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Abstract 

This paper extends previous work on value of information (VOI) assessment in closed-loop reservoir management (CLRM) 

to estimate the added value of performing multiple measurements along the producing life of the reservoir. The new 

procedure is based on the workflow from our previous paper which allows to quantify the VOI of a single observation under 

geological uncertainty. Here we show that, by modifying that workflow slightly, it is possible to assess the value of a series 

of measurements without a prohibitive increase in computational costs. The approach is illustrated with two cases based on a 

simple water flooding problem in a two-dimensional five-spot reservoir: the first one, in which we assess the value of a series 

of production measurements, and the second one, in which we estimate the additional value of water front positions tracked 

by an interpreted time-lapse seismic survey. We believe that our proposed workflow is a complete methodology to estimate 

the VOI in a CLRM context because we take into account that the production strategy is updated periodically after new 

information has been assimilated in the models. However, future work will be required to reduce the computational load to 

allow for the application of the workflow to real field cases. 

Introduction 

Over the past decades, new sensing technologies have been boosting the flow of detailed reservoir information from oil 

and gas fields. Different types of well-based sensors and field-wide data have become available, which, in combination with 

the development of numerical techniques for reservoir model-based optimization and history matching, increase the 

possibilities to monitor and improve reservoir management operations. Because many of these sensing technologies come at 

significant costs, the design of reservoir surveillance strategies has been receiving more attention. The solution of this design 

problem requires the ability of assessing the value of future measurements during the field development planning (FDP) 

phase of an oil field. In this context, techniques to quantify the value of information (VOI) under geological uncertainty 

become increasingly important. 

An additional complexity arises when it is attempted to quantify the VOI associated with the deployment of a sensor that 

is expected to provide multiple measurements in its lifespan. Recently, we have proposed a methodology to make use of the 

closed-loop reservoir management (CLRM) framework (i.e., under the assumption that frequent life-cycle optimization will 

be performed using frequently updated reservoir models) to assess the VOI of a single measurement (Barros et al., 2015). The 

first contribution of the present paper is to show how that methodology can be extended to also assess the value of a series of 

measurements at the same location. 

Another challenge consists of quantifying the value of field-wide sensing methods, such as time-lapse seismic surveys. In 

Barros et al. (2015) we illustrated the VOI assessment methodology with an example considering only production data from 

the wells. Here we propose to repeat the workflow in combination with the work of Leeuwenburgh and Arts (2014) so that 

we are also able to analyze the value of water front tracking measurements, which can be an alternative to assess the VOI of a 

time-lapse seismic survey. 
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In the Background section we introduce the most relevant concepts that will be explored throughout the paper and recap 

what has been done in terms of VOI assessment of a single measurement. Next, in the Methodology section, we explain how 

to extend our workflow for a series of measurements and thereafter, in the Examples section, we illustrate it with some case 

studies and we analyze the results. Finally, in the Conclusions section, we comment on the main issues regarding the 

application of our methodology to real-field cases, and we suggest directions for future work. 

Background 

Closed-loop reservoir management (CLRM) 

CLRM is a combination of frequent life-cycle production optimization and data assimilation (also known as computer-

assisted history matching); see Fig. 1. Life-cycle optimization aims at maximizing a financial measure, typically net present 

value (NPV), over the producing life of the reservoir by optimizing the production strategy. This may involve well location 

optimization, or, in a more restricted setting, optimization of well rates and pressures for a given configuration of wells, on 

the basis of one or more numerical reservoir models. Data assimilation involves modifying the parameters of one or more 

reservoir models, or the underlying geological models, with the aim to improve their predictive capacity, using measured data 

from a potentially wide variety of sources such as production data or time-lapse seismic. For further information on CLRM 

see, e.g., Jansen et al. (2005, 2008, 2009), Naevdal et al. (2006), Sarma et al. (2008); Chen et al. (2009) and Wang et al. 

(2009). 

 

Fig. 1: Closed-loop reservoir management as a combination of life-cycle optimization and data assimilation. 

