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Abstract
Automatic history matching of both production data and time-lapse seismic data to achieve reservoir characterization with
reduced uncertainty has been extensively studied in recent years. Feasible applications, however, require either the adjoint method
or the gradient simulator method to compute the gradient/Hessian matrix of the objective function for the minimization algorithm.
Both methods are computationally expensive when either the number of model parameters or the number of observed data is large.
In this paper, the ensemble Kalman filter (EnKF) is used to history match both production data and time-lapse seismic
impedance data. EnKF uses a set of reservoir models as input; continuously updates the models by assimilating observation data
whenever they are available; and outputs a number of “history-matched” models that are suitable for uncertainty analysis. Since
EnKF does not require the adjoint code, it is independent of reservoir simulators. A small synthetic case study was conducted,
which shows the possibility of integrating both time-lapse seismic data and production data using the EnKF for reservoir
characterization. The observed data are matched very well, and the true model features are recovered. The estimated porosity field
is better than the estimated permeability field because seismic data are directly sensitive to porosity but only indirectly sensitive to
permeability. The improved initial member sampling algorithm helps to keep large variance space within ensemble members,
ensuring stable filter behavior.
© 2006 Elsevier B.V. All rights reserved.
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1. Introduction
The purpose of history matching is to adjust the
parameters, such as permeability and porosity, in a
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reservoir simulation model to enable the computed
histories, such as water production rate, oil production
rate, and time-lapse seismic data, to have reasonable
closeness with the observed histories (Reviewer 2,
Comment 3). The matching process typically involves
the minimization of an objective function derived from
either the weighted least-square method or the Bayesian
framework (Tarantola, 1987). If non-gradient based
minimization methods are used to minimize the
objective function, thousands of simulation runs,
which evaluate the objective function at each iteration
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step, are usually needed to find the global minimization
point. When model size becomes large, it tends to be
prohibitive to apply the non-gradient based minimization methods due to highly demanding simulation runs.
If gradient based methods are chosen, for example the
limited memory Broyden–Fletcher–Goldfarb–Shanno
(LBFGS) method (Nocedal, 1980), the adjoint method
may be employed to compute the gradient. The adjoint
equations, however, are highly dependent on the
reservoir simulator, i.e., they require access to the
source code of the simulator. If switching to a different
reservoir simulator, it is necessary to revise or even
rewrite the adjoint equations, which would be very timeconsuming.
On the other hand, with increasing deployment of
permanent sensors to monitor pressure, temperature, or
flow rate, the observed data become dense in time
domain. It is more important to keep the model up-todate by assimilating the observed data as soon as they
become available rather than simultaneously incorporating all the data to provide a set of reservoir simulation
models. Although the sequential data assimilation can
also be realized by minimizing the objective function, it
is not computationally preferable because either the
adjoint code is required or the time consumed for one
minimization process is too long. Therefore, an
investigation of alternate automatic history matching
methods is worthwhile.
Historically, the Kalman filter (Kalman, 1960) is the
most widely used sequential data assimilation method.
Although it “represents the most widely applied and
demonstrably useful result to emerge from the state
variable approach of modern control theory” (Sorenson,
1985), it is inapplicable to non-linear systems. Since the
reservoir simulation equations are highly non-linear
when multiple phases co-exist, the Kalman filter is
inappropriate for the typical automatic history matching
problems in reservoir characterization. In 1994, Evensen
(1994) introduced the ensemble Kalman filter (EnKF)
that can be applied to the non-linear systems. The EnKF
is independent of reservoir simulators and does not
require the adjoint code. It outputs a set of estimated
models, which are suitable for uncertainty analysis.
After its debut in 1994, the EnKF has achieved a number
of successful applications in meteorology (Anderson
and Anderson, 1999; Evensen and van Leeuwen, 1996;
Evensen, 1996, 2003; Hamill and Whitaker, 2001;
Houtekamer and Mitchell, 1998, 2001). Recently,
applications of the EnKF can also be found in hydrology
(Reichle et al., 2002) and petroleum engineering (Gao et
al., 2005; Gu and Oliver, 2005a,b; Liu and Oliver, 2005;
Nævdal et al., 2002, 2005; Wen and Chen, 2005).

