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Abstract

Understanding the temporal evolution of volcanic activity is crucial for eruption forecasting and hazard
assessment. We use an unsupervised machine learning matiiod, Deep Embedded Clustering, to classify daily
seismic spectrograms of Mount Etna between November 2020 and November 2021, a period that includes two
major lava fountain sequences and quiescent phases. Using data from the horizontal components at two summit
stations, we identify four clusters coiresponding to distinct seismic regimes associated with different volcanic
phases: (1) quiescence or non-dominant seismic features related to fluid dynamics, (2) fluid pressurisation
indicated by elevated Long Period (LP) events, (3) preparatory phase, and (4) eruptive lava fountain episodes.
These clusters closely match expert-defined volcanic phases and are validated against independent volcanic state
indicators, including LP event catalogues, RMS amplitude trends, and eruption logs. Notably, a preparatory phase
is observed before the lava fountains of February 2021, likely linked to the volcano's recharging phase. After the
first eruptive sequence, a cluster dominated by LP events emerges, which may reflect fluid pressurisation within
the volcanic system. The approach also identifies ambiguous days that reflect mixed behaviour. These results
demonstrate the potential of unsupervised learning as a reliable and supportive tool for volcanic monitoring and

eruption forecasting.

Introduction

Volcanic activity poses significant hazards to the population, critical infrastructure, and the environment. Accurate
monitoring and forecasting of such phenomena are therefore essential for effective risk mitigation. Traditional
volcano monitoring methods rely on multi-parametric observations, including seismicity, ground deformation,
gas emissions, and visual inspections, which are typically analysed using manual or classical statistical
methods 2. While heavily instrumented volcanoes generate large volumes of high-resolution, multimodal data

that challenge conventional analysis approaches, many observatories still operate with sparse monitoring
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networks. Automatic classification tools offer a significant advantage in this context, providing stable,
reproducible, and analyst-independent event classifications that support consistent, transparent, and reliable
decision-making during volcanic unrest 3, and references therein.

In this context, machine learning (ML) methods have emerged as powerful tools for analysing complex,
continuous, and high-dimensional geophysical datasets. ML techniques offer significant potential for improving
the detection, classification, and forecasting of volcanic phenomena by recognising subtle patterns and non-linear
relationships that may elude traditional methods. This applies to both well-instrumented, data-rich regions (e.g. %)
and remote areas with limited instrumentation (e.g. 5).

Both supervised and unsupervised ML techniques have proven effective in volcanic applications 6. Supervised
models trained on labelled datasets have successfully identified eruptions and classified seismic signals.
Unsupervised approaches, such as clustering and dimensionality reduction, facilitate the integration of different
features into coherent, multivariate representations of volcanic processes 8. These integrative models not only
reduce the uncertainties associated with monitoring individual parameters but also improve understanding of the
complex, dynamic behaviour of active volcanoes. Key features include automatic detection of events (e.g. onset
of a tremor or explosion), classification of sources (e.g. tectonic or volcanic), and forecasting of eruptions 7.
Mount Etna, the most active volcano in Europe, serves as a unique natural laboratory for the development and
validation of unsupervised ML approaches, thanks to its persistent activity and robust, multi-parameter monitoring
infrastructure. The Istituto Nazionale di Geofisica e Vulcanologia-Osservatorio Etneo (INGV-OE) operates a
dense network of seismic, geodetic, and gas monitoring instruments around the volcano, providing high-
resolution, long-term datasets. This network ensures optimal detection capability of the seismicity and precise
hypocentral parameters across Etna 819,

Mount Etna exhibits a wide range of eruptive behaviours, predominantly centred at its summit craters, which
frequently produce Strombolian explosicns, lava fountains, and sustained lava effusion 222, Unlike many
volcanoes that undergo long periads of quiescence, Etna remains in a state of persistent unrest. VVolcanic tremor
and Long Period (LP) seismic events, sometimes collectively referred to in the literature as long period seismicity,
are among the most intriguing and studied volcano-seismic signals recorded at volcanoes. Whether resulting from
source or path effects, they are closely linked to magmatic and hydrothermal fluid dynamics and their interactions
with volcanic structures, providing insight into volcanic processes (%% and references therein) . At Mount Etna,
these signals are regularly observed during both eruptive and non-eruptive periods, offering valuable insights into
the volcano’s internal processes as well as for monitoring purposes. In particular, the relationship between
volcanic tremor and eruptive activity is well established, typically revealed through variations in amplitude,
spectral content, and source location 2428, LP event analyses have contributed significantly to our understanding
of Etna’s shallow plumbing system, illuminating magma intrusions and pressurisation—depressurisation cycles
within volcanic conduits (e.g., 2>2"%),

For monitoring and surveillance purposes, INGV-OE developed automatic systems to early detect lava
fountaining activities, based especially on volcanic tremor amplitude, infrasound, ground deformation data (tilt,
GNSS, strain), SO2 flux, and thermal data (e.g. ** ). In addition to these parameters, the evaluation of the state of
the volcano in the medium term relies on many parameters such as Volcano-tectonic (VT) seismicity occurrence

(e.g. *), and other geophysical and geochemical evidence.



