
Robust closed-loop reservoir management using residual
analysis

M. Mohsin Siraja, Paul M.J. Van den Hof 1a, Jan Dirk Jansenb

aControl Systems Group, Department of Electrical Engineering, Eindhoven University of
Technology, The Netherlands (email: m.m.siraj@tue.nl, p.m.j.vandenhof@tue.nl)
bDepartment of Geoscience and Engineering, Delft University of Technology, The

Netherlands. (e-mail: j.d.Jansen@tudelft.nl)

Abstract

Model-based dynamic optimization of the water-flooding process suffers from
high levels of uncertainty. Among different sources of uncertainties, model un-
certainty has a dominant effect on this optimization. A traditional way of
quantifying uncertainty in robust water-flooding optimization is by considering
an ensemble of uncertain model realizations. These models are generally not
validated with data and the resulting robust optimization strategies are mostly
open-loop or offline, i.e., they do not take account of information revealed over
time. The main focus of this work is to develop a closed-loop or online robust op-
timization scheme that allows the strategy to be updated whenever information
(production data in this case) becomes available. The introduced scheme uses
the concept of residual analysis as a major ingredient, where the models in an
ensemble are confronted with data and an adapted ensemble is formed with only
those models that are not invalidated. As a next step, the robust optimization
is again performed (i.e., updated/adjusted) with this adapted ensemble. The
steps of the introduced closed-loop (online) scheme, i.e., data collection, resid-
ual analysis and robust optimization can be repeated at multiple time step.
The introduced invalidation (rejection) strategy is compared with common joint
parameter/state estimation (history matching) method, Ensemble Kalman Fil-
tering (EnKF). The adapted ensemble gives a less conservative description of
uncertainty and also reduces the high computational cost involved in robust
optimization. Simulation examples show that an increase in the objective func-
tion value with a reduction of uncertainty on these values is obtained with the
introduced robust scheme compared to an open-loop offline robust scheme with
the full ensemble and with a closed-loop online scheme with EnKF.
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1. Introduction

Various studies have shown that model-based dynamic optimization of the
water-flooding process improves the economic life-cycle performance of oil fields,
see e.g., [1–3]. One of the key challenges in this optimization is the high levels
of uncertainty arising from the modeling process of water flooding and from
strongly varying economic conditions. As a result, the potential advantages of
dynamic optimization are not fully realized and the optimized objective value
is not obtained.

Different approaches to decision making under uncertainty can be broadly
divided into two categories, see e.g., [4]. In the first set of approaches, also
known as open-loop or offline schemes, a decision maker selects a strategy with-
out knowing the exact values taken by the uncertain parameters, and the exact
values are assumed to belong to an uncertainty space. In the second category,
also known as closed-loop or online data-based approaches, the strategy is al-
lowed to update/adjust to information that is revealed over time. Uncertainty
modeling (quantification) of the uncertainty space Θ is one of the essential
steps in these robust approaches. A general practice of quantifying uncertainty
in water-flooding optimization is an ensemble (scenario)-based approach where
an ensemble of uncertain parameters (models), see e.g., [5], [6] is considered.
These models are usually generated with geostatistical tools, see e.g., [7] or,
occasionally, hand drawn, and are typically not (in)validated by the production
data. Hence they may provide a (very) conservative description of uncertainty.
The state of the art in the oil industry is to use a large number of realizations
which are considered to be a good representation of the uncertainty space Θ.

In the petroleum engineering literature, open-loop (offline) ensemble (scenario)-
based robust approaches have been studied from various perspectives. In [5], a
so-called robust optimization approach has been introduced, which maximizes
an average NPV over an ensemble of geological model realizations. A mean-
variance optimization (MVO) approach honoring geological uncertainty, which
maximizes the average NPV and minimizes the variance of the NPV distribu-
tion, has been implemented in [8] and extended to consider economic uncertainty
in [9]. Similar MVO approaches, e.g., for a well-placement problem, have been
described in [10–12]. Different risk averse open-loop strategies, e.g., worst-case
robust optimization, CVaR optimization, have been presented, e.g., in [13–16].
The application of closed-loop (online) data-based robust approaches is limited
by the complexity of the reservoir models. A closed-loop reservoir manage-
ment approach has been introduced in [17], where the reservoir model variables
(states and/or parameters) are frequently updated using data assimilation or
Computer Assisted History Matching (CAHM) techniques such as Ensemble
Kalman Filtering (EnKF), Ensemble Kalman Smoothing (EnKS), variational
approaches, streamline-based approaches, etc., see e.g., [18], [19], [20]. Model-
based dynamic optimization is performed with updated model(s) at each history
matching time step. In the robust settings, because robust optimization uses
an ensemble of model realizations, the posterior ensemble, e.g., estimated by
EnKF, can be directly used in an online fashion. In [21], a closed-loop online

