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Outline

o Research motivation

o Karhunen-Loeve (K-L) Expansion or Principal Component
Analysis (PCA)

o Limitations of existing methods
o Optimization-based PCA (O-PCA)
o Application of O-PCA to history matching using AD-GPRS

o Conclusions and future work
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History Matching Problem

N-1
>
n=0

matches production and honors prior information about

o Idea is to find a geological model y such that prediction
geological model (regularization)



T
Challenges in History Matching

o Real models can have millions of gridblocks

o Updating permeabilities for all blocks independently is
expensive and may not maintain geology

o Useful to have algorithms that represent reservoir model as
y(§) and maintain geology

o Now write history matching problem as:

( N-1 )
miniS = > (i, — dim(@)?
. n=0 y

y (&) implicitly honors regularization




I
Types of Geological Systems

Tidal and bars

(Caers, 2011)

Carbonate reefs

e e |

o Goal is to determine parameterization y(&) for such systems




Previous Work

a PCA: Oliver (1996), Sarma et al. (2006)

>

Linear representation: y=®¢+y

o KPCA: Sarma et al. (2008), Ma and Zabaras (2011): perform
PCA in high-dimensional feature space

>

>

>

KPCA can generate more “channelized” realizations but

Pre-image problem is strongly nonlinear, nonconvex

Resulting histograms may not honor geology




Constructing PCA Representation (1)

o Run Gaussian or training-image based geostatistical
algorithms (SGeMS, GSLIB) to create a set of N realizations
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T
Constructing PCA Representation (2)

o Construct: X = [y, y2, ..., Yn]
1
o Conceptually, define covariance matrix as: € = NXXT

o Eigen-decomposition of C to give: UAUT =C (in
practice use SVD of X)

o K-L (PCA) representation

1/2 —
Ynew — Ur/lr/ $+Yy

= ®,.$+ Y (r<<N B oK




____________________________
Application of PCA: Gaussian Fields (1)

SGeMS realizations PCA realizations: y, ., =P, ¢+ y




Application of PCA: Gaussian Fields (2)
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Application of PCA: non-Gaussian Fields
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a Direct use of PCA leads to inconsistency for non-Gaussian

models




Modified PCA Procedure

a PCA is simple and linear but gives Gaussian-looking
models and histograms

o Goal: modify PCA procedure to better represent complex
geology
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Optimization-based PCA (O-PCA)

o Standard PCA: y,w = U,./l,l./ E 4 y

a Formulate PCA as an optimization problem:

UAE+y o |

YVnew = argmin {‘
YA

a Apply regularization + bound constraints z € [0,1]:

2
U,AY%E +75 - zH2 +AzT(1 - z)}

Ynew = argmin {|
YA

o Separable quadratic optimization problem (convex, unique,
analytical solution for y,,.,, and dy/d¢)!




T
O-PCA Characteristics

o Define a = U,ﬂAi/Zf +7y. Now minimize:

f(2) =lla—z| +1z"(1 - 2)};

= (1-A)z'z—2{a — 1/2}z + constant
(z €0,1)])

o Term depending on z:
g(z) = 2(1 — )22 — 2(a; — 4/2)z;
i=1

Zj (S [O, 1]

o Separable quadratic optimization problem (convex, unique,
analytical solution for y,,., and dy/d¢)!
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O-PCA for a non-Stationary Model
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Training image
(Honarkhah and Caers, 2011)
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I
O-PCA Results for a non-Stationary Model (1)

o 40,000 gridblock SGeMS realizations
o Represented using only 70 components of vector &
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O-PCA Results for a non-Stationary Model (2)
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20

Hard Data

30 40

o Hard data is honored by O-PCA



O-PCA Analytical Gradient

o Need dS/dé& for history matching
k=axexp(b=xy)

. dSs /dSydkydy
a Construct using: 4% "\ ke AT f o.PCA
/v rom V-

from simulator

o O-PCA givesdy/dé§ analytically:

2y;(1-y;)

05;  wi+2y;+n;—2y; — iy +2y:(A—1)

ay;

Ui, n; = Lagrange multipliers
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Differentiability of O-PCA Representation

Current realization




Application of O-PCA to a HM Problem

a Black-oil formulation with AD-GPRS
a N, =60, Ny,=60; /=30 components
o 4 water injectors at 1,000 m3/d 4
o 12 producers, BHP control at 150 bar =
a k., =2,000md, k=20 md )

o Using injection pressures and
production rates for history matching

- Producer

. . [] [] I - t

o SGeMS realizations conditioned to hard mector
data at wells SGeMS realization

a Using off-the-shelf LBFGS optimizer
(not tuned)
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Results of O-PCA History Matching
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—
Results of O-PCA History Matching

Injection BHP’s
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e
Results of O-PCA History Matching

Water Rates
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e
Results of O-PCA History Matching

Oil Rates
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e
Results of O-PCA History Matching

Field Water Rate, m3/d
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for Another Initial Guess

Field Water Rate, m3/d
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Conclusions

o Introduced optimization-based PCA (O-PCA) to address
limitations of standard PCA

o O-PCA representation honors hard data and is
continuously differentiable

o O-PCA provides realistic realizations and can be solved
analytically

o Results from history matching show O-PCA capabilities




