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Abstract

The search for pre-eruptive observables that can be used for short-term volcanic early warning remains a scientific challenge. Pre-
eruptive patterns in seismic data are usually identified by analyzing seismic catalogues (e.g., the number and types of recorded
seismic events), the evolution of seismic energy, or changes in the tensional state of the volcanic medium as a consequence of
changes in the volume of the volcano. However, although successful volcanic predictions have been achieved, there is still no
generally valid model suitable for a large range of eruptive scenarios. In this study, we evaluate the potential successful use of
Shannon entropy as short-term volcanic eruption forecasting extracted from seismic signals at five well studied volcanoes (Etna,
Mount St. Helens, Kilauea, Augustine, and Bezymianny). We identified temporal patterns that can be used as short-term
eruptive precursors. We quantified how the Shannon entropy drops several hours before the eruptions analyzed, between 4
days and 12 h before. When Shannon entropy is combined with the temporal evolution of other features (i.e., energy, kurtosis,
and the frequency index) and complementary information on types of seismic sources, the meaning of physical changes in
the volcanic system could be obtained. Our results show that pre-eruptive variation in Shannon entropy offers is a confident

short-term volcanic eruption forecasting tool.
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Key Points:

e While successful volcanic predictions have been achieved, there is no generally valid

model suitable for large range of eruptive scenarios.

e We used signal processing techniques to analyze seismic data from five well studied

volcanoes to identify short-term eruptive precursors.

e Shannon entropy has a uniform temporal pattern of pre-eruptive change and is a

recurrent, transferable and differentiable feature for short-term eruption forecasting.

Abstract

The search for pre-eruptive observables that can be used for short-term volcanic early warning
remains a scientific challenge. Pre-eruptive patterns in seismic data are usually identified by
analyzing seismic catalogues (e.g., the number and types of recorded seismic events), the
evolution of seismic energy, or changes in the tensional state of the volcanic medium as a
consequence of changes in the volume of the volcano. However, although successful volcanic
predictions have been achieved, there is still no generally valid model suitable for a large range
of eruptive scenarios. In this study, we evaluate the potential successful use of Shannon entropy
as short-term volcanic eruption forecasting extracted from seismic signals at five well studied
volcanoes (Etna, Mount St. Helens, Kilauea, Augustine, and Bezymianny). We identified
temporal patterns that can be used as short-term eruptive precursors. We quantified how the
Shannon entropy drops several hours before the eruptions analyzed, between 4 days and 12 h
before. When Shannon entropy is combined with the temporal evolution of other features (i.e.,
energy, kurtosis, and the frequency index) and complementary information on types of seismic
sources, the meaning of physical changes in the volcanic system could be obtained. Our results
show that pre-eruptive variation in Shannon entropy offers is a confident short-term volcanic

eruption forecasting tool.
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Plain Language Summary

Volcanic eruptions represent a major natural hazard. Despite decades of research, the prediction
of volcanic eruptions remains a scientific challenge. Subsurface volcanic processes generate
seismic waves, which can be measured at the surface using seismometers. To date, the most
successful examples of eruption prediction have been based on seismic data. However, we still
lack a prediction model that can be applied across the wide range of eruption styles seen around
the world. In this study, we implemented a new approach for the analysis of seismo-volcanic
data aimed at forecasting eruptions. We used advanced signal processing algorithms to analyze
continuous seismic signals from a suite of well-studied volcanoes (Mount St. Helens, Mt. Etna,
Kilauea, Augustine, and Bezymianny) in order to create a new and innovative database of
features found within the seismic signals. We found that pre-eruptive variation in the Shannon
entropy (a statistical parameter associated to the coherence of the seismic sources) of seismic
signals offers a successfully feature for short-term volcanic eruption forecasting. The relationship
between pre-eruptive seismic signals and Shannon entropy is based on changes in the probability
distributions of the type of seismic waves, independent of the signal source. If this information is
combined with other seismic features (e.g., energy, kurtosis, and the frequency index), the actual

physical changes in the volcanic system can be identified.
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1 Introduction

Volcanic eruptions impact significantly on the Earth and, in particular, on humanity. Although
more than 20% of the world population lives under the direct threat of the consequences of volcanic
eruptions, currently the advances of the scientific community allow efficient early warning protocols that
can save thousands of lives. These advances are based on efficiently interpreting how before an eruption,
interactions within the medium cause measurable physical and chemical changes (e.g., Sparks et al.,
2012; Girona et al., 2021; Power et al., 2020; Pyle, 2015). Forecasting volcanic eruptions relies on the
ability to identify such changes based on the analysis of geophysical and geochemical time series, and in
the successful implementation of such data analysis frameworks for pattern recognition in real- or quasi-
real-time (e.g., Manga et al., 2017; Dempsey et al., 2020; Girona et al., 2019; Kilburn, 2018; Ardid et al.,
2022; Caudron et al., 2020; McKee et al., 2021 a,b). After decades of research, the scientific community
is currently having certain degree of success in providing volcanic early warnings to the relevant
authorities. However, due to the variety of eruptive styles and the fact that not every unrest episode ends
in eruption, forecasting volcanic eruptions remains a challenge (e.g., Jolly et al., 2020; Manley et al.,
2021).

Today, society is increasingly demanding efficient short-term early warning protocols (e.g.,
Thelen et al., 2022) that are sufficiently long to allow for evacuations and/or other defense protocols, but
short enough to not lose effectiveness and credibility (Whitehead & Bebbington, 2021). However,
identifying short-term volcanic precursors based on broadly-accepted parameters and criteria is a
challenging, and as-yet unresolved task. Volcano seismology is one of the most important tools for
volcano monitoring and short-term forecasting (McNutt & Roman, 2015; Saccorotti & Lockmet, 2021).
Volcanic activity generates a variety of seismic signals that reflect multiple complex processes acting
within the volcanic system (e.g., Chouet & Matoza, 2013; Ibafiez et al., 2000), including ground
deformations, opening of fractures and conduits, fluids transport and finally a possible eruption. As such,
seismic signals contain crucial information for deciphering processes that control the occurrence, timing,

and magnitude of eruptions.

