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A B S T R A C T

Advanced techniques in the recognition and classification of seismo-volcanic events are transcendental when
studying active volcanoes, not only for their importance as an accurate real time seismic monitoring procedure
but also for the use of their results in modeling the dynamics of the volcanic environment. It is well known that
real time seismic monitoring deals with such a large amount of data that it would become an overwhelming
job for an operator to do manually. Therefore the use of automatic detection and classification techniques
based on the Machine Learning approach are suitable in meeting such a challenge.

The aim of this work is to test the capability of the Deep Neural Network (DNN) by using different event
parametrization as a confident classifier tool that could permit a reliable seismic catalog to be built in a new
and un-analyzed volcanic scenario. We tested different configurations in order to build an approach that was
as simple as possible to use this classifier with a limited number of events. In this regard, the feature space
was explored in order to select the most significant parameters of the seismic signals. The data used for this
analysis corresponds to the Planchon Peteroa Volcanic Complex (PPVC) located in the Transitional Southern
Volcanic Zone (TSVZ) between Chile and Argentina, South America. The most significant result of this work
was not only that it provided an analysis in terms of performance of this algorithm, especially when the
training, validation and test dataset is reliable although definitely reduced, but it also gave an insight of into
how an optimal event parametrization can significantly improve the automatic detection and classification of
seismo-volcanic events.
1. Introduction

One of the main objectives of Volcano Seismology is to detect and
identify the seismic signals occurring in the volcanic environment,
i.e. ground motion at a given position as a function of time and as
a result of the radiation of energy from sources located inside the
volcano, or at its surface that propagates in the form of elastic waves.
Volcanic activity generates a variety of these seismo-volcanic signals,
and their presence is evidence of multiple sources acting within the vol-
canic environment, most of them responsible for or associated with the
occurrence of volcanic eruptions. They are the consequence of volcano
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dynamics (fluid motion and other stress-inducing processes) (Sparks
et al., 2012; McNutt and Roman, 2015; Chouet, 2003), and therefore
we should be able to recognize these signals as potential precursors of
volcanic eruptions (Chouet and Matoza, 2013; Chouet, 1996; McNutt
et al., 2015). In this respect, a key point relates to an accurate iden-
tification and classification of these seismo-volcanic events in order to
accomplish a seismic catalog that is as complete as possible. In order
to study the dynamics of a volcano it is important to have samples of
events, before, during and after unrest periods to be able to identify
patterns of events that could be precursors of increased activity or an
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eruptive process (Boué et al., 2016). This entails the analysis of very
long time series, which would be impossible if carried out manually by
an operator.

Over the past decade, large computational resources have become
more widely available at reasonably low cost, and Machine Learn-
ing (ML) techniques and advanced signal processing algorithms have
emerged as tools in volcano-seismic monitoring (Kong et al., 2019;
Bergen et al., 2019; Malfante et al., 2018a). A special advantage is also
provided by the ML approaches when the incoming activity information
may be significantly big and the identification of masked events can
be ignored. Another important advantage of the ML techniques for
the study of volcanoes is that with a reliable training dataset can
identify events that may be hidden by other signals such as tremor
or noise, which for a human operator could go unnoticed. Different
ML techniques were successfully applied for classification of seismo
volcanic events (Benítez et al., 2007; Ibáñez et al., 2009; Cortés et al.,
2009; Trujillo-Castrillón et al., 2018; Titos et al., 2018; Curilem et al.,
2009, 2018; Bueno et al., 2019). A key point in ML is how to represent
observations, i.e.: determining a set of meaningful features that relate to
measurements made in observations. Such representations are typically
obtained by extracting characteristics (features) from the data and
using them in a new frame of reference to perform a specific task.
The optimal parametrization of a seismic signal is a crucial issue in
seismic signal processing and data analysis. In recent works various
methods have been used to make the transition from the original frame
of reference to a feature frame, which can include learning features or
designed features (Álvarez et al., 2009; Cortés et al., 2016; Malfante
et al., 2018b).