2



optimization method has been introduced that combines adjoint-free ensemble-
based optimization (EnOpt) with EnKF and it has been applied to the Brugge
field in [22]. Various other authors have implemented closed-loop schemes with
different combinations of CAHM and optimization techniques, see, e.g., [23],
[24] and [6].

The purpose of this work is to devise a closed-loop (online) robust scheme
that can be updated with given production data. The main focus is to ad-
dress the question: how can the available information (production data) with
time be used to shrink the uncertainty space? Then the key issue is to ana-
lyze uncertainty reduction and improvement in the robust optimization of the
water-flooding process? Traditionally, a joint state/parameter estimation, e.g.,
by using EnKF, is used for uncertainty reduction in closed-loop reservoir man-
agement. We consider a different route and use a rejection mechanism, i.e.,
residual analysis, to find fewer representative models in an ensemble (i.e. to
reduce the ensemble size). In residual analysis, models are confronted with data
and are invalidated if they do not sufficiently agree with the observed data. An
adapted ensemble is formed with only those models that are not invalidated
and it is used in a robust optimization exercise in an closed-loop online fash-
ion. This adapted ensemble provides a better description of uncertainty and
it is also beneficial in reducing the computational complexity of robust opti-
mization of the water-flooding process. Rejection sampling, as discussed in [25],
also provides a mechanism for rejecting models based on available data. It is a
probabilistic approach and requires the knowledge of the likelihood probability.
Rejection sampling is not considered in this work. The parameter estimation,
due to a large number of to-be-estimated parameters (overparameterized), is an
ill-posed problem and therefore questions on the effectiveness of the estimation,
e.g., with EnKF, can be raised. For an overparameterized model, the production
data does not necessarily map to the relevant (and informative) model infor-
mation. In [26], it has been stressed that the observation should only be used
to falsify possible solutions (e.g., rejecting models), and not to deduce any par-
ticular solution (e.g., estimating parameters). To analyse uncertainty reduction
and performance of the developed closed-loop scheme with residence analysis,
simulation examples are presented and the results are compared with the closed-
loop robust scheme with EnKF. This paper is based on the preliminary results
of [27] but developed further with extended uncertainty reduction analysis and
comparison with EnKF.

The paper is organized as follows: In the next section, a short recapitulation
is given of uncertainty quantification in a waterflooding setting and closed-
loop reservoir management. The concept of residual analysis with performance
measures to define the invalidation test is discussed in section 3. In section 4,
the closed-loop (online) robust scheme is introduced. Simulation examples with
this online (closed-loop) scheme are given in section 5 and the results of offline
(open-loop) and online (closed-loop) robust schemes with EnKF and residual
analysis are compared followed by conclusions in section 6.
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2. Uncertainty in water-flooding optimization

Typically in model-based optimization of the water-flooding process, a fi-
nancial measure, i.e., Net Present Value (NPV), is maximized. NPV can be
mathematically represented in the usual fashion as:

J =

K∑
k=1

[
ro · qo,k − rw · qw,k − rinj · qinj,k

(1 + b)
tk
τt

·∆tk

]
, (1)

where ro, rw and rinj are the oil price, the water production cost and the water

injection cost in $
m3 respectively. K represents the production life-cycle i.e.,

the total number of time steps k and ∆tk the time interval of time step k in
days. The term b is the discount rate for a certain reference time τt. The terms
qo,k, qw,k and qinj,k represent the total flow rate of produced oil, produced water