Because each process energetically interacts with the environment, generating different energy
transients, the result is the presence of a series of seismic-volcanic signals that can be associated with a
type of source and a potential evolution of the volcanic system, and even with the possible eruption that
we wish to forecast. For this reason, majority forecast models are based on the use of seismic data and the
search of the relationship between seismo-volcanic signals, the assessment of their source mechanisms,
and volcanic activity models. In this sense, the Generic Swarm Model (McNutt & Roman, 2015) is one of

the broadly adopted models to forecasting eruptions using seismic data. However, this is a conceptual
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model based on a limited observational database and in where stochastic processes and nonlinear or
quasi-stable volcanic behaviors are not considered. In this model the main assumption is volcanic
eruptions are preceded by swarms of earthquakes, long period or hybrid event sequences, and tremor. But
this model helps forecast volcanic eruptions, and that is why research efforts in recent years have focused
on improving our ability to efficiently process large volumes of seismic data. The use of Machine
Learning (ML) to study seismo-volcanic signals offers a unique opportunity to obtain maximum
information in the shortest time (e.g., Carniel & Guzman, 2021; Malfante et al., 2018 a,b; Manley et al.,
2020; Ren et al., 2020). However, the use of ML suffers from a number of limitations when applied to the
study of seismic signals: it requires large training datasets of labelled data (e.g., Benitez et al., 2006;
Cortés et al., 2019; Di Luccio et al., 2021; Gutiérrez et al., 2009; Ibafiez et al., 2009); several processes
can occur simultaneously at the same location, producing a suite of overlapping signals (e.g., Martinez et
al., 2021; Titos et al., 2019, 2018a); the non-uniform application of labelling criteria frequently causes
confusion when different volcanic scenarios are compared (e.g., Titos et al., 2018b); new advances need
to be confirmed using data from dense, permanent, and high-quality seismic networks (e.g., Arambula-

Mendoza et al., 2011; Bueno et al., 2021a; Power et al., 2020; Spampinato et al., 2019).

Contemporaneously, other widely used forecasting models are fundamentally based on the
assumption that an acceleration of energy represents an eruption forecast (e.g., Boué et al., 2015, 2016;
Power et al., 2013). This idea permitted to include variations of these aspects, such as implementing
seismic ratios based on analyzing the energy measured in different frequency bands (Bueno et al., 2019;
Caudron et al., 2021; Ardid et al., 2022). Despite their widespread adoption during volcanic crises,
significant shortcomings lie in the fact that these models are based on the evaluation of very few
parameters (e.g., signal type, number of events). Regardless of these limitations, a number of recent
studies have used ML techniques for multi-parametric interpretation of changes in the eruptive states of
volcanoes in order to find predictive patterns (e.g., Manley et al., 2021). Bueno et al. (2019) applied
Bayesian Neural Network (BNN) methods to frequency analysis of seismic signals at three different
volcanoes: Bezymianny, Mount St. Helens, and Mt. Etna and found that the evolution of the uncertainty
offers effective eruption short-term early warning that is exportable between volcanic systems.
Furthermore, these authors highlighted the importance of analyzing the temporal evolution of seismic
features instead of focusing only on the classification of isolated seismic events. Until now, the study of
seismic feature evolution has mainly focused on seismic energy (i.e., the real-time seismic amplitude
measurement, RSAM; (e.g., Chardot et al., 2015; Endo & Murray, 1991; Ardid et al., 2022) or calculating
the energy of earthquakes using their magnitude, their stress release, or the Material Failure Forecasting
Method (e.g., Boué et al., 2015, 2016; Cornelius & Voight, 1995; Massa et al., 2016). Satisfactory results

have been obtained when applied together with ML methods to obtain the completeness of seismic
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catalogues (e.g., Alparone et al., 2015; Cortés et al., 2009; Trujillo-Castrillon et al., 2018); however, the

resulting models are not exportable to other volcanic systems.

In this study, we implemented a new approach for the analysis of seismo-volcanic data aimed at
forecasting volcanic eruptions. The previous experience of the study of the seismic features, analyzed on
the continuous seismic signal, instead of working with isolated events, allows us to explore new features
that could be used as an efficient tool to carry out short term volcanic forecasting. The optimal
parametrization of a seismic signal is a crucial issue in seismic signal processing and data analysis.
(Alvarez et al. 2011; Cortés et al., 2015; Malfante et al., 2018 a,b). Various methods have been used to
transition from the original frame of reference (raw seismograms) to a feature frame. Authors extract
parameters (features) from the data and use them to perform a classification of isolated seismic events
(e.g., Bueno et al., 2018; Cortés et al., 2014; Titos et al., 2022). These features are mainly grouped into
three types according to the information they represent: a) phenomenological features describe
seismogram characteristics that are independent of the volcanic system; b) statistical features represent
statistical parameters of the waveform and its frequency content; c) signal domain transforms that are
determined by applying a transform to the waveform to characterize the signal in a different domain (e.g.,

in the frequency domain).

Based on these results, we evaluated the potential the pre-eruptive temporal evolution of Shannon
entropy for short-term volcanic eruption forecasting. Shannon entropy is a statistical parameter that
reveals how similar the seismic signal is to itself in the frequency domain over time. Our starting
hypothesis, based on the study of the evolution of energy, is that prior to an eruptive process, all the
energy of the volcanic system is addressed to drive the eruption; therefore, the seismic signal should
resemble itself, and each time more before the imminent eruption. We used signal processing techniques
to analyze continuous seismic signals from five well-studied volcanoes (Mount St. Helens, Mt. Etna,
Kilauea, Augustine, and Bezymianny) in order to study the evolution over time of the Shannon entropy to

identify potential targets for short-term volcanic eruption forecasting.

We believe that our study offer an interesting concept for short-term volcanic forecasting based
exclusively on seismology because it is: (a) self-sustaining (it has the ability to carry out volcanic
forecasting); (b) agnostic (it does not need established a priori physical models); (c) simple (it is
successful with only one input, the seismic signal); (d) direct (it does not need specific previous training);
(e) exportable (it can be generalized for different eruptive scenarios); and (f) flexible (it can be adapted to
the development of new knowledge). The method presented here can be exported to other volcanoes
around the world, offering the potential for high societal impact and widespread interest among the

scientific community.
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2. Feature extraction and model development

When characterizing the seismic signal, and especially to apply ML studies on isolated seismic
events, several authors have highlighted the possibility of using a large number of seismic features, even
more than hundreds of them (e.g. Malfante et al., 2018a, b). Cortes et al., 2015, show that this large
number of features can be reduced including a set of representative phenomenological, and statistical
features in the time and frequency domains. Then, we could transform the original long-term series of
seismograms into a multiparametric matrix with the selected extracted features in the time and frequency
domain. Among all of them (see supplementary material) we choose the Shannon Entropy to be tested as

short-term forecasting feature.

We studied the temporal evolution of the Shannon Entropy to determine if it is evolving in a
significant way comparing non-eruptive periods with pre-eruptive and eruptive episodes. It was calculated

using the equation from below (Esmaili et al., 2004).

