filtering workflow based on SNR
(see Text S1 and Table S3). Each event was then classified into
one of five categories LP, LS, VT, mixed, and unclassified based
on the following criteria derived from the FI analysis: FI value
(sign of the average log-ratio); FI-neg (the fraction of compo-
nent FIs that are negative); and FI size (the number of com-
ponents contributing to the average FI, serving as a measure of
classification robustness).

Among the events characterized by a low-frequency con-
tent, the presence of components from summit stations was
used as an additional criterion to qualify LP events. Summit
stations (installed above 2500 m.a.s.l.) are typically the most
sensitive to LP activity at Mount Etna, where LP sources
are generally located at very shallow depths (1-3 km a.s.l.)
within the volcanic edifice (e.g., Patané et al, 2013; Cannata
Volume XX« Number XX
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et al., 2018; Sciotto et al., 2022). To the best of our knowledge,
no deep LP events have been documented at Mount Etna,
although more energetic LPs can also be recorded by more dis-
tant stations in the network.

Events with low spectral content that did not satisfy this
spatial criterion were grouped in a class named LS.

Based on the available literature, the LS class could also
include VT events characterized by low frequencies (1-
5 Hz), emergent P-wave onsets, and poorly identifiable S
phases. Similar features have been described for VT-B events
(Wassermann, 2012) and interpreted as the effect of strong
scattering during wave propagation through shallow crustal
layers. At Mount Etna, where, as in other volcanic areas, shal-
low seismogenic structures are present, low-frequency VT
events have also been documented and related to seismic-wave
attenuation processes occurring in the uppermost crust (depth
< 1 km; Patané and Giampiccolo, 2004). Consequently, the LS
class, without implying a specific source mechanism, includes
all seismic events characterized by low-frequency content not
belonging to the LP class.

Based on these criteria, each event was classified as follows:

o Pure LP if FI < 0 and FI-neg > 0.5 and at least one of the
summit stations in the INGV-OE seismic network (ECNE,
ECPN, EPDN, and EPLC) recorded a component that con-
tributed to the FI calculation of the event, indicating that
spectral energy is concentrated in the low-frequency band
and the event is spatially bound to the summit sector of
the Etna area.

o LS if FI < 0 and FI-neg > 0.5 and no component from sum-
mit stations contributed to the FI calculation of the event.

o Pure VT if FI 2 0 and FI-neg < 0.5, consistent with dominant
high-frequency content.

o Mixed (FI 2 0 and FI-neg > 0.5 or FI < 0 and FI-neg < 0.5) in
all other cases, where frequency characteristics could not
clearly distinguish between the different classes.

« Unclassified if no FIs were calculated for any components or
stations.

From this point forward, we refer to these categories (VT,
LP, LS, mixed, and unclassified), as the event labels assigned
through the combined FI and FI-neg classification scheme.
In addition, the FI size parameter was used in the classification,
as a larger number of contributing components (higher
FI size) indicates greater confidence and robustness in the
assigned label.

These labeled events were then compared with the available
INGV-OE catalogs to evaluate the performance of the classi-
fication scheme.

Results

We evaluated various model configurations using the four-
month (April-July 2019) data subset and a range of probability
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TABLE 1

Metrics for Phase Picking Against Manual VT Phases from Pretrained Models, for Probability (Prob.) Thresholds =

0.2 (Four-Month Test)

P Recall S Recall True P, True S,
Model Prob. =z (%) (%) TP P TPS PredS PredP FNP FNS FPP FP S
PhaseNet INSTANCE 0.2 86.64 65.79 9,115 2,104 15 1M 1,391 1,083 288,453 78,918
PhaseNet Original 0.2 95.53 80.93 10,051 2,588 24 2 446 608 663,289 743,700
PhaseNet SCEDC 0.2 83.99 34.55 8,837 1,105 260 47 1,424 2,046 1,377,506 492,615
PhaseNet STEAD 0.2 71.89 74.30 7,564 2,376 217 2 2,740 820 62,913 570,504
PhaseNet Volpick 0.2 94.94 80.71 9,989 2,581 52 5 480 612 1,228,179 983,164
EQTransformer INSTANCE 0.2 90.09 68.61 9,478 2,194 17 10 1,026 994 240,177 34,024
EQTransformer Original 0.2 57.55 60.44 6,055 1,933 31 2 4,435 1,262 48,674 39,831
EQTransformer SCEDC 0.2 91.47 28.92 9,624 925 231 14 666 2,259 1,908,564 500,093
EQTransformer STEAD 0.2 69.33 70.86 7,294 2,266 24 2 3,203 930 49,024 93,706
EQTransformer Volpick 0.2 95.85 80.05 10,084 2,560 43 8 394 630 1,342,183 1,293,393

