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Abstract

In this study rock physics depth trends and a lithology/fiMidrkov random field are used to
constrain a 2D Bayesian lithology/fluid inversion. Lithgidfluid classes are defined in a lithol-
ogy/porosity/fluid space, and a stochastic relation frahology/porosity/fluids to prestack seismic
data is established. The rock physics depth trends are ewbglporosity depth trends, which also
can be considered as low frequency prior information in #ismsic inversion. The posterior model
is the objective and block Gibbs samplers are used to makesinée about the posterior model. The
inversion algorithm is tested on a real data set from theliN8da, and the classification results are
encouraging. The posterior model is also used to predistreielastic properties, and the results
are compared to predictions from a simpler method. Due taiberete lithology/fluid classes the
estimate of the seismic elastic parameters are piecewigethrand high contrasts are identifiable.
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Introduction

Elastic properties of rocks are strongly influenced by ggickl trends, and by estimating these trends
the uncertainties in the lithology/fluids prediction canrbduced. In this study the AVO classification
and depth trends in (Avseth et al., 2003) are considered jraties setting with a Markov random field
(MRF) as prior model for the lithology/fluids. The full study/presented in (Rimstad and Omre, 2009).

Model

Consider a cross section of a sedimentary layered resewhire the main objective is to classify
lithology/fluids denoted byr which is defined in a lithology/porosity/fluid space. To ceanlithol-
ogy/porosity/fluids and seismic prestack data a stochastitel is defined. The model is a combination
of (Avseth et al., 2003), (Buland and Omre, 2003) and (Ulvm@®07). The lithologies considered are
mixtures of clay and quartz, and the fluids are gas and brieerL, € {SandGas, SandBrine, Shalel,
Shale2}. Shalel and Shale2 have different clay volume.

Estimation of the global likelihood parameterss also an objective. The global likelihood parame-
ters are parameters that do not vary spatially: porosityteend, waveletsw and covariance matrices
Ym, X4. They are denoteet = [\, w, Xy, Xq).

The observations are = [d, o0,,], whered are seismic prestack data aag well data. The well
data is all the information available for the well trace, lbetell log and seismic data. The model is
graphically displayed in Figure 1.

The inversion is solved in a Bayesian framework; hence tiséegpor modep(= | o) is the objective
and can generally be written as

p(r o) = [ pm7|0)dr
~ [ plm | d.7)pir [ o) dr. M
p(m | d, T) = const x /p(d |m,7) p(m | 7w, 7) dm p(7). 2

wherem is the logarithm of the elastic properties: p-wave, s-waw @ensity. Therfr | o] in Expres-
sion 1 can be sampled approximately by sequential simulatist sampler from p(t | o,,) and then
samplerr from p(7 | d, 7). The prior models fo#r andr are assumed to be independent. In Expression
2, p(d | m, ) is the seismic likelihoodp(m | =, ) is the rock physics likelihood ane(r) is a prior
model for the lithology/fluids.

In the lithology/porosity/fluid space the classes are dejgpendent, and the depth trends in the
model are porosity depth trends. Both compaction and catienttrends are included. The porosity
¢(t) is the expected value of the porosity at dep#md it is decomposed and parameterized as in (Ramm
and Bjagrlykke, 1994):

Gsn(t) = Py exp { —aan(t — %)}, (3)
@Y, exp {—ass(t — to)} ift <t

¢58(t) - {(bss(tgs) - "iss(t - tgs) ift > tgs ’ (4)

wheresh indicates shaless indicates sandt is a reference depth is the porosity at depti’, the
cementation initiates at depth,, anda, andx are regression coefficients. The depth to the top of the
reservoir is denotet!. The porosity depth trends are illustrated in Figure 2. #sisumed that there is a
known linear relation between the depth in time and metet.cLée the clay content in Shalel angd

be the clay content in Shale2, and

0 0
A= [¢5h> QZ)SS, Ushy Ossy Rss, tgsa C1, 02] . (5)

The rock physics likelihoogh(m | 7, 7) is constructed from a Hashin-Shtrikman Hertz-Mindlin
model for unconsolidated sand (Avseth et al., 2005), a HaShirikman shale model for shale (Holt
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Figure 1: Stochastic model. The nodes repre- Figure 2: Porosity, ¢, with respect to depth,
sent stochastic variables and the arrows repre- for shale and sand.
sent probability dependencies.

and Fjaer, 2003) and Dvorkin-Nur constant/contact cementeaifor cemented sandstone (Dvorkin and
Nur, 1996). Fluid effects are calculated by Gassmann’siogia (Gassmann, 1951).

