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Abstract 

In spite of large uncertainties in the actual reservoir structure, structural parameters of a reservoir model are usually fixed 
during history matching and only the flow properties of the model are allowed to vary. This often leads to unlikely or even 
unfeasible property updates and possibly to a poor predictive capability of the model. In those cases it may be expected that 
updating of the structural parameters will improve the quality of the history match. Preferably such structural updates should 
be implemented in the static (geological) model, and not just in the dynamic (flow) model. In this paper we use a gradient-
based history matching method to update structural properties of the static model. We use an adjoint method to efficiently 
compute the derivatives of the data mismatch with respect to grid block porosities in the dynamic model and convert the 
corresponding volume changes to structural updates (layer thicknesses) in the static model. This method is suitable for 
structural updating of large scale reservoir models using production data and/or time-lapse seismics or other spatially 
distributed data. The method is tested on a 3D synthetic model, where time-lapse as well as production data have been used to 
update depth of the reservoir’s bottom horizon. We obtained significant improvements in the history match quality and the 
predictive capability of the model. 

1. Introduction  

The objective of history matching is to improve the predictive capacity of a reservoir simulation model through adjusting 
the model parameters until the simulated data match the historical data as closely as possible. In spite of large uncertainties in 
the reservoir structure, in many cases the structural model parameters are fixed during the history matching process and only 
the flow-related properties (e.g. permeability, porosity and net-to-gross ratio) of the model are allowed to vary. This often 
leads to either a poor history match or unlikely (or even unfeasible) parameter updates. Structural uncertainties can 
significantly affect various aspects of the reservoir model such as reservoir bulk volume and well positions and subsequently 
affect the predictive capability of the model (Thore et al., 2002; Seiler et al., 2010). Consequently, updating of the structural 
reservoir parameters by assimilation of production data and time-lapse seismic data has the potential to improve the quality of 
history matched models considerably.  

In typical computerized modeling workflows, the static (geological) model is built based on seismic interpretations, logs, 
cores, outcrop data, and geological insight. Subsequently, because the static model contains millions of grid cells, it is upscaled 
to a coarser grid during export to the dynamic (reservoir flow) model for flow simulations. Thereafter, a set of flow-related 
uncertain reservoir model parameters is identified and then updated using historical data. There are different disadvantages 
associated with this workflow. Most importantly, because of the sequential nature of the approach, the history matched 
reservoir models are often inconsistent with static data and display geologically unrealistic features. Furthermore, in this 
workflow, modeling is typically based on ‘low, medium and high cases’ of static reservoir parameters related to stock tank oil 
initially in place (STOIIP), which are generated before quantifying the dynamic outcomes, such that the flow-related 
uncertainties are not necessary adequately captured. A related issue is that the geological models and the upscaled flow models 
often contain many details that are irrelevant to the flow response.  

