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1.1

Introduction

The traditional inverse problem of estimating poorly known parameters in a reservoir
simulation model can be formulated as a combined parameter and state estimation
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problem using a Bayesian framework. The general Bayesian formulation leads to
the standard minimization problem where Gaussian priors allow the problem to be
solved by minimizing a cost function. On the other hand, the general Bayesian problem can also be written as a recursion where measured data are processed sequentially in time, and this recursion is well suited to be solved using ensemble methods.
It is claimed that the recursive formulation leads to a better posed problem than the
original Bayesian formulation, and when solved using the EnKF, the recursion provides an efficient method for solving the combined parameter and state estimation
problem.
The solution workflow of the combined parameter and state estimation problem using the EnKF is described in some detail. The EnKF uses a Monte Carlo
approach for representing and evolving the joint probability density function (pdf)
for the model state and parameters, and it computes the recursive update steps by
introducing an approximation where only the first and second order moments of the
predicted pdf are used to compute the update increments. Each model realization is
updated individually by adding the update increments as in the traditional Kalman
filter. Thus, the EnKF eliminates the need for a re-sampling step as is used in the
more advanced particle filters.
The Ensemble Kalman Filter (EnKF) was introduced by Evensen (1994) for
updating non-linear ocean models. The method is now used operationally in both
oceanography and meteorology and it is being used in a large number of applications where dynamical models are conditioned to additional measured data. There
exist an extensive literature on the EnKF and we refer to Evensen (2006), which
explains the EnKF and its implementation in detail, and references therein.
The proposed method and workflow turn out to work well when applied with a
reservoir simulation model. Contrary to traditional methods, which minimize a cost
function, the EnKF can handle huge parameter spaces, it avoids getting trapped in
local minima, and the recursive formulation is ideal for use in an advanced reservoir
management workflow. The properties of the EnKF are demonstrated in a real field
application where it is illustrated how a large number of poorly known parameters
can be updated and where the uncertainty is reduced and quantified through the
assimilation procedure.
Several publications have discussed the use of the EnKF for parameter estimation
in oil reservoirs, and have shown promising results. Nevertheless, most published
papers present synthetic cases (see e.g. Nævdal et al. 2002), while real field applications have only recently been considered. Previous works that demonstrate the
capability to use the EnKF for history matching real reservoir models are Skjervheim
et al. (2005), Haugen et al. (2006), Bianco et al. (2007), and Evensen et al. (2007).
All these studies conclude that the EnKF is able to significantly improve the history match of a reservoir simulation model. Previously, the focus has mainly been
on the estimation of porosity and permeability fields in the simulation models. In
Evensen et al. (2007), parameters such as initial fluid contacts, and fault and vertical transmissivity multipliers, are included as additional uncertain parameters to be
estimated.
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Figure 1.1 Solution of the inverse problem starting from Bayes’ rule. The left route
illustrates how the assumptions of a Gaussian priors and a perfect model are needed
to arrive at a minimization of a cost function for solving the inverse problem. The
right route illustrates how the assumption of the model being a Markov process and
that measurement errors are uncorrelated in time leads to a sequence of inverse problems that are well suited for ensemble methods. In a linear world the methods derived
using the two routes will give identical results.

In the following, the EnKF is presented as a method for history matching reservoir simulation models and discussed in relation to traditional methods where a cost
function is minimized. The EnKF is used with a field example to illustrate the properties of the method and it is shown that introduction of additional model parameters
such as the relative permeability leads to a significant improvement of the results
when compared with previous studies.

1.2

Formulation and solution of the inverse problem

Methods for assisted history matching can generally be formulated and derived from
Bayes’ theorem, which states that the posterior pdf of a random variable, conditional
on some data, is proportional to the prior pdf for the random variable times the
likelihood function describing the uncertainty distribution of the data.
Most methods for assisted history-matching attempt to minimize a cost function,
which measures the distance between a set of measurements and the model results.
Thus, model parameters are iterated with the aim of finding the solution that minimizes the cost function. Note that the parameter estimation problem may become
nonlinear even when the model itself is linear.
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Traditional minimization methods