and injected water at time step k in m3

day .
Model uncertainty is the prime source of uncertainty in the model-based

optimization of the water-flooding process. Traditionally in water-flooding op-
timization, an ensemble of uncertain model realizations is considered to quantify
the uncertainty space Θ. It is equivalent to descretizing the uncertainty space,
i.e., {M(θ1),M(θ2), · · · ,M(θNgeo)}, where M is a model with θi ∈ Θ, i =
1, 2, · · · , Ngeo a realization of a vector of uncertain parameters. This ensemble-
based uncertainty set can be used with various robust schemes. One of the
simplest scenario-based robust approaches with adjoint-based well control op-
timization is to maximize the average of the NPV objective over the model
uncertainty ensemble, as introduced in [5]. Robust optimization (or mean opti-
mization (MO)) can be formulated as:

JMO =
1

Ngeo

Ngeo∑
i=1

Ji(u,θi), (2)

where Ji is the NPV objective and u is the input decision variable. Other ro-
bust approaches in water-flooding optimization, e.g., mean-variance and mean-
CVaR have been discussed, e.g., in [8, 10, 13–15]. In these open-loop (offline)
approaches, the optimal solution is devised for the complete production life of
the reservoir and the uncertainty set and the optimization results are not up-
dated/adapted to the information, e.g., production data, which becomes avail-
able over time. These approaches aim only at minimizing the negative effect of
uncertainty on the achieved NPV. In other words, the sensitivity of the opti-
mized strategy to uncertainty is reduced. The offline approaches do not focus
on the problem of reducing uncertainty, i.e., shrinking the uncertainty space Θ
and on minimizing the mismatch between the model and the true system.

The uncertainty reduction can be achieved with the help of available infor-
mation, e.g., with production data. In the oil industry, the use of model-based
optimization with the available sensors and control valves is often referred to
as smart fields, intelligent fields, real-time reservoir management, or closed-loop
reservoir management as discussed in the next subsection, see e.g., [28, 29].
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2.1. (Robust-)closed-loop reservoir management

The concept of closed-loop reservoir management is shown in Fig. 1. The key
elements of this approach are dynamic model-based optimization under physical
constraints and/or geological uncertainties as indicated by the blue loop, and
parameter estimation/data assimilation aimed at continuous updating of the
system model(s) as indicated by the red loop.

Figure 1: Closed-loop reservoir management (Source: [17])

In this closed-loop reservoir management approach, the estimation of phys-
ical parameters with the available production data is one of the ways to reduce
uncertainty. Data assimilation or CAHM algorithms such EnKF, EnKS, vari-
ational methods, etc., are typically used in reservoir simulation offering either
joint state and parameter estimates, or, usually, just parameter estimates. The
variational methods minimize the mismatch between the model output and data
by using a gradient-based approach where the gradients are obtained by solving
adjoint equations, see e.g. [30], [18]. This parameter estimation problem, due
to a large number of to-be-estimated parameters, is ill-posed, i.e., many combi-
nations of parameter values will result in the same minimum value of the cost
function. Therefore, CAHM typically uses a Bayesian framework with a prior
distribution of the parameters reflected by a prior ensemble. Hence the esti-
mation of physical parameters is highly influenced by the selection of this prior
ensemble of parameters. The purpose of CAHM is to use production data for
uncertainty reduction, but due to the ill-posed nature or overparameterization
of the estimation problem the effectiveness of estimation, e.g., with EnKF, in
terms of mapping production data into relevant and informative model infor-
mation can be seriously reduced. These estimated parameters and the resulting
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adapted ensemble with CAHM can be used in a closed-loop (online) setting to
update the robust strategies, resulting in a robust closed-loop reservoir manage-
ment strategy as presented in [6, 21, 31, 32]. The application of CAHM with
nominal optimization, i.e., with a single reservoir model, has been presented
e.g., in [33], [17], [23], [34], [24], [29].

Robust optimization is computationally very expensive and as the number
of realizations in the adapted ensemble with CAHM are not reduced, the com-
putational complexity of the closed-loop (online) robust optimization steps is
not decreased. Another way to adapt the ensemble is by using clustering tech-
niques. In that case, the number of realizations in an ensemble is reduced by
clustering the models with similar (static or dynamic) behavior and only a few
representative models are used, see e.g., [35, 36]. However, the clustering tech-
niques are not data driven and the ensemble size reduction will normally not
result in uncertainty reduction, hence it will only minimize the computational
complexity of the robust optimization problem.

