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Abstract

In this paper we address two fairly difficult problems. The first is the problem of matching production data (in this case,

production and injection rates) by adjustment of the locations of the geologic facies boundaries. The second is the use of a

Kalman filter for updating the facies locations in the reservoir model.

Traditional automatic history matching tools are not widely available for reservoirs with unknown facies boundaries,

largely because of the complexity of developing software for computing the sensitivity of the data to model parameters, the

lack of differentiability of facies type, and the high computational cost in generating multiple reservoir models that are

conditional to given data. With careful definition of variables, the use of the ensemble Kalman filter (EnKF) minimizes

those difficulties. First, the gradient does not need to be computed explicitly, the coding for the EnKF algorithm is easy and

adaptable to any reservoir simulator on a plug-in basis. Second, an approximation to differentiability results from the

correlation of variables. Third, the ensemble Kalman filter (EnKF) method takes one simulation run per reservoir model

realization, and the simulations of the reservoir models in the ensemble are ideal for multiple-processor parallel

computation.

We use the truncated pluri-Gaussian model to generate random facies realizations. The geostatistical model is fully

specified by the threshold truncation map and the covariance models for the two Gaussian random fields. The pluri-Gaussian

model is well known but not widely used, partly because of the difficulty of generating conditional realizations. In the first

example, we demonstrate the application of the EnKF to the problem of generating facies realizations conditional to

observations at 18 wells on a 128�128 grid. In the second example, realizations of facies on a 50�50 grid, conditional to

facies observations at the wells and to production and injection rates, are generated using the EnKF. In general, we found

that application of the EnKF to the problem of adjusting facies boundaries to match production data was relatively

straightforward and efficient.
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1. Background

1.1. Data assimilation

The ensemble Kalman filter is a powerful method

for sequentially updating estimates of model variables

and for assimilating various types of data. One of the

problems with the traditional Kalman filter is the

difficulty of the computation of the covariance of the

model parameters, which is necessary for ensuring

that each adjustment to current model parameters does

not destroy the match to previous observation. The

updated covariance matrix needs to be constructed

and stored each time a new set of data are assimilated.

A second problem with the traditional Kalman filter is

that it is necessary to compute the sensitivity of data to

model variables, as in many history matching algo-

rithms (see Bissell et al., 1994; Oliver, 1994; Chu et

al., 1995; Omre et al., 1996; He et al., 1997; Gosselin

et al., 2001; Li et al., 2003). This computation makes

the traditional Kalman filter impractical for even

moderate-sized reservoir problems. Eisenmann et al.

(1994) and Corser et al. (2000) have attempted to

apply the traditional Kalman filter to reservoir

characterization problems, but the applications have

been restricted to problems with small number of

parameters and the relationships between observation

and model parameters were nearly linear.

The ensemble Kalman filter method was first

introduced by Evensen (1994). One way to explain

the algorithm is to describe the steps in its application.

It begins with the generation of an ensemble of initial

models (typically 40–100) consistent with prior

knowledge of the initial state and its probability

distribution (uncertainty). For flow problems, each

of the reservoir models is advanced to the time of

the next observation using a reservoir simulator. The

covariance of model variables, which is needed for

the Kalman filter, could be estimated directly from the

ensemble of states. It is never necessary, however, to

compute the covariance explicitly as only a few

columns are needed for updating of the model

variables. Anderson and Anderson (1999) described

the model updating step of EnKF within the Bayesian

framework of matching data as well as honoring prior

model probability distributions. When the number of

ensemble states is large enough and the problem is

nearly linear, the ensemble of vectors in the EnKF
method is able to correctly assess uncertainty in the

distribution of model parameters. Even when the

initial ensemble members are from the correct

distribution, the resulting conditional realizations can

still be reasonable if the dimension of the subspace is

large enough (Wen and Chen, 2005).