Starting from Bayes’ theorem a general cost function can be defined by adopting
Gaussian distributions for the prior random variables and the measurements (Fig.1.1
A.1). One then obtains a so called weak constraint variational cost function. The
notion “weak constraint” is introduced by Sasaki (1970), and denote that the cost
function allows for the dynamical model to contain errors, in addition to the errors
in the parameters, the initial conditions, and the data. Such variational problems
have been solved using the representer method by Bennett (1992, 2002); Eknes and
Evensen (1997); Muccino and Bennett (2001).
An additional assumption is often imposed where the dynamical model is treated
as perfect and no model errors are accounted for (Fig.1.1 A.2). Furthermore the
errors in the initial conditions are often neglected as well. These assumptions lead to
a cost function which only measures the distance between the parameter estimate and
its prior, plus the distance between the model solution and the measurements. Thus,
only the parameters are solved for, and a given set of parameters defines a unique
model solution. However, it is important to realize that we have now neglected other
possible errors in the model and in the initial conditions.
The resulting “strong constraint” cost function (Sasaki 1970) is normally minimized using different kinds of descent methods. Typical methods involve the use
of gradients where the gradient may be evaluated by solving the adjoint model (see
e.g. Evensen 2006). The solution obtained is a single realization which hopefully
represents the global minimum of the cost function (Fig.1.1 A.5.a). With a single
realization representing the solution there is no error estimate available.
A serious problem is that the cost function is highly nonlinear, and the parameterestimation problem becomes extremely challenging even with relatively few parameters to estimate. Using minimization methods the solution is searched for in a space
with dimension equal to the number of poorly known parameters. The nonlinearities
of the inverse problem lead to a cost function with multiple local minima. Thus, the
probability of converging to a local minimum is high and in most realistic applications the global minimum is never found. It is also clear that the inverse problem
becomes harder to solve for long time intervals since non-Gaussian contributions
have more time to develop.
Thus, as an alternative to standard minimization, various sampling methods, have
been proposed (Fig.1.1 A.4.b), which applies guided Monte Carlo sampling of the
solution space. Sampling methods increase the likelihood for finding the global minimum but to an, often, unacceptable high numerical cost associated with the huge
number of model simulations required when the dimension of the parameter space
becomes large. If the global minimum can be found, the sampling methods, such as
genetic algorithms (Goldberg 1989), also provide an estimate of the posterior pdf
around the global minimum and an error estimate can be derived.
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Sequential processing of measurements

An alternative route is taken in Evensen (2006). Starting from Bayes’ theorem two
assumptions are made (Fig.1.1 B.1). First the simulator or dynamical model is assumed
to be a Markov model, which means that the solution at one time-instant is only
dependent on the solution at the previous time-instant. This property is normally
satisfied for most time-dependent models. The second assumption is that the measurement errors are uncorrelated in time. This assumption is often implicitly used in
methods that minimize a cost function, when a diagonal error covariance matrix is
specified for the measurements.
As is discussed in Evensen (2006), the assumption of independent data in time
allows for Bayes’ theorem to be written as a recursion where data are processed
sequentially in time and we end up with a sequence of inverse problems (Fig.1.1
B.2). Each of the inverse problems can be solved using any minimization method.
However, to proceed in the recursion, access is needed to both the prior estimate and
its uncertainty.
The particle filter by Doucet et al. (2001) is proposed as a general method for
solving the sequence of inverse problems (Fig.1.1 B.3.a to B.6.a). The pdf for the
solution is approximated by a large number of particles, or model states. Each of
the model states are integrated forward in time according to the model equations,
which include stochastic terms to represent model errors. At each time when data are
available a Bayesian update is computed by re-sampling of the posterior distribution.
The solution is a large ensemble of model realizations which represents the posterior
pdf. The particle filter requires a large number of realizations to converge, and is so
far only applicable to rather low dimensional problems.
The Ensemble Kalman Filter is to some extent similar to the particle filter, except
that a simplification is imposed in the update step (Fig.1.1 B.3.b to B.6.b). It is
assumed that the predicted prior pdf is well approximated using only the first and
second order moments of the pdf. It is then possible to efficiently compute a linear
update using the procedure outlined by Evensen (1994, 2006), where each realization
is updated according to the standard Kalman filter update equation, but using measurements contaminated with simulated noise representing the measurement errors.
It is shown by Evensen (2006) that for linear systems the ensemble Kalman
smoother leads to the same result as the representer method which solves the weak
constraint inverse problem, as long as measurements are independent in time and
Gaussian priors are used.
In the EnKF the sequential updating has the nice property of introducing Gaussianity into the pdf at each update step (see Evensen 2006). The model solution is
kept on track and is consistent with the data and true solution, and non-Gaussian
contributions are not allowed to develop in the pdf. The implication is that the linear
update step used in the EnKF in many cases is a reasonable and valid approximation.
This fact does to a large extent explain the success of the EnKF in many nonlinear
inverse problems.
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Figure 1.2 The general EnKF workflow for oil reservoir applications: The initial
ensemble which expresses explicitly the model uncertainty is the starting point for
the Ensemble Kalman filter (A). Forward integration of each ensemble member leads
to the forecast ensemble (B). Updates are performed at each time when measurements of production data are available (C). These two processes, the forecast and the
analysis, consist the main EnKF loop, leading to an updated ensemble (D).

