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Abstract

Data from core analyses, such as residual oil saturation and relative permeabilities, are of great importance for proper exploitation of the
petroleum resources. Such quantities are typically determined through interpretation of data acquired during some flooding experiment. In
such determinations, the absolute permeabilities are typically represented by a single average value, i.e., the core is assumed homogeneo
and isotropic. Recent studies, however, show that the validity of such assumptions can be questioned. When using such assumptions analyzir
flooding data, the derived relative permeabilities will depend on the actual core sample heterogeneity, i.e., the variation and distribution of
the absolute permeability in the core. A better option would therefore be to determine the absolute and relative permeabilities simultaneously
from the data, thereby accounting for heterogeneity effects. In this paper we describe and test a method for such determinations, and discus
some results 2002 Editions scientifiques et médicales Elsevier SAS. All rights reserved.

Keywords: Porous media; Fluid flow; Heterogeneous media; Inverse problem; Relative permeability; Absolute permeability

1. Introduction estimated simultaneously. The method has proven to be suc-
cessful, provided that all the important physical processes
The relative permeabilities are saturation dependent func-are included in the simulator.
tions describing the fluid flow when several phases are For the most common methods used when determining
present and flowing in a porous media. Accurate estimates ofthe flow functions, the absolute permeability is typically rep-
these functions are of great importance for proper exploita- resented by a single average value, i.e., the core is assumed
tion of the petroleum resources. The functions are, however,homogeneous and isotropic. Recent studies, however, show
inaccessible to direct measurement, and are typically deter-that the validity of such assumptions can be questioned [17].
mined through interpretation of data acquired during some Reservoirs and also small core samples may indeed be het-
two-phase flow experiment on small samples (i.e., cores) of erogeneous and anisotropic, and the data collected from
the porous media. Over the past more than 10 years, an inflooding experiments are usually influenced by the effect
verse methodology, in which basically a core flow simulator caused by this. While the collected data will be influenced by
is utilized for reconciliation of laboratory data, has been de- the actual core sample heterogeneity, assuming homogene-
veloped, tested, and reported in a series of papers [6,10,15]ity when determining the flow functions may inflict serious
In this approach, the relative permeability and capillary pres- estimation errors. The effect and importance of these errors
sure functions (collectively referred to as flow functions) are have been studied in some detail, and the results show that
the modeling error associated with the homogeneity assump-
Thisarticle is a follow up a communication presented by the authors at tion frequ.ently result in highly erroneous estimates of the
the EUROTHERM Seminar 68, “Inverse problems and experimental design flow functions [17].

in thermal and mechanical engineering”, held in Poitiers in March 2001. A better option would therefore be to include the variation
Com?lspondence and _feI;_fin_tS- | of absolute permeability when estimating the flow functions.
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Nomenclature

a spline coefficients R number of runs

B spline basis function S saturation

b parameter vector w weighting matrix

c parameter vector X parameter vector
b basis matrix Y vector of data

E()  expectation y data

F model output vector .

F model output y splllne knot vector
G sensitivity matrix e residual vector

J objective function € residual

k absolute permeability . . .. .. Darey10 12 m2 Iz viscosity ................ Poise g-st.cm™!
K vector of absolute permeabilities ¢ porosity

ky relative permeability o standard deviation
" number of data Subscripts and superscripts
n number of parameters .

P capillary pressure ................ PaN/m? 0 oil

p PrESSUIE . .\ttt et ettt i i ieie e Pa w water

In this paper, we describe and test this method for simul- used, we do not know the answer. When utilizing synthetic
taneous determination of absolute and relative permeabili-experimental data, however, we know the correct answer be-
ties, and discuss some results. To the best of our knowledgefore we start the estimation process. In this paper we utilize
this is the first time a model for simultaneous determination synthetic experimental data since these provide a more thor-
of absolute and relative permeabilities from displacement ough check of the method. The synthetic experimental data
data is presented. are produced by a 1D core flow simulator [7] with a set

