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Continuous dynamic data such as well flowing bottom-hole pressure carry
information that characterizes reservoir heterogeneity. A novel approach to analyze
continuous monitoring pressure data and to update reservoir models based on incremental
information is presented. First, the pressure transient data is analyzed to identify the size
and shape of permeability heterogeneity in the presence of fluctuations in rate and
pressure. Unlike the complicated pressure or rate deconvolution algorithms presented in
the literature, a simple semi-analytical approach is presented here that attempts to
reconstruct the bottom hole pressure response after removing the effect of rate
fluctuation. Using the reconstructed pressure profile, estimates of the radius to the
boundary of the heterogeneous region and the effective average permeability are obtained
by applying a simple optimization procedure for fitting the pressure and pressurederivative plots.
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Once the configuration of the reservoir heterogeneity in the vicinity of wells has
been identified that information is used to condition high-resolution reservoir models.
The conditional probability distribution that characterises the uncertainty in permeability
value at any location is perturbed using the dynamic pressure response as conditioning
information. The gradual deformation of the conditional probability distribution is carried
out within a p-field simulation framework. This approach retains the computational
efficiency of the traditional gradual deformation algorithm, while at the same time is
amenable to modelling non-Gaussian permeability fields that exhibit severe
discontinuities such as facies/indicator type distributions.
Sequential updating of reservoir model answers the challenge posed by the
continuous nature of data acquired from permanent monitoring system. We proposed a
variant of ensemble Kalman Filter which incorporates prior geological information as
additional constraints in state matrix updating. The application of the proposed method is
demonstrated on a realistic 3-D example.
Results show that both p-field approach and ensemble Kalman Filter when used
for history matching algorithm yield reservoir models that exhibit well responses that
match dynamic data as well as honour geological information imposed as constraints.
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Chapter 1: Introduction
The increasing use of permanent down-hole monitoring system in wells
introduces challenges in data filtering, analysis, and interpretation. Most of the
complications arise due to the volume of high frequency, continuous stream data
regarding production rates and pressure transients. The ultimate objective is to utilize the
continuous monitoring data in an efficient manner in order to rapidly update the reservoir
model and implement reservoir management decisions based on predictions made using
the updated models.
The research approach and results presented in this dissertation focus on the use
of continuous monitoring data for the real time control of reservoir. This entails a fast
method for accessing important episodes of monitoring information, updating reservoir
model using the episode information and using the updated reservoir model to predict
performance corresponding to reservoir control strategies and make recommendation for
changes in reservoir development schemes to enhance recoveries. By performing the
reservoir updating process in a probabilistic manner, the assessment and management of
uncertainty is possible and the reservoir management decisions have to take that
uncertainty into consideration.
In the following, the background and motivation that initiated this research are
presented, followed by a critique of previous studies. At the end of this introductory
chapter, the scope of work will be outlined including the description of the content of
each subsequent chapter.
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1.1 BACKGROUND
In order to build a robust representation of the reservoir, data from different
sources such as conceptual geological model, well logs, well test, seismic and production
logs have to be incorporated into the reservoir model accounting for the disparity in
scales and precision. Some of these data vary with time and are non-linearly related to the
static reservoir properties such as facies, permeability and porosity distributions.
Traditionally, static data such as geological, geophysical, well log, and core data
are integrated into preliminary reservoir models by conditional geostatistical simulation.
Simulation based on the identification of two-point statistics requires inference of semi
variogram or covariance to capture the expected patterns of geological heterogeneities
and the quantified spatial patterns are preserved in the generated realizations. However,
reservoir models generated on the basis of static data alone will not reflect the dynamic
characteristics indicated by the production data. Incorporation of dynamic data such as
production rates and pressure transient information is usually done through history
matching. The input reservoir attributes are perturbed such that the difference between
observed data and simulated response are minimized. Due to the non-linear relationship
between the input model parameters (spatially varying reservoir properties) and the
output responses (pressure transient from wells), conditioning reservoir models to
dynamic data is a complex and tedious task.
Dynamic data such as well flowing bottom-hole pressure carry information that
can help in characterizing reservoir heterogeneity. One promising approach is to use
pressure data at single or multiple wells to map compartments and zones and use these
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identified features along with other available sources of data for developing fine scale
geostatistical reservoir models.
Ultra-reliable, real-time or near-real-time, continuous monitoring of the down
hole environment offers producers the best opportunity to manage and exploit the full
potential of their reservoirs. However, the installation of down hole permanent pressure
sensor is only a recent technological advancement, and the procedures to interpret the
enormous amount of data that are generated by these monitoring systems has yet to be
developed.
Our study focuses in applying semi-analytical methods to variable-rate well
pressure response to extract information regarding reservoir heterogeneity. Semianalytical method is chosen due to its simplicity and its potential to be used within
feedback control scheme in reservoir modeling. The reservoir heterogeneity obtained
from continuous well pressure data then is used as input to a rapid-updating reservoir
modeling scheme. In this scheme, the dynamic data is used to directly perturb the
conditional probability distribution from which permeability realizations are sampled
(Caers, 2002; Kashib and Srinivasan, 2003). Once the conditional probability
distributions are suitably perturbed and updated using the available dynamic data,
multiple realizations of the reservoir can be sampled from the updated conditional
probability distribution. Rapid permeability updating using an ensemble Kalman Filtering
(EnKF) approach is also presented. In the traditional implementation of this method, the
updated model has been shown by some researchers to drift away from the prior
geological model of the reservoir. A method to rectify this shortcoming of EnKF is
presented wherein the updated permeability models obtained by Kalman Filtering are
3

used to derive the conditional probability distribution of permeability conditional to
dynamic information. These derived distributions are then merged with the conditional
probability distribution derived on the basis of the prior geological model. This ensures
that the final sampled models remain consistent with the prior geological model at each
step of the updating process.
In the following, a brief review of previous studies that led to the definition of our
research objectives is presented.

1.2 ANALYSIS OF CONTINUOUS MONITORING DATA
The use of permanent down-hole sensors to monitor and control well production
has become quite prevalent in the petroleum industry. Continuous monitoring data are
currently utilized for two main applications (Eck, 1999): i) delineation of reservoir
drainage and ii) evaluation of well productivity. Pressure monitoring and maintenance
together with material balance models and flow simulation models are utilized for
reservoir drainage delineation. Evaluation of well productivity includes utilizing well
pressure information to analyze skin and permeability variations in the near well bore
region. Discussions on the use of permanent monitoring data for both type applications
can be found in several publications (Tibold, 2000; Kragas et al., 2004).
New types of problems arise from the nature of quasi-continuous production data
gathered using the permanent down-hole sensors. The choice of which part of the data to
be used and what type of reservoir heterogeneities that a single or series of anomalies in
data tell us, also the sensitivity of the solutions to the presence of noise and outliers are
important considerations that influence the use of this data for reservoir management
4

applications. Few examples have been published in utilizing pressure data recorded by
the permanent down-hole gauges for reservoir description (Unneland and Hagland, 1994;
Unneland et al., 1997). Athichanagorn et al. (1999) proposed a multi-step procedure for
processing and interpreting long-term pressure data using wavelet transforms combined
with non-linear regression analysis. They show that estimates of permeability, skin factor,
and distance to the boundaries can be computed as a function of time using the proposed
method. The proposed method requires definition of a noise threshold for denoising and
singularities detection prior to reservoir properties determination.
The multi-rate well-test data sets, recorded continuously over long period of
production time can consist of hundreds of flow periods and million of pressure data
points. Rate or pressure deconvolution is necessary to interpret the variable-rate test.
Unneland et al. (1997) proposed a deconvolution procedure for interpreting noisy
pressure data acquired with permanent down-hole pressure sensors in conjunction with
surface or down-hole rate measurements. By applying rate convolution to decline curve
analysis, a few reservoir parameters such as drainage area and permeability-thickness
product can be determine iteratively by fitting the predicted rate decline with observed
production data. Unfortunately, this procedure is only viable after pseudo steady state
period has been reached.
This research focuses on developing a semi-analytical method to construct a
constant-rate well pressure response from variable-rate production data. The combination
of analytical solutions of diffusivity equation for transient flow and pseudo-steady state
will be utilized to construct a single rate response of well pressure. The information of
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reservoir heterogeneity is extracted from continuous pressure data using pressurederivatives analysis and other diagnostic plots. Therefore, no iteration scheme is needed.

1.3 CONDITIONING RESERVOIR MODEL TO DYNAMIC DATA
Once the important flow segments indicative of reservoir regions and changes in
reservoir heterogeneity have been identified, the subsequent task is to utilize the
continuous data to update the prior reservoir model. One of the common approaches to
accomplish such updating is using stochastic optimization techniques (Wu et al., 1998;
Oliver, 1996), that make use of sensitivity coefficients (Chu et al., 1995) to update an
initial reservoir model into a final model that yields flow response similar to that
observed at the wells. The multi-parameter optimization approach that requires
calculation of sensitivity coefficients is extremely time consuming and requires frequent
runs of a flow simulator. Pilot point methods (deMarsily et al., 1995; Xue and DattaGupta, 1997) seek to reduce the dimensionality of the stochastic optimization method by
performing perturbations at only certain control points, however clear guidelines for
selection of control points are not available.
Gradual deformation methods (Hu, 2000) have recently become popular for
constraining multi-Gaussian random fields to dynamic data. The basic principle is to
combine stochastic realizations of the reservoir such that the combined model yields
dynamic response that is closer to the observed dynamic data. The gradual deformation
techniques yield reservoir models that evolve smoothly at each step honoring the specific
constraints posed by the prior structural model, the seismic data and/or the production
data. The major disadvantage is that the procedure can be viably applied only to multi6

Gaussian random fields. Extensions to the method have been proposed that can be
applied to non-Gaussian fields, however, they result in considerable computational cost
and are not amenable to rapid updating of reservoir models.
In this research, rather than working with realizations of the permeability field
and performing updating of the realizations, the update is performed on the local
conditional distributions from which the realizations are sampled. The conditional
probability of spatially varying reservoir properties (i.e. permeability) based on well data
is obtained using indicator kriging. These prior local conditional probability distributions
are updated using the information in pressure transient data from wells. The gradual
deformation of the underlying probability distribution is performed using the permanence
of ratio hypothesis (Journel, 2002). A p-field simulation algorithm is used to sample the
different updated local conditional probability distributions using auto correlated random
numbers (p-values) in order to obtain permeability realizations that reproduce the prior
spatially correlated structural model.

1.4

RAPID UPDATING OF RESERVOIR MODEL – ENSEMBLE KALMAN

FILTER
The use of Ensemble Kalman Filter (EnKF) (Haugen & Evensen, 2002; Margulis
et al., 2002) has become popular for data integration in cases where the relationship
between the measured data and the underlying state variables (reservoir attributes) is
complex and non-linear. Unlike in traditional history matching, the data integration in
EnKF is done sequentially rather than simultaneously. The updating is performed at each
time step that the data is acquired. Naevdal et al. (2003) applied the EnKF to the problem
7

of updating two-dimensional three-phase reservoir models by continuously adjusting both
the permeability field and the saturations and pressure fields at each assimilation step.
Since it only requires output of pressure and saturations from reservoir flow simulator,
EnKF can be apply with any available commercial flow simulator. In addition, the
computational cost is fairly low. Several researchers have found that the ability to predict
future reservoir performance was steadily better as more data were integrated, but that the
estimate of the permeability field got worse at late times.
Few precautions need to be addressed in applying EnKF for continuous reservoir
model updating. Static and dynamic variables are simultaneously updated within the state
vector at each assimilation step. This could lead to inconsistency between the updated
variables and static variables. In addition, the influence of noise during the assimilation
step can lead to erroneous prediction. Determining the optimal ensemble size to
accurately estimate the uncertainty of model parameters is critical and difficult.
As mentioned previously, the use of an EnKF approach to rapidly update
stochastic reservoir models while at the same time preserving the prior geological
structure of the reservoir has been a major focus of this research. Other issues such as the
influence of the ensemble size on the updating process and maintaining the consistency
between the static and dynamic state variables at each step of the updating process have
not been addressed in this research.
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1.5 RESEARCH OBJECTIVES
1. To develop a robust methodology to pre-process the continuous monitoring data and
identify reservoir compartments, discontinuities and effective reservoir properties
within reservoir regions
2. To develop a methodology to update prior reservoir models utilizing the information
extracted in the prior data analysis step, addressing the sequential nature of dynamic
data acquired from permanent monitoring system
3. Explore techniques for rapid updating of reservoir models such as Ensemble Kalman
Filtering.

1.6 CONTRIBUTIONS OF STUDY
The first part of this research was spent developing a simple semi-analytical
solution to reconstruct a constant-rate pressure response from a variable-rate pressure
transient data by utilizing a generalized solution of diffusivity equation. By combining a
graphical method and quick optimization scheme, the well bottom-hole pressure response
is generated based on a forward modeling approach. This procedure will estimate the
onset of reservoir heterogeneity away from the near-well bore region and the presence of
any flow barrier that will be utilized in the subsequent reservoir updating algorithm. The
method attempts to alleviate the complexity of pressure/rate deconvolution technique and
replaces the need to formulate a formal inversion procedure.
Reservoir models updating scheme using p-field simulation approach presented in
this study utilizes a techniques to perturb the prior probability distribution of reservoir
properties by adjusting a single dynamic factor. This eliminates the need to formulate a
9

multi-parameter optimization scheme that is very time consuming and requires frequent
runs of flow simulator. The updating of the probability distribution within regions is
performed using dynamic factors that are locally defined. The technique presented in this
work will ensure that the resultant permeability models will honor the constraints posed
by both the prior geological information as well as the dynamic data.
The modified ensemble Kalman Filter approach presented in this study provides
an avenue to incorporate newly acquired data into reservoir models as it becomes
available. Again in this modified EnKF approach, the joint conditional probability of
reservoir attributes such as permeability conditioned not only to dynamic data, but also to
the prior geological information is derived. Therefore, the updated static parameters used
in the state matrix of the Kalman Filtering procedure will reflect all constraints posed on
the reservoir modeling exercise.

1.7 OVERVIEW
This dissertation is organized into seven chapters. An introduction and motivation
for the research is presented in this first chapter. A brief description of past works is
presented in Chapter 2, which consists of details on previous studies of pressure transient
analysis in heterogeneous reservoirs; integrating dynamic data into reservoir models; and
sequential updating of reservoir models using the ensemble Kalman Filtering technique.
A semi-analytical approach to construct a constant-rate pressure response from a
variable-rate pressure transient data is presented in Chapter 3. By combination of a
simple graphical method and optimization scheme, forward modeling of the
reconstructed pressure response is performed. In Chapter 4 technique for updating
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reservoir models using the dynamic information is presented. This technique is based on
p-field simulation. A few 2-D examples are presented to illustrate the implementation of
this method.
Chapter 5 describes the implementation of sequential updating of reservoir
models based on the modified ensemble Kalman Filtering approach. A 2-D reservoir
model is utilized to illustrate the implementation of traditional ensemble Kalman Filter
and the proposed modification of EnKF conditioned to geological constraints of the
model.
Chapter 6 compares the implementation of stochastic updating of reservoir model
based on p-field simulation and the modified ensemble Kalman Filtering approach on a
realistic synthetic 3-D reservoir model. The model features channel system reservoir with
dynamic data from multiple producing wells. The implementation of both the techniques
for reservoir updating on this realistic reservoir model provides confidence for future
applications to real fields.
Finally, Chapter 7 summarizes all observations and results from the proposed
techniques and suggests some future work.
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Chapter 2: Reservoir Model Updating Conditioned to Dynamic Data –
A Brief Review of Past Work

