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ABSTRACT

The field of statistics provides a number of quantitative tools that can aid the
geologist in understanding geologic data, and in applying that understanding to the
solution of real-world problems. This thesis examines the use of several of those tools,
concentrating on techniques with wide applicability in sedimentary and petroleum
geology. After a general discussion of the theory, three case studies are presented.

Geologic data typically exhibit spatial dependence, which violates one of the
fundamental assumptions of many techniques in classical statistics. Geostatistics
provides tools to examine and model that spatial dependence, and using the spatial
model, to estimate and/or simulate the values of geologic variables at unsampled
locations. The geologic variables can be continuous (e.g., thickness and porosity) or
categorical (e.g., lithology).

Risk assessment is one area in which geostatistics can be applied. A case study
presents the use of stochastic simulation for mapping hydrocarbon pore volume and
evaluating the potential of undrilled locations in an area surrounding Amos Draw field in
the northern Powder River basin of Wyoming. The study illustrates the value of
stochastic simulation in risk assessment using the sequential Gaussian and sequential
indicator techniques. The study also documents the ability of indicator simulation to
incorporate correlated secondary data by showing the effect of cumulative production
data on simulations of hydrocarbon pore volume in areas where there were few direct
measurements of hydrocarbon pore volume.

Reservoir and aquifer characterization for fluid flow simulations are among the
most important applications of geostatistics. They require the generation of numerical
grids of geologic properties, including porosity and permeability. Because those
properties differ for each petrophysical rock type,.i't is usually best to simulate first the

distribution of the rock types, and then simulate the distribution of the reservoir



properties. ‘This thesis presents the use of two multivariate statistical techniques,
discriminant function analysis and cluster analysis, for the identification of petrophysical
rock types in the Rozet Member of the Muddy Formation at Amos Draw Field in the
northern Powder River basin of Wyoming. The geology of those rock types is discussed
using core descriptions, thin-sections, and well log data. The petrophysical rock types
were simulated in three dimensions using indicator principal component simulation. The
study also used simulated annealing for post-processing of the simulations, incorporating
additional information from the wells on the transition frequencies between the rock
types.

The third case study discusses the use of statistical techniques for the
identification of patterns in bed thickness and grain size in turbidite sequences. In
particular, upward-thickening and -thinning patterns have been used to assign turbidite
sequences to depositional environments, although there has been considerable
disagreement on the subjectivity involved in identifying those bed thickness patterns.
This study discusses the use of runs analysis for identifying spatial patterns in
stratigraphic sequences. The distribution of the lengths of the runs permits comparison
of the degree and type of organization in stratigraphic sequences. The techniques were
applied to a turbidite section in the Sites Formation at Cache Creek, in northemn
California. That sequence has been described by many geologists as a classic example of
upward-thickening cycles in a progradational outer fan lobe. However, the runs length
distributions show that the sequence consists of subequal numbers of upward-thinning
and -thickening cycles. In addition, quantitative examination shows an overall upward-
thickening and -fining character in the sequence. Based on those characteristics, the
sequence does not appear to be the result of fan lobe progradation. By quantifying and
comparing the patterns of sedimentary features observed in turbidite sequences, it may be
possible to generate new depositional models in the future that reflect the true variability

in deep-sea clastic environments.
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INTRODUCTION

The use of quantitative techniques in sedimentary geology and petroleum geology
is a rapidly expanding field. This dissertation concentrates on the use of statistical tools
to analyze and model the spatial distribution and patterns of geologic variables. Many of
the techniques used in traditional statistical geolpgy require independence between the
sample data. This independence rarely exists in the earth sciences, where the majority of
geologic variables result from geologic processes that operated with some continuity over
large volumes. Geostatistical tools have been developed specifically to-analyze and
model the spatial dependence between samples. Once spatial models are developed,
other geostatistical tools can be used to build 2- or 3-dimensional estimates or
simulations of geologic properties, constrained so that they honor all available data. The
simulations developed in this fashion have many uses in natural resource analysis and in
modeling the flow of fluids in the subsurface.