The ensemble Kalman filter has been developed

and successfully applied mainly in the fields of

physical oceanography and meteorology. Houtekamer

and Mitchell (2001) have applied the EnKF to

assimilate over 100,000 weather observations in a

simplified weather model with 409,600 variables. In

their study, they introduced a technique for global

EnKF analysis and covariance estimation. Anderson

(2001) demonstrated the ability of a modified

ensemble Kalman filter to assimilate data in a problem

with a state vector much larger than the number of

ensembles. Evensen (2003) recently provided a

comprehensive review of the progress on the appli-

cation of the ensemble Kalman filter since its

introduction by Evensen (1994).

This method is now beginning to be applied in

other fields, including groundwater hydrology

(Reichle et al., 2002) and petroleum engineering.

N&vdal et al. (2003) applied ensemble Kalman filter

techniques for continuous model updating on two 2-

dimensional 3-phase reservoir problems. One was a

synthetic model with two producers and one injector,

the other model was a simplified model of a North Sea

oilfield. The measurements in both cases included

well pressure, oil rates, GORs, and water cut. The

reservoir models were updated by assimilating pro-

duction data at least once a month and also when a

well began production or was shut in. They found that

the predication of future performance from the

ensembles improved with more data assimilated; the

permeability estimate, however, became worse. Gu

and Oliver (2005) applied the EnKF to the PUNQ-S3

problem (Floris et al., 2001). They found that the

method was quite efficient compared to the gradient-

based methods and provided a reasonable estimate of

uncertainty.

1.2. Geostatistical facies model

The truncated pluri-Gaussian model was intro-

duced by Le Loc’h et al. (1994) and Galli et al. (1994)

as a more flexible alternative to the standard truncated
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Gaussian model for describing facies distributions

with complicated facies arrangements. Le Loc’h and

Galli (1997) discussed problems with the implemen-

tation of the algorithm, including practical structural

analysis and conditional simulations to facies propor-

tions. Lantuéjoul (2002) discussed the problem of

conditioning truncated pluri-Gaussian models to

facies observations more extensively. Assuming

known threshold parameters, a Gibbs sampler was

used with the truncated pluri-Gaussian method to

generate reservoir realizations conditional to facies

observations.

The problem of history matching of reservoir

models with unknown geologic facies boundaries

has been studied less frequently than the problem of

history matching to rock properties (Rahon et al.,

1996; Bi, 1999; Landa et al., 2000). Liu and Oliver

(2003) applied a gradient-based method to the

problem of conditional simulation of facies bounda-

ries generated from the truncated pluri-Gaussian

method. They carried out a five-spot water-injection

case study in which more than 73,000 model variables

were conditioned to bottom-hole pressure data at

wells. The adjoint method was used for gradient

computation, and a quasi-Newton algorithm was used

for minimization. Thirteen iterations were required for

the objective function to decrease to less than 2% of

its initial value; this is approximately equivalent to

about 52 simulation runs.
2. Theoretical framework

2.1. Truncated pluri-Gaussian method

The truncated pluri-Gaussian method is composed

of two essential elements: Gaussian random fields,

and truncation threshold lines. In the first step for

simulating a facies field, two random Gaussian fields

Y1 and Y2 are generated based on the geological

spatial features, so that each gridblock is assigned two

Gaussian variables. In the second step, facies are

assigned to gridblocks depending on the region of the

truncation threshold map occupied by Y1 and Y2.

We have elected to use three intersecting lines as

truncation thresholds. Three non-parallel randomly

generated lines that do not all intersect at the same

point divide the plane into 7 regions. A facies type can
be attributed to each region, so up to 7 different kinds

of facies can be modelled with appropriate relative

percentage. We believe that this number of facies will

be sufficient to describe the facies in history matching

problems, but if not, another line could be added.

Each threshold line is described by a rotation angle h
and a distance r from the origin, according to the

following formula:

y ¼ tan h � p
2

� �
x� r

cosh

� �
;

i.e., the threshold line is perpendicular to the line

passing through the origin with the slope h and

intersecting the threshold line at a distance r.

