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The application of optimisation techniques to the 
problem of history matching is often limited by the 
simulation time. This is mainly due to the nature of 
global optimisation methods. Depending on the 
problem statement, they require a multitude of 
simulation runs compared to the number of model 
parameters which are modified in the course of 
the optimisation cycle. The speed and efficiency of 
streamline methods favours the use of 
optimisation techniques to the problem of history 
matching discussed in this work.  

1. Introduction 

The quantification and reduction of risks linked to 
the evaluation of hydro carbon reservoirs defines 
one of the major challenges of the oil and gas 
industry1. For many years, reservoir simulations 
are intensively used for evaluating hydro carbon 
reservoirs, for predicting production volumes and 
for planning production scenarios. Due to an 
increasing complexity of reservoir models and 
long simulation cycles, uncertainty considerations 
are often not sufficiently dealt with. Uncertainties 
are present on all levels, e.g. data acquisition, 
geological and mathematical modelling.  

The scope of this work is to document the 
potential of optimisation techniques linked to a 
streamline simulator. Results will be shown for a 
complex reservoir model12 simulating a heavy-oil 
field, with more than 150 wells and 37 years of 
history. 

Usually limited information on the geological and 
geophysical background of the reservoir is 
available from well tests, seismic surveys, logs 
etc. Applications of reservoir simulations, which 
intend to reproduce measured well production 
data on the basis of unknown model parameters 
define a procedure to solve the inverse problem of 
reservoir modelling. This procedure is often called 
history matching2 and is a basis for developing 
reliable reservoir models. Any solution to the 
problem of history matching is non-unique. A 
variety of models can be generated, which are not 
distinguishable with respect to the reproduction of 
history data, i.e. all models give an acceptable 
history match, but deliver different predictions. 
This model variety will be used as an uncertainty 
measure of prediction runs. For this purpose, 
optimisation methods with the capability to search 
beyond local optima are used3-6. Model simulation 
will be performed by the application of streamline 
techniques. 

2. Methodology 

This chapter describes the principal workflow and 
methodology applied to the problem of history 
matching. The choice of numerical methods 
supporting the process of history matching in 
reservoir engineering much depends on the 
formulation of the problem. Workflow processes 
with application to history matching have been 
discussed in previous publications13,14. 
Irrespective of the available optimisation 
technique, a good understanding of reservoir data, 
existing uncertainties, accuracy of production data 
etc. is a prerequisite for the formulation of the 
optimisation problem. In this work we will focus on 
the optimisation process and one possible 
approach to the quantification of uncertainties 
derived from optimisation results. 

In recent years, the use of streamline simulators 
as an alternative to finite-difference techniques 
has become a more common practise in the oil 
industry to handle large simulation models. When 
assumptions for the application of streamline 
techniques are satisfied, they are extremely 
efficient in particular for fine-scale and full field 
models with a few hundred wells. The accuracy in 
those cases generally compares with results from 
finite difference simulators at much lower 
computing costs7-12. 

Evolutionary Algorithms 
Evolutionary Algorithms are widely used to solve 
complex optimisation problems15,16. They use only 
the objective function value to determine new 
search steps and do not require any gradient 
information from the optimisation problem. 
Therefore they can be used in cases, for which 
gradient information are not available and where 
traditional algorithms fail because of significant 
non-linearities or discontinuities in the search 
space. Evolutionary Algorithms have proven to be 
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robust and easy to adopt to different engineering 
problems.  
The nature of Evolutionary Algorithms is to use 
parallel structures in generating parent-to-child 
sequences. This principal feature can be easily 
transferred to parallel structures of an optimisation 
program allowing parallel computing to be used3. 
The scalability of this methodology will have an 
important effect on the applicability of numerical 
optimisations in case of very time consuming 
simulations. 
Evolution Strategy applied to History Matching 
Evolution Strategies use continuous and discrete 
parameters. In this work continuous parameters 
are general rock properties, e.g. permeabilities, 
porosities etc. Discrete parameters, e.g. can 
describe the position of a fault or a non-
neighbouring connection. Each individual of a 
population is qualified by an objective function 
value. A transition function describes a process of 
transforming a population into a subsequent one 
by applying mutation operators and selection 
criteria. This is described in detail in Ref. 4. 
Objective Formulation 
The difference between the observed values  
and calculated values  defines the quality of 
the history match and is described by the objective 
function Q. Most often a quadratic definition of the 
objective function is used, i.e., 
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summation index i refers in general to all wells, 
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this work prior information is not considered and is 
therefore not added to the objective function of 
Eq.1. The optimisation process in this work is 
defined as a minimisation problem, i.e., 