—2iP(Splog, (P(Si)) (1

From a statistical perspective, the Shannon entropy of seismic signals has been defined as the
distribution of amplitude levels of a given signal (van Ruitenbeek et al., 2020) or a measure of uncertainty
in probability distributions (Malfante et al., 2018a). van Ruitenbeek et al. (2020) suggested that amplitude
levels of a periodic signal are equally likely and the entropy is high, while a single impulse within a
continuous (constant amplitude) signal will have lower entropy. Malfante et al. (2018a) suggested that the
maximum Shannon entropy (i.e., the maximum uncertainty) occurs where all possible outcomes have
equal probabilities (i.e., a distribution characterized by maximum heterogeneity or randomness), while
minimum uncertainty occurs when one possible outcome has a probability of one (i.e., there is no

uncertainty and entropy is zero).

In our seismic signals, Shannon entropy represents the uncertainty of the state of the volcanic
system and is related to the type of seismic signal. When the seismic signal is composed of random
signals originating from different sources (i.e., very broad spectral content), Shannon entropy is high,
reflecting the high uncertainty in the types and sources of waves. As such, Shannon entropy provides a
quantitative estimate of the homogeneity of the volcanic process. The rapid decrease towards zero reflects
a single dominant process within the time and frequency domain that generates seismic waves before an
eruption. The seismic source during the eruptive process can manifest in different ways. For example,

multiple fractures induce VT earthquakes, bubbles or fluid resonance generate LP-type events, and a
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source sustained over time causes volcanic tremor. Each of these source processes results in different
energy behaviors (the occurrence of many low energetic events might not show an increase in the
energy). However, the evolution of Shannon entropy is always in the same direction; it will decrease

towards zero as the state of the volcano evolves towards an eruptive and energetic process.

The detailed workflow developed in this study is shown in Figure 1. This procedure is conceived
to extract a single parametric analysis (obtaining a vector) or a multi-parametric feature study (obtaining a
matrix of features). We only used the vertical component of the seismic signal because at the present
many volcanoes continue being seismically controlled by one component seismometer, and one of the
scopes of this work is to generalize the results. The first step is to filter the signal using a bandpass filter
from 1 to 16 Hz to reduce sources of noise. Below 1 Hz, the influence of the oceanic load over the
seismic signal is too strong and must be removed according to the results of Almendros et al. (2007); at
frequencies of > 15-20 Hz, climatic and anthropic conditions (wind, rain, traffic, etc.) affect the seismic
signals. For each seismogram, selected an interval of time (1 or 10 min overlapped by 50%, according the

volcano) over which the parametric transformation is computed.

As indicated above, we should expect that previous to an eruptive episode the Shannon Entropy
must evolve towards zero, or reaching a minimum. In order to quantify the decay of this feature we used a
widely accepted algorithm like STA/LTA. We estimated the mean value of the Shannon entropy for each
volcano during resting periods (SE,) and implemented small windows of analysis to calculate how the
Shannon entropy was evolving (SE(i)) according to this resting value, using the formula from below. In
average the LTA value was estimated in an interval of 20 days of volcanic repose for each volcano. The
STA has the same duration of the window used to feature extraction analysis (from 1 to 10 minutes). We
then established a threshold which allows us to forecast the eruption without having false alerts (equation
2). When the value of the decay remains over the 70%, i.e. the STA is lower than 30% of the LTA value,
we consider this is the starting of the potential short term forecast interval. The value of 70% of threshold
is an experimental and compromise value based on the generic value used in many research works to
determine the error interval of experimental results. It is clear that increasing this value of threshold the
short-term forecasting period would be reduced, but reducing it we have the chance to have several false

alarms.

Decay Ratio [%] = 100 - (1 - SfE(i)) @
0
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3. Data and volcanic scenarios

We selected data from five well-studied volcanoes (Mt. Etna, Mount St. Helens, Augustine,
Bezymianny, and Kilauea); Table 1 represents a broad range of volcanic processes and eruption styles, as
long as several eruptive mechanisms, showing different pre-eruptive seismic patterns with different kind
of signals (volcano-tectonic, long period, volcanic tremor, etc.). This makes this comparison among them
interesting to test the exportability of our hypothesis. For each volcanic scenario, if available, we analyzed
several seismic stations but here will we only present results of one station per eruptive scenario, selected
based on proximity to the eruptive center and/or the completeness of the seismic catalogue (Figure 2). We
want to emphasize that the volcanoes Mt. Etna, Bezymianny and Mount St. Helen have been selected, in
addition to their interest based on their eruptive history, because they were the volcanoes studied by

Bueno et al., (2021 a,b) where it was observed how uncertainty could be used as a forecasting indicator.

The selection of the databases was conditioned on the availability of public data available online
in repositories such as IRIS, or based on data acquired by our work team in temporary field campaigns or
through institutional agreements. The corresponding section presents the links to access all the data used
for this analysis. The eruptive processes selected for study have been selected based on different reasons:
a) relevance of the eruptions, as is the case of Augustine 2006, Mount St. Helens 2004, Kilauea, 2018; b)
have been previously analyzed using uncertainty, such as Mt. Etna, 2013, Bezymianny 2007; c) have a
long series of quality seismic records and have an eruptive event recorded on video and an eruptive
column more than 11 km high, in the case of the Bezymianny 2017 volcano. Noteworthy, even if public
repositories offer available volcanic seismic data, long time series of them are not always accessible and
only short time intervals around some specific volcanic events are uploaded with enough quality to be

successfully analyzed.

The eruption of Mount St. Helens (2004) represents the reawakening of this volcano after more
than 10 years of calm (Iverson et al, 2006). Itself the size of this eruption is not too large, but it was
forecasted by intense seismicity of volcanic tectonic earthquakes and followed by an energetic volcanic
tremor prior the explosion of the extruded dome. The eruption of Augustine volcano was a moderate
explosion (VEI 3) with an unrest characterized by intense seismicity lasting at least 5 months prior the
eruption of 11 of January, 2006 (Manley et al. (2021). This eruption is characterized by two explosions
within 30 minutes detected by satellite observations Bailey et al., (2006), generating ash plumes to
maximum heights of 6.5 and 10.2 km respectively. This eruptive phase lasted 17 days with at least 14
representative explosions. The Kilauea volcano eruption of 2018 represents a special case within the
eruptive mechanism of this volcanic system. The eruption is preceded by a collapse of part of the building

