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Abstract 9 

The application of closed-loop reservoir management (CLRM) to real-field cases can be computationally demanding. 10 

An even higher computational load results from procedures to assess the value of information (VOI) in CLRM. Such 11 

procedures, which are performed prior to field operation, i.e. during the field development planning (FDP) phase, 12 

require extreme amounts of simulations. Therefore, we look for alternatives to reduce this computational burden. In 13 

particular we study various clustering techniques to select a limited number of representative members from an ensemble 14 

of reservoir models. Using k-means clustering, multidimensional scaling and tensor decomposition techniques, we test the 15 

effectiveness of different dissimilarity measures such as distance in parameter space, distance in terms of flow patterns, 16 

and distance in optimal sets of controls. We apply several of these measures to a VOI-CLRM exercise using a simple 17 

2D reservoir model which results in a reduction of the necessary number of forward reservoir simulations from millions 18 

to thousands. Finally, as a first step towards large-scale application, we assess the VOI in a larger benchmark case 19 

study. 20 

1. Introduction 21 

Modern reservoir management workflows include uncertainty quantification (UQ) based on reservoir 22 

simulation models. An increasingly popular UQ practice in the reservoir engineering community uses 23 

ensembles of reservoir model realizations to account for the geological uncertainties, which, 24 

however, contributes to increasing the computational costs of these workflows. Closed-loop 25 

reservoir management (CLRM) is a combination of life-cycle optimization and computer-assisted 26 

history matching, both accounting for uncertainties and demanding a significant amount of 27 

simulations. For this reason, the application of the CLRM framework in combination with UQ can 28 

be extremely computationally expensive. Workflows to assess the value of information (VOI) in 29 

CLRM during the field development planning (FDP) phase require even more simulations, which, at 30 
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the current level of hardware development, makes real-field applications unfeasible [9]. Therefore, we 31 

look for alternatives to reduce this computational cost. 32 

The development of more practical ways of a-priori assessing the value of future measurements has 33 

been a topic of several studies recently. Some of these have focused on the use of proxy models to 34 

reduce the number of high-fidelity reservoir simulations required for the VOI analysis [15, 21]. 35 

Cardoso and Durlofsky [14], He et al. [20], Hewson [22], and Jansen and Durlofsky [29] investigated 36 

the use of reduced-order modeling to speed-up production optimization and history matching 37 

procedures. Others have proposed a more approximate definition of VOI which simplifies their 38 

procedure (Le and Reynolds [34-35]). Eidsvik et al. [18] have envisaged more sophisticated design of 39 

experiments to be a promising alternative to alleviate the computational costs of VOI assessment 40 

workflows. Recently, Shirangi and Durlofsky [48] presented a general framework that uses clustering 41 

techniques to determine representative models to accelerate computations for optimization under 42 

uncertainty. Insuasty et al. [24] also showed how clustering methods based on flow-relevant 43 

dissimilarity measures can be used to form reduced ensembles. Liu and Forouzanfar [38] showed the 44 

importance of flow-based dissimilarity measures for clustering geological realizations and forming 45 

reduced ensembles to optimize production in fractured reservoirs. This paper explores the use of 46 

clustering techniques to select subsets of representative model realizations to speed-up production 47 

optimization and other computational procedures present in the workflow for VOI assessment 48 

proposed by Barros et al. [9]. 49 

In the Background section we briefly recap our previously proposed methodology for VOI 50 

assessment in CLRM and review some previous work on cluster analysis. Next, in the Methodology 51 

section, we identify opportunities to apply clustering within the original procedure and we describe 52 

our approach to reduce the computational costs in different steps of the VOI assessment to come up 53 

with a more practical workflow. Thereafter, in the Examples section, we illustrate the application of 54 

the proposed measures to accelerate VOI calculations and we compare the results with those 55 

obtained with the original procedure. This work is a further extension of Barros et al. [10]. 56 

2. Background 57 

2.1. Closed-loop reservoir management (CLRM) 58 

Closed-loop reservoir management (CLRM) is a combination of frequent life-cycle production 59 

optimization and data assimilation (also known as computer-assisted history matching). Life-cycle 60 

optimization aims at maximizing a financial measure, typically net present value (NPV), over the 61 

producing life of the reservoir by optimizing the production strategy. This may involve well location 62 

optimization, or, in a more restricted setting, optimization of well rates and pressures for a given 63 
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configuration of wells, on the basis of one or more numerical reservoir models. Data assimilation 64 

involves modifying the parameters of one or more reservoir models, or the underlying geological 65 

models, with the aim to improve their predictive capacity, using measured data from a potentially 66 

wide variety of sources such as production data or time-lapse seismic. For further information on 67 

CLRM see, e.g., [16, 23, 26-28, 40, 44, 53]. 68 

2.2. VOI assessment in CLRM 69 

Recently, we proposed a new methodology to assess the VOI of future measurements within the 70 

CLRM framework [9]. Our approach consists of “closing the loop” in the design phase to simulate 71 

how future information, to be obtained during the producing life-time of the reservoir, comes into 72 

play in the context of optimal reservoir management. By considering both data assimilation and 73 

optimization in the procedure, we are able “to not only quantify how information changes 74 

knowledge, but also how it influences the results of decision making” [9]. This is possible because a 75 

new production strategy is obtained every time the models are updated with new information, and 76 

the strategies with and without additional information can be compared in terms of the value of the 77 

optimization objective function (typically NPV) obtained when applying these strategies to a virtual 78 

asset (a synthetic truth). 79 

One of the key aspects of this methodology is the idea of using an ensemble of Ntruth “plausible 80 

truths” to account for the fact that in reality we do not know the true reservoir nor the outcome of 81 

the future measurements whose value we would like to assess. This requires extensive use of robust 82 

optimization and history matching procedures: for Ntruth plausible truths we have Ntruth robust 83 

optimizations under prior uncertainty, Ntruth history matches to assimilate the future measurements 84 

and Ntruth robust optimization given the posterior uncertainty. Note that in [9] we also propose an 85 

accelerated procedure where the number of prior robust optimizations is reduced from Ntruth to 1. We 86 

consider this accelerated form of the workflow in this paper. 87 

The VOI assessment considered here can be explained with the decision tree depicted in Figure 1. 88 

There are two types of decision here: the first one relates to the possibility of acquiring additional 89 

measurements, and the second one concerns the actions (i.e., production strategies) that have to be 90 

defined to operate the asset. The main premises in CLRM are that: (I) this second type of decisions 91 

(typically a sequence of actions) is done in an optimized way by taking into account the geological 92 

uncertainty (i.e., robust optimization; see section 2.3), and (II) any additional information can be 93 

assimilated to improve our model predictions (i.e., data assimilation; see section 2.4) and in turn 94 

allow us to update our actions (again through robust optimization) to improve performance. (These 95 

points (I) and (II) are indicated in the decision tree.) The decision tree in Figure 1 also shows how 96 
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the multiple plausible truths are used: depending on which plausible truth is considered, the outcome 97 

of the additional measurements is different, which results in a different optimized updated strategy to 98 

be implemented. We can then compute the improvement in performance (ΔJ = Jpost - Jprior) for each 99 

plausible truth, which allows us to assess the (expected) VOI and its statistics. Note that in classical 100 

decision theory literature the term VOI is often used to refer to the expected VOI, but here our 101 

formulation with multiple plausible truths provides a framework where VOI is treated as a random 102 

variable. 103 

 104 

Figure 1: Decision tree for VOI assessment in closed-loop reservoir management. The production strategies, represented 105 
by vector u, consist of sequential operational decisions to be made. The option of acquiring additional information 106 
during the reservoir life-time (here at time t) provides an opportunity to update the strategy for the remaining time. The 107 
determination of production strategies uprior and upost is achieved with the closed-loop framework, by combining 108 
optimization and data assimilation (schematically indicated by steps I and II). Because the outcome of future 109 
measurements at time t is unknown a priori, multiple plausible truth scenarios are considered to account for this 110 
uncertainty and allow us to simulate plausible measurement outcomes. 111 

2.3. Robust optimization 112 

Robust life-cycle optimization uses one or more ensembles of geological realizations (reservoir 113 

models) to account for uncertainties and determine the production strategy that maximizes a given 114 

objective function over the ensemble  1 2, , , NM m m m ; see, e.g., [50, 52]. Typically, the 115 

objective function optimized is the net present value (NPV). JNPV is defined as 116 
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where t is time, T is the producing life of the reservoir, oq is the oil production rate, wpq is the water 121 

production rate, wiq  is the water injection rate, or  is the price of oil produced, wpr  is the cost of water 122 

produced, wir  is the cost of water injected, b is the discount factor expressed as a fraction per year, 123 

and τ is the reference time for discounting (typically one year). The outcome of the optimization 124 

procedure is a vector u containing the settings of the control variables over the producing life of the 125 

reservoir. Typical elements of u are monthly or quarterly settings of well head pressures, water 126 

injection rates, valve openings etc. Note that, although the optimization is based on N models, only a 127 

single strategy u is obtained, because only one strategy can be implemented in reality. Note also that, 128 

despite being very disseminated among CLRM practitioners, the robust optimization approach 129 

presented in [50] is only one way of dealing with uncertainty in production optimization. An 130 

alternative approach is to balance risk and return within the optimization by including well-defined 131 

risk measures or other utility functions in the objective function; see, e.g., [13, 49]. 132 

