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Contexte



Modélisation et calibration = inversion de X

H = Code déterministe boîte noire, souvent coûteux en temps de calcul



Paramètres physiques (observables) : débit, géométrie

Paramètres de calage (codes 1D/2D) : Strickler (résumant le frottement)

=> physiques mais « non-observables / peu intuitifs »

Thèse de S. Fu (2012) / Univ. Paris XI



Erreur de modèle (pratique courante actuelle)



Aside : about identifiability, regularization and « well-posed 
and conditioned » problems in inversion

















Back to the problem : the data point of view



Calibration of a « physical tuning » parameter by 

inversion of a costly nonlinear computer code

From the Ph.D work by S. Fu (2012), supervized by G. Celeux

















Inference via Gibbs algorithm

Use of kriging techniques



Adaptation to code kriging emulation





Application to the Garonne river 

(France) 

3 sections characterized 

by 3 Xk = Strickler roughness coefficients

Reduced to dimension 2 for MASCARET code or dimension 4 for 
TELEMAC code 



Prior elicitation for the Garonne Strickler



Incomplete posterior approximation (TELEMAC example)

Need for :

- testing if the posterior approximation is fine

- adding points to the experimental design if needed

Specific criteria have been 

developed by S. Fu (2012)



A focus on « testing the design »

Non-informative (baseline) prior

Made proper on the compact set defined by :

- the knowledge of the kriging domain

- the « identifiability constraint »

Compact set for the covariance C:



A focus on « improving the design »



Checking for agreement between posterior predictive 

distribution and observed data



Multi-fidelity : inverse calibration / validation ?

« Identifiability » conditions : should be improved ?

Accounting for errors in experimental conditions 
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