3. Residual analysis

Model validation is usually performed by confronting the model with avail-
able information, e.g., production data, time-lapse seismic, etc. Validation is
important to assess the quality of a model. It is a common practice in regression
analysis, where tests are typically defined by computing the model residuals and
giving statistics about it, see e.g., [37]. For a given ensemble of models, resid-
ual analysis follows an ’exclusion approach’ to uncertainty, which focuses on
starting from all possibilities (models) and then excluding those possibilities
(models) that can be ’rejected’ by any information available to us. Therefore,
it does not only reduce the size of the ensemble but it also aims at minimizing
the uncertainty space Θ. A principle difference between residual analysis and
other data assimilation techniques is that residual analysis is performed on the
model space which is smaller in size compared to the large parameter space
used in data assimilation methods. Hence residual analysis does not suffer from
the problem of ill-posedness and the subsequent effect of the selection of a poor
prior ensemble. Fig. 2, also shown in [27], illustrates a detailed overview of
techniques which can be used to update the ensemble of realizations either by
using production data or by using clustering techniques. Variational methods,
EnKF and clustering techniques have been discussed in the previous section.
Rejection sampling, as discussed in [25], is a probabilistic approach for rejecting
models based on available data and it requires the knowledge of the likelihood
probability, which is the conditional probability of the data given the model.
These techniques can be used in a closed-loop online robust optimization setting
where the robust optimization is defined over the posterior (adapted) ensem-
ble. For a linear regression problem, first order statistics provide a complete
characterization of the validation problem, e.g., in the correlation analysis, the
residual should be asymptotically uncorrelated with past input samples. For a
nonlinear regression problem, the first order moments are not sufficient to draw
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Figure 2: A comparison of methods for updating an ensemble of models to be used with robust
optimization ([27])

any conclusions about the validity of the models. Because the reservoir mod-
els are strongly nonlinear in nature, in this work a deterministic metric, i.e.,
the Best-Fit-Ratio (BFR), is used to define an invalidation test. The available
production data is used for invalidation.

The residual ε is defined as the difference between the observed (measured)
output y and the simulation output ŷ .

Residual = measured output− simulation output,

ε = y− ŷ.

The BFR (RBF ) or the fit ratio is defined as:

RBF = 100%×max

(
1− ||y− ŷ||2
||y− ȳ × 1||2

, 0

)
,

where ȳ is the mean value of the measured output y, i.e., ȳ = E[y]. In our case,
it is the average of the measured output y and 1 is a vector of ones. The BFR
percentage is a relative measure often used in system identification and a low
value of BFR indicates a poor fit to data, see [38]. The BFR is a dimension
less quantity and gives an indication of fit in a percentage. Generally, as the
reservoir models contain multiple outputs, an average BFR over each individual
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output channel is considered. The selection of the BFR is not unique and other
metrics, e.g., Mean Squared Error (MSE) or Variance Accounted For (VAF), see
[38] can also be used for defining the invalidation test. VAF measures how much
variation in data (variance) is captured by the model output and disregards the
mismatch (bias) of data with model output; therefore it is not considered in
this work. The MSE measure is dependent on the units of the physical quantity
being measured; therefore BFR will be a used for residual analysis.

The test for invalidating models is given as:

M(θi,u) is not invalidated if E[RBF (M(θi,u))] > 30%, for a given u,

where E[.] is the expected value operator and, in our case, it is the average
of BFR values of each output channel. It implies that all those models with
an average BFR of above 30% threshold are retained in the adapted ensemble.
The selection of the threshold is important and a systematic selection of this
threshold is considered as future research; here 30% is chosen in an ad-hoc way.
One of the risks with this selection criterion is that all the models in an ensemble
can be rejected. An alternative choice for the invalidation test is by considering,
e.g., 10% of the models who score the highest average BFR within the ensemble.
This criterion is not used in this work. A flow chart explaining the concept of
rejecting models by residual analysis and adapting the model ensemble to be
used with robust optimization in a closed-loop online fashion is shown in Fig.
3.