2.4. Data assimilation 133 

Efficient data assimilation algorithms are the second essential element of CLRM. Many methods for 134 

reservoir-focused data assimilation have been developed over the past years, and we refer to [2, 19, 135 

41-42] for overviews. An essential component of data assimilation is accounting for uncertainties, 136 

and it is generally accepted that this is best done in a Bayesian framework: 137 

  
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 
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|
|

p p
p

p

d m m
m d

d
, (3) 138 

where p indicates the probability density, and d is a vector of measured data (e.g. oil and water flow 139 

rates or saturation estimates from time-lapse seismic). In equation (3) the terms p(m) and p(m|d) 140 

represent the prior and posterior probabilities of the model parameters m, which are, in our setting, 141 

represented by prior and posterior ensembles respectively. The underlying assumption in data 142 

assimilation is that a reduced uncertainty in the model parameters leads to an improved predictive 143 

capacity of the models, which, in turn, leads to improved decisions. In our CLRM setting, decisions 144 

take the form of control vectors u, aimed at maximizing the objective function J. 145 

2.5. Model selection 146 

We use multiple ensembles of realizations to account for geological uncertainties. Typical ensembles 147 

are formed by tens or hundreds of realizations, making the procedures involved computationally 148 

intensive. The cost, in terms of the amount of simulations required, of robust optimization and 149 
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history matching algorithms tends to scale linearly with the size of the ensemble (i.e., O(N)), while 150 

the VOI assessment workflow described above scales with the square of the ensemble (i.e., 151 

O(N∙Ntruth) ≈ O(N²)). Thus, a decrease in the number of realizations considered in the analysis may 152 

lead to significant reduction in the computational cost and make the VOI assessment problem more 153 

tractable. The challenge is how to cleverly select a subset of realizations which can represent the full 154 

ensemble to quantify the uncertainty. Others have worked on this problem; e.g., Armstrong et al. [5] 155 

use stochastic programming with recourse to reduce the number of scenarios to be considered and 156 

Sarma et al. [45] recommend the use of a minimax approach to efficiently select representative 157 

models from a large ensemble by matching target percentiles. Lu et al. [39] proposed an adaptive 158 

algorithm for robust optimization using approximate gradients which uses representative subsets of 159 

model realizations to avoid evaluating the objective function of the full set of models at every 160 

iteration. This work focusses on the use of clustering techniques to automate the selection of 161 

representative model realizations, along the lines of the works of Shirangi and Durlofsky [48] and Liu 162 

and Forouzanfar [38]. 163 

2.5.1. Clustering 164 

Cluster analysis aims to group a set of N objects 165 

  

11 12 1

21 22 2

1 2

1 2
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  
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 
 
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 
 
 

Θ θ θ θ , (4) 166 

into Nrepr clusters according to the similarity between the objects; see, e.g., [7]. Note that here the 167 

objects have been chosen as vectors i, i = 1,2,…N, in an M-dimensional space (e.g., N realizations 168 

of M grid block permeability values) but they could also be scalars, matrices or higher-order objects 169 

(tensors). Clustering has been widely used in pattern recognition, machine learning and statistics [6] 170 

and is broadly classified into partitional and hierarchical categories. As the name suggests, partitional 171 

clustering separates the objects into exclusive clusters such that the objects within a cluster are more 172 

similar to each other than to the objects in another cluster. On the other hand, hierarchical 173 

clustering, also known as connectivity-based clustering, connects objects to form clusters based on 174 

their distance. The connected objects in clusters can then be represented using a dendrogram (i.e., a 175 

diagram with a tree structure). 176 

K-means clustering is one of the most used partitional clustering methods due to its simplicity [12]. 177 

The user predefines the number Nrepr of sets Cj, j = 1,2,…Nrepr, that each contain a total of Nj indices 178 

corresponding to the objects belonging to each cluster, where the clusters are not necessarily of equal 179 
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size. The algorithm then attempts to iteratively improve the partitioning to achieve the lowest intra-180 

cluster distance. This minimization problem can be formulated as follows: 181 

  
2

1

arg min ,
repr

j

N

opt jk k j
C

j k C

C d
 

  θ θ , (5) 182 

where  1 2, , , reprNC C C C  is the set of Nrepr clusters, i.e. a set of sets of indices, and ( , )jk k jd θ θ  is 183 

the distance between one of the Nj data points within each cluster and the cluster centroid jθ  184 

computed as 185 

 
1

j

j k

k CjN 

 θ θ . (6) 186 

The first step to use cluster analysis consists of choosing a feature operator F to compare the model 187 

realizations mi. The feature operator could just select a number of parameters (e.g., grid block 188 

permeability values) of the vectors of model parameters mi, or it could represent a more complex 189 

operation like a full simulation to compute the NPV or a sequence of saturation snapshots. Using 190 

this operator, the set of features 1 2, , ,[ ]N θ θ θ  is formed, where θi = F(mi). The clustering 191 

algorithm can then generate the distances required to determine Copt. Caers [12] and Aydin and Caers 192 

[1] propose that uncertainty models should take into account the specific purpose of flow modeling. 193 

The selection of representative model realizations that we try to achieve here is nothing but an 194 

exercise of modeling uncertainty. Thus, the choice of the appropriate feature operator is also  195 

purpose-dependent; there is no one-method-fits-all solution when it comes to cluster model 196 

realizations. 197 

Note that the sets θi are elements of an M-dimensional space, where M can be very large. 198 

Unfortunately, most clustering algorithms do not work efficiently in higher dimensional spaces 199 

because of the inherent sparsity of the data, and as M grows, distance measures become increasingly 200 

meaningless ([31, 43]). A solution to this problem is to eliminate some of the dimensions of the 201 

feature space. However, if done wrongly, this may cause information loss and introduce wrong 202 

correlations between the model realizations. Aggarwal et al. [4] have shown that the projection of 203 

high-dimensional data spaces on reduced-order subspaces can lead to improved clustering results. 204 

2.5.2. Projection methods 205 

There is more than one method to project datasets on a reduced-order space. (Note that this is 206 

sometimes referred to as reducing the dimensionality of the “feature space”.) One of them involves 207 

the use of tensor decomposition techniques. Tensor decomposition is strongly related to principal 208 

component analysis (PCA) or singular value decomposition (SVD). It enables the transformation of 209 

data into a compact representation while honoring their structure (e.g., spatial-temporal correlations) 210 
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which is usually degraded with the vectorization step in SVD approaches. These techniques can be 211 

used to compress large datasets stored as tensors by constructing low-rank approximations with 212 

minimal approximation or reconstruction error. For instance we may form a dataset  in the form of 213 

a  tensor representation of the data,  = F(m1, m2,… mN), which better preserves their structure than 214 

using a vector representation. E.g., we could construct a 3D tensor  by stacking up the two-215 

dimensional permeability fields (matrices) of an ensemble of 2D model realizations. We then 216 

perform the following minimization [24]: 217 

 
 
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 (7) 218 

where σijk is the core tensor (i.e., an all-orthogonal and ordered tensor which is analogous to the 219 

coefficients matrix in classical SVD), φi, ψj, χk are orthonormal basis functions, || . || represents the 220 

Frobenius norm, and the symbol denotes the tensor (outer) product over a vector space. This can 221 

be extended to tensors with more dimensions. For more information on tensor-based model-order 222 

reduction, we refer to Insuasty et al. [24] and Afra and Gildin [3], who also show that the solution to 223 

the minimization problem in (7) can be approximated by performing a higher-order SVD (HOSVD). 224 

In this case, the tensor is flattened (or unfolded) in a planar matrix structure where we can operate 225 

similarly to classical SVD. This allows us to determine the basis functions and the coefficients 226 

associated with them. Like in classical SVD, a truncation can then be applied to retain only those 227 

basis functions that explain the most dominant patterns in the data, thus resulting in the lower-228 

dimensional representation we were aiming for. One of the modes of  in our applications (here we 229 

assume mode k) typically refers to the model uncertainty, characterized by the N model realizations. 230 

We can apply a truncated SVD to the unfolded form of  in this mode ( ) ( )( )T T

k k k k kΘ Θ U Σ V  and 231 

use the obtained coefficients (Uk) to derive the dissimilarity measure to cluster the realizations. 232 