A large body of research has also explored the application of Deep
Learning (DL) algorithms for identification and classification of earth-
quake signals. In particular, supervised training has been shown to be
effective for use with Deep Neural Networks – DNN – (see Titos et al.,
2018). However, DL requires large training datasets of labeled data
and this necessity could limit the possibility of generalization of the
application of these advanced methods. In the present work we will
investigate how simple a DNN configuration should be and how an
initial seismic data base that is not too large could be effective in rec-
ognizing seismo-volcanic signals when we are working with limited but
reliable and high quality labeled seismic events. The lessons learned in
this work will serve as a seed for more complex ones once we manage to
perform a reliable classification of seismic events. In parallel, different
event parametrization will be tested to optimize the performance of this
classifier. In order to study the dynamics of a volcano it is important
to have samples of events, during rest, unrest and after unrest periods
to be able to identify patterns of events that could be the precursors
for an increase of activity or an eruptive process. This means analyzing
very long time series, that would be impossible if carried out manually
by an operator. One idea behind this work is to study how simple
the configuration of a DNN could be and how a reduced but highly
reliable catalog for training could help to achieve the best possible
results. In addition, when a reliable DNN is obtained, its application to
the continuous seismic record at different seismic stations will help to
enlarge the seismic dataset, and therefore more complex DL procedures
could be applied with very well trained data bases.

The data used for this analysis corresponds to the Planchon Pe-
teroa Volcanic Complex (PPVC) located in the Transitional Southern
Volcanic Zone (TSVZ) between Chile and Argentina. Seismo volcanic
signals associated with the PPVC comprise volcano tectonic, regional
earthquakes and long period events with a high energetic and contin-
uous background volcanic tremor, which makes the identification of
the other seismic signals an important challenge. Given that previous
works on this database (Casas et al., 2014, 2019) have focused on
a selection of volcano tectonic events for certain time intervals, we
can say that there is no catalog that is estimated complete enough to
compare. Therefore, this is an un-analyzed and un-compared seismic
2

data base, requiring an important effort in compiling an initial catalog p
for training a DNN. Despite, under such conditions, we compiled a
reduce but reliable catalog, we obtain encouraging results. Therefore,
another goal of this paper is to provide a useful and realistic tool to
the scientific community that is in our same situation, the existence
of un-analyzed and un-compared seismic data bases (very common
around the world). For the present work we will use a data base from
an apparent quiescence period of the volcano, but with an intense
seismic activity that permitted a high quality set of seismic events to be
selected. The final trained data base using DNN will be used in a near
future to analyze the important eruptive episodes that have occurred in
recent years, and as a predictive model for future unrest of the volcano.

2. Area of study

The Peteroa Volcano, placed at 35◦ 15′ S and 70◦ 35′ O in the
Andes Cordillera, is a Holocene polygenetic volcano that forms part
of the Planchon Peteroa Volcanic Complex (PPVC) with a maximum
height of 4084 meters above the sea level (Fig. 1). It is located in the
Transitional Southern Volcanic Zone (TSVZ) and comprises the three
volcanic edifices named, Azufre, Planchon and Peteroa, the latter being
the active volcanic edifice. Evidences and historic documents refer to
important explosive episodes during the 17th (1660) and 18th centuries
(1751 and 1762).

2.1. Recent eruptive activity:

There is record of eight minor eruptions during the twentieth
century (see the Global Volcanism Program web page) all with a
𝑉 𝐸𝐼 ≤ 2. The most recent eruptive periods were: 2010–2011, charac-
erized by mainly phreatic explosive phases (Aguilera et al., 2016) and
hreatomagmatic activity (Haller and C., 2011), and those occurred
etween January 2016 to May 2017, in which the volcanic alert level
as raised to yellow due to the increase in LP events and changes

n energy of the background tremor (SERNAGEOMIN, Chile); and the
ast eruption which started on October 2018. In December 2018 it
roduced an eruptive column that reached a height of 2 km. After
hat, the volcano had milder emissions until mid 2019 when the alert
evel returned to green (technical report, Observatorio Argentino de
igilancia Volcánica, OAVV) On the basis of its historical activity this
olcano is placed in eighth position within the higher risk volcanoes of
hile according to the Technical sheet, Observatorio Volcanológico de

os Andes del Sur, OVDAS—-Argentina, SERNAGEOMIN—Chile and it
s considered to be the most dangerous volcano in Argentina (Elissondo
t al., 2016).

. Seismic stations and seismic data base

.1. Sesimic stations

This study was performed using data from the MalaRRgue network,
temporal seismic array deployed from January 2012 to January 2013.
his system was designed with the collaboration of Delft University of
echnology (TUDelft, The Netherlands), the Comision Nacional de En-
rgia Atomica (CNEA, Argentina) and The Boise State University (BSU,
EUU). Ruigrok et al. (2012) This temporal deployment includes six
eismic stations along the eastern flank of the PPVC, PV array (Fig. 1).
uch array was composed of short period three components sensors,
ercel L-22. The whole deployment comprises a buried seismometer,
ith a box containing a data logger, batteries and power box , a solar

anel, a GPS clock and a fence.
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Fig. 1. PPVC location map and MalaRRgue array PV stations (modified from Casas et al. (2020)).
3.2. Volcano-seismic signals database