This dissertation consists of several projects designed to investigate, model, and
in some cases simulate, the spatial distribution of various geologic properties. Each of
the chapters of the dissertation was produced for separate publication, which entails some
minor duplication of material, especially in the first three chapters.

Chapter 1 is an introduction to geostatistical methods that can be applied to
sedimentary geology, especially to petroleum geology. It presents the basic concepts of
spatial correlation, and the tools used to model that spatial correlation. The technique of
spatial estimation known as kriging is discussed, along with several variants of kriging.
Several techniques of generating conditional simulations of geologic variables are
presented, along with a discussion of the situations in which geostatistical estimation or
sirmulation techniques should be applied. The use of a two stage process for simulation
of reservoir properties is also discussed. Two stage methods entail simulation of the

reservoir rock types first, then simulation of the reservoir properties conditional on the



rock types. Several methods of simulating rock types and other categorical variables are
presented.

Chapter 2 presents a study illustrating the use of geostatistics in mapping the
distribution of hydrocarbon pore volume (HPV) in two dimensions in the Muddy
Sandstone in a portion of the Powder River Basin of Wyoming. Hydrocarbon pore
volume is a geologic variable that measures the porosity in a volume of rock, and the
amount of that porosity that is filled by hydrocarbons (oil or natural gas). The study uses
two geostatistical techniques, sequential Gaussian simulation and sequential indicator
simulation, to simulate the distribution of HPV in a 900 square mile area centered on a
producing field at Amos Draw. The chapter illustrates a method by which data on a
correlated variable that is more densely sampled than the primary variable are used to
constrain indicator simulations. In this case study, cumulative production data from
wells in the area provided a more densely sampled variable related to HPV. The use of
this "soft data" provided a valuable constraint on the simulations of HPV in areas where
direct measurements of HPV were not available. The use of quantile maps and
probability maps for risk analysis and economic evaluation of natural resources is also
discussed. An abbreviated version of Chapter 2 will be submitted for publication to the
Journal of Petroleum Technology.

Chapter 3 consists of a study of the distribution of petrophysical rock types in
three dimensions in the Rozet Member of the Muddy Sandstone in a subset of the area
studied in Chapter 2. The multivariate statistical methods of cluster analysis and
discriminant function analysis were used to identify the rock types, based on well log
measurements of the gamma ray, bulk density, and resistivity, and on core measurements
of porosity and permeability. Each rock type has distinctly different reservoir properties.
The geologic properties of the rock types were identified using core descriptions and
thin-section petrography, and shown to be the resuit of a complex mix of depositional

and diagenetic properties. The technique of indicator principal components was used to



model and simulate the spatial distribution of the rock types. Indicator principal
component simulation uses an orthogonal transform of the rock type indicators in an
attempt to account for the cross-correlation between the rock types without the burden of
modeling all of the cross-correlograms. Simulated annealing was used to post-process
the simulations so that the vertical transition frequencies of the rock types matched the
transition frequencies seen in the conditioning wells. An abbreviated version of Chapter
3 will be published as "Indicator Simulation of Petrophysical Rock Types" in the
symposium volume that will be published by Kluwer Academic Publishers following the
4th International Geostatistical Congress, to be held in Troia, Portugal, in September,
1992. The complete chapter has been solicited for publication in a special volume on the
application of geostatistics to petroleum geology that will be published by the American
Association of Petroleum Geologists.

Chapter 4 is the outgrowth of a graduate seminar in statistical applications in
sedimentary geology organized by the author. The geological and statistical techniques
used in this chapter differ from the studies presented in the first three chapters, but the
theme of analyzing the spatial pattern of sedimentary geologic data remains the same.
The study examined a sequence of Upper Cretaceous turbidites in the Sites Formation of
the Great Valley Group along Cache Creek in northern California. This sequence has
been described in the past as consisting of asymmetric upward-thickening turbidite cycles
of the outer fan environment. In order to test this hypothesis, detailed measurements
were taken through a 236 meter section of the Sites Formation at Cache Creek.
Application of several different methods of runs analysis to the sequence of bed
thicknesses indicated that the sequence did not appear to be the results of random
sedimentary processes. However, the sequence does not appear to consist of asymmetric
upward-thickening cycles, either. Both upward-thickening and -thinning cycles are
present, in nearly equal numbers. Other significant features detected by the statistical