Insuasty et al. [24] showed that this approach allows us to compare model realizations based on very 233 

rich datasets, such as the temporal evolution of the spatial distribution of pressures and saturations 234 

inside the reservoir. They were able to select a subset of realizations representative in terms of 235 

dynamic flow patterns and form reduced ensembles to perform robust production optimization 236 

more efficiently [24]. Insuasty [25] reported a comparison between the performance of a 237 

conventional SVD approach and a tensor decomposition for the compression of large spatial data 238 

and showed the benefits of using the latter. Liu and Forouzanfar [38] use saturation maps and well 239 

production data to cluster realizations of naturally fracture reservoirs: in this case the number of 240 

model parameters (i.e., for the discrete fracture network (DFN) models) may be different among the 241 

different realizations, making the parameter-based clustering less obvious. They also use SVD-type of 242 

projections to reduce the dimensionality of the feature space. 243 
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Another tool to represent model realizations mi in a lower dimension is multidimensional scaling 244 

(MDS). It refers to techniques that use distance measures to produce a iθ  representation of data 245 

points 
iθ  in a reduced MMDS-dimensional space with MMDS ≪ M. MDS was first introduced for the 246 

analysis of proximities in [47]. In recent years, the machine learning community has applied MDS for 247 

nonlinear dimension reduction. Kruskal [33] argues that MDS can be complementary to clustering 248 

techniques. Scheidt and Caers [46] introduced MDS in the reservoir simulation community, and since 249 

then many reservoir applications have been documented; see, e.g., Caers [12]. 250 

In this work, we use the Euclidean distance to derive the dissimilarities between the objects and, 251 

instead of following a classical MDS approach, which would be equivalent to PCA, we use non-252 

metric MDS [36]. When applying non-metric MDS, a measure of fit, referred to as “stress” in the 253 

MDS literature, can be calculated to quantify the conformance of the representation Θ to the original 254 

data Θ, which can be a criterion to define the number MMDS of dimensions of the reduced space; see 255 

[32]. Low values of stress (i.e., below 5 %) indicate an excellent fit between dissimilarities and 256 

distances, and thus a good representation of the original samples in the reduced-dimensional space. 257 

We can then use this stress to determine the appropriate number of dimensions MMDS to proceed 258 

with: we start with a small number of dimensions and increase this number until the stress value 259 

drops below an acceptable level. For further information on dimensionality reduction, including 260 

MDS and PCA approaches, we refer to [17] and [36]. Once we obtain the representation Θ , we 261 

perform clustering (e.g., also with the k-means method) based on the coordinates of the data points 262 

in the reduced-dimensional space. 263 

3. Methodology 264 

As discussed in the previous section, the VOI assessment workflow presented in [9] requires an 265 

excessive amount of simulations to be applied in practice. This is mainly due to the extensive use of 266 

robust optimization and history matching and to the fact that multiple plausible truths are 267 

considered. The most demanding steps constitute opportunities for considerable acceleration of the 268 

workflow. The focus of this work is on the use of model selection to achieve this goal. Thus, it is 269 

about looking for approximated results by compromising the rigor in UQ for the sake of 270 

computational speed-up. 271 

In this section, we describe first how to select representative models to speed-up robust optimization 272 

and history matching, and then how to assess the quality of the results with the accelerated 273 

procedures. Afterwards, we explain how we can accelerate the VOI analysis by picking representative 274 

plausible truths. We also discuss the choice of the most appropriate feature to distinguish model 275 
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realizations in the different parts of the workflow. Finally, we combine all these measures to come up 276 

with a new and faster VOI assessment workflow. 277 

3.1. Speeding-up robust optimization 278 

The whole idea behind accelerating robust optimization is to reduce the number of reservoir 279 

simulations required. This is done by reducing the number of model realizations in the ensemble 280 

used in the optimization. 281 

We start with a full ensemble Mfull of N model realizations. The first step is deciding the number Nrepr 282 

of representative realizations to form the reduced ensemble Mrepr. This number should reflect the 283 

speed-up factor we would like to achieve or the maximum ensemble size we can afford to use with 284 

the available computational resources. 285 

The second step is choosing a feature F relevant to the problem to be optimized and building our 286 

dataset to apply the clustering algorithms. In our case, we are using reservoir simulation to evaluate 287 

the objective function in the water flooding optimization process. Therefore, it seems to be 288 

important to distinguish the model realizations on the basis of their simulated dynamical behavior. 289 

One option is to rely on the fact that model parameters (e.g., permeabilities and porosities) tend to 290 

correlate with the reservoir flow characteristics and use them as the feature to distinguish the 291 

realizations mi. An alternative is to perform reservoir simulations and work with features associated 292 

with the dynamics of the system, in which case we may consider model states or flow patterns (e.g., 293 

pressure/saturation snapshots and streamlines), or model outputs (e.g., well production data and 294 

NPV evolution over time), as it has been studied by Shirangi and Durlofsky [48], Insuasty et al. [24] 295 

and Liu and Forouzanfar [38]. 296 

The next step is preparing the feature data set for clustering, by applying projection methods to 297 

reduce the dimensionality of the feature space if necessary. Thereafter, k-means clustering is 298 

performed. Once the Nrepr clusters are formed, one realization is selected as the representative of each 299 

cluster, forming the reduced ensemble Mrepr of Nrepr representative realizations. A common choice is 300 

to pick the closest realization of the cluster centroid as the representative of that cluster. Note that 301 

the derived clusters may have different sizes, as the clustering algorithms are not constrained to form 302 

groups containing the same number of realizations. Based on this observation, different weights 303 

proportional to the cluster sizes can be assigned to the representative realizations to reflect the 304 

number of realizations in their respective clusters. In this case, averages and other statistics of the 305 

reduced ensemble Mrepr are computed with weights, unlike what is done for the full ensemble Mfull 306 

where all the N realizations are usually assumed to be equiprobable and therefore equal weights. 307 

Finally, robust optimization is performed over Mrepr resulting in an optimized strategy 
opt
repru . 308 
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 309 

Figure 2: Workflow to evaluate the use of representative realizations for efficient robust optimization. (a) Computation of 310 
objective function values for unoptimized production, (b) robust optimization using representative realizations and (c) 311 
robust optimization using the full ensemble (reference). 312 

In order to assess the ability of reduced ensembles to reproduce the results obtained by performing 313 

the optimization over the full ensemble Mfull, we compare the performance of the derived production 314 

strategies over Mfull (Figure 2). Note that this is done only for validation purposes; once we start 315 

using the approach to accelerate the optimization, we proceed only with the steps in Figure 2 (b) and 316 

rely on optimization over the reduced ensemble Mrepr. 317 

3.2. Speeding-up history matching 318 

History matching procedures can also be accelerated by considering a reduced ensemble of 319 

realizations. Figure 3 illustrates how to compare the performance of representative ensemble to full 320 

ensemble based on the history-matched models. The first step is to create the representative 321 

ensemble using the techniques described in the Model selection section. This step is the same as what is 322 

done to form the reduced ensemble for robust optimization. Next, history matching is performed on 323 

both full and representative ensembles, resulting in two different posterior ensembles. We then 324 
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perform simulations on the realizations of the posterior ensembles to generate data for comparison 325 

and validation of the representative ensemble. Note that, when applying representative model 326 

selection to make the history matching procedure more efficient, only the workflow in Figure 3 327 

(right) is carried out. 328 

 329 

Figure 3: Workflow to evaluate the use of representative realizations for efficient history matching: procedure over the 330 
full ensemble (reference for validation) (left) and over the reduced ensemble (right). 331 

Note also that, in this section, we discuss the selection of representative model realizations only as a 332 

principle to make history matching computationally more efficient. This is a mechanism that will fit 333 

in the VOI workflow as it will be described in a later section, where important choices not specified 334 

in Figure 3 will be determined according to the application considered (e.g., whether to assimilate 335 

data measured at a single time or during a time interval; which production strategy u is used to 336 

generate the data). It is also important to highlight that there is a variety of data assimilation methods 337 

and that this approach of deriving a reduced ensemble is not always suitable. Ensemble-based 338 

methods (e.g., EnKF) rely on a sufficiently large number of samples to derive the directions to 339 

update the ensemble and will not work well if Nrepr is too small. As we will see later, for the examples 340 

in this work, we skip this ensemble reduction whenever the EnKF method is used.  341 
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3.3. Representative plausible truths 342 

The selection of fewer plausible truths for the VOI analysis can help reducing the computational cost 343 

of the workflow at a different level than the acceleration of robust optimization and history 344 

matching. The plausible truths are model realizations which we pick to play the role of truth in the 345 

CLRM framework. Thus, the goal remains the same: to select representative model realizations. 346 

The challenge is to find relevant features to distinguish these realizations considering their role in the 347 

workflow. Although we are still interested in the reservoir management problem (i.e., the water 348 

flooding process in our case), the plausible truths are not directly involved in the optimization 349 

procedure; we perform the optimizations on the realizations of the prior and posterior ensembles. 350 