( ))(: nn xQMinimumxonOptimisati →  .....(2) 
The optimisation method searches for a model 
parameter set  which minimises the objective 
function, Eq.2. 
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Workflow description 
In the process of a history matching project, in 
particular with the support of optimisation 
methods, numerous data sets are generated. For 
review purposes and transparency, workflow 

procedures are recommended. This paper 
concentrates on the technical workflow, which is 
captured in .  Figure 1

Figure 1: Optimisation and uncertainty 
quantification of prediction parameters 

Figure 1
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Initially the notion of a history matched model 
needs to be defined, e.g. any simulated production 
curve, which falls within the error boundaries of 
measured data is regarded as an acceptable 
match, cf. upper left plot in Figure 1. In the course 
of an optimisation cycle, a number of runs are 
generated. Each run is quantified by an objective 
value, cf. upper right plot of . Acceptable 
matches fall below a threshold (dashed line). In 
principal all runs below the threshold line are 
related to different model parameter sets. They 
are indistinguishable with respect to an acceptable 
simulation of history data, however, they could 
potentially differ with respect to production 
forecasts, cf. lower right plot of . A 
distribution of prediction parameters can be 
derived, cf. lower left plot of .  
Streamline Simulation 
Due to convergence properties, the application of 
global optimisation techniques to large full field 
models is often limited by the number of 
simulation runs. A reservoir model described in 
this work satisfies general requirements for the 
application of streamline simulators. This gives a 
strong motivation for the use of these techniques 
as global optimisation methods become 
applicable.  
In brief, streamline-based flow simulation is 
particularly effective in solving large, geologically 
complex and heterogeneous systems, where fluid 
flow is dictated by well positions and rates, rock 
properties (permeability, porosity, and fault 
distributions), fluid mobility (phase relative 
permeabilities and viscosities), and gravity. 
Capillary pressure effects, surface group 
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constraints and expansion-dominated systems, on 
the other hand, are not modelled efficiently by 
streamlines9. 

 
Figure 2: Example for a streamline 

distribution 

Figure 2

In practical terms, the model set up for the 
streamline simulation is similar to the finite 
difference simulator. Input to the simulator is a grid 
model with static properties like porosity and 
permeability values linked to each cell. Initially a 
pressure map is calculated for detecting the 
isobars in the reservoir. The streamlines are then 
traced perpendicular to the isobars from injectors 
to producers. The streamline simulation method 
solves a 3D problem by decoupling it into a series 
of 1D problems, each one solved along a 
streamline. Streamlines connecting an injector-
producer pair can be visualized, cf.  and 
allow the identification of regions that are most 
likely to require modification to achieve a history 
match. The saturations are mapped from the 
underlying grid to the streamlines. For each time 
step the fluid movement along the streamlines are 
calculated. At the end of each time step the actual 
saturations are mapped back to the cells. The 
decoupling of the pressure equations from the 
saturation equations allows a significant speed up 
of the calculation as long as the pressure does not 
need to be updated. 

3. Application 

In this chapter the application of optimisation 
techniques to a large complex full field model is 
described. The reservoir model satisfies basic 
requirements for the application of a streamline 
simulation. Results therefore compare to finite 
difference simulators, whereby speed and 

efficiency of the method reduces the computation 
time of the full field simulation significantly.  
Reservoir description 
The model description is taken from Ref.12  and is 
repeated here for completeness. The model 
describes a heavy-oil field with an oil viscosity of 
about 140 cp. 155 wells were drilled over 37 years 
of history. Water injection was implemented 
sufficiently early so that the field pressure was 
always maintained above the bubble point. Gas 
was at no time present in the reservoir. The first 
drilling campaign during the first six years of field 
production included about half of all wells. The 
second half of all wells were drilled in a campaign 
started in late field life after 27 years. Some 25 
wells were converted from producer to injector 
during field life.  

