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SUMMARY
We present three methods for history matching and uncertainty quantification tested on a syn
active grid blocks. There are six production wells in
thetic test case. The test case contains
the reservoir.
A Bayesian approach is used. Based on production data and well observations of permeability
and porosity, samples from the posterior distribution for permeability and porosity are generated.
By running a reservoir simulator on each of these samples, a production forecast with estimated
uncertainty is generated.
The first method is the Oliver approach. This is an approximative method that gives samples
from a distribution which is believed to be close to the posterior distribution.
The second method is based on a genetic algorithm. This is an optimisation technique, and we
do not generate samples from the posterior distribution. But we get a very good match to the
production data.
The third method is an adaptive Metropolis–Hastings (MH) algorithm. Ordinary MH methods
are too slow to use for history matching because the reservoir simulator has to be run for each
iteration. However, this method will sample correctly from the posterior distribution. The adaptive method makes use of earlier proposals to create new proposals. In this way, fewer iterations
are needed to get convergence, compared to ordinary Metropolis–Hastings.
1.

INTRODUCTION

The work reported here is a part of the EC sponsored PUNQ (Production forecasting with Uncertainty Quantification) project. The PUNQ project considers the history matching problem in
a Bayesian setting.
A synthetic case study was set up, based on a real field case. Production data was generated for
 
 
grid blocks, of which 1761 blocks
the synthetic reservoir model. The model contains
are active. The reservoir is characterised by porosity, vertical and horizontal permeability.
The partners were given the production data added some Gaussian noise, and well data, consisting of permeability and porosity values in six production wells, also added Gaussian noise. The
production data are collected for 8 years. The total simulation period, including the forecasting
period is 16.5 years. The production data to be matched are bottom hole pressure, gas-oil ratio
and water cut. Five infill wells were added after the end of the history matching period. We
have no well data or production data from these wells. The true reservoir was not known for the
partners before the end of the project.
A more throughly description of the test case is given in Floris et al. [1].

2.
2.1

DESCRIPTION OF MODELS
Stochastic model

We use a transformed Gaussian random field as prior model for the porosity, vertical and horizontal permeability conditioned on well observations. The transformation is such that values of
the Gaussian random field correspond to porosity values between  and  . For the horizontal
and vertical permeability, we used the log-transform in order to get only positive permeability
values.
The Gaussian random field is constructed as follows. Let  be a vector containing all reservoir
characteristics. Given a vector of model parameters,  , we write


where  is a matrix and  is Gaussian random noise with zero mean and covariance matrix
 . The stochastic counterpart to  , ! , is also Gaussian with mean "$# and covariance matrix
%
# . The vector  is of length , and represents a constant term in each layer for each of the
three characteristics, plus a linear term in & - and ' -direction for each of the characteristics. The
parameters in the priors were chosen uncorrelated and almost non-informative. Well observations
of reservoir characteristics, () are assumed to be Gaussian distributed after the transformation
mentioned above. Since both prior and likelihood are Gaussian, the posterior distribution for 
given only well observations is Gaussian, and can be written as
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The production data are assumed to be equal to the output of the reservoir simulator plus some
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Gaussian distributed noise,
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where = is the reservoir simulator and ( is observed production data. In our case, the production
data are independent, so the covariance matrix E is a diagonal matrix. Therefore the likelihood
function can be written as a product of one-dimensional Gaussian densities. The variances are
reported in Floris et al. [1]. The posterior model, from which we want to sample is now given
by:
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The Oliver approach

A generalisation of the Oliver approach is used, see Oliver et al. [2] and Omre et al. [3]. This
simulation algorithm will only sample exactly from (2), if the reservoir simulator had been a
linear function. Tjelmeland [4] and Omre et al. [5] have done some tests on the goodness of this
approximation. The algorithm tend to have too large variability in the pilot points.

First, we generate a start realization of the reservoir characteristics conditioned to well data
from the distribution (1). An object function consisting of two
terms is defined. One term
;
measures deviation from the start realization, and one term measures deviation from the observed
. The object
production data added some Gaussian noise with covariance
;X ;
;X function is given by
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where Q is the covariance matrix for the Gaussian distribution (1) and
CG( W 1 are the start
realization and the production data added noise, also referred to as the pivot sample. The object
function (3) is minimised with respect to a set of control variables. We use 90 control variables
which are the porosity and horizontal and vertical permeability values in six grid nodes in all five
layers.
The stochasticity of the Oliver algorithm lies in generating the start realization from the prior and
the noise added to the production data. If the object function instead measures deviation from
the prior mean and the production data without noise added, minimisation of the object function
gives the MAP estimator.
2.3

The genetic algorithm

Genetic algorithms are efficient optimisation methods which can be used in optimisation problems with multi-modal objective functions or where traditional analytical methods fail.
The steady state genetic algorithm starts by initialising a population of B individuals. In each
generation a fixed fraction of the population is selected for mating using fitness as a selection
criterion. This produces a number of offspring which are added to the population. The population
is then cut back to its original size by removing the least fit individuals. Through Darwinian
‘survival of the fittest’, the fitness of the population increases.
The fitness function \ was chosen to be
\]
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where _ is a weighted sum of squared deviations between observed and simulated historic data.
fe
Thus \a`cbdC with 1 for a perfect fit.
father
mother
1st child
2nd child

fffff
mmmmm
fffmm
mmmff

Table 1: One point crossover scheme.