The use of dynamic data, especially pressure transient in reservoir
characterization has been subject of research for many years. It carries information about
reservoir heterogeneity at a scale larger than that of well log and core data. Ultra-reliable,
real-time or near-real-time, continuous monitoring of the down hole environment offers
oil field operators the best opportunity to manage and exploit the full potential of their
reservoirs. However, the installation of down hole permanent pressure sensor is only a
recent technological advancement, and procedures to interpret enormous amount of data
that are generated by these monitoring systems has yet to be developed.
Pressure transient analysis in heterogeneous reservoir brings other challenges and
traditional approaches of analysis might be inadequate to handle these challenges. Past
work to address this issue are reviewed in this chapter. The main goal of utilizing
pressure transient data for reservoir characterization is to generate a coarse scale of
reservoir model that can be used in the subsequent reservoir updating phase.
Classic inversion technique try to directly generate a single best representation of
reservoir model based on the available well test data. Later stochastic optimization
techniques were developed that generate a suite of reservoir model realizations
conditioned to dynamic data. Subsequently, in order to be able to handle dynamic data
acquired continuously from permanent sensors, a Kalman Filtering approach was
developed and that is also discussed in this chapter.
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2.1 PRESSURE TRANSIENT ANALYSIS FOR HETEROGENEOUS RESERVOIR
Traditional pressure transient analysis methods are developed for specific well
test conditions where production rate is maintained constant for a finite time period, or
alternatively when bottom-hole pressure (BHP) is held constant in which case the
production rates vary. With permanent down-hole monitoring devices, a stream of
production data (pressure and rate) is continuously obtained during the life of the well.
The analysis of this type of dynamic data gives rise to new complexities e.g. which part
of data to retain for reservoir model updating, treatment of noise/outliers and their
influence on the utility of the extracted information etc. The adequacy of the existing
analysis methods to detect reservoir heterogeneities in the vicinity of the well is also to be
examined.
Simplified solutions to the diffusivity equations are derived assuming a
homogeneous reservoir system, while in actuality reservoir properties exhibit spatial
variations. Reservoir heterogeneity introduces more complications in interpreting
pressure responses from wells.
The main goal of reservoir characterization is to develop high resolution reservoir
properties map, such as for permeability and porosity, and validate those maps with
available static and dynamic data. One promising reservoir characterization approach is
to utilize information extracted from pressure transient data to describe reservoir
heterogeneity within a stochastic framework. Pressure transient data are ideal for
constraining the reservoir models due to their substantially larger radius of investigation
compared to core or well log data. The relation between production data and reservoir
petrophysical properties are highly non-linear thereby making the assessment of reservoir
13

properties a complex inverse problem. As a preliminary step, our goal is to develop a fast
and practical methodology to assess coarse distribution of reservoir heterogeneity based
on pressure responses from single or multiple wells. This coarse delineation of reservoir
heterogeneity can then be used as an initial input to rapid reservoir model updating
procedures.
Efforts to estimate the spatial variations of permeability based on pressure
transient data can be traced back to Oliver’s analytical solution (Oliver, 1990). He used a
perturbation method to solve the drawdown problem by constructing a forward model
estimating pressure response for a well located in an infinite reservoir with a small
arbitrary spatial variation in permeability. One important result from Oliver’s work is that
the permeability determined from the slope of semi log plot of bottom-hole pressure
versus time is expressed as a weighted average of the permeability within an annular
region of reservoir. In his subsequent work (Oliver, 1992), Oliver presented the inverse
problem using the Backus and Gilbert approach to estimate a radial permeability
distribution based on the dimensionless pressure drawdown solution described in the
previous paper. He also pointed out the non-uniqueness of the solutions when matched to
the original well test response. Based on Oliver’s work, Feitosa et al. (1993) proposed a
different algorithm for inverting the permeability field that gives practical useful results
and appears to circumvent the problem posed by Oliver. The existence of unique solution
still cannot be guaranteed.
Other models that relate pressure transient responses to lateral heterogeneity
characteristics have been proposed. Levitan and Crawford (1995) presented a new
analytical method for exact solution of pressure transient problems in systems exhibiting
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radial and linear heterogeneity. Unfortunately, the inversion of well test data can only
recover the heterogeneity function and not the individual rock properties. The
heterogeneity function combines all the variable coefficients of diffusivity equation and
is a single expression of reservoir heterogeneity used in Levitan & Crawford work. Other
authors (Yortsos & Al-Afaleg, 1996) also proposed a non-local diffusivity equation that
incorporates directly the correlation function of the permeability. Using inversion of the
well responses, the semi-variogram of permeability can be obtained. However, the
scaling characteristic of the derived semi-variogram and its relationship to the underlying
permeability heterogeneity is poorly understood. None of the models previously
described offers direct practical use to extract information of reservoir heterogeneity from
well dynamic data.
Permanent down-hole monitoring systems yield continuous stream of data over
life of the well. With 1-second interval sampling, a system will produce over 31 million
data points per year. Coping with the volume of data from permanent monitoring system
is an issue that operators and service companies continue to address. Some operators
adjust their monitoring operations to sample the data at specific times or when the change
in a measurement exceeds a predetermined threshold. Others sample t data at greater time
intervals, such as at 30 second interval, to reduce the data volume. Other practices
include averaging the “raw” data over a sample time interval prior to use in a particular
application (Tibold, 2000).
With the increase in permanent down-hole gauge installations, the use of
continuous monitoring data to extract information regarding reservoir description is
gaining interest. However, since most traditional pressure transient analysis was
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developed to identify characteristic features of the reservoir system based on either a
constant-flow-rate or constant-pressure flow condition, new tools for analyzing
simultaneous variable-flow-rate and pressure data need to be developed. In addition, the
high frequency sampling of dynamic data from permanent gauges at the rate of bytes per
micro-second presents different challenges in data analyzing. This acquired data has to be
filtered and only the most relevant pieces of information for the task, e.g. production
optimization, reservoir characterizations, should be carried forward for further analysis.
In dealing with variable rate well testing, the common practice is to use estimation
schemes that produce estimates for each flow period separately and attempt to account
for the effect of earlier production by replacing ordinary time with a superposition time
function (Odeh & Jones, 1965; Bourdet et al., 1989). Bourdet assumes specific flow
regimes for performing the convolution and systematic distortion of the pressure
derivative can result when the flow regime deviates from its assumption. According to
von Schroeter et al. (2002), the superposition in time based approach is fraught with
numerical and conceptual difficulties, and can only yield estimates of the response up to
the maximal elapsed time during each flow period.
An alternative approach is to convert the pressure data acquired during a variablerate test to equivalent pressure data that would have been obtained if the well flowed at
constant rate for the duration of the test. This is the pressure/rate deconvolution problem.
In linear systems, the well pressure during a variable-rate test is given by the convolution
integral (Levitan, 2003)
t

p( t ) = p0 − ∫ q(τ )
0

dp u ( t − τ )
dτ
dt

(2.1)
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where p(t) is the well bottom hole pressure, p0 is the initial reservoir pressure, q(t) is the
well rate, and pu(t) is the rate-normalized pressure response to constant-rate production.
Equation (2.1) is known as Duhamel’s integral and is an expression of the principle of
superposition resulting from the linear character of the system. This problem is illconditioned; small changes in test pressure and rates will lead to large changes in output
result. Furthermore, the present of noise in test data in addition to the ill-conditioned
nature of the pressure/rate deconvolution problem makes the process highly unstable.
Many authors have proposed a variety of deconvolution algorithms (Kuchuk et
al., 1990; Baygun et al., 1997; Roumboutsos & Stewart, 1988; Fair & Simmons, 1992;
Thompson et. al, 1986; Thompson & Reynolds, 1986). Von Scroeter et al. (2001, 2002)
proposed a time-domain method for pressure/rate deconvolution that was shown to work
with reasonable noise level presents in both pressure and rate data. Based on this study,
Levitan (2003) presented some practical considerations and generalization of the
algorithm that allow it to be used reliably with real test data. Later, with a different
modification of Von Schroeter’s work, Kuchuck et al. (2005) proposed methods for
monitoring well productivities, forecasting production and estimating reserves.
Pressure/rate deconvolution aims at reconstruction of the constant-rate drawdownpressure responses p u ( t ) along with the initial reservoir pressure p 0 from the pressure
and rate data, p(t ) and q(t ) acquired during a variable-rate well test. This problem is
equivalent to solving Equation (2.1) for p u (t ) and p 0 given p(t ) and q(t ) measured
during well test.

One example for procedures of pressure/rate deconvolution (von

Schroeter et al., 2002; Levitan, 2003) typically will include appropriate encoding of the
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solution, regularization for the solution since problem is ill conditioned and unstable, and
optimization scheme such as non-linear least-squares minimization to get solution for
p u (t ) and p 0 . The iterative approach is typically used in optimization to minimize error

measure, and has to be formulated such a way that includes many constraints. At the end,
this pressure/rate deconvolution still does not work satisfactorily.
Both

the

above

approaches,

superposition

in

time

and

pressure/rate

deconvolution, will have to be combined with pressure-derivative analysis in order to
extract information related to reservoir heterogeneity, in situations where the wells
exhibit rate fluctuations. In contrast, the focus of our investigation of pressure transient
data processing would be to utilize simple analytical solutions of diffusivity equation to
determine the onset of reservoir heterogeneity, the effective permeability associated with
each heterogeneity regions, and reservoir boundaries bypassing the complex optimization
schemes that are utilized within pressure/rate deconvolution schemes. It is to be
emphasized that the purpose of this preliminary analysis of pressure transient data is to
determine approximately delineate the heterogeneous zones in the reservoir. This
information is then subsequently used in a detailed probabilistic data integration approach
that is presented later in this thesis for making consistent updates to the reservoir model.

2.2 CONDITIONING RESERVOIR MODEL TO DYNAMIC DATA

Construction of reservoir property maps, such as permeability and porosity,
conditioned to dynamic data has been the subject of many researches. Most methods for
estimating spatial variation of permeability from pressure data utilize an optimization
scheme that minimizes the difference between observed and calculated pressure values at
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all available well locations for all instants in time when the pressure data is available.
Data insufficiency results in the inverse problem being ill-posed according to
Hadamard’s definition (1902) that in turn yields non unique solutions. The ill-posed
inversion problem is also characterized by unbounded changes in the model estimates
resulted from small perturbations in data. Despite the challenges, production data
provides engineers with direct measurement of the actual reservoir performance
characteristics given the underlying geology.
A single well test cannot provide detailed information about permeability
anisotropy. Furthermore, well bore conditions and boundary effects affect the well test
data. As discussed earlier, well test data provides information regarding the average
permeability of the region around the well bore. In order to be able to generate a reservoir
model at a resolution needed for reservoir performance prediction and management, data
from other sources such as from well logs and core data have to be integrated together
with the pressure transient data. By conditioning the reservoir model to both static and
dynamic data, a more accurate representation of reservoir system can be expected.
Various methods for generating reservoir models conditioned to dynamic
production data have been developed. First, there are the classic inversion techniques that
generate approximations for the permeability distribution around the well bore directly
from well-test pressure data. Based on Oliver’s approximate solution (1990) of
permeability distribution in an annular region of reservoir, Feitosa et al. (1993) proposed
inverse-solution algorithm (ISA) to estimate the equivalent radial permeability
distribution as a function of distance from the well using drawdown and build-up
pressure data. In order to handle the ill-posed nature of the inversion problem, several
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authors applied regularization (Kravaris & Seinfield, 1985; 1986) and bicubic spline
approximation (Lee et. al, 1986; Lee & Seinfield, 1987) of the spatially varying
permeability in order to maintain consistency with the underlying geology and
smoothness of the solution. Regularization of an ill-posed inverse problem refers to the
reformulation of the objective function for optimization by including additional weights
for factors such as the smoothness of solution. These techniques do not require any a
priori information about the parameter to be estimated.
To reduce the dimensionality of the problem, the reservoir zonation method was
introduced (Emsellem & de Marsily, 1971; Jacquard & Jain, 1965), in which the reservoir
is divided into a number of zones with constant properties. The efficiency of this method
to reduce the number of parameters in the problem is offset by insufficient prior
information to enable specification of zones with any physical basis.
The feasibility of incorporating prior information about the parameters being
estimated was proposed by Gavalas et al. (1976). By utilizing Bayesian estimation, prior
information about the autocorrelation and mean values of porosity and permeability was
used to estimate a one-dimensional permeability distribution. They concluded that in
Bayesian estimation, the estimate errors do not increase when the number of parameters
is increased, in contrast to the zonation method previously discussed where the solution
generally deteriorates due to the additional number of unknown parameters. In their
subsequent work Gavalas et al. (1978) shows that if reliable prior statistical information
about permeability and porosity exist, Bayesian estimation will lead to smaller variance
of the estimation error. Other authors who proposed incorporating prior information into
inversion problem include Neuman and Yakowitz (1979) who used the actual values of
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transmissivity and covariance functions, Clifton and Neuman (1982) who showed the
greater conditioning effect of pressure data in full inversion than in kriging, and Carrera
and Neuman (1986) who solved the parameter estimation problem using the maximum
likelihood method incorporating the prior geological information in the likelihood
function.
The main goal of traditional inversion methods described above is to get the
“best” representation of the reservoir that gives the minimum mismatch between the
observed and predicted pressure data. However, in the process of iterative minimization,
the uncertainty in reservoir properties at unsampled locations is downplayed.
To quantify the residual uncertainty persisting after the integration of available
data, an ensemble of reservoir realizations is generally utilized. The problem of matching
historic production data is therefore posed in the context of generating reservoir models
that are conditioned to dynamic data (rather than a post-processing of reservoir models to
fit the available data as in inversion). The goal is to generate a suite of reservoir models
that will yield flow response similar to the ones observed from wells. The remaining
uncertainty in prediction of future pressure transient responses can be obtained by
executing the flow simulator over the suite of realizations corresponding to flowrates and
boundary conditions at future time instants.
One pioneering work in this area was that of Deutsch (1992) who suggested using
simulated annealing to generate stochastic realizations of the permeability field
conditioned to both well log and well test data. Simulated annealing is a global
optimization method that has been found to be useful to solve problems involving many
independent variables. For the estimation of reservoir properties constrained to dynamic
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data, a limited number of parameters are perturbed at each iteration step. A least-squares
objective function is defined and the flow simulator is used to evaluate the impact of
parameter perturbations on the objective function. Sultan et al. (1993) reported that 3000
perturbations are required for history matching a 2-D model with 294 parameters using
simulated annealing. This extensive computational cost will make the application of this
method unattractive for real-time updating of large detailed reservoir models.
Campozana et al. (1996) later expanded Deutsch’s original contributions to take
into account well-test permeability obtained from several wells into geostatistical
reservoir models. This method allows different statistics to be applied in each well-test
region. The use of a starting model that reflects the statistics from static and dynamic data
reduces the number of iteration steps required in the optimization scheme.
A different simulated annealing approach was proposed by Tauzin (1995) in
which the influence of parameter perturbations on the objective function is evaluated with
an analytical method that keeps the computational time within an acceptable range. The
algorithm uses analytical influence function derived by Rosa and Horne (1993) for the
transient pressure in an infinite homogeneous reservoir containing a single circular
discontinuity. Results showed that this approach is usually sufficiently accurate to predict
the direction and order of magnitude of pressure perturbations caused by the
perturbations of the permeability field in the vicinity of the well.
The use of gradient-based optimization techniques to generate reservoir models
from well test data and prior information was suggested by Oliver (1994). The most
probable model (the maximum a posteriori estimate) conditioned to prior information and
well pressure data was obtained by Gauss-Newton iteration technique that minimizes the
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objective function derived on the basis of a Gaussian posterior probability density
function. At each iteration of the Gauss-Newton method, the forward model is solved
using a flow simulator and that renders the process computationally intensive. This
algorithm allows integration of prior information and well pressure data into the reservoir
model simultaneously and additional information can be incorporated whenever
available. The resultant permeability distributions are smooth and show Gaussian
characteristics.
Stochastic optimization technique (Wu et al., 1998; Oliver, 1996) have been
proposed that make use of sensitivity coefficients (Chu et al., 1995) to update an initial
reservoir model into a final model that yields flow response similar to that observed at the
wells. The multi-parameter optimization approach that requires calculation of sensitivity
coefficients is extremely time consuming and requires frequent runs of a flow simulator
which is computationally expensive.
To address some limitations posed by previous attempts to invert production data
directly and obtain a detailed three-dimensional reservoir model, several authors (Holden
et al., 1995; Benkendorfer et al., 1995) proposed a multi-stage approach for integrating
dynamic data into reservoir models. The first step is inverting production data and obtains
a coarse-scale representation of reservoir property variations, and the second step
involves integrating the coarse scale model with other type of data (static and/or dynamic
data) through optimization or co-simulation. The end reservoir models will honor prior
information and dynamic data, at the same time be geologically and geophysically robust.
Ideally, all dynamic data will be reproduced by the detailed reservoir models.
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As opposed to the post-perturbation of reservoir models to condition to
production data, the research presented in this thesis attempts to use dynamic data to
directly perturb the conditional probability distribution of reservoir properties to be
simulated. The p-field simulation algorithm is utilized to sample from the updated joint
conditional probability, and at the same time the auto-correlated random number used in
algorithm will ensure that information from static data such as geological and
geophysical data are honored. The procedure is shown to result in a suite of reservoir
models that honor both static and dynamic data previously posed as constraints.

