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Abstract
Closed-loop reservoir management is a combination of model-based optimization and data assimilation (computer-assisted
history matching), also referred to as ‘real-time reservoir management’, ‘smart reservoir management’ or ‘closed-loop
optimization’. The aim is to maximize reservoir performance, in terms of recovery or financial measures, over the life of the
reservoir by changing reservoir management from a periodic to a near-continuous process. The key sources of inspiration for
our work are measurement and control theory as used in the process industry and data assimilation techniques as used in
meteorology and oceanography. We present results of a numerical example to illustrate the scope for closed-loop water
flooding using real-time production data under uncertain reservoir conditions. The example concerns a 12-well water flood in
a channelized reservoir. Optimization was performed using a reservoir simulator with functionality for adjoint-based life cycle
optimization under rate and pressure constraints. Data assimilation was performed using the ensemble Kalman filter. Applying
an optimization frequency of respectively once per 4 years, once per 2 years, once per year and once per 30 days resulted in an
increase of net present value (NPV) with 6.68, 8.29, 8.30 and 8.71% compared to a conventional reactive control strategy.
Moreover, the results for the 30-day cycle were very close (0.15% lower NPV) to those obtained by open-loop optimization
using the ‘true’ reservoir model. We illustrate that for closed-loop reservoir management with a fixed well configuration, the
use of considerably different reservoir models may lead to near-identical results in terms of NPV. This implies that in such
cases the essential information may be represented with a much less complex model than suggested by the large number of
grid blocks in typical reservoir models. We also illustrate that the optimal rates and pressures as obtained by open- or closedloop optimization are often too irregular to be practically applicable. Fortunately, just as is the case for the data assimilation
problem, the flooding optimization problem usually contains many more control variables than necessary, allowing for
optimization of long-term reservoir performance while maintaining freedom to perform short-term production optimization.
Introduction
Our work aims at increased reservoir performance, in terms of recovery or financial measures, using a measurement and
control approach to reservoir management. This idea has been around for many years in different forms, often centered around
attempts to improve reservoir characterization from a geosciences perspective; see e.g. Chierici (1992). Moreover, recently
‘closed-loop’ or ‘real-time’ approaches to hydrocarbon production have received growing attention as part of various industry
initiatives with names as ‘smart fields’, ‘i-fields’, ‘e-fields’, ‘self-learning reservoir management’ or ‘integrated operations’;
see Jansen et al. (2005) for some further references. However, whereas the focus of most of these initiatives is primarily on
optimization of short-term production, in our work we concentrate on life-cycle optimization, i.e. on processes at a timescale
from years to tens of years. We perform reservoir flooding optimization, based on numerical simulation models, in
combination with frequent model updating through data assimilation (computer-assisted history matching). This approach has
lately also been referred to as ‘closed-loop reservoir modeling’ or ‘closed-loop production optimization’ and some recent
references will be discussed below. In contrast to the geosciences-focused approach, we emphasize the need to focus on those
elements of the modeling process that can both be verified from measurements and that bear relevance to controllable
parameters such as well locations or, in particular, production parameter settings. The underlying hypothesis is that
“It will be possible to significantly increase life-cycle value by changing reservoir management from a batch-type to a
near-continuous model-based controlled activity.”
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The term “significantly” may be understood in statistical sense, i.e. referring to a formal hypothesis test based on multiple
experiments. Alternatively, it may be understood more pragmatically as “large enough to be of practical value”. We stress that,
in our view, “closed-loop” does not imply removal of human judgment from the loop. The use of model-based optimization
and data assimilation techniques should result in a reduction of time spent on repetitive and tedious human activities and thus
in more time to be spent on judging results and taking decisions.
Key elements
Fig. 1 displays the key elements in the closed-loop reservoir management process. The top of the figure represents the
physical system consisting of reservoirs, wells and facilities. The center of the figure displays the system models which may
include static (geological), dynamic (reservoir flow) and well bore flow models. Typically we need multiple models, each
having uncertain parameters, to quantify the large uncertainty in our knowledge of the subsurface. At the right of the figure we
find the sensors that keep track of the processes that occur in the system. These may be thought of as real sensors measuring
production variables such as wellhead pressures or phase rates, either through production tests or on-line multi-phase flow
meters, or ‘soft-sensors’ that measure production data indirectly. However we may also interpret the sensors more abstractly as
sources of information about the system variables, e.g. interpreted well tests, time-lapse seismics or other surveillance data. At
the left we find the optimization algorithms, indicated by a blue box and arrows. Again these may be interpreted as actual
algorithms for production optimization influencing e.g. wellhead choke settings or injection rates, but also more abstractly as
decisions in a field development plan, e.g. the choice of well positions. The state variables of the system, i.e. the pressures and
saturations in the reservoirs, the pressures and phase rates in the wells, etc., are only known to a limited extent from the
measured, usually noisy, output. Even more uncertain are the parameters of the system, i.e. the permeabilities and porosities,
fault transmissibilities, fluid properties etc., while also the system boundaries and initial conditions are uncertain. Finally even
the input to the system is only known to a limited extent; e.g. water injection rates or gas lift rates may be roughly known, but
aquifer support may be a major unknown. The unknown inputs can also be interpreted as noise. Data assimilation (i.e.
computer-assisted history matching) can be used to reconcile the measured output with the uncertain models to a certain
extent. This is done through adapting the model parameters and model structure until the difference between measured and
simulated data is minimized in some pre-defined sense, as indicated by the red box and arrows at the bottom. The two essential
elements in the closed-loop reservoir management concept are therefore model-based optimization and decision making (blue
loop), and model updating through data assimilation (red loop). We will describe these processes in further detail below and
present an over view of specific numerical techniques in the Appendix.
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Figure 1: Key elements of the closed-loop reservoir management process.