VOI assessment of a single measurement 

Recently, we have proposed a new methodology to assess the VOI of future measurements by making use of the CLRM 

framework (Barros et al., 2015). Our approach presented there consists of ‘closing the loop’ in the design phase to simulate 

how information obtained during the producing life-time of the reservoir comes into play in the context of optimal reservoir 

management. By considering both data assimilation and optimization in their procedure, we are able “to not only quantify 

how information changes knowledge, but also how it influences the results of decision making”. This is possible because a 

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

without additional information can be compared in terms of the value of the optimization objective function (typically NPV) 

obtained when applying these strategies to the virtual asset (synthetic truth); see Fig. 2. Despite being quite generic, that 

workflow does not address the case where a series of measurements (at multiple observation times) is available. 
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Fig. 2: VOI assessment workflow proposed by Barros et al. (2015). (t indicates the observation time and T indicates the end time) 

Water front tracking measurements 

Water front tracking ‘measurements’ represent a good alternative to incorporate information from interpreted 4D (or time-

lapse) seismics. Time-lapse seismic surveys fall under the category of field-wide sensing methods and have been showing 

great potential for reservoir surveillance. With a much higher volume of data, they provide a different type of information 

than the well-based measurements. A typical 4D seismic dataset gives good insight into the evolution of pressures and 

saturations in the whole extension of the reservoir. It may be a challenge to assimilate all these data to the reservoir models 

using classical history matching techniques such as the ensemble Kalman filter (EnKF). Recognizing that one of the main 

advantages of having 4D seismic data available lies on the possibility of interpreting saturation maps to track the water front 

in water flooding problems, Leeuwenburgh and Arts (2014) propose a way of parametrizing these data to facilitate the history 

matching. They use the fact that the water front can be detected in the seismic data, as a jump in the saturation values. Then 

they apply “a fast marching method (…) to calculate distances between observed and simulated fronts, which are used as 

innovations in the EnKF”. Fig. 3 depicts the general idea behind their work. This new parametrization of the data allows 

Leeuwenburgh and Arts (2014) to simplify the assimilation of the time-lapse seismic dataset, without having to use any 

localization or inflation schemes to ensure the good behavior of the history matching ensemble techniques. For a detailed 

description of the fast marching method used to track the evolution of interfaces (water fronts in our setting), see Sethian 

(1996). 

 

Fig. 3: General idea behind the work of Leeuwenburgh and Arts (2014): detecting water fronts and comparing them in terms of a 
certain distance/metric to perform history matching. 

Methodology 

The new procedure is based on the workflow from our previous paper (Barros et al., 2015) which allows to quantify the 

VOI of a single observation under geological uncertainty. Throughout the description of the method and the illustrative 

examples presented there, we proposed to ‘close the loop’ once, considering new information to become available at one 

observation time. Then, in the examples, we repeated the procedure for several observation times to show how the VOI 

changes in time and to determine which moment in time would be best to collect data (if it were to be collected only once). 
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We also showed there the importance of repeating the workflow for different plausible realizations of the truth, which made 

our procedure very expensive in terms of computational costs. 

In order to assess the VOI of a series of future measurements, we propose here to ‘close the loop’ multiple times, 

repeating the original procedure from Barros et al. (2015) while gradually progressing over the producing life of the reservoir 

in time steps equal to the specified control time intervals. Every time new data become available, the models are history 

matched and the production strategy for the remaining control intervals are updated. Fig. 4 depicts the new workflow for VOI 

assessment of a series of measurements, showing a simple case with 3 control time intervals only. Note that the repetition of 

the procedure for an ensemble of plausible truths also holds here. 

Initially, one might think that this new workflow would be much more computationally demanding than the previous one 

(for a single observation), but, in practice, it is not. Indeed, the assessment of the value of a series of future measurements 

implies repeating all the steps of the methodology through more observation times. However, we consider only one series of 

measurements. Thus, the repetition of history matching and optimization procedures while progressing over the producing 

life of the reservoir requires just as many reservoir simulations as repeating the workflow for a single observation for the 

different observation times, like we did in Barros et al. (2015). Regarding the repetition of the procedure for different 

realizations of the truth, the computational cost does not increase either: once a realization 
i

initm  is selected to be the synthetic 

truth, it will play the role of truth throughout the whole producing life of the reservoir in our setting. There is no need to 

consider new plausible truths as we progress over the control time intervals; therefore, the complexity of the procedure does 

not grow. 