2. Ensemble Kalman filter
The basic methodology of the EnKF consists of the
forecast step and the assimilation step. The forecast step
is to advance the state vectors from the current time
(Reviewer 1, Comment 1) step to the next time step. The
state vector contains the variables required to describe
the system. The assimilation step is to adjust all the
variables in the state vectors to honor the observed data.
In reservoir characterization, the forecast step is
achieved by using a reservoir simulator. Therefore, the
state vector typically includes porosity, log permeability,
pressure, and phase saturations at each simulation
gridblock. Besides those model variables, the state
vector also includes the computed data, such as the
reservoir response and time-lapse seismic data. If the
number of gridblocks is Nm and the number of computed
data is Nd, the dimension of the state vector y is 4 × Nm +
Nd for a water–oil system with capillary pressure
neglected (Reviewer 1, Comment 2). The forecast step
can be written as
ypk; j ¼ f ðyuk−1; j Þ ð j ¼ 1; 2; : : : ; Ne Þ;

ð1Þ

where u denotes “updated”, p denotes “predicted”, f
denotes the reservoir simulator, k is the time step index, j
is the ensemble member index, Ne is the number of
u
ensemble members (Reviewer 1, Comment 3), yk−1,j
is
the jth updated state vector after the data assimilation at
p
the time step k − 1, and yk,j
is the predicted state vector
based on all available information prior to the time step
k. Note that only dynamic variables, i.e., pressure and
saturation, and the computed data, change between k − 1
and k. The static variables, i.e., porosity and permeability, remain unchanged. They are adjusted as well as the
dynamic variables at the assimilation step.
Suppose that some measurements are obtained at the
time step k,
dobs;k ¼ dtrue;k þ ek ;

ð2Þ

where dobs,k is the noise corrupted observation vector
from the “true” observation and ϵk is the measurement
noise with dimension equal to Nd × 1, is usually
assumed to be Gaussian. The covariance matrix of ϵk
is CD,k = E[ϵkϵkT], with dimension equal to Nd × Nd, is
typically assumed to be diagonal if only production
observations are used. By assimilating the observation,
the state vectors are updated using Eq. (3),
yuk; j ¼ ypk; j þ Ke;k ðdobs;k; j −Hk ypk; j Þ

ð j ¼ 1; 2; : : : ; Ne Þ:
ð3Þ
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In Eq. (3), dobs,k,j is the perturbed observation vector
for the jth ensemble member by adding random noise to
the observation dobs,k (Burgers et al., 1998). Hk = [0|I] is
the operator matrix with dimension equal to Nd ×
(4 × Nm + Nd). The first 4 × Nm columns are filled with
p
zeros. Hkyk,j
extracts the computed data from the jth
state vector corresponding to its observations and does
not involve any matrix multiplication. Ke,k is called
the Kalman gain matrix with dimension equal to
(4 × Nm + Nd) × Nd. It is computed from the ensemble
members using Eq. (4),
p
p
HkT ðHk Pe;k
HkT þ CD;k Þ−1 ;
Ke;k ¼ Pe;k

ð4Þ

where e denotes “ensemble”. In Eq. (4), Pe,k is the
covariance matrix computed from the ensemble
members,
Ne 

1 X
p
Pe;k
¼
ypk;j − ȳ pk ðypk;j − ȳ pk ÞT
Ne −1 j¼1
1
DY p ðDYkp ÞT ;
¼
ð5Þ
Ne −1 k
where ȳ kp is the averaged state vector and ΔY kp consists
of Ne column vectors, each of which is the difference
between an ensemble state vector and the averaged state
vector. Applying Eq. (5) to Eq. (4) gives
Ke;k ¼