P recall (%), recall score of predicted P phases; S recall (%), recall score of predicted S phases; TP P, true positives with phase P; TP S, true positives with phase S; true P, pred S,
manual P phases with corresponding predicted S phases; true S, pred £, manual S phases with corresponding predicted P phases; FN P, false negatives with phase P; FN S, false
negatives with phase S; FP P, false positives with phase P; FP S, false positives with phase S; and VT, volcano-tectonic.

thresholds starting from 0.2 to assess picker performance
against the P- and S-phase arrivals listed in the INGV-OE VT
catalog. The best-performing configurations were then applied
to the full 1.5-yr dataset for phase picking. Event association
was performed using filtering criteria based on the number of
P&S stations. Detected events were subsequently classified
according to their associated FI values. This integrated strategy
enabled comprehensive benchmarking of model performance
and robust validation of workflows within the complex seismic
environment of Mount Etna.

Evaluation of phase-picking performance

To identify the best-performing phase-picking models, we
benchmarked them against VT seismic waveforms recorded
during the period of elevated activity in April-July 2019
(see Fig. 1b). We applied 10 pretrained configurations (combi-
nations of PhaseNet and EQTransformer with different train-
ing datasets) to this subset and evaluated their outputs against
manually labeled P and S picks. Picks were matched within a
maximum time tolerance of 0.5 s, in accordance with previous
benchmarks (e.g., Miinchmeyer et al., 2022).

In the following, the manual picks linked to the INGV-OE
VT catalog are referred to as “true” picks, whereas the picks
recognized and classified by DL models are referred to as “pre-
dicted” picks.

Evaluation metrics (Text S2) include, among others, true pos-
itive (TP, P, or S), false positive (FP, P or S), false negative (FN,
P, or §), recall, precision, and F1 score (e.g., Powers, 2011), as
well as the distribution of time differences between predicted
and manual VT picks. Recall values were calculated separately
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for the P and S picks across different probability thresholds. The
reference dataset is limited to well-characterized VT events,
which have been manually revised to enable a robust evaluation
of Recall. This subset provides a reliable measure of the model’s
ability to accurately detect P- and S-phase picks associated with
VT events. However, seismic recordings at Mount Etna contain
many additional signals not represented in the reference catalog.
These include events occurring outside the spatial domain of the
catalog (Fig. 1) and other event types, such as LP events (which
can outnumber VT events by at least an order of magnitude)
and VT-B events, which may also exhibit P- and S-phase arriv-
als. When the model detects such signals, they are counted as
FPs. As a consequence, the reported FP and derived precision or
F1-score are strongly influenced by the characteristics of the VT
reference catalog rather than by actual model misdetections.
Therefore, both precision and F1-score are systematically under-
estimated in this study. Recall remains the most robust and
interpretable metric for evaluating model performance in this
context, whereas precision and F1-score are reported for com-
pleteness in the supplemental material but should be interpreted
with caution.

Among the 10 models evaluated, three configurations dem-
onstrated superior performance when a probability threshold
of at least 0.2 was applied (see Table 1). Specifically,
EQTransformer Volpick achieved recall rates of 95.85% for
P-phase picks and 80.05% for S-phase picks. Similarly,
PhaseNet Volpick yielded recall values of 94.94% for P phases
and 80.71% for S phases. The original PhaseNet configuration
also performed strongly, with recall rates of 95.53% for P-phase
and 80.93% for S-phase detection.
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Figures S2 and S3 show the distributions of time difference
between the true and predicted picks for the four-month analy-
sis period, using PhaseNet and EQTransformer, respectively.
The distributions are shown as a function of probability
thresholds, separately for P and S phases, with bin widths of
0.02 s. Notably, the EQTransformer Volpick and PhaseNet
Volpick models exhibit more symmetric distributions around
zero, particularly for P phases, indicating better temporal align-
ment. Figures S4 and S5 show precision and F1-score for the
same four-month analysis period and different probability
thresholds, for completeness.