Other elements
While optimization and data assimilation constitute the two main elements of closed-loop reservoir management, other
elements may be identified which we will briefly discuss. We refer to the Appendix for references. In traditional history
matching, either manually, or computer-assisted, the focus is usually on obtaining a system model that represents reality as
accurate as possible. Instead, we focus on adapting our models such that they best serve to optimize the process of
hydrocarbon recovery. Depending on the available level of control (e.g. a fixed well configuration versus the possibility to do
infill drilling) and the available data, this may lead to more or less detailed models with more or less geological realism. In
some instances the dynamics of a complex ‘high-order’ reservoir model may be accurately described with a strongly reduced
number of variables. Although it may often not be possible to determine these variables a-priori, the available data and means
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of control may result in a relatively simple ‘low-order’ model for control and optimization. Simply said, it does not make sense
to model more than can be identified or controlled. Fig. 2 is an extended version of Fig. 1, which illustrates that controlrelevant up- and downscaling of system models may play an important role in the closed-loop approach. This may also include
reparameterization techniques to reduce the number of uncertain reservoir parameters.
Another important element is the quantification of uncertainty. This process is indicated in Fig. 2 by depicting groups of
(high-order and low-order) models. They may be thought of as models based on many different geological scenarios, or as
geostatistical realizations based on one or more scenarios. Uncertainty quantification requires the definition of statistical
distributions for the noisy measurements and for the uncertain ‘prior’ model parameters, initial conditions and inputs. The next
step is then to analyze their combined effect on the ‘posterior’ models, i.e. the models after history matching, and on the results
of the life-cycle optimization based on these updated models. A full uncertainty analysis of all uncertain parameters and
variables is computationally prohibitive, but various simplified analysis techniques for uncertainty quantification have been
developed over the past decade, and this is an area of active research.
A further element shown in Fig. 2 is the ‘virtual asset model’. This model is of course not present in real closed-loop
reservoir management in which case we operate on a real asset and use real measured data. However, during the process of
developing techniques for closed-loop optimization, data assimilation, scaling and uncertainty quantification, it is sometimes
necessary to test them over the producing life time of the reservoir, an activity that necessarily requires a synthetic, ‘virtual’
asset. Another purpose of the virtual asset model is the possibility to analyze the value of measurement and control
functionality. This may involve e.g. optimizing the position and the level of accuracy of sensors, or the comparison of the
value of different surveillance techniques.
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Fig. 2: Other potential elements of the closed-loop reservoir management process.

Flooding optimization and data assimilation
Notation
Vectors are indicated with bold lower case letters and matrices with bold capitals. The superscript T is used to indicate the
transpose, and dots above variables to indicate differentiation with respect to time t.
Reservoir models
We consider models for multiphase flow through porous media. Starting from the governing partial differential equations
for mass balance, Darcy’s law, equations of state and the relevant initial and boundary conditions, and applying a semidiscretization in space (using e.g. finite differences, finite elements or finite volumes) we obtain a set of ordinary differential
equations that can be expressed as (see e.g. Jansen et al., 2008)
g ( u , x, x, θ ) = 0 ,

(1)

where g is a nonlinear vector-valued function, u is the input vector (also called control vector), x is the state vector, and θ is
the vector of model parameters. In a conventional iso-thermal reservoir simulation model x typically contains pressures and
phase saturations or component accumulations, u contains the well flow rates, bottom hole or tubing head pressures, or choke
settings, in those grid blocks that are penetrated by wells, and θ contains parameters like porosities, permeabilities and other
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reservoir and fluid properties. Using some form of time discretization, the continuous-time equation (1) can be rewritten in
discrete-time form as
g k +1 ( u k +1 , x k , x k +1 ) = 0 , k = 0,… , K − 1 ,

(2)

where the subscript k indicates discrete time and K is the end time. Note: We use the shortcut notation x k to indicate x(tk ) ,
i.e. the value of x at time t = tk . To complete the model we need to specify initial conditions, which, in the discrete case, can
be represented as
x0 = x0 .

(3)

Generally, we are not able to observe all state variables in the process directly. Instead, we can typically measure a number of
output variables y, combined in an output vector y, which are a function of the input variables u and the state variables x
according to
y k +1 = h ( u k +1 , x k +1 ) .

(4)

Flooding optimization
For a given configuration of wells, and in particular for a flooding scenario involving multiple injectors and producers, we
can use the well rates or pressures to optimize the flooding process over the producing life of the reservoir; see e.g. Asheim
(1988), Sudaryanto and Yortsos (2000), Jansen and Brouwer (2004) and Sarma et al. (2005a). As in any optimization problem,
we need an objective function and constraints. For example, the objective could be to maximize the ultimate recovery or the
net present value (NPV) of the water flooding process. Generally, the objective function J (u1:K , y1:K ) can be expressed as:
K

J ( u1:K , y1:K ( u1:K ) ) = ∑ J k ( u k , y k ) ,

(5)

k =1

where K is the total number of time steps, and where Jk represents the contribution to J in each time step. Note that actually all
inputs up to time k may play a role in Jk as follows from recursive application of equations (2) and (4). We could therefore
formally write J k (u k , y k (u k , x k (u1:k ))) , but to keep the notation tractable we use J k (u k , y k ) instead. An example of Jk in a
typical objective function is given by
N prod
⎧ Ninj
⎫
⎪ ∑ rwi ( uwi ,i )k + ∑ ⎡⎣ rwp ( ywp , j )k + ro ( yo , j )k ⎤⎦ ⎪
⎪
⎪
j =1
J k = ⎨ i =1
⎬ Δt k ,
tk
⎪
⎪
(1 + b ) τ
⎪⎩
⎪⎭

(6)

where the control variables uwi ,i are the water injection rates in wells i = 1,…, N inj , the output variables ywp , j and yo , j are the
water and oil production rates in wells j = 1,… , N prod , rwi and rwp are the (negative valued) unit costs for water injection and
water production, ro is the unit income for oil production, and tk and Δtk = tk +1 − tk are the time and the time interval
corresponding to time step k. The term in the denominator is a discount factor that represents the time-value of money, where b
is the discount rate (cost of capital) for a reference time τ. The objective function (5) with Jk as expressed in equation (6)
represents the present value of the oil produced minus the present value of the water injection and water production costs over
the life of the field. Constraints can be expressed in terms of the state variables or the input variables and may be equality or
inequality constraints, which we represent in a general form as
c (uk , xk ) ≤ 0 .