 

Fig. 3: VOI assessment workflow proposed. (ti indicates the observation times and T indicates the end time) 

Referring again to our previous paper (Barros et al., 2015), we also showed there that we can adapt the VOI workflow to 

compute the value of clairvoyance (VOC), which means that at some time of the reservoir life-cycle the true reservoir is 

suddenly revealed so we can perform optimization with perfect knowledge of the truth. Because clairvoyance implies perfect 

revelation of the truth, its value represents a ‘technical limit’ to the VOI. The same holds when dealing with a series of 

measurements, with a small difference: in order to make a fair comparison with the VOI, the VOC workflow has to assume 

that we obtain imperfect information while clairvoyance is not yet available. By considering this, the VOC workflow for a 

series of measurements requires data assimilation and robust optimization, which makes it somewhat more complex than the 

original VOC workflow from our previous paper. 

Examples 

Multiple production data (2D five-spot model) 

As a first step to illustrate the proposed VOI workflow, we applied it to a simple reservoir simulation model representing 

a two-dimensional (2D) inverted five-spot water flooding configuration, the same example as in our previous paper from 

which we have taken the following description (Barros et al., 2015). In a 21 × 21 grid (700 × 700 m), with heterogeneous 

permeability and porosity fields, the model simulates the displacement of oil to the producers in the corners by water injected 

in the center; see Fig. 9. Table 1 lists the values of the physical parameters of the reservoir model. We used multiple 

ensembles of N = 50 realizations of the porosity and permeability fields, conditioned to hard data in the wells, to model the 

geological uncertainties. The simulations were used to determine the set of well controls (bottom hole pressures) that 

maximizes the NPV. The economic parameters considered in this example are also indicated in Table 1. The optimization 
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was run for a 1,500-day time horizon. With well controls updated every 150 days, i.e. M = 10 control intervals, and with five 

wells, the control vector u has 50 elements. We applied bound constraints to the optimization variables (200 bar ≤ pprod ≤ 300 

bar and 300 bar ≤ pinj ≤ 500 bar). The initial control values were chosen as mid in-between the upper and lower bounds. The 

whole exercise was performed in the open-source reservoir simulator MRST (Lie et al., 2012), by modifying the adjoint-

based optimization module to allow for robust optimization and combining it with the EnKF module to create a CLRM 

environment for VOI analysis. The average NPV for the initial ensemble is $ 53.5 million when using base line control (fixed 

mid in-between-bounds bottom hole pressures: 400 bar in the injector and 250 bar in the producers) and $ 55.7 million when 

using robust optimization over the prior (i.e. without additional information). The workflow was applied for a series of 

observation times, tdata = {150, 300, … , 1350} days. For this 2D model we assessed the VOI of the production data (total 

flow rates and water-cuts) with absolute measurement errors (ԑflux = 5 m³/day and ԑwct = 0.1). The VOI, the VOC, and the 

spread of the ensemble in terms of NPV σNPV were computed for each of the nine observation times. 

 

Fig. 4: 2D five-spot model (left); 15 randomly chosen realizations of the uncertain permeability field (right). 

TABLE 1: PARAMETER VALUES FOR 2D FIVE-SPOT MODEL. 

Rock-fluid parameters Initial conditions 

ρo = 800 kg/m
3
 p0 = 300 bar 

ρw = 1,000 kg/m
3
 Soi = 0.8 [–] 

μo = 0.5 cP Swi = 0.2 [–] 

μw = 1 cP   

no = 2 [–] Economic parameters 

Sor = 0.2 [–] ro = 80 $/bbl 

kro,or = 0.9 [–] rwp = 5 $/bbl 

nw = 2 [–] rwi = 5 $/bbl 

Swc = 0.2 [–] b = 0.15 [–] 

krw,wc = 0.6 [–]   

Fig. 5 depicts the results of the analysis for production data. The dashed lines represent the expected values, i.e. the 

ensemble mean. The dark solid lines and the lighter solid lines correspond to the P50 and P10/P90 percentiles respectively. 