2.3 KALMAN FILTERING FOR SEQUENTIAL UPDATING OF RESERVOIR
MODEL CONDITIONED TO DYNAMIC DATA

The Kalman Filter has historically been the most widely applied method for
assimilating new measurements to continuously update the estimate of state variables. It
has been occasionally applied to the problem of estimating values of petroleum model
variables. Eisenmann et al. (1994) estimated flushed zone resistivity and mudcake
properties in real time by an inversion algorithm utilizing the extended Kalman Filter
method based on measurements from well logging devices. Corser et al. (2000) applied
Kalman Filter to model dynamic well processes during drilling. The model is updated
with measurements from standard surface measurements and outflow measurements. This
updating process is conducted in real-time to provide early detection of possible
circulation problems. However, the applications above only involved small number of
variables to be estimated in addition to the linear relationship between model and
observations. Unfortunately, the relationship between measured data and model variables
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in updating reservoir model are highly non-linear, and in most cases involved large
number of variables, often two or more variables per simulator grid block. Therefore, the
traditional Kalman Filter application to this type of problem is too restrictive.
The extended Kalman Filter was developed for treating non-linear models
(Maybeck, 1982). A problem with the extended Kalman Filter is that the number of
simulations needed at each step is of the same order as the number of state variables. For
large system, this will generally be too time-consuming. The extended Kalman Filter is
based on linearization and has short-comings for strongly non-linear models. To address
both issues, another variant of Kalman Filter was introduced, the ensemble Kalman Filter
(EnKF) (Evensen, 1994). The inference of covariances that is required in for the Kalman
updating is easily performed using an ensemble of model parameters (such as
permeability/porosity models) and the corresponding flow responses of the ensemble
realizations. Since the development of the EnKF, the method has found widespread
application in weather forecasting (Houtekamer & Mitchell, 1998; Houtekamer &
Mitchell, 2001), oceanography (Evensen, 2003), hydrology (Reichle et al., 2002), and
petroleum engineering (Naevdal et al., 2002; Naevdal et al., 2003).
Naevdal et al. (2002) applied ensemble Kalman Filter to update near well-bore
reservoir region based on data acquired from various chokes and extensive monitoring
devices typically found in smart wells applications. By using 100 members of ensemble,
they continuously update both the permeability field and the saturations and pressure
fields at each assimilation step. The synthetic 2D reservoir example used in the study had
256 grid blocks with a single horizontal producer well, in an immiscible two-phase
system with oil and gas. New measurements are assimilated once every day. The results
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shows that the production forecast steadily better when more data are assimilated despite
noise in the measurement data. Later they expand the same application to the problem of
updating 2D three-phase reservoir models (Naevdal et al., 2003). For this field scale
problem, assimilation happened at least once a month and also when new wells started to
produce or wells were shut in. They also found that the prediction was better at later
times when more data are integrated, but that the estimate of permeability got worse.
Gu and Oliver (2004) used the ensemble Kalman Filter to update porosity and
permeability fields, as well as the saturations and pressure fields, then applied it to match
3-phase production data at wells for the 3-D PUNQ-S3 reservoir model. They use 40
members in the ensemble and noted the influence of noisy data used might affect the
assimilation. Overshooting problem in permeability and porosity fields also observed at
later times. Brouwer et al. (2004) used the combination of ensemble Kalman Filter for
continuous model updating with an automated adjoint-based water flood optimization to
optimize water flooding strategy. Similar to previous study, the estimate of permeability
field got worse at late times, which is often referred as “filter divergence” (van Leeuwen,
1999).
Wen and Chen (2005) proposed an option of running reservoir simulation after
updating step to preserve the consistency between the updated static parameters and
dynamic parameters. The updated static parameters is flow simulated to the time prior
new data assimilation, and then the dynamic parameters from this ‘confirming step’ is
used as substitute to the updated dynamic parameters computed from Kalman gain. This
modified version of ensemble Kalman Filter was applied to continuously updating an
ensemble of permeability fields to match real-time multi-phase production data. The
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computational cost is doubled compared to the conventional application of ensemble
kalman Filter. However, with additional confirming step, the consistency of updated
static and dynamic data always ensured, and the study find that the production data are
better matched for some cases using the conforming EnKF.
Zafari & Reynolds (2005) refuted the validity of rerun procedure as proposed by
Wen & Chen (2005). While it seems reasonable, the rerun procedure is inconsistent with
the underlying theoretical motivation of ensemble Kalman Filter for the simple linear
case. The static and dynamic data in state vector using rerun option has been shown that
will not be updated. Therefore, they recommend that the option should not be used.
The ensemble Kalman Filter implemented in this thesis differs from the previous
works due to the incorporation of an additional step for ensuring the consistency of the
updated models with the prior geological information. The ensemble of realizations
obtained by Kalman updating is used to obtain the conditional probability distribution of
static permeability conditioned to dynamic data; this conditional distribution is then
combined with the conditional probability distribution conditioned to other type of data
(such as well logs, prior geologic information) using the permanence of ratio hypothesis
(Journel, 2002). Updated models conditioned to all the data are obtained by sampling
from the merged distributions. This data assimilation step is repeated whenever new data
becomes available.

2.4 SUMMARY

A brief review of past works on pressure transient analysis in heterogeneous
reservoir has been presented. Despite the wealth of literature on the subject a simple
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method similar to traditional graphical approach but as powerful as pressure/rate
deconvolution algorithms has to be developed in order to be able to infer the
heterogeneity characteristics of the reservoir from continuous monitoring data. This is
one of the areas of focus of this work and will be described in detail in the subsequent
chapter.
Methods to integrate dynamic data into reservoir models have been reviewed. The
idea of using a suite of model realizations to allow the quantification of uncertainty in
estimating reservoir properties is superior compared to generating only a single ‘best’
representation of the model. Therefore, a stochastic approach to dynamic data integration
is necessary.
In this research, the information interpreted from pressure transient analysis will
be used to build a preliminary reservoir model in combination with other types of static
data. A unique probability perturbation method is presented for accomplishing the
integration of dynamic and static information in the reservoir models. A suite of model
realizations sampled from the merged probability distributions allow us to render the
uncertainty associated with parameters being estimated. Finally, an ensemble Kalman
Filtering technique combined with a p-field simulation approach is presented that updates
reservoir model sequentially. This scheme fits well with the task of interpreting and
assimilating data from permanent monitoring systems.
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Chapter 3: Analysis of Continuous Monitoring Data – Pressure
Transient Analysis

3.1 INTRODUCTION

Production and well test data provide engineers with information about the flow
characteristics of a reservoir. Due to its simplicity, the graphical approach of pressure
transient analysis has been widely used to determine reservoir parameters. The challenge
that arises using this method is that different geometry and architecture of reservoirs
require different sets of type curves. The pressure transient behaviour of regular shaped
reservoir at pseudo steady state can be expressed as

p D = 2πt DA +

1  A  1  2.2458 

ln  + ln
2  rw2  2  C A 

(3.1)

where C A , the shape factor, shows the characteristics of the system shape and the well
location (Earlougher, 1977). Since the published shaped factors are only available
corresponding to a few combinations of reservoir shape and well location, the usage of
this method can soon become limited. In practice, most wells are arbitrarily located
within reservoir boundaries that may be of arbitrary shape. For those cases, the solution
of the diffusivity equation will be more complicated than the ones published for centered
well location. With advancements in numerical simulation capabilities, the role of closed
form solutions to fluid flow problems has been deemphasized.
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Our objective in the interpretation of quasi-continuous monitoring data is to
employ analytical well test equations to detect any regime changes indicated by the
dynamic data. By a combination of graphical approach and an optimization scheme
utilizing forward modeling of bottom hole pressure response, the onset of reservoir
heterogeneity away from the near-well bore region and the presence of any flow barrier is
detected.

3.2 PRELIMINARY ANALYSIS OF PRESSURE TRANSIENT DATA USING A
SEMI-ANALYTICAL PROCEDURE

Pressure drawdown is very sensitive to production rate fluctuations, and variablerate well test analysis using principle of superposition can sometimes fail to recognize the
major episodes of data that carry information about reservoir heterogeneities. The
pressure derivative plot may in those cases be severely distorted. The data acquired from
down-hole permanent monitoring devices require a robust analysis methodology that can
be applied in the presence of variations in production rates and bottom-hole pressure. In
the cases presented in this section, we will take into consideration the heterogeneous
nature of the reservoir permeability field while the porosity will be kept constant.
Our objective in the interpretation of quasi-continuous monitoring data is to
employ analytical well test equations to detect any regime changes caused either by
different reservoir properties or flow barriers. This detection is done using pressure and
pressure derivative plots by reconstructing the well pressure response accounting for rate
fluctuation. For this purpose, we will first start with the identification of pressure
behavior corresponding to heterogeneous reservoirs as deviation from the single phase
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homogeneous pressure solution (Levitan & Crawford, 1995). The system will include a
single well in a closed reservoir being produced at multiple rates.
In general terms, the pressure at a well producing at constant rate, q , is described
with the generalized solution of diffusivity equation:

p i − p wf = 141.2

qBµ
[ p D (t D , C D , geometry ...) + s ]
kh

(3.2)

where p i is the initial reservoir pressure, k , h , and µ are constant permeability,
reservoir thickness and viscosity; p D is the dimensionless pressure solution to diffusivity
equation for the appropriate boundary conditions and s is the skin effect. The skin is a
dimensionless pressure drop assumed to occur at well-bore sand face due to well-bore
damage or stimulation. For our cases, the well-bore storage and skin factor are assumed
negligible.
We start with the simple case of a closed reservoir system with a single well
produced at constant rate, q1 , and compare the pressure response with a 2-rate well test
response (well produced at rate q1 for time 0 ≤ t < t 2 and at q 2 for time t ≥ t 2 ). The
system’s responses when the well is produced at constant rate q 2 are also plotted. The
result plotted in Figure 3-1 indicates that the well pressure response when subjected to
variable rates is actually the combination of well pressure responses corresponding to the
individual constant rate.
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Figure 3-1: Well bottom-hole pressure behaviors when subjected to 2-rate well test

Starting from Eq. 3.2, the pressure at the well producing at constant rate q1 is
given by Eq. 3.3:

p i − p wf 1 = 141.2

q1 B µ
[ p D ( t D , C D , geometry ...)]
kh

(3.3)

while the pressure at the well producing at constant rate q 2 at the same reservoir system is
expressed as:
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p i − p wf 2 = 141.2

q 2 Bµ
[ p D ( t D , C D , geometry ...)]
kh

(3.4)

Subtracting Eq. 3.3 from Eq. 3.4, the pressure difference, ∆p wf caused by rate fluctuation
can be expressed as:

∆p wf = p wf 1 − p wf 2 = 141.2

Bµ
(q 2 − q1 )( p D ( t D ,...))
kh

(3.5)

for time t > t 2 , where p wf 1 and p wf 2 are bottom-hole pressure associated with
production at constant rate q1 and q 2 respectively. Equation 3.5 states that given well
bottom-hole pressure and production rate history, we can reconstruct well pressure
responses as if it is produced with constant rate. For example, the reconstructed bottomhole pressure from two-rate well test described in Figure 3-1 as if it is produced at
constant rate q1 at t ≥ t 2 is given by:

p wf 1

t ≥ t2

= p wf 2

t ≥ t2

+ ∆p wf = p wf 2

t ≥ t2

+ 141.2

Bµ
(q 2 − q1 )( p D ( t D ,...))
kh

(3.6)

Since we’re dealing with closed reservoir system, it is important to determine the
time when the influence of flow boundaries is felt by the pressure response. The
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Cartesian plot of bottom-hole flowing pressure vs. time should be straight line during
pseudo steady-state flow (Earlougher Jr., 1977). Therefore, the onset of pseudo steadystate, t pss , is when the Cartesian straight line starts. The dimensionless pressure solution
of diffusivity equation as in Eq. 3.5 then should be adjusted for dimensionless pressure
during pseudo steady-state for time ≥ t pss .
Let’s consider a single well located in a closed reservoir produced at q1 for

0 ≤ t < t 2 and then at q 2 for t ≥ t 2 . The onset of pseudo steady-state is observed at
t pss > t 2 . The reconstructed pressure as if the well has been produced at constant rate

q1 for the infinite acting period is given by:
p wf 1

t 2 ≤ t < t pss

= p wf 2

t 2 ≤ t < t pss

+ ∆p wf = p wf 2

t 2 ≤ t < t pss

+ 141.2

Bµ
( q 2 − q1 ) *
kh

1

 ln( t D ) + 0.80907 

2

(3.7)
and for pseudo steady-state period:
p wf 1

t ≥ t pss

= p wf 2

t ≥ t pss

+ ∆p wf = p wf 2

t ≥ t pss

+ 141.2

Bµ
( q 2 − q1 ) *
kh


 


 2πt DA + 1 ln A  + 1 ln 2.2458  
2


2  rw  2  C A  


(3.8)
Recall the definitions of dimensionless time as appears in Eq. 3.7:

tD =

0.0002637 k
t
φµc t rw2

(3.9)
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Here, t D is dimensionless time, k is permeability, t is time, φ is porosity, µ is
viscosity, and c t is total compressibility. The dimensionless time definition when based
on total drainage area is given by:

tD A

 rw2 
= t D  
 A

(3.10)

Once the reconstructed flowing pressure response accounting for rate fluctuation
is established, we can apply combination of diagnostic plots and pressure-derivative
analysis to determine the start of reservoir heterogeneity, the extent of the reservoir
system and the shape factor, C A . The pressure derivative is calculated in a
straightforward numerical differentiation using adjacent points (Horne, 1990):

 ( t i − t i − 1 ) ∆p i + 1
( t + t − 2 t )∆ p i
( t i + 1 − t i ) ∆p i − 1 
 ∂p 
t   = ti 
+ i + 1 i −1 i
−

 ∂t  i
 ( t i +1 − t i )( t i + 1 − t i −1 ) ( t i + 1 − t i )( t i − t i −1 ) ( t i − t i −1 )( t i + 1 − t i −1 ) 
(3.11)

The reservoir heterogeneities, e.g. area with multiple distinct homogeneous
regions are defined by discontinuities. A composite reservoir system is one of the
examples. These abrupt changes in reservoir properties can be observed at pressure
derivative curves and are a function of mobility and storativity. The deviation of
derivative plots from its infinite-acting radial-flow signature (straight line with zero
slope) indicates the changes in reservoir mobility and storativity.
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We assume that in our study, reservoir heterogeneity only defined by different
permeability values in lateral direction, while porosity and fluids properties are kept
constant. The permeability in vertical direction is kept constant. Therefore, permeability
changes in different reservoir regions can be detected from slope changes in pressure
derivative plot. The onset of this slope deviation from zero-slope straight line indicates
that changes. The corresponding time when this slope change occurred can be linked to
the relative location of the discontinuity from the observing well by radius of drainage
concept.
To obtain the start of spatial permeability variation, we use the radius of drainage
concept which is routinely used in well test analysis. In most cases, the radius of drainage
defines a circular system with a pseudo-steady state pressure distribution from the well to
the “drainage radius”. Van Poolen (1964), Kazemi (1970) and Gibson & Campbell
(1970) suggested the following approximate solution for the drainage radius:

rd = 0.029

kt
φµc t

(3.12)

where rd is the radius of drainage in ft, t is time in hours. Equation 3.12 only applies
when time < t pss . At the end of this procedure, the continuous production record is
segmented into important flow episodes, and the gross information about the permeability
and shape characteristics of these zones are also obtained.
The procedure for the preliminary pressure transient analysis is outlined below:
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1. The unknown parameters, k and C A , are initialized with some reasonable values,
obtained from initial log and semi-log analysis.
2. Based on pressure profile in Cartesian plot which has constant slope for pseudo
steady state period, we determine t pss , time when pseudo steady state flow solution
needs to be implemented.
3. Calculate ∆p wf for the time after rate changes based on Eq. 3.5. The dimensionless
pressures for each flow regime are defined below:
If the rate changes happen for 0 ≤ t < tpss
pD =

1
[ln( t D ) + 0.80907]
2

(3.13)

If the rate changes happen at t ≥ tpss

p D = 2π t DA +

1  A  1  2.2458 

ln  + ln
2  rw2  2  C A 

Recall that A is total drainage area, C A

(3.14)

is the shape factor as defined by Dietz

(1965).
4. Construct the bottom-hole flowing pressure for constant rate well test based on
p wf q cons tan t = p wf data + ∆p wf

(3.15)

This removes the discontinuity in reconstructed pressures caused by rate changes. The
abrupt discontinuity at the instant rate change occurs is excluded from the
reconstructed pressure profile since it cannot be captured by simple analytical
pseudo-steady state model.
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5. If there is significant gap in the pressure profile across a period of rate change,
interpolate values to fill that gap using polynomial interpolation.
6. Construct the pressure derivative plot using this reconstructed bottom-hole flowing
pressure profile using Eq. 3.11.
7. Optimize effective permeability, k , total drainage area, A , and shape factor, C A by
minimizing the difference between pressure derivative of the reconstructed
p wf data and the pressure derivative obtained by running a forward well test model

assuming an arbitrary constant flow rate.
8. Perform analysis to determine the boundary of the heterogeneous reservoir zone using
Eq. 3.12.
If there is multiple rate changes, repeat step 3 to 8.

3.3 IMPLEMENTATION AND RESULTS

In order to illustrate the implementation of the developed algorithm, a simple
synthetic reservoir test case is considered. The pressure transient data is generated using a
commercial flow simulator. The base case model we use in this study is a single well in a
closed square horizontal reservoir with a circular low permeability region at well region,
producing at constant rate, q=100 stb/d. Each flow simulation grid block is assumed to be
100 ft x 100 ft x 40 ft, and contains a slightly compressible fluid of constant
compressibility, ct=10 x 10-6 psi-1, and viscosity of 0.685 cp. The porous medium has a
porosity of 0.22, thickness of 40 ft, and initial pressure 1007 psi. The spatially varying
permeability field is shown in Figure 3-2. The well is located in the center of the
reservoir.
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Figure 3-2: Permeability field for base case model.

Blue region at Figure 3-2 represents area with permeability 10 md which diameter is
1000 ft, and green region is for 100 md.
The pressure at the bottom of the well is monitored and recorded periodically.
Well-bore storage effects and skin are assumed non-existent. The monitoring data is
acquired for duration of 849 days. The semi-log plot of bottom-hole pressure versus time
is shown in Figure 3-3. The straight line at early times is followed by a sharper decline in
pressure at later times indicative of boundary effects.
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Figure 3-3: Well bottom-hole pressure decline from a single well produced at constant
rate, 100 STB/d

Based on the well pressure response, we can see the change in slope on the semilog plot during transient period, indicative of permeability changes from inner to outer
region. The log-log plot in Figure 3-4 confirms this change as the pressure derivative plot
shown decrease in slope in the period between 100 hours – 1000 hours. The interpreted
well test effective permeability for the transient period is 9.78 md, corresponding to a
radius of drainage up to 1056 ft, when the slope of pressure derivative start to deviate
from straight line radial flow indicator. The onset of permeability changes is obtained by
locating the change from the zero slope, radial flow indicator on the derivative plot to the
steep decline portion corresponding to the outer regions of higher permeability.
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Figure 3-4: Log-log plot of pressure difference and pressure derivatives corresponding to
the base case permeability distribution

Compared to the original synthetic case, the inner region permeability and the size of the
inner permeability region are very close to the values computed from the continuous
monitoring data.
We expand the base case model, using the same permeability distribution, fluid
and rock properties to investigate the influence of variable testing rates in well pressure
response. By applying our proposed procedure as described earlier, we determine the
effective permeability and the onset of permeability change.