Machine learning applications at Etna are well established across various types of data and have expanded
significantly in recent years. While non-seismic approaches have addressed lava flow mapping using satellite
imagery %, crystal chemistry and eruption intensity via clustering 3, and strain-based eruption characterisation *°,
most advances have focused on seismic and acoustic data. ML has been used to classify seismo-volcanic events,
detect unrest & and more recently to analyse volcanic tremor 3637 and infrasound signals *-°. Notably, Watson %
applied k-means clustering to infrasound to track eruptive evolution, while Nunnari ¢ showed that tremor-based
ML models could reliably distinguish between quiescent, Strombolian, and paroxysmal phases. More recently,
Abazari et al. * demonstrated that deep neural networks applied to multi-sensor data significantly improve the
discrimination of eruptive states at Etna, surpassing classical methods. The continuous seismic signal
encompassing the Etna 2018 eruption was recently used as a case study, among others, to test a supervised deep
learning-based method by Fee et al. 2, which uses spectrograms labelled from several volcanoes to detect and
classify many types of volcano seismicity.

While supervised models have demonstrated high performance, it is worth remembering that they require
extensive labelled data, a costly process that depends heavily on expert knowledge. In contrast, unsupervised
methods offer scalable and potentially more generalisable approaches for seismic analysis, and are well suited to
highlighting subtle, gradual, or previously unseen changes in seismicity, although their ability to detect subtle and
continuous seismic variations still requires thorough validation.

In this study, we apply an unsupervised deep learning framework combining AutoencoderZ 44 and Deep
Embedded Clustering *“¢ to daily seismic spectrograms recorded at two summit stations between November
2020 and November 2021, a period encompassing both quiescent pnases and two major eruptive sequences. Our
goal is to automatically identify clusters - groupings produced by the ML algorithm based on spectral similarities
- and assess their correspondence with recognised volcanic phases. By comparing ML—derived clusters with
independent volcanic indicators (lava fountains, VT and LP event catalogues, RMS amplitudes), we also evaluate
the ability of unsupervised methods to detect hidden patterns and highlight diagnostic seismic transitions linked
to subsurface processes such as magma ascent and gas accumulation. Our method integrates both single- and
multi-station analyses to minimise spatial bias and improve the robustness of classification.

Data and Method

The data set analysed in this study covers the period from November 2020 to November 2021 and includes both
quiet phases and two major cycles of lava fountains #74¢. This temporal diversity provides an ideal context for
evaluating the effectiveness of unsupervised ML in distinguishing between different phases of volcanic activity.

In this study, we analyse continuous seismic data recorded by the ECPN and ECNE stations, which are located
near the summit craters of Mount Etna (Figure 1A) and do not exhibit significant site effects in the frequency
bands relevant to our analysis *°. In particular, the ECPN station is well suited for the detection of LP events and
is used as a reference point for analysing volcanic tremor 28, All analyses rely on horizontal components, as
volcanic tremor signals are generally more pronounced on the horizontal plane %°. The availability of waveform
data for both stations is shown in Figure 1B.

To analyse the seismic data, we used Clustremor and AutoencoderZ (Text S1; Figure S1), unsupervised ML
framework optimised for the analysis of seismic signals in a volcanic context 443, Autoencoders are neural

networks that perform feature extraction and dimensionality reduction by reconstructing the input data through
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encoding and decoding steps >, The autoencoder architecture consists of: 1) Encoder that compresses the
spectrogram input into a set of learnt features by using a series of convolutional layers and fully connected layers;
2) Bottleneck Layer - a narrow, central layer that forces the network to learn a low-dimensional representation of
the data %2, 3) Decoder that reconstructs the original input from the bottleneck features and verifies the
effectiveness of the learnt representation. Convolutional layers in the encoder are connected to the corresponding
transposed convolutional layers in the decoder through skip connection layers.