(7)

Typical input constraints are limits on the total water injection capacity, and typical state constraints are maximum and
minimum pressures in the injection and production wells respectively. The optimization problem can now be formulated as
finding the input vector uk that maximizes J as defined in (5), subject to system equations (2), initial conditions (3), output
equations (4) and constraints (7). Sometimes the problem is nonlinear in the inputs and the constraints, and it is nearly always
nonconvex, i.e. it has multiple local maxima. Many numerical techniques are available to solve flooding optimization
problems, and the Appendix gives an overview, including key references, of those that are most commonly used.
Data assimilation
Data assimilation, or computer-assisted history matching, is the adaptation of the parameters of a system model to
measured data. In our case that implies updating parameters θ using measured output data d. Often the history matching
problem is formulated as an optimization problem with an objective function defined in terms of the mismatch between
measured and simulated output data; see e.g. Bennett (2002), Tarantola (2005), Evensen (2007) or Oliver et al. (2008):
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K

T
J ( y1:K ) = ∑ ⎡( d k − y k ) Pη−1 ( d k − y k ) ⎤ ,
⎣
⎦
k =1

(8)

where Pη is a weight matrix which is often chosen as the inverse of the error covariance matrix of the measurements. Usually
the objective function is expanded to include a term that penalizes large deviations between the updated parameter values θ
and the prior values θ :
K

(

J ( y1:K , θ1:K ) = ∑ ⎡( d k − y k ) Py−1 ( d k − y k ) + θ k − θ k
⎢
k =1 ⎣
T

)

T

(

)

Pθ−k1 θ k − θ k ⎤ .
⎥⎦

(9)