In order to perform a supervised automatic detection of seismic
events it is necessary to have an initial labeled database of seismic
events that will be used for training, validation and testing of the
procedure. The size of such an initial database is a sensitive issue
when using ML techniques, in most disciplines where these techniques
have been applied is expected to have a sufficiently large database to
perform an accurate training. In the case of volcanic environments,
this is the most challenging task. In general, seismic events do not
occur frequently enough to be able to record thousands in a short time,
and to have a large enough data base it is necessary to wait tens of
years. At the same time, in many cases the volcanic seismic activity
3

appears in the form of seismic swarms, i.e. thousands of overlapped
events in a few days (e.g. Ibáñez et al., 2008; García Yeguas et al.,
2014; DíazMoreno et al.). This sudden increase in activity means that
even in the case of an expert operator this cannot be done manually
, as are identification, segmentation and labeling of events. Finally, as
it is the case of the present volcanic system, some events are masked
under other more energetic signals. In the PPVC there is a persistent
high energetic tremor that makes the identification of some volcano
tectonic and regional events complex, even when different filters are
used. In Fig. 2 we plot and example of raw data in which an energetic
earthquake is not visible since it is masked by the background volcanic
tremor. Therefore, in many cases the initial database is of a reduced
size. To solve this lack of data for the training of ML techniques
some researchers have artificially increased the number of events by
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multiplying their data base by a certain number, for the new repeated
events they have added a random level of background noise to the
original signals (Curilem et al., 2018). As indicated previously, one
of the objectives of the present work is to show that even though the
initial seismic labeled data base to train a DNN is not particularly large,
it could produce good results as long as the quality and reliability
of the selected seismic events are high enough. In order to achieve
a high quality initial database, the same operator was responsible for
selecting, segmenting and labeling the seismo-volcanic events in order
to avoid labeling criteria discrepancies. For this study following the
well established criteria described by Ibáñez et al. (2000) this operator
is the first author of the present paper. This manual work was comple-
mented with the use of a semi-automatic technique that easily identifies
the arrival of P-waves onsets of earthquakes (Álvarez et al., 2013;
García et al., 2016). This procedure, named AMPA, was very useful
since it was able to mark times in the background volcanic tremor
where potential P-waves could present, and therefore potential Volcano
Tectonic (VT) and Regional (REG) earthquakes could be identified.
After the identification of these temporal marks the operator manually
defined the segment for that event. In the case of Long Period (LP)
events, segments of representative volcanic tremor (TR) (without any
type of overlapped signals) and real noise (NOI)(mainly generated by
strong local wind) a filtering, segmentation and labeling algorithm,
named PICOSS (Diaz Moreno et al., 2019) was used to make this
manual task much easier. The final dataset comprises a set of 2033
segmented and labeled events, which according to their names are:

• Volcano Tectonic events (VT): 577 earthquakes (Fig. 3)
• Regional earthquakes (REG): 536 earthquakes (Fig. 4)
• Long Period events (LP): 187 events (Fig. 5)
• Volcanic Tremor (TR): 502 segments of different duration (Fig. 6)
• Noise (NOI): 233 segments of different duration (Fig. 7)

According to the description of Ibáñez et al. (2000), Chouet and
Matoza (2013), Casas et al. (2014) or Casas et al. (2019) VT events are
characterized by clear P and S phases arrivals, with a difference in S–P
arrival time of less than 3 s, a duration less than 15 s and frequency
contents reaching textstup to 40 Hz. In a deep analysis of the selected
VT events at least three different types of VT were observed, mainly
differentiated in terms of their energy ratio between p and s arrivals
and different S–P times. However for the present work all of them will
be used as a unique group of events and it is expected that in a near
future we could test whether the DNN or other DL methods will be
able to distinguish these families of events. REG earthquakes have clear
P and S arrivals, S–P larger than 8 s, duration larger than 15 s and
frequencies up to 20 Hz. In this case regional earthquakes are mainly
associated to regional tectonics and subduction zone seismic activity as
those observed by Lange et al. (2012) and Badi et al. (2009).

LP events are characterized by emergent onsets, variable amplitude,
duration of between a few seconds and no longer than a minute, and
main frequencies between 0.8 and 2 Hz. Their identification inside
the background volcanic tremor was done on the basis of their energy
content, since in terms of the spectral characteristics they are very
similar to the tremor.

Tremor signals have a duration of minutes to days and are the
main background signal observed in all stations. As in the case of the
LP events they have frequencies of less than 2 Hz with some stable
predominant peaks between 1 and 2 Hz.