In contrast, a ’Big Loop‘ approach can be used to avoid the disadvantages of the traditional modeling workflow. The Big 
Loop approach is an integrated reservoir modeling workflow in which parameter updates are performed in the static model. 
Not only does this ensure more realistic updates, it also facilitates incorporating knowledge from different subsurface 
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disciplines. Moreover, systematic criteria can be derived that help to determine which level of geologic model detail is flow-
relevant or business-decision-relevant. Several authors have proposed such an integrated workflow, (Chierici, 1992; Caers, 
2003; Hamman et al., 2003; Gross et al., 2004; Hoffman et al., 2005; Suzuki and Caers, 2006; Elrafie et al., 2009; Seiler et al., 
2009; Kaleta et al., 2012). In this paper we do not employ a full Big Loop workflow, but, instead, we focus on updating some 
of the structural aspects of the static model. Such an approach to update structural parameters has been addressed in several 
studies before (Rivenæs et al., 2005; Suzuki et al., 2008; Schaaf et al., 2009; Seiler et al., 2010; Skjervheim et al., 2012). 
Rivenæs et al. (2005) generated various fault patterns and ran streamline simulations for the entire set of realizations. Next 
they performed model selection (rather than history matching) by ranking of the models based on the mismatch between 
simulated and measured production data. Suzuki et al. (2008) built a large set of models that covered a wide range of possible 
structural interpretations, and subsequently used stochastic search methods to find those realizations that matched the historical 
production data. Schaaf et al. (2009) presented a workflow that updates both geological and simulation models at the same 
time using two different optimization methods. Synthetic historical production data were assimilated in their workflow. The 
results showed a reduction in the objective function value (i.e. the averaged mismatch between historic and simulated data) but 
the data match was relatively poor. Seiler et al. (2010) proposed a method to handle structural uncertainties in the reservoir 
model and presented a history matching workflow for updating structural model parameters with the ensemble Kalman filter 
(EnKF) through assimilating production data. To represent structural uncertainty an ensemble of top and bottom reservoir 
horizons were generated around a base-case representing the most-likely interpretation. The vertical positions of points at the 
top and bottom horizons were considered as the uncertain parameters which were included in an augmented state vector and 
updated using the EnKF method. Skjervheim et al. (2012) introduced an integrated workflow in the form of a consistent 
modeling chain from depth conversion to flow simulation. They also represented the uncertainty with an ensemble of 
realizations and used various ensemble-based assisted history matching methods such as the ensemble smoother and the EnKF. 
Leeuwenburgh et al. (2011) also demonstrated the feasibility of an integrated work flow for structural parameter updating 
using the EnKF. 

Although, the EnKF is an efficient method for structural surface updating, it has a number of drawbacks. The ensemble and 
ensemble size in the EnKF need to be selected carefully such that uncertainty is sufficiently captured. In addition, to avoid 
high computational costs, a relatively small ensemble is generally chosen, i.e., the number of ensemble members (typically 
hundred) is small compared to the number of unknown parameters (typically in the order of the number of grid blocks). The 
assimilation of large amounts of data (e.g. as resulting from time-lapse seismic) with relatively small ensembles could lead to 
spurious correlations which may lead to unphysical updates of state variables and/or model parameters, see e.g. Aanonsen et 
al. (2009), or Oliver and Chen (2011). Gradient-based history matching is an alternative for structural updating, which does 
not suffer from these drawbacks.  

In the studies cited above, only production measurements were assimilated in the history matching workflow. Production 
data provide localized spatial information about the area around the well locations and only very limited and averaged 
information about the regions in-between the wells. Consequently, the production data often contain insufficient information 
for history matching of large-scale structural parameters. On the other hand, time lapse seismic data can provide information 
on the areal distribution of pressure and saturation changes due to fluid production or injection. Hence, assimilation of time-
lapse seismic data to estimate the structural parameters can result in more reliable results, see, e.g., Gosselin et al. (2001) or 
Van Essen et al. (2012). This paper proposes an assisted history matching workflow for structural parameter updating by 
assimilating time-lapse seismic data and/or production data with a gradient-based history matching method. The methodology 
is explained in the next section. Thereafter we present and discuss the results of three ‘twin experiments’ in which the method 
is tested with the aid of synthetic data. 

2. Methodology  

2.1. Adjoint Method for History Matching of Structural Models  

Gradient-based history matching is an iterative procedure in which the update of the uncertain parameters is determined 
with the aid of the gradient vector (i.e. the vector of derivatives) of the mismatch objective function with respect to the 
uncertain parameters. Typically many iterations are required, and therefore it is essential to choose an efficient way to 
calculate the gradients. The gradients can be calculated either analytically or numerically. Methods that use numerical 
gradients are easy to implement but are computationally inefficient, especially when there is a large number of parameters. In 
the most time-consuming, deterministic, numerical variety one reservoir simulation is required for each uncertain parameter. 
In stochastic numerical approaches, this number can be somewhat reduced but still becomes prohibitively large for realistically 
sized reservoir models. On the other hand, methods that use analytical gradients, and in particular the adjoint method, are 
computationally much more efficient. The computational cost of the adjoint method depends on the number of objective 
functions and not on the number of variables, because this method provides the gradients of a given objective function with 
respect to all implemented variables by running a small number of simulations. Hence, among the existing methods for 
calculating gradients, the adjoint method is the most efficient one. The major disadvantage of the method is the significant 
amount of programming that is required to implement it in a reservoir simulation code. The adjoint method was first used for 



SPE 163586  3 

history matching by Chen et al. (1974) and Chavalas et al. (1975), and thereafter refined by many authors. For detailed 
overviews, see the book of Oliver et al. (2008) or the review paper by Oliver and Chen (2011). In this study we propose to use 
the adjoint-method in a Big Loop approach for history matching of structural parameters. 

