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Abstract Real-time assessment of the state of a volcano plays a key role for civil protection purposes.
Unfortunately, because of the coupling of highly nonlinear and partially known complex volcanic processes,
and the intrinsic uncertainties in measured parameters, the state of a volcano needs to be expressed in
probabilistic terms, thus making any rapid assessment sometimes impractical. With the aim of aiding
on-duty personnel in volcano-monitoring roles, we present an expert system approach to automatically
estimate the ongoing state of a volcano from all available measurements. The system consists of a
probabilistic model that encodes the conditional dependencies between measurements and volcanic states
in a directed acyclic graph and renders an estimation of the probability distribution of the feasible volcanic
states. We test the model with Mount Etna (Italy) as a case study by considering a long record of multivariate
data. Results indicate that the proposed model is effective for early warning and has considerable potential
for decision-making purposes.

1. Introduction

One of the main challenges in modern volcanology is to develop methods to promptly detect and eventually
predict volcanic activity for increasing the effectiveness of hazard mitigation plans [Acocella, 2014]. Effective
monitoring and surveillance tools play a fundamental role in meeting such goals.

Currently, real-time monitoring of some of the most risky volcanoes worldwide is largely delegated to a
number of experts in volcanology, who interpret data coming from different kinds of monitoring networks
to determine the volcanic state, such as quiescence or activity, in a context of uncertainty [Fearnley et al.,
2012]. Such eruption warnings are critical for authorities in managing their response to a developing volcano
emergency and can lead to risk reduction decisions from civil protection agencies that may have substan-
tial consequences on society, like interdicting hazardous areas, closing schools, shutting down production
facilities, issuing warnings or stopping local ground and/or air transportation, and alerting local safety coordi-
nators to ensure a prompt coordination with the emergency services on the territory [Amendola, 1995; Papale,
2014]. Thus, the optimal interpretation of monitoring data for warning purposes is essential and unequivocally
linked to the correct understanding of a volcano’s state.

The importance of continuous volcanic monitoring has been highlighted in the recent past, during some
critical episodes of hazardous volcanism, such as the reawakening of Mount St. Helens (USA) in 1980 [Lipman
and Mullineaux, 1981] and the powerful explosive eruptions at Mount Pinatubo (Philippines) in 1991 [Newhall
and Punongbayan, 1996]. In both cases the availability of volcano-monitoring data proved a decisive factor
in the successful scientific and emergency services responses [Tilling, 2008]. A continuous monitoring system
was also crucial and promptly implemented to face the more recent crisis at El Hierro (Canary Islands, Spain)
in 2011, aiding the scientific team in charge of issuing volcanic warnings [García et al., 2014].

Unfortunately, today the number of volcanoes worldwide monitored by local observatories is small. In remote
areas, where access is problematic, on-site monitoring may not be practical and volcanic surveillance gener-
ally relies on alternative methods such as regional networks and satellite remote sensing. Different techniques
based on satellite remote sensing have already been successfully applied to detect eruptions of distant
volcanoes [e.g., Wright et al., 2002], and some authors have proposed the detection of volcanogenic light-
ning related to distant explosive eruptions to assist rapid eruption reporting for aviation [James et al., 1998;
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Ewert et al., 2010; Behnke and McNutt, 2014; Shevtsov et al., 2016]. In this context, automatic volcanic activ-
ity detection systems could provide effective tools for volcanic early warning, especially for volcanoes that,
though remote, pose serious ash aviation hazards, like many Alaska volcanoes where, indeed, the combined
use of regional- and global-scale monitoring data have been effectively used to detect distant explosive
activities [e.g., De Angelis et al., 2012].

Based on geophysical data, there are already a number of other examples of rapid detection monitoring and
warning systems which are designed to automatically detect eruptions and trigger programmed warning
messages, e.g., the Eastern Ruapehu Lahar Alarm and Warning System (ERLAWS) in New Zealand, which raises
alerts on the lahars caused by the collapse of the Crater Lake natural dam [Sherburn and Bryan, 1999; Leonard
et al., 2008; Scott and Travers, 2009]; and the Tongariro Eruption Detection system (TEDS) developed following
the 2012 eruptions at Te Maari crater, Tongariro [Potter et al., 2014].

In the light of past experiences, the new generation of tools for automatic volcano monitoring should be
able to coherently synthesize in real time a range of information to provide simple but helpful insights about
the volcanic state. Indeed, effective volcano monitoring, either local or remote, should include the system-
atic integration of various types of geological, geochemical, and geophysical data, the amount of which is
significantly increasing [Pallister and McNutt, 2015].

Among the geophysical measurements used for volcano monitoring, volcanic tremor with its variations over
time of root-mean-square amplitudes and spectral characteristics is one of the most powerful signals to best
understand the physical processes controlling explosive eruptions [Sparks et al., 2012] and detect explosive
activity [e.g, Cannata et al., 2008; Messina and Langer, 2011]. Volcanic early warning tools based on seismic
tremor are already implemented, e.g., for Mount Etna [Langer et al., 2011; D’Agostino et al., 2013], Piton de la
Fournaise [Battaglia, 2003], and for many active volcanoes around the world. Besides seismic data, infrasonic
recordings of volcanic eruptions have recently proven effective at monitoring and characterizing a wide vari-
ety of eruptive styles [e.g., Johnson et al., 2004; Garcés et al., 2008; Fee et al., 2010; Johnson and Ripepe, 2011;
Ulivieri et al., 2013]. Another important category of data is thermal imaging, as in Reath et al. [2016], who
used thermal infrared remote sensing data to detect and track volcanic thermal activity during three major
eruptions that produced different degrees and durations of effusive and explosive behavior at Kliuchevskoi
(Kamčatka). Moreover, Matsushima et al. [2003] used thermal images at Iwodake volcano (Japan) to estimate
the heat flux from the surface of a thermally anomalous area, thus assessing the migration of magma toward
shallower depths during 1996–1999. Many other examples of volcano surveillance by thermal imaging can
be found in Spampinato et al. [2011].