As shown in Figure 2, the workflow begins with the creation of daily spectrograms using the Short-Time Fourier
Transform (STFT). Before this step, the signal was downsampled from 100 Hz to 18 Hz and a Butterworth-
Bandpass filter between 0.5 and 8 Hz was applied. This frequency band includes the long period seismicity we
are focused on and avoids dealing with higher frequency noise “2. The STFT was applied using a sliding window
to capture local frequency variations. Various window configurations were tested, and the most effective -
corresponding to 25.8% overlap - was selected based on the performance of the optimal spectrogram visualisation.
This configuration produced 2D spectrograms with dimensions of 1024 x 1024.

The spectrograms were input into the Encoder, which extracted K features through four convolutional layers,
followed by a dense layer. These features were then used for the reconstruction of the input in the decoder. The
Relative Bias (RB) metric was applied to determine the optimal value of K 5, defined as the configuration that
minimises the difference between the original and reconstructed spectrograms. The extracted features were used
for clustering using Deep Embedded Clustering (DEC), a technique that optimises feature learning and cluster
assignment together 446, This method facilitates the identification of seismic regimes by grouping similar feature
patterns. To determine the optimal number of clusters, we analysed the Davies-Bouldin Index (DBI) > and the
Calinski-Harabasz Index (CHI) . For all stations and components, both metrics indicated that four clusters were
optimal.

Finally, we visualised the clustering results using t-distributed Stochastic Neighbour Embedding (t-SNE), an
unsupervised algorithm for mapping high-dimensional data into two dimensions %657, To improve the
interpretability of seismic variability over time, each cluster in Figure 2D is represented by a specific colour.
Hereafter, the term cluster refers to the groupings produced by the ML algorithm, whereas regime/phase refers to
their volcanological interpretation. The study began with a single-station analysis using data from the ECPN and

ECNE stations. We then extended our investigation to a multi-station analysis.
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Figure 1: (A) Digital elevation model of the summit area of Etna %8, showing the locations of the ECPN and
ECNE seismic stations and the summit craters (South-East Crater: SEC; Bocca Nuova: BN; Voragine: VOR; and
North-East Crater: NEC). The inset map shows the location of Etna in southern Italy. (B) Seismic data availability
from 1 November 2020 to 30 November 2021 (only the E component is shown).
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Figure 2. Overview of the workflow. The diagram shows the complete analytical pipeline using data from the
ECPN-HHE component, where the lowest Relative Bias (RB) of 3.5% was achieved with 30 features. (A)
Architecture of the AutoencoderZ model (adapted from Zali et al. 4%), showing feature extraction via the encoder
and signal reconstruction via the decoder. (B) RB formula used to assess reconstruction accuracy and determine
the optimal number of features for the bottleneck layer. (C) Determination of the number of clusters using the
Davies-Bouldin and Calinski-Harabasz indices; dashed lines indicate the values corresponding to the optimal
number of clusters. (D) Two-dimensional t-SNE visualisation of the clustering results; each point represents a
single day of data, and colour indicates a different cluster.

Results and Discussion

Applying our workflow (Figure 2), we identified four clusters, retrospectively interpreted as corresponding to four
distinct seismic regimes associated with the volcanic phases. These clusters were compared between stations and
against independent volcanic state indicators (Figures 3 and 5) to validate their consistency, relevance, and
interpretability.

Clustering results were first compared within each station across its two horizontal components to identify the
dominant features driving classification. We then extended the analysis by assessing all stations and components
together, merging them into a single dataset.

Independent volcanic state indicators

As independent volcanic state indicators, we used: i) the timing of lava fountain episodes #, ii) the volcano-
tectonic earthquake catalogue %, iii) the Root Mean Square (RMS) amplitude, and iv) the LP events catalogue.
Lava fountains at Etna result from the rapid ascent of magma under high internal pressure, typically occurring at
the summit craters; they are usually preceded by Strombolian activity 2°24. During this study period, 62 intense
lava fountain episodes were observed (Figure 3A). The eruptive phase studied here produced the most mafic
magma observed in the last decade #’. Three episodes occurred in December, and one episode in January 2021.
Subsequently, two paroxysmal sequences occurred (16 February 2021-1 April 2021 and 19 May-23 October

2021; %9). The median interval between lava fountain episodes was ~48 hours, while durations ranged from 9 to




629 minutes, with an average of ~92 minutes. Further statistical details are available in the supplementary material
(Figure S2, Table S1).

