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Abstract

Geostatistical realizations are often built at an arbitrary scale
based on available data and computational resources. In
certain settings, it may be necessary to downscale the
realizations for flow simulation and local resource assessment.
This is especially important in the Athabasca Oilsands where
accurate flow simulation often requires numerical models with
a very fine grid size. Flow simulation is undertaken for
selected areas and realizations. It is intractable to construct
the original geostatistical models at the fine scale. It is
desirable to construct finer scale models that reproduce the
original realizations exactly.

Approximate downscaling is always possible with
geostatistical methods; however, it is of interest to create fine
scale models that exactly reproduce the large scale models to
ensure consistency and avoid potential biases. Direct block
sequential simulation is developed to generate fine scale
realizations that exactly reproduce block data.

A comprehensive case study is shown from the Athabasca
Oilsands. Geostatistical realizations are constructed over 100s
of square kilometers at a large scale. These realizations are
locally downscaled to 20m by 2m by 2m for flow simulation
around particular SAGD well pairs. The fine scale realizations
are constructed such that they exactly match the initial coarse
scale realizations. An approximate downscaling method is also
used. The 3-D models and flow simulation results were
compared to show the difference made by the exact
downscaling method.

Introduction
One major task of geostatistical modeling is to build reservoir
models of petrophysic prosperities for reservoir simulation.

When the target is a whole reservoir, upscaling of
geostatistical reservoir models is always required because
geostatistical models have a much finer scale than the
reservoir simulation models. When the target is a small area,
downscaling of geostatistical models may be required. In the
Athabasca Oilsands, where the SAGD technique is commonly
used for oilsands recovery, the flow simulation of horizontal
well pairs or SAGD Pad is very important. The detailed flow
simulation of selected small areas requires the input models at
a very fine grid size. Normally, geostatistical models have
been built at a large scale over lease area or any large area.
The input model can be generated by either downscaling the
large scale model or rebuild a fine scale model for the selected
small area. Rebuilding a small area model usually requires a
different technique, which introduces an inconsistency
between the large- and small-scale models. It is desireable to
avoid inconsistencies and the requirement to defend and
compare different models of the same volume. Downscaling
techniques are needed to keep the consistency between the
models at different scales.

In building geostatistical reservoir models, multiscale data
are often available for modeling. Large trend information,
seismic, well testing and production data have a much larger
scale than the core and well log data. Some geostatistical
techniques are integrating those large block data in generating
fine scale models. These techniques include co-kriging,
collocated co-kriging, and trend modeling technique using the
block data as locally varying mean. Althrough these methods
constrain the fine scale model with the block data, these
methods are only approximate downscaling methods that can
only provide fine scale model results approximately match the
block data. To avoid any biases in the downscaling, and to be
consistent in the models at different scales, an exact
downscaling technique is desired so that the block data can be
exactly reproduced when upscaling the fine scale model back
to the original scale.

One historical approach to ensure consistency between an
original large-scale model and a downscaled model is a simple
duplication method. This method duplicates the block datum
to each small cell in the large-scale block; however, in this
method, the heterogeneity at the fine scale is not preserved or
modeled correctly. This paper proposes an exact downscaling
method that generates small scale heterogeneous models with
the right properties while simultaneously exactly reproducing
the block data and fine scale data. This method is developed
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using the Direct Sequential Simulation (DSS) technique with
block kriging.

To generate the heterogeneity at fine scale, the statistical
properties at the fine scale are needed for the downscaling.
Covariance or variogram functions of the point scale data are
required. The fine scale data or point data are also used for
conditioning the fine scale model. Thus, this downscaling
technique is actually a multiscale modeling process. Different
volume supports are accounted for in the block kriging. The
large scale data and fine scale data are assumed to be
representative to the volumes they are supporting. The scale
relationship of data has to be linear and the scale relationship
of heterogeneity is accounted in the volume covariance
relationship.

The background and theory of the downscaling method is
presented next, and the exact reproduction of the block data is
proved. Then, the application of the downscaling method will
be demonstrated with a case study.

Background

Consider a block with an arbitrary shape.
The block is composed of n small grid cells.
If there are values or point data in all of
small cells, the block value can be

calculated from the point data by this I
equation:
zv(u):viJ'Z(u')du' 1)

where Z(u') is the point data, and Z, (u) is
the block datum.