Here, Px is defined as the probability that x % of the outcomes exceeds this value. The markers correspond to the observation 

times at which the analysis was carried out. In Fig. 5 (top left) we can observe that clairvoyance loses value with observation 

time, following the stepwise behavior that we also found in Barros et al. (2015). In addition, by observing the percentiles, we 

realize that, in this example, the VOC has a non-symmetric probability distribution. The high values of P10 indicate that, for 

some realizations of the truth, knowing the truth can be considerably more valuable than indicated by the expected VOC; 

however, the P50 values, which are always below those of the expected VOC, indicate what is more likely to occur. The same 

holds for the VOI, as can be observed in Fig. 5 (top right). The first observation (at tdata = 150 days) shows already a 

significant VOI, but, as expected, this value builds up in time as more observations are incorporated to the models. Note that 

in our example the earliest observation seems to be the most valuable one and that the incremental values for the following 

observations are relatively small, but that this may be case-specific. 

Fig. 5 (bottom) shows how the spread of the ensembles of realizations changes as we progress ‘closing the loop’ over 

time. We express this spread as the standard deviation of the predicted NPV of the ensemble. Note that, because of the 

repetition of the procedure for different plausible truths, this spread is also a random variable. The initial uncertainty is 
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NPV,ini = $ 4.1 million, computed as the average of the standard deviations in the NPV of the different prior ensembles. We 

observe that this spread reduces significantly as the first observations are assimilated, but that later on it reaches a point from 

which it does not change any more. 

Fig. 6 (left) depicts the expected values of VOI (blue dots) and VOC (black line), and Fig. 6 (right) shows the same 

results using a different scale of the vertical axis. The plots confirm that clairvoyance can be considered the technical limit for 

any information gathering strategy and that the expected VOC forms an upper-bound to the expected VOI. Here, we can see 

more clearly that the VOC indeed decreases and that the VOI increases in time. However, the decrease of VOC over time is 

less significant than what we observed in the previous paper, because here we history match the models with production data 

while clairvoyance is not yet available. We also note that the expected VOC and expected VOI converge to the same value at 

the last observation time (tdata = 1350 days), because after this point there are no controls left to be re-optimized, which means 

it is too late to benefit from clairvoyance. Fig. 6 also illustrates that collecting production data over the producing life of this 

reservoir is worth (on average) approximately $ 3.02 million, which represents a gain of 5.4% compared to relying on prior 

knowledge to operate the field. 

 

Fig. 5: Results for the VOI analysis of production data in the 2D model: VOC (top left); VOI (top right); ensemble spread in terms of 
NPV (bottom). 

 

Fig. 6: Results for the 2D model: the expected VOI is upper-bounded by expected VOC (left); same results plotted using a different 
scale of the vertical axis (right). 

Multiple oil rates measurements 

Next, we repeated the VOI analysis for the same case, but with more limited production data by considering oil rate 

measurements only (for the same 2D model and with an absolute measurement error ԑoil = 5 m³/day). By comparing the 
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results with the previous example (total flow rate + water-cut measurements), we can have an idea of the additional value of 

also collecting accurate water production data. 

Fig. 7 (left) depicts the expected values of the VOI for the measurements from the previous example (blue dots) and for 

oil rate measurements only (red dots), and Fig. 7 (right) shows the same results using a different scale of the vertical axis. We 

observe that measuring oil rates only is less valuable than collecting information of total rates and water-cuts, which is an 

expected result. We also note a difference compared to the previous example: when assimilating multiple oil rate 

measurements at different times, the value does not increase monotonically; see Fig. 7 (right). The decrease around tdata = 300 

days can be attributed to the fact that, at low water-cuts (immediately after water breakthrough time in the producers), oil rate 

measurements are not capable of detecting the presence of water and, therefore, they are not as effective as the water-cut 

observations in revealing the uncertainties considered here. As a matter of fact, around 300 days, most of the realizations 

have just observed first water breakthrough. Finally, by comparing the values of the last points (tdata = 1350 days), we 

estimate that the additional value of collecting reasonably accurate water-cut measurements (10% error) rather than just oil 

rates is (on average), for this case, approximately $ 300,000, which represents an increase of 1.1% in terms of NPV. 