4. A robust closed-loop (online) reservoir management approach

The key elements of the closed-loop online robust strategy using residual
analysis are displayed in Fig. 4. The top of the figure represents the physical
system consisting of reservoirs, wells and facilities with inputs and outputs. The
center of the figure displays the residual analysis step, which starts from con-
sidering a prior ensemble. The sensors on the right side of the figure are used
for measurements which are used to invalidate models with residual analysis
resulting in an adapted ensemble. A robust optimization workflow is defined
using the adapted ensemble as shown at the left side of the figure. Throughout
this work, the MO approach of [5] is used for robust optimization. Other robust
measures such as mean-variance, mean-CVaR can also be used. An implemen-
tation of the closed-loop (online) robust strategy is presented in the next section
to investigate if model invalidation by residual analysis can be an appropriate
tool for improving robust optimization of economic performance of oil reservoirs
in an online setting. A detailed analysis and comparison is drawn with EnKF
in robust closed-loop (online) settings which is a common data assimilation
algorithm.
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Figure 3: Adapting the model ensemble using residual analysis and robust optimization based
on the adapted ensemble ([27])

5. Simulation examples

5.1. Ensemble of reservoir models

We use an ensemble of Ngeo = 100 geological realizations of the standard egg
model, see [39]. Each model is a three-dimensional realization of a channelized
reservoir produced under water flooding conditions with eight water injectors
and four producers based on the original egg model proposed in [5]. The true
permeability field is considered to be the unknown parameter and the number
of 100 realizations is assumed to be large enough to be a good representation
of this parametric uncertainty space. The life cycle of each reservoir model is
3600 days. The absolute-permeability field of the first realization in the set is
shown in Fig. 5. Fig. 6 shows the permeability fields of six randomly chosen
realizations of the standard egg model in an ensemble of 100 realizations. Each
realization in the set is considered equiprobable.

5.2. An open-loop (offline) MO approach with complete ensemble

At first, we perform an open-loop robust (mean) optimization with an objec-
tive function as defined in eq. (2) with the complete ensemble. In this open-loop
(offline) approach, the optimal solution is devised for the complete production
life of the reservoir, i.e., 3600 days, and ensemble is not updated with the avail-
able information (production data). All the simulation experiments in this work
are performed using MATLAB Reservoir Simulation Toolbox (MRST), see [40].
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Figure 4: A closed-loop (online) robust approach by updating the ensemble with residual
analysis at each time step ([27])

Economic data for NPV

An un-discounted NPV is used. Other economic parameters, i.e., oil price
ro, water injection rinj and production cost rw are chosen as 126 $

m3 , 6 $
m3 and

19 $
m3 respectively.

Control input

The control input u involves injection flow rate trajectories for each of the
eight injection wells. The minimum and the maximum rates for each injection

well are set as 0.2 m3

day and 79.5 m3

day respectively. The production wells operate at a
constant bottom-hole pressure of 395bar. The control input u is reparameterized
in control time intervals with input parameter vector ϕ. For each of the eight
injection wells, the control input u is reparameterized into twenty time periods
of tϕ of 180 days during which the injection rate is held constant at value ϕi.
Thus the input parameter vector ϕ consists of Nu = 8 × 20 = 160 elements.
The initial input value for the optimization is the maximum possible injection

rate, i.e.,79.5 m3

day for each injection well. The optimal input, uoff, obtained by
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Figure 5: Permeability field of realization 1 of a set of 100 realizations.

Figure 6: Permeability fields of 6 randomly chosen realizations. ([5])

maximizing average NPV as in eq. (2) with the complete ensemble is shown in
Fig. 7.

5.3. The closed-loop (online) robust approach with adapted ensemble(s)

In [27], one of the models in the ensemble is considered as the synthetic truth
to generate data y and the closed-loop online approach has been implemented
with residual analysis and the results in terms of obtained NPV and uncer-
tainty reduction are compared with an open-loop offline approach and also with
a closed-loop online approach with EnKF. In this work, we have extended the
results and provide an in-depth analysis and comparison with EnKF and sub-
sequently consider each model in the ensemble as a plausible truth. Later, the
step of robust optimization is performed for each adapted (posterior) ensemble
from residual analysis and EnKF respectively. A comparison in terms of the
achieved NPV value and an analysis of the uncertainty reduction resulting from
residual analysis and EnKF are studied and compared with the open-loop offline
approach. Though, the steps of the introduced closed-loop (online) scheme, i.e.,
data collection, residual analysis and robust optimization, can be repeated at
each time step, in this work, these steps are performed at one time step.
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Figure 7: Optimal injection rates input uoff for robust open-loop offline MO based on the
complete ensemble