Background noise is clearly observed because it presents high fre-
quency content, between 10 and 25 Hz, bursts of energy, and in some
cases a duration of days that can be associated to weather conditions,
mainly strong local winds that also enter in resonance the structures
of the seismic stations such as solar panels or transmission antennas.
During these periods of windy days the identification of another type
of seismic signals was totally impossible.

It is noteworthy that in an analysis of LP events in comparison
with the volcanic Tremor segments, they share very similar spectral
4

Fig. 2. Example of a raw data in which an energetic earthquake is not visible since it
is masked by the background volcanic tremor.

characteristics and the main differences between them are that vol-
canic tremor signals have longer duration and LP events are impulsive
energetic signals.

4. Automatic classification of volcano-seismic signals

Previous work (Titos et al., 2018) has shown the suitability of using
Deep Neural Network (DNN) for automatic classification of seismic
events of volcanic origin. We propose the use of DNN for the event
classification task of the Peteroa volcano. Fig. 8 show the flow diagram
of a automatic classification process; first, the continuous signal should
be separated into isolated segments, each containing an unknown
seismic–volcanic event, then it is necessary to adequate the raw signal
and find a representation more useful for the classification task; usually
a set of parameters or features are calculated from the observed data,
and these parameters are organized as a feature vector. In the third
step, a pattern recognition algorithm is applied to the feature vectors.
The goal of the classification system is to carry out a mapping between
the feature vectors and the set of labels of the seismic events defined.
The main obstacles associated with this task that strongly affect the
system performance are the variability of the seismic events, the effect
of the propagation path between the source and the seismic stations,
and the ambient seismic noise sources that are present.

4.1. Data processing and feature extraction

The process of extracting information from an underlying dataset
is called feature extraction, this is one of the more important steps
in a pattern recognition system. The main idea is to provide useful
features for discriminatory stages. In the feature extraction process,
signal parameters are calculated from the raw data in such a way that
they contain valuable information for the discrimination of classes.
When the underlying physical processes of the dataset are known,
a good strategy is to derive the parametrization from the theoreti-
cal background. However, if the knowledge of the generation of the
data is poor, considering human expertise could be very important in
defining the parameters. In the context of seismic signal classification,
input data consist of discrete time series with samples that represent
ground motion related with ground displacement, velocity or accelera-
tion depending on the instrument type deployed. The recorded signals
(seismogram) contain information on the involved seismic source pro-
cess as the propagation medium and the instrument response. Whereas
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Fig. 3. Volcano-tectonic events. Different types of vt signals in terms of their energy
ratio between P and S arrivals and different S–P time.
5

Fig. 4. Regional events are mainly associated to regional tectonics and the subduction
zone seismic activity.

Fig. 5. Long period events were identified on the base of their energy content, since
in term of spectral characteristics they are very similar to the tremor.

Fig. 6. Tremor event is the main background signal observed in all station.
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Fig. 7. Noise events can be associated to weather condition, mainly strong local winds
that also enter in resonance the structures of the seismic stations.

Fig. 8. Flow diagram of the automatic classification process.

there are theories to explain seismic wave propagation and the in-
strument response is a known quantity, the location and nature of
the seismic source and the properties of the propagation medium are
generally unknown. It is therefore difficult to derive an appropriate
parametrization based on theoretical considerations. In this work, we
propose two sets of features that have been frequently used in the topic
of automatic classification seismic signals of volcanic origin, Cepstral
Coefficients in Log domain (LFCC) and Linear Prediction Coefficients
(LPC) (Scarpetta et al., 2005; Cortés et al., 2016; Titos et al., 2018). In
order to represent the temporal evolution of the events, each one has
been split into three non-overlapping frames of equal length, capturing
relevant information from the beginning, the central part and the end
of the event (Fig. 9). Additionally, another set of features defined by
the human knowledge of expert seismo-volcanologists is explored.

• Linear Prediction Coefficients: (Makhoul, 1975; Adhemar Bultheel,
1994) In linear prediction analysis (Makhoul, 1975;
Adhemar Bultheel, 1994) the value of sample 𝑛 is approximated as
a linear combination of 𝑝 previous samples, �̂�𝑚(𝑛) =

∑𝑃
𝑙=1 𝛼𝑙𝑠(𝑛−𝑙).