The seismic likelihoodb(d | m, ) is based on a linearized weak contrast approximation of the
Zoeppritz equation and is on the form

[d | m, T] = WADm + €d, €q ~ N(Ov Ed)> (6)

whereW is a convolution matrix based on the waveletsis a reflection matrix and is a differential
matrix (Buland and Omre, 2003).

In the prior model for lithology/fluide () is defined as a profile MRF (Ulvmoen, 2007). Hence
the lithology/fluid in the positiortz given all the other lithology/fluidsr _4,. is only dependent on the
neighbors:

(e | T—t2) = D(Tta | Te—1)as Tt 1)as T(z—1)s Ti(a+1))s (7

wherer _,, is & without 7. The MRF provide a natural ordering of lithology/fluids, xample that
brine never is directly above gas.

The model for the global parameters given the well obsewmaty(T | o) is designed such that
each parameters can conditionally be sampled by Gibbs sasnprhe posterior model is obtained by
samplingp(7 | o) andp(x | d, 7) with a MCMC algorithm.

Example

Consider areal North Sea data set. The well log is illustratd-igure 3 and the prestack seismic data is
available at three angles, one of them is illustrated in feigu The well log is at trace 101. In this model
it is assumed that there are no cementation trends, éniselarger than the depth of the reservoir.

The classification results are presented in Figure 4 and #E-prediction look very trustworthy.
Note that the brine have a fairly natural location below tlas.gThe probability maps represent the
uncertainty in the classifications. On the left and right fmary there appear to be some boundary
problems. The posterior model for the porosity depth trgratameters\ is plotted in Figure 5. The
prior models for the porosity depth trends parameters afferam and invisible in the figure, and the
posterior variance are significantly reduced comparedd@ttor model.

In Figure 6 estimates of the seismic elastic parameteradett45 are plotted. Two different models
are used. One is based on (Buland and Omre, 2003), Model Athendther is based on the model
presented in this study where the discrete lithology/fllakses are included, Model B. The norm of
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Figure 3: Well log. From left: porosity, seismic elastic propertiggddithology/fluids. White is SandGas,
light gray is SandBrine, dark gray is Shalel and black is £gal
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Figure 4: Seismic observations and classification results, wellcara01. MAP: maximum a posteriori
estimate, and SandGas, SandBrine, Shalel, Shale2 pribatbits, black is high probability and white
is low.

the variance in Model B is reduced with abdit% compared to Model A. The use of the discrete
lithology/fluid classes and the parameterized porositpdseacts as a filter for the prediction of the
seismic elastic parameters and cause them to have a stegiviisiire and high contrasts. It is crucial
that the rock physics models are as reliable as possibleimtersion, both for the classification and the
prediction of seismic elastic parameters. To get better ditenparameters could be included, but then
overfitting could be a problem.

Conclusions

In this study a stochastic relationship from lithology/psity/fluids to prestack seismic data is estab-
lished. The seismic lithology/fluid inversion is solved irBayesian framework constrained by rock
physics models and a prior profile MRF. The results from thdysare encouraging. It is also shown that
the posterior model can be used to predict seismic elastinpters. The methods are demonstrated on
a reservoir in two dimensions, but the methodology may gésilextended to three dimensions.
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Figure 5: Depth trend parameters. Left: posterior models §ayf,(z), ¢ss(2), black is posterior mean
and dashed black is 95% posterior confidence interval. Rigbsterior models for th&.--components.
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Figure 6: Comparing Method A (left) and Method B (right). Solid blaslttie prediction and the dashed
black is a 0.95 prediction interval.
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