If the sizes of the n small cells are equal, the equation
becomes a simple linear equation:

1 n

zv(u)=ﬁg1 Z(u)) (2)
where Z(w;) (i =1, 2, ...n) is the point data, and Z, (u) is the
block datum.

This equation shows a linear relationship between the
block datum and the point data. Some petrophysical
properties, such as porosity and water saturation have a linear
relationship since they are concentrations or proportions.
Recall that the porosity is the fraction of pore volume v,y over

the bulk volume of the rockV,, . Discretizing the bulk volume
into n equal sized small bulk volumesV,,, the following
equation (3) shows that the block porosity value ¢, (u) is exact

the average of the point porosities ¢(u;) :
n

Voi
1

\Y < LV o .
foy= 2= DS T LY )
Vv nVv,, n = Vpy N = 3)

It is same for water saturation. The block averaging is an
exact upscaling method. Of course, the size of the small cells
must be accounted for. This method enables the checking of
the exact downscaling method. Permeability does not have
the linear relationship between the data at different scales;
however, a power law transformation could be used to make
the arithmetic averaging applicable to permeability”.

The downscaling process is not as straight forward as the
upscaling process. To generate a fine scale model using the
block data, the heterogeneity at fine scale must be taken into
account. Although the data have a linear relationship between
different scales, the heterogeneity is non-unique, that is, there
are multiple possible heterogeneity models that reproduce the
same block data. The information on the heterogeneity at fine
scale has to be input into the downscaling process. In
geostatistical modeling, the way to handle heterogeneity is
through a reguionalized variable parameterized by the
variogram or covariance. The block kriging system is used to
allow the influences of data and different volume support
being accounted in the simulated values. The well data are
necessary to condition the fine scale model. Thus, both block
and point data are integrated in the downscaling technique.
The kriging system for the downscaling method is given
below in matrix form:

Ce)=D
or
Cob  Chp, - Cop Cbs - Cos P Coo
Cop  Cppy Cope Cpsi Cosn | | 14 Cpo
Cob Cop 7 Cpp Cps 7 Cpsy | | #a | = | CRiO
Csp  Cop Csp,  Cos Cosn | | M Cs0
W,
Csmb Csm Py Csm Py Csmsl Csm Sm _,nl. Csm 0
1+n+m)x1 —_
(1+n+m)x(1+n+m) (nsm) (T+n+m)x1

where C is the matrix of covariance of multiscale data, Cyy, is
covariance between block data. Cy, or Cy are covariances
between block data and point data or previously simulated
data. Cpp, Cps and Cg are covariances between point data and
previously simulated data. A is the column matrix of weights.
A is the weight of block data. x is the weight of point data and
w is the weight of the previously simulated data. D is the
column matrix of covariance of data and simulated node.

The point scale covariance model can be generated from
well data. The complicated non-linear relationship in
heterogeneity at different scales can be simply accounted in
the relationships between the block covariance or block-point
covariance and the point covariance:

cbb(h)zviz”cpp(h)du'du" 4)

Cbp(h)zﬁjcpp(h)d u' )

where the V is the volume of the block.

With block data, well data and covariance models, a
multiscale direct block sequential simulation framework can
be used for downscaling.

Theory
Consider a random function Z(u) distributed over a field D:
{Z(w;),V u; €D}

Assume a second-order stationary for both point data and

block data over the field D, so m, o-and C(h) are constant over
D. Given n block data and m point data, each small cell can be
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simulated using the multiscale direct block sequential
simulation technique:

K m i-1
Zo(ui) =D AZy (w)+ D i Z(u))+ Y wZ(w)
k=1 j=1 1=1

- 1+ZK:/?1(+Zm:yj+iZ_1:W, m+ R(u;)
k=1 j=1 I=1 ©)

where Z,(u;) is the simulated value at the fine grid cell u;,
and Z(u;) is the point data, Z (uw) is the previously

simulated data, and R(u;) is the random residual at the location
u;.