Often the unknown parameters θ are chosen as the permeability values in each grid block. A natural choice for the weight
matrix Pθ is then the inverse of the covariance matrix of the prior permeability field. In a similar fashion we may take into
account other parameters, such as porosity values, fault transmissibility multipliers, initial conditions or uncertain source terms
(i.e. well inputs). If the prior parameters and the measurement errors are assumed to have Gaussian probability distributions
and the reservoir simulator g and measurement operator h are linear, equation (9) can be interpreted in a probabilistic setting as
Bayes’ rule for updating a prior. The estimate that is found by minimizing equation (9) is then equivalent to a posterior that
represents the mean of the probability function of the model parameters θ conditional to the measurements; see e.g. Gavalas et
al. (1976), Zhang et al. (2005) and Oliver et al. (2008) for further references. In general the amount of information that can be
obtained from well data is limited, especially because the pressure propagation through a reservoir is a diffusive process; see
Zandvliet et al. (2008). Sometimes it is possible to obtain areal information through the use of time-lapse seismics, which may
give an indication of those reservoir areas where pressures or saturations have changed; see e.g. Skjervheim et al. (2007).
However, the data obtained from production measurements and time-lapse seismics are never sufficient to fully characterize
the states and parameters in a traditional reservoir flow model, and data assimilation in reservoir engineering is therefore an
inherently ill-posed problem. Especially if reservoir models are used for field re-development planning, involving e.g. the
drilling of new wells, geological models are essential to constrain the solution space of the data assimilation problem. The
Appendix gives an overview, including key references, of the most commonly used techniques for data assimilation, and also
briefly discusses some aspects of reparameterization and uncertainty quantification.
Earlier work
Simple examples
The precise techniques used for flooding optimization and data assimilation in closed-loop reservoir management are not
very important and indeed different combinations have been used in studies over the past years. Our first attempts to combine
flooding optimization and data assimilation were published in Brouwer et al. (2004), Overbeek et al. (2004), Jansen et al.
(2005) and Naevdal et al. (2006). In 2004 an exploratory Delft/Stanford workshop on closed-loop reservoir management was
held after which several papers were published in a special journal issue (Jansen et al., 2006). In our early publications we
considered water flooding in simple two-dimensional (2D) virtual asset models, with the aid of an adjoint-based technique for
flooding optimization and the ensemble Kalman filter (EnKF) for data assimilation (See the Appendix for further details about
these techniques). We found that, in these very simple models, there was significant scope for improved ultimate recovery and
reduced water production. Moreover it appeared that closed-loop optimization based on an ensemble of uncertain reservoir
models can lead to results that closely approach those of open-loop optimization, i.e. results based on optimization of the ‘true’
reservoir represented by the virtual asset. It should be noted, however, that the examples presented in these papers were very
simple, with only two phases, a horizontal two-dimensional configuration, no constraints on well bore pressures and with
permeability being the only uncertain parameter.
Another early combination of optimization and data assimilation was used by Aitokhuehi and Durlofsky (2005) who
combined flooding optimization with smart wells using numerically determined gradients with the probability perturbation
method for data assimilation. Simple 2D reservoir models were also used by Sarma et al. (2006) to demonstrate closed-loop
reservoir management. They applied adjoint-based optimal control in combination with adjoint-based data assimilation and a
low-order representation of an ensemble of permeability fields. In follow-up studies they included an approximate technique to
quantify uncertainty (Sarma et al., 2005b), and they demonstrated the closed-loop concept on a 3D, 40,000 active-grid-block
model, based on a real reservoir, and with realistic well constraints (Sarma et al., 2008). Also for the latter case it was found
that there is significant scope for increasing the net present value over the producing life of the reservoir (up to 25% in this
particular example) and that optimization based on an ensemble of uncertain reservoir models comes close to open-loop
optimization based on the ‘true’ reservoir. However, it should be noted that in this example the virtual asset was chosen as one
of the realizations of an ensemble of geostatistical realizations, while the remaining ensemble members were then used for the
data assimilation part of the closed-loop exercise. This provides an advantage in the form of the ‘correct’ prior geological
features being present in the ensemble used for data assimilation, a benefit that will generally not be present in a real situation.
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Further simple 2D closed-loop studies were performed by Wang et al. (2007), who focused on the computational aspects of
flooding optimization and provided a detailed description of the numerical experiments, and by Chen et al. (2008), who
addressed systematic uncertainty quantification using ensemble-based techniques for both optimization and data assimilation.
ATW benchmark study
Recently, an SPE Applied Technology Workshop (ATW) on closed-loop reservoir management was held in Bruges,
Belgium. An important feature of the workshop was the opportunity to participate in a benchmark project to test the use of
flooding optimization and data assimilation methods. Results of this exercise have been reported in an overview paper; see
Peters et al. (2009), and in more detail in two papers of individual participants: Chen et al. (2009) and Lorentzen et al. (2009).
The benchmark project was organized in the form of an interactive competition during the months preceding the ATW, such
that the results could be compared and discussed during the workshop. Participants were provided with synthetic well bore
logs, 10 years of production data and interpreted 4D seismic data (in the form of coarse-scale pressure and saturation fields at
year 0 and year 10) generated with a large-scale (450,000 grid block) virtual asset, the Bruges field, with a realistic reservoir
geometry and structure. In addition, the participants received an ensemble of 104 reservoir models of 60,000 grid blocks each,
generated using various geostatistical techniques, and assumed to be a reasonable representation of the reservoir parameters
with a realistic uncertainty level. It should be noted though that the participants were also provided with deterministic ‘true’
data (e.g. fine-scale relative permeabilities and fluid data) which would be less well known in reality. Goal of the exercise was
to maximize field performance in terms of NPV. Therefore the participants were requested to first perform a history match of
the ensemble of models over the first 10 years, and then perform a life cycle flooding optimization over the remaining 20 years
of producing reservoir life. Next the participants could submit their optimal production strategy for years 10 to 20 to the
organizers of the benchmark study who then ‘operated’ the virtual asset accordingly and thus created a second set of synthetic
production data. Subsequently the participants were asked to perform a second history match, this time up to year 20, and a
second flooding optimization for the remaining 10 years of production, the results of which then could be returned to the
organizers again to evaluate the final NPV using the virtual asset. A total of 9 participants competed using a wide variety of
flooding optimization and data assimilation techniques as described in detail in Peters et al. (2006). The most successful
participant achieved an NPV of 4.50×109 $ which was 7.4 % higher than a reactive control strategy (4.19×109 $) and close to
the open-loop reference result that was obtained by the organizers through flooding optimization of the virtual asset model
directly (4.63×109 $, i.e. 10.5% higher than reactive control). A ‘model update frequency’ of once per 10 years was used in
this benchmark exercise because of logistic limitations. Therefore the results do not really reflect a closed-loop reservoir
management approach, but rather a traditional ‘batch type’ reservoir management strategy. However, the most successful
participant was given the opportunity to repeat the exercise with a higher frequency (once every year) for the data assimilation
and flooding optimization over years 10 to 30. This closed-loop approach indeed resulted in a small further increase in NPV in
the order of 1% compared to the reactive control case. Possibly an additional increase could be achieved by using the closedloop approach right from the start of production instead of only after year 10.
Numerical experiment
Reservoir models
In the numerical experiment reported in this paper we further investigated the hypothesis stated in the introduction, namely
that “It will be possible to significantly increase life-cycle value by changing reservoir management from a ‘batch-type’ to a
‘near-continuous’ model-based controlled activity.” We used a relatively small 3D two-phase (oil-water) virtual asset model of
18,553 active grid blocks of dimension 8 m×8 m×4 m, see Fig. 3, consisting of 7 layers as displayed in the left column of
Fig. 4.

Fig. 3: Permeability field and well locations of the virtual asset; blue: injectors, red: producers (after Van Essen, 2006).
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Fig. 4: Permeability fields per layer. First column: true values. Second column: prior ensemble average. Third to seventh column:
randomly chosen prior ensemble members.

We used Corey-type relative permeabilities and zero capillary pressures. The relevant rock and fluid properties have been
displayed in Table 1. The reservoir model, which was first used in Van Essen et al (2006), has no-flow boundaries at all sides
and is produced through water flooding with 8 injectors and 4 producers. The injectors and producers are perforated in all
seven layers. We used a proprietary large-scale reservoir simulator equipped with adjoint functionality to perform flooding
optimization under well rate and bottom-hole pressure constraints (Kraaijevanger et al., 2007), and an in-house Matlab-based
implementation of the ensemble Kalman filter to perform data assimilation. The initial ensemble of reservoir models was
created with in-house geostatistical software. The second column of Fig. 4 displays the ensemble average for each layer and
the third to seventh column display five of the 100 realizations. We created Gaussian random fields for permeability in each
layer, conditioned to the well bore data, and with a randomly-oriented ellipsoidal covariance with a randomly-chosen
correlation length between 4 and 8 grid blocks.
Economic data
We used an oil price of 283 $/m3, water production costs of 31.5 $/m3, water injection costs of 0 $/m3 and a discount rate
of 15%. A simple NPV as defined in equation (9) was used as optimization objective. During updates of the control strategy,
the discounting was always performed starting from the update time as would be done in a real situation where decisions are
based on ‘forward-looking economics’. However, in order to compare the results of the different strategies we express all
results in terms of NPV discounted with respect to the start of production. The total producing life of the reservoir was taken as
8 years (2922 days) and optimization was performed with respect to this fixed end time.
Control strategies
We performed six experiments using a reactive control strategy, in the remainder referred to as the ‘reactive case’, an openloop control strategy, referred to as the ‘ideal case’, and four closed-loop control strategies. The closed-loop strategies used
four different optimization frequencies increasing from once per 4 years to once per 2 years, then once per year and finally
once per 30 days. For all experiments the injectors were operated on maximum rate constraints of 48 m3/d and maximum
pressure constraints of 41.4 MPa which is 1.4 MPa above the initial reservoir pressure (at top perforations). The producers
were operated on minimum bottom hole pressure constraints of 38.3 MPa which is 1.7 MPa below the initial reservoir pressure
and maximum total liquid rate constraints of 318 m3/d.
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Table 1 – Geological and fluid properties of the virtual asset.
Symbol