1
DY p ðHk DYkp ÞT
Ne −1 k

−1
1
Hk DYkp ðHk DYkp ÞT þ CD;k

:
Ne −1

ð6Þ

Eq. (6) is computationally efficient because only
ΔY kp needs to be formed and stored instead of the whole
covariance matrix and HkΔY kp does not involve matrix
computation. The EnKF algorithm is outlined as
Step 1 Advance the ensemble state vectors in time
using the reservoir simulator. Fill the vectors
with initial values if it is the first time step.
Step 2 At the time step k when the observations are
available, stop advancing and fill the state
vectors with the current model variables and
computed data.
p
Step 3 Compute
PNe pthe averaged state vector using ȳ k ¼
1
j¼1 yk;j .
Ne
Step 4 Form ΔYkp and take entries from ΔY kp using
Hk, which is HkΔY kp.
Step 5 Compute the Kalman gain matrix using Eq. (6).
Step 6 Update the ensemble state vectors using Eq. (3).
Step 7 If it is the final step, STOP. Otherwise, go to
Step 1.
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3. Integration of time-lapse seismic impedance data
The time-lapse seismic impedance data come from
the time-lapse seismic, which typically consists of two
seismic surveys shot at the same location but at different
times (Reviewer 1, Comment 4). Each survey provides
one seismic impedance data set. The definition of the
seismic impedance is
rﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
4
ð7Þ
Z ¼ qVp ¼ qK þ q2 Vs2 ;
3
where Vp is the P-wave velocity, ρ is the body density, K
is the bulk modulus, and Vs is the shear wave velocity.
Although Eq. (7) computes the P-wave impedance, the
term “seismic impedance” is exclusively used because
the P-wave impedance is the only impedance used in
this work. To calculate the seismic impedance using the
reservoir simulator output, such as pressure and
saturation at each gridblock, requires ρ, K, and Vs,
which are obtained by applying rock physics models
(Dong and Oliver, 2005). In this synthetic study, both
the observed and the computed impedance data were
computed using the Gassmann (1951) and Han et al.
(1986) equations. Some previous work on history
matching of time-lapse seismic data, for example
Huang et al. (1997), also used the Gassmann equations
(Reviewer 2, Comment 1). Table 1 gives some rock
properties that are assumed to be known without
uncertainties throughout the computation. The constant
bulk moduli of oil and water were used because no gas
phase exists in the synthetic water–oil problem so oil
and water properties do not change much with pressure.
However, to consider changes in bulk moduli of water
and oil only requires minor modification in rock physics
models used to calculate K and Vs in Eq. (7) and does not
change the EnKF framework (Reviewer 2, Comment 5).
Since an impedance datum at one gridblock is
computed using only the pressure and saturation at the
gridblock, the observation noise covariance matrix CD,k
is still reasonably assumed to be diagonal. For real case

Table 1
Parameters used for seismic impedance calculation
Parameter

Value

Shaliness
Sand modulus (Pa)
Clay modulus (Pa)
Density of solid (kg/m3)
Modulus of water (Pa)
Modulus of oil (Pa)

0.2
3.8 × 1010
2.12 × 1010
2650
2.39 × 109
6.71 × 108
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Fig. 1. True log permeability and porosity.

studies, however, a non-diagonal CD,k probably needs
to be constructed (Aanonsen et al., 2002, 2003).
In this work, the time-lapse seismic impedance data
were assimilated as data sets from two separate seismic
surveys. Because seismic impedance data are much
more sensitive to porosity than to permeability (Dong
and Oliver, 2002), the porosity field was recovered
better than the permeability field in the synthetic case
study. For the impedance data from the first seismic
survey, the EnKF assimilated them one by one, which
is: (1) extract variables from global state vectors
corresponding to one gridblock to form local ensemble
state vectors for the same block and assimilate the
seismic impedance datum at that place; (2) adjust
variables belonging to the gridblock in the local state
vectors and repeat Step 1 and Step 2 until all gridblocks
are covered (Reviewer 2, Comment 6); (3) gather the
locally adjusted state vectors to form the updated
global state vectors and advance them in time. As the
first seismic survey is at the fairly early stage of
production, the fluid flow field is barely constructed.
Thus, the sensitivity correlation of seismic impedance
data across gridblocks is still quite weak, which makes
this one-by-one assimilation scheme suitable (Reviewer
1, Comment 5). For the second seismic survey, the
EnKF assimilated all the impedance data simultaneously because our study showed that there was a
sensitivity connection across the whole reservoir
model arising from the fluid flow.