We focus our initial investigation on simultaneous estima- Of true relative permeability curves and true permeability
tion of absolute and relative permeabilities on the composite Variation implemented. The flow scenario described above
core case. A composite core is a sample consisting of two oriS simulated to produce synthetic pressure and production
more porous media samples butted together. In core ana|y_data. Here, we will demonstrate the simultaneous estimation
sis this is done to decrease the importance of end effectsmethod by three examples, utilizing data from three inde-
and decrease the relative error in the measured productiorPe€ndent synthetic experiments. First, a description of the
data [12]. The absolute permeability of the composite is Mathematical model is provided.
usually represented by a mean value when estimating the
flow functions. Recent findings indicate that large errors may
result if the permeability of the individual samples in the
composite deviate from the mean permeability value [17].

By simultaneous estimation of absolute and relative
permeabilities, we account for a potential variation of the _ ) i
absolute permeability in the core sample. The data used to. Flow in porous media oceurs t_hrough an interconnected
perform such estimations must contain information about |rregu!ar network of pores within a solid. B_ackground
the heterogeneity as well as the fluid flow of several phases..materlal and ”.‘Ode' equations for g(_aneral muIt|-phas_e flow
This is achieved by utilizing data from steady-state, two- geﬁ)gﬁ?ls] media can be found, e.g., in the book by Aziz and
phase flow experiments on composite cores [15]. In a ' C .
steady-state experiment, two immiscible phases are injected In_core analy5|s_, simplified versions ofthe general porous-
simultaneous in rate steps. At each rate step change theg'ed'fa. flow equations are useq. Assuming constant fluid

o . ensities, 1D flow, and no gravity effects, the flow of two
amount of one of the phases m;_ect_e(_j is reduced, "’“?d at theimmiscible fluid phases (e.g., oil and water) through porous
last rate step only one phase is |njected.__Prod_uct|on andmedia is essentially described by
pressure data are collected during the equilibration at each
rate fraction. The absolute and relative permeabilities are , 9Sw _ i(kkrw(sw) 81&) )
estimated from these data through an inverse problem [15]. = 8¢ 0x Wy Ox

When testing a method, it would be beneficial to know 35, 3 <kkro(Sw) 8po)

2. Mathematical model

2.1. Theforward model

the correct answer to the exercise. If experimental data is¥ 7, = 3

Mo ox @
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Po — pw = Pc(Sw) 3) 3. Property representation

So+Sw=1 (4) The first step in solving the inverse problemiis to select an
adequate functional representation for the unknown absolute

Together with boundary and initial conditions, Eqgs. (1)—(4) and relative permeability functions.

provide a mathematical model of 1D two-phase fluid flow in The relative permeabilities are saturation dependent con-

porous media. tinuous functions, defined between zero and one, describing
If the terms in these equations were known, the model the phases’ ability to flow through the porous media. For
output,F, would correspond to the experimental dataac- example, the oil relative permeability curve equals unity if

quired from a corresponding experiment. Examples of such the porous media is fully saturated with mobile oil, and it
data (in core analysis) are: Fluid production, pressure drop, duals zero when no oil is mobile. Between zero and unity,
in-situ saturation, in-situ pressure, and in-situ saturation pro- the functions’value is dependent on the pore space available
files. for oil, i.e., the oil saturation. The saturation is given in frac-
The absolute and relative permeability are included in tions, e.g., if the porous media is fully saturated with oil then

So=1.
Egs. (1)—(4) but are generally not known. To be able to “° . . . .
predict reservoir behavior we need these functions. The In this work quadratic B-spline functions [13] are used

o . . .. to represent the relative permeability functions. The B-
solution is to estimate the absolute and relative permeability . . ; o
) spline representation for the two-phase relative permeability
through an inverse problem.

functions is given by
Ni
2.2. Theinverse problem ki (Sw) =Y _a" BT (Sw,Y') (6)
j=1