What is today essential for a state-of-the-art volcanic warning system is not only the ability to manage multiple
types of data automatically but also to deal with uncertainties and data failures. Indeed, the growing demand
from civil protection and decision makers, for quantifying uncertainties in evaluating the state of a volcano,
makes implementing new techniques and tools that can deal with such uncertainties ever more desirable.

In this work, in the framework of a Volcano instrumental Early Warning System (hereafter referred to as ViEWS),
we present a new method for volcanic activity detection, based on a Bayesian network (BN), that integrates dif-
ferent kinds of monitoring data and automatically assesses the state of a volcano, quantifying the uncertainty
of such estimations. The proposed model represents a multiparametric approach that integrates seismic data
with other monitoring data (e.g., tephra measurements, deformation, and infrasonic data), thus facilitating the
cross checking of findings from single sources and reducing false alarms. The probabilistic approach allows
for naturally and coherently representing and manipulating all forms of uncertainty involved in describing
complex phenomena like volcanic activity [Sparks and Aspinall, 2004; Bell et al., 2014]. Moreover, the compre-
hensive treatment of various data aims to refine the alert criteria for volcanic explosive activity. Indeed, in the
method of risk analysis for civil protection, the knowledge of the hazard likelihood is crucial to evaluate the
risk of the scenarios. The more precise the likelihood estimations, the more effective the decisions after the risk
evaluation. In the proposed approach, probabilities are native in the model; thus, they can be communicated
to the civil protection numerically (i.e., a real number between 0 and 1), facilitating the analytical calculations
of risk and avoiding problems of misinterpretations.

The model was implemented and tested on Mount Etna because of its large multiparametric data set. More-
over, Mount Etna volcano, characterized by intense and frequent eruptive activity mostly from its five summit
craters (Voragine, hereafter referred to as VOR; Bocca Nuova Crater, BNC; Northeast Crater, NEC; Southeast
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Figure 1. Digital elevation model of Mount Etna with location of the seismic, acoustic, and tiltmeter stations (belonging
to wider networks) used in this work and of the Doppler radar called VOLDORAD 2B. The yellow circles indicate the
stations destroyed during the paroxysmal episodes of 28 February and 11 November 2013. (top right inset) Blowup of
the summit area with the location of the five summit craters (VOR, Voragine; BNC, Bocca Nuova Crater; NEC, Northeast
Crater; SEC, Southeast Crater; NSEC, New Southeast Crater) and of the vents active during July–August 2014.

Crater, SEC; and New Southeast Crater, NSEC; see inset in Figure 1), and with its dense multiparametric net-
works, is an ideal site to test such tools. In particular, the monitoring networks have been much improved
during the last 10 years [e.g., Bruno et al., 2012; Patanè et al., 2013]. Moreover, from 2011 to 2016, ∼50 lava
fountains occurred at NSEC and VOR, and several Strombolian activity episodes took place at VOR, BNC, and
NSEC [e.g., Behncke et al., 2014; Cannata et al., 2015; Spampinato et al., 2015]. In addition, during 2014 two
long-lasting eruptions took place at NSEC and at a fissure opened on the lower eastern flank of NEC [De Beni
et al., 2015]. In our analysis, we focused on the volcanic activity during 2011–2015.

2. Volcanological Framework

Eruptive activity of Mount Etna ranges from persistent activity at the summit craters, mainly characterized
by phases of degassing alternating with explosive and effusive activities, to periodic eruptions from fissures
opened on its flanks. In particular, the period 2011–2015 showed both kinds of activity. A plot of the activity
of Mount Etna during 2011–2015 is shown in Figure 2a. The most active summit crater was NSEC, where the
main activity consisted of lava fountaining episodes, lasting from a few days to a few hours and culminating
with voluminous tephra emission and emplacement of lava flows [e.g., Behncke et al., 2014; Viccaro et al., 2014].

After 17 months of degassing and very minor explosive activity that began following the end of the
2008–2009 eruption [Andronico et al., 2013], the magmatic activity gradually resumed during the very first
days of January 2011. In particular, an eruptive phase started and lasted until April 2012, comprising 25
episodes of lava fountaining at NSEC, as well as Strombolian activity and intracrater lava flow emissions at
BNC [e.g., Behncke et al., 2014]. During 2013, two phases of explosive activity can be recognized: 13 lava foun-
tains at NSEC, as well as a series of short episodes of Strombolian activity at BNC and VOR, took place from
January to April; from September to December six more lava fountains, and several episodes of Strombolian
and effusive activity, occurred at NSEC [De Beni et al., 2015]. From mid-December 2013 to the end of 2014, the
lava fountaining was succeeded by longer and milder activity. Indeed, on 21 January 2014 weak Strombolian
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Figure 2. (a) State of Mount Etna during 2011–2015. (b) Seismic RMS amplitudes time series, calculated as the stack of the RMS time series of the vertical
component of the seismic signals recorded by 19 stations and filtered in the band 0.5–5.5 Hz. (c) Depth of volcanic tremor source centroid. (d) Number of
distances of spatially clustered infrasonic events. (e) Signal obtained by the Doppler radar VOLDORAD 2B. (f ) Feature signal obtained from the recordings of
CBD tiltmeter.

