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Abstract:
Floods in general affect more people than any other hazard with 1.5 billion people affected in the
last decade of the 20th century. Many recent events (e.g.: Katrina, USA 2005; Xynthia, France
2010) illustrate the complexity of coastal systems and the limits of traditional forecast and early
warning systems and flood risk analysis. Recent scientific progresses now allow properly modeling
coastal flooding events. Such models are nevertheless very expensive in terms of computation
time (multiple hours) which prevents any use for forecast and warning. A widely used method
to approach this type of limitation is to build a reduced model (often called surrogate model or
metamodel), able to provide high precision estimates of the response surface at an acceptable
computation time.
This study was developed in the frame of the ANR RISCOPE project, which studies the development of metamodels for coastal flooding early warning [1]. In the coastal flooding context, the
metamodel should be able to deal with functional inputs associated to time varying maritime
conditions such as the tide and surge. Among all the types of metamodels available (polynomials,
splines, neural networks, etc.), we focus on Kriging (also called Gaussian process model), characterized by its mean and covariance functions [6, 5]. The main advantage of Kriging is its ability
to provide both a prediction of the computer code and the uncertainty attached to this prediction
[3]. Kriging metamodels were originally developed for scalar inputs, however, they can be also
built for functional inputs. To this end, we project each functional input on a functional basis,
and then we use the projection as inputs of the metamodel. In this study we compare results
of metamodels based on B-splines [2] and PCA [4] projection methods, as well as two different
forms to meassure the distance among functional basis within the covariance function: (i) taking
the coefficients of the functional decomposition as independent scalar inputs; and (ii) using an
adapted distance for functional decompositions. We illustrate a procedure for identification of
relevant functional inputs for the metamodel. We further discuss two approaches to tune the
dimension of the projections: i) based on the error of the projection; ii) based on the performance
of the metamodel. Our results show that the approach based on the error of the projection, being
the most widely used in the literature, may lead to unnecessarily large projection dimensions. In
contrast, the approach based on metamodel performance presents the virtue of directly pointing
to the final objective of building a fast and accurate metamodel. All codes were implemented in
R and the metamodel was validated through a case study based on real data gathered at Gâvres
coast in France.
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