HISTORY MATCHING RESERVOIR MODELS

1.3

7

EnKF history matching workflow

The history matching workflow, independent of the method used, involves three
major steps; first a parameterization where the parameters that are uncertain and
at the same time characterize the major uncertainty of the model solution are identified, thereafter a prior error model is specified for the selected parameters based
on an initial uncertainty analysis, and finally a solution method needs to be selected.
All three steps may be equally important and the selections and choices made will
depend on the problem at hand.
Traditional methods for assisted history matching are constrained to include a
low number of model parameters in the optimization process. The history matching
process is then performed using only the most influential parameters, typically identified from a sensitivity study. Often aggregated parameters are used to reduce the
number of parameters in the estimation, and an example can be a multiplier of a field
variable.
The EnKF is, on the other hand, not limited by the number of model parameters.
The reason is that the dimension of the inverse problem is reduced to the number
of realizations included in the ensemble. Thus, the solution is searched for in the
space spanned by the ensemble members rather than the high dimensional parameter space. It is however important that the major variability of the parameters can
be represented by a number of modes that are of the same order as the number of
realizations.
The typical uncertain elements to consider in a reservoir characterization study
are: the structural model which is based on seismic time interpretation and time-todepth conversion; petrophysical evaluation of wells and property mapping; depth of
fluid contacts (i.e., the interfaces between different fluids in the reservoir); horizontal
and vertical barriers to fluid flow including vertical and horizontal permeability, and
fault transmissivity.
An initial uncertainty analysis leads to a quantification of the prior uncertainties
of the parameters, which is then represented using pdfs. The specified pdfs then
represent our prior belief concerning the uncertainty of each particular parameter.
The priors must be defined to obtain a realistic relative weighting on the first guesses
of parameters, the model dynamics, and the measured data.
A reservoir is normally characterized by a so called geological model that is built
using a reservoir modelling software. The geological model integrates all available
prior information from exploration seismic survey, well-log analysis from drilled test
wells, and a general understanding of the geology and depositional environment of
the reservoir.
Currently, the structural model is assumed deterministic in all our field cases.
However, the geophysical and thus structural uncertainties are known to be significant in many reservoir models, but estimating structural parameters with the EnKF is
still an unsolved problem, the major issue being that structural updates may change
the model grid.
Stochastic simulations are used to produce multiple realizations of the porosity
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and permeability fields in the reservoir model. The multiple stochastic realizations
then represent the uncertainty in the property model. The realizations are conditioned
to the well observations and honour the statistical properties such as trends and spatial correlation of the well-log data. It is also possible to condition the properties on
seismic data. The petrophysical realizations are then up-scaled or interpolated to the
simulation grid.
There is a large number of additional parameters that need to be specified in
the simulation model, and most of these will also have an uncertainty associated
with them, which makes them targeted for further tuning and estimation. Some other
parameters previously estimated using the EnKF include fault transmissivity, horizontal and vertical barriers to fluid flow, and the initial vertical distribution of fluids
in the model through the specification of the initial fluid contacts.
The uncertain parameters are normally characterized by a Gaussian distribution
with mean equal to the best estimate and a standard deviation reflecting the uncertainty. Parameter values for the different realizations are then generated by random
sampling from the prescribed distributions.
The dynamic variables, pressure and saturation grid-cell values, are included in
the initial ensemble through an initialization using the flow simulator.
Thus, when using the EnKF one first creates an ensemble of reservoir models
expressing explicitly the model uncertainty (see Fig.1.2 A). The ensemble mean is
considered as the best estimate and the spreading of the ensemble realizations around
the mean reflects the uncertainty in the estimate.