that occurs on the night of April 30. Several days later, on May 3, the first fissures appear with the
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emission of lava flows. Finally, on May 5, an earthquake of magnitude Mw 6.9 occurred on the flank of
the building, which ended up opening more fissures and larger lava flows (Patrick et al., 2020). Since
approximately the year 2000, the Mt Etna volcano has had a continuous eruptive activity, alternating lava
flows, lava fountains and some moderate explosive episodes (Spampinato et al., 2019). In general,
seismic activity is represented by the occurrence of shallow volcano tectonic earthquakes, long period
events and continuous volcanic tremor (Zuccarello et al., 2022). For this analysis we have selected four
episodes of lava fountains from 2013, previously studied by Bueno et al. (2021 a,b) and which were
forecasted by a strong volcanic tremor and absence of VT earthquakes. For Bezymianny volcano we
selected two eruptive phases. In the first one, in 2007, it was observed how the uncertainty always
decreased prior to each of the three selected explosions, being the initial motivation of this work. In 2017
the Institute of Volcanology and Seismology of the Russian Academic of Sciences (Koulakov et al, 2021)
organized a temporary seismic experiment deploying several Broad Band stations around the volcano. On
December 20, 2017 a large volcanic explosion occurred with an eruptive column at least 11 km high that
will be analyzed in detail later. The advantage of this experiment is that we have a full year of data
available, continuously, at various stations. This will allow us to study in depth if the Shannon Entropy
can be considered as a recurrent and differentiable parameter as an element of short-term volcanic
forecasting as Ardid et al., (2022) define to be used in a general way in early warning volcanic eruption

protocols.

4. Results.

The first step to ensure that the idea that the Shannon Entropy is used as a reliable parameter as a
forecast of volcanic eruption is to check if it meets the requirements indicated by Ardid et al., (2022).
These authors define an eruption precursor as a common pattern that has to be recurrent (occurs prior to
multiple events), transferable (occurs prior to eruptions at different volcanoes) and differentiable (absent
during non-eruptive unrest and volcanic repose). In advance, we explain why we consider Shannon

entropy a differentiable parameter.

For this, it is necessary to study long time series. It is evident that the longer the time series, even
years, the better, but the continuous availability of data, without interruptions and with the same recording
system is a complex task. On the base of the advantage of the seismic experiment performed in
Bezymianny volcano we have the capability to analyze a whole year of high-quality data from continuous
seismic signals. In this period, we can identify both resting periods and pre-eruptive activity before the
energetic explosion of December 20, 2017. We considered these data reliable enough to trust the results
obtained and proceed to test the method in different eruptive episodes of this volcano, and also in

different volcanoes.
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Systematic analysis of Shannon entropy at Bezymianny from August 2017 to July 2018 (Figure
3) revealed that generally, the mean values obtained remain high. However, we observed some intervals
in which this trend decays to lower values. As described above we defined a significant decrease of the
values of the Shannon Entropy when the STA value decays until more than the 70% of the LTA value.
Following this rule, we detected few intervals with this pattern. The biggest decay occurred in the instant
of the largest volcanic explosion of December, 20" 2017 (the STA value 98.3% lower than the LTA one).
In addition, low Shannon entropy values were observed on other intervals with decays lower than 70 %.
Analyzing data from the KBGS (Kamchatka Branch Geophysical Survey) institution two important
explosions were reported at the neighboring Kliuchevskoy volcano (August 2017 and May 2018). Both
eruptions are clearly aligned with the first and last drops in Shannon entropy (marked as a red shadow
area in figure 3). We suggest that these low Shannon entropy anomalies are potential forecasting
evidences of the explosions at Kliuchevskoy volcano. The relatively lower value reached for the
Bezymianny event likely reflects the closer distance to the seismic station (BZ01 is < 2 km from the
summit of Bezymianny and ~10 km from the summit of Kliuchevskoy; Figure 2). The recorded
Kliuchevskoy signals at BZ01 station likely suffered seismic attenuation effects and interference by local
signals and other sources of noise. There is a minimum of short duration located on September 2017
associated with a local earthquake of magnitude Mw 4.3 as reported in IRIS institution. The decrease
observed in March 2018 is associated to an intense volcanic tremor recorded in the volcanic area triggered
by another local earthquake of Mw 4.5 (reported in IRIS). We have no evidences of potential volcanic
eruptions or lava dome growth that could be associated with this activity, but the presence of this intense
volcanic tremor confirms its volcanic source. Finally, during April 2018 an intense volcano-tectonic
earthquake swarm was recorded, associated with a set of three minimum values of the Shannon Entropy.
According to these observations, and at least for the period of time analyzed, the significant decreases in

the Shannon Entropy values seem to be exclusively associated with eruptive processes.

The next step is determining if this decrease in Shannon entropy values can be quantified as a
promising evidence of short-term volcanic forecasting tool. In figure 4 we show the evolution of the
Shannon Entropy a week prior to the explosion of December 20, 2017. The STA/LTA ratio was computed
and in shadow green we highlight the instant in which the decay is continuously lower than the 70% (the
vertical red line marks the instant of the eruptive process). Notice that its continuous decay appears two
days before the eruption, reaching values close to zero in the moment of the explosion (as indicated above
a decay of 98.3%). However, as marked in figure 4, at least 5 days before we can consider potential

forecasting evidences.
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Referring to the three explosions of the Bezymianny volcano in 2007, this same procedure for
estimating the decay of the STA/LTA ratio of the Shannon Entropy was repeated. In figure 5 we plot
these results. As observed in all cases there were a minimum value of the Shannon Entropy at the instant
of the volcanic explosion (marked with a red line). These decays were of 99.5%, 99.5% and 100%
respectively. Notice as the pre-eruptive forecasting interval change according each explosion, from 1 hour
to a day. According the analysis of Bueno et al. (2021 a,b) it seems to be an inverse relationship pre-
eruptive forecasting interval duration and energy of the explosion, since the larger explosion occurred on

October 14, 2007 and it has the largest pre-eruptive evidences.

The analysis of the 4 lava fountain episodes recorded at Mt. Etna in November 2013 is plotted in
Figure 6. As noticed in the precedent analysis we observed a significant decrease (below the marked
threshold) prior every paroxysm. In all cases, as in Bezymianny, just when the Shannon Entropy start to
decrease below the threshold, this is a stable decreasing tendency marking without doubts that some
volcanic energetic process will happen, reaching its minimum at the moment of every eruptive episode (in
this case lava fountains, marked in red), 98.4%, 98.9%, 97.4% and 95.1% respectively. The short-term
pre-eruptive intervals were 12h, 18h, 3 h and 2 h respectively and according again with the size of each

volcanic episode.