activity and lava effusion started at NSEC and lasted up to 6–7 April [De Beni et al., 2015]. The following erup-
tive episode took place in mid-June and was characterized by intense Strombolian activity and lava emission,
but neither lava fountains nor voluminous tephra emission occurred [De Beni et al., 2015]. On 5 July 2014, an
eruptive fissure opened on the lower eastern flank of NEC, feeding weak Strombolian activity and slow lava
emission that lasted up to 10 August [De Beni et al., 2015]. On 8 August 2014, eruptive activity also resumed at
NSEC, which culminated on 11–14 August with vigorous Strombolian explosions and lava effusion. The last
important eruptive episode of 2014 was a lava fountain, which took place at NSEC on 28 December [Gambino
et al., 2016]. January and February 2015 were characterized by Strombolian activity at the summit craters: at
VOR during the first days of 2015, at NEC during mid-January, and at NSEC at the end of January to beginning
of February. From 12 to 16 May 2015, a new episode of Strombolian and effusive activity, which did not cul-
minate in a lava fountain, was observed at NSEC. Mild explosive activity took place at VOR from October and
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at NSEC from the end of November, climaxing in a series of four lava fountains at the beginning of December
2015. It is worth noting that these fountaining episodes did not occur at NSEC but at VOR, whose previous
fountain episode had been observed more than 15 years before (on 4 September 1999 [Cannata et al., 2008]).

3. Methods

Effective implementation of a ViEWS represents a real challenge for hazard mitigation. Probabilistic analy-
ses are currently becoming an increasingly popular component of volcanic monitoring [e.g., Marzocchi and
Bebbington, 2012; Cassisi et al., 2016]. The use of such tools in real-time volcano surveillance could be helpful
for decision-making processes aimed at reducing volcano risk. To deal with probabilistic reasoning for volcano
monitoring, we adopted a model based on BNs.

3.1. Monitoring Data
In order to assess the state of Mount Etna for the period from 1 January 2011 to 31 December 2015, we decided
to use five parameters: (i) average root-mean-square of seismic amplitudes (RMS amplitudes); (ii) depth of
volcanic tremor source centroids; (iii) rate of infrasonic events, spatially clustered; (iv) Doppler radar signal;
and (v) tilt signal (Figures 2b–2f, respectively). We chose these data types because they are available in real
time and at sufficient frequency for early warning purposes. All these data are usually sensitive to volcanic
activity at Mount Etna [e.g., Cannata et al., 2013; D’Agostino et al., 2013; Di Lieto et al., 2007; Di Grazia et al., 2006;
Dubosclard et al., 2003; Ferro et al., 2011].

RMS amplitudes were calculated in place of the well-known Real-time Seismic Amplitude Measurement
(RSAM) [Endo and Murray, 1991], since such a parameter has been routinely used for many years at Istituto
Nazionale di Geofisica e Vulcanologia (INGV), Osservatorio Etneo, for real-time monitoring [e.g., Cannata et al.,
2013; D’Agostino et al., 2013]. In any case, the meaning of RMS amplitudes is very similar to the RSAM. The
seismic RMS amplitudes were calculated on the vertical component of the signal within 10 min long time win-
dows, recorded by 19 stations belonging to the permanent seismic network (see Figure 1) and filtered in the
band 0.5–5.5 Hz (Figure 2b). The stations are equipped with broadband (40 s cutoff period), three-component
Trillium seismometer (Nanometrics™) and acquire data in real time at a sampling rate of 100 Hz. It is worth
noting that two of these stations (EBEL and ETFI; see yellow circles in Figure 1) were destroyed during the
paroxysmal episodes of 28 February and 11 November 2013. Since at Mount Etna volcanic tremor is a con-
tinuous signal whose energy is generally concentrated in the band 0.5–5.5 Hz [Chouet, 1996], the variations
over time of the seismic RMS amplitudes mainly depend on the changes of the volcanic tremor amplitude. In
order to reduce the dimensionality of the model, we considered only one time series of RMS amplitudes char-
acterizing the whole volcano. In particular, the seismic RMS amplitudes used as input to the BN was obtained
by averaging the normalized RMS time series calculated for each station, as shown in equation (1):

Tremor (t) = 1
n

n∑
i=1

RMSi(t) − 𝜇t

{
RMSi

}
𝜎t

{
RMSi

} (1)

where i refers to the n seismic stations, 𝜇t represents the median operator over 2 years previous the time t,
and 𝜎t represents the interquartile range over the same period. We avoided the nonrobust statistics mean and
standard deviation to discard possible biases due to outliers [Hampel et al., 1986].

The second parameter, depth of volcanic tremor source centroids, is obtained by a grid search method based
on spatial seismic amplitude distribution, assuming propagation in a homogeneous medium, within 30 min
long time windows. The use of relatively long time windows is necessary to reduce the effects of transient
events (such as long period events, volcanotectonic earthquakes, and regional earthquakes) on the volcanic
tremor locations (for details on the method, see Cannata et al. [2013]).

In order to make this time series comparable to the RMS amplitudes, the time series of volcanic tremor source
depth was resampled at 10 min (Figure 2c) by using a zero-order-hold sampling. Thus, the first two parameters
describe the features of the volcanic tremor in terms of amplitude and source locations, changes which reflect
variations in the state of the volcano. Indeed, the more intense the explosive activity gets, the higher the
tremor amplitude becomes [e.g., Cassisi et al., 2016]. Moreover, the eruptive activity is generally accompanied
by the shallowing of the volcanic tremor source [e.g., Viccaro et al., 2014].

