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Exupéry – VFRS – WP3 – Task 2
Automatic Alert Level Estimation using Arti cial Intelligence

Introduction

Task 2 of WP 3 is to provide an automatic alert level (AL) estima-
tion system in order to support (not to replace) the local scientist
in  nding his decision. The key idea is to provide an algorithm
which takes the available observations of the other WPs and
automatically estimates the AL from this observations.

The most promising algorithms for this task are Bayesian Belief
Networks (BBN) because of their

² transparency,

² !exibility,

² probabilistic architecture,

² possibility to incorporate expert knowledge.

Especially the transparency will help local volcanologists to identify
the particular parameter/observation which is mainly responsible
for a possible high, automatically estimated AL.

The probabilistic architecture allows to compute a con dence
measure for the given AL. A high, automatically estimated AL
with either high or low con dence can certainly lead to differe nt
decisions by the human interpreter.

Bayes’ Rule & BBN

Galeras 14 January 1993,
E: Eruption; T: Tornillos
Time unit: One week

² P(TjE) = 1=4 = 25%

² P(E) = 1=52, 1 week per year

² P(T) = 7=1040, 7 weeks in 20 years recording

P(EjT) =
P(TjE)P(E)

P(T)
=

1=4¢1=52
7=1040

= 71%

(Aspinall et al., 2003)
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FIGURE 1: Bayesian Belief Network, (Courtesy W. Aspinall). The ellipses/rectangles are

called nodes and represent the different parameter groups. The arrows called arcs show

the relationship of the different parameters.

BBN Principles

An example of a generic BBN is shown in Fig. 1. A BBN is
composed out of nodes and arcs (ellipses/rectangles and arrows
in Fig. 1) which represent the parameters and their relationship.
Conditional probabilities are attached to each node. E.g. a con-
ditional probability in Fig. 1 is: knowing that magma is ascending
("Magma ascending"=100% True) what is the probability of an
eruption ("Eruption restart?").

Automatization I

So far all developments were carried out manually using the graph-
ical software genie (http://genie.sis.pitt.edu).
In the last year methods were designed to automatically deduce the
the alert level from observations stored in the Exupery data base
seishub (www.seishub.org). The program for estimating the alert
level is based on the C++ graphical decision-theory library smile
(http://genie.sis.pitt.edu).
The connection to the data base on the server and on the client
side is written in Python.
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FIGURE 2: Connection to the database Seishub

On the server side this programs are called mapper (see Fig. 2).
The mapper for the AL provides the following parameters:

+ temperature hotspot

+ SO2 range 3

+ GPS height + con dence for baseline and monitor

- Seismic classes

- InSAR

The "+ " items show already implemented, mappers with a "-" will
be implemented soon.
On the client side a program retrieves the above mentioned param-
eters from the server for the last 14days. An observational node in
the BBN (e.g. deep in!ation) is currently set to True if the cor-
responding parameter is at least once above or below a certain
threshold for the last 14 days.

Automatization II

The resulting alert level is send to the data base as a XML  le. T he
data base veri es it using XML style sheets (see Fig. 2), indexe s and
stores it. The GIS requests the informations from the data base and
displays them (see Fig. 3).

FIGURE 3: Alert level shown in the GIS system

Discussion

The automatic alert level system is designed based on BNNs. One
of the ideas was to actually train the network from observational
data. While this is methodically possible, it can hardly be archived
for alert level estimation of volcanoes:

1.) In order to train a BBN from observational data, the training
data need to be almost complete and contain similar amounts of
the different ALs. To train only quiet periods will result in distorted
probability estimates. Thus, one would need GPS measurements,
seismic classi cation, infrared measurements, satellite me asure-
ments for the same volcano for hundreds of eruptions — this is just
not available.
E.g., Sete Cidaes volcano, Azores part of the Exupéry test-
experiment last erupted 1880. There are no GPS, satellite or
seismological data available from that eruption.

2.) Synthetically generation of the observations is only a solution if
the source process is well understood. This is not the case for most
of the volcanoes. To train models on unknown physics or numerical
artefacts will result in an unreliable model.

Therefor the only solution is the use of expert knowledge. Probabili-
ties and network structure are evaluated by expert elicitation.
An advantage over completely data driven systems is that the knowl-
edge of generations of volcanologists is not lost but is incorporated
and stored in the BBN.

Outlook

In order to incorporate the automatic alert level estimation in the
"Volcano Fast Response System" the preliminary Bayesian network
need to be generalized for different volcanoes. During a  eld s tudy
an already existing Bayesian network of the given type of Volcano
should only be adapted. Both structure and conditional probabilities
of these general Bayesian networks still need to be investigated.
This is the main subject for the next year.

Future developments will cover the incorporation of a java applet for
BBN. It will enable the expert to interactively change the probabilities
in the network based on her/his experience and to see the crucial
parameters which led to a certain alert level.