Finally, we applied the procedure to the rest of the volcanic scenarios (Mount St. Helens,
Augustine and Kilauea), plotted in Figure 7. In the case of Mount St. Helens and Augustine the decay of
the Shannon Entropy is 100% and 96.8% respectively. Noteworthy, as indicated above, the analyzed
Augustine eruption is characterized by two moderate/large explosions (marked in Figure 7 with two red
lines). The proposed approach identifies well the instant of the first explosion with the highest decay of
the Shannon Entropy value. Their respective short-term forecasting intervals were 4 days and 12 hours.
The case of Kilauea is much more complex, observing different decays according the three different
processes described above. The decay of the Shannon Entropy reaches 99.1% when the summit collapsed,
80.7% when the first fissure and lava flow appeared, and 98.0% when the 6.9 Mw earthquake occurred.
There is no measurable forecasting interval for the collapse of the summit and the potential failure of this

decay will be discussed in next section.

Thus, we propose, according to Ardid et al., (2022), Shannon entropy is a short-term eruptive
precursor, and demonstrated to be recurrent (occurs prior to every eruption studied), transferable (occurs
in different volcanoes with different pre-eruptive behavior) and differentiable, as it only changes

whenever an eruption occurs, as we conclude after analyzing a year of data recorded continuously.
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5. Discussion.

After studying 5 different volcanoes with different eruptive sources, lava types and pre-eruptive
behavior we demonstrated the Shannon entropy approach works efficiently as short-term volcanic
eruption forecasting tool independently of the eruptive mechanism. In addition, it is interesting to notice
each volcanic process is dominated for different pre-eruptive type of seismic signals. We have examples
of eruptions driven by volcano-tectonic events, like Bezymianny 2017 (Koulakov et al., 2021); others by
mainly volcanic tremor like Mt. Etna (Spampinato et al., 2019) or another like Mount St. Helens with the
presence of mixed seismicity, first intense swarm of volcano-tectonic events and later by volcanic tremor
(Lehto et al., 2010). In order to quantify objectively the evolution of the Shannon Entropy and therefore to
use it as an accurate short-term forecast volcanic eruptions tool we used an STA/LTA algorithm
quantifying the decay ratio. This procedure permits to objectively identify the time intervals in which we
can consider we are a pre-eruptive period. As we indicated above the developed approach has some
important advantages as a powerful tool: it is agnostic (it does not need established a priori physical
models); it is simple (it is successful with only one input, the seismic signal); it is direct (it does not need
specific previous training). That is, we can obtain a pre-eruptive indicator without knowing what is the
physical mechanism that dominates the eruption, without having previously trained the system for each

different eruptive scenario and of easy integration in the procedures of surveillance in real time.

It is interesting to combine our results with another pre-eruptive seismic evidences to better
understand their physical meaning. As Kilburn (2018) indicated ground deformation, volcanic seismicity
(mainly VT events) and their associated energy release could be considered one of the most reliable pre-
eruptive evidences. As is broadly known, scientific community has been using the energy of the seismic
signal to forecast volcanic eruptions (Ortiz et al. 2003; Boue et al., 2016; Power et al., 2013) and recently
some variations of the use of the energy have obtained promising results (Caudron et al., 2021; Dempsey
et al., 2020; 2022). Despite of several successfully results, some limitations were found. For example, the
energy reflects the size of the seismicity prior to an eruption; more energetic events will display bigger
energy values independently if they are directly linked with the eruptive process. In addition, the energy is
a growing parameter and to determine its maximum or its exactly timing relationship when the eruption

will happen is a complex task.

In some volcanoes it is possible to access to seismic catalogs and perform additional analysis on
the registered seismicity. We have evidences that some seismic features (see supplementary material) are
directly related to the type of seismicity, and therefore to the earthquake-volcanic source. These features
can reflect changes in the seismic signal patterns, and they could be associated with possible physical

models. Thus, to analyze these patters we transform the original features vector into a features matrix, as
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highlighted in Figure 1. As Cortés et al. (2015) and Bueno et al., (2021 a,b) indicated, the Kurtosis and
the Frequency Index can be used as indicators of the type of recorded seismic events and their evolution
according changes in the volcanic system. The Kurtosis (eq. 3) evaluates how the frequencies of the
signal are distributed, and the Frequency Index (eq. 4) takes into consideration the ratio of the energy
content between high and low frequencies of the signal (we considered low frequencies between 1-6 Hz,
and high frequencies between 6-16 Hz). Therefore, their changes can be directly associated to changes or

evolution in the seismic sources.

1 S[i]-us +
KUR =-%, (,,—) v
_ Ehigh frequencies
FI = logyo (m) a

VT events recorded in a near field have high frequency contains in confront to the background
signal, making increase the obtained value of the Kurtosis, as observed by Bueno et al., (2021a). In
addition, a shift of the seismic foci from depth to the surface will include an enrichment of the high
frequency contains of the signals (since the seismic attenuation will be less effective) showing again
increases in the value of the Kurtosis. On the other hand, volcanic tremor is dominated by lower
frequency signals (Konstantinou and Schlindwein, 2003; Zuccarello et al., 2022). Therefore, the
increasing of the volcanic tremor should move the Frequency Index toward negative values in comparison
to the background signal. In other word, the kurtosis is more sensitive to the occurrence of VTs and the

Frequency Index to the occurrence of volcanic tremor.

To show the relationship between Kurtosis and occurrence of VTs we will study the case of the
Bezymianny eruption of December 20", 2017. Koulakov et al, (2021) indicated the occurrence of an
intense seismic swarm prior the eruption, however there is no a complete seismic catalogue of this period.
Using Hidden Markov Model (HMM) we were able to obtain a VT seismic catalogue of Bezymianny for
the whole month of December 2017 (Benitez et al., 2006; Ibanez et al., 2009; Cortés et al., 2021).
Simultaneously we computed the Kurtosis using the same window length as for the Shannon Entropy. In
Figure 8 we compare the variations of the Kurtosis and the cumulative number of VTs for intervals 1 h
long. As observed, both evolve in parallel in the days before the eruption. The green shadow area
represents the pre-eruptive short-term forecasting interval predicted by the Shannon Entropy with the
70% of decay threshold. Notice as these three parameters seem to evolve in a similar way. The advantage
to use the seismic features in confront to the identification of seismic events is the faster evaluation
procedure and the absence of previous training process (the application of the HMM to obtain a realizable

seismic catalog takes longer time). On the other hand, a seismic catalogue itself is not a direct eruptive



438
439

440
441
442
443
444
445
446
447
448
449
450
451
452
453
454
455
456
457
458
459
460
461

462
463
464
465
466
467
468
469

manuscript submitted to Journal of Geophysical Research- Solid Earth.

precursor, since it is the input of different precursory algorithms that evaluate the probability of an

eruption. However, the evolution of the seismic features could be used directly as precursors.