The third parameter was obtained by locating about 160,000 infrasonic events, recorded by the permanent
infrasonic network (Figure 1) and detected during 2011–2015. The detection and location techniques are
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explained in detail in Cannata et al. [2013]. In particular, once the events were located, we extracted the loca-
tions within sliding 60 min time windows (a relatively long window duration was chosen to make the time
series more stable) and calculated the distances between all the event pairs. The infrasonic feature used as
input to the BN was the number of events located mutually closer than 0.5 km during the last hour which
can be considered as an index of the degree of events temporal and spatial clusterization. It has been shown,
especially during Strombolian activity, that the rate of spatially and temporally clustered infrasonic events on
the explosive vent increases [e.g., Montalto et al., 2010]. In order to synchronize all the signals, every 10 min,
the locations of the infrasonic events that took place in the previous 60 min long window were analyzed as
explained above, obtaining the time series of the infrasonic feature shown in Figure 2d.

The Doppler radar signal is obtained as the total radar echo backscattered by particles in the atmosphere
crossing the beam of the 1.274 GHz Doppler radar, called VOLDORAD 2B and installed in the upper south-
ern flank of the volcano (Figure 1). This signal, estimated within 10 min long time windows, is dominated by
reflections from particles, and hence it is sensitive to the formation of eruptive columns and can be used to
detect abundant pyroclastic particles in atmosphere crossing the radar beam [Donnadieu et al., 2016]. In par-
ticular, periods of intense explosive activity producing abundant ash are characterized by sharp increases in
the considered time series [Donnadieu et al., 2016]. Before being supplied to the BN, the backscattered power
data coming from the radar, after having been filtered for the long-term median, were processed through the
mapping function y = 2(1 − e−x) with the dual purpose of simultaneously normalizing the distribution and
saturating the high (exponential) values typical of periods of abundant ash emission (Figure 2e).

Finally, the tilt signal is obtained using the data recorded by tiltmeter station, named CDB (Figure 1), installed
at 10 m depth and equipped with a high resolution (<0.005 μrad) AGI LILY Tiltmeter [Ferro et al., 2011]. It has
recently been shown that the tilt signals are very sensitive to the eruptive activity at Mount Etna; indeed,
the lava fountain episodes from the summit craters are generally accompanied by slight deflation phenom-
ena evident from the tilt signals recorded by the tiltmeters on the volcano flanks [e.g., Gambino et al., 2014].
In addition, tiltmeters have excelled at detecting rapid and sharp ground deformations such as those recorded
during intrusions and eruptive fissure propagation [e.g., Ferro et al., 2011; Gambino et al., 2016]. The CBD
tiltmeter was chosen because of both the sensitivity to eruptive activity and the few and short intervals of
missing recordings. The raw tilt data are affected by different noise sources (e.g., temperature, Earth tides, local
earthquakes, and teleseisms) that make the tilt time series nonstationary with a large degree of noise cen-
tered in low frequencies. To overcome this problem, we focused on the high-frequency content of the signal
and used the time series of tilt amplitude derivative (at a sample period of 10 min) as input to the model
(Figure 2f ).

Overall, the parameters related to volcanic tremor, infrasonic events, and ground deformation are sensitive
to explosive activity, while the radar signal is sensitive to the development of sustained ash-rich eruption
column. Since the radar signal and infrasound are not affected by pure effusive activity, and because lava
effusion during the considered period was always accompanied by explosive activity with different intensities,
we avoided modeling a state of pure effusive activity and included it in the eruption states.

Regarding the time series of volcanic explosive activity, the state of the volcano was continuously categorized
in one of the three different conditions: (1) quiet (Q): indicating no relevant activity or unknown activity, (2)
Strombolian (S): indicating a mildly explosive Strombolian activity; and (3) paroxysm (P): indicating a paroxys-
mal energetic activity, i.e., lava fountains in our case of study. Often, the onset of fountaining is accompanied
by the generation of voluminous tephra emission.

3.2. Bayesian Networks
A BN is a graphical model that encodes probabilistic relationships among variables of interest [Cooper, 1990;
Heckerman et al., 1995]. BNs are usually used to represent the probabilistic relationships between causes
and effects by means of directed acyclic graphs (DAGs). Given the effects (i.e., in our case measurements of
some physical parameters), a BN can be used to compute the probabilities of the presence of various causes
(diagnostic reasoning). Formally, BNs are DAGs whose nodes represent random variables in the Bayesian
sense: they may be observable quantities, latent variables, unknown parameters, or hypotheses. The struc-
ture, or topology, of the network captures qualitative relationships between variables. In particular, two nodes
should be connected directly if one affects or causes the other, with the arc indicating the direction of the
effect. Formally, arcs represent conditional dependencies: nodes that are not connected represent variables
that are conditionally independent of each other.
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Figure 3. Scheme of the complete decision network based on
linear conditional Gaussian BN. Circles represent discrete variables,
double circle represents continuous variables, and the rectangle
and the diamond represent the decision (discrete) and the utility
nodes, respectively. For each node the size of parameter matrix to
be estimated is shown. In particular, the Volcano State node (VS) is
described with the probabilities of the three volcano states (i.e., Q,
S, and P);"" the Hidden State node (HS) can assume the same three
volcano states, and it conditionally depends on the state of VS
(thus having a ""CPT matrix of 3 × 3); the Measurements node is
defined with two Gaussian parameters (i.e., mean standard
deviation) for each of the N kinds of measurements in each of the
two consecutive time steps and for each combination of the
node parents’ states (thus having a parameter matrix size of
2N × 3 × 3 × 2); the Warning State decision node (WS) can assume
one of the three defined volcano states; and the Utility node
defines the utility for each decision in WS given the VS distribution
(thus, it consists of a weighting matrix of size 3 × 3). Directed arcs
represent direct causal connection between the variables (e.g., the
actual volcanic state influences the measurements).