1.3.1

Estimation of relative permeability

In this paper we also, for the first time, include the relative permeability as an uncertain parameter to be estimated in the EnKF. Relative permeability is defined as the
ratio of effective permeability of a particular fluid at a particular saturation (i.e. in
presence of another fluid) to the absolute permeability of the porous medium at single phase saturation.
In a heterogeneous medium, where relative permeability properties are derived
from core-samples and may not be representative at the reservoir scale, history
matching of up-scaled relative permeability curves may lead to improved results. The
relative permeability curves obtained from the core laboratory experiments should
not be directly used in the reservoir simulation model, but need to be up-scaled
to compensate for fluid forces, numerical dispersion, and geological heterogeneity
effects. Unfortunately, the up-scaling techniques require large computational time
and may not be robust. Therefore, our approach is to obtain relative permeability
properties directly at the coarse scale by data assimilation. Hence, estimating the
shape of relative permeability curves at the coarse scale are closely related to the
up-scaling issues and the lack of information of the fine scale permeability heterogeneity.
Several recent publications show the potential of estimating relative permeability
properties on a coarse scale reservoir simulation model. In Okano et al. (2005) the
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authors adjust the relative permeability curves during history matching using the
neighbourhood approximation algorithm, where they use different parameterization
schemes. The method is applied on synthetic cases, and the results show that they
are able to match the production data by adjusting the relative permeability curves.
Eydinov et al. (2007) use an adjoint method to perform a simultaneous estimation
of absolute and relative permeability by automatic history matching of three-phase
flow production data.
In this paper, we employ Corey functions (Brooks and Corey 1964) to parameterize coarse scale relative permeability curves. The Corey parameterization is flexible
and is often used in the petroleum industry. According to this model the relative
permeability in an oil-water system is given by
 ew

Sw − Swc
?
,
(1.1)
krw = krw
1 − Swc − Sorw

krow =

?
krow



1 − Sw − Sorw
1 − Swc − Sorw

eow
,

(1.2)

where krw is the water relative permeability and krow is the oil relative permeability.
The relative permeabilities in an oil-gas system are given as

 eg
Sg − Sgc
?
krg = krg
,
(1.3)
1 − Swc − Sgc − Sorg

krog =

?
krog



1 − Sg − Sorg
1 − Swc − Sgc − Sorg

eog
.

(1.4)

where krg is the gas relative permeability and krog is the oil relative permeability.
Large flexibility in the relative permeability parameterizations is important, and
the following parameters in the Corey function can be updated in the data assimila?
?
?
?
, the Corey exponents
, krw
, krow
, krog
tion; the relative permeability end points krg
ew , eow , eg , eog , the connate water and gas saturation Swc , Sgc , and the residual oil
and gas saturation Sorw , Sorg . In the current implementation the connate gas saturation is equal to the critical gas saturation, and the connate water saturation is equal
to the critical water saturation.

1.3.2

Transformed fault transmissivity multipliers

Faults can act as both barriers and conduits to fluid flow, and are normally included
in reservoir-simulation models as grid offset and using 2D transmissivity multipliers.
The fault transmissivity multipliers should be limited to the interval [0, 1], where a
numerical value of 0 reflects a complete flow barrier and a value of 1 characterizes
an open fault. The upper bound can be relaxed in many simulators without much
influence on the flow properties. Anything in between 0 and 1 corresponds to a partial
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barrier to fluid flow. Experience shows that a large change in the fault transmissivity
is needed to obtain significant changes in the flow behaviour. Note also that the
transmissivity needs to be almost identically zero to maintain a difference in the
pressure across the fault.
There are generally large uncertainties associated with the fault fluid-flow properties and faults transmissivity multipliers have already been included as parameters
to be estimated using the EnKF in Evensen et al. (2007). In their field application,
the prior guess for the uncertain multipliers is set to 1.0, with a standard deviation
of 0.2. Results from the EnKF assimilation show that the uncertainty of the multipliers is not significantly reduced and it is concluded that the production is not
very sensitive to this parameter. Similarly, we estimated the fault multipliers using a
Gaussian distribution to reflect the uncertainty. However, only small updates of the
order 0.20 to 0.35 were obtained and it is impossible to determine whether a fault is
closed or open, which is often the level of uncertainty. The use of appropriate transformations to some extent enables us to overcome the bottleneck linked to updating
non-Gaussian variables in the EnKF. With this concept, the EnKF updates a Gaussian variable, which is transformed before it is used in the reservoir simulator. The
following transformation gives satisfactory results and is used in our field studies for
updating faults as well as vertical transmissivity multipliers,
Z x
(t−µ)2
1
(1.5)
dt e− 2σ2 , with x ∼ N (0, 1).
y=√
2πσ −∞
The transformation (1.5) ensures that the output variable y is in the range (0, 1)
and, depending on the values of the variables σ and µ, it is possible to get either a
reasonably uniform distribution, a bimodal distribution with peaks close to 0 and 1,
or a uni-modal distribution peaked around a value in (0, 1).