However, not all eruptions have VT swarms as precursory activity, as it was the case of the lava
fountains of Mt. Etna occurred in 2013. The Frequency Index reflects the temporal variation of the
spectral relationship between certain frequency bands, even if it has a complex interpretation. These
changes may reflect different volcanic dynamics, both in terms of source and medium; for example, the
appearance of VTs, LPs, or tremor could be linked with an increase in the frequency index, and
sometimes with a decrease. As the volcano deforms (inflates) prior to an eruption, the increase in system
stress will shift the spectral content of the signal towards high frequencies; deflation would shift the
spectral content of the signal towards low frequencies. A change in the impedance contrast at the source,
or in the volcanic system, would also cause changes in spectral content. Impedance is the ratio between
the elastic properties of confining (volcanic fluids) and confined, the volcanic edifice (Chouet & Matoza,
2013). Thus, evolution of a resonant system from a "dry" or pure gas to ash-rich content would lead to a
shift towards low frequencies, and vice versa. The geometry of the system affects the frequency index, as
does magma ascent, which is associated lower frequencies of tremor. In summary, changes in the
frequency index are a common pre-eruptive observation, but the style of variation depends on many
factors that cannot be controlled a priori, precluding its use in early warning. However, there are “easier”
situations as was the case of Mt. Etna in 2013. The volcanic tremor of Mt. Etna uses to appear at
frequencies between 1 to 3 Hz (Zuccarello et al., 2022) and the background seismic signal is over 6 Hz
(seismic noise). Therefore, it is expected that the Frequency Index must be shifted towards negative
values as the volcanic tremor is increasing. In parallel the energy of the seismic signal should increase
too. To confirm this hypothesis, we evaluated the temporal evolution of the Frequency Index and the
Energy for the Mt. Etna lava fountains and compared them with the evolution of the Shannon Entropy

(Figure 9).

Notice as when the volcanic tremor appeared we observed a sudden change in both, Shannon
Entropy (moving toward zero), the Frequency Index (moving toward negative values) and Energy
(growing significantly). All used parameters marked a clear pre-event time. However, the Shannon
Entropy is the only one feature which trend could be associated with the timing of the eruption (marked in
the moment of the lower value, 98.4% lower than the LTA). The energy continues growing until the
paroxysmal moment of high energetic lava fountain; meanwhile the Frequency Index reveals the different
mechanism associated to the eruption and timing of the tremor appearance, with a non-homogeneous

pattern.
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The two previous examples were dominated by a single type of seismicity, VT events for
Bezymianny and volcanic tremor of Mt. Etna. The Mount St. Helens eruption of 2004 is an example of
multiple pre-event seismicity, as indicated above. In Figure 10 we plot the temporal evolution of the three
features introduced in this section. Green region represents the moment when the Shannon entropy decays
over the 70%. The energy starts its growth more than a day and a half later than the instant the Shannon
entropy works as short-term forecast indicator. In addition, the energy reaches a maximum and then
decrease, without erupting yet. Notice the high values of the cumulative Kurtosis between the days 25 and
28 reflects the high number of VT events detected. Later, the pre-eruptive process starts to be dominated
by the volcanic tremor, as reflected by the negative values of the Frequency Index and the decrease of the

Kurtosis.

It is noteworthy that kurtosis and the frequency index cannot be used individually as universal
predictive elements. However, when combined with the Shannon Entropy, they provide information on
the type of prevailing seismic activity, the medium, elastic properties, and more; they are therefore useful

for investigating the mechanisms of the volcanic source.

Previous studies have shown that Entropy can be used to characterize very energetic seismic
series or catastrophic energetic events (e.g., Posadas et al., 2021). To identify potential external factors
that could affect entropy, we selected a fifth volcanic scenario with completely characteristics—the
April-May 2018 eruption of Kilauea. This eruption was preceded by a caldera collapse and subsequent
Mw 6.9 earthquake. A proposed triggering mechanism was precipitation (Farquharson & Amelung,
2020), which may have changed the pore pressure in the rift zone. Figure 7c¢ shows Shannon entropy and
seismic energy from April 29 to May 7, 2018. Sharp drops, with the values approaching zero, occurred at
the same time as (but not before) the caldera collapse and earthquake. Then, during the eruptive episode,

Shannon entropy remained very low. As such, Shannon entropy was not a precursory feature.

If rainfall was the eruption trigger, the eruption was not a classic example of an inner-source
driven volcanic system, but was a sudden eruptive phenomenon triggered by external factors. This could
explain why pre-eruptive Shannon entropy was not a suitable precursory indicator for this unrest. Based
on this example, we suggest that decreasing Shannon entropy towards zero can only be for short-term
early warning in systems controlled by internal factors; those eruptions triggered by external events (e.g.,

heavy rainfall) cannot be predicted using this method.
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As a resume:

a) We observed that in all analyzed volcanic scenarios there is always a quantitatively evaluated
decrease of the Shannon Entropy prior to different type of eruptions independently of the
characteristics of pre-eruptive state and seismic sequences. Therefore, is a good “agnostic” short-

term volcanic eruption forecast indicator.

b) The Shannon Entropy remains high and almost constant when the volcano is resting or when the

activity is minor.

c) In all cases the energy is a valuable feature to confirm this observation, but it does not always be

used as short-term forecasting feature.

d) The use of other seismic parameter, such as Kurtosis or Frequency Index, helps to constrain

potential physical models driving the eruption.

e) We suggest the use of this seismic feature since it is fast and easy to implement, works in real

time, it does not need previous training and it is transferable among different volcanoes.
6. Conclusions

The results of this study suggest that the Shannon entropy of pre-eruptive seismic signals offers a
robust and reliable feature for short-term volcanic eruption forecasting. Comparing the energy evolution
and the Shannon entropy we can find some interesting features. The main observation is Shannon Entropy
is inversely proportional to the log energy, entropy decays to zero when the system reorganizes itself and
the signals are more similar between them, allowing us to easily identify changes in the volcanic system.
The relationship between pre-eruptive seismic signals and Shannon entropy is direct and based on
changes in the probability distributions of the type of seismic waves, independent of their source. As a
uniform volcanic source processes towards an eruption there is high homogeneity of recorded seismic
wave types, regardless of the energy and underlying source processes. This homogeneity can be measured
quantitatively through the Shannon entropy and the trend towards zero will mark the imminent start of the

volcanic eruption.