41

3.3.1 The Influence of Multiple Rates in Well Bottom-hole Flowing Pressure

Pressure drawdown is very sensitive to production rate fluctuations. Our goal is to
demonstrate the viability of retrieving heterogeneity related information from the
pressure transient data despite the influence of rate fluctuations.
We applied the proposed procedure to reconstruct the well pressure response
correcting for the rate fluctuations. The permeability distribution used to generate the
observed pressure response is the same as before. Figure 3-5 shows the well bottom-hole
flowing pressure data for the single well produced at 100 STB/d for 282 hours, and then
reduced to 75 STB/d for the rest of production history. The BHP profile had the well
been continued to produce at 100STB/d was constructed using the procedure discussed in
the previous section. This reconstructed pressure profile is also shown in the same figure.
The pressure derivative plot corresponding to the reconstructed pressure profile is shown
in Figure 3-6.
When compared to the original pressure derivative from Figure 3-4, the distortion
in pressure derivative plot is caused by the abrupt transition caused by rate changes which
cannot be represented by either transient flow model or pseudo steady state model. The
change in the slope of the pressure derivative plot from a zero slope line (indicates radial
flow portion of the data) to with a profile with negative slope indicates changes in spatial
reservoir properties, i.e. permeability and that is still reliably indicated in Figure 3-6.
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Figure 3-5: Well test pressure decline for 2-rate production scheme
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Figure 3-6: Log-log plot of pressure difference and pressure derivatives from 2-rate
production scheme after adjustment for the influence of variable rates
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For the 3-rate well test, the original well BHP profile as well as the reconstructed
profile is shown in Figure 3-7. The pressure response shows a build-up like behavior after
rate decrease which due to the low permeability region in the vicinity around the well.
The pressure derivative plot for forward model pressure response is presented in Figure
3-8. Again the abrupt rate transitions cause jumps in the derivative plot but the relative
location of the periods with slope changes are reliably indicated. From the 2-rate and 3rate well test responses, the interpreted effective permeability for inner and outer regions
are 10 md and 11.87 md respectively. The computed permeability for the inner region is
close to the reference value of 10 md. The distance to the boundary of the heterogeneous
region is estimated at 1056 ft. which is in agreement with the reference.
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Figure 3-7: Well pressure decline from 3-rate production scheme
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Figure 3-8: Log-log plot of pressure difference and pressure derivatives from 3-rate
production scheme after adjustment for the influence of variable rates

We calculate the average effective permeability of permeability distribution in
Figure 3-2 using the radial beds in series approximation and obtain a value of 12.48 md.
which is close to the calculated value of 11.87 md.

3.3.2 The Influence of Permeability Distribution Shapes in Well Bottom-hole
Flowing Pressure

In practice, the spatial permeability distribution may not have a distinctive shape,
unlike the cases presented earlier. Using the same rock and fluids properties as in the base
case model, we generate pressure responses of a single well in a reservoir with different
permeability distributions. The well is located in the center of the reservoir.
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The first permeability distribution that was used is shown in Figure 3-9. The blue
represents region with permeability equal to 10 md and green is for region with 100 md.
The influence of variable-rate well production on well bottom-hole flowing pressures is
investigated similar to the cases performed using the base case model.

Figure 3-9: Elliptical shape of permeability distribution

The constant rate production of 100 STB/d for 849 days yields well bottom-hole
flowing pressure profiles as shown in Figure 3-10. The log-log plot of pressure
difference, i.e. the difference of initial pressure and well bottom-hole flowing pressure,
and the pressure derivative for this system is shown in Figure 3-11. The change in slope
observed in the derivative plot in the period between 100 hours and 1000 hours indicates
the change in effective permeability and its influence on the observed pressure response.
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Figure 3-10: Well pressure decline from a single well produced at constant rate, 100
STB/d in a reservoir exhibiting permeability heterogeneity as shown in Figure 3-9
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Figure 3-11: Log-log plot of pressure difference and pressure derivatives for elliptical
permeability distribution
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The boundary of the permeability region is indicated at a distance of 1838 ft, which is
consistent with the synthetic permeability distributions. This value is in agreement with
the minor axes of the elliptic permeability region of 2000 ft. The interpreted effective
permeability for transient flow is 9.89 md. which is close to the harmonic average of
10.85 md.
The 2-rate and 3-rate well test scenarios are investigated next. The results are
summarized below. From both 2-rate and 3-rate well tests, the optimized effective
permeability for inner and outer regions are consistent, 10 md and 11.75 md respectively.
The onset of permeability changes differ slightly, 1677 ft for 2-rate and 1755 ft for 3-rate
case. This is caused by the shape of pressure derivative plots that still show distortion due
to the inability to model the transitional period when the rate changes abruptly.
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Figure 3-12: Well test pressure decline corresponding to the 2-rate case in a reservoir
exhibiting the elliptical permeability distribution shown in Figure 3-9
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Figure 3-13: Log-log plot of the reconstructed pressure difference and the corresponding
pressure derivatives from the 2-rate test in a reservoir exhibiting a elliptical permeability
distribution
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Figure 3-14: Well test pressure decline corresponding to 3-ratechanges for the case with
the elliptical permeability distribution
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Figure 3-15: Log-log plot of the reconstructed pressure difference and the corresponding
pressure derivatives for the 3-rate well test with elliptical permeability distribution

We also analyzed the constant-rate well pressure responses for other permeability
distributions as shown in Figure 3-16. The width and length of the 10 md permeability
region are 1000 ft and 3000 ft respectively. This permeability distribution is subject to 2rate and 3-rate well tests with the same schedule as in previous cases. The well bottomhole flowing pressure for the single rate well test is shown in Figure 3-17. Note that the
radial flow zero-slope straight line portion on the pressure derivative plot is shorter than
that for other shapes of permeability distributions as shown in Figure 3-18.
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Figure 3-16: Rectangular shape of the permeability distribution. Blue color represents
regions with permeability 10 md and green denoted regions with 100 md permeability
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Figure 3-17: Well test pressure decline corresponding to a single-rate well test with
rectangular permeability distribution, q=100 STB/d
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Figure 3-18: Log-log plot of pressure difference and pressure derivatives for rectangular
permeability distribution

Based on the pressure derivative plot, the boundary between the inner and outer
permeability region is estimated to be at a distance of 530 ft. The interpreted effective
permeability from semi-log plot is 9.88 md. Both of these calculated values are in
agreement with the reference model.
The well BHP data and the reconstructed forward pressure response for the 2-rate
and 3-rate well tests are shown in Figure 3-19 to 3-22. For both these cases the optimized
inner and outer region permeability are consistent 10 md and 12.99 md with the
reference. Using the radius of drainage concept, the distance to the boundary of the inner
permeability regions is estimated to be 530 ft. Some distortions are still observed in the
pressure derivative plots, but they do not affect the interpreted results.
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Figure 3-19: Well test pressure decline corresponding to the 2-rate well test for the
rectangular permeability distribution
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Figure 3-20: Log-log plot of the reconstructed pressure difference and the corresponding
pressure derivative for the 2-rate well test with rectangular permeability distribution.
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Figure 3-21: Well test pressure decline for the 3-rate well test with the rectangular
permeability distribution
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Figure 3-22: Log-log plot of the reconstructed pressure difference and pressure
derivatives for the 3-rate well test with the rectangular permeability distribution
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In summary, the general trend of the constant rate pressure derivative plot can be
reconstructed and used to determine the size of the heterogeneous region.

3.3.3 The Influence of Permeability Contrast on Well Bottom-hole Flowing Pressure

From previous discussions, we know that the proposed method to reconstruct the
constant-rate pressure response corresponding to variable-rate well bottom-hole flowing
pressure data can be used to estimate the onset of permeability change. The following
study investigates the influence of permeability contrast between inner and outer regions
on the well pressure responses and the subsequent influence on the calculated results.
We use the model with the composite permeability distribution as described in
Figure 3-2. We use the same rock and fluid properties, but vary the permeability of the
inner and outer regions. Three values 10 md, 8 md, and 5 md are assumed for the inner
region permeability, while 100 md and 1000 md for the outer region.. The well bottomhole pressure profiles are shown in Figure 3-23. From these plots, we observe that the
pressure response depends on the inner region permeability, while the outer region
permeability has a very small influence. Consequently, the outer region permeability was
kept constant at 100 md and checked the applicability of the proposed method to
reconstruct the constant-rate well pressure response based on a 2-rate well test.
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Figure 3-23: Semi log plot of well bottom-hole flowing pressure profiles for various
permeability contrast cases.
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Figure 3-24: Well test pressure decline for the 2-rate well test with composite
permeability distribution and the inner region permeability 5 md.
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Figure 3-25: Log-log plot of the reconstructed pressure difference and pressure
derivatives for the 2-rate well test with composite permeability distribution and inner
region permeability 5 md.
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Figure 3-26: Well test pressure decline for the 2-rate well test with composite
permeability distribution and inner region permeability of 8 md.
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Figure 3-27: Log-log plot of the reconstructed pressure difference and pressure derivative
for the 2-rate well test with composite permeability distribution and inner region
permeability of 8 md.

Results from the 5 md–100 md permeability contrast case and 8 md–100 md
contrast case are shown in Figure 3-24 to Figure 3-27. The optimized inner region
permeability is always in agreement with permeability of the synthetic model, while the
calculated effective permeability corresponding to the later transient pressure response
corresponds to the aerial (harmonic) average of permeabilities. From the pressure
derivative plot, the change in slope between 100 hours to 1000 hours indicates the onset
of the transition from one permeability region to the next, and the corresponding spatial
distance is calculated to be between 968 ft to 982 ft. These numbers are very close to the
1000 ft radius of the inner zone permeability for the reference case.
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3.4 SUMMARY

Based on the several productions and well testing scenarios discussed in this
section, the method to reconstruct the equivalent constant-rate well pressure response
based on the variable-rate dynamic data works fairly robustly. The permeability of the
region closer to the well can be estimated accurately, while an effective average
permeability for the region farther away from well can be computed. That value is
consistent with the average permeability calculated based on radial beds in series.
Using the radius of drainage concept, we can approximately determine the size of
the major heterogeneous regions in the reservoir in lateral direction. This study does not
take into account heterogeneity in vertical direction. In the cases presented in this study,
the location of the boundary between heterogeneous regions is determined to be very
close to the reference models. This information, combined with semi-variogram or
covariance of the permeability field will be used as inputs for a rapid reservoir model
updating scheme that will yield high resolution models of the reservoir. The permeability
updating method is implemented within a stochastic framework and yields detailed
realizations of the permeability field.
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Chapter 4: Updating Reservoir Model Using Continuous Monitoring
Data – Probability Perturbation Approach
4.1 INTRODUCTION

Generating realizations of reservoir properties such as permeability and porosity
fields conditioned to static and dynamic data is quite complex and difficult. The problem
arises from the non-linear relationship between dynamic data and reservoir properties.
Screening of realizations to pick the ones that yield a close match to the observed
production data would require frequent runs of flow simulator which is quite expensive,
especially for larger reservoir models with complex geologic structures. Understanding
the relationship between the spatial variability of reservoir properties and the
corresponding flow response also poses challenges. Thus, most approaches for
conditioning reservoir models to dynamic data are approximate this relationship using
linearization for example, or using simplified flow models.
The geologic uncertainty persisting after the integration of static reservoir
information and the prior model of reservoir heterogeneity summarised by the variogram
is represented by the ensemble of reservoir model realizations. Pressure transient data is
utilized to further constrain the realizations because it provides information about
regional values of permeability, reservoir continuity and the presence or absence of flow
barriers. The well test analysis procedure discussed earlier cannot provide specific
estimate of reservoir properties at all locations. Thus, to provide detailed and fine-scale
description of reservoir, integration of dynamic data into model is performed within a
stochastic framework.
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Once the information of reservoir zones and effective flow properties have been
assessed based on the methodology described previously, the retrieved information will
be used to update reservoir model. A probabilistic updating method will be presented that
will by construction yield reservoir models that match the particular segment of
production data. The reservoir model updating scheme is such that incremental segments
of dynamic data be utilized for the updating process without significantly altering the
model at the end of previous stages.

4.2 CONDITIONING RFESERVOIR MODEL TO DYNAMIC DATA

Once the important segments indicative of reservoir geological features and
properties of the acquired data have been identified, the subsequent task is to utilize the
continuous data to update the prior reservoir model. Stochastic optimization technique is
becoming an attractive method to accomplish such updating. One of many algorithms
available is gradual deformation method.
Gradual deformation methods (Hu, 2000) have recently become popular for
constraining multi-Gaussian random fields to dynamic data. The basic principle is to
combine stochastic realizations of the reservoir such that the combined model yields
dynamic response that is closer to the observed dynamic data. The gradual deformation
techniques yield reservoir models that evolve smoothly at each step honouring the
specific constraints posed by the prior structural model, the seismic data and/or the
production data. The major disadvantage is that the procedure can be viably applied only
for multi-Gaussian fields.
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An alternative to gradual deformations of stochastic realizations of the reservoir is
to utilize the dynamic data to directly perturb the conditional probability distribution from
which permeability realizations are sampled (Caers, 2002; Kashib and Srinivasan, 2003).
Once the conditional probability distributions are suitably perturbed and updated using
the available dynamic data, multiple realizations of the reservoir can be sampled from the
updated conditional probability distribution, thereby rendering uncertainty assessment is
computationally feasible. This approach has been demonstrated to retain the
computational efficiency of the traditional gradual deformation algorithm, while at the
same time being amenable to modeling non-Gaussian permeability fields and reservoirs
exhibiting severe discontinuities such as facies/indicator type distributions.
Using similar principle as the probability perturbation method described briefly
above, the goal of this study is to update prior reservoir model developed based on static
data using the pressure transient data. The assessment of conditional probability of
spatially varying reservoir properties based on static data was conducted utilizing
indicator kriging. The updating of the reservoir model is performed by updating the prior
local conditional probability functions (obtained by indicator kriging) using the pressure
transient data from wells. The permanence of ratio hypothesis (Journel, 2002) is used to
combine the prior local conditional distribution and the probability distribution reflecting
the information in the dynamic data. Using the p-field simulation algorithm, we sample
the different updated local conditional probability distributions using auto correlated
random numbers (p-values), The resulting realizations therefore reproduce the prior
spatial correlation structure as well as the dynamic data.
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4.3 STOCHASTIC UPDATING OF RESERVOIR MODEL USING
CONDITIONAL PROBABILITY PERTURBATION METHOD

The analyzed and segmented data from the previous pressure transient analysis
step has to be utilized to update the prior model of the reservoir. An alternative to
stochastic optimization methods for updating the reservoir model is to utilize the dynamic
data to directly perturb the conditional probability distribution from which the
permeability realizations are sampled. Once the conditional probability distributions are
suitably perturbed and updated using the available dynamic data, multiple realizations of
the reservoir can be sampled from the updated conditional probability distribution,
thereby rendering the task of uncertainty assessment computationally feasible. This
approach has been demonstrated (Kashib & Srinivasan, 2003)

to retain the

computational efficiency of the traditional gradual deformation algorithm, while at the
same time being amenable to modeling non-Gaussian permeability fields and reservoirs
exhibiting severe discontinuities such as faults.
The spatially varying permeability field is modeled as a random function. The
objective is to model the joint uncertainty about permeability values at all location within
reservoir domain. Developing a reservoir model which is conditioned to both static and
dynamic data carries the same implication as to construct the joint conditional probability
P ( A B , C ) . The common approach is to synthesize this complex conditional probability

in terms of the elemental conditional permeability i.e.:

P ( A B , C ) = f {P ( A B ), P ( A C ), P ( A)}
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(4.1)

P ( A B ) is the probability distribution of the simulation event A , i.e. permeability value

at an unsampled location given B , which is static data to which the simulation is
conditioned to. If P ( A B ) is modelled using traditional geostatistical techniques, the
variogram or covariance that reflects the prior geological structural information is
included in that model. P ( A B ) can be computed using a spatial interpolation technique
such as indicator kriging. P ( A C ) is the probability of permeability value at a particular
location given the conditioning production data, C . It is non-trivial to derive this
conditional probability since the relationship between permeability field and the
corresponding dynamic response data is strongly non-linear and the dynamic response is
affected by numerous other factors besides the permeability field. P ( A) is the prior
probability of permeability value at an unsampled location, that can be obtained on the
basis of static data. The stochastic models of the reservoir are obtained by sampling
realizations from the joint probability distribution P ( A B , C ) .
An iterative calibrating procedure based on the concept of Markov Chains is used
to quantify the conditional probability distribution of event A conditioned to the
information implied in dynamic data, C . The parameterization of the Markov Chain uses
a dynamic updating factor rD ∈ [0.1] as shown below:

{

}

P I l +1 ( u) = k ′ I l ( u) = k , C = rD . P {I ( u) = k ′}
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∀ k′ ≠ k

(4.2)

l = 1, L , L superscript indicates iterative steps, k and k ′ represent indicator category.