LetY be the vector containing the measured experimental 1n€ functions are defined on0Sy < 1, and are specified
data. LetF(b) be the vector containing the corresponding PY the ordem, the spline coefficients;, and the extended
values calculated from the mathematical model, wheig ~ partition y’. The vector of unknown parameters, com-

a vector of unknown adjustable parameters. The unknownPosed of the coefficients within the spline representation of
parameters are varied until the and F are close in some  the relative permeability functions is given by
sense. X= [ai’,_..,a,?,o,a{",...,aﬁw] ()

An objective function is formulated as a weighted sum
of squared differences between the measured data and th
corresponding simulated values. In the estimation process
one seeks to minimize the objective function,

The unknown parameters of the relative permeability
?epresentation is used as the vedtoin Eq. (5) when the
relative permeabilities are estimated.

The absolute permeability is defined as the ability of the
porous media to allow flow through its pores. It is actually
J()=[Y - F(b)]TW[Y —F(0)] (5) a tensor of the second rank due to the heterogeneous and

anisotropic nature of porous media. In this wérls treated
the idea being that the simulated data should reconcile thoseas a scalar, i.e., we consider an isotropic media.
actually measured. The weighting matiix is selected ac- To estimate the absolute permeability,of the porous
cording to statistical criteria so that, with appropriate choices media we represent it by hierarchical multiscale basis
of the mathematical model and the functional representationfunctions [3]. With this representation the various terms in
of the unknowns (e.g., absolute and relative permeability), the property function series represent; variation on different
maximum-likelihood estimates are obtained [2,18]. It is as- |€ngth scales. A parameter vecta, is related to the
sumed that the model is correct, and that the measuremenP€rmeability through the relationship
errors are independent and additive, so fivatan be taken K = Dc (8)
to be a diagonal matrix with entries equal to the inverse of | ok is ann-vector where each entry represents the per-
the estimated variances of the datg measurement errors. meability in one of then grid blocks, ¢ is a j-vector of

We account for physical constraints of the unknown func- parameters, and is ann x j matrix. With this repre-

tions, such as monotonous relative permeability functions gentation the permeability hgsdegrees of freedom. Since
and nonnegative absolute permeability, by including linear there are only a finite number of grid blocks, the relation-
inequality constraints on the unknown parameters. The valueship between the basis functions and the permeability can
of b that minimizes Eq. (5) is obtained by an implementation pe represented using anx j matrix D. Each column of»
of the Levenberg—Marquardt optimization algorithm, which represents one of the basis functions. The basis functions we
incorporates the linear inequality constraints [4,18]. use are quite similar to the Haar basis functions [3].

Next we consider the representation of the unknown  When estimating the absolute permeability in this work,
functions. b in Eq. (5) equals the parameter veator
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4. Estimation method Even if the objective function approaches this limit, one
should still check whether the residuals are biased or not.
4.1. Simultaneous estimation A statistical measure of this is to count the number of runs

made by the time series of residuals [2]. The number of runs
We have combined the estimation of absolute and relative iS the number of times the residuals change signs as one

permeability by estimating the parametarandc succes- ~ Move through the data set. It can be defined as

sively. First the relative permeabilities are estimated utilizing 1 .

the harmonic mean value of the absolute permeability. (The p — Z i wherer; = [ 1 ifejya e <0 (10)
0 otherwise

harmonic mean value of the absolute permeability can easily
be measured in a one-phase flow experiment, thus, the value

is generally known in core analysis.) Then the absolute per- 70T 1argem, and with the number of positive and negative
meability is estimated, keeping the relative permeabilities "€Siduals approximately equl,will have an approximately

fixed at their first estimate. We then return to the relative Normal distribution with an expected valué(R), equal to
permeabilities, keeping the absolute permeability fixed at m/2. ) ]

its latest estimate. This procedure is repeated until conver-  Ye also compute the impact of measurement noise on the
gence. Thus, successively more accurate estimates for th&stimated functions. This is done by utilizing a linearized
absolute and the relative permeabilities are determined. Notecovariance analysis [16,19] in which the accuracy of the
that both the absolute and the relative permeabilities are esti-€Stimates is represented by confidence intervals.