Combining this with other features, such as energy, kurtosis, frequency index and interesting
parameters selected in future works, offers even greater predictive certainty, along with insight into the
types of seismic sources and physical changes in the volcanic system. In general, this approach is
exportable from one volcanic system to another. However, it falls short of universality because eruptions
triggered by external processes (e.g., rainfall) cannot be predicted in this way. Shannon entropy is simple

and rapid to evaluate, and the relevant pre-eruptive changes (i.e., a decrease towards zero) occur over
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intervals of between 4 days and 12 h prior to eruption, which is sufficient for the relevant authorities to

implement alert and evacuation protocols.
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Data availability statement

Data of the five volcanoes analyzed in this work are publically accessible in the links that will be
detailed below. The used software of this work (all programmed developed by us) are also publically
accessible (link provided below) and are also presented with specific use examples to be able to
independently reproduce all the results obtained in this work. The repository sites used are stable,

publically accessible for free and recognized by the scientific community.

1.- Agustine Volcano (2006) data were obtained by using the facilities of IRIS Data Services, and

specifically the IRIS Data Management Center. Direct links to access to the data of this volcano are:
https://ds.iris.edu/mda/AV/

https://ds.iris.edu/mda/HV/JOKA/?starttime=2012-09-17T00:00:00&endtime=2599-12-
31T23:59:59

2.- Kilauea Volcano (2018) data were obtained by using the facilities of IRIS Data Services, and

specifically the IRIS Data Management Center. Direct links to access to the data of this volcano are:
https://ds.iris.edu/mda/HV/

https://ds.iris.edu/mda/HV/JOKA/?starttime=2012-09-17T00:00:00&endtime=2599-12-
31T23:59:59
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3.- Mount St. Helens (2004) data were obtained by using the facilities of IRIS Data Services, and

specifically the IRIS Data Management Center. Direct links to access to the data of this volcano are:
https://ds.iris.edu/mda/UW/

https://ds.iris.edu/mda/UW/SHW/?starttime=1972-10-01T00:00:00&endtime=2599-12-
31T23:59:59

4.- Bezymianny volcano.

Data from 2007 were obtained by using the facilities of IRIS Data Services, and specifically the
IRIS Data Management Center.

Data for the temporary experiment (2017-2018) are available in the compressed folder
“Dataset_volcanoes.Rar”, located in the ZENODO repository at the following address and DOI.

https://doi.org/10.5281/zenodo.6821530
https://zenodo.org/record/6821530#.YvyeUS7P1PY

5.- Etna volcano data (2013) are available in the ZENODO repository at the following address
and DOL

https://doi.org/10.5281/zenodo.6849621
https://zenodo.org/record/6849621#.YvyetS7P1PY

B) Instructions for downloading the data associated with the IRIS network, as well as the access
to the download software developed by us, can be found in the “Readme.txt” file, available in the

ZENODO repository at the following address and DOI.
https://doi.org/10.5281/zenodo.6821530
https://zenodo.org/record/6821530#.YvyeUS7P1PY

C) The seismic parameter analysis software, with illustrative examples to be able to reproduce
our results, are available in the compressed folder “Software.Rar”, located in the ZENODO repository at

the following address and DOL.
https://doi.org/10.5281/zenodo.6821530
https://zenodo.org/record/6821530#.YvyeUS7P1PY

D) The software related to the automatic recognition of seismic signals used for the study of the
Bezymianny volcano is developed under the EU project called VULCAN.ears located in the ZENODO
repository at the following address and DOI.
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https://zenodo.org/record/3594080#.YvydiC7P1PY
https://zenodo.org/record/4305100#.Yvydti7P1PY

https://doi.org/10.5281/zenodo.4305100
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Basaltic INGV-OE Barreca et al., 2018,
November 2013 Stratovolcano. 2020;
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December 207, 2017 BZ01 (Fig. 2: blue) Andesitic volcano. Temporary Field Koulakov et al., 2021
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October , 14", of Geophysical
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Iverson et al., 2006
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Seismic Network
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DeRoin & McNutt,
2012
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Andesitic-Dacitic AVO
th Stratovolcano Buurman & West,
January 117, 2006 AUH (Alaska Volcano 2006
Augustine VT activity. Observatory)
(Alaska, USA) . . Bailey et al., (2006)
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Coombs et al., 2010
Manley et al., 2021
Power et al., 2010
Zhan et al., 2022
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Kilauea " Volcano N
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FIGURE CAPTIONS.

Figure 1. Schematic workflow illustrating the methodology used to transform the seismic data from the amplitude-

time space of seismograms to the temporal matrix space of features.

Figure 2. Study region locations and maps of the seismic networks for each of the five volcanoes: Mount St.
Helens, Bezymianny, Augustine, Kilauea and Mt. Etna. Red triangles denote the main eruptive center, squares
represent the used seismic stations and blue square are the seismic stations used to plot the figures of this work. In
the map of the Bezymianny volcano we denoted in black triangle and with a letter K the position of the volcano
Kliuchevskoy and added the letter B to the main eruptive center of Bezymianny volcano. In Bezymianny map blue

square represents the station BZ01 and the green square is the station BELO.

Figure 3. Temporal variation of Shannon Entropy at station BZ01 of Bezymianny from August 2017 to July 2018.
The biggest decay occurred in the instant of the largest volcanic explosion of December, 20th 2017. Additional low
Shannon entropy values were observed. Data from the KBGS (Kamchatka Branch Geophysical Survey) institution
reported two important explosions at the neighboring Kliuchevskoy volcano (August 2017 and May 2018) marked
as a red shadow area. There is a minimum of short duration located on September 2017 associated with a local
earthquake of magnitude Mw 4.3 as reported in IRIS institution. The decrease observed in March 2018 is associated
to an intense volcanic tremor recorded in the volcanic area triggered by another local earthquake of Mw 4.5
(reported in IRIS). In April 2018 an intense volcano-tectonic earthquake swarm was recorded, associated with a set

of three minimum values of the Shannon Entropy.

Figure 4. (Up)Temporal evolution of the Shannon entropy before and after eruptive episode of Bezymianny,
December 2017 marked with a vertical red line. Green region indicates a stable decay bigger than the 70%. Decay at
the moment of the eruption: 98.3%. (Down) Temporal evolution of the STA/LTA ratio making in red values bigger
than 70%.

Figure 5. Temporal evolution of the Shannon entropy before and after three explosive episodes of Bezymianny in
2007, all of them marked with vertical red lines. Green region indicates a decay bigger than the 70%. Decay at the
moment of the eruption: 99.5%, 99.5% and 100%.