Due to this difference in roles, the features which are relevant to select representative realizations for 351 

the robust optimization and history matching may be not the most appropriate to distinguish 352 

plausible truths. As we mentioned before, literature suggests there is no one-method-fits-all solution 353 

for choosing the selection features and, therefore, we look for fit-for-purpose solutions. 354 

The methodology for VOI assessment presented in [9] and briefly summarized in the Background 355 

section accounts for the decision making process, which in CLRM takes the form of optimized 356 

production strategies. When we perform the VOI assessment following the workflow presented in 357 

[9] (considering Ntruth plausible truths), we obtain the solution schematically depicted in Figure 4. 358 

There is a different production strategy 
i
postu  corresponding to each plausible truth i

truthm . Also, each 359 

plausible truth has its own pair , ,,{ }i i
NPV prior NPV postJ J  that is directly related to the VOI calculation. 360 

These (possibly unique) associations unveil a mechanism to distinguish plausible truths according to 361 

the decisions made (or their consequences) in each scenario. This suggests that we should look for 362 

features that carry a similar structure, attributing a different production strategy (or model input) to 363 

each plausible truth. We refer to these features as decision-based features. 364 

 365 

Figure 4: Typical solution obtained with the VOI workflow presented in [9]: a different decision for each plausible truth 366 
(left) resulting in improved performance. The NPV plots show prior (red) and posterior (blue) distributions sampled by 367 
the plausible truths (right). 368 

In previous sections, we discussed possible features to distinguish model realizations for robust 369 

optimization and history matching purposes. It is important to highlight that in both applications all 370 
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the model realizations are submitted to the same production strategy. In this context, the features 371 

used to select representative realizations rely on the fact that we can compare them through their 372 

inherent characteristics (i.e., model parameters) or response to a given strategy (i.e., model states and 373 

model outputs). From here on, we refer to these features as model-based features. Figure 5 374 

summarizes the main characteristics of both model-based and decision-based features. Model-based 375 

features do not account for the fact that the different scenarios imply different decisions, while the 376 

decision-based ones do, connecting them to the VOI assessment setting introduced in [9]. 377 

 378 

Figure 5: Schematic comparison between model-based and decision-based features. Model-based features rely exclusively 379 
on the characteristics of the models and their response to a fixed input, while decision-based features rely on the 380 
distinction of models through the decisions associated with each scenario. 381 

The problem becomes then how to determine a set of decisions (or production strategies) 382 

, 1, ,i
truthi N u  that can uniquely identify each plausible truth i

truthm . Very importantly, in addition 383 

to that, we seek ways of obtaining these decisions ( )i i
truthu m  in a computationally attractive way so 384 

that we can accelerate the VOI workflow when selecting representative plausible truths based on 385 

them. 386 

As mentioned before, in the CLRM context the decisions take the form of optimized production 387 

strategies. Thus, a good way of identifying characteristics of the optimal configurations related to 388 

each of the plausible truths is to perform separate optimizations on them. If we consider an initial 389 

ensemble of Ntruth plausible truths, this means we need to perform Ntruth optimizations. (Note that the 390 

computational cost associated with these Ntruth optimizations is significantly lower than the cost of the 391 

full VOI workflow, which makes this approach suitable for accelerating the VOI assessment.) As a 392 

result, we obtain a set of Ntruth optimal production strategies 
i
optu  and Ntruth optimal objective function 393 

values ( )i i
NPV optJ u . 394 

Typically, the optimal production strategies 
i
optu  tend to be very different from each other because 395 

the plausible truths are different model realizations. Following this reasoning, the optimal production 396 

strategies seem to be appropriate to support the clustering of plausible truths. One of the potential 397 

problems with this approach concerns the limitations of the optimization methods used. With the 398 
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chances of reaching local optima, there is a risk that we can never derive truly optimal production 399 

strategies. On the other hand, one may argue that the optimization methods used to derive the 400 

optimized strategies for clustering are the same as the ones used in the CLRM and VOI workflows 401 

considered here. Thus, in principle, even if not truly optimal, these optimized strategies could still be 402 

used for the purpose of identifying representative plausible truths. Another problem of this approach 403 

is the risk of non-uniqueness of optimal solutions for the production optimization problem, due to 404 

the possible presence of redundant degrees of freedom in the high-dimensional space of control 405 

variables [50]. This may result in multiple production strategies that are equally optimal, which could 406 

put the validity of this approach at stake. A possible way to avoid the redundancy is to perform an a-407 

priori tensor- or SVD-based decomposition of a large set of possible controls and perform the 408 

optimization in a reduced control space. Alternatively, one could impose temporal and/or spatial 409 

correlations on the controls which also reduces the degrees of freedom in the control space. A 410 

downside of such a-priori measures is that they may lead to lower NPV values. As an alternative, we 411 

therefore apply an a-posteriori tensor decomposition of the set of optimal production strategies and 412 

retain a fraction of the basis functions by truncation based on their energy. By doing so, we intend to 413 

capture only the main trends of the data and reduce the effects of the non-uniqueness of the optimal 414 

production strategies, although we note that this a-posteriori decomposition of the controls does not 415 

guarantee an improvement of the situation. As a final remark on this issue, we note that for these 416 

Ntruth nominal optimizations would in principle be performed with the same optimization methods 417 

that will be used for the VOI and CLRM exercises and that the risk of non-uniqueness of optimal 418 

production strategies will also be present there. Ultimately, the selection of representative plausible 419 

truths based on these strategies would still be consistent with the VOI workflow, even in its 420 

limitations. 421 

On the other hand, the optimal objective function values ( )i i
NPV optJ u  typically tend to be close to 422 

each other because the different optimal production strategies compensate for the differences in the 423 

model realizations (i.e., given the same well locations, the optimal sweep of the reservoir tends to be 424 

similar for all the realizations); see, e.g., the schematic NPV distributions in Figure 4. Thus, the 425 

dissimilarities between the realizations in terms of NPV are less pronounced for their optimal 426 

configurations, and, because of that, they are less suitable to help in the selection of representative 427 

plausible truths. However, in combination with the objective function values ( )i
NPV priorJ u  obtained 428 

with a robust strategy uprior (i.e., optimized to maximize the mean objective function given the initial 429 

uncertainty), these data reveal how much we may benefit if we learn or observe the truth for each 430 

one of the plausible truths. We can then distinguish plausible truths according to the gains associated 431 

with their optimal configurations, which are directly related to the VOI, and this can be useful for 432 
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our purposes. One of the advantages of using these ( ), ( ){ }i i i
NPV prior NPV optJ Ju u  data features is 433 

avoiding the problem of non-unique optimal solutions discussed in the previous paragraph. 434 

 435 

Figure 6: Workflow to compute the expected VOI for a single observation time using representative plausible truths and 436 
full ensembles for robust optimization and history matching. The main modifications in the workflow with respect to the 437 
original procedure presented in [9] are highlighted in grey bold boxes. 438 

We introduce the selection of representative plausible truths to our original VOI assessment 439 

workflow [9] and we obtain the procedure depicted in Figure 6 for cases with a single observation 440 

time. The main difference compared to the original workflow is that, before entering the loop where 441 
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be equiprobable, but, now, the selected plausible truths in 
repr
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assigned by our selection procedure (i.e., weights proportional to the number of realizations in each 448 

cluster). Note that there is a computational cost associated with the additional Ntruth nominal 449 

optimizations required, but that this extra cost is minor when compared to the cost of the full 450 

workflow. Another point to realize is that these Ntruth nominal optimizations would be performed 451 

anyway if we carry out a value of clairvoyance analysis (VOC; see [9]) to determine the upper bound 452 

for the VOI assessment. 453 

3.4. Accelerated VOI assessment 454 

We combine the ideas of the three previous sections to the original VOI workflow of Barros et al. 455 

[9]. The result is a new workflow for accelerated VOI assessment, shown in Figure 7. 456 

 457 

Figure 7: Workflow to compute the expected VOI for a single observation time using representative plausible truths and 458 
reduced ensembles of representative model realizations for robust optimization and history matching. The main 459 
modifications in the workflow with respect to the original procedure [9] are highlighted in grey bold boxes. 460 
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We note that in this flowchart we consider the size of the ensemble of plausible truths and the prior 461 

ensembles to be Ntruth and N respectively. Note that, these ensembles may be chosen to have the 462 

same size, but that this is not a necessity. The same holds for the number of representative 463 

realizations for robust optimization (and history matching) and the number of representative 464 

plausible truths, which here are chosen as Nrepr and 
repr
truthN  respectively. 465 

Given these considerations, we can expect a speed-up factor proportional to 466 

( / ) ( / )repr
truth reprtruthN N N N  by using this accelerated procedure. This means that, if we are able to 467 

select reduced ensembles with 10 times fewer realizations, we can reduce the number of required 468 

reservoir simulations by a factor of 100. 469 

4. Examples 470 

4.1. Robust optimization with reduced ensembles 471 

4.1.1. 2D five-spot model 472 

As a first step to illustrate our approach, we used the same small 2D five-spot example (441 grid 473 

blocks) from our previous paper; see [9] for the complete description of the example. Originally, we 474 

had ensembles of N = 50 model realizations to characterize the geological uncertainties. To 475 

accelerate the robust optimizations, we considered a reduced number of representative realizations, 476 