population covariance (Evensen, 1994, 2003), so to use a
large number of ensemble members is presumably better
than to use a small number of ensemble members.
Considering the computation expense, however, the
number of ensemble members must be kept reasonable.
Since the adjustments in the EnKF are within the space
spanned by the ensemble members, a small number of
members may not be able to provide large enough
adjustment freedom, resulting in filter divergence
(Anderson, 2001; Anderson and Anderson, 1999; Evensen, 1994, 2003, 2004; Houtekamer and Mitchell, 1998).
In this work, the improved initial member sampling
algorithm (Evensen, 2004) was used. The resampled
members generated from the algorithm kept the sample
statistics introduced by the original large ensemble set.
They provided larger adjustment space than that from
same number of ensemble members by sampling the

4. Improved initial member sampling
The EnKF uses the sample mean and sample
covariance to approximate the population mean and

Fig. 2. True water saturation distribution at day 200.
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Fig. 3. Water rate (STB/day) at the injector before and after the EnKF (M128 group).

prior probability density function (hereafter pdf) and
ensured a stable filter behavior. The sampling algorithm
is:

Step 8 Adjust ΔYe to ensure that its mean is zero and its
variance meets the requirement.
Step 9 Use ΔYe to start the EnKF loop.

Step 1 Generate NT ensemble members by drawing
samples from the prior pdf and compute the
corresponding difference matrix ΔY.
Step 2 Perform the Singular Value Decomposition
(hereafter SVD) of ΔY, ΔY = UΛVT, where U
is the left orthogonal matrix, V is the right
orthogonal matrix, and Λ is a diagonal matrix
with the singular values of ΔY as its diagonal
entries.
Step 3 Choose the first Ne largest singular values from Λ
and store them into the matrix Λe. Correspondingly, the first Ne column vectors of U are chosen
and saved into the matrix Ue.
Step 4 Generate an Ne × Ne random matrix by sampling
the standard normal distribution N(0, 1).
Step 5 Perform the SVD of the random matrix and save
its right orthogonal matrix to the matrix Ve.
Step 6 Compute the small-size difference matrix, ΔYe =
UeΛeVeT.
pﬃﬃﬃ
Step 7 Scale ΔYe by dividing a, where α = NT/Ne.

To note that when large models are considered, the
SVD of ΔY may take substantial amount of time
because the length of state vector becomes quite large.
Thus, some special SVD schemes need to be considered,
for example, parallel SVD, to keep the computational
efficiency of the Improved Initial Member Sampling
algorithm (Reviewer 1, Comment 6).
5. Synthetic case study
This is a 2D, 2-phase, water flooding problem. The
reservoir simulation model has 16 × 16 gridblocks, each
of which has equal volume, 60 × 60 × 40 ft3. There are 5
wells: 1 injector at the center and 4 producers at the four
corners. All 5 wells have constant bottomhole pressures
so that only variable water injection rate and water–oil
production rates are available to be assimilated as
production data in the EnKF. The reservoir produces
200 days. The first seismic survey is at day 1 and the
second is at day 198. The production data, 5 water rates

Fig. 4. Water rate (STB/day) at the well Prod-1 before and after the EnKF (M128 group).
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and 4 oil rates, are assimilated every 10 days from day
10 to day 200. The seismic impedance data are assumed
to be available at each gridblock so the total number of
seismic data for each seismic survey is 256.
Both the true permeability field and the true porosity
field that provide the observed seismic and production
data were generated using the Cholesky decomposition
of the model covariance matrix (Oliver, 1994; Ripley,
1981). The variogram model used to construct the

covariance matrix is an exponential model with its two
principle directions along 90 and 0 directions (Deutsch
and Journel, 1992). The ranges are 9 and 6 gridblocks
respectively. The log permeability mean is 5.5 (245 md)
and the porosity mean is 0.2. The standard deviation of
the log permeability is 0.5 and that of the porosity is
0.02. The correlation coefficient between the log
permeability and porosity is 0.5. The same variogram
model was also used to generate the initial ensemble

Fig. 5. Oil rates (STB/day) at the producers before and after the EnKF (M128 group).
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Fig. 6. Cross plots of seismic impedance (M128 group).