The weights of these samples, 𝛼𝑚 are called Linear Prediction
Coefficients. An estimate of the coefficients is derived by an
optimization procedure based on minimizing the prediction error.
For a signal frame 𝑚 of length 𝑛 samples, the prediction error is:

𝐸𝑚 =
∑

𝑛

[

𝑠𝑚(𝑛) −
∑𝑃

𝑙=1 𝛼𝑙𝑠𝑚(𝑛 − 𝑙)
]
2

(1)

By deriving the prediction error 𝐸𝑚 with respect to the prediction
coefficients 𝛼𝑙 and equating zero, we obtain a set of P equa-
tions with P unknowns called Yule–Walker equations. Solving
this system of equations gives the prediction coefficients that
minimize the prediction error in a signal segment. In this work,
to solve the Yule–Walker equations, the autocorrelation method
that generates a Toeplitz matrix has been used, allowing the
recursive Levinson–Durbing algorithm to be applied in calculating
the prediction coefficients (Rabiner and Schafer, 2007).
In this work, over each frame of signal a five order LPC analysis
is performed given a feature vector of 15 coefficients (each event
6

is split into three frames with the same number of samples).
Fig. 9. Features generation. Each signal was split into three segments and for each of
them the LFCC and LPC parameters were computed.

• Log scale Frequency Cepstral Coefficients: LFCC (Rabiner and Juang,
1993) extract spectral information from the signal. In this work
the particular implementation of the LFCC is as follows: For each
of the tree frames of time domain seismic signal, a 512-point
fast Fourier transform (FFT) is used to compute the magnitude
spectrum. This serves as the input for an emulated filter bank that
consists of 12 triangular weighting functions that were uniformly
spaced in a log scale frequency between log 1 and log 100 Hz.
The overlap between adjacent filters is 50%. The purpose of the
filter-bank analyzer is to give a measurement of the energy of
the signal in a given frequency band. Then, the natural logarithm
of the output filter-bank energies is calculated, resulting in a
feature vector of 12 parameter. The discrete cosine transform
(DCT) is used to decorrelates the features and reduce the number
of components from 12 to 5 coefficients. Finally each event is
represented by a 15 coefficients feature vector (Fig. 10).

• Other features: Following Alvarez et al. (2011) we propose the in-
clusion of the features: Impulsiveness, Event Duration, Energy of
the event, Kurtosis in time domain, Kurtosis in frequency domain.
Impulsiveness, is measured over the cumulative samples values of
the signal and it is calculated as the difference between the 70th
and 30th percentiles, it represents how impulsive an event starts.
Event Duration is the duration of the event in seconds. Energy
of the event is the logarithmic energy of the event. Kurtosis is a
statistical parameter that measures the extreme values in either
tail; it is calculated in time domain and in the frequency do-
main. All these parameters have been normalized. Fig. 11 shows
the histograms of those parameters generated from the original
database.

4.2. Classification using deep neural network

Artificial Neural Networks (ANNs), particularly Multilayer Percep-
tron (MLP) have been used to implement automatic classification in
seismology and also in volcanic seismology obtaining very promising
results (Scarpetta et al., 2005; Del Pezzo et al., 2003; Diersen et al.,
2011; Kuroda et al., 2012). Architectures like MLP, that present only
one level of non-linear features transformations are well suited to solve
simple or structured problems, but show limitations when applied to
real world data. Deep Neural Networks (DNNs) address the limitations
of shallow-structured architectures, and allows computational models
to learn complex representations, including multiple levels of abstrac-
tion from data (LeCun et al., 2015). A DNN is defined as several fully
connected layers, stacked on top of each other. They let the information
flow sequentially, with the output of the previous layer as the input
for the next one. We studied how many neurons were necessary to
obtain a good performance. We varied the number from 10 up to 100
neurons. Our results are clearly stable and reliable with a relative lower
number of neurons between 40 and 60. We observed that for those
cases (Fig. 12) DNN for the different parametrizations provides very
similar results. In this case we consider that an architecture with 40
neurons is the simplest, stable and of high quality to make a very
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Fig. 10. Flow diagram of 15 LFCC coefficients.
Fig. 11. Extra Features: Five extra features were computed and normalized: Impulsivity, Event Duration, Energy, Kurtosis signal (kurtosis of the signal in time) and Kurtosis Spec
freq (kurtosis applied to the amplitude spectrum in frequency), note the x axis varies from 0 to 1.
efficient identification and classification of seismo-volcanic events in
PPVC. Therefore, we used a DNN architecture with two hidden layers
of 40 neurons each, in addition to the input level and the output level.
Fig. 13 show the implemented architecture.