The equation presumes that the continuous permeability field has been coded into
indicator classes based on a set of selected permeability thresholds. Equation 4.2 above
implies that the outcome of an indicator RV I ( u) at step ℓ+1 is dependent only on the
outcome at the previous iteration step ℓ. A dynamic factor rD facilitates the transitioning
from indicator category k at step ℓ to the category k ′ at step ℓ+1, and will be selected
such that the mismatch between the predicted dynamic response and the observed data is
minimized. The probability that the indicator category remains unchanged during an
iteration step is given by the closure relationship:

{

}

P I l + 1 ( u) = k ′ I l ( u) = k , C = 1 − ∑ rD . P {I ( u) = k ′}

(4.3)

k ′≠ k

Equations 4.2 and 4.3 yield the conditional distribution P ( A l | C ) at each iteration step ℓ.
The requirement is that the Markov Chain procedure is started with an initial realization
of the permeability field i.e. I o (u ) is assumed known for all u ∈ Reservoir .
The permanence of ratio hypothesis (Journel, 2002) is used to synthesize complex
conditional probability P ( A l | B , C ) as a function of the elemental probability
distributions. The hypothesis states that the contribution of event C towards the updating
event A remains unchanged regardless of the occurrence of event B . Thus:

x c
=
b a

(4.4)
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where:

x=

a=

b=

c=

1 − P ( A B, C )
P ( A B, C )

(4.5)

1 − P ( A)
P ( A)

(4.6)

1 − P( A B)
P( A B)

(4.7)

1 − P( A C )

(4.8)

P( A C )

The parameters x , a , b , and c can be interpreted as the relative distance to event A ,
i.e. permeability value at unsampled location, occurring given the conditioning data B
or/and C . Thus if P ( A | B ) = 1 , then from Equation 4.7, b = 0 i.e. the relative distance
to A occurring is zero ( A is guaranteed to occur). By simple manipulation, the joint
conditional probability of P ( A B , C ) can be written:

P ( A B, C ) =

a
a + bc

(4.9)

While the permanence of ratio hypothesis retains a strong flavour of the
conditional independent hypothesis including Bayesian approaches for data integration,
the improvement in terms of a more robust standardization of the joint probability
expression than that derived under the conditional independence hypothesis has been
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demonstrated by Journel (2002). From the equation above, we can construct the joint
conditional probability of P ( A B , C ) based on the combination of conditional
probabilities P ( A B ) and P ( A C ) .
Starting with an initial guess for rD , the probability of P ( A C ) corresponding to
different indicator categories k = 1, K , K + 1 is calculated. This probability is combined
with P ( A B ) generated from indicator kriging (Deutsch & Journel, 1992) using the
permanence of ratio hypothesis (Journel, 2002) to obtain the joint conditional probability
P ( A B , C ) . The permeability value at each unsampled location is obtained by sampling

from P ( A B , C ) . The predicted pressure response is obtained by running the flow
simulator. An objective function that describes the deviation of predicted and observed
well bottom-hole pressure data is used:

E t ( rD ) =

nwell

2

t ia

∑ ∑

p

predicted
wf

(ti ) − p

observed
wf

( t i , rD )

iwell = 1 t i = 0

(4.10)

By adjusting the dynamic parameter, rD a local minimum of the objective function
corresponding to the starting realization I l (u ) is obtained. A 1-D non-gradient
optimization technique, the Dekker-Brent method (Press, 1992) is utilized to get an
optimal value of rD . The permeability model corresponding to the optimum rD becomes
the updated model I l +1 (u ) for the next step of the Markov Chain iteration. There are
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thus, two iteration loops – one for the optimization of the rD parameter corresponding to
the model I l (u ) (the inner loop) and the other for updating the model I l +1 (u ) .

4.3.1 The Role of Dynamic Parameter, rD

The dynamic parameter, rD , controls the deformation of the prior distribution for
permeability under constraints posed by dynamic data. That deformation is in the form of
the transition of permeability from one category to the other. A higher value of rD
implies higher probability for the permeability value to change from the current category
to a new category after one iteration. As a result, the realization sampled at the current
iteration step could be significantly different from that at previous step. In contrast, low
value of dynamic factor rD indicates higher probability to remain in the same category
over the iteration step. This gives rise to a realization that is quite similar to that at the
previous step.
The spatial connectivity shown by reservoir domain could exhibit distinctive
patterns in different regions. Therefore, in such a case, the adjustments made to the
conditional probability distribution that controls the realization of permeability could be
different in different regions in order to honor constraints posed by dynamic data. For
example, multiple wells in a particular reservoir domain could show responses that are
very different from the historic field production data. In such a case, the reservoir
properties in those regions should be changed more drastically than in the others that
show good match with observed production data. Regions of the reservoir that show large
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deviation from observed dynamic data might require higher rD value. This creates a need
for localized perturbation scheme.
The use of localized perturbation scheme also allows flexibility in integrating
different type of data when they become available. For the case of multiple wells in
reservoir that are brought online at different stages, the perturbations can be restricted to
regions where the additional production information becomes available. Since the
geological and other static data are always honored by the conditional probability
P ( A B ) , the reservoir models constructed using such local perturbation scheme would

not exhibit any artifact discontinuities.
This localized perturbation scheme requires delineation of reservoir domains
within which the perturbation can be performed. These zones could be defined on the
basis of various parameters such as sensitivity coefficients, pressure gradients, streamline
density, etc. In this work, the drainage radius of pressure transient responses as described
in Chapter 3 will be used to define the zones.
As has been discussed previously, the log-log plot of pressure and pressure
derivatives vs. producing time show the onset of permeability changes based on slope
changes in derivatives plot. This has been demonstrated with various shapes of spatial
permeability distribution in Chapter 3. Since the onset of the influence of different
permeability regions occurs at different times, the conditioning of reservoir models to the
pressure transient data can be done by locally perturbing the corresponding reservoir
region keeping the conditional probability distributions in other regions unperturbed.
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Localized perturbation scheme using multiple rD parameters, one for each
reservoir region, will require an optimization approach that would have to be performed
with respect to each of the dynamic parameters. This could be achieved with a multidimensional optimization scheme to jointly optimize the set [ rD ] comprising of n
deformation parameters. However, such multi-parameter optimization could add
significantly computational cost, consequently a sequential 1-D optimization procedure
was implemented.

4.3.2 p-field Simulation

Probability field or p-field simulation (Srivastava, 1992) is a methodology for
producing equiprobable models of simulated parameters that honor n conditional data,
which reflects the distribution and spatial continuity of the parameters being modeled.
Unlike sequential simulation (Deutsch & Journel, 1992), the conditional probability
distribution at each node being simulated is kept constant in p-field simulation and the
sampling of values from the distribution is done using a field of uniform random numbers
that is spatially correlated. This is in contrast to the sequential simulation procedure
where spatial correlation of the simulated values is ensured by constructing the
conditional distributions incorporating the original data values as well as the previously
simulated values. The conditional distributions thus are themselves dependent on the
random path through the realizations. In the p-field approach, the conditional
distributions remain unchanged as the simulation proceeds and the correlation between
simulated values is ensured using spatially correlated random numbers (p-value) that are
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used to sample values from the conditional distributions. The implementation of the pfield simulation is as follows:
1. At each location uj being simulated, build the conditional probability distribution
model F(uj; z|(n)) using indicator kriging algorithm (Deutsch & Journel, 1992). z is
conditional data set, {z(uα), α = 1, …, n}
2. Generate a set of auto-correlated p-values. {p(ℓ)(uj), j = 1, … , N}, called probability
field or p-field, that is spatially correlated in that they come from the same realization
(ℓ) of RF P(u), with stationary uniform distribution in [0,1] and covariance modeled
from the sample covariance of the uniform transform of the data.
3. At each location uj, draw a simulated value z(ℓ)(uj) from the conditional probability
distribution model F(uj; z|(n)) using p-value p(ℓ)(uj).
z(ℓ)(uj) = F-1(uj; p(ℓ)(uj),|(n))

j = 1, … , N

(4.11)

The correlation between neighboring p-values induces correlation on the
corresponding simulated z-values.

Step 2 and 3 are repeated to generate different realization.

4.4 INTEGRATING PRESSURE TRANSIENT DATA IN P-FIELD SIMULATION

The analysis of continuous monitoring data yields data episodes that correspond
to fluid flow through particular regions/zones of the reservoir. Departure of the observed
dynamic data from the established trends denotes transition of flow to other different
regions of the reservoir. In terms of the subsequent stochastic updating step, the data
analysis yields rD regions denoting areas/zones where the probability P ( A B , C ) has to
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be perturbed in order to match the measured pressure/flow profile corresponding to that
segment of the data.
The initial P ( A B ) at each location is derived using indicator kriging. An initial
permeability realization is sampled from this conditional probability distribution
following the p-field methodology. Knowing the prior P ( A) and the permeability value
at each location, the probability P ( A C ) is derived corresponding to an initial guess of

rD for the perturbation region identified in the data analysis step. The complex
probability P ( A B , C ) is constructed using Equation 4.9. Adopting a p-field simulation
approach, a realization is sampled from the updated P ( A B , C ) using a correlated
random field.
Flow simulation is performed on this realization and the mismatch in flow
response characteristic is recorded. Improved guesses of rD are obtained using a 1-D
optimization technique such as the Dekker-Brent method (Press, 1992). At the end of this

rD optimization loop, an updated realization I (u) is obtained that is used as the updated
realization to calculate P ( A C ) using Equation 4.2. Optimization of rD corresponding to
this updated realization is again carried out inside an inner loop. This process of
optimization of rD and calculation of

P ( A C ) using updated realization I l + 1 ( u) is

carried on until global convergence is obtained.
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4.4.1 Results – Circular Shape Heterogeneity

To illustrate the implementation of the p-field data integration approach, we use a
synthetic case with spatial permeability distribution as shown in Figure 3-2. The
following reservoir and simulation parameters are assumed:
1. A single well in a closed square 2-D reservoir, producing at constant rate, q=100
STB/d.
2. Each flow simulation grid block of dimension 100 ft x 100 ft x 40 ft.
3. A slightly compressible fluid of constant compressibility, ct=10 x 10-6 psi-1, and
viscosity of 0.685 cp.
4. A porosity of 0.22, thickness of 40 ft, and initial reservoir pressure of 1007 psi.

The well is located in the center of the reservoir. Figure 4-1 shows the imposed
production rate and the corresponding pressure response at the well, which is obtained by
running the flow simulator.
On the basis of the production data and well bottom-hole flowing pressure, the
pressure transient data is analyzed first and then the p-field approach is implemented to
determine the spatial distribution of permeability within the reservoir domains at the
same resolution as the flow simulation model. The initial realization that honours static
data and the semi-variogram model is generated by sequential indicator simulation
conditioned to well data and effective permeability as well as shape and dimension of low
permeability region around well location derived from preliminary pressure transient
analysis. This initial permeability distribution is shown in Figure 4-2.
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Figure 4-1: Production data (top, rates; below, pressures) obtained corresponding to the
reference field shown in Figure 3-2.
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Figure 4-2: The initial permeability distribution generated using sequential indicator
simulation conditioned to well data for reference distribution shown in Figure 3-2

The updated permeability field obtained by implementing the p-field simulation
approach is shown in Figure 4-3. Constraining the model to dynamic data causes
heterogeneity features to appear in the immediate vicinity of the well. The pressure match
at the end of this first step is shown in Figure 4-4. This figure shows pressure values at
producing well located in the center of reservoir computed from the initial realization of
the permeability distribution (Figure 4-2) and from the final updated permeability field
and these are compared against the reference data (Figure 4-1). The pressure response
from the initial permeability realization shows large deviation from the observed pressure
data. However, the pressure responses derived from the updated permeability distribution
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shows a very good match with the reference data. The low permeability region around the
well is also retrieved with corresponding good match of pressure data. Since we are using
stochastic approach to model a deterministic feature (a circle), there are some artifacts
that appear in the initial and final model.

Figure 4-3: The final updated permeability distribution derived using the probability
perturbation method. The conditioning dynamic data is for a reference permeability field
with circular shaped heterogeneity (see Figure 3-2)
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Figure 4-4: The pressure responses computed for the initial realization, the updated
permeability field and for the reference reservoir with circular shaped heterogeneity
(Figure 3-2)

In the above example, the pressure responses were obtained numerically
corresponding to a constant rate. This would not usually be the case in field applications.
The pressure response corresponding to variable production rate is given in Figure 4-5.
All other reservoir and simulation parameters are the same for this case. Using the same
initial permeability distribution realization generated from sequential indicator simulation
(Figure 4-2), the initial reservoir model is updated using the observed pressure transient
data.
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Figure 4-5: Production data (left, rates; right, pressures) obtained from the reference field
as shown in Figure 3-2 - variable production rates

Figure 4-6: The final updated permeability distribution derived using the probability
perturbation method. The conditioning dynamic data is obtained for a reference
permeability field with circular shaped heterogeneity (see Figure 3-2) –
variable production rates
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Figure 4-7: The pressure responses computed for the initial permeability model, the
updated permeability model and for the reference reservoir with circular shaped
heterogeneity – variable production rates

The updated permeability field is shown in Figure 4-6. In Figure 4-7, the pressure
responses computed for the initial realization and the corresponding updated permeability
fields are compared against the true pressure data. The true pressure response is
reproduced with good accuracy by the updated field. The initial realization pressure
response shows significant deviation from the observed data.

4.4.2 Results – Elliptical Shaped Heterogeneity

To investigate the robustness of the probability perturbation method, different
patterns of spatial heterogeneity were considered. All fluids and rock properties are the
same as the ones used in the case described before. The true permeability field is shown
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in Figure 3-9 that shows an elliptical shaped heterogeneity of lower permeability near the
well-bore. The production data corresponding to the reference field (shown in Figure 4-8)
was obtained by running the flow simulator.
The initial spatial permeability distribution used in the updating process is shown
in Figure 4-9. This initial permeability distribution is generated based on information
obtained previously from pressure transient analysis, such as location of estimated
permeability changes and average permeability within calculated drainage radius. The
updated spatial permeability distribution is shown in Figure 4-10. The visual resemblance
between the updated permeability model in Figure 4-10 and the reference shown in
Figure 3-9 is remarkable.
Figure 4-11 shows the pressure response for the initial realization, the updated
spatial permeability distribution and the reference pressure data. Note the small deviation
at later times exhibited by the initial permeability field. This indicates that though the
interpretation of the distance to the boundary of the heterogeneous zone is reliably
inferred by the pressure transient analysis scheme, the details of the permeability
variation are incorrectly represented. The updating scheme brings heterogeneity shape
around well area closer to that of reference permeability field. The pressure responses
from updated permeability distribution shows very good match which confirms the
heterogeneity shape and dimension.
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Figure 4-8: Production data (top, rates; below, pressures) obtained corresponding to the
reference field shown in Figure 3-9.
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Figure 4-9: The initial permeability distribution used in the updating process

Figure 4-10: The final updated permeability distribution obtained using the probability
perturbation. The conditioning dynamic data is corresponding to the reference
permeability field with elliptical shaped heterogeneity (Figure 3-9).
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Figure 4-11: The pressure responses computed from initial realization, the updated
permeability model and the reference pressure data corresponding to a reference reservoir
with elliptical shaped heterogeneity.

A more realistic pressure response corresponding to variable production rates was
obtained numerically for the same reference permeability field. The reference production
data is shown in Figure 4-12. The updated permeability model obtained by applying the
probability perturbation scheme is shown in Figure 4-13. The corresponding pressure
responses from initial and updated permeability field together with the reference pressure
data are shown in Figure 4-14.
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Figure 4-12: Production data (left, rates; right, pressures) obtained for the reference
permeability field shown in Figure 3-9 – variable production rates

Figure 4-13. The final updated permeability distribution derived using the probability
perturbation method. The conditioning dynamic data was obtained for a reference
permeability field with elliptical shaped heterogeneity (Figure 3-9) – variable production
rates
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Figure 4-14: The pressure responses computed for the initial realization and the updated
permeability field is compared against the reference pressure data for a reservoir with
elliptical shaped heterogeneity – variable production rates

Note that for both the constant and variable production rate cases, the match
between the observed and predicted pressure responses is very good. The updated spatial
permeability distribution also shows general heterogeneity features indicate by the
reference model.

4.4.3 Results – Rectangular Shaped Heterogeneity

The permeability heterogeneity in the next case is in the form of a rectangular
shaped lower permeability region extending north-west in the reservoir domain. Figure 316 shows the reference permeability distribution for this case. A single production well
located in the center of reservoir 20,000 x 20,000 ft2 is produced for 849 days at the
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constant rate of 100 STB/d. The production data is shown in Figure 4-15. The initial
realization of permeability distribution is sampled from the conditional probability of
P ( A B ) utilizing p-field simulation algorithm. This initial permeability distribution is

shown in Figure 4-16. The correlation length for generating the initial realization is based
on the analysis of the pressure transient data to obtain the distance to the boundary of the
permeability heterogeneity and average effective permeability value analyzed from the
pressure transient data described in previous chapter. East-west width of low permeability
region is obtained from the onset of the slope of derivative plot deflection from horizontal
line and corresponding to radius of drainage of 530 ft. The interpreted effective
permeability is 9.88 md and reflected on initial permeability realization for area at the
vicinity of well (see Figure 4-16).
The updated permeability model is shown in Figure 4-17, while the bottom-hole
pressure responses are shown in Figure 4-18. The plot of pressure responses shows very
good match to the reference. The small deviation observed at later times is due to the
discrepancy in the size of the heterogeneity region around well. Conditioning the model
to additional “hard” permeability data from more wells will reduce the mismatch at late
times.
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Figure 4-15: Production data (top, rates; below, pressures) obtained corresponding to the
reference field in Figure 3-16
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Figure 4-16: The initial permeability model used for the updating process.