Nrepr = {3, 5, 10}, representing approximately 5 %, 10 % and 20 % of the number of realizations in 477 

the full ensembles. We evaluated the performance of different features for clustering: permeability 478 

field, oil saturation snapshots at every control time interval (every 150 days) and NPV time-series. 479 

We also studied the effect of different projection methods by using both MDS and tensor 480 

decomposition to perform the projection of the feature space before clustering. For the non-metric 481 

MDS we used the standard implementation available in Matlab (“mdscale” function) with the 482 

previously mentioned stress criterion (here 5 %) to determine the dimension of the reduced space. 483 

For the tensor decomposition we used the implementation of the HOSVD described in [24], with a 484 

cut-off of 95 % in terms of the energy of the eigenvalues to determine the number of basis functions 485 

to be retained for the uncertainty dimension. The production strategy used to generate the features 486 

for clustering was fixed as the initial production strategy chosen as the starting point of the 487 

optimization (here mid in-between bounds: pprod = 250 bar for the producers and pinj = 400 bar for the 488 

injector). 489 

By applying the steps as in Figure 2 to compare the performance of the robust optimization with 490 

reduced and full ensembles, we obtained results in terms of NPV. Figure 8 depicts the results for the 491 

two examples expressed as probability distribution function (pdf) plots. The NPV values for the 492 



Barros et al. – Clustering techniques for value-of-information assessment in closed-loop reservoir management 

 

20 

unoptimized production (Figure 2 (a)) are shown in grey and the reference results (Figure 2 (c)) in 493 

black. The results obtained using the reduced ensembles (Figure 2 (b)) are represented by the colored 494 

lines according to the number of representative realizations. We repeated the procedure with several 495 

ensembles Mfull and we obtained results similar to the ones shown here. 496 

Generally, all the production strategies 
opt
repru  optimized with the representative ensemble performed 497 

very well when compared to the strategy 
opt
fullu  for the full ensemble. We notice that the selection with 498 

three representative realizations (5 %) from the ensemble performs poorer in most cases, and fails 499 

badly in the case depicted in Figure 8 (e). This shows that, for this example, taking an amount of 500 

representative realizations corresponding to only 5 % of the original ensemble size is insufficient 501 

whereas taking 10 % and 20 % give good results in all cases. Also, we notice that the MDS 502 

transformation helps the selection of representative realizations better than the tensor 503 

decomposition, especially when using the permeability field as selection feature (Figure 8 (a) and (d)) 504 

but also when using the oil saturation snapshots (Figure 8 (b) and (e)). We believe the better 505 

performance of MDS here to be related to the small size of the model (441 grid blocks) and the 506 

(relatively) smooth character of the geological realizations (see [9]). For larger models and cases with 507 

more complex geological features, in which there is more spatial-temporal structure to be preserved, 508 

it is expected that tensor decomposition should perform the best [24]. Overall, based on the results 509 

from the 2D five-spot model, oil saturation snapshots and NPV time-series seem to be the most 510 

suitable selection features based on the results from 2D five-spot model, which is in alignment with 511 

the conclusions drawn by Shirangi and Durlofsky [48] after comparing several model-based features 512 

within their general framework. 513 

 514 

Figure 8: Results of robust optimization over an ensemble of the 2D five-spot model expressed in terms of NPV pdf 515 
plots. (a) Permeability as feature and MDS as projection method, (b) oil saturation snapshots as feature and MDS as 516 
projection method, (c) NPV time-series as feature and MDS as projection method, (d) permeability as feature and tensor 517 
decomposition as projection method, (e) oil saturation snapshots as feature and tensor decomposition as projection 518 
method, and (f) NPV time-series as feature and tensor decomposition as projection method. 519 
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4.1.2. Egg model 520 

The Egg model is a synthetic reservoir model created to serve as a benchmark for water flooding 521 

optimization, computer-assisted history matching and CLRM applications. The model consists of 522 

N = 100 realizations of a channelized reservoir with 60 × 60 × 7 grid cells. Its 18,553 active cells give 523 

it the shape of an egg (Figure 9). The field is produced through water flooding, with four producers 524 

and eight injectors in defined locations, and has been used for several studies; see, e.g., [50]. For 525 

further information on a standardized version of this model, we refer to [30]. 526 

For this case study, we considered the optimization of the water injection rates for a production 527 

period of 3,600 days. The rates can be adjusted every 360 days (i.e., M = 10 control time intervals) in 528 

the range of 0 ≤ qinj ≤ 79.5 m³/day, and the maximum injection pressure allowed is pinj,max = 420 bar. 529 

The bottom-hole pressure of the producers is kept constant at pprod = 395 bar. The robust 530 

optimization experiments were carried out with the help of the AD-GPRS simulator to obtain the 531 

required predictions and gradients [11, 54] for each model realization which were used in a simple 532 

implementation of the steepest ascent algorithm. 533 

 534 

Figure 9: The Egg model: a channelized reservoir with 8 injectors (blue) and 4 producers (red) (left). Six randomly chosen 535 
realizations of the permeability distribution (right). (after [30, 50]) 536 

In this example, to illustrate the use of representative ensembles, we considered a reduced number of 537 

representative realizations, Nrepr = {5, 10, 20}, representing again 5 %, 10 % and 20 % of the number 538 

of realizations in the full ensemble. Because this is a larger model, we could not afford repeating as 539 

many optimization experiments as the ones done for the 2D five-spot model. We chose to do 540 

experiments considering: two clustering features only – one model-parameter feature (permeability 541 

distributions) and one model-response feature (oil saturation snapshots) – and the two projection 542 

methods as used before (MDS and tensor decomposition) – which are expected to behave more 543 

different from each other in larger cases. 544 



Barros et al. – Clustering techniques for value-of-information assessment in closed-loop reservoir management 

 

22 

 545 

 546 

Figure 10: NPV pdf plot of an ensemble from the Egg model. (a) Permeability as feature and MDS as projection method, 547 
(b) permeability as feature and tensor decomposition as projection method, (c) oil saturation snapshots as feature and 548 
MDS as projection method, and (d) oil saturation snapshots as feature and tensor decomposition as projection method. 549 

Figure 10 depicts the results obtained. The color scheme is the same as in Figure 8, but here we also 550 

include the case in which the optimization is performed over the P50 model only for comparison. 551 

First, we observe that, in this case, robust optimization results in significantly higher NPV values 552 

compared to those obtained with the unoptimized strategy. We can also see that the optimizations 553 

over the reduced ensembles were able, in most of the cases, to achieve a similar performance 554 

compared to the optimization performed over the full ensemble. In some cases, the optimization 555 

with the representative realizations managed to outperform the reference results, which reminds us 556 

that the optimization techniques used here are not perfect and cannot guarantee globally optimal 557 

solutions for the production optimization problem. Moreover, we observe some inconsistent results: 558 

in Figure 10 (c), the robust optimization based on Nrepr = 10 selected models performed significantly 559 

worse than the one using Nrepr = {5, 20} realizations, and in Figure 10 (d) the optimization based on 560 

Nrepr = 20 realizations was the one that performed the worst. We expected to see an increase in the 561 

performance of the robust optimization as Nrepr gets closer to N. Although these unexpected results 562 

could be related to limitations of our implementation (e.g., imperfections within the optimization 563 

algorithms and simulations), we have not yet been able to find a conclusive explanation for it. 564 

(a) (b) 

(c) (d) 
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4.2. History matching with reduced ensembles 565 

4.2.1. 2D five-spot model 566 

To illustrate the workflow from Figure 3, we first tested it in a history matching twin experiment on 567 

the 2D five-spot example. For this exercise, we used an adjoint-based RML method (see [41-42]) and 568 

AD-GPRS to obtain the required gradients to update the uncertain parameters. As the version of 569 

AD-GPRS made available to us only provided the gradients with respect to permeability multipliers, 570 

this example was slightly modified with respect to the original model used in previous sections: here 571 

we assumed the porosity field to be homogeneous and known (ϕ = 0.2), and thus not to be updated 572 

throughout the history matching. We considered the availability of measurements of water and oil 573 

field production rates at a single observation time, and measurement errors of ԑprod = 5 m³/day. We 574 

repeated the history matching for different observation times. The production strategy was fixed at 575 

pprod = 250 bar for the producers and pinj = 400 bar for the injector. 576 

First, we performed the history matching over the full ensemble of N = 49 realizations, with one 577 

additional realization used to generate the synthetic measurements. Next, we considered only the 578 

representative realizations. Like in the previous section, we repeated the procedure for several 579 

choices, by varying the number of representative models, the selection feature and the projection 580 

method. Figure 11 displays the results obtained with Nrepr = 10 representative models selected based 581 

on oil saturation snapshots projected by tensor decomposition for measurements at tdata = 750 days. 582 