2.2. Workflow 

We use an in-house reservoir simulator with adjoint-functionality (Kraaijevanger et al., 2007). The simulator can provide 
the gradient of a mismatch function with respect to grid block parameters (e.g. permeabilities or porosities). However, in order 
to use gradient information for structural parameter updating we need to integrate static and dynamic modeling. To this end we 
use a Big Loop workflow in which the in-house dynamic simulator is coupled to commercial geological modeling software 
(Kaleta et al., 2012). In this workflow all the uncertain parameters are defined in the static domain. After constructing one or 
more static realizations these are exported to the dynamic domain for reservoir flow simulation, typically after an upscaling 
step (although the latter is not needed for the example described below). If there is a significant mismatch between the 
dynamic simulation results and the historical data, the gradients of the mismatch objective function with respect to dynamic 
grid block parameters are then used to update the static model parameters as will be discussed in detail below. The workflow is 
shown schematically in Fig. 1.  

Start

Build static model

Simulated data = 
measured data?

Production data & 
Interpreted time-
lapse seismic data

Done

N

Y

(Perform upscaling)

Run dynamic model Calculate gradients

Update structural 
parameters

 
 

Fig. 1. Workflow for gradient-based history matching of structural parameters in the static model. Note: upscaling is not performed in 
our examples. 

2.3. Parameterization  

Structural uncertainties may result from different sources such as migration, picking, and time-to-depth conversion errors 
(Thore et al., 2002). Here we assume that the depths of the top and bottom reservoir horizons are the major uncertainties in the 
static model, which results in an uncertainty in reservoir thickness. Moreover, in this study the top surface of the reservoir is 
fixed such that the uncertainty in reservoir thickness is due to the uncertainty in the reservoir bottom depth only. Hence, the 
reservoir bottom depth is used as history matching parameter. Unfortunately, gradients with respect to grid block hights are not 
available from our simulator, but gradients with respect to grid block porosity, summed over the hight of the reservoir, can be 
interpreted as indications of where the reservoir hight, and thus the bottom depth, needs to be adapted. 

2.4. Mismatch Objective Function  

We apply the following objective function to represent the averaged mismatch between between historical and simulated 
data: 

        1 ,
T

J   φ d h φ P d h φ  (1) 

where d is a vector of measured data, h() is a vector of simulated data,  is a vector of grid block porosities, and P is a square 
positive semi-definite matrix of weight factors which is often chosen as the measurement error covariance matrix. Note that we 
do not use a prior term. We aim to assimilate production measurements as well as time-lapse seismic data, where we assume 
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that the time lapse seismic results are available in the form of interpreted saturations. Hence, we use two different objective 
functions: one defined as the mean squared difference between observed and simulated production data, and one defined as the 
mean squared difference between observed (i.e. interpreted) and simulated grid block saturations. The gradient of the objective 
function is defined as the column vector containing the partial derivatives of J with respect to the components of the uncertain 
grid block porosities: 
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where n is the number of grid blocks in the dynamic reservoir model. 

