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Operational TEWS play a key role in reducing tsunami impact on coastal populated areas around the world in case of tsunami.
Traditionally, these systems in the North-East Atlantic, the Mediterranean, and connected Seas (NEAM) region have relied in the
implementation of Decision Matrices. The very short arrival times of the tsunami waves from generation to impact in this region
have made it not possible to use real time on the fly simulations to produce more accurate alert levels. In these cases, when time
restriction is so demanding, the alternative to the use of Decision Matrices is to use data sets of precomputed tsunami scenarios.
In this paper, we propose the use of neural networks (NN) to predict the tsunami maximum height and arrival time in the context
of TEWS. The numerical code Tsunami-HySEA, developed by the EDANYA group at the University of Málaga, Spain, has been
used for generating the large set of tsunami simulations required to train the NN model[6, 4].

Tsunami-HySEA implements the 2D nonlinear shallow-water system on lat-lon coordinates:
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where R is the radius; (θ, φ), the longitude and latitude; g, the gravity; h, the thickness of the water layer; H , the bottom depth;
qθ = huθ and qφ = huφ, with uθ and uφ the longitudinal and latitudinal velocities averaged in the normal direction. The Okada
model [9] is used to compute the initial seafloor deformation caused by the earthquake.

Tsunami-HySEA uses a discretization of the nonlinear 2D shallow-water system with a second-order Finite Volume method that
is well-balanced for water at rest on the sphere. The use of lat-lon coordinates introduces an extra difficulty in the design of
the well-balanced method due to the new geometry terms[2]. Tsunami-HySEA is currently being used in the TEWS of several
countries (as Spain, Italy or Chile), and it has been widely tested and benchmarked [6, 7, 8].

Machine Learning (ML) techniques are spreading rapidly and are being used in all fields of research and, in particular, in tsunami
modelling (see for example [1, 10, 11, 3, 5]). In this paper, Multi-Layer Perceptron (MLP) neural networks will be used to forecast
results of tsunami maximum height and arrival time at certain points in Chipiona-Cádiz coast (south-western Spain). First, we
have considered single models and they have produced good results. Then, ensemble techniques have also been considered and
implemented. These ensemble techniques try to combine different single models in order to reduce the variance, obtaining in
many cases better predictions.

In this work, the Horseshoe fault has been chosen as area where the generating earthquake takes place. This means that we are
designing a NN model for tsunamis generated in this area and triggered by this particular fault. The results obtained confirm that
deep learning is a good tool for predicting the maximum height and the arrival time of a tsunami at several points simultaneously.
The NN models generated in the present work provide predictions for maximum height and arrival time for the Horseshoe fault
in the Atlantic with errors smaller than 6 cm for the maximum height and 212 s for the arrival time.
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Figure 1: Maximum height for a simulated event on Horse-
shoe fault. The spatial resolution is 40 meters.

Figure 2: Arrival times splitted by minutes for a simulated
event on the fault. The spatial resolution is 320 meters.
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