mated by the same estimation algorithm (solution of Eq. (5)).
4.3. Multiscale estimation

i=1

4.2. Solution criteria
By using the multiscale representation of the absolute
In general, large errors could be present in the estimatesPermeability, variation on many length scales can be ac-
if they are achieved from inverse models incapable of counted for. With such a basis for the functional space,

reconciling the experimental data [6]. To discard solutions the various terms in the coefficient function series repre-
where the experimental data are not reconciled, solution Se€ntvariation on different length scales. The first term, basis

criteria for validating estimates of absolute and relative function 1, represents a mean value on the domain of defini-
permeabilities from laboratory data have been established [6,1ion, While including more terms corresponds to representing

16]. variation on successively finer length scales.
When utilizing the inverse methodology, there are two  Which basis functions and how many to include in the
requirements that should be met to accept an estimate: basisD, is not known a priori. We would like to reduce the

value of the objective functios by increasing the resolution

(1) The mathematical model on which the estimation proce- ©f the permeability in a proper way. Evaluating every

(2) The estimates of the unknowns should be consistent'€finement based on projected objective function reduction
with the data measured during the experiment. calculated from the reduction potential for prospective

choices. The reduction potentidl, is based on linearization

To validate if these two requirements are met by a possible ©f F [5,11], and is defined by
candidate solution of the inverse problem, statistical crite- T T 1T
ria [2,6,16,18] are utilized. f(G.W.9=(@® WG(GWG) GWE (11)

If the measurement noise are assumed random andyhereG = F/(c) is the sensitivity matrix ané =Y — F(c)

uncorrelated with normal probability distribution and zero s the residual vector. Note that the sensitivity matéix
mean, the Welghtlng matrix is taken to be a diagonal matrix depends on the choice of parameterization_

with entries equal to the inverse estimated variances of the \when extending the basi, we would like to keep the
measurement noise. The objective function, Eq. (5), can thenyncertainty in the estimates low. Hence, a measure of the
be written asJ(b) = 3, (ei(b)/o1)* wheree(b) are the  maximum uncertainty for the refinement is needed. We use
residuals. The residuals are defined asihdifferences the inverse of the minimum eigenvalue of the linearized
) =Y, —Fb) k=1....m 9) information matri>.<,GTWG, of Fhe parameters. _

When evaluating the various refinement choices, we
whereY; is an observation, an#l (b) is the corresponding  choose a method motivated by the L-curve methodology [8].
value from the simulator output. From statistical calcula- Thus, we plot the expected objective function as a function
tions, the expected value @f E (J), should approach —n, of expected uncertainty, and the refinement candidate cor-
wherem is the number of measurements, ani¢ the num- responding to the lowest objective function is chosen if the
ber of elements it [2,19]. uncertainty is sufficiently small.
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4.4. Estimation algorithm 1-11 have a true permeability of 50 mD, while grid blocks
12-32 have a true permeability of 100 mD.

The simultaneous estimation method described in Sec- The true relative permeability functions are shown in
tion 4.1 can be explained in detail by the following estima- Fig. 2. All the grid blocks are represented by these relative
tion algorithm. permeability functions. The true capillary pressure is also

equal for all the grid blocks. In practice the capillary pressure

Initialization: as the first estimate of the permeability, use Will vary in a heterogeneous core. We have here idealized
the harmonic mean value. Estimate the relative permeabil-the situation, to concentrate our initial studies on the effect
ities while keeping the absolute permeability fixed at the Of permeability alone.

harmonic mean value. Certain core and fluid properties are, together with the
true functions implemented in the core flow model to
Estimate the permeability (using the current estimate of produce synthetic experimental data. The core and fluid

the relative permeability):

=)

(1) Estimate a constant value of the permeability.

(2) Calculate all the possible refinement potentials by in-
cluding one and two additional basis functions, in addi-
tion to the constant function. Sat= 1.