Volcano-tectonic (VT) earthquakes 8 (Figure 3B) with epicentres within a 10 km radius of Etna’s summit (0.1 <
M < 3.4, Figure S3) and depths between -1.6 km a.s.l. and 28.9 km b.s.l. were also considered.

During the study period, several seismic swarms affected the volcanic area. A gradual increase in VT seismicity
has been observed since late June 2020 85961 mainly affecting the shallow crust (depth < 3 km b.s.l.) in the
central sector of the volcano. A remarkable variation in earthquake occurrence rate and energy release was
observed on 31 December 2020 and 24 January 2021, when two seismic swarms occurred in the southwest (SW)
and east (E) sectors of the volcano at intermediate and deep levels (10-20 km b.s.1.). Geochemical, petrological,
ground deformation and seismological data indicated a significant episode of magma transfer from deep sources
to the surface from December 2020 806, This trend continued until 13 February 2021, when a drastic reduction in
shallow seismicity (depth <5 km) was observed, accompanying the lava fountain sequences from 16 February
2021. A renewal of deep VT seismicity occurred between April and May 2021 *°, preceding the onset of the
second sequence of lava fountains.

The frequency band used in this study (0.5-8 Hz) is not well suited to fully capture signals associated with VT
activity. Nevertheless, VT events %8 are presented together with other independent volcanic indicators to compare
the identified cluster with the different processes occurring at Etna during the analysed period.

The RMS amplitude is a key indicator, as it primarily reflects variations in volcanic tremor amplitude often
associated with changes in volcanic activity. The RMS amplitude time series (Figure 3C) was calculated on the
vertical component of the signal acquired by the ECPN station. The seismic signal was first filtered in the 0.5-5
Hz frequency band and RMS amplitude values were computed over non-overlapping 10-second windows. To
provide a robust, noise-resistant estimate of amplitude variation 28, for each 1-hour interval, the 25th percentile of
these 10-second RMS values was calcu!ated.

Based on RMS values, the INGV-OE "trafiic light" system classifies volcanic tremor amplitude into three colour-
coded levels, whose thresholds were recovered on roughly 15 years of ECPN RMS amplitude data: green-zone (<
1.28 x 107° m/s); yellow-zone (1.28 x 107¢and 5.15 x 107° m/s), and red-zone (> 5.15 x 10° m/s). The yellow
band represents the most commonly observed background activity, while green and red indicate anomalously low
or high volcanic tremor amplitudes, respectively. These thresholds are station-specific and statistical in nature,
and do not directly correspond to specific volcanic processes.

LP event catalogue consists of amplitude transients detected by four summit stations belonging to the INGV-OE
permanent seismic network. Signals are filtered between 0.5-5.5 Hz, and an STA/LTA (short time average/long
term average) trigger algorithm is implemented. The daily number of LP events (Figure 3D), was low during the
first months of the investigated period, increasing after the first paroxysm sequence. It is important to note that
the high volcanic tremor amplitude recorded during November 2020- February 2021 could have masked LP
detections, which are triggered by STA/LTA-based methods. A sensitivity analysis of this aspect, however, was

beyond the scope of the present study.

Single-station analysis
To identify common features and validate cluster stability, we compared the clustering results from stations ECPN

and ECNE. Based on the DBI and CHI indices, four clusters were identified. Results from both stations are



presented in Figures 3E (ECPN) and 3F (ECNE), showing how the comparative analysis highlights the most
energetic and consistent signals.

Table 1 summarises the description of each cluster in terms of days per station and independent volcanic state
indicators (LP, RMS, and lava fountain occurrence). Cluster 1 showed notable discrepancies in day-level
assignments between stations, indicating variability in signal characteristics despite some shared days. Cluster 2
emerged as one of the most dominant and consistent in terms of the number of assignments between stations, and
appears associated with elevated LP seismic activity. Cluster 3 corresponds to a well-defined temporal segment
consistent between the two stations, characterised by high RMS amplitudes but relatively few LP events, possibly
reflecting the masking of LP by elevated RMS. Cluster 4 represents the best-aligned group in terms of assigned
days, coinciding with the timing of lava fountain events. Finally, an "Undefined" category was used for days
where the two horizontal components diverged in cluster assignment.