Figure 4-17: The final updated permeability distribution derived using the probability
perturbation method. The conditioning dynamic data is corresponding to a permeability
field with rectangular shaped heterogeneity (see Figure 3-16).
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Figure 4-18: The pressure responses computed using the initial realization, updated
permeability fields and the reference data.

4.4.4. Results – Using Multiple rD

The reference production data for 50 day duration was obtained corresponding to
the realization in Figure 4-19(a). The production data was separated into two segments,
as shown in Figure 4-20. The compartmentalization of the reservoir is also shown in
Figure 4-19, and a single production well is located in the center of reservoir. In the first
step, reservoir regions inside the dotted circle in Figure 4-19 were perturbed. Figure 419(b) shows the initial permeability model utilized in the updating procedure. Figure 419(c) shows the final model. Constraining to the initial segment of the dynamic data
causes heterogeneity features in the immediate vicinity of the well to appear. The
pressure match at the end of this first step is shown in Figure 4-20. As expected, the
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match corresponding to the first segment of production data is good, although a sizeable
mismatch is observed subsequently. This sizeable mismatch is understandable since the
permeability model in the regions outside the initial perturbation region do not reflect the
heterogeneity characteristics observed in the reference model.

(a) Reference field

Updated region

(c ) 1st stage updating

(b) Initial permeability field

(d) Updated permeability field

Figure 4-19: The updating of permeability realizations for synthetic case with multiple
rD regions
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Figure 4-20: Well test pressure decline from the predicted and observed data

In the second step of the updating procedure, region outside the dotted line in
Figure 4-19(c) were perturbed. The history match at the end of this second step is also
shown in Figure 4-20 (pink line). The observed production data is reproduced quite well.
The updated reservoir model in Figure 4-19(d) retains the permeability characteristics
developed at the end of the first step. However, the permeability values in the regions
away from the well location have now been updated such that they reflect the
heterogeneity observed in the reference model. The utility of this proposed methodology
to incremental data is thus demonstrated. The constrained models exhibit consistency
from one data integration step to the next.
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4.5 SUMMARY

The information regarding the estimated location of the boundary between
heterogeneous region obtained by pressure transient analysis is used as a measure of the
correlation length of the semi-variogram or covariance model of the permeability field.
When used in conjunction with the probability perturbation scheme, the procedure yields
high-resolution model of the reservoir that satisfy the prior geological information as well
as match the historic production data. The proposed method is implemented within a
stochastic framework that yields detailed realization of the permeability field. The p-field
simulation algorithm is utilize to draw realizations of the permeability field from the joint
conditional probability distribution, P ( A B , C ) which is in turn derived from the
elemental probabilities P ( A B ) - representing the prior geologic information as well as
the static data, and P ( A C ) – representing the information in dynamic data. Several
realizations can be sampled from this updated distribution, rendering the task of
uncertainty assessment possible. Furthermore, important questions such as assessing the
worth of dynamic data for uncertainty mitigation can be answered
To investigate the robustness of the probability perturbation technique, several
2-D cases with different spatial permeability distributions were used. The reference
pressure data are obtained numerically for these cases and used as conditional dynamic
data for the probability perturbation method. In all case, the updated reservoir models are
close to the reference models. The corresponding predicted and observed dynamic
responses show very close match. Fluctuations in pressure caused by rate fluctuations
seem to have no influence on the robustness of the probability perturbation method.
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A method for sequentially updating reservoir models using incremental
production information is also discussed. The reservoir regions informed by the
incremental data are first delineated. The probability perturbation is then performed first
within the regions corresponding to the initial episode of production and later within the
other regions. Since the prior geological information is explicitly taken into account in
the probability perturbation approach, the sequential conditioning procedure does not
introduce any artefacts in the resultant permeability model.
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Chapter 5: Updating Reservoir Model Using Continuous Monitoring
Data – Ensemble Kalman Filter Approach

5.1 INTRODUCTION

The increasing implementation of continuous monitoring devices in active wells
gives rise to additional complications for continuous reservoir model updating. Since the
sampling interval of permanent sensors is of the order of a fraction of a second, the
output frequency of dynamic data can be quite large. To update the reservoir model using
every single incremental datum is impractical. Hence the idea of extracting significant
data episodes using the pressure transient analysis technique and subsequently
performing incremental updates to the reservoir model. The objective is to have an
updated model conditioned to all static and the latest dynamic data useable for
forecasting.
History matching, both manual and automatic approaches, requires repeated flow
simulations. The problem is usually formulated in the form of minimizing the mismatch
between observed measurements and predicted responses. Gradient based methods are
widely employed for such minimization problems, and can be performed in several ways
(e.g. assimilating data in batch or sequentially); a variety of minimization algorithms can
be used (e.g. conjugate gradient or quasi-Newton), and several different methods for
computing the gradient are available (e.g. adjoint or sensitivity equations). However,
most implementation of these approaches is restricted to either small and simple reservoir
models or they end up being computationally very expensive.
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The Kalman Filter was originally developed to continuously update the states of
linear systems to account for available measurements (Grewal & Andrews, 1983).
Subsequently, the extended Kalman Filter was developed for updating parameter models
that are related to the measured responses through a non-linear transfer function. Kalman
Filter employs a filter gain to update the current model state to the next state. As is
explained later in this chapter, the filter gain is the covariance between the model
parameter and the corresponding model response, standardized by the error variance of
the response. For cases where an analytical expression for the covariance cannot be
derived, the ensemble Kalman Filter (EnKF) was developed. The EnKF has been
demonstrated to be applicable for very large models or highly non-linear systems
(Naevdal, et al., 2003; Wen & Chen, 2005). EnKF uses an ensemble of model
representations from which all necessary statistics can be directly computed. In the case
of reservoir model updates, dynamic responses such as pressure and saturation at all
model grid blocks are required other than the simulated well responses for each model
representation. This requires execution of the flow simulator but since the simulator is
only executed for one time step, the EnKF application for history matching has fairly low
computational cost. This motivated the implementation discussed in this chapter.
A modification to the traditional ensemble Kalman Filter for continuously
updating an ensemble of permeability models to reproduce real-time production data is
presented. We combine the conditional probability of permeability distribution
conditioned to static data (obtained by indicator kriging) with conditional probability
conditioned to dynamic data generated by the ensemble Kalman Filter. The permanence
of ratio hypothesis (Journel, 2002) is used to synthesize the joint conditional probability
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and the permeability field realizations sampled from this distribution will reflect the
constraints posed by both the prior geological information as well as the dynamic data.
This new approach addresses an important limitation of the traditional EnKF approach
whereby the updating process can yield reservoir models that steadily depart from
geological realism as the updating proceeds.

5.2 STOCHASTIC UPDATING OF RESERVOIR MODEL USING MODIFIED
ENSEMBLE KALMAN FILTER

The ensemble Kalman Filter is a Monte Carlo approach where an ensemble of
models states is used to approximate the covariance matrices used in the updating
process. This implies that no explicit linearization of the model function is necessary. In
addition, as the number of ensemble members ( N e ) increases, the error in the
corresponding covariance matrix decreases as 1 / N e (Evensen, 2003). The ensemble
Kalman Filter consists of three processes for each time step: i) forecast based on current
state variables (i.e. solve flow equations with current static and dynamic parameters), ii)
data assimilation (computation of Kalman gain), and iii) updating of state variables. The
evolution of dynamic variables is dictated by the flow equations solved using a reservoir
simulator.
The reservoir state vector consists of all the reservoir variables that are uncertain,
and need to be specified in order to run the reservoir simulator. This type of variables
includes static parameter (e.g. permeability fields that are traditionally called static
because they do not vary in time), dynamic parameters (e.g. pressure and phase
saturations in the entire model that are usually solutions of the flow equations), and
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production data (e.g. well production rates, bottom-hole pressure, water cut, etc. that are
usually measured at wells). The underlying precept is that uncertainty in geology
propagates to uncertainty in dynamic variables such as pressure and saturation and that in
turn results in uncertainty in well responses.
The state vector y k , j consists of three parts: model parameters containing static
data, m s , dynamic data vector, m d , and the production data vector, d ,

yk , j

m s 
 
= m d 
d 
 

(5.1)
k. j

where y k , j is the jth ensemble member of state vector at time tk. This approach is
initialized by a set of model realizations for m s and m d . To obtain production data vector
d , we utilize a flow simulator as our transfer function model. Static data vector, m s ,

consists of permeability in each cell of the reservoir model with dimension of N, i.e. the
number of active cells. Dynamic data vector, m d , includes pressure and saturations in
each cell (with dimension of 2N), and d includes oil and production rates at wells with
dimension of Nd,k. Note the dependency of the dimension of the data vector with the time
index k. This is because the number of variables recorded at the wells (as well as the
number of wells themselves) may change with time. The dimension of state vector is thus
Ny,k, which can change with time tk to account for different amount of production data at
different time. Since the state vectors for Ne realizations are taken together, the dimension
of the state matrix is N y ,k × N e .
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Note that in most history-matching applications, the parameters to be estimated
consist of only parameters that do not change with time, e.g. porosity and permeability.
Pressure and saturations are usually determined from knowledge of static properties by
solving the flow equations. By including both the static and dynamic parameters in state
vector, the pressure, saturation and permeability are simultaneously updated in the
Kalman Filter at each assimilation step, which introduces a potential for inconsistency
between the correction of static and dynamic variable (Gu & Oliver, 2004). However, the
updated pressure and saturation also ensures that the updating process ensures an orderly
evolution of reservoir models.
The state matrix is processed through a reservoir simulator to obtain the well
response at the next instant in time where new measurements of dynamic data are
available.

5.2.1 The Assimilation Step
Data assimilation occurs using a weighting matrix called the Kalman gain denoted

by K k .

y ku, j = y kf, j + K k (d k , j − H k y kf, j )

(5.2)

K k = C yf,k H kT ( H k C yf,k H kT + C d ,k ) −1

(5.3)

In equations 5.2 and 5.3, the superscript f denotes forward, meaning that the values are
output from the simulator after forward step; u represents the values after the update
(assimilation step). H k is a matrix operator that relates the state vector to the production
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data. Because the production data are part of the state vector as in equation (5.1), H k is
in the form of

H k =[ 0 | I ]

(5.4)

where 0 is a N d ,k × ( N y ,k − N d ,k ) matrix with all 0’s as its entries; I is a ( N d ,k × N d ,k )
identity matrix. C d ,k is the error covariance matrix of production data with dimension of
( N d ,k × N d ,k ) . This is a diagonal matrix if errors are assumed uncorrelated. C yf,k is the

covariance matrix for the state variables at time tk that could be estimated from the
ensemble of forecasted results ( y kf, j ) :

C yf,k =

f
f
1
(Ykf − Yk )(Ykf − Yk )T
Ne − 1

(5.5)

where Y kf is the ensemble of forecasted state vector at time tk with dimension of
f

N y ,k × N e . N e is the number of members in the ensemble. Yk denotes the mean of the

state variables calculated across the ensemble members and is a vector with dimension of
N y , k . The operation H k C yf,k H kT simply extracts the variance of the dynamic responses

computed over the suite of N e realizations.
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With Kalman gain, K k , and production data at the assimilating time step, d k , the
state vector then updated using equation 5.2. In practice, it is not necessary to compute an
approximation of the covariance matrix, because we only require the product of H k C yf,k
as shown in equation 5.3.
In order to illustrate this important point, consider the following simple example
of a reservoir case with only 2 grid blocks and experiencing single phase flow. The
parameters to be estimated are permeability and pressure conditioned to dynamic data, d .

p1 , d1
k1

p2 , d2
k2

Figure 5-1: Simple reservoir with 2 grid blocks for illustration purposes

The state vector for this case is given below:

yk , j

 k1 
k 
 2
 p1 
= 
 p2 
 d1 
 
 d 2 

(5.6)

The covariance matrix C yf,k is calculated based on ensemble of reservoir model
realizations and can be written as:
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C yf, k

 k1 k1

M
=
d k
 1 1
 d 2 k 1

k1 k 2
M

k 1 p1
M

k 1 p2
M

k1d 1
M

d1k2
d 2k2

d 1 p1
d 2 p1

d 1 p2
d 2 p2

d1d 1
d 2d1




d1d 2 

d 2 d 2 
k1 d 2
M

(5.7)

The matrix operator H k for this case is given by:
0 0 0 0 1 0
Hk = 

0 0 0 0 0 1 

(5.8)

Performing the operation C yf, k H kT we get:





C yf, k H kT = 





k1d 1
k2d1
p1 d 1
p2 d 1
d 1d 1
d 2d1







d 1d 2 

d 2 d 2 
k1 d 2
k2d 2
p1 d 2
p2 d 2

(5.9)

i.e. the operation extracts the covariance between the static/dynamic state variables and
the dynamic response. Similarly, the operation H k C yf,k H kT yields:
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0 0 0 0 1 0 
0 0 0 0 0 1 × 
 





k1 d 1
k 2d1
p1d 1
p2 d 1
d 1d 1
d 2d 1





 = [ d 1d 1

d 1d 2 

d 2 d 2 
k1d 2
k2d 2
p1d 2
p2 d 2

d 2d 2

]

i.e. the variance of the dynamic responses computed over the suite of N e realizations.
The Kalman gain as described in equation 5.3 is thus simply the covariance between the
static/dynamic variables and the dynamic response standardized by the variance of the
dynamic response calculated over a suite of N e realizations. With Kalman gain, K k , and
production data at the assimilating time step, d k , the state vector are updated using
equation 5.2.
Equation 5.2 has apparent physical meaning: the second part of the second term
on the right hand side is the difference between simulated and observed production data;
the larger this difference, the larger will be the update performed to the initial state
vector. If the simulated production data for a given realization is equal to the observed
data, no updating will be performed.
When new measurements of production data are acquired, the forecast is obtained
by running the flow simulator using the most current state vector to the time at which
new data is available. The new Kalman gain is computed, and the updating of the state
vector can be performed. After this step, the state vector of each realization in the
ensemble is considered to reflect the most current production data.
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5.2.2 Some Remarks

1. The concept of using Kalman gain for updating the state vector is similar to the
concept of kriging. Given a random function Z ( x ) with covariance function
K ( x , x ′ ) for x , x ′ ∈ D and is observed at n locations x 1 , x 2 , K , x n , in term of

kriging, the best linear unbiased prediction at an unobserved location x * is:

T

Z ( x * ) = c * C −1 Z

(5.10)

where Z = ( Z ( x1 ),K , Z ( x n ))T , C i , j = K ( x i , x j ) , and c i* = K ( x i , x * ) . The term
T

c * C −1 is simply the covariance of simulated values and observed data

standardized by the variance of observed data itself. Recall Kalman gain
definition:

Kk =

Cov{( m s , m d ), d k }
var{d k }

(5.11)

we can see the similarity concept between K k in ensemble Kalman Filter and
T

c * C −1 in kriging term.

2. The data reproduction is guaranteed within ensemble Kalman Filter framework. If
the location to be estimated coincides with a datum location where observed data
available, based on equation 5.2 there will be no updating, and the filtering
scheme will returns the datum value for the estimate. Thus ensemble Kalman
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Filter is an exact interpolator in the sense that it honors the (hard) data values at
their locations. However, in actual application, data might not be reproduced.
3. Unlike traditional history-matching applications, the collection of variables to be
estimated in ensemble Kalman Filter includes both static and dynamic variables
such as pressures and saturations. Therefore, state vector should include these
dynamic variables. As consequence, at each assimilation step the pressures,
saturations, and permeability are simultaneously updated.