(3) While the best refinement potential wifth + 1 addi-
tional basis functions is significantly better than the best
refinement potential withv additional basis functions,
compute the refinement potentials fgr+ 2 additional
basis functions, and s&t = N + 1.

(4) Find a final estimate of the absolute permeability with
this relative permeability by performing a new estima- 0 2
tion using the basis obtained in step 3.

(5) If the solution criteria (value of objective function and  Fig. 1. Absolute permeability. The true distribution, the harmonic mean, and
number of runs) are satisfied, or the current estimate is the first estimate (Example 1).
close to the previous final estimate of the permeability,
do a final estimation of the relative permeability and !
stop.
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5. Resultsand discussion

o
LS}

o

The estimation procedure described above is tested on
three synthetic examples. The true relative permeabilities, 0 o2
true capillary pressure, and experimental setup are the same
for these three examples when simulated experimental datdFio- .2. Rela_ltive permeability. True curves, and first estimate with 95%
are produced. The true absolute permeability is different for conidence intervals (Example 1).
the three examples.

All the cases studied are 1D due to simplicity. The Table1
estimation tool described above is extendable to deal with Core flood simulator input

o

0.4 0.6 0.8 1
WATER SATURATION

2D cases, and real experimental data can be used. HoweverGore length £-direction) 12.8 cm
we choose to deal with simple cases initially to develop an No. of grid blocks ¢-direction) 32
understanding of the problem at hand, and also to perform a'V/ater viscosity 0.85¢cP
heck of th timati thod Oil viscosity 0.66 cP
check ot the esumation method. Initial water saturation 10 %
Initial oil saturation 90 %
Example 1. The true absolute permeability used in Exam- Porosity _ 30%
le 1 is shown in Fig. 1. 32 equally sized grid blocks in the ©!l iniection rates [cc/min] 095,05
P 9 q y 9 Water injection rates [cc/min] 0.05,0.5,1.0

horizontal direction represent the 12.8 cm core. Grid blocks
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properties and the flow rates are listed in Table 1. A steady highlighted in this discussion as the estimation of relative
state experiment is simulated, where the saturation range ispermeability has been reported before, see, e.g., [9].
changed in steps due to the oil/water ratio injected. Similar ~ We start the simultaneous estimation by performing the
experiments have been performed and reported earlier,initial step, estimating the relative permeabilities keeping
see [14,15]. Gaussian noise with zero mean is then added tdhe absolute permeability fixed at the harmonic mean value
the data to simulate measurement errors. For the productiorshown in Fig. 1. The first estimate of the relative permeabil-
data the standard deviation of the added noise is chosen tdties is shown in Fig. 2. The first estimate clearly deviate
be 0.1 ml, and for the pressure data it is chosen to be 0.9 kPafrom the true curves, especially the oil relative permeability
This is the size of typical measurement errors [14]. curve. The first estimate is plotted with 95% confidence

Figs. 3 and 4 show the synthetic oil production and intervals. We have also calculated the objective functign,
pressure data used in the analysis of Example 1. The oiland number of runs, of the first estimate. These values are
production and differential pressure shown in Fig. 3 are shown as the leftmost points in Figs. 5 and 6, respectively.
used when estimating the relative permeabilities. When The solid lines in these figures are the limits that the
estimating the absolute permeability we include the pressurecalculated values should approach. The horizontal lines
data in Fig. 4 in addition to the oil production data in Fig. 3. around these lines indicate two standard deviations. The first
In Fig. 4 Pa, Py, P, and Py are the pressures measured in relative permeability estimate is not accepted according to
grid blocks 1, 8, 24, and 32, respectively. these statistics.

For all the relative permeability estimates both the water ~ We have just illustrated that for this example, the har-
and the oil relative permeabilities are represented by five Monic mean value is not sufficient when estimating the
spline parameters. relative permeabilities.