   
 

 
Figure 3: Field map with number of wells in 
the initial (left) and final production period 
(right) 

The reservoir consists of three main sand bodies, 
each one in weak communication with the other. 
The top structure is long and thin; the middle sand 
is small and discontinuous and the bottom sand 
has a large horizontal extension with an 
underlying water/oil contact (approx. half of the 
layer). 
The simulation model uses corner-point geometry 
grid with 150*375*12 equal to 675.000 cells, of 
which 156.000 are active. To reduce runtime in 
the incompressible streamline model, historical 
data were lumped into yearly intervals, and all 
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wells were produced  under total surface-liquid 
constraints.  
History Match and Optimisation  
Historical surface production rates of all three 
phases (oil, water, gas) were available for all 
wells, but no pressure data. Total oil production 
was about 1.7 MM sm3 of oil, which marks a 
recovery factor of 17% (STOIIP: 9,6 MM sm3). 
Water cut rose to 80% after 13 years and later up 
to 90%. 
Analysis of the production data showed that the 
water production was already well described by 
the base model. In contrast, oil production was too 
low for certain time periods and the general trend 
of the curve was also mismatched for particular 
time periods, cf. . Figure 6
The primary goal of the optimisation was to 
improve the overall oil production rate. Three 
independent regions, referring to the main sands, 
were identified. In order to improve the history 
match, permeability and porosity multipliers were 
introduced for each region. Permeability 
multipliers were used as an exponent to the base 
10, which then was multiplied with the initial 
permeability maps. Porosity multipliers were 
directly multiplied to the porosity maps. In addition, 
the residual oil saturation of the relative 
permeability curve as an end point value was 
adjusted in the course of the optimisation, in order 
to improve the match for the oil production in late 
field life.  
Prior to the optimisation, a sensitivity study 
including all seven model parameters of interest 
was launched to verify their relevance to the 
history match. The objective function was defined 
to include the oil and water production of all 153 
production wells. No particular weights were 
added to the objective contributions, since no 
information was available, which could justify to 
prioritise particular production data, i.e. individual 
wells or time periods. 
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A (2+8) Evolution Strategy was chosen for the 
optimisation. The reduction of the objective value 
in the course of the optimisation has proven the 
efficiency of the optimisation method. The 
practical value of the optimisation, of course, 
much depends on the definition of the objective 
function. Based on the initial definition of the 
objective function including all well data, the 
history match for individual wells has improved. 
However, the field production rate did not 
necessarily change, i.e. the overall history match 
did not improve. This becomes understandable, as 
no emphasis has been attributed to important 

producers in the definition of the objective 
function. The optimisation has been repeated with 
a redefinition of the objective function. The overall 
field production rate for oil and water replaced the 
individual well contributions, i.e. 
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The progress of the objective values as a function 
of iterations is shown in .  Figure 4

Figure 4: Objective Values as a function of 
iterations. Each iteration includes 8 

individual simulation runs. 

 

For the chosen (2+8) Evolution Strategy the initial 
iteration includes two simulation runs. Based on 
mutation and recombination principals 8 further 
simulation runs are derived from the initial two 
parameter sets. Thereafter, a selection process 
again identifies two best runs out of all previous 
runs which are again used for generating 
parameters of the next iteration. In the course of 
the documented optimisation cycle the objective 
value improved by over 40%, starting with an 
objective value of 28 for the initial simulation 
model, cf. Figure 4. 
Two dual processor PCs were used for 
calculation, i.e. four simulation runs were 
processed in parallel which increases the 
efficiency of the methodology significantly. 
Elapsed cpu time per simulation run was approx. 
one hour, excluding the prediction period. 
Results 
In order to verify that the optimisation method has 
scanned large parts of the search space,  
documents the band width of parameter values 
which have been selected during the optimisation 
process. Multiplier values for the base case 
(circles) and the best case (triangles) are also 
shown. 

Figure 5
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Figure 5: Covered search space for all 

design parameters 

The following figure shows the best history match 
as it compares to the measured production data 
and the initial simulation model. In particular the 
final production period has been improved as 
shown in . The production forecast period 
is also plotted.  shows the water 
production which is well matched by all cases.  

Figure 6

Figure 6: Optimised Base Case including 
Production Forecast. Base Case is shown 
in red (dashed curve), the improved match 
is shown in black (solid curve). Measured 

data are given as open circles. 

Figure 7

Figure 7: Water production including 
Production Forecast. Notation as 

above. 