members by inputting different random numbers
sampled from N(0, 1) (Oliver, 1994; Ripley, 1981)
(Reviewer 2, Comment 7). Fig. 1 shows the true log
permeability and porosity fields. The 4 black points in
Fig. 1(a) stand for the 4 producers and the centered gray
point denotes the injector. The water saturation
distribution at day 200 is shown in Fig. 2. The producer
at the left lower corner (hereafter well Prod-1) has water
breakthrough.
Two ensembles were used as initial members for the
EnKF independently to compare the effects from
improved initial member sampling algorithm. One
ensemble has 128 members generated by directly
sampling the prior pdf. The other one also has 128
members, which were re-generated from a 256-member

group. They are called M128 group and M128F256
group respectively in the following sections. In the two
cases using those two groups, same observations were
used. Local data assimilation was used for both cases to
assimilate the first seismic data set.
5.1. Results from M128 group
In Fig. 3, water injection rate at the injector is
shown, where the red lines go through all observed
water injection rates and all blacks lines are computed
data from all ensemble members. Following the
traditions in reservoir simulation, water injection rate
is shown as negative. Before the EnKF, it can be seen
that the variation in injection rates is large, especially at

Fig. 7. Final mean of log permeability and porosity (M128 group).
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the early time (Fig. 3(a)). After the EnKF, the injection
rates at all ensemble members become closer to the true
rate, see Fig. 3(b).
Fig. 4 shows the water production rates before and
after the EnKF in the well Prod-1. From the red lines, it
can be seen that the true model has water breakthrough
around day 180. Before the EnKF, a few of ensemble
members cannot capture the correct timing, see Fig. 4
(a). After the EnKF, all ensemble members have both
correct water breakthrough time and water production
rate afterward (Fig. 4(b)). The three other wells do not
have water breakthrough, so only oil production rates
need to be honored. Fig. 5 shows the oil production
rates at all 4 production wells. After the EnKF
(Reviewer 1, Comment 7), the oil production rates
from all ensemble members are distributed more
closely around the observations.
The two seismic impedance data are also honored
very well after the EnKF, which can be seen from Fig. 6.
The mean of seismic impedance data from all ensemble
members after the EnKF has very strong correlation with
the observed impedance data. The second impedance
cross plot has more scattered points because in this
example, the initial saturation and pressure were
assumed to be known so that pressure and saturation
distributions have higher uncertainties at the second
seismic survey time than those at the first survey time.
The final mean of permeability and porosity fields
after assimilating all data are shown in Fig. 7. Compared
with the truth shown in Fig. 1, it can be seen that the
porosity field has been recovered very well. Only a few
features of the true permeability field are captured in the
estimate, for example, the high permeability spot
between the injector and the well Prod-1. The reason

Table 2
Regression parameters of porosity, log permeability, and impedance
(M128 group)
Parameter

A

B

R

Porosity
Log permeability
First seismic impedance
Second seismic impedance

− 0.00299
2.90479
6.333 × 105
− 8.435 × 104

1.0146
0.45336
1.09592
1.01278

0.97927
0.42081
0.99975
0.96781

for the large difference is that seismic impedance data
have higher sensitivity to porosity than to permeability
(Dong and Oliver, 2002). This difference is more
obvious from the cross plots shown in Fig. 8. The red
lines in Figs. 6 and 8 are linear regression lines. All have
the same forms, Ytrue/obs = A + B ⁎ Xest./comp. Values of
coefficients A, B and correlation coefficients R are listed
in Table 2. The regression parameters also show that
seismic data have been honored very well; porosity field
has been estimated much better than the permeability
field.
The EnKF continuously adjusts ensemble members
by assimilating observation data to make the mean of
ensemble members closer to the truth. Hence, the
deviation between ensemble members and the truth at
each gridblock can measure how close the estimations
are to the true models. The deviation of each variable
from the truth is defined as
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
u
Ne 
u1 X
ri ¼ t
yi;j −ytrue;i Þ2 ði ¼ 1; 2; : : : ; Nm Þ;
Ne j¼1

ð8Þ

where Ne is the number of ensemble members and Nm is
the number of gridblocks. It is expected to get smaller