Furthermore, statistical descriptors (see Table S4) show that
EQTransformer Volpick has mean time differences closest to
zero for both P and S phases (P: —0.003 s and S: —-0.012 s),
followed by PhaseNet Volpick (P: 0.006 s and S: —0.004 s).
PhaseNet Original shows higher mean time differences (P:
-0.023 s and S: —0.075 s), suggesting a systematic temporal
bias, with predicted picks slightly delayed relative to the true
ones. For all three models considered, the recall scores consis-
tently exceed 80% for probability thresholds > 0.2 (Table 1).

Table S5 also shows that up to probability thresholds < 0.5,
these three models still show recall values of at least ~65% in
both P- and S-phase distributions, whereas the other models
obtain significantly lower scores at the same probability levels.

Based on the benchmark, we selected the three top-per-
forming models with recall for P and S picks above 80%
and applied them to the full dataset spanning January 2019
to June 2020. Table S6 summarizes the recall scores for each
configuration at the same probability threshold (P > 0.2).

The results confirmed the preliminary findings: all three
models maintained high P- and S-phase recall scores with min-
imal performance degradation when scaling up. The recall val-
ues at threshold 0.2 closely match those reported in Table 1 at
the same probability levels, confirming the preliminary test
observations. Figure 3 shows the time-difference distributions
for the full dataset. The shapes and skewness are again similar
to the four-month sample (Figs. S2 and S3): the P picks are
more symmetrical around zero difference than the S picks, with
the latter showing slight skewness toward positive values for
the Volpick configuration. The negative shift observed for
the PhaseNet Original configuration is confirmed.

An abrupt reduction in the number of detected picks occurs
when the probability threshold increases from 0.2 to 0.3 (Table
S6). Importantly, this transition results in only a marginal
decrease in recall—less than 1.2% for P-phase picks and
2.2% for S-phase picks. This small reduction in recall demon-
strates that nearly all true phase arrivals are still retained at the
higher threshold, whereas a substantial portion of low proba-
bility, likely spurious picks are excluded. By setting the thresh-
old at 20.3, false detections that might otherwise result in
erroneous or artifactual associations during the subsequent
event-building process can be effectively reduced. This higher
threshold maintains sufficient sensitivity for robust phase
Volume XX« Number XX
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detection while substantially improving the precision of the
picks used in event association.

Phase association accuracy with GaMMA

We used GaMMA to associate the predicted picks of the three
top-performing models into events using a minimum pick
probability of 0.3. The resulting catalogs were compared with
the INGV-OE VT catalog (Table 2).

A maximum spatial tolerance of 4 km in epicentral distan-
ces was adopted, approximately twice the horizontal uncer-
tainty of manual VT location (see Fig. S1). This tolerance
accounts for the fact that absolute locations derived from
the GaMMA associator are being compared with manual loca-
tions. The maximum allowed origin-time difference was set to
1.5 s. All manual and predicted earthquakes are considered
only within the study area (Fig. 1).

Comparison with the INGV-OE VT catalog (Table 2) shows
that all models achieved recall rates above 84%, with
EQTransformer Volpick performing best (86.50%), followed
by PhaseNet Volpick (84.99%), and PhaseNet Original
(84.31%). Missed events refer to true VT events that, according
to our matching strategy, were not associated with any detected
events. Some of these may still be present in the original cata-
log, but with mismatched origin times or locations. These
missed events are sparsely distributed across the study region.
As shown in Table 2, the EQTransformer Volpick model per-
forms best in terms of the recall score. To reduce the number of
potential FPs, we applied a filtering criterion based on the min-
imum number of P&S stations with a probability value > 0.3.
This filtering step significantly improved the results while
maintaining a recall above 81% (Fig. 4) with a minimum of
three P&S stations. After filtering, the number of FPs decreased
markedly for the Volpick models (Table 3), and the spatial dis-
tribution of the remaining events became more consistent and
closely matched that of the manual VT event map (Fig. 5). This
confirms the effectiveness of the filtering strategy in retaining
high-confidence detections. Figures 4 and 5 show that using a
minimum of three P&S stations provides the best balance
between maintaining a robust recall score and achieving a
spatial distribution consistent with the manual VT catalog.
Further refinements to the filtering strategy are required, as
the distribution of events in Figure 5 does not reflect the seis-
micity distribution at Etna as reported in the literature (Firetto
Carlino et al., 2022; Sciotto et al., 2022; and references therein).