According to the characteristics of direct sequential
simulation techniques, the downscaling will generate a fine
scale model that follows the correct spatial correlation and
hornors the point data. The most interesting thing is the fine
scale model can exactly reproduce the block data, that is, the
block average of the simulated values is exact the block datum
used in the downscaling:

Zus(w) = Y Z,() =2y () ™
i=1

The exact reproduction of the block data in the method is
analytically demonstrated and proved in the Appendix. The
exact reproduction of the block data enables the consistency
between the fine scale model and the original model and
ensures that no bias is introduced by the scaling process.
Therefore, this method is also named the Exact Downscaling
with Multiscale Direct Sequential Simulation (EDMDSS).

Case study on downscaling large 2-D models for
flow simulation

A synthetic dataset was created basing on some 2-D large
scale models generated from the Athabasca Oilsands. The
geostatistical 2-D realizations were constructed over 100s of
square kilometers at an areal resolution of 100m square. After
selecting the locations of SAGD well pairs, a small area
(800m by 200m) around a particular SAGD well pair was
extracted from 2-D models and downscaled areally to 20m by
2m. Then, the EDMDSS and an approximate downscaling
method were used to extend the 2-D model to 3-D models for
flow simulation around the pair of horizontal wells. The 3-D
models and flow simulation results were compared.

The 2-D porosity data used as block data are shown in a
map and a histogram in Figure 1. The location map of 8 wells
in the study area and the histogram of well data are also shown
in Figure 1. The EDMDSS was used to downscale the block
data to a vertaical resolution of 2m from a total thickness of
100 m. The results are shown in Figure 2. The first row is the
plane views of the 3-D model at slices of 20 and 40. The
remaining images show different slices of the 3-D model in y-
Z cross section and x-z cross section. The heterogeneity at
fine scale is clearly presented in the cross sections. The 3-D
model was converted back to 2-D using the arithmetic
averaging of each column. The results are plotted and shown
together with the original 2-D porosity map in Figure 3. They
are identical.

An approximate downscaling method was used to generate
a 3-D model from the 2-D block data. The sequential
Gaussian simulation was performed using the well data, and
the block data were input in the simulation as the locally
verying mean®. The results are shown in Figure 4. The
arithmetic averaging of each column was also applied to the 3-
D model. The cross plots of block averages versus block data
for the approximate downscaling method and exact
downscaling method are shown in Figure 5. The fine scale 3-
D model generated with the approximate downscaling method
is inconsistent with the initial coarse scale model; however,
the model from the exact downscaling method matches it
exactly. A few points off the 45° line are caused by numerical
instabilities in the matrix solutions.

Flow simulations of a SAGD well pair using the 3-D
models were conducted. The results are shown in Figures 6
and 7. There is a large difference between the results using
the two downscaling methods.  The steam chambers
developed after 5 years of steam injection indicate a better
shape for the exact downscaled model than the approximate
downscaled model. This will not always be the case of course,
but this show the sensitivity of the results to the downscaling
methodology. The cumulative oil production curves show a
higher oil production for the exact downscaled model. The
SOR curves indicate a better SOR for the exact downscaled
model.

It is clear that using different downscaling methods for
generating fine scale models has a large impact on the flow
simulation results. Using a fine scale model that is consistent
with the initial coarse model is a better choice.

Conclusions

The DSS based downscaling technique can exactly reproduce
block data. Models at different scales can be completely
consistent. Flow simulation results show that the downscaling
methodology matters.

Reference

1. Zanon, S., Nguyen, H. and Deutsch, C.V. 2002, power law
averaging revisited, CCG report four, 2001/2002.

2. Deutsch, C.V. and Journel, A.G., 1998, GSLIB: Geostatistical
Software Library and User’s Guide, 2nd Edition, Oxford
University Press.

Appendix

Analytical demonstration of exact reproduction of block
data in EDMDSS

We do not show a formal proof — merely some demonstrations
to illustrate the principles. The demonstration starts with
EDMDSS in a block containing two constituting points. Then,
the block plus an additional point is considered to show if the
additional data affect the results. Thirdly, EDMDSS in a
block with three constituting points is shown. To simplify the
equations let’s assume the mean is zero.

One block containing two constituent points:
At the first location u,: the simulated value:

Zs(uy) = 4Zy +R(uy) (A-1)
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where R(u;) is a random residual drawn by Monte Carlo
Simulation.