Variable

Value

Units

φ

Porosity

co

Rock compressibility

1.0 × 10

-10

1/Pa

cw

Water compressibility

1.0 × 10

-10

1/Pa

cr

Rock compressibility

0

1/Pa

ρo

Oil density (@1 bar)

900

kg/m

3

ρw

Water density (@1 bar)

1000

kg/m

3

μo

Oil dynamic viscosity

1.0 × 10

Pa s

Water dynamic viscosity

1.0 × 10

Pa s

μw
k

0
ro

0
krw

0.2

-

-3
-3

Endpoint relative permeability, oil

0.8

-

Endpoint relative permeability, water

0.6

-

no

Corey exponent, oil

4

-

nw

Corey exponent, water

3

-

Sor

Residual oil saturation

0.15

-

Swc

Connate water saturation

0.20

-

pinit

Initial reservoir pressure @ top perfs.

40

MPa

During the reactive case scenario the pressure constraints in the injectors and the rate constraints in the producers were never
reached. Shut-in of the producers occurred at 90% water cut which corresponds to the economic limit for production under the
given oil price and water costs. For the ideal case we performed open-loop optimization of the injector rates and producer
pressures directly on the virtual asset under the constraints specified above. During closed-loop control, the injectors were
operated by prescribing their rates and the producers by prescribing their bottom hole pressures but also within the specified
constraints. Because in the reactive case the injectors and producers always operated on their maximum rate and minimum
pressure constraints respectively, in the closed-loop cases the injection and production rates were effectively allowed to be
reduced compared to the reactive case but not to be increased. During four different closed-loop experiments, the well controls
were allowed to change at different frequencies. The highest frequency was once per 30 days, and with a total producing life of
2922 days and 12 wells this resulted in an optimization problem with 1164 input variables (control variables). Closed-loop
optimization was performed on the mean of the updated ensemble using a steepest ascent algorithm with adjoint-derived
gradient information.
Data assimilation
Synthetic production data were generated using forward simulation of the virtual asset, either using the reactive strategy to
generate the initial data, or using prescribed rates (in the injectors) or bottom pressures (in the producers) while operating in
open-loop or closed-loop mode. This resulted in synthetic bottom hole pressure and phase rate measurements for all wells at
30-day intervals. We used a standard ensemble Kalman filter implementation to update the natural log of the permeability, the
pressures and the saturation values in all active grid blocks. Saturations were forced to stay within the moveable range through
resetting values exceeding this range to residual saturations. Permeabilities were forced to stay within the range 50 – 20,000
mDa. All ensemble members were simulated by prescribing total liquid rates, i.e. without pressure constraints, as provided by
the synthetic production data, resulting in pressures and phase rates as predicted output. We used standard deviations for the
oil rates, water rates and pressures of 15 m3/d, 15 m3/d and 2.8 MPa respectively. We did not iterate the assimilation and did
not apply any localization.
Results
Fig. 5 displays the NPV for each of the six experiments, and the discounted contributions from water and oil production. In
terms of NPV the ideal case has the highest value and the reactive case the lowest with the closed-loop results gradually
increasing with increasing optimization frequency. There is not much difference between the discounted oil revenues for the
ideal case and for the closed-loop cases, although they are all clearly higher than for the reactive case. However, the
discounted water costs display a clear reduction with increasing optimization frequency, except for a seemingly anomalous
result for the once-per-two-year case. The NPV is monotonously increasing with increasing optimization frequency, also for
the once-per-two year case because for that case not only the water production is lower, but also the oil production. The NPV
values for the closed-loop cases are 6.68, 8.29, 8.30 and 8.71 % higher than for the reactive case, while the NPV for the onceper-30-days case is only 0.15% lower than the NPV for the ideal case (which is 8.86 % higher than the reactive case). Fig. 6
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displays the results of the six experiments in terms of produced oil and water rates. The reactive strategy (purple lines) is
clearly the worst performing one. Using a closed-loop strategy with an increasing optimization frequency results in a reduction
in water production, in line with the data in Fig. 5. The once-per-two-year results (blue dashed line) deviate from the trend
after 1700 days and even correspond to a lower water production than in the ideal case (black dashed line). The effect of
increasing the optimization frequency seems to have little influence on the oil production and all closed-loop results (red lines)
are close to the result for the ideal case (black solid line, hardly visible), which is considerably better than the one for the
reactive case (purple solid line).
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Fig. 5: NPV (black) and contributions to NPV from water production (blue) and oil production (red) for six experiments: 1) ideal case;
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Discussion
Fig. 7 displays the updated ensemble averages at different moments in time for the once-per-30-days closed-loop case,
displaying a gradual increase in reservoir heterogeneity which, however, never reaches the exact pattern of the truth case as
displayed in the left column. Fig. 8 shows the fourth layer of the true reservoir and the corresponding ensemble average for the
once-per-30-days case after eight years, i.e. at the end of the producing life of the reservoir, and also these two permeability
fields are significantly different. However, as illustrated in Figs. 5 and 6, the simulated reservoir performance for these two
cases is nearly identical. It is well known that history matching is an ill-posed problem, i.e. it allows many solutions
(permeability fields in our case) that reproduce the same historic production data; see e.g. Oliver et al. (2008). This example
illustrates that such ill-posedness is not necessarily always problematic. In particular if we attempt to optimize the flooding
performance of a reservoir by manipulating pressures and flow rates in a fixed well configuration there is only a limited
amount of control that we can exercise on the reservoir states (i.e. pressures and saturations). Especially pressures that are
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some distance away from the wells and saturations away from the oil-water front are generally poorly controllable. At the
same time, the amount of information that we can infer from production data is also limited. This concerns in particular the
observability of state variables and the identifiability of parameters at some distance from the wells. For a situation where we
estimate reservoir properties with the aid of production data from the same wells that we use to control the reservoir flooding,
the limited amount of information that can be obtained from the well data may just be enough to optimize the flooding
performance within the limited room that is available for well control. A formal analysis of the concepts of observability,
controllability and identifiability as applied to single-phase reservoir flow was recently published by Zandvliet et al. (2008).
Work to extend these concepts to two-phase flow is ongoing. We like to stress that we acknowledge that for realistic reservoir
management geological knowledge is essential, in particular when there is room to plan for new wells. However, we also like
to stress that the essential information in a reservoir model for a particular well configuration can often be represented with a
much less complex representation than suggested by the large number of grid blocks in typical reservoir models. This implies
that there is room for reparameterization of the permeability field to reduce the number of model parameters, and for low-order
modeling using system-theoretical concepts to reduce the number of model states. For references to techniques for parameter
and model-order reduction we refer to the end of the Appendix.