In order to apply a genetic algorithm to history matching one must define a genetic representation
of the reservoir. The reservoir genome was coded as a single chromosome. The number of genes
in the chromosome equals the number of active grid blocks. Each gene carries a set of three
petrophysical block values, namely the horizontal permeability, the vertical permeability, and
the porosity. Thus in this model, each gene codes the complete set of petrophysical data for a
reservoir block. Recombination was coded as simple one point crossover of the chromosome; a

pair of parents gets two children each with opposite parts of the genome from each of the parents
(Table 1). We added a 1% probability of mutation with the mutation operator equal to grid block
swapping (observed blocks in well had zero probability of participating in this operator).
We used Gaussian fields conditioned on well observations in the initialisation function. However,
crossover and mutation lifted the restriction of Gaussian fields. Therefore, the history matched
reservoir is not Gaussian distributed. By making prediction from a number of best-of-history
individuals from 10 independent runs, the prediction uncertainty could be estimated. Further
details can be found in Ref. [6].
2.4

The adaptive genetic Metropolis–Hastings algorithm

Experience shows that ordinary Metropolis–Hastings algorithms with proposals drawn from the
prior distribution converge too slowly in history matching. The probability of drawing a reservoir that fits the production data well enough is too small. In the adaptive Metropolis–Hastings
algorithm, all earlier proposals are used to generate new proposals, see Holden [7]. In this way,
the hope is to speed up convergence by making better proposals.
The proposals are inspired by the genetic algorithm. First, a population is generated from the
prior distribution conditioned to well observations. New proposals are generated as linear combinations of two individuals of the population and one realization from the prior (mutation) in
addition to a kriged field. The linear combinations are chosen such that the proposal gets the
same mean and variance as the prior conditioned to well data. The new proposal is taken into the
population with probability proportional to the likelihood function. In this way, the population
changes during the iterations, and the individuals give better and better match to the production data. The chain is generated using Metropolis–Hastings acceptance criteria with proposals
generated from the current population.
In theory, this method samples correctly from the posterior density (2). However, the acceptance
rate is hard to evaluate exactly because the prior distribution must be evaluated. Therefore we
only calculate the acceptance rate approximately correct, but we believe that we will be close to
the correct posterior distribution.
3.

RESULTS AND CONCLUSIONS

We compared the total oil production predicted by the different methods with the ‘true’ production given by running a reservoir simulator on the ‘true’ petrophysical fields (Table 2). In the first
columns the Eclipse simulator was used on the true reservoir for generating both production data
and predictions, while the More simulator was used by the GA and AGA algorithms and Athos
was used by the Oliver method. In the middle columns Eclipse was replaced by More. In the last
columns the ’true’ reservoir was generated from the Gaussian prior and the More simulator was
used. The reservoir was picked such that the total production was similar to the other case. The
uncertainties are estimated from a limited number of runs. Most of the uncertainties are small,
considerably smaller than the expected precision of the simulator. The uncertainties are larger
when prediction production from new wells.
Note that it is only minor differences between the AGA and GA algorithms and between using
Eclipse and More on the ’true’ reservoir. The slightly lower values in the GA algorithm compared
with the AGA are believed to mainly be due to the mutation swapping in the GA algorithm that

Figure 1: Horizontal permeability in layer 1 for the ’true’ reservoir (left) and samples from the AGA, GA
and Oliver methods.

reduces effective permeability. The AGA and GA algorithms converged faster when the More
simulator was used. For this particular reservoir the Athos simulator seems to give lower values
for the production than Eclipse and More, see Floris et al. [1].
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Table 2: Comparison of predicted oil production. Total oil production ( nGop mp of oil) with nPq uncertainties.

When using the same set of wells as in the matching period, both the GA and the AGA method
gave predictions agreeing with the true value within the uncertainty. However, when new wells
were added, the prediction fell significantly below the true value for the non-Gaussian ’true’
reservoir. The mismatch can be explained by several factors. The most important factor is
the Gaussian prior. We now know that the ‘true’ reservoir has non-Gaussian distributions of
permeability and porosity with a top at high-permeable cells, see Figure 1. This distribution
was impossible to match with our Gaussian assumptions. The infill wells were positioned in
high permeable areas not penetrated by the other wells. For the Gaussian ’true’ reservoir, the
predictions are acceptable also with infill wells recognising that predicting production in new
wells is a much harder problem.
Figure 1 illustrating layer 1 in realisations from the different methods, shows some of the properties of the methods. The AGA method gives a field in accordance with the Gaussian prior, the
GA algorithm has considerable white noise from the mutation swapping and the Oliver method
tend to have some extreme values.
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We are grateful to Institut Français du Pétrole and Beicip-Franlab, France, who kindly let us
use their code ATHOS for production simulation and optimisation. We thank Håkon Tjelmeland
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