Each node is associated with a probability
function that takes, as input, a particular set
of values for the node’s parent variables and
gives (as output) the probability (or probabil-
ity distribution, if applicable) of the variable
represented by the node. There are efficient
algorithms that perform inference and learn-
ing in BNs [Neapolitan, 2003]. BNs that model
temporal sequences of variables are usually
referred to as dynamic BNs. An interesting fea-
ture of BNs is that they can even deal with
partial information such as missing data or
hidden (not measured) variables [Elidan and
Friedman, 2005].

Models based on BNs are interesting because
they provide an interpretable view of depen-
dence and independence between domain
variables while modeling complex statistical
relationships among them and supplying
forecasts of outcomes of interest. Regular
BNs take into account only discrete variables,
and, in order to quantify the parent-child
dependencies, they make use of conditional
probability tables (CPTs) which consist of a
collection of probability distributions over the
child node, one for each different (discrete
and finite in number) parental configura-
tion [Pearl, 2000]. However, in many appli-
cations the considered variables are usually
in the continuous domain. To avoid empiri-
cal discretizations of the monitored volcanic

parameters, we adopted an extension of BNs, namely, linear conditional Gaussian Bayesian network, which
allows nodes with continuous variables with distributions that follow some multivariate Gaussian function
[Lauritzen and Jensen, 2001; Cobb and Shenoy, 2005; Cowell, 2005]. In particular, in such hybrid BNs, the contin-
uous variables are characterized by multivariate normal distributions and the discrete variables do not have
continuous parents.

3.3. Bayesian Network Structure
A BN model is identified by a DAG with associated sets of CPTs and parameters of the continuous conditional
probabilities in case of a linear conditional Gaussian BN model. Although there are many automatic algorithms
to infer the optimal BN structure of variable influences (i.e., the topology of DAG) from data [Heckerman et al.,
1995], we built the topology of the network by capturing qualitative relationships between variables following
a causative reasoning. The proposed model is shown in Figure 3. In the model the Measurements node contains
the measurements at the actual and previous time steps, thus allowing to take into account the dynamic
variations of the signals. In such a scheme, the hidden state represents the mixing weights (or priors) of the
Gaussian components represented by the measurements.

In a diagnostic mode, the network output is a set of estimated probabilities associated with the volcanic state
node given the measurements, i.e., P̂(VSt|MSt,MSt−1), where VSt is a particular state of the volcano at time t
and MSt are the available measurements at time t. To convert these probabilities into a single predicted state
as an output, we modified the network into an influence diagram [Pearl, 2005] by introducing a decision node
(the rectangle in Figure 3) containing the predictable volcanic states (i.e., detection Quiet, Strombolian, and
Paroxysm) and an objective node (the diamond in Figure 3) which is a measure of the prediction utility with
possible actual outcomes [Koller and Milch, 2003]. In fact, each volcanic state prediction has to be weighted
based on the importance/criticality of prediction, e.g., a prediction of paroxysmal activity could be more
important/critical than a prediction of Strombolian activity which in turn could be more important/critical
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Figure 4. Example of model output. The chosen event occurred on July 2011. In light blue the period of Strombolian
activity is shown. In black the period of paroxysmal fountaining is shown. The continuous lines in yellow and red
represent the estimated probabilities, inferred by the model, of Strombolian and paroxymals states, respectively.

than a prediction of no activity. Eventually, the volcanic state prediction of the proposed BN model is the
decision state that maximizes the expected utility calculated as shown in equation (2),

⎡⎢⎢⎣
UQ

US

UP

⎤⎥⎥⎦
= Ω

⎡⎢⎢⎣
pQ

pS

pP

⎤⎥⎥⎦
(2)

where UQ, US, UP , pQ, pS, and pP are the utilities and the probabilities of the volcanic states Q, S, and P,
respectively, and Ω is the matrix of the weights.

3.4. Model Identification
Once the topology of the BN is specified, the next step is to quantify the relationships between connected
nodes by specifying a conditional probability distribution for each node. As we are considering a mixture
of discrete and continuous variables, we have CPTs for discrete nodes and a set of Gaussian parameters for
continuous nodes. The goal of learning in this case is to find the values of the parameters of each CPT and each
set of Gaussian parameters which maximize the likelihood (MLE, maximum likelihood estimation) of a training
data set D. Let M be the parametric BN model with parameters of the probability distribution defined by the
model. We identify the model by finding the parameters 𝜃 that maximize the log likelihood of the parameter
distribution given the model M and the data D, as expressed in equation (3).

�̂�ML = arg max
𝜃

log P (𝜃|M,D) (3)

We used the free Bayes Net Toolbox [Murphy, 2001] in Matlab™ framework (according to the manufacturer,
https://github.com/bayesnet/bnt as of January 2017, it is possible to run most of BNT in the Octave free frame-
work) to estimate and test the model, although other open and free tools can be used for the same aim [e.g.,
McGeachie et al., 2014; Scutari, 2010]. In particular, we trained the network computing the MLE by using the
expectation maximization (EM) algorithm. EM works by starting with a randomly initialized model and then
iteratively refines the model parameters to produce a locally optimal maximum likelihood fit [Dempster et al.,
1977; Heckerman, 1998; Murphy, 2001]. After the BN identification, knowing the volcanic states for the learn-
ing data set, we estimated the utility of the objective node (i.e., Ω in equation (2)) by minimizing, in a least
squares sense, the misfit between the real volcanic states and the predicted ones in the decision node.

4. Results

In order to test the performance of the proposed BN, we compared the time series of the estimated volcanic
state (i.e., the output of the network) with the real volcanic state time series. As an example, in Figure 4 we
show a Strombolian activity followed by a fountaining event from a test set and the relative probabilities in
the node “Volcano State” (see Figure 3) estimated by the trained BN model.
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Table 1. Confusion Matrix for Continuous Estimation of Volcano Statea

Predicted Quiet Predicted Strombolian Predicted Paroxysm

Actual Quiet 0.753 0.023 0.000

Actual Strombolian 0.108 0.110 0.001

Actual Paroxysm 0.000 0.001 0.003
aValues are fractions of the total number of test samples gathered from the cross-validation

analysis, thus 10,512,000 samples (144 ten-minute samples per day × 365 days of the test set
× 200 cross-validation repetitions). It can be read as an estimation of the joint probability
distribution between the model estimated and actual volcanic state.