Fig. 7: Permeability fields per layer. First and second column: true values and prior ensemble averages (equal to first two columns of
Fig. 4). Third to seventh column: ensemble averages at different moments in time for the once-per-30-days closed-loop case.

Fig. 8: Permeability fields for layer 4. Left: true reservoir. Right: ensemble average after 2922 days (final time) for the once-per-30days closed-loop case.
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Fig. 9 displays the well rates for the ideal case and the reactive case. It can be seen that the general effect of the optimization
algorithm is to shut in the injection wells earlier than for the reactive case and to prescribe bottom hole pressures in the
producers that cause much more irregular rates. In practice such irregular rates will not be acceptable. In fact it is doubtful if a
prescribed production strategy based on reservoir simulation models will ever be acceptable for production engineering
purposes. In particular, it is very unlikely that a producer will be shut for long-term reservoir management purposes when it
produces at high rate. Manipulation of the injectors will probably be less of a problem. A practical solution to implement
optimized well rates or pressures will probably require an envelope of maximum and minimum allowable rates and pressures
defined on the basis of reservoir simulation, leaving sufficient space for the production engineer to operate the wells using
short-term considerations. Probably some form of hierarchical optimization will be required as is customary in the process
industry; see e.g. Saputelli et al. (2005, 2006) for further details. Fortunately there appears to be room to for maneuvering,
because we frequently encountered situations where considerably different inputs resulted in identical NPV values. In fact the
seemingly anomalous result for the once-every-two years closed-loop case is probably also an illustration of this effect.
Another example is given by Fig. 10 which displays the injection rate in well 5 for the once-per-30-days case. Initially we
performed the optimization with the ‘nervous’ optimal strategy as indicated with the dotted line. However, we repeated the
simulation with smoothed optimal rates and pressures, using Fourier-based filtering to remove the high-frequency
components; and obtained identical results for the NPV. This illustrates that, just as was the case for the data assimilation
problem, the flooding optimization problem is ill-posed and contains many more control variables than necessary. Therefore,
just as in data assimilation, there is scope for reparameterization, see e.g. Lien et al. (2008), and, more importantly, for
optimization of long-term reservoir performance while maintaining freedom to perform short-term production optimization.
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Conclusions
We performed a numerical experiment to verify the hypothesis that “It will be possible to significantly increase life-cycle
value by changing reservoir management from a ‘batch-type’ to a ‘near-continuous’ model-based controlled activity.”
Although we only performed a single experiment, which therefore does not bear any statistical significance, we conclude that
for this example increasing the optimization frequency indeed resulted in an increase in NPV. Specifically we found that the
NPV values for the closed-loop cases were 6.68, 8.29, 8.30 and 8.71 % higher than for the reactive case, while the NPV for the
once-per-30-days case was only 0.15% lower than the NPV for the ideal, open-loop case (which is 8.86 % higher than the
reactive case).
We illustrated that for closed-loop reservoir management with a fixed well configuration, the use of considerably different
reservoir models may lead to near-identical results in terms of NPV. This implies that in such cases the essential information
may be represented with a much less complex model than suggested by the large number of grid blocks in typical reservoir
models. This also implies that there is room for reparameterization of the permeability field to reduce the number of model
parameters, and for low-order modeling using system-theoretical concepts to reduce the number of model states.
We also illustrated that the optimal rates and pressures as obtained by open- or closed-loop optimization are often too
irregular to be practically applicable. A practical solution will probably require an envelope of allowable rates and pressures
defined on the basis of reservoir simulation, leaving sufficient space for the production engineer to operate the wells using
short-term considerations. Fortunately, just as was the case for the data assimilation problem, the flooding optimization
problem usually contains many more control variables than necessary, allowing for optimization of long-term reservoir
performance while maintaining freedom to perform short-term production optimization.
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Appendix: Flooding optimization and data assimilation techniques
Flooding optimization
Gradient-based and gradient-free techniques
Many numerical techniques are available to solve the flooding optimization problem defined in the body of the text. An
important distinction is between methods that attempt to find the global optimum, and those that aim at finding a local
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optimum (which could be equal to the global optimum, but usually isn’t). For realistic problems, all optimization techniques
involve some form of iteration, and the ‘local methods’ will produce answers that are dependent on the initial guess used as
starting point for the iteration. Another distinction is between gradient-based and gradient-free methods. Gradient-based
methods make use of gradients ∇J k , i.e. of column vectors of derivatives ∂J ∂uik , to guide the iteration process. Here, uik
represents a single element i of vector uk at time k. Gradients of a function have the property that they point in the direction of
maximum increase of the function value, which explains their significance to find the maximum (or the minimum) of a
function. A disadvantage of gradient-based methods is that they usually converge to a local optimum, as opposed to some
gradient-free techniques that can search for the global optimum. However, gradient-free methods require many more function
evaluations (i.e. reservoir simulations) than gradient-based methods to find an optimum, which makes them unattractive for
our purpose.
Obtaining gradients
The most straightforward way to obtain gradient information ∂J ∂uik is by repeating the forward reservoir simulation with
a slightly perturbed input variable uik = uik + Δuik resulting in a slightly perturbed objective function value J such that we can
use the approximation ∂J ∂uik ≈ ΔJ Δuik = ( J − J ) (uik − uik ) . However, to obtain the full gradient ∇J k we need to repeat this
perturbation for each input variable i at each time step k, which becomes computationally prohibitive for realistic flooding
optimization problems. An approximate gradient vector can be obtained by perturbing all input variables simultaneously in a
random fashion; see Wang et al. (2007). This so-called ‘simultaneous perturbation stochastic approximation (SPSA)’ method
results in a sub-optimal gradient, but with significantly less computational effort than the full finite difference method. Another
way to obtain an approximate gradient is to use the statistical relationship (cross-covariance) between the a number of
randomly chosen control vectors and the corresponding objective function values, see Lorentzen et al. (2006), Wang et al.
(2007) and Chen et al. (2008).
Adjoint-based techniques
In our work we have been using an alternative approach where the derivative information is obtained through the use of an
adjoint equation; see Brouwer and Jansen (2004), Van Essen et al. (2006), Zandvliet et al. (2007) and Jansen et al. (2008). A
major benefit of the adjoint method is that the gradient information is obtained using a single additional dynamic simulation,
independent of the number of control variables. This gives it a computationally superior behavior compared to the finite
difference, SPSA and ensemble methods. However, the price to pay is the need to program in the adjoint equations which is a
major programming effort for any realistic reservoir simulation code. Adjoint-based techniques for flooding optimization were
introduced in reservoir engineering for the optimization of tertiary recovery processes such as polymer or CO2 flooding; see
Ramirez (1987). The first paper on gradient-based control of water flooding is Asheim (1988), followed by, among others,
Virnovsky (1991), Zakirov et al. (1996) and Sudaryanto and Yortsos (2000, 2001). However, industry uptake of these methods
was almost absent until the advent of ‘smart well’ and ‘smart fields’ technology which caused a revival of interest; see
Brouwer and Jansen (2004). Recently, a series of publications have appeared covering various aspects of adjoint-based
optimization of reservoir flooding while several reservoir simulation packages have been equipped with the adjoint
functionality. Implementation aspects have been addressed in Sarma et al. (2005a), computational issues in Zandvliet et al.
(2007), regularization in Lien et al. (2008), and constraint handling in Sarma et al. (2005a, 2008), De Montleau et al. (2006)
and Kraaijevanger et al. (2007).
Other techniques
If we disregard the water injection costs in objective function (6) and use a zero discount factor, the optimum is often
reached when the water front reaches the production wells at the same moment in time. In particular when the wells are
controlled on rates and if we can disregard compressibility effects, a very efficient way to perform the optimization is then
with the aid of streamline-derived derivatives, see Alhuthali et al. (2007). We note that the results of such streamline-based
life-cycle optimization may be different from instantaneous streamline-based optimization using ‘pattern balancing’ as
described in e.g. Thiele and Batycky (2006). Further alternative methods to perform life-cycle flooding optimization use ‘nonclassical’ methods such as genetic algorithms or simulated annealing; see e.g. Yang et al. (2003).
Robust optimization
One of the major challenges in reservoir engineering is taking decisions in the presence of very large uncertainties about
the subsurface structure and the parameters that influence fluid flow. One of the ways to cope with this uncertainty during the
field development phase of a reservoir is to use a set of different subsurface models, also known as an ensemble of geological
realizations; see e.g. Yeten et al. (2004). It is then possible to use a robust ensemble-based optimization strategy to maximize a
robust objective function Jrob which approximates the expected value of the objective function over all realizations according
to
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J rob ( u1:K , y1:1:KN R ( u1:K ) , θ1:N R ) =

