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Introduction

* |In time-lapse studies we aim to estimate
pressure and saturation changes

* Changes in dynamic properties can be measured
from well/lab data. The main source of
information are time-lapse seismic data.

Time-lapse seismic data

Dynamic property changes
Inverse problem '




* Inverted data can be used in seismic history
matching to improve the reservoir
description

* The probabilistic approach allows to
qguantify the uncertainty in predicted data



Introduction

* |n pressure-saturation estimation the physical
model is not linear and the dynamic property
changes are not normally distributed.

* Changes in dynamic properties are not
independent of initial rock properties (static
reservoir model)



Bayesian inversion

* We propose a hierarchical Bayesian approach
for the simultaneous estimation of porosity
jointly with pressure and saturation changes
from time-lapse seismic data.
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Bayesian inversion

* We propose a hierarchical Bayesian approach
for the simultaneous estimation of porosity

jointly with pressure and saturation changes
from time-lapse seismic data.

S AS Seismic data, Changes in seismic data

m,Am Elastic properties, Changes in elastic properties
(velocities or impedances)

R Reservoir properties (porosity)

AD Changes in dynamic properties
(saturation and pressure)



Bayesian inversion

* Seismic data S depend on reservoir
properties R through elastic properties m

* We can split the inverse problem into
two sub-problems:

- Mm=g(S) J seismic linearized modeling
. R=1 (m) f rock physics model

R(x,y,2) = 1(9(5(x,Y,2)))



Physical model

Seismic forward model:

» Wavelet convolution

» Linearized Aki-Richards approximation of Zoeppritz equations

Reflection coefficients Seismogram
rPP (9) — h(m’ 9)
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Physical model

Rock physics forward model:

» Granular media models (Hertz-Mindlin contact theory)
» Gassmann’s equations
» Velocity-pressure relations (modified MacBeth eq.)

P-wave velocity versus effective porosity
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* Introduction
* Theory and Inversion workflow

* Application
* Conclusions



Inversion workflow

1. We first estimate

L7 P

Buland and Omre, 2003
Buland and El Ouair, 2006
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Inversion workflow

1. We first estimate

L7 P

Buland and Omre, 2003

. Buland and El Ouair, 2006
2. We then estimate

5 R m | 5 m R 5 R |
D= P PPt

3. Wecombine P(y|x)' and P(w]y)? using
Chapman-Kolmogorov equation

P(wW[X)= | P(w]|y)P(y|x)dy

Grana and Della Rossa , 2010



Inversion workflow
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Inversion workflow

Clay content
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Inversion workflow
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Combined Inverse problem
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Simultaneous Bayesian 4D inversion
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Reservoir property estimation

Using statistical rock physics we estimate the likelihood
R R R
P P

We use non-parametric pdfs and we estimate them using
Kernel Density Estimation (KDE)



Non-parametric pdfs: KDE
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2D application: synthetic model (from Eclipse)
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2D application: synthetic model (from Eclipse)
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* Porosity does not change in time (no compaction
effect).

* Initial pressure and saturation (pre-production)
are known.



2D application: synthetic seismic model

Porosity — reservoir model Near (10°)
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Synthetic seismic surveys: base and repeated

Base survey
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Time-lapse seismic differences

Repeated survey - Base survey
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Rock physics likelihood

Different scenarios:

Pressure decreases — Saturation insitu
Pressure increases — Saturation insitu
Pressure insitu — Water replaced oil
Pressure insitu — Gas replaced oil
Pressure decreases — Water replaced oil
Pressure decreases — Gas replaced oil
Pressure increases — Water replaced oil
Pressure increases — Gas replaced oil



Rock physics likelihood

S-wave velocity change (m/s)

S-wave velocity change (m/s)
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Elastic property changes (relative)

Estimated properties (mean value) 0%
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Reservoir property changes

Qil saturation change

Porosity

Depth (m)
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Point-wise posterior probabilities (examples)

Posterior probability Posterior probability
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Conclusions

* We presented a full Bayesian methodology to
estimate reservoir properties and their
changes from seismic data

* The method allows to assess the uncertainty in
the estimation of reservoir properties

* Inverted data can be used in seismic history
matching to improve the reservoir description
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Physical model

Seismic forward model:

» Wavelet convolution

» Linearized Aki-Richards approximation of Zoeppritz equations

Reflection coefficients Seismogram
rPP (9) — h(m’ 9)
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Physical model

Rock physics forward model:

» Granular media models (Hertz-Mindlin contact theory)
» Gassmann’s equations
» Velocity-pressure relations

P-wave velocity versus effective porosity
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Rock physics model

Log of porosity, saturation, | | Mineral parameters =
: . : Mixing laws
mineralogical fractions, ‘ _ _
F|u|d properties Mineral fraCtionS VO|gt'ReUSS'H|”
Matrix Moduli
Estimated Vp, Vs 1
and Density RP Model
Saturation, Nur, Hertz-Mindlin,

_ _ Kuster-Toksoz,...
I Fluid properties

Batzle Wang 1

Gassmann h MacBeth’s relation h Dry Rock Moduli




MacBeth modified (bulk modulus)

Kdry(p) = © (p—py) ! K0 = Kdry(p = pO)

We assume that K* =1,(¢+0.3C)+ 4,

Porosity
35 , : : 3 0.3
30+
0.25
g 25
= - o2
=
=
S 20
£
= I | 4015
)
15
a
0.1
10F
5 1 i L i :
] 10 20 30 40 50 aLa

Effective pressure (MPa)



Bayesian 3D inversion

Seismic Inverse problem

R



Bayesian 3D inversion

Seismic Inverse problem

ocomee w00

If the prior distribution of m is Gaussian
If the model G is linear

Then the posterior distribution m|S"® is Gaussian

Buland and Omre (2003)



Bayesian 4D inversion

Time-lapse Inverse problem

AS _ Srep _Sbase
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Bayesian 4D inversion

Time-lapse Inverse problem

AS _ Srep _Sbase

rep \
In( "

K | base)
Am = o
(1!

| base
If the prior distribution of Am is Gaussian - s /-

If the model G islinear

AS =G Am+e

In

Then the posterior distribution Am|AS is Gaussian

Buland and EIl Ouair (2006)



Base seismic and time-lapse inversion
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We then compute the relative impedance change as Al = 1 - ["ep/| base



Base seismic and time-lapse inversion (ex.
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