To make the analysis robust, we cross validated the results by varying the learning and testing data sets with
Monte Carlo subsampling [Molinaro et al., 2005; Efron, 1982; Xu and Liang, 2001]. In particular, the cross val-
idation was carried out by randomly splitting the time series of the 5 years into autoconsistent segments
(i.e., that do not start or end with any ongoing volcanic activity) and considering for learning sets 80% of the
entire segments, leaving the remaining 20% for tests. The cross validation was repeated for 200 simulations.
For each simulation we trained the BN on the learning set and evaluated it on the test set. We evaluated the
model with two different perspectives: first, we evaluated the ability of the model to continuously estimate
the actual state of the volcano; second, we evaluated the ability of the model to detect the beginnings of
paroxysmal events. As a first aim, we computed a confusion matrix for the three defined states in the follow-
ing way: for each Monte Carlo simulation in the cross validation we calculated the confusion matrix for the
test set; then we summed up all the obtained matrices and normalized for the total number of samples. The
obtained confusion matrix for volcanic state estimation is shown in Table 1. At the same time, to evaluate
the ability of the model in tracking the real volcanic state, we calculated the precision, recall, specificity, and
fallout indexes (see Sokolova and Lapalme [2009] for more details) for each state, and the statistics over all test
sets are reported in Table 2.

As a second aim, but even more important for early warning and civil protection purposes, we focused on
the model’s ability to detect the beginnings of paroxysmal events. Indeed, in the last few decades this type
of events, which inject huge amounts of tephra into the atmosphere, has attracted the attention of both civil
protection and the scientific community [e.g., Tilling, 2008; Scollo et al., 2013]. Thus, we used the network
output as a binary classifier (i.e., paroxysm/nonparoxysm) and quantitatively evaluated the results. Also, for
this case, in order to synthesize the model performance, we adopted some standard indexes [Stehman, 1997].
In particular, we calculated the true positive rate, often referred to as sensitivity, which measures the ability
of the model to correctly identify a particular state, and the false discovery rate, often referred to as “false
alarms,” which quantifies the unwanted behavior of the model to detect an event (i.e., a paroxysm), even if it
is not present.

Table 2. Statistics of Performance Indexes Calculated During the Model
Cross Validation on the Test Sets of the Monte Carlo Simulationsa

Quiet Strombolian Paroxysm

Precision 0.92 ± 0.04 0.56 ± 0.22 0.59 ± 0.25

Recall 0.84 ± 0.06 0.66 ± 0.21 0.64 ± 0.27

Specificity 0.69 ± 0.20 0.84 ± 0.06 1.00 ± 0.01

Fallout 0.31 ± 0.20 0.16 ± 0.06 0.00 ± 0.01
aPrecision (or the positive predictive value) measures the agreement

of the actual state in the data with the state given by the model. Recall
(or the true positive rate, or the sensitivity) measures the effectiveness
of the model to detect a particular state. Specificity (or the true nega-
tive rate) measures how well the model avoids (incorrectly) applying
a particular state to actual data of another state. Fallout (or the false
positive/alarm rate) is the complementary of Specificity and measures
the proportion of falsely identified particular state amongst all actual
negatives (lower is better). All the indexes range between 0 and 1.
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Table 3. Perfomance Indices for the Model Used in Paroxysm Detection
Mode and Calculated by Cross Validation

Multistation Seismic Tremor

Performance for Method With Dynamic

Paroxysm Detection BN Model Threshold (Level ≥ 1)

True positive rate (%) 99.16 ± 2.15 100

False discovery rate (%) 23.21 ± 14.62 67

Advance time (min) 32.16 ± 21.40 486

The performance parameters of the warning system for paroxysm detection were calculated on the test sets
of cross validation, thus obtaining a distribution for each performance parameter. Results are reported in
Table 3 and show the good ability of the BN model to detect paroxysmal events (a high sensitivity of 99.16%)
some time in advance (a mean of about half an hour). The drawback is a nonnegligible rate of false discovery
(∼23%) within a time window of 8 h. Analyzing the false alarms in detail, we found that most are actually due
to ambiguous energetic volcanic activity (classified by volcanologists as strong Strombolian activity instead
of paroxysm [e.g., De Beni et al., 2015]) and paroxysmal events that occurred out of the chosen warning time
window (i.e., more than 8 h after the warning signal). In very few cases the false alarms were due to local ener-
getic seismic swarms and regional earthquakes (which increase the seismic RMS amplitudes). Nonetheless,
for volcano warning purposes, a false alarm may be more tolerable than a missed alarm.

To account for uncertainties in the data, we propagated the instrumental uncertainties on the measure-
ments to the probabilities of volcanic state by resampling their nominal distributions. For the identified
model, we estimated the functions of associated uncertainties to probabilities for the different volcanic
states (see Figure 6f ). The uncertainty associated with the probability of paroxysms increases with increasing
probability; conversely, the uncertainty associated to probability of Strombolian activity decreases with
increasing probability.

In order to compare the performance of the proposed system with that obtained from a technique routinely
used at Istituto Nazionale di Geofisica e Vulcanologia, Osservatorio Etneo, we made use of the multistation
alert built on a dynamic threshold calculated on the seismic amplitudes [D’Agostino et al., 2013]. This alert sys-
tem is based on a univariate technique that uses seismic RMS amplitudes to detect an acceleration in volcanic
tremor intensity that is typically a precursor of volcanic activity [e.g., Martinelli, 1997; D’Agostino et al., 2013].