1.3.3

State vector

The state vector Ψ is a high-dimensional vector consisting of static parameters (all
the uncertain parameters we want to estimate), dynamic variables (pressure and saturations), simulated production data and/or seismic data, and it is written as,


ψ dynamic state variables
.
(1.6)
Ψ =  α static parameters
d predicted data
The 3D dynamic state variables consist of the reservoir pressure P , the water
saturation SW , the gas saturation SG as well as the initial solution gas-oil ratio RS
and the initial vapor oil-gas ratio RV .
The static parameters includes the 3D fields of porosity and horizontal and vertical permeability, fault transmissivity multipliers for each fault in the model, vertical
transmissivity multipliers that regulate flow between various zones in the reservoir,
the relative permeability parameterization as discussed above, and the depth of initial
water-oil contacts and gas-oil contacts.
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The predicted measurements are included in the state vector, since they are nonlinearly related to the model state and their inclusion in the state vector simplifies the
comparison with the measured data in the EnKF update scheme. The predicted measurements are typically the oil, gas and water rates for each well. The gas and water
rate are often represented by the gas-oil ratio and the water cut, which therefore are
added to the state vector as well. When 4D seismic data is used to condition the
model dynamics, the predicted seismic response is also included in the state vector
in some form (Skjervheim et al. 2005).
The total number of variables and parameters to be estimated is then given by
8 times the number of active grid cells in the simulation model plus the additional
parameters describing the initial contacts, the relative permeability parameters, and
fault and vertical transmissivities.

1.3.4

Updating realizations

Once an initial ensemble of reservoir models is generated, the EnKF is used to update
the ensemble sequentially in time to honour the new observations at the time they
arrive. Sequential data assimilation is a particularity of the EnKF and is a major
strength compared to traditional history matching methods. It allows for real-time
applications and fast model updating. The model can be updated whenever new data
become available without the need to re-integrate the complete history period.
The EnKF consists a forward integration to generate the forecast followed by the
updating of state variables to generate the analysis. In the forecast step, the ensemble
of reservoir models is integrated forward in time using the dynamical model. Each
ensemble member is integrated until the next time when production measurements
are available, leading to the forecast ensemble (Fig.1.2 B).
The assimilated observations d are considered as random variables having a distribution with the mean equal to the observed value and an error covariance C 
reflecting the accuracy of the measurement. Thus, following Burgers et al. (1998) we
generate an ensemble of observations dj = d + j where j represents the measurement error and C  = T where the overline denotes the average over the ensemble.
In the analysis (Fig.1.2 C), the following updates are computed for each of the
ensemble members,
M C ψψ M T + C  )−1 (d
dj − M Ψfj ),
Ψaj = Ψfj + C ψψ M T (M

(1.7)

where Ψfj represents the state vector for realization j after the forward integration
to the time when the data assimilation is performed, while Ψaj is the corresponding
state vector after assimilation. The ensemble covariance matrix is defined as C ψψ =
(ψ − ψ)(ψ − ψ)T , where ψ denotes the average over the ensemble. The matrix M
is an operator that relates the state vector to the production data and M Ψfj extracts
the predicted or simulated measurement value from the state vector Ψfj . The result
is an updated ensemble of realizations, conditioned on all previous production data.
The updated ensemble (Fig.1.2 D) is then integrated until the next update-time tk+1 .
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Figure 1.3 The Omega field initial water saturation. Four horizontal producers (P1
to P4) drain the northern part of the field, while a vertical water injector (WI) ensures
pressure support.

1.4

Field Case

The proposed workflow based on the EnKF has been applied to history match several
North Sea simulation models. The results from a complex real field case is presented
and discussed below.