The clusters identified by the ML algorithm generally align with independent volcanic indicators (Figure 3) across
both horizontal components. Figure 4 presents examples of daily spectrograms and corresponding waveforms for
the four clusters identified by the unsupervised ML analysis. Cluster 1 predominantly shows weak, diffuse energy
across a broad frequency range, and contemporaneously low activity is observed representing except for
occasional Strombolian explosions preceding paroxysms. It is characterised by RMS values ranging from green
to red-zone, and great variability between stations, and low to moderate LP event rates. Cluster 2 is defined by
low overall energy punctuated by short-duration, transient events, appearing as thin, vertical streaks concentrated
in the 0.5-8 Hz range, interpreted as LP events associated with fluid dynamics within the shallower portion of the
plumbing system. Cluster 3 is marked by persistent, high-amplitude volcanic tremor with dominant energy
between 0.5 and 5 Hz, indicative of sustained pressurisation of the volcano and heightened volcanic activity.
Cluster 4 clearly captures lava fountain episodes, displaying intense broadband energy and characteristic harmonic
tremor, a signature of vigorous magma ascent and degassing during paroxysmal activity.

Our clustering results align well with those from independent volcanic state indicators (e.g., RMS amplitude, LP
event occurrence rates). However, the unsupervised clustering approach processes the entire spectral content of
the data, capturing subtle patterns that may not be fully represented by individual parameters. While the clusters
correlate with known eruptive phases, the model’s strength lies in its ability to synthesise complex, multivariate

relationships within the spectrograms and may offer insights beyond conventional threshold-based analyses.
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Figure 3: Temporal evolution of clusters in relation to independent volcanic state indicators. (A) Occurrence of
lava fountain events during the study period, based on data from Giuffrida et al. 47 and Proietti et al. *. (B) Depth
of volcano-tectonic earthquakes (\/T) over time, recorded within a 10 km radius of Mt Etna’s summit. (C) Daily
mean Root Mean Square (RIMS) amplitude for the ECPN seismic station (Z component). (D) Daily count of Long
Period events. (E) and (F) show the temporal distribution of clusters identified by AutoencoderZ for the ECPN
and ECNE stations, respectively, across both horizontal components. An Undefined category was assigned to days
when the two horizontal components yielded different cluster assignments. The panels on the right show the
percentage of days that each cluster represents with respect to the entire analysed period.
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Figure 4: Examples of daily spectrograms and corresponding seismic waveforms for representative days from
each of the four clusters identified by the unsupervised ML algorithm. Cluster 1 includes quiescent periods and
displays weak, broadband energy without a dominant spectral feature. Cluster 2 is characterised by LP events,
appearing as vertical bands of energy concentrated in the 0.5-8 Hz range. Ciuster 3 shows persistent, high-
amplitude tremor with sustained energy in the 0.5-5 Hz band. Cluster 4 corresponds to lava fountain episodes and
exhibits classic features of explosive paroxysms, including harmonic tremor and broadband energy bursts.

Table 1: Cluster-Wise Frequency Distribution of Volcanic Activity Conditions for each Station and Cluster.

Station Class Total Lava Lava Days | Days> | RMS | RMS Red Days
Days | Fountain | Fountain | >200 | 200 LP Red %
Days* Day % LP % Days

ECPN Cluster 1 97 3 3.1% 24 24.7% 33 34.0%
Cluster 2 98 1 1.0% 55 56.1% 1 1.0%
Cluster 3 56 0 0% 1 1.8% 47 83.9%
Cluster 4 61 50 82% 21 34.4% 44 72.1%
Undefined 82 11 13.4% 21 25.6% 18 22%

ECNE Cluster 1 61 0 0% 14 23% 0 0%
Cluster 2 76 6 7.9% 46 60.5% 13 17.1%
Cluster 3 74 0 0% 5 6.8% 38 51.4%
Cluster 4 62 55 88.7% 23 37.1% 48 77.4%
Undefined | 122 4 3.3% 34 27.9% 44 36.1%

*Lava fountain days in the references (Giuffrida et al. 47 and Proietti et al. 4

%) total 65 days; 3 days are missing from ECPN,

while 3 days are missing from ECNE. The values represent the percentage of days in each cluster associated with a given

condition, calculated as p;; = % where p;; is the percentage of days in cluster i corresponding to condition j, N;; is the number

of days in cluster i exhibiting condition j, and N; is the total number of days in cluster i. A threshold of 200 LP events per day
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(70th percentile) was used to classify days with elevated LP activity. Note that the total number of days is 395; ECPN provides
data for 389 of the days, while ECNE provides data for 391 days.