Residual analysis with plausible synthetic truth models

For a synthetic truth realization, the optimal solution from the open-loop
(offline) approach, i.e., uoff is applied to the respective truth realization to
collect synthetic data y. The output y is defined as the total production rate
from each production well. The data is collected at time t = 360 days. The
input uoff is also applied to each member of the ensemble to collect simulation
data ŷ. An average BFR is calculated for each model simulation output ŷ
and subsequently the invalidation test is performed. This procedure of residual
analysis is then repeated at time t = 360 days for each plausible truth realization
in the ensemble. For a randomly chosen synthetic truth, i.e., model 10, the
average BFR values for each model in the ensemble are shown in Fig. 8 ([27]).
The adapted ensemble for the truth realization number 10 contains 22 models.
Similarly, adapted ensembles are formed for each truth realization. In this
way 100 adapted ensembles are formed. The adapted ensembles contain only
those models that are not invalidated with data and hence they provide a less
conservative description of uncertainty. Fig. 9 shows the number of models
appearing in the ensemble adapted after day 360 for each choice of synthetic
truth realization. It can be observed that the biggest adapted ensemble has
35 members for the truth realization number 76 while the smallest set has 9
members for truth realization numbers: 29, 30 and 48.

12



Figure 8: For truth realization number 10: Average BFR values for each model in the ensemble
and the models retained in the adapted ensemble([27])

Figure 9: Number of models in the adapted ensembles after t = 360 day as a function of the
choice of synthetic truth realization number

EnKF with plausible synthetic truth models

The EnKF is a Monte-Carlo implementation of the Kalman filter ([41]),
which is suitable for non-linear complex systems and uses an ensemble of N
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realizations ([19]). In EnKF, the first and second moments (means and co-
variances) are represented as sample mean and sample covariances. EnKF is
acommonly used data assimilation algorithm in oil reservoirs. Here, EnKF is
also implemented with each truth realizations to estimate the permeability field
based on production data measurements. Therefore, 100 posterior ensembles at
time t = 360 days are formed for each synthetic truth. We used a straightfor-
ward implementation using the EnKF module of MRST without localization or
inflation. The output variable y and the time of measurement are the same as
used in the residual analysis case. In EnKF, all ensemble members are updated,
and so this also leads to an adapted (posterior) ensemble which can be directly
used in robust optimization for each synthetic truth. However, unlike residual
analysis, it has the same number of realizations as the original ensemble. Hence
the complexity of robust optimization is not reduced.

MO with the adapted (posterior) ensembles

To ’close’ the loop and to implement the robust closed-loop reservoir man-
agement approach, robust optimization results are updated/adjusted with in-
formation revealed, i.e., MO is again performed with the adapted ensembles
generated by residual analysis and EnKF. The economic parameters are kept
the same. The initial input value for the optimization is uoff. As the first
sample of uoff, i.e., from time 0 to 360 days, is already applied to the system,
the remaining part of the input from 360 days to 3600 days (end of simula-
tion time) is used. The time horizon for MO is reduced to 3600 − 360 = 3240
days. Optimal inputs ui