4.3. Experimental results

We performed several experiments using the previously described
architecture based on DNN to classify data from PPVC. Data pre-
processing and feature extraction make up a feature vector with the
same dimension regardless of the duration of the event. Dataset is
divided into training (60%), validation (20%) and test (20%) sets.
Following the classical procedure to train a DNN, the network tuning
parameters have been set as in Titos (2018). A balanced random shuffle
of the data was performed to reduce highly correlated batches during
7

training stage. To generate final results, a cross-validation technique
with five partitions was performed to test the model’s ability to gener-
alize on unseen data. In order to test the discrimination ability of the
DNN, we performed the following experiments:

• LPC feature vector, (15 parameters).
• LFCC feature vector (15 parameters).
• 15 LPC feature vector and Impulsiveness, Event Duration, Energy

of the event, Kurtosis in time domain, Kurtosis in frequency
domain, (20 parameters).

• 15 LFCC feature vector and Impulsiveness, Event Duration, En-
ergy of the event, Kurtosis in time domain, Kurtosis in frequency
domain, (20 parameters).

Classification results are shown in Table 1, We used the well known
Precision and Recall measures to evaluate the behavior of the event
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Fig. 12. Study of the most suitable number of neurons in terms of performance for the different parametrizations used.
Table 1
Per-class Precision and Recall measures and global Accuracy in % for the average confusion matrix from the cross validation matrices.

VT REG LP TR NOI G. ACC

PRE REC PRE REC PRE REC PRE REC PRE REC

LFCC 83.68 76.43 8.77 81.53 80 2.14 59.19 96.22 82.39 56.22 73.51
LPC 79.35 84.58 82.57 77.80 50 6.95 64.39 94.02 84.62 56.65 74.79

LFCC + 5 83.75 82.15 85.74 89.74 89.04 34.76 73.95 97.81 83.63 61.37 81.27
LPC + 5 79.57 89.77 89.78 81.90 81.38 63.10 82.50 94.82 84.97 63.09 83.43
Table 2
Average confusion matrix for LFCC and LPC coefficients-NORMALIZED.

LFCC LPC

VT REG LP TR NOI VT REG LP TR NOI

VT 76.43 10.92 0.0 9.01 3.64 VT 84.58 10.05 0 3.81 1.56
REG 9.51 81.53 0.19 8.58 0.19 REG 16.60 77.80 0 4.10 1.49
LP 0.0 1.6 2.14 95.19 1.07 LP 0 0.53 6.95 92.98 0.53
TR 1.19 1.79 0 96.22 0.8 TR 1.59 1.0 2.19 94.02 1.2
NOI 12.45 6.87 0.0 24,46 56.22 NOI 12.88 10.3 0.86 19.31 66.65
Table 3
Average confusion matrix for LFCC + 5 and LPC+5- NORMALIZED.

LFCC+5 LPC+5

VT REG LP TR NOI VT REG LP TR NOI

VT 82.15 10.92 0.0 2,77 4.16 VT 89.77 6.41 0.17 1.39 2.25
REC 7.84 89.74 0.19 1.87 0.37 REG 14.93 81.9 0.93 0.37 1.87
LP 0.0 1.07 34.76 63.64 0.53 LP 0.0 0.0 63.1 36.90 0
TR 0.4 0.2 1.39 97.81 0.2 TR 0.4 0.2 3.98 94.82 0.6
NOI 20.6 6.01 0 12.02 61.37 NOI 21.89 5.15 0.43 9.44 63.09
classifier system. Precision and Recall provide information about the
reliability of the system (Sokolova and Lapalme, 2009). Given a class
of events, Precision is calculated as the quotient between the number
of events correctly labeled and the total number of events labeled as
belonging to this class. Recall is defined as the events correctly labeled
8

divided by total number of elements that actually belong to this type
of events. To evaluate the quality of the system as a whole we used
the Accuracy parameter. Tables 2 and 3 show the normalized average
confusion matrix from the cross validation matrices.
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Fig. 13. DNN architecture. The input is the feature vector the output is the probability
assigned by the network to each type of event.