Classification of events via Fl

To classify events as VT, LP, LS, mixed, and unclassified, we
employed an FI-based approach. To calibrate the FI frequency
bands, we analyzed the mean amplitude spectra from a subset
of about 100 manually selected VT's and 100 LP events (Fig. 6),
with high SNR and high-quality waveforms. The selected VT
earthquakes are at depths of —1 to 10 km, whereas the selected
LP events are at depths of —3 to 0 km. As shown in Figure 6a,b,
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Figure 4. Recall scores relative to the true VT catalog and number
of newly detected events discarded in selected models against
the number of P&S stations with probability thresholds = 0.3.
(a) PhaseNet Volpick, (b) EQTransformer Volpick, and

(c) PhaseNet Original. The color version of this figure is available
only in the electronic edition.
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TABLE 2

Metrics for the Earthquakes Predicted by Selected
Models, Referred to the True VT Catalog (January
2019-June 2020), Probabilities = 0.3

Recall Misses
Model TP FP FN (%) (%)
PhaseNet Volpick 3,607 41,604 637 84.99 15.01
EQTransformer 3,671 70,745 573  86.50 13.50
Volpick
PhaseNet Original 3,578 7,779 666 84.31 15.69

TP, true positive events; FP, false positive events; FN, false negative events; recall (%),
recall scores relative to the true volcano-tectonic (VT) catalog. Misses (%) indicate the
percentage of true VT events that are missed by the models (i.e., FN events).

TABLE 3

Metrics of Associated VT Earthquakes and New
Events from Different Models Referred to the True VT
Catalog, After Filtering Associations with at Least
Three P&S Stations

Recall Discarded
Model TP FP (%) FP
PhaseNet Volpick 3,543 21,268 83.48 20,336
EQTransformer 3,641 35,726 85.79 35,019
Volpick
PhaseNet Original 3,474 4,885 81.86 2,894

TP, true positive earthquakes; FP, false positive events; recall (%), recall scores relative
to the true volcano-tectonic (VT) catalog; and discarded FP, new FP events with at least
three P&S stations.

the horizontal (N and E) components consistently exhibit
higher amplitude than the vertical (Z) component.
Therefore, only horizontal FI values were used in subsequent
analyses. For the FI computation, we consider a 6 s wide signal
around each P-wave pick, starting 1 s before the P phase.
Therefore, the FI of any event is computed as the average of
FI values from all valid north—east components associated with
the event. Based on the stacked spectra (Fig. 6¢), we defined the
characteristic low-frequency band as 0.5-3.0 Hz (associated
with LP events) and the high-frequency band as 3.0-20.0 Hz
(associated with VT events). Although subjectively defined
(Buurman and West, 2010), these bands provide a reliable basis
for FI calculation.

We then calculated FI and FI-neg for the ~200 manually
selected events. The resulting FI-based classification yielded
a bimodal distribution that clearly separates pure VTs from
pure LPs (Fig. 6d), consistent with previous studies
(Buurman and West, 2010; Matoza et al., 2014; Song et al.,
2023; Zhong and Tan, 2024).