2.5. Structural Model Updating 

The gradient of the objective function is calculated by the adjoint method in the dynamic simulator. Subsequently this 
gradient information is used to update the position of the reservoir bottom horizon by converting the gradient with respect to 
porosities to a gradient with respect to bottom depths defined as 
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where b is a vector of reservoir bottom depths, and m is the number of grid blocks in the bottom layer of the reservoir model. 
Using a simple volume balance the relation between the gradients is given by 
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where Δhk is the hight of grid block k, and K is the number of gridblocks over the hight of the reservoir. In our implementation 
we simply use only the porosity gradients for the bottom layer of grid blocks such that K = 1. We used a simple steepest 
descent method to update the bottom depth values, i.e. the vertical coordinates (with positive axis pointing downwards) at the 
centers of the grid blocks in the bottom layer of the reservoir model: 

 1 ,
T

j j

j

J      
b b

b
 (5) 

where the positive scalar  is a fixed step length, and j is an iteration counter. The reservoir thickness at the grid blocks 
corresponding to the well locations is assumed to be known, such that the gradients in those grid-blocks are zero.  

3. Results and Discussions 

3.1. Twin Experiments 

We performed three ‘twin experiments’, using the same ‘truth model’ (used to generate synthetic data) but two different 
uncertain prior models. The first two experiments involved the assimilation of production data, while in the last one we 
assimilated time lapse seismics. 

3.1.1. Truth Model 

The ‘truth model’ represents a simple three dimensional reservoir with three layers: an impermeable shale layer in between 
permeable top and bottom zones; see Fig. 2. The average reservoir thickness is 65 m, the average depth is 4100 m, the water-
oil-contact is located at 4085 m and the STOIIP is 1.14 × 108 bbl. The initial water saturation is 0.1 and the initial reservoir 
pressure is 40 MPa at the top perforations. The top zone and the bottom zone have a constant permeability of 500 mD and 650 
mD and a constant porosity of 0.15 and 0.2 respectively. Corey-type relative permeabilities are used for relperms. The fluid 
properties and Corey exponents are given in Table 1. Eight injectors and four producers, perforated over the entire height of 
the producing layers, are located in the field. Fig. 2 shows the permeability field of the ‘truth model’ together with injector and 
producer locations. The reservoir model contains three layers of grid blocks with a total number of grid blocks equal to 3888. 
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TABLE 1 - FLUID PROPERTIES AND COREY EXPONENTS 
Property Value Unit 

ρw 1009 Kg/m3

ρo 880 Kg/m3 
μw 1×10-3 Pa.s 
μo 4×10-3 Pa.s 
Swc  0.2 - 
Sor 0.1 - 
k0

rw 0.9 - 
k0

ro 0.8 - 
nw 3 - 
no 4.75 - 

 
At the start of production the injectors operate at a constant flow rate of 300 m3/day and the producers at a bottom hole 

pressure of 39 MPa at the top perforations, i.e. 1 MPa below the reservoir pressure. This ‘truth model’ is used to create 
synthetic production data over a period of 12 years. The measurements (oil rate, water rate per well) are taken monthly. After 
eight years of production one seismic survey is conducted. Interpreted time-lapse seismic data is represented as saturation 
changes per grid block. Fig. 3 shows the oil saturation in the bottom layer of the truth model after eight years of production. 
No measurement errors are added to the data. 

 
Fig. 2. The ‘truth model’ permeabilities. Seven injectors are placed around the field and one in the center. Four producers are located 
in central part of the field. The transparent plane indicates the cross section corresponding to Figs. 4 and 5. 

 

 
 

Fig. 3. Oil saturation in the bottom layer of the ‘truth model’ after 8 years of production. 

3.1.2. Prior Models 

In this study, the true bottom horizon is assumed to be unknown. The bottom horizon of the prior models is obtained by 
stochastic manipulation of the bottom horizon of the ‘truth model’. Two different prior models are chosen: prior #1 represents 
a reservoir structure that is relatively close to the truth model, and prior #2 a structure that displays significant differences 
compared to the truth. All remaining parameters in the prior models are chosen identical to those of the ‘truth model’ and 
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assumed to be known. Fig. 4 and Fig. 5 show cross sections of the prior models and the ‘truth’ for prior #1 and prior #2 
respectively. The blue line represents the bottom of the ‘truth model’, the red line represents the bottom of the prior model, and 
the black line represents the top of the bottom layer (i.e. the bottom of the shale layer).  

 
Fig. 4. A cross section of the ‘truth model’ and prior #1. This prior is close to the truth. Red represents the bottom of the prior model, 
blue represents the bottom of the truth, and the black represents the bottom of the shale layer.  