1
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∑ J (u
i =1

1:K

, y1:i K ( u1:K ) , θi ) ,

(A.1)

where θi and yi are the parameter and output vectors of realizations i =1, …, NR. Calculating the ‘mean’ gradients
(dJ rob du k )T of the robust objective function involves a linear operation in terms of the gradients of each realization, and can
be done efficiently using an adjoint-based approach; see Sarma et al. (2005b) and van Essen et al. (2006). This approach has
the advantage that the gradients of each realization can be calculated in a sequential manner instead of simultaneously, which
would result in a considerable computational burden limiting the number of realizations that could be used. Calculating the
gradients sequentially circumvents this problem, although it still leads to an extended simulation time by a factor NR. However,
the fact that the calculations are decoupled allows for parallel calculations on multiple processors. In Van Essen et al. (2006)
the ensemble of reservoir models consisted of a number of hand-drawn geological realizations. In Sarma et al. (2005b) the
optimization was performed in combination with a stochastic technique to quantify reservoir uncertainty in terms of
approximate moments of the probability density functions of the uncertain reservoir parameters. Alternative techniques for
robust optimization, without the need for implementation of an adjoint formulation, are based on the streamline-based
sensitivity method, see Alhuthali et al. (2008), or on the use of an ensemble-based approximate gradient, a technique named
the EnOpt method; see Chen et al. (2008).