5. Discussion

In the present work we have analyzed a dataset of seismo volcanic
events from PPVC using a DL algorithm based on DNNs. We have
tested different configurations and parametrization of the data and the
results are summarized in Tables 1 to 3. As indicated in the previous
section, we investigated the architecture of the DNN procedure in term
of the number of neurons. We checked from the simplest case of 10
up to 100 neurons. Our results are clearly stable and confident with
a relative lower number of neurons. Between 40 to 60 neurons (see
Fig. 12) our algorithm provides very similar results. In this case we
consider that an architecture with 40 neurons is the simplest, stable
and of high quality way of performing a very efficient identification
and classification of seismo-volcanic events in PPVC. We analyzed how
the selected parametrization could affect the classification procedure.
In this case we tested two procedures named LFCC and LPC. In general
both parametrization approaches provide excellent results with the
LFCC parametrization being the one that provided best results for all
the seismic event classes analyzed. In addition, as observed in Table 3,
when the number of parameters is enlarged with new ones, the results
are clearly improved, even if the number of new parameters is reduced,
only 5 more than the initial selected set of features. It is especially
worth mentioning that for volcanic tremor the degree of accuracy
reaches 98%. Also, in the case of the LP events it is noteworthy that
it is the only one class of events in which parametrization by using the
LPC approach provides better results than the LFCC. According to the
analysis done we observed a transition of accuracy between an initial
2% to more than a 63% in the case of an extended LPC parametrization.
The reason for this evident improvement is that in the case of the
extended parameters we have included, among others, the duration of
the signal and the impulsivity of the first onset. It is evident that in
the case of events of short duration such as VTs and LPs, duration is a
critical factor. In the case of VTs, as indicated in Section 2, most have a
very impulsive P-waves onset in comparison with the rest of the events.
Finally Cepstral analysis is more sensitive to subtle frequency changes,
9

and in the selected LP events, it is possible that the increase in energy
could be accompanied by a small change in the frequency domain but
which is insufficient to make it distinguishable. Now we will present
the results according to the different categories of events.

Background noise (NOI). Observing the different levels of accuracy
there are no significant differences in the results regardless of the
parametrization procedure or number of parameters. In addition, this
class present a relative high degree of confusion with the other classes,
mainly in the case of the VT and REG earthquakes and in the case
of the volcanic tremor. However, this is not a surprise according to
the spectral and temporal characteristics of the seismic noise of PPVC.
These signals are characterized by high frequency content (as VT and
RG) and have long duration (as is the case of the volcanic tremor).
When this seismic noise is recorded in short duration intervals some
confusion with the earthquakes has been observed. In long duration
intervals, volcanic tremor is permanently present in this volcano, and
the noise is mainly affected by meteorological conditions, it is possible
to mix both signals when for example the energy of the wind decreases,
thus reducing the contribution of the high frequency pattern of the
noise and attaching greater importance to the lower frequencies of the
volcanic tremor.

Earthquakes (VT and REG). These earthquakes presented the best and
most stable level of recognition in whatever parametrization procedure
is used, with accuracy ranging between 76% in the worst case and
90% in the best. This high accuracy is interpreted mainly by two
reasons. The first one, is that these earthquakes represent the well-
defined classes of events, presented in all volcanoes, with very well
defined temporal and spectral characteristics. The second one, is that
on the basis of the procedure to identify them in the continuous
recording (looking for the clear arrival of P-waves) the subset of data
can be considered without doubt to be of very high quality. The main
confusion rises here with very low inclusion of the other seismic classes.
The confusion between these events is also explained on the base of two
causes. Some VTs have been interpreted as REG earthquakes since in
our data base VT events were classified as those earthquakes with an
S–P time of lower than 3 s, and even if the REG generally has an S–P
time longer than 8 s, some earthquakes with a lower S–P time (around
4 or 5 s) have very similar spectral and temporal characteristics, and
at present the DNN has not been trained to identify this temporal S–P
segment, examples are shown in Fig. 14. On the other hand, some REG
events have been classified as VT because, even if their S–P time is
longer than 8 s, their source is located in the subducted slab and they
are considered intermediate-deep earthquakes (focal depth between
100 to 250 km). These deep earthquakes have a very impulsive P-
onset very similar to the spectral and temporal characteristic of a VT
event, followed several seconds later by the less energetic S-waves onset
that, is similar to an isolated VT (see examples in Ibáñez et al. (1997),
Badi et al. (2009)). In this case, the DNN does not identify a single
REG earthquake, but also 2 local VTs. This type of mistake is frequent
in many human operators working manually. It is remarkable how
efficient DNN was in classifying Regional and VT events which can
be a tricky task because sometimes they are masked under the tremor
signal and as is well known these types of events are very significant
in understanding the dynamics of the volcano. Therefore, this will be
a powerful tool to compiling a full catalog of VT and advancing on the
dynamics of the volcano.

