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Abstract: The next generation of volcano-domain computational tools requires that the huge amount of
information generated by volcanoes and contained into Volcano-Domain Digital Archives (VDDA) is
structured. In order for software agents to carry out inference and reasoning tasks on our behalf, forecasting and
decision-making included, this transformation has to include semantic technologies. In this paper we present a
novel ontology learning approach to build basic volcano-domain ontology models based on a unique artificial
neural network algorithm. This proposal allows domain experts to have a view of the knowledge contained in
and that can be extracted from VDDA. In this study, we apply Self-Organizing Maps to volcano-domain signals
originated by the activity in 2006 of the Volcán de Colima, México. By applying this approach, we have
generated clusters of volcanic activity and were be able to readily identify implicit relationships between
important events with the help of domain experts. In particular, we have created from scratch a taxonomy of
concepts and properties of the studied events, as well as a ontology of the domain. The pre-processing activities,
the volcanic dataset properties, and the particular ontology learning tasks, carried out by a set of software agents
used, are also described. It is important to bear in mind, that converting such as digital archives into semantic
ones is to take much longer if no semi-automatic approaches are taken into account to carry out this enterprise.
That is the importance of this research.
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I.

INTRODUCTION

Active volcanoes all over the world attract the attention of the government and scientists in general [1, 2,
3].Their activity varies in intensity. Volcanic eruptions are, in most cases, one of the deadliest natural disasters
in the world. In the worst case, whole areas are devastated by erupting volcanoes, including communities living
nearby. We analyze volcanic seismology signals from the computational perspective, in particular applying SelfOrganizing Maps (SOM). This kind of artificial neural network features several valuable properties for data
analysis including visualization, clustering, dimensionality reduction, and unsupervised learning. Our approach
deals with this issue in a novel way by combining self-organizing maps and semantic web techniques in order to
produce from scratch tailor made specific-domain ontologies. These ontologies eventually may be used by
software agents for event predicting and decision-making purposes in our behalf.

II.

RELATED WORK

Some mathematical models have been proposed to describe the behavior of processes occurring within
volcanoes. Neural networks and genetic algorithms have been used to classify seismic activity of the Villarica
volcano in Chile [4]. A human expert classified 30 sec interval events and then the results of the learning
algorithm were compared to that of the expert. Three kinds of volcano-seismic signals were found: long-period,
tremor, and energetic tremor signals. An interesting study is described in [5] where wave forms of very-longperiod (VLP) events of the Stromboli volcano in Italy have been explored using SOM. Although exceptions
were found though on the basis that different vents have to with different wave forms, the clusters found reveal
that the most recurrent VLP waveforms are usually generated by the same vent. Volcano and tectonic
earthquake signals from the Anak Krakatau volcano in Indonesia have been studied in [6]. Waveform and
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Fig. 1. Major world plate boundaries and active volcanoes, showing where The Volcán of Colima, yellow circle
in the middle of the image, is located within the Cocos Plate. This plate and other neighbouring ones are part of
the so called Ring of Fire [Courtesy of USGS].
spectrogram properties were considered. Long-period, volcano tectonic, and tremor events were
classified. Recognizing pre-summit eruption epochs was successfully done in [7].Variables depending on
tectonics of the Mount Etna volcano were examined by means of supervised learning algorithms. Identifying
rock falls and volcano-tectonic events were successfully carried out whereas long-period and hybrid events to
rock falls were most difficult to identify in a study of Soufriere Hills volcano signals in Montserrat [8]. They
also found that the supervised algorithm outperforms human experts. A strategy for automatic classification of
seismic signals and volcano-tectonic earthquakes based on a supervised neural network is presented in [9].
Spectrograms and waveforms from Mount Vesuvius in Italy were used. The classifier used here was able to
discriminate between two classes of signals: volcano tectonic (VT) and quarry blasts. The visualization and
clustering capabilities of SOM for assembling surface texture volcanic ash were looked into in [3, 10, 11]. SOM
performs better than conventional statistical classifiers. Several variables were used from Mount Nemrut ash
particles in Turkey. In all of the above studies supervised methods were used, except from [5, 7, 10] in the latter
volcano-seismic signals were not classified but volcanic ashes. By contrast, we have applied unsupervised
learning to carry out our study considering the data visualization, clustering, and dimensionality reduction
properties. Bear in mind that ontology learning is a semi-automatic process comprising a number of tasks,
including extraction [12, 13, 14, 15]. On the other hand, in the context of semantics, an important aspect we are
interested in relates to mapping unstructured data, such as that embedded into volcano-domain digital archives,
into software agent enable knowledge [16,17,18,19].