Multi-station analysis

To strengthen our analysis, we merged data from the horizontal components of the two seismic stations. For this
purpose, we developed a filter to identify, for each day, the cluster label most frequently assigned across
components. Based on the number of horizontal components assigned to the same cluster by the algorithm, we
defined three configurations (Figure 5). Configuration A (Config A) includes days when at least two components
agree, regardless of the station. Configuration B (Config B) refers to days when three components agree (for
example, both components from one station and one from the other). Configuration C (Config C) corresponds to
days when all four components, both from ECPN and ECNE, concur on the dominant cluster label. To
quantitatively determine the interpretability of clustering in terms of volcanic state, we computed the relative
frequency (as a percentage) of three key conditions within each cluster identified by the algorithm: lava fountain
occurrence, LP event counts exceeding 200 per day (a threshold corresponding to the 70th percentile of daily LP
counts in our dataset; see Figure S4), and RMS amplitude in the red zone. These results are reported in Table 2.
Cluster 1 does not show well-defined temporal sequences but instead appears scattered across the observation
period, with only two intervals of partial coherence between configurations: 1) November 2020, characterised by
high RMS amplitude (corresponding to the red-zone), relatively high /T seismicity, and low LP event rates; 2)
October 2021, featuring medium RMS amplitude (corresponding to the yellow-zone) and moderate LP activity
(on average between 100 and 200 events per day). In Config C, Cluster 1 accounted for only 3.3% of the dataset,
with occurrences mainly concentrated between July and November 2021. Associated volcanic state indicators
show low to moderate LP events and variable RMS amplitude (see Figures 3C and 3D). RMS exceeded the red-
zone threshold on 36.6% (Config A) and 36.1% (Config B) of Cluster 1 days, but was absent in Config C. Only
23.1% of Cluster 1 days exceeded the 200 LP-event per day threshold (Table 2).

The inconsistent presence across configurations suggests this cluster is not characterised by a dominant or

coherent seismic feature. Volcanic activity in this period is represented by occasional Strombolian explosions.

Cluster 2 exhibited strong temporal coherence across all configurations, spanning a sustained period from 8
March to 13 September 2021, with peak activity between May and early June (Figure 5). This cluster was most
prominent in Config A (21%) and Config B (14.4%), while Config C identified a more selective subset (7.8%).

The cluster is distinctly associated with an elevated LP occurrence rate (Figure 5A—C). In Configs A and B,
approximately 70% of Cluster 2 days recorded more than 200 LP events (Table 2). Lava fountains and high RMS
amplitudes were rare in this cluster, particularly in Config C, which captured the clearest representation of LP

event-dominant behaviour.

Cluster 3 emerged as a well-defined temporal segment across all configurations, beginning on 30 November 2020
in Configs A and B, and on 18 December 2020 in Config C. All three configurations converged on an end date in
mid-February 2021. This cluster is associated with: 1) increasing high RMS amplitude (69.4% of Cluster 3 days
in Config A and B; 93.8% in Config C, as shown in Figure 5D and Table 2), 2) increased VT seismicity within a

10 km radius from the summit area, and 3) a very low frequency of daily LP events (on average, less than ~50
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events per day; see Figures 3B, 3C, and 3D). In November 2021, another group of days appeared in Cluster 3 for
Config A and B. This period was marked by medium RMS amplitude and a noticeable trend of increasing daily
LP events, but still below the threshold of 200 LP events per day. Closer inspection of seismic waveforms and
spectrograms from 30 November 2020 to 16 February 2021 (Configs A and B) revealed a phase between 5 and
20 December, characterised by mixed or unstable spectral features (Figure 5D, dashed square). After this period,
the signal evolved into sustained tremor, potentially representing a precursory phase to the eruptive activity period

classified under Cluster 4 (Figure 5D, solid square).

Cluster 4 showed strong agreement across all configurations and was temporally confined to two well-defined
time windows: 1) 18 February to 19-24 March 2021 (depending on configuration); 2) 6-19 May to 23 October
2021 (with a staggered start but a uniform end date). Cluster 4 was consistently and strongly associated with lava
fountaining (see Figure 3A), observed on 88.5% (Config A), 88.3% (Config B), and 94.3% (Config C) of Cluster
4 days. High RMS amplitude (see Figure 3C) occurred on 77%, 78.3%, and 83% of Cluster 4 days in Configs A,
B, and C, respectively (Figure 5A-C, Table 2). These high correlations confirm Cluster 4 as the most

volcanologically diagnostic, reflecting periods of paroxysmal eruptive behaviour.

The Undefined cluster includes days with inconsistent cluster assignments across components. As expected, its
prevalence increases with the strictness of the agreement criterion: 27.3% in Corifig A, 36.7% in Config B, and
67.3% in Config C.