5.2.3 Application of Permanence of Ratio Hypothesis in Ensemble Kalman Filter

The updating step in ensemble Kalman Filter is only driven by the difference of
the observed and simulated dynamic data. The same treatment is applied to update the
dynamic variables, m d . No prior static information, such as geological and geophysical
data is used as constraint in updating process. This can lead to a perfectly matched
observed and simulated dynamic response, but the ensemble reservoir properties
realization obtained may be inconsistent with underlying geological or other static data.
We discuss the application of permanence of ratio hypothesis in chapter 4. The
permanence of ratio hypothesis (Journel, 2002) is used to synthesize complex conditional
probability P ( A B , C )

as function of the elemental probability distributions. The

hypothesis states that the contribution event C towards the updating event A remains
unchanged regardless of the occurrence of event B. The detailed description of this
hypothesis has been given in chapter 4.
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Utilizing the same concept, we can determine the conditional probability of event
A given the conditioned dynamic data from the updated ensemble of permeability fields
resulted from ensemble Kalman Filtering. In this case, this conditional probability
is P ( A C ) , while C is the conditional production data. P ( A B ) is the probability
distribution of the simulation event A, i.e. permeability value at an unsampled location
given B, which is static data to which the simulation is conditioned to. In which case
P( A B)

also includes the variogram or covariance model depicted from the geological

structural information. P ( A B ) can be derived by a spatial interpolation technique such
as indicator kriging.
The joint conditional probability of P ( A B , C ) is derived as:

P ( A B, C ) =

a
a + bc

(4.9)

The detailed derivation is described in Chapter 4. The description of work flow for
modified ensemble Kalman Filter is illustrated in Figure 5.2. The original ensemble
Kalman Filter procedure will not have the additional p-field approach implementation to
synthesize the joint conditional probability of P ( A B , C ) and the second updating of
static parameters following this step. This procedure is repeated whenever new available
data is going to be assimilated.
In the next section, the ability and efficiency of the proposed ensemble Kalman
Filtering approach is demonstrated for sequentially updating reservoir models using 2-D
synthetic examples.
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Initial
realizations

t0

Forecast step:
Run flow simulator
t1

New data
Assimilation step :
Kalman Gain calculation,
P(A C )

p-field approach :
synthesize P ( A B , C )

Updating state matrix with
new static parameters

Forecast step:
Run flow simulator
t2

New data

Final updated
model at tn

Figure 5-2: Description of over all work flow for modified ensemble Kalman Filter
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5.3 IMPLEMENTATION AND RESULTS

The sequential updating of reservoir model based on ensemble Kalman Filter
approach revolutionizes the conventional procedure of history-matching using all type of
data simultaneously which generally requires frequent runs of flow simulator. Besides
cutting computational cost significantly, Kalman filtering is also independent of flow
simulator code. It only requires output of dynamic data responses, such as pressures and
saturations. Therefore, intimate knowledge of simulator code is not necessary, unlike
gradient-based updating which requires modification of simulator code.
The initial ensemble realization is generated using sequential Gaussian simulation
(Deutsch & Journel, 1992) conditioned to well data and other static data acquired
previously. Initial state vector is constructed based on initial realizations and includes
permeability, pressures, saturations, and dynamic data observed. The goal is to update
spatial permeability distribution based on new data, assimilated continuously when it’s
available. Each of initial realization in the ensemble is flow simulated to the next time
when new observed data is obtained. Subsequently, calculate covariances from the
ensemble, C yf,k . The assimilation step will include computation of Kalman gain described
in equation 5.3. Using new acquired data, state matrix is updated using equation 5.2.
These steps are repeated when new data is available. However, the last updated reservoir
model will serve as initial realizations for the next assimilating process. A set of updated
reservoir model is always available and constrained to the latest dynamic responses from
wells.
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5.3.1 Results – Simple 2-D Case

To illustrate the application of ensemble Kalman Filter in reservoir model
updating, a 2-D synthetic reservoir model is used. The reservoir mode contains 50 x50 x1
grid blocks, all of them are active. The grid blocks are uniform, 50 x 50 x 20 meters in
dimension. It’s two-phase system, oil and water with one producer and one injector wells
located at coordinate (18,4) and (40,42) respectively. For this synthetic case, only two
kinds of data are used for assimilation: water injection rate and oil production rate from
producer well. The reference permeability field is shown in Figure 5-3. Well locations are
indicated by two white circles on the map. The conditioning data, water injection rate for
injector well and oil production rate for producer well are generated by flow simulator
using true permeability field. These production data are shown in Figure 5-4 and 5-5.

Inj

Prod

Figure 5-3: True permeability field used as reference in reservoir model updating. White
circles represent well locations.
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Figure 5-4: Oil production rate data for producing well obtained from the reference field
as shown in Figure 5-3
Water injection rate for injector well
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Figure 5-5: Water production rate data for producing well obtained from the reference
field as shown in Figure 5-3
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Figure 5-6: Starting realizations of permeability field generated based on well data
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Realization #1
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Realization #30

Realization #40

Realization #50

Figure 5-7: Updated permeability field at 800 days after updating
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Sequential Gaussian simulation was used to generate 50 realizations of the initial
ensemble conditioned to well data. A few of these realizations are shown in figure 5-6.
The producing well is produced at variable rates for 800 days as shown in Figure 5-4,
while bottom-hole pressure at injector is kept constant at 450 bars. The assimilation step
is performed every 20 days. At 800 days, the updated permeability fields are shown in
Figure 5-7. If we take a look at realization #1, and compare the permeability changes
between initial and updated models, the largest changes are located in the near well-bore
region. Figure 5-8 illustrates this observation.

Initial model

Updated model

Inj

Prod

Permeability changes (md)
Figure 5-8: The permeability updating for realization #1
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One issue that needs to be address is the reproduction of dynamic data from the
updated reservoir model. Using water injection rate as conditioning dynamic data, we
evaluate the distribution of predicted water injection rate from ensemble. We compare the
results before and after first assimilation step and plotted as histograms (see Figure 5-9).
The observed data indicates an injection rate of 5600 m3/d at 10 days (shown in Figure 59 as arrow), but the distribution of water injection rate generated from the updated
ensemble shows that dynamic data is not exactly reproduced.
In order to solve the reproduction of dynamic data issue, we revisit the updated
static parameters, i.e. permeability fields, after first assimilation step and feed new set of
static parameters to the forecast step. We repeat this step until the dynamic data is
reproduced by all updated members of ensemble. This iterative step is illustrated in
Figure 5-10. After 10th iterations, the histogram shows only single value of water
injection rate.

Before updating

After updating

Figure 5-9: Water injection rate distribution at first assimilation step (10 days) before and
after updating
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1st iteration

3rd iteration

5th iteration

7th iteration

10th iteration
Figure 5-10: The iterative ensemble Kalman Filtering approach to ensure the
reproduction of dynamic data
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Based on this observation, the iterative implementation of ensemble Kalman
Filtering approach is necessary to ensure that the updated models correctly reflect the
conditioning dynamic data. However, this practice negates one of fundamental
advantages of Kalman Filter. Therefore, for the subsequent implementation, this iterative
modification will not be utilized.

5.3.2 Results – Elliptical Shape Heterogeneity

In order to compare and contrast the ensemble Kalman Filter approach for
sequential updating of reservoir models with the probability perturbation method
discussed in Chapter 4, we implemented method on the synthetic case with spatial
permeability distribution shown in Figure 3-9. The reservoir parameters are as following:
•

single well in a closed square horizontal reservoir

•

constant rate, q=100 stb/d

•

simulation grid block of dimension 100 ft x 100 ft x 40 ft

•

slightly compressible reservoir fluid of constant compressibility, ct=10 x 10-6
psi-1, and viscosity of 0.685 cp

•

two-phase with oil and water

•

constant porosity of 0.22, thickness of 40 ft, and initial reservoir pressure
1007 psi.

The well is located in the center of the reservoir with an elliptical shaped
permeability region around the well-bore. Figure 5-11 shows the imposed production rate
and the corresponding pressure response at the well, which is obtained from flow
simulator.
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The initial ensemble of permeability fields are generated using sequential
indicator simulator conditioned to well data. Prior information in shape and dimension of
permeability regions and effective average permeability interpreted from pressure
transient data are utilized to construct these initial realizations. The covariance and other
statistical properties for this synthetic case are determined from 50 members of ensemble
and shown in 5-12.
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Figure 5-11: Production data (left, rates; right, pressures) obtained from the reference
field as shown in Figure 3-9
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The well is produced for 805 days at a constant oil rate of 100 STB/d. During that
period, the bottom-hole flowing pressure and produced water rate are recorded
periodically. If the constant oil target cannot be met, the well is switched to a 100 psi
bottom-hole pressure constraint. During its production period, there is no water
breakthrough observed, as confirmed by the low produced-water rate. Two types of data
are used for assimilation: well bottom-hole pressure and produced-water rate. The state
matrix updates are performed every 20 days.
We observed the updated permeability realizations at 100, 200, 300, and 400 days
and the mean of the ensemble are shown in Figure 5-13. From the figure we can see that
the spurious low permeability regions in the south-west corner and northern part of well
location are diminishing after more data assimilated. Other low permeability regions
outside the radius of drainage of the well are observed due to lack of data in those
regions.
Flow simulation is performed using the mean of updated permeability field
realizations after 400 days. The well bottom-hole pressure response from this estimation
is compared to the observed data generated from reference permeability fields and plotted
together on figure 5-14. The results show very close match between estimated and
observed pressure transient responses.
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Figure 5-12: Initial permeability field realizations used for Kalman Filtering approach
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Figure 5-13: The updated mean of ensemble at various stages of assimilation

119

Well bottom-hole pressure
1200

1000

BHP (psi)

800

600

400

Pressure

200

Pressure after 400 days updating

0
0.1

1

10

100

1000

Time (days)

Figure 5-14: The observed and predicted pressure responses after assimilation

We compare the dynamic responses obtained from reference permeability field
and from updated models and shows the results in Figure 5-15. The black vertical line
divides the time axis into two phases: the history matching phases (0 - 400 days) and the
prediction phase (401 – 805 days). The well bottom-hole pressure and produced-water
rate variations among the ensemble of updated models are not unexpected and give us a
way to estimate uncertainty. The low permeability region in the vicinity of the well is
honored by the updated models, and well bottom-hole pressure responses confirmed this.
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Figure 5-15: Dynamic responses (top: well bottom hole pressure; bottom: produced water
rate) from producing well using updated models based on Kalman Filtering approach
after 400 days.
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The results shown above for this synthetic reservoir case indicate that the
permeability realizations evolve with each step of the assimilation process and the final
updated ensemble bear a resemblance to reference permeability field. The low
permeability region near the well is preserved after each updating step, as confirmed by
Figure 5-13. The well pressure response generated from flow simulator using mean of
permeability at 400 days shows very close match to the reference pressure data (see
Figure 5-14). In addition, using the ensemble of updated permeability fields, the
uncertainty associated with well performance can be quantified. Figure 5-15 shows the
range of well bottom-hole pressure and water rate variations observed for the ensemble at
400 days.

5.3.3 Results – Modified Ensemble Kalman Filter with p-field approach

The implementation of the traditional ensemble Kalman Filter approach for
updating a 2-D reservoir model has been demonstrated and the results shows good match
between reference permeability field and the updated ensemble of realizations.
Using the same synthetic reservoir model with elliptical shaped low permeability
region in the vicinity of the well, we implement the sequential updating procedure using
the modified ensemble Kalman Filter that also takes into account the prior geologic
information. The work-flow is illustrated in Figure 5-2. All rock and fluids properties are
identical with previous example, including the location of the well. The reference
production data is obtained for duration of 805 days, by producing at a constant oil rate of
100 STB/d. The reference production data and initial ensemble of permeability
distributions are shown in Figure 5-11 and 5-12.
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Figure 5-16: The updated mean of ensemble at various stages of assimilation using
modified EnKF with p-field approach
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Similar to the previous implementation of the traditional ensemble Kalman Filter,
we observe the evolution of the mean of the updated permeability models after
assimilation of 100, 200, 300 and 400 days of production data. The results are presented
in Figure 5-16. If we compare the mean of the permeability models at 100 and 200 days,
only the area within the dotted circle is updated. The low regions observed at the
perimeter of reservoir domains result from the stochastic nature of updating scheme and
the scarce data available in those regions.
As more data is assimilated, the ensemble evolves closer to the reference reservoir
model. This is observed after 300 and 400 days (see Figure 5-16). The low permeability
region in the vicinity of the producing well is observed from initial assimilation step and
maintained throughout the updating process. This is as a result of the constraints posed by
information interpreted from pressure transient and other statistic data that is used to
synthesize the conditional probability P ( A B ) .
The mean of permeability at 400 days is used for prediction and is utilized as
input for the flow simulator to obtained the estimated average dynamic response that can
be expected over the ensemble of permeability realizations. We compare the pressure and
predicted response from the previous updating using the traditional ensemble Kalman
Filter with the result from the modified approach in Figure 5-17. It is observed that the
result from the modified EnKF approach gives better prediction than the previous
updating with the traditional EnKF and shows closer match with the reference data.
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Figure 5-17: The observed and predicted pressure responses after assimilation, comparing
reference data with predicted pressure with EnKF and modified EnKF+p-field
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Figure 5-18: The observed and predicted produced-water rate after assimilation,
comparing reference data with predicted pressure with EnKF and modified EnKF+p-field
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Figure 5-18 shows the comparison between the reference produced-water data and
the predicted responses using the traditional EnKF and those from the modified EnKF.
The results confirm the finding that explicit integration of prior geological information
does result in a better match and ensure consistency with the prior geological structure of
the reservoir.

5.4 SUMMARY

The implementation of sequential updating using ensemble Kalman Filtering
approach has been demonstrated using a set of synthetic reservoir examples. The results
shows very good match with the reference models. The results also show that although
theoretically data reproduction is guaranteed by the Kalman Filtering approach, there is
some scatter in the dynamic responses computed using the ensemble of realizations. This
is most likely due to the updating being performed using only the covariance function. As
is well know, only purely multi-Gaussian models are completely characterized by the
second order moment (covariance). The implicit assumption in the EnKF approach is
therefore of multi-Gaussianity and when the underlying permeability field is nonGaussian and the transfer function is extremely non-linear, the covariance-based updating
scheme is inadequate to impart the correct connectivity characteristics to the updated
models. However, this problem is somewhat mitigated when the EnKF is implemented in
a iterative fashion. The results then indicate that the iterative conditioned models
progressively exhibit better and better match to the target data. However, the theoretical
reasons for such iterative conditioning and the theoretical shortcomings of the EnKF
approach need further examination.
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The results also show that adding another step in the procedure to include the prior
geological

information

for

synthesizing

the

joint

conditional

probability

of

P ( A B , C ) results in significant improvement to the performance of the updated models.

The updated ensemble obtained by Kalman Filtering yield the conditional probability of
permeability value conditioned to dynamic data P ( A C ) that replace the iterative 1-D
optimization discussed in Chapter 4 for constructing the same conditional probability.
The P ( A B ) is generated by indicator kriging and combined at each assimilated step,
ensuring that the new static parameters sampled from P ( A B , C ) honoured constraints by
both static and dynamic data.
The results show that the modified EnKF with the merged conditional probability
distributions gives better results. The dynamic responses give better matches to the
reference data. Most spatial features of heterogeneity in the reference model are captured
by the updating process. As time proceeds and more production data are assimilated,
improved updated models are obtained with further reduction in uncertainty (at 200 and
400 days of Figure 5-16). At later time, the averaged permeability fields bear strong
resemblance to each other (e.g. at 300 and 400 days) indicating that the production data at
later time carry less information about the reservoir heterogeneity compared to the early
time data. This indicates the importance of assimilating early time production data for
fast recognition of important reservoir heterogeneity.
Based on the results obtained with the modified EnKF, it is also conjectured that
the merging of the conditional probability P(A|C) with that reflecting the prior geologic
information P(A|B) relaxes the multi-Gaussian assumptions implicit within the EnKF
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approach. The prior probability P(A|B) obtained by indicator kriging or any other
interpolation procedure that is amenable to non-Gaussian models ensures that the
complex connectivity exhibited by the reservoir are imparted to the updated realizations
thereby improving the accuracy of the predictions obtained using the updated models.
Other important issues in application of ensemble Kalman Filtering such as the
influence of ensemble size and the influence of noise presents in conditioning data have
not been studied in this work. Several authors (Wen & Chen, 2005; Naevdal et al., 2002;
Gu & Oliver, 2004) have worked to address these issues and their results show
consistently efficient performance of EnKF in the presence of noisy data using a range of
ensemble size of 40 – 200 members.
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Chapter 6: Updating Reservoir Model Using Continuous Monitoring
Data – 3-D Field Example

The updating of reservoir models using the probability perturbation and Ensemble
Kalman Filtering (EnKF) approach has been discussed in the previous chapters. The
application of these methods on simple, synthetic examples has been demonstrated.
Having verified the feasibility of these reservoir model-updating methods, we now apply
the same procedures to a more realistic case study. 2-D reservoir models are practical to
use and yield lower computational time due to small number of parameters involved.
However, the 2-D simplified models are not representative of the reality. More detailed
3-D reservoir model are needed to represent the influence of large connected geological
features, such as meandering channel or different reservoir properties distribution in
vertical direction. A more realistic test of the reservoir model-updating schemes is
therefore to have the synthetic production data generated by flow simulation of a higher
resolution 3-D reference model depicting more complex geological features.
Using the same procedures as described in the previous chapters, the goal of this
study is to update reservoir model for a channel system using pressure transient data. The
assessment of conditional probability of spatially varying reservoir properties (i.e.
permeability) based on well data is performed utilizing indicator kriging. The updating of
the reservoir model is performed by updating the local conditional probability density
function conditioned to pressure transient data from wells. The permanence of ratio
hypothesis discussed earlier was used for the purpose. Using the p-field simulation
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algorithm, the updated local conditional probability distributions was sampled using auto
correlated random numbers (p-values). In this case since since the reservoir consists of
complex channel features, the correlated p-values was obtained by running a channel
simulation program, FLUVSIM (Deutsch & Tran, 2000) that utilizes object oriented
algorithm and static data at a few wells. The resulting realizations therefore reproduce the
spatially correlated structural model.