Figure 6. Temporal evolution of the Shannon entropy before and after four lava fountain paroxysms of Mt. Etna
during November 2013 all of them marked with vertical red lines. Green region indicates a decay bigger than the

70%. Decay at the moment of the eruption: 98.4%, 98.9%, 97.4% and 95.1%.

Figure 7. a) Temporal evolution of the Shannon entropy before and after the October 1st, 2004, eruptive episode of
Mount St. Helens marked with the vertical red line. Blank spaces in the graph represent data gaps; the vertical red
line denote the time of the eruption. b) Temporal evolution of the Shannon entropy before and after the January
11th, 2006, eruption of Augustine. The two main explosions are marked with vertical red lines. ¢) Temporal
evolution of energy (blue line) and Shannon entropy (orange line) at Kilauea from April 29 to May 7, 2018. The
solid black line marks the caldera collapse and the dashed line marks a local Mw 6.9 earthquake. The solid red line
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denotes the start of the eruptive episode. Green region indicates a decay bigger than the 70%. Decay at the moment
of the eruption in Mount St. Helens and Augustine: 100% and 96.8%. Kilauea: induced by summit collapse (99.1%),
first fissure (80.7%) and earthquake (98.0%).

Figure 8. Cumulative number of volcano tectonic (VT) earthquakes (orange line) and the temporal evolution of
kurtosis (blue line) at station BZ01 of Bezymianny prior to the explosion of December 20*, 2017 marked with the

vertical red line. Green region indicates a decay of the Shannon Entropy larger than the 70%.

Figure 9. (Upper figure) Comparison between the temporal evolution of the logarithm of the energy (orange line)
and the temporal evolution of Frequency Index (blue line) at station EBEM of Mt. Etna prior to the lava fountain of
November 23rd, 2013, marked with the vertical red line. Green region indicates decay of the Shannon Entropy
bigger than the 70% of the average value until the starting of the eruption. (Lower figure) seismogram and

spectrogram of the volcanic tremor associated to the lava fountain eruption.

Figure 10. Temporal evolution of energy, kurtosis, and frequency index prior to the eruption of Mount St. Helens,

October 2004, marked with the vertical red line. Green region indicates a decay bigger than the 70%.
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1. General Table of Feature parameters

A key point to identify and clarify seismic signals is how to represent observations; that
is, the determination of a set of meaningful features that relate to measurements made on
observations. Such representations are typically obtained by extracting parameters (features)
from the data and using them in a new frame of reference to perform a classification of isolated
seismic events. In this work initially we extracted features from both the waveform (statistical,
shape descriptors, etc.) and the spectrum according their different natures. Ultimately, we choose

a subset of 26 features (Table S1).
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Table S1. Features selected.

FEATURE FORMULA
1. Energy E =31, S[i]% E; = S[i]?
E, .
2. Frequency index FI =logyg (M)
Elow frequencies
) S[i] — S[i — 1]
3. Attack ratio max; —
) o (S[i] = S[i + 1]
4. Decay ratio min; —
5.M - Z S[i
. Mean Us = nl; [i]
6. Standard deviation ! Z (S[i] )?
. Og = |7/ < -
= Ja-D Ly He
, 3
7. Skewness lz <M>
n i Og

8. Kurtosis

9. i of central energy

10. RMS bandwidth

11. Mean skewness

12. Mean kurtosis

13. Entropy Z P;(TFD(n, f)) log, (Pf(TFD(n, f)))
L
Yif -TFD(n, f)
14. Brightness —_
i TFD(n,f)
15. Shannon entropy - Z_P(Si)logz (P(s))
L
1
16. Rényi entropy log, (Z P(Si)a)
1—a i
st = (3 o051 41) o
17. LPC (5 coefficients) [n] [ [n=k])+errin]
18. Cepstral coefficients
Re| FFT1 (l bs(FFT(S; )
(5 coefficients) e( 9 (a s(FFTC l))) >

Note: The symbols used in this table are explained in Esmaili et al. (2004), Alvarez et al., (2011),
and Malfante et al. (2018a,b). RMS, Root Mean Square; LPC, linear predictive coefficients.
Parameters 1 to 4 are phenomenological features; parameters 5 to 16 are statistical features;
parameters 17 and 18 (10 coefficients) are signal domain transform parameters.
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2. Study of General evolution of the Seismic Features for Mt. Etna Volcano.

We studied the temporal evolution of the selected seismic features to determine which
presented significant pre-eruptive variation in comparison with a non-eruptive period. For this
purpose, we selected the data for a lava fountain eruption at Mt. Etna on November 11", 2013.
This choice was based on the fact that among our case study volcanoes, Mt. Etna has the densest
seismic network and the seismic records for this event are of high quality over different
distances. Figure S1 shows the evolution of the 26 seismic features at station EBEM, divided
into six subgroups for 2 days before and 1 day after the eruption. Some features were found to be
invariant or to exhibit random changes prior to the eruption (e.g., skewness and mean skewness,
the 1 of central energy, brightness, the LPC coefficients, and the cepstral coefficients). Among
the cepstral coefficients, only CEP1 showed pre-eruptive change; however, this is likely because
CEP1 is associated with energy. Energy (Figure S1a), the frequency index (Figure S1a), Shannon
entropy (Figure S1b), and kurtosis (Figure Slc) all showed clear changes in their temporal
evolution prior to the eruption, particularly in the 12 h before the eruption, and represented the
best candidates for short-term volcanic eruption prediction. The other features that also showed
variation prior to the eruption were at least partially linked to energy, kurtosis, frequency index,

or Shannon entropy; as such, they are not discussed further.
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a) Signal Features b) Entropy Features

0.5

c) Statistical Features
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e) Cepstral coefficients
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2013 2013

Figure S1. Time evolution of 26 seismic features at station EBEM for 2 days before and
1 day after a lava fountain eruption of Mt. Etna on November 11" 2013. Features are divided
into six subgroups: (a) energy and associated features (blue is energy; orange is the frequency
index; yellow is the rate of decay, and purple is the rate of attack); (b) entropy features (blue is
entropy; orange is Rényi entropy; yellow is Shannon entropy, and purple is the brightness); (c)
statistical features (blue is kurtosis; orange in the mean; yellow is the skewness, and purple is the
standard deviation); (d) statistical features (blue is mean skewness; orange is mean kurtosis;
yellow is the i of central energy, and purple is the root mean square [RMS] bandwidth); (e)
cepstral coefficients; and (f) linear predictive coefficients (LPC) coefficients. In (e) and (f), blue
is the 1%, orange the 2", yellow the 3™, purple the 4™, and green is the 5 coefficient. The time of
the eruption is represented by the vertical red line.
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