For the considered time period (2011–2015), the performance obtained by such a technique in a real test
case is shown in Table 3. It is worth bearing in mind that despite the good performance shown by complete
success in paroxysm detection and a large leading time, the currently used technique, based only on one
type of signal, suffers from a high percentage of false alarms (67%) for the same kind of paroxysmal activity.
This performance is due to the fact that the technique was originally designed to detect generic energetic
explosive activity, thus including Strombolian activity, which affects volcanic tremor amplitudes. However,
paroxysmal events are almost always preceded by Strombolian activities, but Strombolian activities do not
necessarily lead to paroxysmal activities.

5. Discussion

The main objective of volcano monitoring is the timely assessment of volcanic hazard for eruption fore-
casting and warnings, which are necessary to mitigate volcanic risk. Today, volcano observatories acquire
an increasing number of different parameters (e.g., seismic, geodetic, geochemical, thermal, and video) in
real time, which should help estimate the state of the volcano. However, the lack of models to automatically
synthesize the variegated streaming of real-time data makes their prompt integration by the personnel on
duty in volcanic control rooms difficult (or in many cases even impossible). Furthermore, the tasks of volcano
observatories have become even more complicated owing to requests by civil protection departments for
probabilistic hazard assessments, which take into account the associated uncertainties.

Here we have presented an expert system approach based on BNs to infer automatically the ongoing volcanic
state from all the available kinds of monitored variables. In particular, this model was designed to be sensitive
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Figure 5. (a, b) Activity, (c, d) normalized seismic RMS amplitudes, (e, f ) normalized volcanic tremor depth, (g, h)
normalized number of distances of infrasonic events, (i, j) normalized radar signal, and (k, l) normalized tilt for a
paroxysm and an episode of Strombolian activity at NSEC. The continuous black line and the dashed grey line in
Figures 5a and 5b show the actual activity and the inferred activity by BN model, respectively.

to ash-rich explosive activity (i.e., paroxysms). Indeed, as shown globally by the 2010 Eyjafjallajokull eruption
[Prata and Rose, 2015] and locally by the many lava fountain eruptions produced by Mount Etna during recent
years [De Beni et al., 2015], the monitoring of ash-rich explosive activities is fundamental [e.g., Scollo et al., 2009;
Jenkins et al., 2015].

Results show good performance in recognizing volcanic explosive activities, especially for paroxysmal events,
improving cutting edge single-variable techniques such as the one proposed by D’Agostino et al. [2013], which
adopts a dynamic threshold for volcanic tremor amplitudes to infer the actual volcanic state.

The confusion matrix for the continuous estimation of the current volcanic state (Table 1) shows the high-
est fractions for each activity type in its diagonal, indicating that true positives are the most common result
from the model. However, regarding the Strombolian activity (state S), the BN estimated no activity (state Q),
instead of the correct one, slightly less than half of the total Strombolian activity times (i.e., 0.108∕(0.108 +
0.110 + 0.001) fraction of the total). This is more evident from the poor performance calculated for the
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Strombolian state in Table 2. Such a flaw can be due to the few but long periods of weak Strombolian activity
that is not distinctly reflected in any signal variation. In Figure 5 are two examples of output, and all the corre-
sponding input data, of a BN trained on data from 2013 to 2015, where it is clear that the model has difficulty
in tracking the whole period of Strombolian activity (Figure 5a). However, it is also important to note the
capability of the system to detect the paroxysms (Figure 5b).

In regard to the continuous tracking of paroxysmal activity, results in Table 2 do not show optimal perfor-
mance, except for the high value of specificity (≃ 1.0 for paroxysm) and thus the almost-zero fallout. However,
bearing in mind that specificity measures the proportion of negatives that are correctly identified as such, the
great ability of the model to identify correctly when there is no paroxysmal activity is fictitious as being due
to the short duration of paroxysms compared to the rest of the time. The same reason explains the high value
of precision for Quiet state. On the other hand, the model shows fairly good sensitivity (i.e., recall > 0.6) and
thus does not incorrectly apply that state when the data actually represent a different state.

The weaknesses of the model in continuously tracking the volcanic state are compensated with its good
performance in detecting the onset of paroxysm events when used as binary classifier, as shown in Table 3.

It should be underlined that the great advantage of the proposed model for volcano surveillance based on
BNs is its intrinsic ability to deal simultaneously with different kinds of parameters and then to apply a mul-
tiparametric probabilistic approach. This is particularly important because each of the parameters that are
routinely used for volcano monitoring has bias and can give false and missed alarms. Let us focus here on the
parameters used in the presented method. Volcanic tremor depth and amplitude can be used to detect explo-
sive activity, but it can prove challenging to recognize and classify different types of explosive activity (such
as Strombolian and paroxysmal activity) by using only volcanic tremor [see, e.g., D’Agostino et al., 2013]. Also,
the rate of the infrasonic events cannot be considered a foolproof parameter for volcano monitoring. Indeed,
although its increase is often associated with ongoing explosive activity, it could also be caused by simple
degassing. In fact, infrasonic events at Mount Etna can be generated by simple degassing activity, especially
from NEC and BNC [e.g., Cannata et al., 2015]. Ground deformation measurements using tilt, as well as using
other techniques (such as GPS and strainmeters), are sensitive not only to eruptive activity but also to many
other phenomena such as distant and local earthquakes [e.g., Gambino et al., 2007; Ferro et al., 2011] and
long-term deep magma movements [e.g., Patanè et al., 2013]. For this reason, tilt data by themselves cannot
be regarded as a perfect instrument for volcano monitoring. Finally, the radar signal is only sensitive to explo-
sive activity producing abundant volcanic ash [Donnadieu et al., 2016]. The integration of all of the parameters
overcomes the limitations of using only a single one and allows for the development of a powerful moni-
toring method. Moreover, the BN model can deal with missing data by considering the a priori probability
distributions of the missing parameters during inference [Heckerman et al., 1995; Heckerman, 1997; Elidan and
Friedman, 2005], thus allowing an answer even if there is a partial lack of measurements due to problems with
the instruments in the field.