2.2. The ensemble Kalman filter

The basic idea of the ensemble Kalman filter method

is that it is possible to propagate a group of state models

along time using the full nonlinear model dynamics

while adjusting the paths to assimilate to data; the

statistical information among the group of states is used

for model updating. In the following introduction, we

denote Y as a group of ensemble states:

Y ¼ y1; y2; . . . ; yNe

� �
;

where Ne is the number of state vectors in the

ensemble.

The ensemble Kalman filter for assimilating data

consists of two sequential steps. One is the forecast

forward in time based on solution of the dynamical

equations for flow and transport in the reservoir. The

other is data assimilation to update the model by

correcting the variables describing the state of the

system to honor the observations. The state vector in

the ensemble Kalman filter contains all the uncertain

and dynamic variables that define the state of the

system. At a certain time step i, the state vector for the

reservoir model is expressed as:

yi ¼ mi
� �T

; d mi
� �Th iT

; ð1Þ

where mi consists of variables for rock properties and

flow system in every gridblock, d(mi) is the simulated

data from the previous simulation run. The number of

simulated data in the vector d(mi) does not have to be

the same at every assimilation step since it depends on

the number of observation data at time step i.



Fig. 1. The true threshold map used for generation of the true facies

map and all the facies realizations.

Fig. 2. The true facies map with all the well locations denoted by

black dots. The wells are numbered 1 through 18 from the lower left

corner to upper right corner by rows.
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The initial ensemble refers to the collection of

initial state vectors, which are sampled from the prior

probability density function of the state vector before

any data assimilation. The update to each ensemble

member is made using the Kalman update formula:

yuj ¼ y
p
j þ Ke dj � Hy

p
j

� �
; for j ¼ 1; . . . ;Ne ð2Þ

where the superscript p denotes bpredictedQ in contrast
to u, which means bupdatedQ; Ne is the number of

ensemble members, Ke is the ensemble Kalman gain,

and H is the measurement operator that extracts the

simulated data from the state vector yp. If the state

vector is constructed as in Eq. (1), then H has 1’s in

locations corresponding to data and 0’s elsewhere. dj
is the observation data at current time plus noise from

the same distribution as the measurement error:

dj ¼ dobs þ ej; for j ¼ 1; . . . ;Ne: ð3Þ

The ensemble Kalman gain is computed as:

Ke ¼ CY ;eH
T HCY ;eH

T þ CD

� ��1
; ð4Þ

where the covariance matrix of the state vectors at any

time can be obtained from the ensemble members by

the standard estimator:

C
p
Y ;e ¼

1

Ne � 1

XNe

i;j¼1

y
p
i � ȳypð Þ y

p
j � ȳyp

� �T

: ð5Þ

ȳ p is the mean of the Ne ensemble members at the

current data assimilation step. The subscript Y

represents the ensemble of state vectors.
3. Application of the ensemble Kalman filter

This section is intended to provide a general idea of

the application of the EnKF to history matching of

facies distributions. Other publications have provided

more details on implementation of the EnKF (Reichle

et al., 2002; Nævdal et al., 2003; Gu and Oliver,

2005). One key to successful application of the

method is the choice of appropriate variables in the

state vectors. In the truncated pluri-Gaussian method

for simulation of a facies map, the best choice for the

static reservoir variables to be estimated are the

Gaussian fields that define the facies. Observation

data can be facies at well locations and/or production

data such as production/injection rate, down-hole

pressure, GOR, WOR, etc. In the following explan-

ation the simulated data are denoted as dsim.

In this study, all the parameters of the geostatistical

model are assumed to be known, and the variables to

be modified in history matching are the random

Gaussian fields Y1 and Y2. As the hard data measure-

ments do not depend on the dynamic states of the

pressure and the saturation, the state vector for cases

with only facies measurements is yj ={Y1,Y2,dsim}.