This cluster likely represents ambiguous or mixed seismic behaviour, possibly resulting from variability in signal
type and strength across stations, differences in site sensitivity or proximity to source regions, or overlapping
volcanic processes that do not dominate the spectra! signature.

In Config C, 29.3% of Undefined days showed high LP counts, and 26% exhibited elevated RMS amplitude,
suggesting complex, non-exclusive features that defy clear categorisation.

The persistence of an Undefined cluster, particularly in configurations requiring strict component agreement,
highlights ongoing challenges in classifying mixed or ambiguous signals. These periods may coincide with hybrid
processes (e.g., overlapping tremor, tectonic earthquakes, and LP events), which resist straightforward
categorisation.

Our analysis identified four clusters, each aligning with known volcanic regimes (Table S2). While unsupervised
ML excels at pattern recognition, the physical interpretation of these clusters remains contingent on integrating

complementary datasets, such as gas flux measurements, thermal imagery, or ground deformation records.

Misclassifications and limitations

Our analyses highlight that the clustering algorithm occasionally misidentified events with lava fountains, i.e.,
Cluster 4 (see Tables S3 and S4). Furthermore, some days - three days based on Config C and seven days based
on Configs A and B - were incorrectly classified as eruptive despite no confirmed surface activity. This was often
due to missing hourly data (for example, 29 November 2021), increased LP activity, or short-lived tremor bursts
occurring close in time to confirmed eruptive episodes. Short-lasting episodes of increased volcanic tremor may
also have contributed to this misclassification (e.g. 23 May, 7 July and 30 August). The algorithm detected early
signs of the second eruptive cycle up to three days in advance, likely because LP occurrence rate exceeded the

93rd percentile of daily LP counts in our dataset (see Figure S4); extending the catalogue over a longer time span
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would allow for a more robust threshold. Conversely, 15 actual lava fountain days were not assigned to Cluster 4.
Reasons include events of short duration (e.g. 21 December 2020, 16 February 2021), late evening onset causing
peak activity to extend beyond the observation window (e.g. 17 February, 9 March), Strombolian activity
precursors turning into lava fountains and blurring event boundaries, and significant data loss (over 7 hours) on
four of these days. Furthermore, in Andronico et al. %, the eruptive style of episodes occurred on 13, 14 and 21
December 2020 and 18 January 2021 were classified as “transitional activity” rather than lava fountains, meaning
strong Strombolian activity alternating with short periods of lava fountains.

VT earthquakes were also detected during the outlier days, possibly obscuring or distorting volcanic tremor
signals. The simultaneous presence of multiple seismic signals within a time interval can contribute to difficulties
in successful classification. These results emphasise the importance of considering temporal dynamics, multiphase
activity, and data completeness when interpreting unsupervised classifications.

Moreover, expanding beyond the current two summit stations could enhance resolution and allow testing of
robustness under different network geometries. Methodological refinements, such as adjusting spectrogram
resolution, frequency band selection, or the dimensionality reduction strategy, could further stabilise clustering
outcomes and improve feature extraction. Finally, integrating independent indicators will strengthen their

volcanological meaning and broaden the applicability of our results.
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Figure 5: Temporal evolution of clusters 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 centre plot displays the proportion of time each cluster was active during the analysed period; and the right
plot presents the relative frequency of specific volcanic-related conditions based on independent observations,
such as the presence of lava fountains, elevated RMS amplitude in the red-zone, and high LP event rates (more
than 200 events per day) for each cluster, with only the dominant condition annotated (details are provided in
Table 2). Part (D) provides a spectrogram and waveform for Cluster 3 based on the starting day for Config A and
B up to mid-February. The dashed square marks mixing signals, while the solid black square marks the continuous
signals and the change in amplitude based on the starting day as assigned by Config C. The data for this
spectrogram were taken from ECPN using the eastern component. Missing data are shown in black on the
spectrogram.

14



Table 2: Cluster-Wise Frequency Distribution of Volcanic Activity Conditions for each Multi-station
configuration.