The results for other clustering settings, which are reported in [51], were comparable to the ones 583 

showed here. From these results, we could not make any conclusions about which projection 584 

method (MDS or tensor decomposition) performs the best. 585 

Figure 11 (left) shows the simulated forecasts of field production rates for the prior ensemble. The 586 

thin dashed lines represent each one of the N = 49 realizations of the full prior ensemble while the 587 

thicker dashed lines correspond to the Nrepr = 10 representative ones. The thick solid lines show the 588 

forecast generated with the synthetic truth, and the yellow circles indicate the measurements 589 

available. We observe that, although the synthetic truth seems to be captured by the ensemble, there 590 

is a large spread in the predictions. Figure 11 (right) shows the predictions a posteriori, after the 591 

history matching was performed over the full and reduced prior ensembles. We note that the 592 

assimilation of the available measurements contributed to a significant reduction in the spread of the 593 

curves, but, more importantly, we observe a reasonably good agreement between the uncertainty 594 

characterized by the full and reduced posterior ensembles. We observe a slight reduction in the 595 

spread of the curves, which was expected because smaller ensembles tend to underestimate 596 

uncertainty in the forecasts. There are measures such as ensemble inflation that could possibly 597 

minimize this undesirable effect, but they were not considered in this work. We also emphasize that 598 
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different weights have been assigned to the representative realizations forming the reduced ensemble 599 

while the realizations of the full ensemble are equiprobable, and for this reason the visual 600 

comparison may not be the most appropriate way of assessing the quality of the approximation here. 601 

Despite these remarks, the results suggest that representative realizations can be used to make history 602 

matching procedures more efficient without compromising the uncertainty quantification to an 603 

unacceptable level. 604 

 605 

Figure 11: History matching results for the 2D five-spot model. Solid lines represent the prediction from the synthetic 606 
truth, the dots correspond to the synthetic data to be matched and the dashed lines represent the predictions of the 607 
realizations to be updated. Red lines correspond to oil production and blue lines to water production. 608 

4.2.2. Egg model 609 

Based on the learning from the 2D five-spot example, we repeated the same procedure for the Egg 610 

model to confirm that it is possible to make the history matching more efficient also in larger case 611 

studies. Once again, we used the RML method and AD-GPRS to obtain the required gradients to 612 

update the uncertain permeability field. The settings were the same as the ones described before, but 613 

here the injection rates were fixed to qinj = 79.5 m³/day. The observations considered were field 614 

production rates and bottom-hole pressures measured in the injectors, available at tdata = 1,800 days, 615 

with measurement errors of ԑprod = 5 m³/day and ԑBHP = 10 bar. Here we used the full ensemble with 616 

N = 99 realizations, plus one synthetic truth. As before, we considered several choices for the 617 

selection of representative realizations, but we display only one set of the results. The results for 618 

other clustering settings can be found in [51]. 619 

Figure 12 displays the results obtained with Nrepr = 10 representative models selected based on oil 620 

saturation snapshots projected by tensor decomposition. Figure 12 (left) shows the simulated 621 

forecasts of field production rates for the prior ensembles, and Figure 12 (right) for the posterior 622 

ensembles. The color scheme is the same as in Figure 11. The differences between the prior and 623 

posterior predictions of production rates are minor, indicating that the main contribution to the 624 

mismatches is probably related to the bottom-hole pressure measurements in the injectors, displayed 625 

in Figure 13. The black dashed lines represent the realizations of the full prior ensemble while the 626 
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blue lines correspond to the representative ones. The red lines show the forecast generated with the 627 

synthetic truth, and the yellow circles indicate the measurements available. Like in the 2D five-spot 628 

example, we observe that the reduced ensemble constitutes a good approximation of the full 629 

ensemble. As before, we repeated the exercise considering other choices for the selection of 630 

representative realizations, but we displayed only one set of the results here. The results for other 631 

clustering settings can be found in [51]. From those results, we observed that Nrepr = 10 seemed to be 632 

close to the limit as the minimum number of representative realizations to approximate the 633 

uncertainty characterized by the full ensemble. We also noticed that MDS and tensor decomposition 634 

lead to similar performance, but that the latter technique resulted in reduced ensembles which 635 

provided slightly larger spreads in the production forecasts. 636 

 637 

Figure 12: History matching results for the Egg model in terms of the predictions of field production rates: prior (left) 638 
and posterior (right). Red lines correspond to oil production and blue lines to water production. Solid lines represent the 639 
prediction from the synthetic truth, the yellow dots correspond to the synthetic data to be matched and the dashed lines 640 
represent the predictions of the realizations to be updated (full and reduced ensembles; see legend). 641 

 642 

Figure 13: History matching results for the Egg model in terms of the predictions of BHP at the 8 injectors: prior (left) 643 
and posterior (right). Solid red lines represent the prediction from the synthetic truth, the yellow dots correspond to the 644 
synthetic data to be matched and the dashed lines represent the predictions of the realizations to be updated (full 645 
ensemble in black and reduced ensemble in blue; see legend). 646 
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4.3. Accelerating VOI assessment 647 

4.3.1. Representative plausible truths 648 

4.3.1.1. 2D five-spot model 649 

To illustrate the selection of representative plausible truths, we applied to the 2D five-spot model the 650 

workflow to assess the VOI for a single observation time with a reduced number of plausible truths 651 

(Figure 6). The workflow was repeated for different observation times, tdata = {150, 300, … , 1,350} 652 

days. The history matching step was performed with the EnKF module of MRST [37]. We assessed 653 

the VOI of the production data (total flow rates and water-cuts) with absolute measurement errors 654 

(ԑflux = 5 m³/day and ԑwct = 0.1). The VOC and the VOI were computed for each of the nine 655 

observation times, and we compared the results against those obtained using the original workflow 656 

[9] with the full ensemble Mtruth of plausible truths (Ntruth = 50), which serves as a reference. Note that 657 

in this subsection the focus is on the acceleration by reducing the number of plausible truths only, 658 

thus the robust optimization and history matching steps are performed using full ensembles. 659 

First, we checked our hypothesis that the model-based features are not suitable for selecting plausible 660 

truths. For that, we selected 
repr
truthN  = 5 plausible truths through clustering based on: permeability 661 

fields, NPV evolution profiles and flow patterns (i.e., pressure and saturation snapshots). No 662 

projection methods (e.g., MDS) were used. We also tested a random selection. The results are shown 663 

in Figure 14, including the reference results. The different lines represent percentiles and mean of the 664 

VOC and VOI distributions as a function of the time when the additional information (or 665 

clairvoyance) becomes available. We do not interpret or explain the VOI and VOC results here; we 666 

refer to [9] for this purpose. Here we assess the ability to obtain similar results with fewer plausible 667 

truths. 668 
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 669 

Figure 14: Results of the VOI (and VOC) assessment for the 2D five-spot model using selection of 5 plausible truths 670 
based on model-based features. (a) Reference obtained using the original workflow, (b) random selection, (c) selection 671 
based on permeability field, (d) selection based on NPV time series and (e) selection based on flow patterns.  672 

Overall, none of the selections in Figure 14 is able to satisfactorily reproduce the reference results, 673 

shown in Figure 14 (a). Although a selection based on some feature (Figure 14 (c), (d) and (e)) is 674 

clearly better than a random selection (Figure 14 (b)), these results seem to support our hypothesis 675 

that the model-based features are not the most appropriate means to select representative plausible 676 

truths. 677 

Next, we repeated the same procedure with our proposed decision-based features. This required a 678 

nominal optimization on each of the Ntruth = 50 plausible truths initially considered. Figure 15 shows 679 

the data we obtain from these optimizations, which can be used for clustering and model selection. It 680 

becomes clear that these features create a space in which we can distinguish the samples and select 681 

those instances of 
repr
truthM  that can better represent the entire population Mtruth. Figure 15 (a) displays 682 

each of the plausible truths plotted in a two-dimensional space: the first dimension corresponds to 683 

the objective function values (i.e., NPV) before the nominal optimizations and the second to the 684 

objective function values after the optimizations. The clusters are shown in different colors and the 685 

selected plausible truths are marked as squares. Figure 15 (d) exhibits the optimal production strategy 686 

for each plausible truth: the plots show the BHP controls at each of the five wells of the 2D five-687 

spot model; the colors indicate the clusters formed and the thicker lines highlight the representative 688 

of each cluster. Figure 15 (a) and (b) display the clusters obtained using the objective-function feature 689 