 
Fig. 5. A cross section of the truth model and the prior #2. This prior is significantly different from the truth. Red represents the 
bottom of the prior model, blue represents the bottom of the truth, and the black represents the bottom of the shale layer.  

3.2.  Experiment #1: Assimilation of Production Data Starting From Prior #1 

In the first twin experiment the history match is performed starting from prior #1 by assimilating production data. We did not 
use any scaling of the data (i.e. P = I). After some trial and error we selected a step size  = 7.5×10-4 m2, while a relative 
convergence of 0.005 was used a stopping criterion. Fig. 6 shows the convergence of the objective function after eleven 
iterations.  

 
Fig. 6. Mismatch objective function for experiment #1. 

Fig. 7 depicts a cross section of bottom horizons of the ‘truth model’ (blue), the prior model (red) and the updated model 
(green) after eleven iterations. Fig. 8 depicts the prior and updated residual maps of the bottom horizon, where the residual is 
defined as the difference in depth between the ‘truth’ and the model. The colors represent the residuals (in m) and the contour 
lines indicate the shape of the true bottom horizon (without scale). The black line indicates the cross section corresponding to 
Fig. 7. In this experiment, which starts from a prior that is close to the truth, updating the reservoir bottom depth by 
assimilation of production data leads to an improved posterior.  
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Fig. 7. Cross section through the bottom layer of the reservoir for experiment #1. Blue represents the truth, red represents prior #1, 
and green represents the updated model. 

 
Fig. 8. Prior (left) and updated (right) residual maps for experiment #1. Colors represent the residuals in m. Contour lines indicate the 
true bottom depth (without scale). 

3.3.  Experiment #2: Assimilation of Production Data Starting From Prior #2 

Experiment #2 involves the assimilation of production data starting from prior #2 which is further from the truth than prior  #1. 
With a step length  = 7.5×10-6, the objective function converged after 50 iterations but did not show a large drop in value; see 
Fig. 9. Note that the small increase in the objective function value in 21st iteration is due to the fact that we used a fixed step 
length without line search. The updated model does not show a good match with the truth; see Fig. 10. The same message is 
conveyed by Fig. 11 which depicts the prior and updated residual maps of the bottom horizon. Except for minor changes close 
to some of the well locations (myprod3, myprod4 and myinj4), the updated model has not changed significantly with respect 
to the prior model. This example illustrates that production data often do not contain enough information to reduce 
uncertainties in areas that are not in the immediate vicinity of the wells, and that the results of history matching using 
production data are dependent on the quality of the prior model. 

 
 

Fig. 9. Mismatch objective function for experiment #2. 
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Fig. 10. Cross section through the bottom layer of the reservoir for experiment #2. Blue represents the truth, red represents prior #2, 
and green represents the updated model. 

 
Fig. 11. Prior (left) and updated (right) residual maps for experiment #2. Colors represent the residuals in m. Contour lines indicate 
the true bottom depth (without scale). 

3.4. Experiment #3: Assimilation of Time-Lapse Seismic Data Starting From Prior #2 

Just like experiment #2, experiment #3 starts from the ‘poor’ prior #2, but now involves the assimilation of time-lapse 
seismic data instead of production data. The step length is chosen as  = 3.5 and after 30 iterations the value of the objective 
function is reduced by a factor of ten; see Fig. 12. 

 
Fig. 12. Mismatch objective function for experiment #3. 

Fig. 11 depicts the prior and updated depths of the bottom horizon and Fig 14 the corresponding residual maps. In contrast 
with the previous example, history matching of the bottom horizon by assimilation of time-lapse seismic data results in an 
acceptable mismatch objective function value as well as a good match between the updated model and the truth. 
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Fig. 13. Cross section through the bottom layer of the reservoir for experiment #3. Blue represents the truth, red represents prior #2, 
and green represents the updated model. 

 
Fig. 14. Prior (left) and updated (right) residual maps for experiment #3. Colors represent the residuals in m. Contour lines indicate 
the true bottom depth (without scale). 

