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Introduction

In the simulations studies of flow and transfer in porous media like reservoir oil
simulations, hydrogeological environmental transfer or risk assessment for CO2 geological
storage, numerical models are implemented to simulate, understand and predict the transfer
phenomenon. These computer codes can depend on a high number of uncertain input
parameters (geophysical variables, chemical parameters, etc.). Therefore, to provide guidance
to a better understanding of this numerical modelling and in order to reduce the response
uncertainties most efficiently, sensitivity measures of the input importance on the response
variability can be useful (Sobol [9], Saltelli et al. [8]). However, this global sensitivity
analysis (based on Monte Carlo method) requires a large number of numerical model
simulations, which is untractable for time expensive computer codes.

To overcome the problem of huge calculation time in sensitivity analysis, the
computer code can be approximated by a metamodel also called response surface. The
metamodel is built on an acceptable number of simulations of the code and requires a
negligible calculation time. In our environmental transfer problems, the metamodel has to be
efficiently built in the case of a high number of inputs (from 10 to 50 inputs) and with a small
number of simulations available. We focused our research work on the use and the
implementation of Gaussian process metamodel (Sacks et al. [7]) and its use to make the
sensitivity analysis of the code.

Moreover, in the case of flow and transfer studies in porous media, the output of the
numerical simulator is often functional. Indeed, the response of the simulator can be a
function of time or 2D space (for example : spatial concentration of pollutant). A metamodel
cannot be reasonably built to fit the output for each point of the time or space discretization.
To overcome this problem of high dimensional output, a strategy to reduce the dimension of
the output should be found.

Gaussian process metamodel and sensitivity analysis

The Gaussian process metamodel presents several advantages like its interpolating
property or its analytical formulation which, under certain hypothesis, is very useful for
sensitivity analysis. For the mean and the covariance functions which characterize the
Gaussian process metamodel, we respectively choose a polynomial and a generalized
exponential function. The crucial point is then to accurately estimate the hyperparameters of
the covariance function. We propose a methodology combining an estimation procedure with
a double input selection in order to build the Gaussian process metamodel in the case of a
high number of inputs and with a small number of simulations available (Marrel et al. [4]).
All the developed methodology is described. Then, to make the global sensitivity analysis,
the Sobol indices are computed, using the Gaussian process metamodel (Marrel et al. [3],
Oakley and O’Hagan [6]). The methodology and the computation of Sobol indices are
illustrated by their application on the real case of a complex hydrogeological computer code,



simulating radionuclide transport in groundwater. In this first part, only scalar output of
simulators are considered.

Extension to functional output : strategy for reduction of high dimensional
problem

In this case, a functional metamodel has to be defined (Fang et al. [1], Higdon et al.
[2]). As a Gaussian process metamodel cannot be reasonably built to fit each point of the
discretization, we propose a methodology to reduce the high dimension of the functional
output. This methodology combines a decomposition on a wavelet basis, a judicious selection
of the main coefficients of the decomposition and a Gaussian process modelling (Marrel [5]).
Thus, in the case of 2D-spatial output, functional sensitivity indices are computed in order to
obtain maps of Sobol indices. All the proposed methodology and the sensitivity maps are
illustrated on the real case of hydrogeological computer code, previously mentioned.
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