When describing the simultaneous estimation procedure, ~Before actually performing the first estimation of the
we will refer to the steps in the estimation algorithm of absolute permeability in the successive approach, we have

Section 4.4. The estimation of absolute permeability will be t0 decide which basis functions and how many to include in
the basis matrixD. For the grid size we have, the number

40 400 .
— 10
E
E Pressure drop
--------------- 3 \
o e K < \
= ' > P4 \
(&) 1 ! et o \
2 1 ! -~ =105 \
Q ! Y ol 510t N
o ' o e \
o . « = B
o 20 ' 2000 T N
= ' e w S
o /-/ ------ Il 5 Z S
w E \ ) = ..
Z ! Oil production Smsoean- @ 2 1o* N
- / p w ﬂ10* S
<< [os) m ..
i} ! o o s
2 |/ Tre-
4 ========================:-#=-==-=-= ____
2
(@]
0 . . . 0
0 500 1000 1500 2000 10°

TIME / (min) 1 3 4 5 6
NO. OF ESTIMATION
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core (Example 1). the successive estimation approach (Example 1).



552 R. Valestrand et al. / Int. J. Therm. Sci. 41 (2002) 546-556

of available basis functions is 32. Including all 32 would extension ofD. We performstep 4 using the basis functions
correspond to allowing different permeability in each grid corresponding to the point Pla. The dotted line in Fig. 1
cell. From earlier experience, we know that allowing this shows the first estimate of the absolute permeability.

would give an unnecessary high uncertainty in the estimated The estimate is not accepted according to calculated val-
parameters since the measured data hardly contain enouglies of J and R. We proceed with a new estimation of the
information for this high resolution. We will use a method, relative permeabilities, keeping the absolute permeabilities
based on calculation of reduction potentials and L-curve fixed; step 6. The second estimate of the relative permeabil-
methodology, which enables us to determine the smallestities corresponds to the second estimate values in Fig. 5 and
basisD sufficient to reconcile the measured data. Fig. 6.

First, in determiningD, we performstep 1. The point We then return tostep 1, and proceed by the same
El in Fig. 7 corresponds to this estimate. Parameter sensi-approach as described above. The second time the absolute
tivities taken at this estimate are used to calculate reductionpermeability was considered in the successive approach we
potentials. The first potentials are calculated by allowing one derived the curve E2-P2a-P2b in Fig. 7, the third time we
new basis function of the 31 available to be includsep 2. derived the curve E3-P3a-P3b, and so on. The number of
Fig. 8 shows the reduction potentials as a function of which estimations made, and the number of parameters used, in the
basis function that is included in addition to basis function 1. syccessive approach of this example are given in Table 2.
Basis function 11 provides the highest reduction potential.  For all the estimations madd, and R are calculated.
Adding this basis function will result in estimating one value (See Figs. 5 and 6 for the relative permeability estimations.)
for the absolute permeability in grid blocks 1-10, and one The successive approach terminated since the seventh ab-
value in grid blocks 11-32. The predicted objective function selute permeability estimate was comparable to the sixth, see
and the corresponding predicted uncertainty are given by thegtep 5. (In seventh and the sixth estimation of the permeabil-
point P1ain Fig. 7. ity, the same basi® was used, and the estimated functions

Then, potentials are calculated by allowing combinations \yere equal when considering two decimal places [mD].)
of two of the 31 available basis functions to be included  The final absolute permeability estimate is shown in
in addition to basis function Istep 2. The combination  Fig. 9. The basi® used when estimating the final absolute
of three terms that provides the highest reduction potential hermeability corresponds to estimating one value for grid
corresponds to the point P1b in Fig. 7. (This will allow pjocks 1-11, and one for grid blocks 12-32, i.e., the final
three absolute permeability values to be calculated, one forestimate coincide with the true permeability partition-wise.
grid blocks 1-10, one for grid blocks 10-31, and one for The standard deviation of the estimate in both parts of the
grid block 32. Note that the basi3 corresponding to point  ¢ore js 0.03. Thus, the estimate is accurately determined and

P1b does not necessarily have to be an extension of theg|gse 1o the true curved. and R of this estimate are within
basis corresponding to point P1a, even though that happeneg, ,r standard deviations of their limits.