1.4.1

Reservoir presentation

The Omega field is part of a larger N-S elongated fault block, and has a length of
approximately 8 km and a width between 2.5 and 3.5 km. The structure represents an
open synform and is bounded by faults, which are assumed to be sealing. The main
reservoir consists of shallow-marine deposits and associated near-shore, deltaic sediments. High spatial and temporal variations are the consequences of a succession
of transgressive-regressive events combined with intense fault activity. The architectural style is complex, flow properties are heterogeneous and vertical communication
is relatively poor.
Numerous faults lead to considerable structural complexity. The understanding
of the fault network is to some extent guided by interpretations of water-oil contacts
(WOC), although original observations of WOC’s are rare, thus primarily based on
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Geomodel statistics properties.

Layers

Porosity
mean (std)

Permeability
mean (std)

Azimut

Correlation
X(Azimut),Y

Vert.
corr.

17-26
27-28
29-30
31
32-33
34-35
36
37
38-39
40

0.16 (0.03)
0.20 (0.03)
0.23 (0.03)
0.14 (0.04)
0.16 (0.05)
0.23 (0.03)
0.06 (0.03)
0.05 (0.03)
0.19 (0.04)
0.10 (0.01)

65 (86)
910 (1085)
292 (397)
4.6 (4)
10 (40)
300 (350)
6 (30)
39 (20)
47 (190)
8 (22)

0
60
160
340
340
340
0
0
60
60

3000,3000
2000,600
1500,1000
1000,500
1000,500
1500,1000
1000,1000
1000,1000
2000,600
2000,1000

5
5
25
5
25
5
5
5
25
5

pressure gradient analysis. Fluid contacts controlling mechanisms are poorly understood and fault properties are highly uncertain.
The reservoir was initially at saturated conditions. The presence of a small gas
cap in the north of the structure is interpreted as resulting from gas migration from
the west. The field was set in production in 2000 and is drained by four horizontal
producers and one water injector ensuring pressure support. Water injection started
in 2004.
The simulation grid consits of 37 × 80 cells, with a lateral spacing of 100 × 100
m, and 40 layers with varying thickness. A total of 60 000 cells were active in the
simulation.

1.4.2

The initial ensemble

The method described in the section “EnKF history matching workflow” was used to
build the initial ensemble. The focus was set on the target reservoir, located between
layers 17 and 40. The main uncertain parameters identified in the Omega model are
porosity and permeability fields, depths of initial fluid contacts, relative permeability
and fault multipliers.
The porosity and permeability distributions are derived from analysis of welllog data. Due to spurious permeability measurements in the horizontal producing
wells, it is decided not to constrain the Omega model to the well-log data from any
of the four producing wells. Only the well-log data from the appraisal wells and the
water injector are used. The geo-statistics from the initial ensemble are summarized
in Table 1.1. Note that the upper part of the model (layers 1 to 16) is not assigned
any uncertainty. A deterministic correlation coefficient of 0.7 between porosity and
permeability and a vertical to horizontal permeability ratio of 0.1 are assumed. The
fields resulting from the geostatistical simulation are then up-scaled to the simulation
grid.
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Table 1.2 Relative permeability prior statistics.
Parameter

Mean

Std.dev

?
krw

0.6
3
4
1.8
5.4
0.25
0
0.18
0.05

0.05
0.5
0.5
0.5
0.5
0.05
0.02
0.05
0.03

ew
eow
eg
eog
Swc
Sgc
Sorw
Sorg

The Omega structure is divided into five different equilibrium regions each having individual water-oil and gas-oil contacts. The prior means of the contacts are
derived from well-log interpretations and by pressure analysis, and the standard
deviation of the contacts is set to 5 m.
The initial coarse-scale relative permeability curves, generated from special core
analysis measurements and adapted to Corey curves, have been used as the initial
prior in the EnKF. For simplification, only one set of relative permeability properties
is defined for the whole field in the current experiment. The initial values for the
critical saturations are then defined as the best guess averaged field values. Table 1.2
presents the parameters in the Corey function that were updated in the data assimilation and associated statistics. It should be mentioned that the relative permeability in
the Omega model has previously not been considered as a history matching parameter.
Interpretation of the fault transmissivity properties has to some extent been guided
by pressure measurements and inferred from sensitivity studies. A large uncertainty
nevertheless remains. For faults without any prior knowledge about the behavior
with respect to flow, we have used values σ = 1 and µ = 0 leading to a prior fault
transmissivity multiplier that is uniformly distributed between 0 and 1. A few faults
are known to be pressure barriers, thus, the value of µ is increased to lead to a distribution of fault multipliers skewed towards zero. A total of 7 fault multipliers is
estimated and the total number of variables to update is over 200 000.
The production data considered in the history matching are monthly averaged
oil-production rates, water rates and gas rates from each well. The history-matching
period covers 6 years. The measurement uncertainty is specified as a percentage of
the measured rate. We have used 10 % of the measured value for the oil rate, 15 %
for the gas rate and 20 % for the water rate. In the simulation, all wells are controlled
by specifying a target for the reservoir-fluid volume-rate.
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Figure 1.4 Well P1: Ensemble prediction based on prior ensemble of parameters
(blue lines) and EnKF estimated parameters (red lines). Black dots are measurements.