C

© LAVA LAVA DAYS > RMS RMS
N CLASS ToTAL FOUNTAIN FOUNTAIN Davs> 200 LP RED RED
F DAYS 200 LP DAYS
| DAYS* DAY % % DAYs %
G

C | Cluster1 71 1 1.4% 13 18.3% 26 36.6%
o] Cluster 2 83 4 4.8% 58 69.9% 6 7.2%
N | Cluster3 72 0 0% 1 1.4% 50 69.4%
F | Cluster4 61 54 88.5% 22 36.1% 47 77%
|

G Undefined 108 6 5.5% 28 25.9% 14 13%
A

C | Cluster1 61 0 0% 9 147% | 22 36.1%
o | Cluster2 57 4 7% 41 71o% |5 8.8%
N | Cluster3 72 0 0% 1 1.4% 50 69.4%
F | Cluster4 60 53 88.3% 22 | 36.7% 47 78.3%
| |

G | Undefined | 145 8 5.5% | 49 33.8% 19 13.1%
B

C | Cluster1 13 0 0% 3 23.1% 0 0%
o | Cluster2 31 | 0 0% 23 74.2% 0 0%
N | Cluster3 251 0 0% 0 0% 30 93.8%
F | Cluster4 53 50 94.3% 18 33.9% 44 83%
|

G | Undefined | 266 15 5.6% 78 29.3% 69 26%
C

*Lava fountain days in the references (Giuffrida et al. 7 and Proietti et al. “®) total 65 days; 3 days are missing from ECPN,
while 3 days are missing from ECNE. More details found in Table S3 and Table S4. See Table 1 for details.

Conclusion

This study demonstrates that unsupervised ML, when applied to high-resolution seismic data, can effectively
disentangle complex volcanic processes and isolate preparatory eruption signals (i.e., Cluster 3 in the analysed
period). By bridging the gap between raw seismic data and interpretable phases of volcanic activity, our approach
offers an alternative that enables observatories to respond to evolving unrest phases.

Using AutoencoderZ and DEC, we analysed seismic data from two stations recorded between 1 November 2020

and 30 November 2021. We identified four different clusters corresponding to recognised volcanic regimes: (1)
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quiescence or non-dominant seismic features related to fluid dynamics, (2) Long Period (LP) event-dominated
fluid pressurisation, (3) preparatory phase, and (4) lava fountains episodes. These clusters closely align with expert
classifications and achieve high temporal resolution, showing the ability of unsupervised ML to capture dominant

spectral signatures and subtle transitions in volcanic activity.

A key result is the identification of a preparatory phase (Cluster 3) from mid-December 2020 to mid-February
2021, characterised by increasing tremor amplitudes preceding the lava fountains occurring from 16 February
onwards in the first eruptive sequence, likely linked to the volcano recharging phase. The subsequent emergence
of an LP event-dominated phase (Cluster 2) and the resumption of deep VT seismicity from April 2021 suggest
ongoing volcanic activity and a new recharge phase prior to the second eruptive sequence.

Notably, in certain configurations (A and B), a preparatory regime was detected at the end of November 2021,
potentially linked to the eruptive activity that occurred shortly thereafter. However, a new analysis extending the
temporal coverage of the dataset beyond November 2021 will be required to validate this interpretation.
Importantly, the ML approach captures complex spectral patterns across multiple stations and components,
providing insights that complement traditional amplitude-based metrics and highlighting hybrid behaviours and
subtle transitions that are often overlooked in conventional analyses. The high predictive accuracy (~95%) of
Cluster 4 in identifying eruption days emphasises its potential as a robust indicator for operational environments.
From an operational perspective, our clustering framework shou!d be viewed as complementary to the
multiparametric monitoring system operated by INGV-OE. While the current implementation, based on daily
windows, is not real-time, it highlights consistent patterns of precursory seismicity that can support interpretation
during unrest. Indeed, in the context of medium-term volcanic activity assessment, identifying a preparatory
regime (Cluster 3) gains value when combined with independent indicators, as it groups together seismic signals
reflecting magma and fluid migration towards the surface.

A promising avenue for future work is to extend the approach to higher temporal resolutions (less than daily
scale, e.g., 6-8 hours with overlap), enabling the detection of short-lived or transient spectral features. Expanding
the analysis to radial and tangential components could also improve consistency across stations. Nonetheless,
ambiguities in smaller events highlight the need for expert review, especially in noise-sensitive or low-activity
environments. These results also emphasise the challenge of interpreting ML-based precursors in volcanic
settings. Hybrid approaches that integrate unsupervised clustering with supervised classifiers could enable
improved predictions in poorly supervised regions.

Finally, while unsupervised ML effectively captures complex spectro-temporal patterns, its full potential is
realised when combined with multidisciplinary observations, including gas emissions, thermal imagery, and
ground deformation, to translate data-driven insights into actionable information for volcanic risk mitigation.
Together, these advances pave the way for more robust and timely eruption forecasting and a deeper understanding

of volcanic dynamics.
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