 

History Prediction 

 

 

During the optimisation, several acceptable 
matches were obtained. One primary interest of 
this work was to investigate the variety of 
production forecasts based on several acceptable 
history matches. For this purpose a simplified 
prediction scenario was defined by extrapolating 
the production mechanism from the last year of 
the history period. No separate actions for closing 
down wells in case of water breakthrough were 
considered. The prediction period covered 7 years 
of production. The predicted cumulative oil 
production was simulated along with the history 
period, in order to obtain a full view on the 
dependence of the predicted production quantities 
as a function of objective values, as shown in 

. There is a clear correlation between 
lower objective values and an increase of the 
cumulative oil production, i.e., as the match 
improves, there is a trend to larger cumulative 
production rates. This observation is 
understandable, since the oil production rate in the 
initial model was significantly underestimated.  

History Prediction 

Figure 8

Figure 8

 
Analysis 
An upper threshold for the objective value was 
introduced in order to limit the number of 
considered results. We assume that any match 
with an objective value below the threshold of 20 
(cf. ) defines an acceptable match and 
cannot be distinguished in terms of accuracy. For 
the particular optimisation cycle under discussion, 
this threshold defines a data base of 98 models. 
This data base can be used to analyse model 
parameter distributions as well as the distribution 
of the predicted cumulative oil production. 
 

DGMK-Tagungsbericht 2004-2, ISBN 3-936418-17-9 5



The distribution shows, that acceptable models 
are not constraint to a narrow band width of 
parameter values. In addition, all acceptable 
models are linked to parameter values which are 
remote from the initial base case values, cf. 

.  shows the distribution for the 
predicted cumulative oil production for all 
acceptable models.  

 

Threshold 

Figure 
5 Figure 10

Figure 10: Distribution of predicted 
cumulative oil production 

 

Figure 8: Cumulative Oil Production after 7 
years as a function of the global objective 

value 

Selected distribution functions of multipliers for 
permeability and porosity values in the top sand 
body are shown in Figure 9. 

    

 

Considering all acceptable models which fall 
below the threshold of Figure 8, the cumulative oil 
production rates 7 years after the history period 
are between 1.95 and 2.15 MM sm3. The 
distribution of Figure 10 has a few peaks, which is 
due to the number of runs. It can also be 
interpreted as several most probable results, 
which are all equally eligible.  
The distribution, peak values and variances of 
course depend on the choice of the threshold 
value, which determines, how many models are 
considered. This choice much depends on the 
assessment of the reservoir engineer. 

4. Conclusion 

The 3DSL streamline simulator was successfully 
linked to the Multipurpose Environment for Parallel 
Optimisation (Mepo), in order to extend the 
toolbox for optimising a large reservoir with a 
complex production history and approximately 150 
wells. For the simulation of the full-field model the 
capabilities of streamline simulations were used 
with respect to efficiency and speed compared to 
finite difference simulators. A global optimisation 
method was applied to identify simulation models, 
which generated an acceptable history match. A 
workflow was introduced for the quantification of 

Figure 9: Distribution of permeability and 
porosity multiplier values 
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uncertainties in production forecasts based on all 
acceptable simulation results.  
The method has shown to be well applicable for 
complex full field models. It extends the 
understanding of the model diversity linked to 
simulation results and adds value to the 
quantification of uncertainties for production 
forecasts. 

5. Acknowledgements  

The development of a Multipurpose Environment 
for Parallel Optimisation (Mepo) with applications 
in reservoir simulation has been supported by ENI, 
Hydro, Statoil and Total in terms of a research and 
development project.  
The authors like to thank Marco Thiele from 
Streamsim Technologies Inc. for the delivery of 
3DSL-simulator test licenses used for this work.  
The Multipurpose Environment for Parallel 
Optimisation (Mepo) is further developed in 
collaboration with the Institute of Scientific 
Computing at the Technical University of 
Braunschweig, Germany. This ongoing 
cooperation is partly financed by the 
“Arbeitsgemeinschaft Industrieller 
Forschungsvereinigungen“.  
Conclusions and opinions stated in this paper are 
those of the authors and do not necessarily 
represent those of the partner companies. 

6. References 

1. Floris, F.J.T. et al.: “Comparison of production 
forecast uncertainty quantification methods – An 
integrated study,” Petroleum Geoscience (May 
2001) 587. 