Volcanic tremor and LP events. In this subset we include these two
types of events. Even if initially in terms of temporal characteristics,
they are different, spectrally they share exactly the same patterns.
This similarity observed in several volcanoes and some source models
(e.g. Chouet (1992, 1996)) indicated a strong relationship between both
seismo-volcanic events and sources. The confusion matrix reveals that
a volcanic tremor itself has the highest degree of recognition, of almost
98%. This high value is justified due to the stable characteristics of



Journal of South American Earth Sciences 107 (2021) 103115V.L. Martínez et al.
Fig. 14. VT event on the left was well classified as VT by DNN. VT event on the right was classified as REG for one case, however since we use an xvalidation technique, the
final label was a VT, that also emphasis the importance of xvalidation.
Fig. 15. LP event on the left was well classified as LP by DNN. LP event on the right was classified as TR for all cases from the xvalidation technique, the final label was a TR.
the tremor in terms of duration and its almost monochromatic char-
acteristic. In LP events, without considering duration and impulsivity
only, the first analysis revealed that 3% of the LPs were recognized
as such, and had always been wrongly identified as volcanic tremor.
This confusion was due to their almost identical spectral characteristics.
When duration and impulsivity were taken into account the success
level uprises to 63%, but TRE was still the other predominant class
of event. In this case, as indicated above, this degree of confusion
relates to the fact that the differentiation between LP and TRE for
PPVC was based exclusively on the changes in how the fluid processes
inside the volcano transfer elastic energy with the medium. Our results
suggest that both events (LP and TRE), which have the same spectral
characteristics, they could most likely share the same source model, and
potentially the same source (e.g Almendros et al. (2001, 2002)). The
differences are associated with the level of exchange of elastic energy,
the fact that volcanic tremor is a sustainable transfer of energy, and
LP events that are sudden and short time bursts of energy inside of the
volcanic system. The fact that in this work an effort had to be made to
discriminate LP from Tremor resides in the idea of studying potential
eruptions in the future, since a tremor could change its spectral content
or change into another model of LP. After adding extra features, it was
possible to improve LP detection (Fig. 15). This is a very encouraging
result, that enhances the importance of exploring the feature space to
select the best discriminative ones. Achieving discrimination between
LP and Tremor is an essential result because if another coherent sources
appear that could be named tremor or LP they will have less similarity.
Therefore, this could be an indicator of changes over time, such as the
case observed with Bayesian Neural Network in the paper by Bueno
et al. (2019) on other volcanoes, which could form part of a future
work for this one.
10
6. Conclusions

In the present study we have shown that it is possible to train
and build a DL procedure based on DNNs using reduced and simple
elements (neurons and event characteristics), that is at the same time
effective and reliable for use as a classifier of seismo-volcanic events
in a completely new environment without any previous experience or
analysis. In addition, it is revealed that the event parametrization has
a key role in performing the DNN and thus spending time exploring
the feature space to select the most significant ones is worth while.
This system, trained in the PPVC Southern Argentina–Chile border can
be used to detect future volcano seismicity, to complete the seismic
catalog of the past and future, but also to be used as a seed for a
more complex continuous and even real-time classifier to improve the
monitoring procedure of this volcano. It is important to remark that
a lesson earned from this study is that it is possible to prepare these
advanced algorithms by using a limited number of data (less than the
already large number of events presented in literature) if they have
been selected on the basis of quality (in terms of signal to noise ratio
and other subjective factors) and homogeneity (same observer and
criteria) of the data used. This result is very important because it is
well known that a large number of data will give more stability to
the ML techniques but this is not possible for every volcano. Most of
the volcanoes that have been monitored over long periods of time may
have the possibility of compiling big catalogs, however there are some
volcanoes where monitoring did not take place over long periods or
their seismic history has not been studied in such a great detail over
time that it is very difficult to achieve a very dense database and it
might require enormous human effort. In terms of DNN performance
as a classifier, it is worth mentioning that in this work there was an
effort for discriminating LP from Tremor based on the idea of studying
potential eruptions in the future since a tremor could change its spectral
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content or change into another model of LP. After adding extra features
it was possible to improve the LP detection. This is a very encouraging
result, that enhances the importance of exploring the feature space to
select the best discriminative ones. Besides that, it is remarkable how
efficient DNN was in classifying Regional and VT events which can
be a tricky task cause sometimes they are masked under the tremor
signal and as it well known these type of events are very significant
in understanding the dynamics of the volcano. Therefore, this will be
a powerful tool compiling a full catalog of VT and making advances
in the dynamics of the volcano. We would like to point out that our
results have demonstrated that it is possible to perform a reliable
ML analysis in a fully unknown seismic data base, never analyzed
previously, and following the already established accurate protocols to
train the procedures reducing the size of the initial data bases and at
the same time reducing the time necessary to prepare the procedures.
This is very important because we are giving the chance to analyze the
so large seismic data bases that at the present remain un-analyzed due
to the lack of time and personnel to do it.
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