Data assimilation
Adjoint-based techniques
Minimization of the objective function (9) for data assimilation is usually performed with the aid of an adjoint-based
method; see e.g. Chavent et al. (1975), Li et al. (2003), Rodrigues (2006) and Oliver et al. (2008). It is possible to also take
into account the uncertainty in the states with the aid of the ‘representer method’, which was first introduced in ocean
engineering; see Bennett (2002). For early applications to reservoir engineering, see Przybysz-Jarnut et al. (2007), Rommelse
et al. (2007), and Baird et al. (2007). It can be shown that for linear systems, and assuming Gaussian measurement and process
noise, the representer method results in exactly the same answers as the, much older, Kalman smoother which will be briefly
discussed below.
Ensemble Kalman filtering
Just as was the case for flooding optimization, a major disadvantage of adjoint-based data assimilation is the large
programming effort required to implement the adjoint equations. This is the major reason for the recent rapid increase in
popularity of the Ensemble Kalman Filter (EnKF) which can be implemented relatively easy ‘around’ an existing reservoir
simulator. Kalman filtering was originally developed to estimate uncertain states, and not parameters, in linear dynamic
systems from noisy measured data. Assuming Gaussian distributions for the uncertainty in the prior states and the
measurements, posterior estimates for the states and the corresponding uncertainties can then be computed with the aid of
closed-form matrix expressions. For nonlinear problems, of which parameter estimation problems form a subset, the ordinary
Kalman filter breaks down because the nonlinearity results in non-Gaussian noise when propagated through the system. In the
EnKF the analytical error propagation is replaced by a Monte Carlo approach, in which the model error covariance is
computed from an ensemble of models which are all propagated in time. In analogy to the ensemble-based flooding
optimization approach discussed above, the EnKF can be interpreted as a way to compute an approximate gradient based on a
statistical relationship (cross-covariance). In this case the relevant cross-covariance is the one between the uncertain states and
parameters, and the measurements; see Zafari and Reynolds (2007). The EnKF method has proved to be very successful in
oceanographic applications where very large models, containing millions of state variables, are frequently updated using a
variety of data sources; see Evensen (1994, 2007). During the forecast step a simulation is run for each of the models up to the
time where new measurements become available. All models are updated by combining the new real measurements with
forecasted measurements from the ensemble. Recently a large number of publications have appeared that apply the EnKF to
reservoir engineering problems; see e.g. Nævdal et al. (2005) and Wen and Chen (2006) for early applications and Evensen
(2006) and Gu and Oliver (2007) for recent overviews. These reservoir-focused implementations of the EnKF also treat
parameters as unknowns, which leads to the use of an extended state vector x = [xT θT ]T . Model updating using the EnKF
relies on the cross-covariance between the measurements and the (extended) state. However, because the EnKF uses a loworder representation of the cross-covariance matrix, based on a relatively small ensemble, spurious updates may occur. Various
‘localization’ schemes are therefore being investigated to restrict updates to regions close to the measurements; see e.g.
Devegowda et al. (2007). Another aspect of the EnKF is that it is well suited for sequential model updates which makes it a
natural data assimilation technique for ‘on-line’ tracking of dynamic processes in ‘real time’, i.e. at the moment that new data
become available. For reservoir engineering applications, however, this is not a major benefit because the processes involved
are usually slow enough to allow for ‘off-line’ assimilation of a set of measurements over the entire history matching period.
Moreover, the nonlinearity in the processes often requires repetition of the sequential data assimilation to improve the
consistency between the updated parameters and dynamic response, see e.g. Reynolds and Zafari (2006) and Gu and Oliver
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(2007). Although the Kalman filter differs from variational methods in that it updates states and parameters sequentially, it can
be modified to adapt states and parameters at earlier moments in time, in which case it is known as a Kalman smoother. In
fact, it can be shown that for state estimation in linear systems the representer method and the Kalman smoother lead to
exactly the same results. For nonlinear systems this is not the case, and the methods will in general lead to somewhat different
results.
Other techniques
Several other computer-assisted history matching methods have been developed in the reservoir engineering community
using, e.g., streamline simulation to rapidly derive sensitivities of saturation changes along streamlines (Vasco et al., 1999),
simulated annealing or genetic algorithms (Schultze-Riegert et al., 2002), or techniques to specifically honor geostatistical
constraints, such as the gradual deformation method (Roggero and Hu, 1998) and the probability perturbation method (Caers,
2003). In addition, methods that emphasize the quantification of uncertainty have been developed such as semi-analytical
techniques (e.g. Sarma et al., 2005b) the neighborhood algorithm (Erbaş and Christie, 2007) and Markov Chain Monte Carlo
simulation (e.g. Barker et al., 2001). Especially the latter, stochastic, methods require a very large number of reservoir
simulations, an approach that is usually computationally too demanding for practical purposes. This has lead to techniques to
perform uncertainty assessment with the aid of upscaled models or ‘proxy’ models in the form of polynomial response
surfaces that are derived from a limited number of simulations using an experimental design approach, see e.g. Omre and
Lødøen (2004), Yang et al. (2007) and Alpak et al. (2009).
Reparameterization and model reduction
In our parameter and state estimation problems we are dealing with a very large number of ‘inputs’ (parameters and states)
that need to be adjusted to obtain a best match between predicted and measured output. A typical reservoir model may contain
millions of unknown parameters, such as grid block permeabilities and porosities, fault transmissibilities and initial conditions.
Fortunately most of these parameters display spatial correlations that can be used to reduce the dimension of the parameter
space, and various techniques to regularize the parameter estimation problem have been proposed using, e.g., zonation,
wavelets (Sahni and Horne, 2005), Karhunen-Loève decomposition and its nonlinear version the kernel PCA (Sarma et al.
2007), or the discrete cosine transform (Jafarpour and McLaughlin, 2007). It has been shown that it is also possible to make
use of spatial correlations in the states (pressures, saturations) to reduce the order of reservoir models using system-theoretical
techniques, but application of these possibilities in optimization, data assimilation or upscaling has hardly yet been pursued.
For some early attempts, see Heijn et al. (2004), Van Doren et al. (2006), Markovinović and Jansen (2006), Gildin et al.
(2006), Vakili-Ghahani et al. (2008) and Cardoso et al. (2008).