Fig. 8. Cross plots of permeability and porosity (M128 group).
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Fig. 9. Evolution of permeability deviation from the truth (M128 group).

with more data assimilation. In Fig. 9, evolution of
permeability deviation from the truth is shown. To have a
better comparison, all plots use the same color scale,
where blue color stands for the lowest value and red color

for the highest value. The initial ensemble members have
high deviation from the truth so most of the field is full of
green and red colors, see Fig. 9(a). At day 1, after the first
seismic data assimilation, the spot previously filled with
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red color in the left upper corner becomes smaller and the
red color changes into yellow color; more gridblocks
have light blue colors, which shows that seismic data
assimilation helps to adjust permeabilities of the

ensemble members toward the true values (Fig. 9(b)).
At day 10, the first production data assimilation day,
more gridblocks reduce their deviation and the red spot
in left upper corner almost disappears (Fig. 9(c)). There

Fig. 10. Evolution of porosity deviation from the truth (M128 group).
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is reduction at the center because the water injection rate
was used. Then, as more data are assimilated, more
reduction is obtained, see Fig. 9(d) and (e). In Fig. 9(f)
and (g), however, some high deviation blocks appear
again, which are from over-adjustments around water
breakthrough time at the well Prod-1. Fortunately, they
are reduced by assimilating the second seismic impedance data, see Fig. 9(h).
The same deviation in Eq. (8) is also computed for
porosity and shown in Fig. 10. Same color scale is used
to provide a clear comparison along the time axis. The
initial deviation map has only red color, see Fig. 10(a),
which shows that even the smallest deviation value in
the initial map is larger than the biggest value in day
198, see Fig. 10(h). As can be seen from permeability
deviation evolution, the porosity also experiences
reduction with more data assimilated, see Fig. 10(b) to
(e). The two seismic impedance data assimilations have
obvious effects: the first one reduces the deviation in all
gridblocks, which makes the red color in the initial map
disappear completely (Fig. 10(b)), and the second one
reduces the high deviation blocks that come from overadjustments around water breakthrough time at the well
Prod-1, see Fig. 10(h), (f), and (g).
Another effective tool to measure the EnKF behavior
is called the integrated Root Mean Square (RMS) error,
which is a distance between ensemble mean and the
truth. The definition is in Eq. (9),
vﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
!2
u
Nm
Ne
u1 X
1 X
t
RMS ¼
yi;j −ytrue;i :
ð9Þ
Nm i¼1 Ne j¼1
Different from the deviation defined in Eq. (8), the RMS
error is a scalar and sums over both ensemble members
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Fig. 12. Mean porosity field after seismic data assimilation at day 1
(M128 group).

and gridblocks. The RMS error of both permeability and
porosity along with time are shown in Fig. 11. From Fig.
11(b), it can be seen that after the first seismic
impedance data assimilation at day 1, the porosity
RMS error drops about one order of magnitude, which is
also reflected through the dramatic reductions in the
deviation maps, see Fig. 10(a) and (b). Between day 1
and day 170, however, production data assimilation
does not provide any substantial changes to the RMS
error, which can also be seen from the deviation maps
shown in Fig. 10(c) to (e), where patterns in all maps are
barely changed. The reason is that seismic impedance
data are so sensitive to porosity that even one data
assimilation has been able to adjust the ensemble mean
to be very close to the true porosity field. The mean
porosity field after seismic data assimilation at day 1 is

Fig. 11. RMS error of permeability and porosity (M128 group).
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Fig. 13. Water rate (STB/day) at the injector before and after the EnKF (M128F256 group).