on,RA and ui
on,EnKF for i = 1, · · · , 100 are obtained as

a result of robust optimization using adapted ensembles from residual analysis
and EnKF respectively. The optimal inputs are applied to the respective truth
realizations and the NPV values are collected. They are then compared to the
NPV obtained by applying uoff to each truth realization. A percentage change
of NPV from the offline strategy for all plausible truths is shown in Fig. 10.
For the closed-loop online approach with residual analysis, a maximum increase
of 6% in NPV is observed for the truth realization number 97. Most of the
realizations experience an increase of over 1% in NPV. A decrease in the NPV
value is observed for a few truth realizations. A maximum decrease of 0.9%
is observed for truth realization number 44. On average over all truth realiza-
tions, an increase of 1.03% is obtained. For the closed-loop online approach
with EnKF, a maximum increase of 2.7% in NPV is observed for truth realiza-
tion number 50. In case of EnKF, an increase in NPV is observed for almost
half of the truth realizations while for the others a decrease in NPV compared
to offline approach is obtained. A maximum decrease of 3.2% is observed for
truth realization number 4. On average over all truth realizations, a decrease
of 0.005% is obtained. There can be different reasons for this decrease. In case
of EnKF, a poor prior can result in a decrease of NPV for the synthetic truth.
The results for EnKF can be improved with a better choice of prior ensemble
and/or by keeping the channelized structure in the posterior ensembles. The
selection of MO as the robust optimization method may not be the best choice
as MO does not attempt to minimize the negative effect of uncertainty on the
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achieved NPV. A better choice of the robust objective, e.g., worst-case optimiza-
tion or mean-variance optimization may provide improved results. On average,
NPV values for the closed-loop approach (online with residual analysis) are im-
proved compared to the offline approach (open-loop with complete ensemble)
and closed-loop approach (online with EnKF).

Figure 10: Percentage change in NPV w.r.t the offline strategy (complete ensemble) for online
strategies (residual analysis and EnKF) as a function of the choice of synthetic truth realization
number. At t = 360 days new optimizations have started in the online case.

5.4. Uncertainty reduction with the closed-loop (online) approach

To analyze the uncertainty reduction, the optimal solutions, i.e., uoff,u
i
on,RA

and ui
on,EnKF, i = 1, · · · , 100 are applied to the complete and respective adapted/

posterior ensembles and NPV points are collected, leading to a distribution of
NPV values of each of the truth realizations. The corresponding PDFs are
obtained by approximating a non-parametric KDE with MATLAB routine ’ks-
density ’ on these NPV data values as shown in Fig. 11.

It can be observed that robust optimization with posterior ensembles from
EnKF does not deviate and stays close to the NPV distribution from the offline
strategy. The NPV distribution from residual analysis has higher variations
per ensemble compared to the one from EnKF. For uncertainty quantification,
we have considered standard deviation and worst-case value as measures of
comparison for each distribution.

Fig. 12 shows the standard deviation of NPV points for all adapted en-
sembles from residual analysis and EnKF. It also shows the standard deviation
of the complete ensemble as a result of uoff. For the case of residual analysis,
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(a) PDF of long-term NPV by applying
optimal inputs ui

on,EnKF, i = 1, 2, · · · , 100
from each truth realization using online
(EnKF) and offline approaches to the

respective ensembles

(b) PDF of long-term NPV by applying
optimal inputs ui

on,RA, i = 1, 2, · · · , 100
from each truth realization using online

(residual analysis) and offline approaches to
the respective ensembles

Figure 11: Results comparison in terms of long-term NPV for offline and online robust strate-
gies with complete and adapted ensembles by residual analysis and EnKF respectively.

standard deviations for most of the adapted ensembles are smaller compared
to the standard deviation of the complete ensemble. A maximum decrease of
41.87% in standard deviation from the complete ensemble is observed for truth
realization 21. With EnKF, very few adapted ensembles result in a smaller
standard deviation compared to the complete ensemble. A maximum decrease
of 5.83% in standard deviation from the complete ensemble is observed for truth
realization 83.

Another measure for the effect of uncertainty is the worst-case NPV value.
Fig. 13 shows the worst-case values for the adapted ensembles from residual
analysis and EnKF for each truth realization and for the complete ensemble.
It can be observed that with residual analysis, all adapted ensembles result in
higher worst-case values compared to the complete ensemble. For the case of
EnKF, most of the posterior ensembles result in a better worst-case value with
a few exceptions in a lower worst-case value. The results are summarized in
Table 1.