The facies measurements can be assimilated one at a

time to simulate the process of oil field development,

in which case dsim is the facies type of the simulated

facies field at the current observation location. When

there are production data in dsim, the state vector



Table 1

Facies observations from each of the 18 wells for the second case of matching facies observations

Well 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18

x 17 49 81 113 33 65 97 17 49 81 113 33 65 97 17 49 81 113

y 25 25 25 25 45 45 45 65 65 65 65 85 85 85 105 105 105 105

facies 1 2 1 3 2 3 3 1 2 1 3 3 1 1 1 3 1 1
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includes the pressure and the saturation in every

gridblock, yj ={Y1,Y2,P,S,dsim}. Both Gaussian fields

have the same size as the reservoir grid, therefore the

size of the state vector is Ny=4ngrid+nd, where nd is

the number of data at each observation time.

3.1. Computation of the ensemble Kalman gain

The ensemble Kalman gain works as a weighting

term for assimilation of the observation data in the
Fig. 3. After replacing the simulated facies Fsim with the facies mismatch f

the threshold map is solved. The second facies observation is matched by al

plot are the threshold lines. The arrows point from the starting locations of t
model updating. As the number of data at each

observation time Nd is normally small, the computa-

tion of the inversion term (HCY,eH
T +CD)

�1 is fast.

Instead of computing the covariance of the state

vectors in Eq. (5), only the product HCY,eH
T is

required, so we define

A ¼ H Dy1;Dy2; . . . ;DyNe
½ � ¼ HDY : ð6Þ

Because of the structure of H, the matrix A consists

of the last Nd rows of DY. Expressing the ensemble
in the state vectors, the problem of facies assignment nonlinearity in

l 50 ensemble members in three update steps. The thick lines in each

he Gaussian variables before update to the end locations after update.
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Kalman gain in terms of A makes the computation

easier to understand:

Ke ¼
1

Ne � 1
DYAT 1

Ne � 1
AAT þ CD


 ��1

: ð7Þ

3.2. Update the ensemble of states

Anderson (2001) suggested that without adding

measurement error to the observation, the resulting

variance of models within the ensemble is too low.

Thus a random error vector eoN (0, CD) is added

to the observation data for each state vector update.

The H matrix does not need to be explicitly

constructed, because Hyj
p is just the simulated data

dsim,j. The updated state vectors are computed as

yuj ¼ y
p
j þ Ke dobs þ ej � dsim;j

� �
: ð8Þ

Eq. (8) is applied to update each of the state vectors

for j =1,. . ., Ne.
Fig. 4. The initial facies map realizations 1
4. Matching facies observations

One concern with the application of the ensemble

Kalman filter to problems of history matching of

facies is that the facies type is a discontinuous

indicator variable, while the Kalman filter method

has an underlying assumption of Gaussian distributed

continuous state variables. In this case study, the

application of the ensemble Kalman filter to a 2-D

facies field with 18 wells drilled in sequence is

investigated. Although the observation data is facies,

and no reservoir simulation is needed in this example,

the wells are assumed to be drilled one by one such

that the facies data are assimilated one at a time. The

key issue in this case is to account for the difference

between the observed facies and the simulated facies

at observation locations when updating the states.

The test case is a reservoir model on a 128�128

grid. The true Gaussian field Y1 is anisotropic with the

principle direction 30 west of north. The range in the

principle direction is about the width of 20 gridblocks,

and twice the range in the perpendicular direction.
–6. The black dots are well locations.



Fig. 5. The facies map realizations 1–6 that match the facies observations from all 18 wells.

Fig. 6. The true facies map for the 2-D case study of matching both

the facies observations and the production data. This facies map is a

50�50 square taken from the 128�128 true facies map in the case

study of matching 18 facies observations.
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The second true Gaussian field Y2 is isotropic with a

range of about the width of 20 gridblocks. Three

facies are present in the field, which are denoted as

facies 1, 2, and 3. Unconditional facies maps are

generated by truncating two unconditional Gaussian

fields Y1 and Y2 using the threshold map shown in

Fig. 1. The true facies field is shown in Fig. 2. The

facies observations are listed in Table 1 with the well

number and locations.