 

Fig. 7: Results for the 2D model: the expected VOI of total flow rate and water-cut measurements (blue) and oil rate measurements 
only (red) (left); same results plotted using a different scale of the vertical axis (right). 

Value of an interpreted time-lapse seismic survey (water front tracking ‘measurements’) 

We have taken two approaches to assess the value of an interpreted time-lapse seismic survey. In the first one, we simply 

repeated the procedure from our previous paper (Barros et al., 2015) but using the water front tracking ‘measurements’ from 

Leeuwenburgh and Arts (2014) described in the Background section. The methodology for the distance reparametrization of 

detected water fronts was available in a modified version of the EnKF module for MRST. Once again, we used the same 2D 

reservoir model from the previous examples, and we adopted an absolute measurement error ԑdst = 1 [–], which refers to an 

error of 1 gridblock when detecting the water fronts. Following the workflow from Barros et al. (2015), we were able to 

estimate the VOI of these new ‘measurements’ at different observation times (if they were to be collected only once). Fig. 8 

(top left) and Fig. 8 (bottom left) depict the results for this analysis, showing that these ‘measurements’ are valuable if 

available at early times, but not so much at later times. This is an expected result. However, by doing the analysis this way, 

we are actually assessing the VOI of the time-lapse seismic survey by comparing the value of acquiring a new seismic survey 

with the value of relying on prior knowledge only (not collecting any additional data throughout the producing life of the 

reservoir), which does not seem to be a realistic practice. Given the economic costs, an oil company will only consider 

paying to shoot a new seismic survey to monitor a reservoir if it has already decided to invest in sensor deployment to collect 

production data, which is a much cheaper option. 

In order to make a more realistic analysis, in our second approach to assess the VOI of such ‘measurements’, we propose 

to assume that the time-lapse seismic survey is acquired in addition to the series of production data measurements considered 

in our first example. Thus, we applied the proposed workflow to analyze the VOI of assimilating production data at multiple 

observation times tprod = {150, 300, … , 1350} days together with a single water front tracking ‘measurement’ at time tseismic. 

Then, we considered the VOI obtained after all the observations have been assimilated (at tdata = 1350 days) and compared it 

to the same value (at tdata = 1350 days) obtained in our first example (in which the models were history matched with the 

production data only). Finally, we repeated the analysis for different moments in time to shoot the seismic: tseismic = 150 days, 

tseismic = 300 days, … , tseismic = 1350 days. The results obtained with this second approach are depicted in Fig. 8 (top right) 

and Fig. 8 (bottom right). For this example acquiring a single seismic survey, in addition to performing multiple production 

measurements, does only results in an incremental VOI of, at maximum, $ 40,000 (for a survey shot at tseismic = 450 days). 

(Note that, as in all examples, this is the VOI without accounting for the costs of acquiring the data.) Apparently the 

production data already provide sufficient information in this case. 
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Fig. 8: Results for the 2D model: VOI of interpreted 4D seismic data (at a single moment in time) without performing production 
measurements (top left: mean and percentiles; bottom left: mean only). Incremental VOI of interpreted 4D seismic data (at a single 
moment in time) in combination with performing production measurements (at multiple observation times) (top left: mean and 
percentiles; bottom left: mean only). 

Conclusion 

We extended the work from our previous paper to create a new workflow that allows the VOI assessment of a series of 

future measurements. The method uses elements available in the CLRM framework, such as history matching and robust 

optimization. First, we identified the opportunity to combine these elements with concepts of information value theory to 

create a VOI analysis instrument. We then designed a generic procedure that can, in theory, be simply implemented in a 

variety of applications, including our optimal reservoir management problem. Next, the workflow was illustrated with two 

examples and the results were analyzed. In the third example, we illustrated the additional value of a time-lapse seismic 

survey, which, however, in our example was limited because apparently the production data were already substantially 

informative. We believe that our proposed workflow is a complete methodology to estimate the VOI in a CLRM context 

because we take into account that the production strategy is updated periodically after new information has been assimilated 

in the models. However, the computational complexity of the method is, at present, prohibitively large. Future work will be 

required to reduce the computational load, e.g. through the use of proxy models or reduced-order modeling, to allow for the 

application to real field cases. 
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