At the next location u,: the kriging estimate and equations:
Zy(uy) =2y +WZ(uy) +R(uy) (A-2)
{ﬂzcb b +WCy =Cy,

ACp +WCy =Cyy
From equations (5) and (6):
o+ Ci»

2
the equation (A-3) becomes:

A +w=1
A,(6?+Cy,)+2WCy, =2C,,

(A-3)

Cpp =Cyp =Cyp = (A-4)

(A-5)

12:

The equation (A-5) can be solved to get: {w _

The kriging variance is:

O"lg(“z)=czz—ﬂzczb -wCy, =0’ -

2
2—(0122“’ )ic,,=0

Then, the random residual R(u,)=0because it follows a

distribution with zero mean and zero variance.

The simulated value:

Zy(uy) = L2y +WZ(uy) =22, - Z,(uy) (A-6)

Then, the block average of simulated values is:

7 Zs(uy)+Z(uy) _ Zo(uy)+22 —Zi(uy)
Vs 2 2

The block datum is reproduced exactly for a block contains
two points.

= Zv (A'7)

One block containing two constituent points plus an
extra point:

At the first location u,: the simulated value:
Zy(uy) = 42y + 4Z(u3) + R(uy) (A-9)
where R(u;) is a random residual drawn by Mont Coral
Simulation.

At the next location u,: the simple kriging estimate:

Z(uy) = L2y + 1t Z(uz) + Wy Zs(uy) +R(uy) (A-10)
And the system of equations:
A2Chp + WiCqpy + 14,C3 = Cyy (A-11q)
A2C1p +WiCy g+ 1,C13=C5y (A-11b)
ACqp +WiChy + £1,C553=Cp3 (A-11c)
from (A-11a) with equation (A-4):
Cop, —W,Cy, — 1,C C
A, = 2b lC1b HaLzp :1—W1—ﬂ2C—3b (A-12)
bb bb
(A-11a) - (A-11b):
Wy (Cyp = 0%) + 14,(Cap —Cy3) =Cpp —Cyy (A-13)
C3:1+GCs,

From equation (5), Cy, = , then,

_(Cop=Cr1) = (C3p =Cia)

Wy

Cbb—az
_ (c? —Ci15)—(C32-Ca1)u (A-14)
Cbb—O'z
(C31-Cs5)
=== 92ty -1
Clz—Gz H
2:(Cbb—cu)—(cbb—0'2)W1
Ca,—Ci3
2 2
0°—Cy,)— (0 —=Ci )W
N 1é) (C )W, (A-15)
327 v13
_ (6° =Cp,) (1+w)
C32-Cy3

Insert (A-12) into (A-11c):

C
Cap(1—Wy — 11, =32) + W Cy 5 + 110" =Cyg
Cob
rearrange it:

c2

(C31_032)+W1(C31_C32)+#2(02—C—Sb)=0 (A-16)
bb

Insert (A-14) into (A-16):

Cy,-C ca
(C31-C5,)+(C31-Cs,) (/12—( 31 322) ~D)+ pp(0” - =) =0
Cio—-o Cob

12
rearrange it:

(C31-C3y)° o’Cyp —C3
+ =0 A-17
C12—0'2 Hp +( Cop )iy ( )
this equation gives 1, = 0.
Then, from (A-14), w; = -1.
And from (A-12), 1, = 2.
2
-1

#, =0

A=
Therefore, the solution of the kriging system is: Wzl _
the simple kriging variance is:

O'kz(uz) =Cy2 = 4Co —WCs 1 — 155Cy5
=0%-2Cy,+Cyy=0% —(6°+Cy;)+Cyy =0

then, the random residual R(u,)=0because it follows a

distribution with zero mean and zero variance.

The simulated value:

Zy(uy) = 42y +WZs(uy) + 2 (u3) =22y = Zg(uy) (A-19)

Therefore, the block average of simulated values is

Zy, = Zs(ul);Zs(uz) _ Zs(ul)+2§V —Zs(uy) =7, (A-20)

The block datum is exactly reproduced and the extra datum
does not affect the exact reproduction of block data.