The state vectors are formulated as {Y1,Y2,Fsim}. If

the data are assimilated one at a time, the size of the state

vectors is 2�ngrid+1, where ngrid is the total number of

gridblocks in the reservoir model. After generating the

ensemble of Gaussian fields, truncation is applied to

generate facies maps for each ensemble state. As facies

is an indicator variable, no observation error is

considered in this study. As a result, the updated data

in the state vectors always match facies observations.

However, because the relation between the Gaussian

fields and the facies map is not linear, the Gaussian

model variables are not always consistent with the

observation after updating. Modifications to the Gaus-

sian variables in the update step is based on a linear
approximation to the relationship of the Gaussian

variables to simulated facies. Multiple iterations on

assimilation of the same data are sometimes necessary to



Table 2

Properties of each the litho-facies in the synthetic problem

Index Facies 1 Facies 2 Facies 3

Permeability (md) 174.0 80.0 372.0

Porosity 0.18 0.146 0.25
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make the Gaussian fields in the state vectors consistent

with the observations. The nonlinearity is primarily a

result of the discontinuous nature of the facies assign-

ment. Increasing or decreasing of the Gaussian variables

Y1 and Y2 may not necessarily increase/decrease the

values assigned to each facies type.

For the same reason, updating the Gaussian fields to

match the current facies observation may quite

possibly destroy the match to the previous assimilated

facies observations. Thus after assimilating all the

data, the state vectors are checked over to see if all the

state vectors match the facies data. If not, the process is

iterated until all current and previous data are honored,

or until improvement stops. As the relation between

the facies type and the Gaussian variables is highly

nonlinear, some of the prior ensemble members cannot
Fig. 7. The initial facies maps from the ensemble members 1, 20, 40, 60, 8

study. Well locations are denoted by the black dots.
be adjusted to match all the facies observations by

simply iterating on the data. When the magnitude of

the measure of total facies mismatch for the ensemble

stops decreasing, the ensemble members with remain-

ing facies mismatch are dropped from the ensemble.

In this example, the threshold map is divided into

three facies types as shown in Fig. 1. One difficulty

with the application of the Kalman filter is that facies

type is not numerical, so computation of data

mismatch is problematic. One solution to this problem

is to define the facies mismatch f instead of the

simulated facies in the state vectors. The facies

mismatch is defined as:

f ¼ 0; Fsim ¼ Fobs

1; FsimpFobs:

�

Consequently, the state vector update step

becomes:

yuj ¼ y
p
j þ Ke 0� fð Þ ¼ y

p
j � Kef ;

where the zero in the first line results from taking the

difference between the observed facies and itself. The
0, and 100 that matched the facies observations in the previous case



Fig. 8. The final facies maps from the ensemble members 1, 20, 40, 60, 80, and 100 after matched both the production data and the facies

observations. Well locations are denoted by the black dots.

Fig. 9. The averaged variance of the Gaussian fields vs. the numbe

of data assimilations.
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first plot in Fig. 3 shows the modification to the

Gaussian variables at well 2 in the first iteration for

each of the ensemble members that does not match the

observed facies. The facies assigned to each region

has been labeled as F1, F2, or F3. The threshold map

(Fig. 1) shows that the probability for the Gaussian

variables to fall into facies 2 regions is smaller than

the probability of falling into other facies regions as

the facies 2 regions are further from the origin. In fact,

45 of the 50 initial ensemble members do not have

facies 2 at well 2 before data assimilation. In the first

iteration of model updating, 31 ensemble members are

corrected to simulate facies 2 at the observation grid

(49, 25). Three iterations are required for all the

ensemble members to simulate facies 2 at grid (49,

25). The bottom right plot in Fig. 3 shows the final

locations of the Gaussian variables at grid (49, 25).