6.1 THE REFERENCE DATA

The Stanford V reservoir is a large 3-D data set modeling a clastic reservoir made
up of meandering fluvial channels with crevasse splays and levies in a mud background.
This exhaustive reference data set was generated (Mao & Journel, 1999) for the general
purpose of testing any proposed algorithm for reservoir characterization. The reservoir’s
horizontal extent is 1.9 mile EW and 2.5 mile NS, with total vertical depth varying from
2010 ft to 3600 ft.
The second layer of Stanford V is retained here as the reference reservoir with
some modifications to well locations and grid cell dimensions. This reference model is
discretized into a 100 x 130 x 10 grid with cell size of 100 x 100 ft in horizontal and
variation from 60 ft to 280 ft in vertical direction. A reference permeability distribution at
this scale is shown in Figure 6-1. The histogram of the corresponding reference
permeability distribution is shown in Figure 6-2. Note the two distinct permeability
distributions indicative of 2 different facies, sand and mudstone (Mao & Journel, 1999).
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Figure 6-1: The reference permeability field of Stanford V data set with red dots in layer
10 indicates well locations
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Figure 6-2: The histogram of reference permeability distribution

Five vertical wells (P1, P2, P3, P4, and P5) located at the center of grid cells
(14,10), (78,16), (55,61), (16, 115), and (83,121) produce oil at varying production rates
(see Figure 6-1, layer 10 for well locations). Figure 6-3 shows the corresponding
production data for each well. The pressure at the bottom of the well is monitored and
recorded periodically. The continuous monitoring data was obtained for 911 days. The
straight line at early times is followed by a sharper decline in pressure at later times
indicative of boundary effects. The effect of variable production rates on the pressure
responses will be accounted for by the pressure transient analysis procedure discussed
earlier.
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Figure 6-3(a): The production data (left, rates; right, pressures) obtained for the wells P1,
P2, and P3 in the reference model.
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Production rate profile for P4 producing well
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Figure 6-3(b): The production data (left, rates; right, pressures) obtained from the
reference field for well P4 and P5.

6.2 PRELIMINARY ANALYSIS OF PRESSURE TRANSIENT DATA USING
SEMI-ANALYTICAL PROCEDURE

Pressure

transient

data

provide

information

about

flow

barriers,

compartmentalization and changes in reservoir heterogeneity. For wells located within
channel system, the emphasis is the location of wells relative to channels.
The pressure data consist of 911 days pressure drawdown (there are some
episodes of pressure buildup corresponding to decrease in flow rate) obtained from
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permanent sensor devices. Utilizing log-log plot of ∆p and ∆t, as well as bottom-hole
pressure profiles and pressure derivative curves, we determine the effective average
permeability during infinite acting period, the distance to the channel boundaries and the
presence or absence of multiple channels in the vicinity of the well. To get an idea of the
channel width (which is equivalent to the boundary of the heterogeneity), the radius of
drainage is calculated for each deviation points from the horizontal line on ∆p’ vs. ∆t
derivative plot using Equation 3.10. The radius of drainage calculation in this case is only
a rough estimate for the distance of the heterogeneity boundaries from the well, and only
applies before pseudo-steady state flow starts.
The locations of well P1, P2, P4, and P5 are very close to the reservoir
boundaries, therefore the bottom-hole pressure profiles will show short period of infinite
acting followed by the pseudo-steady state flow period. For these wells, the determination
of the onset of heterogeneity boundaries will be difficult. More reliable interpretation of
heterogeneity boundaries can be obtained from well P3 due to its location. All type
curves for bottom-hole pressure profiles presented here are obtained after reconstruction
of the pressure to reflect the corresponding constant-rate response using the method
described in chapter 3.
Figure 6-4 shows type curve for the pressure drop and pressure derivatives plots
for well P1. The dotted red lines indicate the change in flow regime. The first period is
infinite acting regime denoted by the zero slope on the pressure derivatives plot. The
second period between two dotted red lines indicates the change in reservoir flow, caused
by the transition in permeability at the heterogeneity boundaries. The last section in the
plot is influenced by linear channel characteristic as well as non-flow reservoir
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boundaries. The effective permeability interpreted from the radial flow corresponding to
the infinite acting period is posted on the plot, 165.45 md.
Type curves for the remaining wells are shown in Figure 6.5 – 6.8. The effective
permeability for the infinite acting period is also shown also in the plots. These
preliminary estimates of permeability will be used for constructing the conditional
probability of permeability, P ( A B ) representing the prior geologic information. The
slope changes in pressure derivative plots indicate changes in flow regime, i.e. caused by
the onset of heterogeneity boundaries from one facies to the other. Only pressure profiles
for wells P1, P3 and P4 show definitive slope of ½ which is the characteristic pressure
response in a linear channel system. Other wells show changing in slope of pressure
derivative plots which greater than ½.
The duration of each flow period after infinite acting is directly related to the
location of the channel and reservoir boundaries relative to the well location. Due to its
locations, only well P3 experiences a longer duration of infinite acting flow period and
that is confirmed by Figure 6-6. The end of infinite acting period is followed by a period
showing linear channel flow characteristic (slope = ½). The discontinuity observed in the
pressure derivative plots for wells P3, P4 and P5 are due to variable production rate.
However, this artifact due to the proposed procedure for the reconstruction of pressure
profile does not affect the interpretation.
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Figure 6-4: Type curve for well P1. Red dotted lines indicates the change of flow regimes
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Figure 6-5: Type curve for well P2. Red dotted lines indicates the change in flow regime
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Figure 6-6: Type curve for well P3. Red dotted lines indicates the changes in flow
regimes
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Figure 6-7: Type curve for well P4. Red dotted lines indicates the change in flow regime
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Figure 6-8: Type curve for well P5. Red dotted lines indicates the change in flow regime

6.3 UPDATING RESERVOIR MODEL USING CONDITIONAL PROBABILITY
PERTURBATION METHOD – P-FIELD APPROACH

The implementation of the approach starts with the initial P ( A B ) at each
location derived using the indicator kriging algorithm. The information regarding spatial
correlation between effective permeability data interpreted from the well tests at the
wells, the relative distance from wells to reservoir boundaries and the approximate
location of the boundary between heterogeneity regions interpreted from the pressure
transient analysis procedure are taken into account for generating the initial realization of
permeability using the p-field approach.
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A different approach is used for generating the correlated random number, pvalues. In order to be able to preserve the continuity of sand bodies, we utilize an objectbased stochastic modelling algorithm, FLUVSIM (Deutsch & Tran, 2000) to generate pvalues that reproduce the prior structural model. As discussed previously in chapter 4,
this auto correlated random number ensure that the permeability fields sampled from the
updated conditional probability, P ( A B , C ) , reproduce the desired spatial features such as
channels. Using production rates and well bottom-hole pressure as conditioning data, the
objective of the probability perturbation process is to estimate the spatial distribution of
permeability.
Initial realization of permeability distribution for selected layers is shown in
Figure 6-9. Using prior probability distribution, P ( A) , and initial value of permeability
at each location, the conditional probability of P ( A C ) is constructed corresponding to
the initial guess of dynamic factor, rD , for the perturbation regions identified by the
pressure transient analysis procedure. The updated joint conditional probability
P ( A B , C ) is synthesized using Equation 4.9. The final updated permeability distribution

for the selected layers is shown in Figure 6-10.
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Figure 6-9: Initial permeability distribution for selected layers.
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Figure 6-10: Updated permeability distribution for selected layers.
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Pressure responses for all wells based on initial and updated permeability fields
are shown in Figure 6-11. The observed pressure transient data generated based on true
permeability distribution are also plotted as comparison. The results shows very good
match between observed and simulated bottom-hole pressure. The true pressure response
is reproduced with good accuracy by the updated fields. As expected, the initial
realization pressure response shows deviation from the observed data, especially at well
P2, P4, and P5.
Figure 6-10 shows the updated spatial permeability distributions for selected
layers that captured the channel trend with very good global and local variability. The
channel dimension and direction are specified in initial model based on information from
static data. Utilizing the object-based stochastic modelling of fluvial depositional system,
FLUVSIM, to generate initial permeability fields and p-values ensures the preservation of
sand bodies continuity within channel. However, the spatial permeability distribution
within channel cannot be reproduced accurately, especially in layer 4, 5 and 8 (see Figure
6-10). The permeability distribution within channels is relatively higher than the true
reference field in Figure 6-1 shows. This reflects on pressure transient responses on well
P2 and P3 which shows slight mismatches. The simulated pressure responses on both
wells are slightly higher than the observed pressure data shows.
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Figure 6-11: The pressure responses computed from initial realization and updated
permeability fields together with true pressure data from reference reservoir
144

The influence of variable-rate in pressure responses does not affect the interpreted
reservoir heterogeneity information for individual wells. However, the production rate of
100 STB/d to 220 STB/d does not have much impact in pressure responses due to high
effective permeability distribution, especially within channel. Compared to the reference
permeability field, the updated models shows larger portion of channel with high
permeability (between 100 md – 1000 md), especially at layer 4, 5, 8 (see Figure 6-10).
This might result from the sparse well data that exhibit high value of permeability at
selected layers. However, the channel geometry and direction are reproduced well in
updated models.

6.4 UPDATING RESERVOIR MODEL USING MODIFIED ENSEMBLE
KALMAN FILTER

In this section, the implementation of modified ensemble Kalman Filter that
combines the traditional approach of EnKF with explicit integration of prior geological
information in the form of p-field simulation is presented. The same Stanford V data set
is utilized, thus yielding the opportunity to compare the reservoir updating algorithm
based on probability perturbation with the sequential updating approach using the
ensemble Kalman Filter. All rock and fluids properties are identical to the previous
example, including well locations.
The initial ensemble is generated based on measured permeability from each well
combined with information on heterogeneity boundaries interpreted from well bottomhole pressure. A slightly different approach for generating the initial ensemble of
permeability fields to better capture the spatial variability within each facies, channel
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sand and mudstone is employed. To mimic a fluvial channel depositional environment,
the object-based simulation algorithm, FLUVSIM is utilized to generate the conditional
facies indicators at all nodes of the 3-D grid. The corresponding permeability field is
simulated independently for each facies- channel sand and mudstone, and then pieced
together using a ‘cookie cutter’ approach. Therefore, the permeability distribution within
sand is markedly different from that within mudstone. Figure 6-12 shows the initial
permeability distributions from realization number five. The reference permeability is
shown in Figure 6-1. The ensemble consists of 50 members of permeability field
realizations, using which the requisite covariances and other statistical properties are
calculated.
The conditioning data for this sequential updating scheme is well bottom-hole
pressure response from all 5 wells that are shown in Figure 6-13. These target flow
responses are generated by flow simulator using the reference permeability field. The
continuous monitoring data is obtained for 930 days. In this case, all wells are producing
at constant rate which vary from 100 STB/d for well P1, P2, P4, to 190 STB/d for well P5
and 200 STB/d for well P3. The assimilation step is performed every 30 days for a
duration of 450 days. The state matrix consists of permeability at all locations, the
reservoir pressure and water saturations at each time step and the corresponding well
responses. Both these static and dynamic parameters are updated at each assimilation
step. We observe the updated permeability realizations at each assimilation step.
To illustrate the updating process of this modified ensemble Kalman Filter, the
updating of the first layer of the same realization is presented. Its evolution from 30 days
to 450 days is presented in Figure 6-14.
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Figure 6-12: One permeability realization from the initial ensemble used in EnKF.
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Figure 6-13(a): The reference production data (left, rates; right, pressures) for the wells
P1, P2, and P3.
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Production rate profile for P4 producing well
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Figure 6-13(b): The production data (left, rates; right, pressures) obtained from the
reference field for well P4 and P5 for modified EnKF updating.
From Figure 6-14 we can observe that the more data assimilated, the definition of
channel system is more precise, especially at the vicinity around the well. The 5 circles
shown in last permeability field on Figure 6-14 indicates well locations. There are some
regions on the maps that show increase in permeability as well as some that show
decrease in permeability. The channel geometry from initial realization has never been
changed. The only change that we observed is the increase in permeability within channel
sand and the higher permeability show more spatial correlation at later times. This spatial
correlation is observed also at reference model.
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Figure 6-14: The evolution of layer #1 throughout assimilation step after updating
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Figure 6-15: The comparison of true reference permeability field with initial and updated
models for layer #1
From the increase in permeability in regions outside the channels in Figure 6-14 indicates
that additional channels are necessary in the vicinity of the wells in order to match the
history. Generally, the local and global spatial variability of updated models are in
agreement with reference permeability field. This is confirmed by Figure 6-15 which
shows comparison between reference field with initial and updated models generated by
EnKF approach. Therefore, the modified ensemble Kalman Filtering works efficiently
not only in 2-D model but also in more realistic 3-D reservoir example as well. The
coupling of the traditional EnKF with the p-field approach to integrate prior geologic
information appears promising for field applications involving complex geology.

6.5 SUMMARY

Applications of reservoir updating based on p-field simulation and modified
ensemble Kalman Filter are demonstrated on the same 3-D data set. The model features
channel system in fluvial depositional system that represent complex reservoir
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heterogeneity with large connected features. An object-based stochastic modeling
algorithm (FLUVSIM) is utilized to generate initial realizations of permeability fields for
both updating scheme. The auto-correlated random number (p-values) needed for the
p-field simulation algorithm is also obtained using FLUVSIM.
Both reservoir updating schemes are able to preserve the continuity of sand
bodies, as well as capture the geometry and direction of channel system.

In the

probability perturbation approach, the results indicate a slight overshooting of
permeability values within channel. This can be easily corrected by applying a histogram
transformation of the final permeability model. Different p-values utilized at each
iteration step allow different channel configurations to be sampled. In the ensemble
Kalman Filter updating approach deviations from the initial channel configuration are
observed in the form of rapid changes in permeability values in the transition region in
the vicinity of existing channels. The results from p-field updating approach and
modified EnKF are in agreement with spatial permeability distribution shown in the
reference model.
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Chapter 7: Conclusions and Future Works

7.1 CONCLUSIONS

In order to predict future reservoir production characteristics, reservoir models
should reflect local and global connectivity of spatial permeability distribution. This
information can be extracted from flow response data such as pressure transient and
production rates. The continuous monitoring data carries abundant information regarding
reservoir heterogeneity. However, the influence of rate fluctuations, boundary conditions
and many other factors influence the flow responses. This brings different challenges in
filtering and screening the stream of dynamic data gathered by the permanent monitoring
system.
The semi-analytical method proposed in this work has been demonstrated to work
efficiently to characterize the reservoir heterogeneity in 2-D and 3-D synthetic examples
that exhibit regions with different effective value of permeability. The reconstruction of
the constant-rate pressure response from variable-rate dynamic data allows wellestablished graphical and empirical pressure transient analysis procedures that were
developed to handle single-rate pressure to the analysis of pressure transient data during
the infinite acting flow period.
The stochastic optimization approach for reservoir updating enables the
generation of a suite of reservoir model realizations that allow the quantification of
uncertainties associated with reservoir parameters being estimated. By utilizing pressure
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responses as conditioning data, combined with the prior interpretations of reservoir
heterogeneity from pressure transient test data, the joint conditional probability
distribution that represents the remaining uncertainty in permeability value at a location is
synthesized. High-resolution reservoir models are sampled from the joint conditional
probability distribution and these models satisfy the prior geological model as well as
match the historic production data. The p-field simulation algorithm works efficiently
ensuring that realizations sampled using auto-correlated random number (p-values)
conform to correlation length of the semi variogram or covariance model derived from
well data. The implementation in both 2-D and 3-D synthetic reservoir models show
remarkable similarity between the updated permeability field and the reference model.
The implementation of sequential updating using ensemble Kalman Filtering
approach has been demonstrated to work efficiently to incorporate new data as it
becomes available. Merging traditional ensemble Kalman Filtering technique with the pfield simulation approach to synthesize local conditional probability distributions gives
better results. As before, updated permeability models are obtained by sampling from the
merged probability distributions using a field of correlated random draws. The dynamic
responses give better matches to the reference data. However, the results also show that
although theoretically data reproduction is guaranteed by this approach, there is some
scatter in the dynamic responses computed using the ensemble of realizations.
A large 3-D data set is utilized to illustrate the implementation both probability
perturbation method and sequential updating of reservoir model. From the results, we can
see that modified ensemble Kalman Filter work more efficiently compared to p-field
approach, but yield permeability distribution that depend heavily on the first initial
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ensemble. Therefore detailed initial ensemble that accurately reflects prior geological
information is crucial for faster convergence.
The probability perturbation approach presented in this study offers better
flexibility in data integration, allowing more complex geological features such as
meandering channel system to be captured accurately.

7.2 SUGGESTED FUTURE WORK

The semi-analytical approach employed in the preliminary analysis of pressure
transient data works efficiently for reconstructing constant-rate pressure response
bypassing complex optimization scheme that are required in the pressure/rate
deconvolution techniques discussed in literature. However, the proposed method is not
suitable for analyzing pressure response that experience short or no infinite acting period.
The underlying premise is that the early time response indicates local changes in the
permeability field. Identifying the influence of reservoir heterogeneity on the pressure
response at late-times require further investigations. In addition, the influence of noise on
the interpreted information is also an issue that needs to be addressed.
The implementation of the probability perturbation technique based on p-field
approach for reservoir with complex geological features has been presented. However, in
the case of the 3-D model, the spatial variability of permeability distribution within each
facies cannot be captured accurately. A promising approach to address this issue is using
multiple-stage reservoir updating, estimating facies distribution conditioned to well data,
and subsequently updating permeability distribution conditioned to the optimal facies
distribution. This alternate proposal will require further investigation.
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Few aspects of ensemble Kalman Filtering implementation have been discussed in
this thesis. The possibility of iterative conditioning as mentioned in Chapter 5 to ensure
that the updated models do honor the conditioning data when the updated reservoir
property distributions are processed through a flow simulatoir requires further
examination. We have not address the influence of filter divergence at late times when
updating reservoir models.
Finally, in order to gain a much better insight into the promises and shortcomings
of the proposed approaches for interpreting, analyzing and assimilating continuous
monitoring data, it is necessary that the techniques be applied on actual data sampled for
a real reservoir. A sincere but unsuccessful attempt was made during this research to
acquire such data. Undoubtedly, several issues will arise when the analysis procedures
are applied on real data.
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