A further advantage of such a model is the possibility to use it in a deductive approach (from causes to effects).
In this regard, Figure 6 shows the marginal distributions of measured variables with a priori information on the
state of volcano. It is worth noting that the radar signal, due to smallest overlap of the paroxysmal distributions
with all the other ones, seems to be heavily biased toward paroxysmal events. Explosive activity is charac-
terized by a tremor source location depth at about 1 km above sea level. Infrasound and RMS amplitudes of
seismic tremor can strongly constrain the volcano inactivity. In the case of activity, be it Strombolian or parox-
ysm, infrasound and seismic RMS amplitudes can likely assume values with large variances (i.e., their marginal
distributions are not peaked, thus spreading in a wide range of values). This analysis applies only for one
variable marginal distribution but could be extended to higher dimensions revealing possible correlations
between variables.

It is worth mentioning that the model could be expanded to include other volcanic activity types; e.g., the effu-
sive event detection could be successfully implemented by exploiting ground and satellite thermal imagery
as model input [Harris, 2016].

The proposed method is easily transferable to other volcanoes where sufficient historical records of different
data allow to estimate automatically, with an optimization step, the conditional probability parameters of the
DAG. What is really essential for deploying such a model is at least two signals (with only one data type the
model would collapse in a hidden Markov model [Ghahramani, 2001]) generally affected by volcanic activity.
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Figure 6. (a–e) A posteriori marginal distributions of each variable for the different volcanic states (quiet in green,
Strombolian in yellow, and paroxysmal in red). Dashed lines indicate the a posteriori marginal distributions of variables
at one time lag behind. In grey are shown areas that are out of the variable domains. (f ) Estimated functions of
associated uncertainties (on the y axis) versus probabilities for the different volcanic states (Quiet in green, Strombolian
in yellow and Paroxysmal in red).

For volcanoes that do not have the quality or number of monitoring data streams as at Mount Etna, these
parameters need to be partially inferred by algorithms dealing with missing data [Liao and Ji, 2009], integrated
with Bayesian conditional probabilities estimated by experts, and updated online with newly recorded events
[Lim and Cho, 2006; Liu and Liao, 2008]. From the analysis of a posteriori marginal distributions of parameters
used for the presented case study on Mount Etna, we can assert that the most important discriminants to
detect volcanic activity are volcanic tremor and infrasonic data (i.e., the no-activity state has a well-constrained
sharp distribution; see Figure 6), confirming the large scientific literature on these data [e.g., Matoza and Fee,
2014; McNutt et al., 2015, and references therein]. Moreover, radar data represent the most relevant param-
eter to discriminate an energetic activity (i.e., paroxysm) from a weak activity (i.e., Strombolian); indeed, the
paroxysm distribution is sharply separated from the other distributions.

6. Conclusions

The importance of monitoring volcanic activity, especially for paroxysms that usually come with tephra emis-
sions, is crucial not only for hazards to the local population but also for airline traffic. We have proposed a new
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approach in computer-aided volcano monitoring, based on probabilistic graphical models borrowed from
the artificial intelligence field [Cooper, 1990; Russell and Norvig, 2009]. The developed model intrinsically deals
with unavoidable uncertainties and allows, for the first time in the scientific literature, to infer, in real time
and in semiautomated way, the probability distribution of a volcanic state based on multivariate data com-
ing from the monitoring networks. The model has been applied for explosive activity at the well-monitored
volcano Etna and cross validated for the past 5 years. The full evaluation of the true performance of the pro-
posed model by means of cross validation eliminates conscious or subconscious biases due to data, model,
and parameters selection. We have found that the obtained performance is good enough to actively support
a semiautomatic ViEWS. Indeed, one of the strengths of the proposed model is its ability to associate a proba-
bility estimation to the predicted state that can be particularly useful in the frame of a global decision-making
system for supporting civil protection and air traffic control agencies. One weakness is the unavoidable check-
ing by an expert to discard possible false alarms. The use of the model in real-time volcano surveillance is
straightforward and needs minimum resources and computational power.

Due to its generic structure, the proposed expert system can be used at other volcanoes and can include any
other kind of measurement. It can also deal with any a priori information about interactions between the vari-
ables (coded into arcs and conditional distributions in the DAG). Moreover, it can also be tuned to be sensitive
to different kinds of activity. The transferability of the warning method to other volcanoes is constrained to
the availability of a minimum number of data streams generally sensitive to volcanic activity. Theoretically,
the minimum is one data stream, but, practically, redundancy of different types of data allows increasing the
reliability of the system, especially reducing the false alarms (see section 5). It is worth emphasizing that false
alarms can represent a critical point in evaluating a ViEWS [e.g., Moran et al., 2011] since they can lead to signifi-
cant economic losses and undermine the credibility of scientists, as it happened for the 1976 La Soufrière crisis
when, based on scientists’ advice, the local authorities ordered an official evacuation of the 73,000 inhabitants,
only to then decide to return the population after a disagreement between scientists and the establishment
of an international committee [Feuillard et al., 1983; Fiske, 1984]. In this sense, the introduction of a multivari-
ate analysis overcomes this difficulty more than halving the rate of false discovery achieved by D’Agostino et al.
[2013] (see Table 3).
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