Table 1 - Uncertainty reduction with closed-loop online approaches (residual analysis and EnKF)
Control strategies Average standard Average worst-case Avg. st. deviation Avg. worst-case

deviation value % change from offline % change from offline
Online (residual analysis) 1.3 million USD 42.3 million USD -17.62% 4.3%

Online (EnKF) 1.6 million USD 40.2 million USD 3.04% -0.77 %

In summary, in terms of both obtained NPV and uncertainty reduction,
residual analysis is shown to perform better compared to EnKF. The main
purpose of this work is to use production data to reduce uncertainty, and it is
observed that estimation with EnKF, for the case of an overparameterized model
such as an oil reservoir model, may not be the best choice to turn production
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Figure 12: Standard deviation as a result of applying optimal inputs from online strategies
for each truth realization (ui

on,RA and ui
on,EnKF), and from the offline strategy (uoff) to the

respective adapted/posterior and complete ensembles

Figure 13: Worst-case values as a result of applying optimal inputs from online strategies
for each truth realization (ui

on,RA and ui
on,EnKF), and from the offline strategy (uoff), to the

respective adapted/posterior and complete ensembles
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data into relevant model (uncertainty) information. It is shown that in this
situation the information in the production data which is used to invalidate
particular model realizations with residual analysis results in better uncertainty
handling.

Another important aspect of robust optimization is the computational com-
plexity. On average, with residual analysis, 21 model realizations are not invali-
dated per ensemble, compared to 100 model realizations in posterior ensembles
with EnKF or the offline approach. Thus the introduced approach reduces the
computational complexity of robust optimization by a factor of 80%.

The developed closed-loop (online) optimization workflow, i.e., data collec-
tion, residual analysis and re-optimization with the adapted ensemble, can be
repeated at each time step of the simulation till the end of the simulation time.
Note that in this work, the online (closed-loop) approach is performed at only
one time step, i.e., at t = 360 days.

5.5. If a model is rejected once, is it rejected for all times?

One of the interesting questions with invalidating models in an ensemble
is whether the new adapted ensembles, at later time steps, contain only those
models that have been retained in the previously selected adapted ensembles, or
also include realizations that have already been rejected. The data is collected
from time t1 = 360 days to t2 = 720 days. The optimal inputs obtained from
each plausible truth uon are applied to the complete ensemble to collect data.
Fig. 14 shows the number of models retained in the adapted ensemble of each
plausible truth for time duration, t1 = 360 days to t2 = 720 days. For this
example and at this particular time instant, it is observed that all the new
adapted ensembles are subsets of the previously selected adapted ensembles
from time t0 = 0 day to t1 = 360 day. An interesting observation is that for
some truth realizations the adapted ensembles only contain the synthetic truth.
It clearly shows the inadequate modeling of the true system, in as much that
no single realization in the ensemble is a representative model of reality. One
of the remedies to avoid this situation is to generate more models with the
dominant features of models that are not invalidated, e.g. by using Kernel PCA
techniques, see e.g., [42],[43]. The highest number of models in an ensemble is 5
for truth realization number 27. The step of robust optimization is not repeated
here.

6. Conclusions

An closed-loop (online) robust scheme has been presented where robust opti-
mization is updated with adapted ensembles generated by residual analysis.The
following conclusions can be drawn:

• The adapted ensembles consist of smaller numbers of representative model
realizations ensembles and provide a less conservative description of uncer-
tainty as shown in the simulation examples. The adapted ensembles also
substantially reduce the computational complexity of robust optimization.
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Figure 14: Number of models in the adapted ensembles after t = 720 day as a function of the
choice of synthetic truth realization number

• The developed closed-loop (online) approach with these adapted ensem-
bles, on average improves the economic performance of the oil reservoir
and reduces the effect of uncertainty on the achieved NPV. Reduction of
uncertainty is evident by a reduction in variance of the NPV distributions
and an improvement in the worst-case performance compared to EnKF.

• The selection of the metric BFR and the 30% threshold is not unique
and the threshold is chosen in an ad-hoc way, such that the results highly
depend upon this choice.
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7. Nomenclature

b = discount factor,

J = NPV objective,

JMO = mean optimization NPV,

K = total number of time steps,

k = discrete instants of time,

Ngeo = number of model realizations in an ensemble,

Nu = number of input elements,

qinj,k = total flow rate of injected water,

qo,k = total flow rate of produced oil,

qw,k = total flow rate of produced water,

rinj = water injection cost,

ro = oil price,

rw = water production cost,

∆tk = time interval of time step k,

u = control vector,

ŷ = Simulation output,

ȳ = average output,

θ = parameter vector
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