Seismological Research Letters 9

Downl oaded from http://pubs. geosci encewor | d. org/ssal/srl/article-pdf/doi/10.1785/ 0220250431/ 8016327/ srl-2025431. 1. pdf by guest on 17 July 2026



(@)

37.9°N

37.8°N
37.7°N
37.6°N

37.5°N

14.7°E 14.9°E 15.1°E 15.3°E

P&S stations = 0 P&S stations = 1

PhaseNet Volpick PhaseNet Volpick

(b)

Manual VT earthquakes
False Positives (Prob. = 0.3)
A Stations
— Area

P&S stations = 3
PhaseNet Volpick

P&S stations = 2
PhaseNet Volpick

False Positives: 41604 events False Positives: 39276 eventsA

37.9°N
37.8°N
37.7°N
37.6°N

37.5°N

False Positives: 32045 events A False Positives: 21268 events A

EQTransformer Volpick EQTransformer Volpick

EQTransformer Volpick EQTransformer Volpick

()

37.9°N

False Positives: 70745 events} False Positives: 67469 events]‘

37.8°N
37.7°N
37.6°N

37.5°N

False Positives: 54965 events]ﬁ False Positives: 35726 events]ﬁ

PhaseNet Original PhaseNet Original

(d)

PhaseNet Original PhaseNet Original

False Positives: 7779 events] A False Positives: 7254 events] A

37.9°N

37.8°N
37.7°N
37.6°N

37.5°N

False Positives: 6419 events] A False Positives: 4885 events] A

14.7°E 14.9°E 15.1°E 15.3°E  14.7°E 14.9°E 15.1°E 15.3°E

We then applied the same classification procedure to events
predicted by EQTransformer Volpick, PhaseNet Volpick, and
PhaseNet Original (see Text S1 and Table S3).

The labeled LP events are filtered using spatial criteria spe-
cific to the Etna area. As detailed in Text S1, only events located
within 5 km of at least one summit station are considered. This
additional seismological constraint is consistent with LP source
locations obtained with conventional methods in the area
(Cannata et al., 2013, 2018; Sciotto et al., 2022) and further
reduces the chances of erroneous predicted detections in the
ML output.

All three models reproduced the bimodal structure, with
Volpick-trained models detecting up to ~25 times more LP
events than PhaseNet Original (Fig. 7), highlighting the benefit
of the volcano-specific training.
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(b) PhaseNet Volpick, (c) EQTransformer Volpick, and

(d) PhaseNet Original, with increasing minimum number of P&S
stations from left to right. The color version of this figure is
available only in the electronic edition.
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The temporal evolution of labeled events is shown in
Figure 8, which also includes unclassified events. As the mini-
mum FI size increases from left to right, classification robust-
ness improves. All models show a drop in detection rates after
September 2019.

In particular, we observe that:

PhaseNet Original (Fig. 8a) closely follows the cumulative
curve of true detected VT events up to September 2019, after
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which a decline in productivity is observed. Increasing the
minimum FI size beyond 3 further reduces the number of clas-
sified events. The model also shows a slight increase in LS event
detection after September 2019, whereas LP detection remains
very limited, consistent with its training on tectonic-only data-
sets. Increasing the minimum FI size beyond 3 further reduces
the number of LP labeled events.

PhaseNet Volpick (Fig. 8b) detects more VTs and signifi-
cantly more LPs than the original model. The cumulative LS
curve increases sharply during the first three months of 2019,
more than doubling the number of VTS, before stabilizing and
following a trend similar to VTs. A decline in VT and LP detec-
tions after September 2019 is again observed, mirroring the
trend of PhaseNet Original.

EQTransformer Volpick (Fig. 8c) achieves the highest
number of VT and LP detections among the three models.
Predicted VT and LS events exceed the true VTs, although
LP detection still under-represents both filtered and unfiltered
true LPs after September 2019, showing a drop similar to the
one seen in the other models.

As an example, Figure 9 shows the spatial distributions of
events predicted by EQTransformer Volpick using the associa-
tor-provided locations. The predicted VT's align spatially with
the manual VT catalog. LS and mixed events remain consistent
with the network’s station distribution. In contrast, LP events
Volume XX« Number XX XXXX XXXX www.srl-online.org

Frequency index

Figure 6. (a) Mean amplitude spectra of N-E-Z components from
selected VT earthquakes; (b) mean amplitude spectra of N-E-Z
components from selected long-period (LP) events. The yellow
band indicates the low-frequency range (0.5-3.0 Hz) associated
with LP events, whereas the light-blue band is the frequency
band (3.0-20.0 Hz) associated with VT events. (c) Mean stacked
spectral amplitudes of selected VTs and LPs; and (d) histogram of
pure VTs and LPs. The color version of this figure is available only
in the electronic edition.