here.)
Next we performstep 3; the objective functions of
i d P1b in Fig. 7 are comparable. We see thatTablez I -
Pomt Pla an 3 _g' : p o The number of estimations made, and the number of parameters estimated
including the basis functions of point P1b mainly increases each time, for Example 1
the uncertainty compared to including the basis functions
of point Pla, e.g., it is not necessary to evaluate further

Estimation of # of estimations # parameters

Absolute permeability 7 2
10° Relative permeability 8 10
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Fig. 7. Analysis of how many and which parameters to include in the BASIS NO.

estimation of absolute permeability.is estimated value an# is predicted
value. The E7-curve (not shown) almost coincides with ti##6-curve. Fig. 8. Reduction potential as a function of which basis function to include
(Example 1). in addition to basis function 1 (Example 1).
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The final estimate of the relative permeability functions deviations of the limits; see the eight estimate values in
is shown in Fig. 10, and in Fig. 11 with logarithmic Fig. 5 and Fig. 6.
relative permeability axis. The estimated functions are given
with 95% confidence intervals. The confidence intervals Example 2. The true permeability used in this example is
are narrow and contain the true curvelsand R of the shown in Fig. 12. The core length and number of grids are
final relative permeability estimate are within 2 standard the same as those used in Example 1. The true permeability
is 50 mD in grid blocks 1-10, 200 mD in grid blocks 11-21,
and 100 mD in grid blocks 22-32.

The true relative permeability functions are shown in
Fig. 13, they are equal to those utilized in Example 1. All
the other simulator input and settings, used when producing
simulated experimental data, are also equal to those of

=)

o
S

©
=]
L

80f 1

ABSOLUTE PERMEABILITY / (mD)

final estimate - - Example 1, see Table 1. We use the same type of simulated
70 true permeability - - | experimental data as those shown in Fig. 3 and Fig. 4 in this
example.
&0 The simultaneous estimation starts by estimating the
50bm mmm o m e e ] relative permeability functions keeping the absolute permea-
bility fixed at the harmonic mean value shown in Fig. 12.
40 2 . 6 8 10 12 Fig. 13 shows the first estimate of the relative permeability
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Fig. 10. Relative permeability. The true curve and the final estimate with

95% confidence interval (Example 1). Fig. 12. Absolute permeability. The true distribution, the harmonic mean,

and the first estimate (Example 2).

1 . . . .
r
> 0.9t true curves
4 >08F first estimate —
Q1o7't E
) true curves Zo7t 95% conf.int. —
= . . <
o final estimate — Woet
H-J =
w 95% conf.int. —— Hos
S o
= w
E 10 >04
'_
w .- L
o RIS <03
' . w
; N oot
'
107 H 0.1
0 0 0.4 0.6 0.8 1
WATER SATURATION 00 02 1

0.4 0.6
WATER SATURATION
Fig. 11. Relative permeability. The true curve and the final estimate with

95% confidence interval. Plotted with logarithmic relative permeability axis Fig. 13. Relative permeability. True curves, and first estimate with 95%
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then turn to the absolute permeability keeping the relative second estimate of the relative permeabilities is not accepted
permeabilities fixed at their first estimate. according to calculated values défand R.

We decide which and how many basis functions to  Table 3 gives a summary of the number of parameters
include in the basisD by the same method utilized in used, and how many estimations that are made in the suc-
Example 1. First, we estimate a mean value of the domain of cessive approach of this example. The estimation procedure
definition;step 1. The point E1 in Fig. 14 correspondsto this terminated since the sixth absolute permeability estimate
estimate. Fronstep 2, the point Pla in Fig. 14 corresponds was within certain limits of the fifth estimate, ssiep 5.
to the candidate that provides the highest reduction potential The final absolute permeability estimate is shown in
when including one additional basis function. Including Fig. 15. Also in this example, the final estimate coincides
these two basis functions would provide a division of the with the true distribution partition-wise. The standard devia-
grid in two parts, grid blocks 1-7 and grid blocks 8-32. tions of the estimates in grid blocks 1-10, 11-21, and 22—-32
The basis functions providing the highest reduction potential are 0.1, 0.1, and 0.9, respectively. The final estimate is accu-
when including two additional basis functions correspond to rate, close to the true distribution, and the calculatezhd
the point P1bin Fig. 14. Selecting these three basis functionsR of this estimate are within 2 standard deviations of their
allows a subdivision in three parts, grid blocks 1-9, grid limits.
blocks 10-29, and grid blocks 30-32. The final relative permeability estimate is shown in