(data displayed in Figure 15 (a)), and Figure 15 (c) and (d) show the clusters derived from the 690 

optimal-strategy feature (data displayed in Figure 15 (d)). The first point to note is that, as one would 691 

expect, both features lead to different clustering results. Besides that, even though we observe a more 692 
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clear separation between the colors in Figure 15 (a) and in Figure 15 (d), the colors in their respective 693 

pairs (b) and (c) still show some degree of clustering. 694 

 695 

Figure 15: Proposed decision-based features for the selection of representative plausible truths. Objective function 696 
values, before and after nominal optimizations ((a) and (c)). Optimal production strategies (bottom-hole pressures at all 697 
the wells for every control interval) ((b) and (d)). Selection based on objective function values ((a) and (b)) and selection 698 
based on optimal production strategies ((c) and (d)). 699 

Figure 16 depicts the VOI results obtained by picking 
repr
truthN  = 5 representative plausible truths 700 

according to these new features. This time we observe better selections, which are able to repeat the 701 

reference results (Figure 16 (a)) almost perfectly. We note that the selection based on the objective 702 

All realizations 

Selected realizations 

All realizations 

Selected realizations 

(a) (b) 

(c) (d) 



Barros et al. – Clustering techniques for value-of-information assessment in closed-loop reservoir management 

 

29 

function values (Figure 16 (b)) succeeds in reproducing the reference results for VOC, but less for 703 

VOI. In contrast, the selection based on optimal production strategies (Figure 16 (c)) performs fairly 704 

well for both VOC and VOI. Therefore, the optimal production strategy is the feature we chose for 705 

selecting representative plausible truths for this application. 706 

After that, we investigated the impact of the non-uniqueness of optimal production strategies in the 707 

model selection. For that, we carried out nominal optimizations on each of the plausible truths 708 

starting from three different initial solutions. Figure 17 shows the results: Figure 17 (b), (c) and (d) 709 

correspond to the selection obtained with the three different starting points and Figure 17 (e) to the 710 

selection based on the data of the three optimizations altogether. We observe that the results are not 711 

identical, which confirms that the optimal production strategies may be nonunique and, thus, not 712 

suitable for model selection purposes. 713 

 714 

Figure 16: Results of the VOI (and VOC) assessment for the 2D five-spot model using selection of 5 plausible truths 715 
based on decision-based features. (a) Reference obtained using the original workflow, (b) selection based on objective 716 
function values and (c) selection based on optimal production strategies. 717 
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 718 

Figure 17: Results of the VOI (and VOC) assessment for the 2D five-spot model selecting representative plausible truths 719 
based on optimal production strategies obtained with different starting solutions. (a) Reference results, (b) starting from 720 
robust optimal solution, (c) starting from greedy controls (maximum injection and maximum drawdown in the 721 
producers), (d) starting from mid in-between bounds and (e) selection based on data from all the three optimizations. 722 

As a measure to remediate this problem, we applied a projection based on a truncated tensor 723 

decomposition to the optimal production strategies dataset. By retaining the fraction of the basis 724 

functions that preserves 90% of the energy of the singular values, we hope to capture only the main 725 

trends and reduce the effect of non-uniqueness of the optimal solutions. Figure 18 shows the results 726 

obtained with such a projection for the same optimal production strategies. The difference between 727 

the results for the three different optimization starting points (plots (b)-(e)) is smaller than in Figure 728 

18. Note that in this case we are not trying to show which figure (Figure 17 or Figure 18) depicts 729 

results closer to the reference like we did when comparing previous figures. The point here is to 730 

check whether the adopted measure reduces the impact of having different starting points, which 731 

indicates that this additional step could be helping us to minimize the effect of non-uniqueness of 732 

the optimal solutions.  733 
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 734 

Figure 18: Results of the VOI (and VOC) assessment for the 2D five-spot model selecting representative plausible truths 735 
based on optimal production strategies projected by tensor decomposition. (a) Reference results, (b) starting from robust 736 
optimal solution, (c) starting from greedy controls (maximum injection and maximum drawdown in the producers), (d) 737 
starting from mid in-between bounds and (e) selection based on data from all the three optimizations. 738 

4.3.2. Fully accelerated workflow 739 

4.3.2.1. 2D five-spot model 740 

Finally, we applied all the measures we discussed so far (i.e., selection of representative ensembles for 741 

robust optimization, history matching and plausible truths) following the accelerated procedure for 742 

VOI assessment depicted in Figure 7. Note that here the history matching was performed on the full 743 

ensembles because our implementation with MRST used the EnKF method, which is not reliable for 744 

very small ensembles. After the history matching steps, we selected representative realizations to 745 

accelerate the robust optimization over the posterior ensembles. Figure 19 presents the results. 746 

Again, Figure 19 (a) exhibits the reference results with Ntruth = 50 plausible truths and robust 747 

optimization over ensembles of N = 49 realizations. Figure 19 (b) corresponds to the results 748 

obtained by using 
repr
truthN  = 5 representative plausible truths and full ensembles with N = 49 for the 749 

robust optimizations. Figure 19 (c) shows the results when considering all the Ntruth = 50 plausible 750 

truths and reduced ensembles for robust optimizations. And Figure 19 (d) displays the results 751 

obtained with 
repr
truthN  = 5 plausible truths and ensembles of Nrepr = 5 realizations for the 752 

optimizations. 753 

We see that the acceleration measures allow us to obtain similar results by considering only 10 % of 754 

the original number of realizations. We also observe that even the combination of the two 755 

acceleration measures described is still able to correctly approximate the main trend of the reference 756 
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results. Note that the lines plotted in Figure 19 (b) and (d) represent percentiles and mean values of 757 

VOI based on 
repr
truthN  = 5 samples, while in Figure 19 (a) and (c) these values are computed with 758 

Ntruth = 50 samples, and this should be taken into account when interpreting the quality of the results. 759 

 760 

Figure 19: Results of the new accelerated VOI (and VOC)  assessment for the 2D five-spot model. (a) Reference results, 761 
(b) only selecting representative plausible truths, (c) only reducing the ensembles for robust optimization, and (d) 762 
combining both measures.  763 

In terms of computational cost, the results in Figure 19 (a) require approximately 1.5 million 764 

simulations. This number includes forward and backward simulations. The results shown in Figure 765 

19 (b) and (c) require 150,000 and 170,000 simulations, respectively. And the results in Figure 19 (d) 766 

need 17,000 simulations to be computed. Thus, by applying all measures to reduce the number of 767 

model realizations considered in the assessment, we were able to alleviate the computational cost of 768 

the workflow by a factor of 88, which is quite significant. 769 

4.3.2.2. Egg model 770 

As a final test, we applied all the model selection measures discussed in this paper (Figure 7) to make 771 

the VOI assessment possible for the Egg model. We considered 
repr
truthN  = 10 representative plausible 772 

truths and ensembles of Nrepr = 10 representative realizations for the history matching and robust 773 

optimization. The workflow to assess the VOI of a single observation time was repeated for different 774 

observation times, tdata = {360, 720, … , 3,240} days. The entire exercise was performed with AD-775 

GPRS to evaluate the objective functions and obtain the required gradients for the production 776 

optimization and history matching steps. The history matching was performed using the RML 777 

method. We assessed the VOI of the production data (field production rates and pressures in the 778 
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injectors) with absolute measurement errors (ԑprod = 5 m³/day and ԑBHP = 10 bar). The VOC and the 779 

VOI were computed for each of the nine observation times. 780 

 781 

Figure 20: Results for the Egg model with a single observation time: VOC and VOI. 782 

 783 

Figure 21: Results for the Egg model with a single observation time: expected VOC and VOI. 784 

Figure 20 and Figure 21 display the results obtained. We note that the type and trend of these results 785 

share similarities with those observed for the 2D five-spot model. As before, the VOC decreases in a 786 

stepwise fashion and serves as an upper-bound for the VOI. On the other hand, this time the VOI 787 

values are significant lower than the VOC values, most likely because the field production rate 788 

measurements are not as informative as well-per-well measurements and also because of the larger 789 

number of uncertain parameters. 790 

We also observe that, unlike the results for the 2D five-spot model, in Figure 20 and Figure 21 the 791 

VOI values fluctuate more around the overall trend. This could be related to this particular case 792 

study as VOI does not need necessarily to show a monotonic behavior over time. This could also be 793 

associated with imperfections of the optimization procedures involved in the workflow, i.e. the risk 794 

of reaching local optima in the production optimization and history matching steps. Finally, this 795 

fluctuation of VOI values could be explained by the number of truths considered being insufficient 796 

to derive proper VOI statistics. Even though there are no theoretical guarantees, we believe that 797 

increasing 
repr
truthN  could eliminate this behavior. 798 

We also repeated the VOI assessment for the case with multiple observation times, according to the 799 

extension of the methodology presented in [8]. Figure 22 and Figure 23 display the results obtained, 800 
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which, once again, confirm the conclusions drawn from the previous case studies. However, unlike 801 

the results for the 2D example in [8], here the increase in VOI after the first observation time is more 802 

important. 803 

 804 

Figure 22: Results for the Egg model with multiple observation times: VOC and VOI. 805 

 806 

Figure 23: Results for the Egg model with multiple observation times: expected VOC and VOI. 807 