shown in Fig. 12. Comparing it with the true porosity
field and the mean porosity field at day 200 shown in
Figs. 1(b) and 7(b), it is clear that the porosity estimate
at day 1 is very good. Hence, subsequent production
data assimilation will not provide much information.
Around water breakthrough time at the well Prod-1, day
180 to day 190, the porosity RMS error increases to a
high value, which again decreases after the second
seismic impedance data assimilation at day 198.
For the permeability RMS error, see Fig. 11(a), the
first seismic data assimilation provides a small reduction. It is understandable that the reduction in permeability error is small because at day 1, the flow field is
poorly developed and it is hard for seismic data to
capture permeability. Between day 1 and day 180,
production data assimilation results in a small steady
reduction in the RMS error. That is why in Fig. 9(b) to
(e), more and more gridblocks change colors from green
to blue. Around water breakthrough time at the well
Prod-1, very dramatic oscillations appear. After the
second seismic data assimilation, the permeability RMS
error is reduced back to a value that is just a little bit
smaller than the initial one. Note that the RMS error is
an average of all ensemble members at all gridblocks so
that a few large values can have a large effect on the
value. In Fig. 9(h), about one third of gridblocks are still

in green colors although other blocks are in blue, which
partly explains why improvements in the RMS error plot
are less obvious than in the deviation map.
In this M128 case, both production data and timelapse seismic impedance data have been honored very
well. The porosity field has been recovered successfully.
However, the permeability estimate is poor. The RMS
error of permeability estimate does not reduce much
after assimilating all data and has severe oscillation
around water breakthrough time. This problem can be
solved by increasing the size of the ensemble or by using
the improved initial member sampling algorithm
(Reviewer 1, Comment 9).
5.2. Results from M128F256 group
Water injection rate at the injector is shown in Fig.
13, both before and after the EnKF. As before, red lines
stand for observation and black lines are for ensemble
members. Since water injection rate is also honored
quite well in M128 case, there is not much difference
between Figs. 13(b) and 3(b).
Water production rate at the well Prod-1 before the
EnKF and after the EnKF is shown in Fig. 14. After the
EnKF, water production rate is honored very well, too
(Fig. 14(b)). Oil production rates at all four production

Fig. 14. Water rate (STB/day) at the well Prod-1 before and after the EnKF (M128F256 group).
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Fig. 15. Cross plots of seismic impedance (M128F256 group).

wells before and after the EnKF have only minor
improvements compared to the M128 case, so they are
not shown here. Obviously, the production history
matching is good enough in the M128 case and benefits
little from the improved initial member sampling
algorithm.
Seismic data matching does not gain obvious
changes either (see cross plots in Fig. 15). The
correlation between the observed seismic impedance
and the seismic impedance mean at the time of the first
seismic survey is very strong (Fig. 15(a)). The second
one has relatively more scattered points, but still is well
correlated. The small improvements are reflected
through correlation coefficients of the regression lines
(red lines in Fig. 15), listed in Table 3.
The final mean of permeability field and porosity
field are shown in Fig. 16. Similar to the M128 case,
porosity mean (Fig. 16(b)) is well estimated of the true
field (Fig. 1(b)). Even most of the detailed features are
recovered by the EnKF. The permeability mean (Fig. 16
(a)), however, looks much different from its counterpart
shown in Fig. 7(a). The big blue spot at upper left corner
of Fig. 7(a) is replaced with a small narrow blue stripe in
the same place of Fig. 16(a). At the lower left corner in
Table 3
Regression parameters of porosity, log permeability, and impedance
(M128F256 group)
Parameter

A

B

R

Porosity
Log permeability
First seismic impedance
Second seismic impedance

− 0.00483
1.79454
6.035 × 105
− 8.559 × 104

1.02319
0.67076
1.09131
1.01359

0.97822
0.57235
0.99987
0.96793

Fig. 16(a), more gridblocks have high permeability
values, which is also an improvement.
Cross plots of permeability and porosity between the
truth and the mean are shown in Fig. 17. It can be seen
that correlation between the permeability mean and the
true permeability is better than it was for the M128 case,
i.e., points are less scattered (Fig. 17(a)), which is
clearer from Table 3. All regression lines use the same
forms: Ytrue/obs = A + B ⁎ Xest./comp.
Using the same definition of the deviation in Eq. (8),
evolution of permeability deviation from the truth is
shown in Fig. 18. To have a legitimate comparison to the
same type of plots in the M128 case, Fig. 18 uses the
same color scale. Comparing to the M128 case (Fig. 9
(a)), the initial permeability deviation in M128F256 case
(Fig. 18(a)) has no great improvements. There are two
reasons for the similarity: (1) improved initial sampling
method uses the same prior pdf as conventional
sampling method; (2) the deviation does not directly
measure distances among the ensemble members so
improvements are not obvious although the space
spanned by resampled members is larger than that
spanned by members without resampling. At day 1, the
first seismic data are assimilated, which reduces
deviations in some blocks, see Fig. 18(b). Compared
with Fig. 9(b), the general features of Fig. 18(b) are
almost identical because at day 1, seismic data are not
sensitive directly to permeability field or indirectly
through saturation because flow has not yet occurred.
However, at locations with deviation reduction, it can be
seen that the magnitude of reduction is larger in the
M128F256 case than in the M128 case, i.e., light blue is
replaced with dark blue. This better adjustment comes
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Fig. 16. Final mean of log permeability and porosity (M128F256 group).