Fig. 15 depicts the oil flow rates of each of the four production wells during 15 years of production for experiment #3. 
Production starts in 2004 and after eight years, in 2012, a time lapse seismic survey is conducted and the interpreted results are 
assimilated. The curves thereafter represent predictions of the future oil production. It can be observed that not only the 
simulated oil flow rates of the updated model are in a good agreement with the measured rates, but that also the predicted flow 
rates are much closer to the truth than those simulated with the prior model. 

4. Discussion 

In this study the uncertain parameters are updated without constraints. Moreover, the objective function does not contain a 
term that penalizes deviations from the prior parameter values, as is required in a Bayesian framework (see e.g. Oliver et al. 
2008). Such a penalty term makes the problem well posed, restricts the parameter updates to values that keep the posterior 
values not too far from the prior values, and generally increases the smoothness of the results. For our examples, we expect 
that including a penalty term would lead to somewhat smoother updates but not to essentially different conclusions. 

Assimilation of production data to update the bottom depth of prior #2 showed that production data do not provide 
sufficient information for reliable updates away from the wells whereas time lapse seismics provides much more spatially 
distributed information, leading to improved updates and improved predictions. Similar conclusions, but then for updating 
flow properties instead of structural properties have been reported before, see e.g. Walker and Lane (2007). 
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Fig. 15. Oil flow rates of each of the four production wells for experiment #3. Red curves represent the rates of the prior model 
simulation, blue curves represent the rates of the updated model, and black curves represent the true rates. The vertical dashed line 
indicates the moment that the history match is performed. 

5. Conclusions 

In this study we proposed a new method for updating uncertain structural reservoir parameters by combining static and 
dynamic reservoir models in a ‘big loop’ history matching workflow using gradient-based history matching. In particular we 
assumed the parameters defining the bottom horizon of the static reservoir model to be uncertain and updated them by 
assimilation of production data or time-lapse seismic data using the adjoint method. We tested the method on three simple 3D 
synthetic examples in which the bottom depth was the only uncertain parameter while the measurements were assumed to be 
error free. We conclude that for these examples 

 The adjoint method is a computationally efficient method for history matching of the structural model parameters. 
 Gradients of the mismatch objective function with respect to grid block porosities can serve as an acceptable 

approximation for gradients with respect to bottom depths and can thus be used to update the reservoir thickness.  
 Production data contain mostly localized information from the near-well bore area and are therefore of limited value 

to update structural reservoir parameters in areas away from the wells. As a result the updated results are strongly 
dependent on the prior model. 

 Time-lapse seismic data (in the form of interpreted saturations) contain much more spatially distributed information 
and are therefore a much better source of information to update structural reservoir parameters in areas away from the 
wells. 

 Updating the structural parameters of the static reservoir model significantly improves the predictive capacity of the 
correspondingly updated dynamic reservoir model. 

Further work is required to asses the wider validity of these conclusions, in particular for situations where more uncertain 
parameters are considered and where the data contain significant measurement errors. 
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6. Nomenclature 

 b = grid block vertical position (depth) in the bottom layer of the reservoir model, L, m 

 b = vector of grid block vertical positions (depths) in the bottom layer of the reservoir model, L, m 

 d = vector of measured data, L-1m t-2, Pa (pressures), or L3 t-1, m3/s (flow rates), or dimensionless (saturations) 

 Δh = grid block hight, L, m 

 h = vector of simulated data (dimensions equal to those of d) 

 J = mismatch objective function, dimensionless 

 K = number of gridblocks over the hight of the reservoir, dimensionless 

 n = number of grid blocks in the reservoir model, dimensionless 

 m = number of grid blocks in the bottom layer of the reservoir model, dimensionless 

 P = positive semi-definite matrix denoting the relative importance and correlation between the entries of d 

     (dimensions equal to those of of d squared) 

  = step length in steepest descent algorithm (dimensions equal to those of b squared) 

  = grid block porosity (dimensionless) 

  = vector of grid block porosities (dimensionless) 

7. Acknowledgment 

This research was carried out within the context of the Recovery Factory program, a joint project of Shell Global Solutions 
International and Delft University of Technology. 