1.4.3

Results

Validation of updated models
The results from the EnKF history match are shown in Figures 1.4 to 1.7, where we
have plotted the oil production total (OPT), the oil production rate (OPR), the gasoil ratio (GOR) and the water cut (WCT) for each well. The blue curves represent
20 realizations of the prior ensemble, unconditioned to production data. The red
curves are from a rerun of the 20 ensemble members when initialized with the EnKF
updated parameters. The black dots represent the observations.
The initial uncertainty on the model parameters leads to a significant uncertainty
in the simulated productions, which is illustrated by the prior spread in cumulative
oil production for each well. For all the producers the EnKF updated ensemble manages to reproduce the observed data much better than the prior ensemble and the
uncertainty is significantly reduced. It has previously been a challenge to obtain a
satisfactory match of the water production in the Omega structure, and the reservoir models have had a poor prediction of the water breakthrough. The results from
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Figure 1.5 Well P2: Ensemble prediction based on prior ensemble of parameters
(blue lines) and EnKF estimated parameters (red lines). Black dots are measurements.

the EnKF illustrate that constraining the prior model on production data enables to
capture the water production more accurately in all the wells. The improvements in
wells P2 and P3 are satisfactory, as these have been very difficult to match manually.
GOR observations are also reasonably reproduced.
Porosity and permeability updates
It can be challenging to get an overall picture of the updates of the porosity and
permeability fields by scrolling through the 100 different realizations, layer by layer.
The applied modifications are maybe best analysed by comparing the initial and
updated average fields, as well as the standard-deviation fields.
In Figure 1.8 we have plotted the initial and updated average porosity field for
one layer, and in the lower part the corresponding standard deviation. The initial
standard-deviation field shows that the northern part of the model domain, with low
standard deviation (0.015), has been constrained to well-log data, whereas the southern part of the reservoir, with higher standard deviation (around 0.03), has not been
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Figure 1.6 Well P3: Ensemble prediction based on prior ensemble of parameters
(blue lines) and EnKF estimated parameters (red lines). Black dots are measurements.

constrained by well-log data. The updated porosity field shows only a small modification in the northern part, but we notice an important decrease in the average
porosity at the toe of well P3. Furthermore, the final standard deviation is greatly
reduced in this region, indicating that the updates can be interpreted with confidence.
The average field updates clearly show that an increase in porosity corresponds to
an increase in permeability. This is reflecting the correlation coefficient (0.77) used
when generating the prior realizations. Thus, updates in the petrophysical parameters
will mainly impact the reservoir volumes and only to a minor extent the water or gas
breakthrough time at the wells. The relative-permeability updates have the major
impact on controlling the breakthroughs.
Relative permeability updates
The strong updates in the parameters demonstrate that the relative permeability properties are important parameters to consider in the Omega model. The upper plot in
Figure 1.9 shows the initial (blue) and updated (red) water/oil relative permeability curves. The results indicate clearly that for high water saturation (Sw > 0.5) the
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Figure 1.7 Well P4: Ensemble prediction based on prior ensemble of parameters
(blue lines) and EnKF estimated parameters (red lines). Black dots are measurements.