III.

METHODOLOGY

Volcanoes are associated with tectonic plates (Fig.1). They are then complex, dynamic, nonlinear
systems[20].These systems are the results of several subsystems interacting. Also known as Volcán de Fuego,
this is part of the Colima volcanic complex consisting of two volcanoes, the Nevado de Colima and the Volcán
1
de Fuego. The latter an andesitic 3860m high strato volcano located in the western part of México .To start
with, human experts at RESCO have manually classified more than 4,000 events into six families from the
volcano activity in 2006 [21, 22, 23]: low-frequency (lp), explosion (ve), tremor (tr), hybrid(hy), volcanotectonic (vt), and rockfall (rf) events. The latter include superficial non-volcanic processes such as glacial
events, shore ice movement, landslides, outburst floods, lahars, pyroclastic flows. The wave form was the main
feature taken into account for this first classification. Low-frequency events were the most recurrent kind of
signal registered followed by rockfall, and tremor. After that, we selected only three kinds of events: tremor,
hybrid, and volcano tectonic (Fig. 2). These are important events in pre-eruption phases [24] the very ones we
are interested in. Low-frequency, rockfall, and explosive events are not studied here. In Table 1, an excerpt of a
volcano signal sampling file is presented.

1

19.512oN latitude, 103.617o longitude
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Table 1. Seismic signal database excerpt showing kind of event, station name latitude, longitude, magnitude,
and depth.

(a)
(b)
Fig. 2. Pie charts of the different types of events from the studied dataset. (a) Full dataset. 4000 events have
been previously classified into six families from the activity the Volcán of Colima had in 2006. (b) Selected
subset. Important events in pre-eruption phases, eg tremor, hybrid, and volcano-tectonic, have been selected.
Ontology learning: Our system can be regarded as a set of software tools that helps carrying outontology
learning tasks, i.e., the semi-automatic construction of domain-specific ontologies. Of course, finding
interactions and relationships is a domain-dependent task. In our case, we are exploring related volcano-seismic
signals to create a basic volcano-domain ontology (Fig. 3).
The idea of our approach is simple. It starts with a randomly initialized SOM, then after training becomes
a categorized one. With the help of domain-experts, a first taxonomy can be derived. Finally, an ontology is
produced (Fig.4). It is very important to bear in mind that domain experts are always needed to validate the
ontology components that have been identified, i.e., for this domain we need volcano-domain experts to validate
our findings.
An important initiative has been developed by The Semantic Web for Earth and Environmental
2
Terminology (SWEET). This is publicly available and highly modular with 6000 concepts in 200 separate
ontologies written in OWL, including volcano related concepts. In Table 2, an excerpt of a volcano ontology
taken from SWEET is presented. From this, a taxonomy can then be derived and vice versain a semi-automatic
3
way by means of appropriate ontology software tools, for instance Neon toolkit. In this way, specific ontologies

2

http://sweet.jpl.nasa.gov
http://neon-tookit.org/wiki/Main_Page

3
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Fig. 3. A volcano-tectonic event (above). This kind of activity is an early sign of volcanoes becoming active. A
tremor event (below). These are a good indicator of forthcoming eruptions. Notice that the former is measured
in seconds whereas the latter in minutes.
including instances, concepts, processes, relationships, decision systems and so forth, may be integrated
seamlessly, even translated from English to Spanish for instance, with more general ontologies.
Constructing Ontologies: The obvious source of information for constructing a volcano-domain ontology is the
data contained in the VDDA themselves. Datasets can be regarded as high dimensional vector spaces and can be
represented either in a tabular form or in a mathematical way as follows [25,26]:

(1)
Where {v1, …, vn} are m-dimensional variables, and {s1, …, sm}are n-dimensional samples, ej is the unit
vector and xij is the value of si in vj. For the volcano-domain ontology construction process, it is important to
identify knowledge components and not to start from scratch. A good ontology assures scientists that software
agents can reason properly about the domain knowledge and, for instance, forecast important events and carry
out decision-making tasks on our behalf. Again, it is very important to bear in mind that a domain expert, i.e., a
volcanologist, must be always part of the taxonomy creation team for validating the ontology.
Ontology components: By using SOM we can visualize and assemble, volcano domain ontology components.
The idea behind SOM was the self-organizing nature of the human cerebral cortex and the associative memory.
Self-Organizing Maps can be viewed as a model of unsupervised learning and an adaptive knowledge
representation scheme. They are unsupervised because no training data classification information is
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Table 2. An excerpt of a volcano domain ontology from SWEET. Here the definition of two kind of volcanos is
shown, ie Central Volcano and Strato Volcano.