Besides assessing the VOI of future measurements, our approach of “closing the loop” in the design 808 

phase produces a great amount of data which could be used to gain additional insight into the 809 

(closed-loop) reservoir management problem. Because we consider an ensemble of plausible truths, 810 

multiple CLRM sequences are obtained, including optimal production strategies (Figure 24), history 811 

matched ensembles and their predictions (Figure 25 and Figure 26). An in-depth analysis of these 812 

data may lead to a better understanding on how to manage the reservoir, serving as a sort of pre-813 

computed operation manual. 814 

In Figure 24, we note that the production strategies optimized with perfect geological knowledge 815 

already from t = 0 make a much better use of the operational flexibility available, allowing a better 816 

control over the reservoir system to improve its performance. The strategies derived through CLRM 817 

manage to use some of this flexibility (i.e., the strategies are somewhat spread over the allowed 818 

bounds for the control variables), but not as efficiently as in the case with clairvoyance (i.e., the 819 

strategies exhibit an even larger spread) because the learning obtained from production 820 

measurements is more limited. The robust strategy determined under prior uncertainty is not able to 821 

capture the possibility of reacting to future measurements. 822 
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 823 

 824 

Figure 24: Optimal production strategies for the plausible truths considered Egg model: optimized under prior 825 
uncertainty (top left); obtained through CLRM with additional production measurements (top right); optimized under the 826 
assumption of clairvoyance available at t = 0. 827 

Figure 25 depicts the performance of the production strategies discussed above in terms of the NPV 828 

predictions for the 
repr
truthN  = 10 representative plausible truths considered. First, we note that the 829 

strategy derived under prior uncertainty leads to cumulative NPV curves that descend after reaching 830 

their maximum, suggesting that production continued even after reaching uneconomical levels. This 831 

occurs because the optimization under prior uncertainty was performed over an ensemble of 832 

realizations different from the ensemble of 
repr
truthN  = 10 representative plausible truths considered, 833 

which causes the determined strategy to be suboptimal for the plausible truths. 834 
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We also observe that the CLRM strategies result in higher NPV values, but also in a larger spread. 835 

Finally, we notice a distinct behavior of the NPV curves derived with CLRM and under clairvoyance: 836 

the curves of the different plausible truths cross each other, while the curves derived under prior 837 

uncertainty never do that. The reason for this behavior is that we have a single production strategy 838 

optimized with the prior knowledge and one optimal strategy for each plausible truth in the other 839 

cases. These multiple optimal strategies have been tailored to their respective plausible truths, which 840 

allows them to achieve higher NPV values. This also makes them achieve their maximum at different 841 

times, causing the curves to cross. 842 

 843 

Figure 25: Cumulative NPV curves for the 10 representative plausible truths (Egg model) for the production strategies 844 
from Figure 24. 845 

As discussed above, the optimized production strategies may be suboptimal for the plausible truths. 846 

In practice, when operating a field, the production would be interrupted if it reaches uneconomical 847 

levels (i.e., reactive control would be exercised). This consideration may have an impact on the NPV 848 

curves derived and on the outcome of our VOI assessment. Therefore, we repeated the exercise 849 

including reactive control as follows. Figure 26 shows the cumulative NPV curves obtained by 850 

interrupting the production simulated for the plausible truths at the time they reach their maximum. 851 

As a result, we notice that the curves that before would go down (in Figure 25) now stay flat after 852 

they reach their maximum value. 853 
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 854 

 855 

Figure 26: Cumulative NPV curves for the 10 representative plausible truths disregarding uneconomic production (Egg 856 
model) for the production strategies from Figure 24. The plots at the bottom show a zoomed-in view of the curves for 857 
the second half of the reservoir life-cycle. 858 

Figure 27 and Figure 28 show the results of the VOI assessment obtained when disregarding the 859 

uneconomical production from the plausible truths, and we note that this causes the VOI and VOC 860 

to decrease in comparison with Figure 22 and Figure 23. This can be understood by comparing 861 

Figure 25 and Figure 26: when disregarding the uneconomical production, the baseline values for the 862 

VOI assessment (i.e., the final NPV achieved with the strategies optimized under prior uncertainty) 863 

increase, while this consideration does not have a major impact on the values obtained with 864 

additional knowledge. The VOI and VOC depicted Figure 27 and Figure 28 can also be verified in 865 

Figure 26 (bottom): from the zoomed-in plots we can see more clearly the incremental gain with 866 

respect to the prior strategy for the 
repr
truthN  = 10 plausible truths. 867 

 868 

Figure 27: Results for the Egg model with multiple observation times: VOC and VOI disregarding the uneconomic 869 
production of the plausible truths. 870 
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 871 

Figure 28: Results for the Egg model with multiple observation times: expected VOC and VOI disregarding the 872 
uneconomic production of the plausible truths. 873 

5. Discussion and conclusions 874 

We applied two different measures to decrease the amount of simulations required in VOI 875 

assessment workflows. First, we showed how to make the robust optimization and history matching 876 

procedures more efficient by reducing the size of the ensembles considered. We used several model-877 

based features to select representative realizations through clustering and compared them against 878 

reference results. For the small 2D five-spot example (441 grid blocks), we concluded that oil 879 

saturation snapshots data transformed by tensor decomposition or MDS provide a good basis for the 880 

selection of reduced ensembles to speed-up robust optimization and history matching. Second, we 881 

introduced two new decision-based features to support the selection of representative plausible 882 

truths as another alternative to speed-up the VOI assessment procedure. We confirmed that optimal 883 

production strategies are most suitable for this purpose and that the choice of the selection feature is 884 

case-dependent even within the same workflow. A disadvantage of this approach is the challenge in 885 

deriving meaningful statistics of the VOI given the reduced number of plausible truths. Finally, we 886 

combined both aforementioned acceleration measures to design a new procedure for faster VOI 887 

assessment. For the 2D example, we were able to reduce the amount of required reservoir 888 

simulations from millions to tens of thousands. This significant reduction in computational costs 889 

represents an important step for the use of the VOI assessment in larger examples. 890 

Based on the learning from the experiments with the small 2D model, we tested the acceleration 891 

measures on the medium-sized Egg model (18,553 grid blocks). The results confirmed the main 892 

conclusions obtained for the small model, reassuring us that clustering based on the appropriate 893 

features can support the selection of representative models to approximate the uncertainty 894 

characterized by the full ensembles of realizations and make our workflows much more efficient also 895 

in larger examples. In the end, by combining all the acceleration measures, we were able to apply our 896 

methodology for VOI assessment to the Egg model, which would otherwise have been 897 

0 360 720 1080 1440 1800 2160 2520 2880 3240 3600
$ 0.00

$ 1.00

$ 2.00

$ 3.00

$ 4.00
× 10

6

Time of information (days)
V

a
lu

e
 o

f 
in

fo
rm

a
ti

o
n

, 
V

O
I

 

 

VOC

VOI



Barros et al. – Clustering techniques for value-of-information assessment in closed-loop reservoir management 

 

39 

computationally intractable. The results obtained supported our main conclusions from previous 898 

case studies, which reassures the consistency of our approach to VOI assessment. 899 

However, there is still scope for future research to further accelerate these workflows. In particular, 900 

the combination of the ideas presented in this paper with the use of surrogate models (e.g., proxies), 901 

reduced-physics models or multiscale methods may be necessary to develop practical tools for VOI 902 

assessment in realistic, large-scale applications. One of the results of the Egg models made us 903 

question whether the 
repr
truthN  = 10 plausible truths considered were enough to derive meaningful 904 

statistics of VOI. Most likely the arbitrary choice of the number of representative realizations also 905 

impacts the robust optimization and history matching steps. A more systematic approach could 906 

improve the choice of Nrepr and 
repr
truthN . 907 

Another point that deserves attention concerns the generalization of this approach to field 908 

development problems. In this work we focused on reservoir management applications where the 909 

well configuration remains fixed, which is determinant for the flow behavior of the different model 910 

realizations. In workflows where the well configuration changes, the optimization results will likely 911 

be more sensitive to the underlying geology. This means that more research is needed to confirm 912 

whether the conclusions of this work on reservoir management can be extended to the field 913 

development context. Yet we believe that some of the ideas discussed here may be adapted or inspire 914 

the development of acceleration measures to VOI workflows in more general problems. 915 

Finally, it is important to reflect on the use of such VOI workflows in practice. We have proposed 916 

some solutions to make these workflows more tractable computationally, which is an important step 917 

to enable their application to real-life problems. Another necessary step to make their use more 918 

attractive concerns the interpretability of the quantified VOI, a topic that still has to be addressed. 919 

Any physical interpretation of these results implies actually multiple interpretations, because the 920 

additional information might be useful in a different way for each truth scenario considered. To 921 

achieve interpretability in an automated way, we need to develop approaches that leverage all the data 922 

produced by the workflow to identify relationships between the various variables of problem with 923 

the computed VOI.  924 
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