cluster near the summit stations. Analogous plots for the other
models are provided in Figures S6 and S7. Compared to
Figure 5, these results highlight how filtering choice, guided
by prior knowledge of the area’s seismic characteristics, plays
a critical role for reliable event classification and location. The
filtering strategy, specifically designed to limit false associa-
tions of LP events, combines adaptive frequency-band selec-
tion, multiple SNR checks, and spatial constraints based on
the distribution of summit and peripheral stations (Text S1).
This systematic refinement reduces spurious classifications,
strengthens the robustness of the catalog, and improves the
physical interpretability of seismic patterns, as evident in
the clearer and more geologically consistent organization of
VT and LP seismicity in Figure 9.
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Figure 7. Histograms of labeled events according to frequency
index (FI) + Fl-neg from (a) PhaseNet Original, (b) PhaseNet
Volpick, and (c) EQTransformer Volpick. Numbers of unclassified
and spatially filtered LP events are shown in the boxes in the right
corner of each plot. The color version of this figure is available
only in the electronic edition.
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Discussion

Performance evaluation on the four-month sample dataset
identified PhaseNet Volpick, EQTransformer Volpick, and
PhaseNet Original as the top-performing configurations
among the 10 tested. During inference of the whole 1.5-yr data-
set, all three achieved high-VT pick-level recall for probability
thresholds = 0.3 (>91% for P picks, >76% for S picks; Table S6,
Fig. 3) with VT event-level recall above 84% after association
(Table 2). Applying a P&S = 3 station filter effectively reduced
FPs while maintaining >81% recall (Table 3), confirming that
simple network-level filtering preserves high detection sensitiv-
ity even with large numbers of automatic picks.

The comparison between PhaseNet Original and Volpick
highlights the impact of training data on performance. Although
their picking and event recall scores are nearly identical (Table S6
and Table 2, Fig. 3), PhaseNet Original exhibits a systematic tim-
ing offset, consistent with previous studies (e.g., Sugan et al,
2023; Poggiali et al., 2025). At the event level, after FI classifica-
tion, Volpick identifies more new events than PhaseNet Original,
including 11,092 LPs (vs. 441), 4898 VTs (vs. 4314), and three
times more LS events (6416 vs. 2267; Fig. 7). This improvement
reflects the advantage of Volpick’s more diverse, volcano-specific
training set, consistent with Zhong and Tan (2024).

Model architecture also plays a key role. EQTransformer
Volpick slightly outperforms PhaseNet Volpick in true VT detec-
tion, respectively with 86.50% versus 84.99% of recall before fil-
tering (Table 2) and 85.79% versus 83.48% after P&S filtering
(Table 3). It remains the most productive after FI classification,
labeling 7908 VTs, 10,719 LS events, 1855 mixed events, and
14,280 LPs (Fig. 7c). Its hybrid convolutional neural network
(CNN)-transformer architecture likely improves sensitivity to
weak onsets and noisy conditions, enhancing both picking and
classification robustness.

However, all models show a marked decline in detection
and classification after September 2019 (Fig. 8), coinciding
with increased volcanic tremor (1-5 Hz) at Etna (Sciotto
et al., 2022). Volcanic tremor overlaps with VT and LP fre-
quency bands, lowering SNR and reducing picking and FI-
based classification confidence. EQTransformer exhibits the
smallest performance drop, up to FI size = 3 (Fig. 8c¢).

Figure 9 shows the spatial distribution of FI-based labeled
VT, LP, LS, and mixed events using the associator-provided
locations, which are not intended as precise event localizations.
LP detections cluster near summit stations, whereas LS and
mixed events remain widely distributed. The combined spatial-
and Fl-based filters effectively determine good consistency
between labeled VT and the locations of VT manual catalogs,
calibrating the ML output according to the local features.
Nevertheless, as previously observed (Fig. 8), during high-
tremor periods, more events are shifted to unclassified or
mixed categories, highlighting FI's limitations under noisy
conditions. This work focuses on phase picking, association,
and classification. Detailed event localization is not addressed.
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Figure 8. Cumulative counts of labeled event classes (VT, low
spectrum [LS], LP, mixed, and unclassified) over time, obtained
from the workflow for three model configurations: (a) PhaseNet
Original, (b) PhaseNet Volpick, and (c) EQTransformer Volpick.

