i Improving Bayesian Evidential Learning 1D LAEGU100
n S G_HENT imaging (BEL1D) accuracy through
iterative prior resampling (H43F-2039) ¢ LIEGE université
a userté pe ciercher  UNIVERSITY . RS Urban & Environmental
Hadrien MICHEL *?3) (hadrien.michel@uliege.be), Frédéric NGUYEN Y’ and Thomas HERMANS

[ -
(1) University of Liege, Faculty of Applied Sciences, Urban and Environmental Engineering Departement, Liege, Belgium, (2) F.R.S.-FNRS (Fonds E ngl neerl ng
de la Recherche Scientifique), Brussels, Belgium, (3) Ghent University, Faculty of Sciences, Department of Geology, Ghent, Belgium

1. Bayesian Evidential Learning 1D imaging Prior Posterior 2. Iterative prior resampling

Uncertainty appraisal is a key concern to geophysicists when
Imaging the subsurface. This issue is classically handled by
stochastic inversion (costly CPU) or by error propagation
(unrealistic uncertainty).

6) Posterior models Iterative prior resampling (e.g. Cheng et al., 2019) is relatively simple
Parameter)l Parameter)z Parameter q (mpOSt) and may Contribute tO better eStimate the Uncertainty. The algorithm
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Fig. 1: Schematic illustration of BEL1D Fig. 2: lllustration of prior resampling
3. SNMR 4. Results Prior resampling applied to BEL1D:
, _ _ o _ _ ] - Benefits from better correlation between the parameters and
Surface Nuclear Magnetic Resonance (SNMR) benefits from the Prior resampling is applied to a simple 2-layers model (Fig. 4): the data (Fig. 5)
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Fig. 3: Principle of NMR (FID pulse sequence) Fig. 4: Prior resampling results
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