explicitly used during training. Adaptive means that at each iteration a unique sample is taken into account to
update the weight vector of a neighbourhood of neurons [27]. Adaptation of the model vectors take place
according to the following equation:
(2)
Where t ∈ N is the discrete time coordinate, mi∈ℜn is a node, and hci(t) is a neighbourhood function. The
latter has a central role as it acts as a smoothing kernel defined over the lattice points and defines the stiffness of
the surface to be fitted to the data points. This function may be constant for all the cells in the neighbourhood
and zero elsewhere. A common neighbourhood kernel that describes a natural mapping and that is used for this
purpose can be written in terms of the Gaussian function:

(3)
Where rc,ri ∈ℜ2 are the locations of the winner and a neighbouring node on the grid, (t) is the learning rate
(0≤(t)≤ 1) and (t) is the width of the kernel. Both (t) and (t) decrease monotonically.

IV.

RESULTS

In this section, the results of the experiments we have carried out are presented. Three stages have been
clearly identified regarding volcanic activity [28,29,30,31]: 1) preliminary seismic activity stage 2)period from
the first to the largest explosion stage, and 3) post-explosion activity stage. For our study we have used data
from the second stage. From the bulk of data, including long-period, rockfall, explosion as mentioned, only
three kinds of events have been selected, namely hybrid, volcano-tectonic, and tremor. The latter occur during
erupting stages but also before erupting activity. In particular, coda (duration of the event in secs), magnitude
(Mb), apparent velocity (m/s), and longitude and latitude, of prior eruption events were used (cf. Table 1). In
Fig. 3 a couple of this kind of events is presented
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(a)

(b)

(c)
(d)
Fig. 4. Our approach: from a randomly initialized SOM to a machine-readable OWL ontology. (a) Initial map
showing learning chaos (b) Trained one, clusters have emerged (c) Basic taxonomy derived (d) Machinereadable code produced. Images (c,d) SWEET generated ontology.
.
A. What we are looking for
Active volcanoes produce a great variety of seismic signals. Almost every volcanic eruption is preceded
by an important quake activity, either beneath or near the volcano. A brief definition of the three kinds of events
studied here is given as follows [31, 32, 33, 34].
Volcano-tectonic: VT events are usually the result of pressure from magma cracking solid rock. Also known as
high-frequency and type-A events. VT seismograms look just like typical earthquake seismograms. VT activity
is an early sign of volcanoes becoming active. These are generated 1-20kmdown the volcano. They occur in
swarms and generally have a 1-5Hz frequency, a 0-2.2Mb magnitude, an apparent velocity 0-50m/s, and a
duration of days to years.
Tremor: Sudden changes in pressure within magma filled cracks and channels cause this kind of events. These
are long duration low frequency surface wave occurrences. These are a good indicator of forthcoming eruptions.
Volcanic tremors have an irregular sinusoid form compared with earthquakes of the same magnitude. They have
a 0.5-3.0Hz frequency, and a duration of minutes to months.
Hybrid: Volcanoes produce a variety of pre-eruptive seismic signals. VT activity sometimes generates tremors
and vice versa. This kind of seismic signal contains a mixture of VT and tremor data. Hybrid activity comprises
a class of signals usually having high-frequency onsets followed by low-frequency events. This kind of event
has a 1.5-4.5Hz frequency, a magnitude 0-2.5Mb, an apparent velocity 0-100m/s, and a duration of hours to
weeks.
With the help of domain experts, we have established that the emerging clusters correspond to the studied
three kind of events. We elaborate about this in the following subsection.
B. What we have found
Browsing the SOM gives us a clear idea and helps us understand what the domain is all about. Volcano
domain ontology components can then be visualized clustered together from the knowledge maps created. As
we have mentioned, after a training process, a randomly initialized SOM becomes a categorized one. Then a
first taxonomy has been derived. Finally, an ontology has been produced. Taxonomy and ontology creation
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always with the help of domain-experts to properly define the ideas that we have about the things that are part of
the working context, concepts, and the correspondences between specific-domain concepts, i.e., relationships.
Table 3. An excerpt of the volcano ontology produced in Neon-toolkit as a result of our study showing a couple
of concepts and a relationship between them, ie Volcanoes produce Earthquakes.