Results are shown alongside true VT and LP events (both filtered

Volume XX« Number XX « XXXX XXXX

www.srl-online.org

and unfiltered), with the total number of events in each group
indicated in parentheses. For each configuration, panels from left
to right represent increasing minimum Fl size thresholds. The
color version of this figure is available only in the electronic
edition.
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Accurate localization requires dedicated methods, which vary
by event type. At Etna, VT, events are typically located using
first-arrival phase techniques (e.g., Hypoellipse with Lahr,
1999), whereas LP locations are determined via a grid search
that integrates semblance and amplitude distribution with a
constant single-layer velocity model (Cannata et al., 2013).
Therefore, although event localization and detailed depth con-
straints are not included in this study, the applied methodol-
ogies demonstrate that the general classification of events
remains robust. These findings confirm that integrating
deep-learning pickers with the GaMMA association method
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Figure 9. Maps of (a) true VT events, (b) labeled VT earthquakes
from EQTransformer Volpick, (c) labeled LS events from
EQTransformer Volpick, (d) labeled LP events from
EQTransformer Volpick, and (e) labeled mixed events from
EQTransformer Volpick. In panel (a), the number of true VT
events is shown in the upper-left corner; in panels (b—e), the
numbers of labeled and unclassified events are shown in the
upper-left corner, and Fl size increases from left to right. The color
version of this figure is available only in the electronic edition.
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and FI classification provides a solid baseline for automated
volcano-seismic monitoring. Although fully automated work-
flows cannot yet replace expert oversight and manual valida-
tion, the integration of ML with human supervision represents
a major advancement in the detection and characterization of
volcanic seismicity (Sciotto et al., 2022). ML models markedly
expand the ability to identify and quantify seismic populations,
and their effectiveness can be further improved through sys-
tematic validation on a per-volcano basis, accounting for local
station networks, geological structures, and noise conditions.
Despite these advances, LP detection remains challenging,
and FI alone cannot fully resolve classification ambiguities dur-
ing high volcanic tremor. Effective implementation requires
volcano-specific model training, local calibration, and sus-
tained expert oversight. In this framework, ML enables
high-throughput event characterization while maintaining
human supervision as a critical component for reliable hazard
assessment. Future integration of more advanced spectral
analysis methods may further enhance event-type discrimina-
tion and reduce ambiguities in automated classifications of vol-
canic seismicity (e.g., Zali et al., 2024; Abed et al., 2026).

Conclusions

We present a distributed workflow that leverages DL models
pretrained on global datasets, to detect and classify seismic
events at Mount Etna. The region’s comprehensive, high-quality
seismic catalogs make Etna an exemplary test bed for evaluating
and benchmarking advanced detection and classification meth-
ods, offering insights transferable to other volcanic regions. By
applying and benchmarking several DL models over 1.5 yr of
data, we found that configurations trained on the Volpick data-
set, especially EQTransformer Volpick, consistently achieved
superior performance. These models reliably differentiated
VT, LP, LS, and mixed events using a modified FI for spectral
classification, with event distributions matching VT manual cat-
alogs up to the onset of energetic volcanic tremor. However, epi-
sodes of increased volcanic tremor amplitude can reduce model
accuracy by obscuring VT and LP signals.

Our results underscore the importance of volcano-specific
training datasets, such as Volpick, in enhancing the perfor-
mance and generalizability of DL models. EQTransformer
Volpick, among others, stands out and demonstrates consid-
erable promise for real-time monitoring, event association, and
signal
Although automated methods show remarkable potential, their
optimal application can be further enhanced through expert
supervision and site-specific validation to ensure reliability
and interpretability. In this respect, combining ML and human
oversight represents a decisive step toward more robust, adap-
tive, and scalable real-time volcanic monitoring. Looking
ahead, incorporating more advanced spectral analysis tech-
niques may further improve event-type discrimination and
reduce ambiguities in automated classifications.

seismic classification in volcanic environments.
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