water mobility is increased. As a result, water breakthrough will occur faster. On the
contrary the mobility at lower saturation is reduced, due to an increase in the critical
water saturation. Thus, the initial water in the oil zone will be less mobile. The oil
curve shows similar behaviour. The mobility at high oil saturation is increased, but
more oil is left behind as a result of a higher residual oil saturation. The updated
estimate of the residual oil saturation (0.36) is in accordance with the fraction flow
curve obtained from core flooding experiments, which indicates that the residual oil
after water flood is minimum 35%.
The lower plot in Figure 1.9 shows the initial (blue) and updated (red) oil/gas
relative permeability curves. The gas exponent is very sensitive to the well observations and the uncertainty is reduced. The gas mobility is increased. The residual oil
in presence of gas (Sorg ) is updated from 0 to 0.05 and the oil to gas exponent is
decreased from 5.4 to 4.25. The EnKF updates are in line with conclusions drawn
by the asset team where it is reported that this exponent is probably too high.
It is stressed that the updated curves should be considered as up-scaled curves,
accounting for numerical dispersion and geological heterogeneity effects and thus,
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Figure 1.8 EnKF updates of porosity in a representative layer. Upper row; initial
(left) and updated (right) average porosity in layer 19. Lower row; corresponding
standard deviation, initial (left) and updated (right). Black lines show well paths of
producers and injector.
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uncertainty and the red lines the updated uncertainty.
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Figure 1.10 The location of the history-matched faults (red-dashed lines).

they will naturally differ from the measured properties on core samples, particularly
in a heterogeneous medium.
The permeability and relative permeability are indirectly linked, both controlling
in some way the mobility of the fluids. In the current experiment we obtained an
increase in both the relative permeability curves and the permeability field in the
model. We also have some indications that the prior values of the permeability field
may be too low and this may then be compensated by too high values of the relative
permeability curves. Thus, the prior permeability field should be revised.
In an earlier experiment where the relative permeability was not updated, the
initial ensemble could not capture the water breakthrough and the updated ensemble
was not able to correct for this initial bias. The updated water cut profile indicated
that the injection water did not reach the well and in order to match the high WCT
values observed near the end of the simulation, more formation water was mobilized by reducing the depth of the WOC. It is worth mentioning that similar bias in
the simulation performances were obtained by the asset team, working with a new
model, based on an improved structural interpretation as well as a detailed facies
model. Consequently, the additional updating of the relative permeability properties
as well as the fault transmissivity multipliers appears to be a crucial element in order
to capture the reservoir flow behaviour.
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Figure 1.11 Sequential update of the fault transmissivity multiplier for faults D
(upper plot), E (middle plot), and F (lower plot). The green circle indicates the
ensemble mean.

Fault transmissivity multiplier updates
The locations of the history-matched faults are illustrated in Figure 1.10. The sequential updating of the fault transmissivity multiplier is plotted in Figure 1.11 for the
faults D, E and F.
For fault D, the initial distribution the fault transmissivity multiplier is skewed
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towards zero. During the assimilation the spread of the prior ensemble is significantly reduced, indicating that the assimilated data are strongly correlated with the
transmissivity multiplier, and furthermore, that the updates can be interpreted with
confidence. The updated ensemble clearly indicates a closed fault, which is in line
with an observed pressure difference that is maintained across the fault.
The simulated production data are not significantly sensitive to the fault multipliers for faults C, B, and E, and for these faults the ensemble spread remains
throughout the data assimilation, possibly due to the larger distance to the production
wells. Thus, one should be careful in interpreting the results from these faults.
The variance is reduced for the fault F, which is located in the toe region of P3,
and fault A, crossing well P2, and the updated ensemble suggests that these faults
are not completely sealing but nevertheless act as a barrier to flow.

1.5

Conclusion

A thorough workflow for updating reservoir simulation models using the EnKF is
presented and demonstrated through a successful North Sea field case application.
The potential and advantages of the EnKF as an assisted history matching tool is
demonstrated based on its capability of handling large parameter spaces, its sequential processing of measurements, and on the fact that it solves the combined state and
parameter estimation problem as derived from a fundamental Bayesian formulation.
The EnKF provides an ensemble of updated reservoir realizations conditioned
to production data, as well as improved estimates of the model parameters, the state
variables, and their uncertainty. It forms an optimal starting point for computing
predictions with uncertainty estimates.
It is demonstrated that estimating on relative permeability properties significantly improves the history match. It is concluded that the relative permeability is
an important parameter to consider in the Omega model but also more generally.
Updating relative permeability properties by production data assimilation allows to
account for fluid forces, numerical dispersion and geological heterogeneity effects.
In the presented field case, only one set of relative permeability curves was defined
for the entire model. In the future, it might be valuable to differentiate between different regions, as well as horizontal versus vertical curves.
An improved parameterization for updating the fault transmissivity multipliers
based on the use of transformations is presented. It is shown how the transformation
enables us to successfully determine if a specific fault is open or closed with respect
to flow.
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