It was not possible to match all facies observations

using 50 ensemble members, so we increased the size

of the initial ensemble to 120, and 112 final facies maps

are obtained matching all 18 facies observations. Fig. 4

shows 6 initial facies maps while Fig. 5 shows the
corresponding final facies maps that honor all facies

observations. The final facies maps have developed

many common features. If the objective is to generate

model realizations that honor the data, then 120 initial

ensemble members are sufficient for this facies-

matching problem. Liu and Oliver (2005) applied the
r



Fig. 10. Key for interpretation of box plots. The square in the center

of the box indicates the mean value.
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EnKF to a 2-D water flood history-matching problem

to condition reservoir models to both facies observa-

tions and production data. In their study none of the 20

history matched ensembles of 40 members correctly

predicted the lack of water breakthrough on a future

day for one well. A large history matched ensemble of

800 members did provide a distribution water cut

values that included the truth. The matched models in

the EnKF method are limited to the subspace defined

by the initial ensemble of state vectors, so the

variability within the initial ensemble is vital for

uncertainty quantification. The required number of

ensemble members is also dependent on the number

of data, the level of noise in the data, and the degree of

independence of the data. When the number of

independent data is small or when the data are noisy,
Fig. 11. The injection rates over the 195 days production history from the

shows the observed data.
a small number of ensemble members may be

sufficient.
5. Matching hard data and production data

The purpose of this second example is to

demonstrate the application of the EnKF to the

problem of history matching to production data for a

reservoir with unknown facies boundaries. The true

reservoir model is discretized on a 50�50 grid with

4 producers and 1 injector, as shown in Fig. 6.

Facies 1 is dark grey, facies 2 is light grey, and

facies 3 is white. The rock properties for each facies

are shown in Table 2. Bottom hole pressures are

fixed at 5000 psia for the injector (well 1) and at

1500 psia for producers. The field is produced for

195 days and the rates at all wells are recorded every

15 days beginning at day 15. Well 3 has water

breakthrough on day 183. In this case, there are 14

data for each assimilation step, which include 1

injection rate, 8 production rates (oil and water), and

5 facies observations. Every member of the initial

ensemble honors facies observations at the well

locations. Six out of 100 initial facies fields used

in the initial ensemble for matching production data

are shown in Fig. 7.

We keep the facies observations in the ensemble

states, because updating of the Gaussian fields from

matching production data may change the facies type

at well locations. Once the facies type at a well

location is wrong, the Kalman correction to the

Gaussian fields can become large, and may cause
initial ensemble (left) and the final ensemble (right). The thick line



Fig. 12. The oil rate of well 2 over the 195 days production history from the initial ensemble (left) and the final ensemble (right). The thick line

shows the observed data.
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over-shoot of the Gaussian variables. An iteration step

over the facies observations is made after each model

update to ensure the rock properties at well locations

are always correct.

Fig. 8 shows 6 out of the 100 facies maps from the

final ensemble members after assimilating all the

production data. Each of the final facies maps shown

has kept some features from the initial state, but some

common features have developed among the ensem-

ble members. Some of the common features do not

exist in the true facies map.

The variability of the final ensemble has obvi-

ously been reduced and the subspace spanned by the

ensemble members does not seem to include the true

facies map. The variance of the Gaussian variables

can be used to quantify the reduction in variability

due to data assimilation. At every gridblock, we

compute the variance over the ensemble, then
Fig. 13. The oil rate of well 3 over the 195 days production history from th

shows the observed data.
compute the average variance over all grids, and

plot the results as shown in Fig. 9. Prior to data

assimilation, the realizations of Y1 and Y2 should

have variance close to 1. After matching the facies

observations, the average variances for the two

Gaussian fields have decreased from 1 to less that

0.4, and 0.7, respectively. After assimilating the

production data, the variances decreased to less than

0.3. The reduction of the average variance for both

Gaussian fields in all the ensemble members

indicate that the variability among the ensemble

members have reduced and the ensemble members

have become more and more similar with data

assimilation.

Box plots are used to represent the distribution of

the simulated production data from all the 100

ensemble members over the 195 days of production.

Fig. 10 shows the key for interpretation of box plots.
e initial ensemble (left) and the final ensemble (right). The thick line



Fig. 14. The oil rate of well 4 over the 195 days production history from the initial ensemble (left) and the final ensemble (right). The thick line

shows the observed data.
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The simulated rates and the observed data are plotted

together in Figs. 11–16. The box plot on the left of

Fig. 11 shows the injection rates from the initial

ensemble conditional only to facies observations. The

observed injection rate is plotted as the thick line. The

distribution of injection rates from the 100 final

reservoir models is much narrower than the initial

distribution and almost centered at the observed data

(Fig. 11, right).