8. References 

Aanonsen, S., Nævdal, G., Oliver, D., Reynolds, A. and Valles, B. 2009. The Ensemble Kalman Filter in Reservoir Engineering--a Review. 
SPE J. 14(3): 393-412. DOI: 102118/117274-PA 

Caers, J. 2003. History Matching Under Training-Image-Based Geological Model Constraints. SPE J. 8(3): 218-226. DOI: 10.2118/74716-
PA 

Chavent, G., Dupuy, M. and Lemonnier, P. 1975. History Matching by Use of Optimal Theory. SPE J. 15(1): 74-86. DOI: 10.2118/4627-pa 
Chen, W. H., Gavalas, G. R., Seinfeld, J. H. and Wasserman, M. L. 1974. A New Algorithm for Automatic History Matching. SPE J. 14(6): 

593-608. DOI: 10.2118/4545-pa 
Chierici, G. L. 1992. Economically Improving Oil Recovery by Advanced Reservoir Management. J. Petrol. Sci. Eng. 8(3): 205-219. DOI: 

10.1016/0920-4105(92)90034-X. 
Elrafie, E., Agil, M., Abbas, R., Idroos, B. and Colomar, F. M. 2009. Innovated Simulation History Matching Approach Enabling Better 

Historical Performance Match and Embracing Uncertainty in Predictive Forecasting. Paper 120958-MS presented at the 
EUROPEC/EAGE Conference and Exhibition, Amsterdam, The Netherlands, 8-11 June. DOI: 10.2118/120958-MS 

Gosselin, O., Berg, S. v. d. and Cominelli, A. 2001. Integrated History-Matching of Production and 4D Seismic Data. Paper SPE 00071599 
presented at the SPE Annual Technical Conference and Exhibition, New Orleans, Louisiana, 30 September-3 October 2001. DOI: 
10.2118/71599-ms 

Gross, H., Thiele, M., Alexa, M., Caers, J. and Kovscek, A. 2004. Streamline-Based History Matching Using Geostatistical Constraints: 
Application to a Giant, Mature Carbonate Reservoir. Paper 90069-MS presented at the SPE Annuak Technical Coference and 
Exhibition, Houston, Texas, 26-29 September. DOI: 10.2118/90069-MS 

Hamman, J., Buettner, R. and Caldwell, D. 2003. A Case Study of a Fine Scale Integrated Geological, Geophysical, Petrophysical, and 
Reservoir Simulation Reservoir Characterization with Uncertainty Estimation. Paper SPE 84274-MS presented at the SPE Annual 
Technical Conference and Exhibition Denver, Colorado, 5-8 October. DOI: 10.2118/84274-MS 

Hoffman, B., Wen, X. H., Strebelle, S. and Caers, J. 2005. Geologically Consistent History Matching of a Deepwater Turbidite Reservoir. 
Paper SPE 95557-MS presented at the SPE Annual Technical Conference and Exhibition, Dallas, Texas, 9-12 October. DOI: 
10.2118/95557-MS 

Kaleta, M., Van Essen, G., Van Doren, J., Bennett, R., van Beest, B., Van Den Hoek, P., Brint, J. and Woodhead, T. 2012. Coupled 
Static/Dynamic Modeling For Improved Uncertainty Handling. Paper SPE 154375-MS presented at the SPE EUROPEC/EAGE 
Annual Conference, Copenhagen, Denmark, 4-7 June. DOI: 10.2118/154400-MS 

Kraaijevanger, J. F. B. M., Egberts, P. J. P., Valstar, J. R. and Buurman, H. W. 2007. Optimal Waterflood Design Using the Adjoint Method. 
Paper SPE-105764 presented at the SPE Reservoir Simulation Symposium, Houston, Texas, U.S.A., 26-28 February 2007. DOI: 
10.2118/105764-MS 

Leeuwenburgh, O., Peters, E. and Wilschut, F. 2011. Towards an Integrated Workflow for Structural Reservoir Model Updating and History 
Matching. Paper SPE-143576 presented at the SPE EUROPEC/EAGE Annual Conference and Exhibition, Vienna, Austria, 23-26 
May 2011. DOI: 10.2118/143576-MS 

Oliver, D. S. and Chen, Y. 2011. Recent Progress on Reservoir History Matching: a Review. Comput. Geosci. 15(1): 185-221. DOI: 
10.1007/s10596-010-9194-2 

Oliver, D. S., Reynolds, A. C. and Liu, N. 2008. Inverse Theory for Petroleum Reservoir Characterization and History Matching.  
Cambridge University Press, Cambridge. 



