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A Bayesian Approach to Geophysical Inverse Problems
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Abstract : This study presents a practical procedure for the Bayesian inversion of geophysical data. We have applied
geostatistical techniques for the acquisition of prior model information, then the Markov Chain Monte Carlo (MCMC)
method was adopted to infer the characteristics of the marginal distributions of model parameters. For the Bayesian
inversion of dipole-dipole array resistivity data, we have used the indicator kriging and simulation techniques to generate
cumulative density functions from Schlumberger array resistivity data and well logging data, and obtained prior
information by cokriging and simulations from covariogram models. The indicator approach makes it possible to
incorporate non-parametric information into the probabilistic density function. We have also adopted the MCMC approach,
based on Gibbs sampling, to examine the characteristics of a posteriori probability density function and the marginal

distribution of each parameter.
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Fig. 1. Flowchart for preparation of prior information through a
geostatistical simulation using Schlumberger array resistivity and
well logging data.
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Metropolis algorithm

* Select initial parameter vector x, Probability(x,. x,)
* lierate as follows: at iteration number k X2
(1) create new trial position x* =x, + Ax ,
where Ax is randomly chosen from #(Ax)
(2) calculate ratio 7= q(x¥*)/g(x,)
(3) accept trial position, i.e. set Xy =x*
if r2 1 or with probability r, if r< 1
otherwise stay put, Xp.; = Xy

& accepted step
* rejected step

Xy

Fig. 2. Metropolis algorithm for MCMC method.
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Fig. 3. Flowchart for the MCMC method by Gibbs sampling
applied to the analysis of the posterior information.
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Fig. 4. Proposed model for this study generated by geostatistical
simulation. (a) Synthetic dipole-dipole resistivity data contaminated
by 10% Gaussian noise for the forward response (V/m) of model
(b). (c) Calculated responses from the inverted resistivity section (d)
by observed data-fit alone. The depth and horizontal distance are in
arbitrary model unit.
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Fig. 5. Block parameterization prepared for resistivity inversion.
Block numbers are displayed for following interpretations.
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Fig. 6. Configuration map showing the location of the well logs and
Schlumberger array resistivity soundings’ in synthetic way. The
prefix w means the position of well logging simulations and the
others are Schlumberger array sounding positions.
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Fig. 8. Simulated resistivity well logging data at position w2 in Fig.
6. The left stripe shows the true resistivity structure and the log in
the middle is generated by five-point averaging with the resistivity
values read at every 0.125 unit. The well log in the right is
simulated by adding correlated Gaussian noise.
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Fig. 9. Schematic process to generate prior information. Schlumberger array sounding and resistivity well logging data are put in covariogram
modeling for a specified threshold for indicator kriging or simulation. Variogram model shows the data are rough from the high nugget value
(Deutsch and Journel, 1992) but they have correlation and sustain a tendency. Then denser estimations contribute to the block CDF making,

because it is impossible to estimate the resistivity of each block directly. So indirect estimation for blocks are made by the method proposed
in previous section,
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Fig. 10. Prior information generated by geostatistical simulation from Schlumberger array and well logging resistivity data. The block numbers
are defined in Fig. 5. The horizontal axes mean resistivity in ohm-m, and the vertical axes present the probability.
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Fig, 11. Evolution of data-fit error as the function of the number of
acceptance for the proposed model in Fig. 4.

H
10000

]
6000

12000

A - )3l - AEF - o)

o o|E E3) AFSERE] BEAo] ul$ FolEo]
dL-S ¢ < Aok 2V Fig 139 Yeht Qe bkl 7o)
ARl BEEE oig B3aAe ] Bo) /A=A Kat
T JeE AL L F Ak ol $E 2 043 A=A
d BARETT AR RE o) AR B3l loks A
£ IuEy ol& FE3P] fEiMe AR BRE Eee
g7 Easithe AL € 5 Ak

Fig. 14 oIS 4] 28] +4€ 2 E59 FELXE
g Br} 47 <lsislr] 93, Al & ke) E HERb)oE
Fikste] A4t AFE =AIS Zlolt). Fig. 49 YA M-L &
Ab vk skl S o), AR F gl Hasla e e
Har},

0.4 0.4 —y 0.4 04—y 0.4
1 2 3 4 5
0.3 03 03 0.3 0.3
0.2 0.2 0.2 0.2 0.2
0.1 0.1 0.1 0.1 0.1
) 0 0 0 0
0 500 0 500 0 500 0 500 0 500
0.4 04 0.4 0.4 0.4 )
6 7 8 9 10
0.3 03 0.3 0.3 0.3
0.2 0.2 02 0.2 0.2
0.1 0.1 0.1 0.1 0.1
0 0 0 0 0
0 500 0 500 0 500 0 500 0 500
0.4 0.4 0.4 047 0.4
1 12 13 14 15
0.3 0.3 0.3 03 0.3
0.2 0.2 0.2 0.2 0.2
01 0.1 0.1 0.1 0.1
0 0 0 0 Q
0 500 0 500 0 500 0 500 0 500
@
1 1 1 1 1
0.5 0.5 0.5 0.5 0.5
1 2 3 4 5
0 0 0 0 0
0 500 0 500 0 500 0 500 0 500
1 1 1 1 1
0.5 05 0.5 0.5 0.5
6 7 8 9 10
0 0 0 0 0
0 500 0 500 © 500 0 500 0 500
1 1 1 1 1
0.5 0.5 0.5 0.5 0.5
11 12 13 14 15
0 0 0 0 0
0 500 0 500 0 500 0 500 0 500

(b)

Fig. 12. (a) Posterior information given by probability density functions. The horizontal axes mean resistivity in ohm-m, and the vertical axes
present the probability. (b) Cumulative Density functions for prior information (bold line) and posterior information (thin line) for upper blocks.
The posterior CDF is concentrated on specific region representing low uncertainties. The block numbers are defined in Fig. 5. The vertical

axes present CDE
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Fig. 13. (a) Posterior information given by probability density funtions. The horizontal axes mean resistivity in ohm-m, and the vertical axes
present the probability. (b) Cumulative Density functions for prior information (bold line) and posterior information (thin line) for lower blocks.
The posterior CDF does not show drastic difference in uncertainties that means low information in observed dipole-dipole array resistivity data
at lower blocks. The block numbers are defined in Fig. 5. The vertical axes present CDF.
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Fig. 14. Some representations from marginal PDF of posterior PDF. (a) Maximum PDF resistivity section. (b) Mean resistivity section of
marginal posterior PDF. (c) True resistivity section plotted to be compared.
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