The distributions of the oil rates from the final

ensemble are shown in Figs. 12–16; they are all much

narrower and closer to the observed data. Fig. 16

shows the water rate of well 3 over the 195 days

production history from both the initial and the final

ensembles. Only a few of the initial 100 states have

water breakthrough within 195 days. After data

assimilation, almost all the reservoir models have

breakthrough in 195 days.
Fig. 15. The oil rate of well 5 over the 195 days production history from th

shows the observed data.
The histograms in Fig. 17 compare the squared

data mismatch from the initial ensemble with that

from the final ensemble. On average, the squared data

mismatch has been reduced to 16.5% of the initial

values. The best reduction is to 4.9% and the worst

one is to 49.2%. The quality of the match to the data is

not as good as one could expect from consideration of

the level of noise added to the data. In a previous

study, Liu and Oliver (2005) compared the quality of

the data mismatch for 20 independent facies model

realizations generated using an adjoint-based gradient

method, with the quality of the data mismatch from 20

independent history matched ensembles of 40 mem-

bers generated using EnKF. The EnKF models were

superior over the gradient based method in matching

the data. We attribute the fact of relatively high data

mismatch in both methods to the nature of our

problem; the facies is a discontinuous variable, and
e initial ensemble (left) and the final ensemble (right). The thick line



Fig. 16. The water rate of well 3 over the 195 days production history from the final ensemble. The thick line shows the observed data.
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gradients of the objective function with respect to the

Gaussian fields Y1 and Y2 were approximated by

adding a transition zone between different facies.
6. Conclusions

The primary goal of this paper was to investigate

the applicability of the ensemble Kalman filter to the

problem of history matching of facies locations—a

problem for which the EnKF might not be an

appropriate choice. The facies is an indicator variable,

and hence not differentiable or Gaussian. By a proper

choice of state variables, however, for instance using

the Gaussian fields instead of the facies and using an

appropriate definition of facies mismatch instead of

facies type, history matching of facies locations is

possible with EnKF. The results from both case

studies are satisfactory, which establishes the useful-
Fig. 17. The histograms of squared data mismatch from the 100 init
ness of EnKF in solving reservoir history matching

problems with geologic facies.

The relationships between the data and the state

variables are nonlinear in both the history matching

and the facies matching examples. When matching

facies observations, it was necessary to enforce the

data constraints iteratively. Fortunately, there was no

need to compute the gradient or the state covariance

explicitly, so the cost of the iterations was negligible.

In the history matching problem, the 2-D facies

maps at the end of data assimilation are much

different from the initial facies maps, while consistent

with the data assimilated in early time. This fact is

encouraging for the use of the ensemble Kalman filter

method in reservoir history matching. When the early

production data need to be reinforced to the ensemble

states, it may be necessary to iterate on the data

assimilation with the final states which would require

rerunning the reservoir simulations from early time.
ial ensemble states (left) and the final ensemble states (right).
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The squared data mismatch for history matching

was on average reduced to 16% of its initial value

after assimilating production data. The uncertainty of

the model variables conditional to data appears to be

underestimated, as the subspace spanned by the final

states does not include the true facies map.

The EnKF algorithm was highly efficient from the

standpoint of computational cost and software devel-

opment. Once the algorithm is fully understood, it

only takes a few days to write the EnKF code for

data assimilation. The amount of computation time

for generating 100 reservoir facies models condi-

tional to production data is the time required for 100

reservoir simulations plus some overhead for the

update of Kalman states after each data assimilation.

Although the uncertainty from a single ensemble

appears to have been underestimated, comparison of

uncertainty estimation between the EnKF and the

gradient-based history-matching algorithms should

probably be based on the distributions from multiple

ensembles.
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