One block containing three constituent points
At the first location uy: the simulated value:

Zs(uy) = 42y +R(uy) (A-22)
At next location u,: the simulated value:
Zs(uy) = HZy +WZs(uy) +R(uy) (A-24)

At the last location uj: the simulated value:
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Zy(ug) = 432y +WoZ(uy) +WZg(uy) + R(ug) (A-25) nt
and the kriging system: ACyp + ZWiCi b=Cnb (A-30a)
A3Chp +WoCppy +WaCyyy = Cg (A-26a) n'_:ll
A5Cp +WoCy 3 +W3Cp 5 =Cy 3 (A-26D) ACiy, +ZWJCJ" =Cpi » i=1..n-1 (A-30b)
ACop +W,Coq +W5C,y, =Cyg (A-26¢) j=1
From equations (5) and (4): from equation (4),
C31+C32+O'2 _l I
Clb:CZb:CSb:f Cbb_ﬁzcib or
(A-27) i1
c _30%+2C;,+2C;3+2C,, n-1
bb 9 anb_zCib:Cnb (A-31)
(A-26D) - (A-26¢): i-L
23(Cy3—Cy3) +W, (362 —3C;,) + W5 (3C, , —30%) =3C;, —3Cs, S0 {/1 =N ) is a solution for (A-30a).
rearrange it: w, = -1, i=1.n-1
(7 -3) (C13—Cy3) + (W, ~W;) 30 ~3C;) =0 (A-28) _
from the equation, we can get A3 = 3 and w, = ws. from equation (5),
Then from (A-26b) or (A-26¢), we can get w, = wz = -1. 1< _
Therefore, the solution of the kriging system is: ]\, _ _ =
2 n-1
w, =—1 nCi,— > Cji=Cpi i=1..n-1 (A-32)
and the simple kriging variance is: =1
ot (u3) = C33— 4,Cay —WyCq1 —WoCs) so JA=N is also a solution for n-1
w=-1 i=1.n-1

then, the random residual R(u,)=0 because it follows a

distribution with zero mean and zero variance.

The simulated value:

Z(ug) = 32y +WoZ(uy) +WsZs(uy) =32y —Zs(uy) — Zs(uy)
Therefore, the block average of simulated values is

7z _ Zs(uy) +Z(uy) +Zs(uy)
Vs = 3
_ Zs(uy) +2(uy) +32y —Z(uy) = Zs(uy) _ z,
3

The block data is reproduced exactly in a block containing
three points.

It has been shown that the block data can be reproduced
exactly with downscaling a block for n=2, n=2 with an extra
point and n=3. Basing on the results, it may be inferred that
simulating all locations of a block by DSS can always exactly
reproduce block data. It is proved below.

Proof of exact reproduction of block data in EDMDSS

It has been shown in the domonstraction that the last location
in a block is very important for the exact reproduction of the
block data. Soppose downscaling a block into n small cells, at
the last location, u,: the simulated value:

-1

Zy(ug) = A2y + Y WiZ, () (A-29)
i=1

and the kriging system:

equations (A-30Db).

Since the kriging system is unique and only has a unique
solution, the founded solution must be the correct unique
solution. Then, the simulated value at the last location is

-1

Zy(u)=nZy =Y Zy(w) (A-33)
i=1

The block average of simulated values at all locations in the

block is

n-1
Zys :%|:Zzs(ui)+ Zs(un):l
i=1

n-1 n-1
:%{Zzs(um nz, —ZZs(ui)} (A-34)
i=1 i=1

=7,
Threrfore, the EDMDSS exactly reproduces the block data.
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Figure 2: The exact downscaling results in plane view (first row), y-z (left) and x-z (right) cross sections.
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. Northing 2

3D Model: x-z Layer 25

Figure 4: The approximate downscaling results in plane view (first row), y-z (left) and x-z (right) cross sections.
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Figure 5: The cross plots of porosity block data vs. block average of fine scale model for the approximate downscaling method (left)
and the exact downscaling method (right).
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Figure 6: The results of flow simulation using the models generated by the two methods: the left plot is the cumulative oil production

curves, and the right plot is the steam oil ratio (SOR) curves. The gray solid line is for the approximate downscaling method, and the
black dash line is for the exact downscaling method.

Approximate Downscaling

=7

Figure 7:
chamber.

Exact Downscaling

The steam chambles after 5 years of steam injection. The model by exact downscaling gives a better developed steam