from better approximation to the covariance matrix
gained from the resampling algorithm. At day 10, the
first production data are assimilated. The reduction in
the deviation is greater in this case (Fig. 18(c)) than that
in the M128 case (Fig. 9(c)), especially at the lower left
corner and an area to the left side of the injector. Similar
features can be seen from Figs. 18(d) and 9(d). The most
important improvements obtained from resampling the
initial members are around day 180 and day 190, see
Fig. 18(f) and (g). Remember that some blocks have
high deviations again at those 2 days in the M128 case
due to over-adjustments around water breakthrough
time at the well Prod-1 (Fig. 9(f) and (g)). In this case,
however, there is no obvious increase in deviation,

which shows that the resampled initial ensemble
members have sufficient degrees of freedom to capture
the true model parameters even when large changes in
properties are required at water breakthrough. After
second seismic data assimilation at day 198, permeability deviation has more reductions (Fig. 18(h)) compared
with M128 case (Fig. 9(h)), i.e., more regions have dark
blue color. The high sensitivity of seismic impedance
with respect to porosity makes the porosity honored
very well in M128 case so the porosity deviation in
M128F256 case does not improve much and is not
shown here.
It can be seen that the resampled initial ensemble
members have better filter behavior, especially around

Fig. 17. Cross plots of permeability and porosity (M128F256 group).
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water breakthrough time. The over-adjustment problem
can be mitigated to some extent by using the resampled
members. Fig. 19 shows the RMS error defined in Eq.
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(9). It is clearer from Fig. 19(a) that filter behavior
using the resampled initial ensemble members is better
than the M128 case (Fig. 11(a)): (1) there is continuous

Fig. 18. Evolution of permeability deviation from the truth (M128F256 group).
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Fig. 19. RMS error of permeability and porosity (M128F256 group).

reduction in the RMS error between the two seismic
surveys due to production data assimilation; (2)
instability around water breakthrough time is not
severe any more. The plot of the RMS error of porosity
(Fig. 19(b)) still has similar feature as in the M128 case
(Fig. 11(b)). The first seismic data assimilation gives a
large reduction of the RMS error. The subsequent
production data assimilation provides very small
additional reduction to the RMS error because the
estimate is already close to the truth. Around water
breakthrough time, there are some oscillations, but the
second seismic data assimilation returns the RMS error
to a low value comparable with the one before water
breakthrough.
6. Conclusions
The small synthetic case study showed that the EnKF
is a possible alternative method for automatic history
matching both production data and time-lapse seismic
data. Both production data and seismic impedance data
were honored very well. The permeability field was not
well constrained from the seismic data. The estimate of
the porosity field from seismic data integration was
quite good because seismic impedance is very sensitive
to porosity. Production data are necessary to provide
sensitivities to recover the permeability field and to
provide constraints for the simulator.
128 ensemble members were enough for this small
case. For large scale cases, however, a larger ensemble
may be required. Determination of the size requires
more investigation. When seismic data are considered,
research based on some large scale problems are

essential to determine if the EnKF with seismic data is
scalable.
For this small case, the overall cost is 128 simulation
runs plus overhead of matrices computation. However,
for large scale problems, 128 members may be very
demanding in computation resources. Hence, to reduce
the number of ensemble members is a crucial issue for
the EnKF. Therefore, to carefully select initial members
by using improved sampling algorithm is highly
necessary because resampled members can usually
provide large covariance space at the expense of small
ensemble size.
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