2. Tarantola, A.: Inverse Problem Theory – Methods 
for Data Fitting and Model Parameter Estimation, 
Elsevier, Amsterdam (1987) 

3. Axmann, J.K, Parallel Optimization of Technical 
Systems - Adaptive Evolutionary Algorithms 
Workstation Clusters and Multi-Processor Systems, 
Shaker, Aachen (1999) (in German) 

4. R.W. Schulze-Riegert, J.K. Axmann, O. Haase, D.T. 
Rian, Y.-L. You.: “Evolutionary Algorithms 
Applied to History Matching of Complex 
Reservoirs,” SPE Reservoir Evaluation & 
Engineering (Apr. 2002) 5 (2) 

5. Schulze-Riegert, R., Haase, O., Alkan, H., Pusch, 
G,:”Evolution Strategies and Gradient Methods 
applied to History Matching, Uncertainty Analyses 
and Production Forecasts,” DGMK Spring 
Conference, Celle, Germany, May 25-26, 2002 (text 
in German) 

6. Schulze-Riegert, R., Haase, A. Nekrassov.: 
“Combined Global and Local Optimization 

Techniques Applied to History Matching,” paper 
SPE 79668 prepared for presentation at the SPE 
Reservoir Simulation Symposium held in Houston, 
Texas, U.S.A., 3–5 February 2003 

7. R.P.Batycky, Martin J. Blunt, Marco R. Thiele: A 
3D Field-Scale Streamline-Based Reservoir 
Simulator”, SPE Reservoir Engineering  (November 
1997) 246-254. 

8. R.P.Batycky, Martin J. Blunt, Marco R. Thiele: A 
Streamline-Based 3D Field-Scale Compositional 
Reservoir Simulator”, SPE 38889 proceedings of 
the SPE Annual Technical Meeting, San Antonio 
(October 1997) 

9. Thiele, R. M., „Streamline Simulation“, 
Contribution to the 6th International Forum on 
Reservoir Simulation, Austria, 3-7 September, 2001 

10. Bijan Agarwal, Martin J. Blunt: “A Full-Physics, 
Streamline-Based Method for History Matching 
Performance Data of a North-Sea Field”, paper SPE 
66388 prepared for presentation at the 16th SPE 
Reservoir Simulation Symposium held in Houston, 
Texas, 11–14 February 2001 

11. W.J. Milliken, A.S. Emanuel, A. Chakravarty: 
“Applications of 3D Streamline Simulation To 
Assist History Matching”, SPE SPE Reservoir 
Evaluation & Engineering (December 2001) 502-
508 

12. R.O.Baker, F.Kuppe, S.Chugh, R.Bora, 
S.Stojanovic, R.Batycky: “Full-Field Modeling 
Using Streamline-Based Simulation: Four Case 
Studies”, SPE Reservoir Evaluation & Engineering 
(Apr. 2002) 5 (2) 

13. M.A. Williams, J.F. Keating, M.F. Barghouty: “The 
Stratigraphic Method: A Structured Approach to 
History Matching Complex Simulation Models”, 
paper SPE 38014 prepared for presentation at the 
SPE Reservoir Simulation Symposium held in 
Dallas, Texas, U.S.A., 8-11 June 1997 

14. J.L. Landa, B. Güyagüla: “A Methodology for 
History Matching and the Assessment of 
Uncertainties Associated with Flow Predictions”, 
paper SPE prepared for presentation at the SPE 
Annual Technical Conference and Exhibition held 
in Denver, Colorado, U.S.A., 5-8 October 2003 

15. Bäck, T.: Evolutionary Algorithms in Theory and 
Practice, Oxford University Press, Oxford (1996) 

16. Goldberg, D.E.: Genetic Algorithms in Search, 
Optimization and Machine Learning, Addision-
Wesley, Reading (1989) 

 
This paper was prepared for presentation at the DGMK Spring 
Conference held in Celle, Germany., 29-30 April 2004. Layout has 
been changed since the original paper was printed in A5 format. In 
addition, the prediction scenario has been modified compared to the 
original presentation. For that reason figures 6-10 have been 
replaced. 
 
Original reference of this paper:  
DGMK-Tagungsbericht 2004-2, ISBN 3-936418-17-9, Pages 
223-236 
 