analysis performed for the study include the presence of an overall upward-thickening



trend for the entire measured section, accompanied by an overall decrease in the
maximum grain size of the turbidites. The presence of a thickening and fining upward
pattern also does not agree with the previous interpretation of the sequence as the result
of simple fan-lobe progradation. Hopefully, the quantitative measures developed in this
study to describe the thickness and grain-size patterns in turbidite sequences could be
used in the revision of deep-sea clastic depositional models. This chapter will be
submitted for publication to the Journal of Sedimentary Petrology with co-authors Steve
Graham, Don Lowe, Paul Martinez, Jianjun Zeng, Marc Hendrix, Ronadh Cox,
Christoph Heubeck, Don Miller, Ed Sobel, Johannes Wendebourg, lan Moxon, Alan
Carroll and Tom Williams. The co-authors were participants in Applied Earth Sciences
276 at Stanford University, a graduate level Seminar in Sedimentary Geology. All of the
co-authors assisted in the measurement of the Cache Creek section. Don Lowe and Steve
Graham served as advisors to the seminar, and provided feedback to the author
throughout the project. The field work and data collection were organized by the author,
and all of the statistical analyses, figure preparation, and writing in Chapter 4 were
performed by the author.

The last chapter, Chapter 5, reviews the conclusions reached in the dissertation,
and suggests avenues for further research in the areas of statistical sedimentary geology
and petroleum geology covered in the thesis.

Three appendices appear after Chapter 5. The first appendix contains three core
descriptions of the Muddy Formation at Amos Draw. The second appendix contains
printouts of the data files from the measured section at Cache Creek. The final appendix
consists of the computer source code for the runs analysis program written for the Cache

Creek turbidite research.



CHAPTER 1

THE APPLICATION OF GEOSTATISTICS IN PETROLEUM
GEOLOGY AND SEDIMENTARY GEOLOGY



ABSTRACT

This paper discusses the concepts and techniques of geostatistics, especially with
regard to their use in petroleum geology and sedimentary geology. Although the
properties of the subsurface of the earth are fully determined, there is considerable
uncertainty attached to those properties in areas where we do not have samples.
Geostatistics acknowledges this uncertainty in the concept of the random variable,
allowing us to use the tools of probability and statistics to model the properties of the
earth at unsampled locations. The variogram is a tool that can be used for identifying the
spatial continuity of geologic variables, especially the anisotropy caused by spatial
variations in geologic processes. The variogram model can then be used as an input to
methods that generate estimates or simulations of geologic variables. Several methods of
kriging exist, which can be used for estimation, and they are presented together with a
discussion of their advantages and disadvantages. Conditional simulation provides many
equiprobable maps of a geologic variable, all of which honor the data, the histogram, and
the variogram. Simulations can be used to provide numerical input to fluid flow
simulators, or to evaluate the uncertainty with respect to the value of a variable at an
unsampled location. For simulations of reservoir properties, which show considerable
variation between rock types, it is usually best to simulate the rock types first, then
simulate the reservoir properties conditional on the rock types. This paper presents

several methods of simulating lithologies.

INTRODUCTION

Geology has traditionally been a descriptive, non-quantitative science. However,
there are now many quantitative tools that can used in the interpretation of geologic data.

Geostatistics provides quantitative tools that can be used to interpret and model the



spatial properties of geologic data (Journel and Huijbregts, 1978; Davis, 1986; Hohn,
1988; Journel, 1989). The spatial models can then be used to address questions
concerning the continuity of the geologic processes that caused the geologic
heterogeneity that we observe today. In addition to improving our understanding of the
geology itself, geostatistics also provides the tools to apply that understanding.
Specifically, geostatistics provides tocls to translform the geologist's understanding of
subsurface heterogeneity into numerical models suitable for use by petroleum engineers
and hydrogeologists in fluid flow simulation (Haldorsen and Damsleth, 1990), or by
economists for economic modeling and risk evaluation (Srivastava, 1987; Journel, 1989).