12  SPE 163586 

Rivenæs, J. C., Otterlei, C., Zachariassen, E., Dart, C. and Sjøholm, J. 2005. A 3D Stochastic Model Integrating Depth, Fault and Property 
Uncertainty For Planning Robust Wells, Njord Field, Offshore Norway. Pet. Geosci. 11(1): 57-65. DOI: 10.1144/1354-079303-
612 

Schaaf, T., Coureaud, B. and Labaune, F. 2009. Joint Structural and Petrophysical History Matching Leads to Global Geological Stochastic 
Reservoir Models. Paper SPE 121899-MS presented at the EUROPEC/EAGE Conference and Exhibition, Amsterdam, the 
Netherlands, 8-11 June. DOI: 10.2118/121899-MS 

Seiler, A., Aanonsen, S., Evensen, G. and Rivenæs, J. 2010. Structural Surface Uncertainty Modeling and Updating Using the Ensemble 
Kalman Filter. SPE J. 15(4): 1062-1076. DOI: 10.2118/125352-PA 

Seiler, A., Evensen, G., Skjervheim, J. A., Hove, J. and Vabø, J. G. 2009. Advanced Reservoir Management Workflow Using an EnKF 
Based Assisted History Matching Method. Paper SPE 118906-MS presented at the SPE Reservoir Simulation Symposium, The 
Woodlands, Texas, USA, 2-4 February. DOI: 0.2118/118906-MS 

Skjervheim, J. A., van Lanen, X., Hulme, D., Røine Stenerud, V., Zachariassen, E., Liu, S., Hove, J. and Evensen, G. 2012. Integrated 
Workflow for Consistent Model Building from Depth Conversion to Flow Simulation - North Sea Field Case. Paper presented at 
the EUROPEC 2012, Copenhagen, Denmark,  

Suzuki, S. and Caers, J. 2006. History Matching With an Uncertain Geological Scenario. Paper SPE 102154-MS presented at the SPE 
Annual Technical Conference and Exhibition, San Antonio, Texas, 24-27 September. DOI: 10.2118/102154-MS 

Suzuki, S., Caumon, G. and Caers, J. 2008. Dynamic Data Integration for Structural Modeling: Model Screening Approach Using a 
Distance-Based Model Parameterization. Comput. Geosci. 12(1): 105-119. DOI: 10.1007/s10596-007-9063-9 

Thore, P., Shtuka, A., Lecour, M., Ait-Ettajer, T. and Cognot, R. 2002. Structural uncertainties: Determination, management, and 
applications. Geophysics. 67(3): 840-852. DOI: 10.1190/1.1484528 

Van Essen, G., Jimenez, E., Przybysz-Jarnut, J., Horesh, L., Douma, S., van den Hoek, P., Conn, A. and Mello, U. 2012. Adjoint-Based 
History-Matching of Production and Time-lapse Seismic Data. Paper SPE 154375-MS presented at the SPE EUROPEC/EAGE 
Annual Conference, Copenhagen, Denmark, 4-7 June. DOI: 10.2118/154375-MS 

Walker, G. J. and Lane, H. S. 2007. Assessing the Accuracy of History-Match Predictions and the Impact of Time-Lapse Seismic Data: A 
Case Study for the Harding Reservoir. Paper SPE-106019 presented at the SPE Reservoir Simulation Symposium, Houston, Texas, 
U.S.A., 26-28 February 2007. DOI: 10.2118/106019-MS 

 

 


	MAIN MENU
	Table of Contents
	Search
	Print

