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Seok Hoon Oh, Byung Doo Kwon, Jae Cheol Nam and Duk Kee Lee, 2000, Fast Bayesian Inversion
of Geophysical Data, Journal of the Korean Geoghysical Society, v. 3, n. 3, p. 161-174

ABSTRACT: Bayesian inversion is a stable approach to infer the subsurface structure with the limited data
from geophysical explorations. In geophysical inverse process, due to the finite and discrete characteristics
of field data and modeling process, some uncertainties are inherent and therefore probabilistic approach to
the geophysical inversion is required. Bayesian framework provides theoretical base for the confidency and
uncertainty analysis for the inference. However, most of the Bayesian inversion require the integration process
of high dimension, so massive calculations like a Monte Carlo integration is demanded to solve it. This method,
though, seemed suitable to apply to the geophysical problems which have the characteristics of highly non-linearity,
we are faced to meet the promptness and convenience in field process. In this study, by the Gaussian approximation
for the observed data and a priori information, fast Bayesian inversion scheme is developed and applied to
the model problem with electric well logging and dipole-dipole resistivity data. Each covariance matrices are
induced by geostatistical method and optimization technique resulted in maximum a posteriori information.
Especially a priori information is evaluated by the cross-validation technique. And the uncertainty analysis
was performed to interpret the resistivity structure by simulation of a posteriori covariance matrix.

Key words: Bayesian inversion, geostatistics, a posteriori information

(Seok Hoon Oh, Jae Cheol Nam and Duk Kee Lee, Marine Meteorology and Earthquake Research Laboratory,
Meteorological Research Institute, Dongjak-Gu, Seoul 156-720, Korea: Byung Doo Kwon, Department of
Earth Science Education, Seoul National University, Seoul 151-742, Korea. email: gimul @metri.re.kr)
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response of input model (d). (b) Calculated response for the data-fit alone
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(c) Estimation of the eliminated point with the other sampled points by various Kriging and simulations. (d) The
difference between the true value and estimation provides information of error distribution of observed data.
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Fig. 4. Location of the sample points where the well logging and Schlumberger sounding
simulation are performed, as shown by the arrows. The prefix w indicates the position
of well logging simulations and the cited numbers represent Schlumberger sounding
positions. The unit and scale are same with those of Fig. 1(d).
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Fig. 5. Schlumberger sounding inversion result for the model of Fig. 4. SA(Simulated Annealing) and local least-square
hybrid are jointly applied.
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