Sep 3; the objective function of point P1a and P1b are Fig. 16. This estimate is also accurately determined, and
not comparable, we therefore calculate reduction potentialsclose to the true curved. and R of this estimate are within
including three additional basis functions. The candidate of 4 standard deviations of their limits.
these providing the highest reduction potential corresponds
to the point Plc in Fig. 14. By studying the curve E1- Example 3. In this example we study the effect of ab-
Pla-P1b-Plc in Fig. 14, we decide to use the basis thatsolute permeability distribution in each of the cores in the
corresponds to the point P1b when estimating the absolutecomposite core of Example 2. The permeability variation
permeability, while the basis corresponding to point Plc
manly increases the uncertainty.

The first absolute permeability estimate is shown in
Fig. 12.J andR are calculated, the values are far from the
limits; this first estimate is not accepted.

We then estimate the relative permeabilities keeping the
absolute permeability fixed at its first estimasesp 6. The

n
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Table 3
The number of estimations made, and the number of parameters estimated
each time, for Example 2
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n ili 0 2 4 6 8 10 12
Relative permeability 7 10 CORE LENGTH/ (om)
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estimation of absolute permeability.is estimated value an# is predicted
value. The E6-curve (not shown) almost coincides with #fe-curve. Fig. 16. Relative permeability. The true curve, the final estimate with 95%
(Example 2). confidence interval (Example 2).
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in each core is randomly chosen from a Gaussian distri- P1b are chosen, this corresponds to a subdivision of the grid

bution. In grid blocks 1-10 (the inlet core), the values are in three parts, grid blocks 1-7, grid blocks 8-17, and grid

randomly collected from a Gaussian distribution with mean blocks 18-32. The first absolute permeability estimate is

value 50 mD and standard deviation 5 mD. For the mid- shown in Fig. 17. For this estimatd, and R are far from

dle core of the composite, grid blocks 11-21, the mean their limits, i.e., the estimate is not accepted.

value and standard deviation of the Gaussian distribution are  Table 4 gives a summary of the number of parameters

200 mD and 20 mD, respectively. For the outlet core, grid used, and how many estimations that are made in this

blocks 22—-32, the mean is 100 mD and the standard devia-example. The simultaneous estimation terminated since the

tion is 10 mD for the Gaussian distribution. Fig. 17 shows solution criteria for the final estimates are satisfigd(6).

the resulting absolute permeability distribution. All the other The final absolute permeability estimate is given in

settings, (relative permeabilities, core length, etc.), is equal Fig. 20.J and R of this estimate are within two standard

to those used in Example 2. deviation of their limits. The standard deviation is 0.1 for
By using the estimation algorithm in section 4.4 we all the three permeability values of the final estimate. The

perform the simultaneous estimation. Fig. 18 shows the first final estimate does not match the fine scale variation within

relative permeability estimate. This is obtained by keeping

the absolute permeability fixed at the harmonic mean given 1, e 4

in Fig. 17.J and R of the first estimate are far from their  The number of estimations made, and the number of parameters estimated

limits. We then estimate the absolute permeability keeping each time, for Example 3

the relative permeabilities fixed at their first estimate. Estimation of # of estimations # parameters
We decide which and how many basis functions to use apcoiute permeability 6 3

in the absolute permeability estimation by the same method Rrelative permeability 7 10

as described in the two previous examples. In Fig. 19, the

curve E1-Pla-P1b-Plcis used to select the basis for the first 5

55

estimation. The basis functions corresponding to the point
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