SOM Training: After the maps are trained through repeated presentations of all the samples in the collection,
clusters of volcano-domain ontology components can be readily identified from the map. For instance, a yellow
group (above) that clusters tremor events, a blue one that gathers volcano-tectonic events (middle), and a grey
group that clusters hybrid events (below). However, some other new clusters have emerged, clusters in black,
green, and brown as can be seen from Fig. 5. These ones we have to further study. Then a labelling phase is
carried out. Neighbouring nodes that contain the same winning elements merge to form concept regions. The
resulting maps represent areas where neighbouring elements are similar to each other. The software interface we
have created allows us to relate information from the samples in such a way that each node has a feature that
relates to its corresponding sub features. Visualizing features and sub features of the maps help us understand
the clusters that have been formed.
Taxonomy creation: Creating a first taxonomy allows us to establish a basic model of the domain. This model
must be refined by means of a cooperative work between ontology engineers and domain experts. For instance,
the concepts explosive and tremor are a kind of earthquake, both are produced by volcanoes. This can be
expressed as a basic taxonomy as shown in Fig.6. Some other kinds of volcano-earthquake exist. Regarding
volcano-earthquake properties, it can also be seen that depth, duration, frequency, magnitude, and velocity have
been considered. These allow us to characterize volcano-earthquake events. From these taxonomies, basic
inference tasks can be carried out. For instance, a tremor is-a volcano-earthquake type, frequency is-a volcanoearthquake property, and caldera is-a volcano type. Furthermore, some taxonomies of relationships have also
been produced. For instance, establishing that a tremor has a duration, once we have defined tremor and
duration, a relationship that connects both concepts must be used, i.e., has Duration. Compare to the
relationship produces in Table 3 connecting type of volcano and type of volcano earthquake.
Ontology production: Organizing this knowledge for latter embedding it back into digital archives, where it
was extracted from, by means of OWL with the purpose of being shared with and used by software agents is
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ultimately what we want to achieve. In other words, in a semantic context, once these clusters have been
organized into machine-readable knowledge, problem-solver software agents [19, 34, 35, 36, 37] may use them

Fig. 5. Trained SOM: tremors (yellow), VT (blue), and hybrid (grey). Notice that some other new clusters have
emerged.

(a)
(b)
Fig. 6. First taxonomies derived after applying SOM and with the help of domain experts. (a) A volcanic
earthquake taxonomy. (b) The corresponding property taxonomy.
For inferring new data from the domain and carrying out reasoning task on our behalf. Both taxonomies, created
in the foregoing step, have been used to create OWL code. Concepts and relationships have been stated in such a
way that, they seamlessly fit together and are ontology-ready to be populated. For instance, as can be seen from
4
Table 3, a type of volcano (domain) produces a type of volcanic earthquake (range) . It also defines that a type-a
volcanic-earthquake is equivalent to a high-frequency one.
For our study we have used data from a second stage, that spanning from the first to the largest
explosion, from a typical volcano activity period at Volcán of Colima, with the purpose of building one basic
specific-domain event-predicting open-linked-data software-agent-ready ontology [19, 35]. Some assumptions
from our study as a computer scientist group are as follow.

V.

CONCLUSION

A number of computational architectures and resources have been set up all around the world to monitor,
forecast, and alert people regarding volcano activity. A volcano is a vent in the crust of earth from which melted
rock, gas, steam and ash, from inside earth, sometimes burst. Explosion sequences are common hazards at many
volcanoes. Statistical analyses of such sequences form the basis of forecasting models and reveal underlying
4

Here, domain and range must be regarded in a mathematical sense. Domain not to be confounded with the
domain of the study, i.e., volcano-domain.
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processes. However, no single statistical model describes what is going on exactly in there. Artificial learning
techniques, such as the one described in this paper, may help in carrying out ontology learning, in particular,
extraction. In this paper we have presented a novel approach that generates clusters of volcanic activity and
readily help us create from scratch basic volcano-domain ontologies. Background knowledge is very important.
Although we are using unsupervised learning, domain experts, i.e., volcanologists, must validate our
findings in order to create a good ontology. Volcano-domain experts are always needed to assure the quality of
the ontology created.
In the first stage of our research, we have focused on applying artificial learning to VDDA to create a
volcano-domain ontology. In further stages of it, we are to populate the ontologies created as well as analyze
some more specific families of volcanic seismic signals, in particular extrusions and tremor families, as well as
the ones emerging from our study. The creation of event signatures for real-time event detection as well as
event-labeling are considered as future work, as well as mobile alert software application development. Finally,
this study is a valuable resource and a step forward towards open-linked data domain-specific semantic
applications, being the first of its kind put in for volcano-domain prediction tasks.
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