Several of the concepts and techniques of geostatistics will be briefly described in
this paper. The emphasis is on techniques that the author has found useful in petroleum

geology and sedimentary geology.

THE RANDOM VARIABLE PARADIGM

A major feature of the geostatistical approach is the use of the random variable
paradigm. For example, although the distribution of hydrocarbons within the earth is the
result of the deterministic processes of generation, migration, and entrapment, those
processes are based on geologic, biologic, chemical, and physical processes that are
extremely complex. This complexity means that knowledge of the hydrocarbon
saturation at one location does not allow us to predict with certainty the saturation at an
unsampled location. Although the distribution of geologic variables such as porosity,
permeability, and saturation are not random and their values are already fully
determined, there is always some uncertainty associated with their value at undrilled
locations.

In geostatistics we explicitly acknowledge this uncertainty by treating the value at

each location as a random variable (Isaaks and Srivastava, 1989). The random variable



at each location could be designated Z(x), with possible outcomes z(x) at each location,
which models our uncertainty about the value of a geologic property at a particular
location, x. If the random variable was the value of the hydrocarbon saturation, then the
possible outcomes of that random variable, z(x), would be continuous, taking on all
values of saturation between 0 and some physical maximum. The probability density
function of Z(x), known as f{x) (see Figure 1.1a), characterizes the probability that the
saturation falls within an infinitesimal interval, dx. The cumulative distribution function
of Z(x), called F(x), gives the probability that the porosity at the location x is less than or
equal to a given value (Figure 1.1b). Using the random variable approach, we can model
the hydrocarbon saturation in an area using the tools of probability and statistics.
Probably the major difference between the approaches of geostatistics and
classical, non-spatial, statistics is that geostatistics attempts to model the spatial
continuity between points. The geostatistical approach assumes that the value of a
geologic variable results from geologic processes that probably operated over a large
area, so that values in the area are not independent of one another. The modeling of
spatial continuity must be performed over an area or volume that is relatively
homogeneous. An example of such an entity would be a particular geologic formation in
a sedimentary basin. The decision that an area is homogeneous enough to model

statistically is termed the decision of stationarity (Hohn, 1988; Journel, 1989).

SPATIAL CONTINUITY AND VARIOGRAM MODELING

One of the major goals of the geostatistician is to explicitly model the spatial

dependence between data points. The spatial continuity can be examined using the



semivariogram. The experimental semivariogram is found by estimating:
¥ (h)=0.5E(Z(x) - Z(z+h))’

The semivariogram, which is a function of A, is thus one-half the average squared
difference of the Z values of all data points separated by the vector h, h having both
magnitude and orientation (Isaaks and Srivastava, 1989). In Figure 1.2, the rate at which
the semivariogram rises toward the sill is a function of the continuity of the property
under study. The longer the range of the semivariogram, the greater the spatial
continuity of the variable.

One feature of the semivariogram is that it can be calculated for points aligned in
specific directions, for example all points separated by a vector A, with h having a
north-south orientation. By calculating the semivariogram in different directions, it may
be possible to detect anisotropy in the property under study. For example, in Figure 1.3
the greater continuity in the northeast-southwest direction leads to a longer
semivariogram range in that direction than in the northwest-southeast direction. This
might occur if the distribution of sandstone is controlled by deposition in a series of
offshore bars having a northeast-southwest stratigraphic strike. This type of anisotropy,
called geometric anisotropy, is characterized by the presence of a constant sill and a
variable range, and can often be detected during variogram analysis.

Variogram analysis of sedimentologic data could be useful in sedimentary basin
analysis. Variogram analysis could be used to search for anisotropy in formation
thickness, net sandstone data, and other geologic variables. This would provide estimates
of the directions and ranges of maximum and minimum continuity of the variables. The
results could be checked against other data, including paleocurrent data and depositional
models. If the variogram models do not agree with the other data and models, and there
is sufficient data to give a well defined variogram, then a closer look at the geologic data

and the variogram modeling should be taken to identify the source of the disagreement.
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Once the semivariogram is calculated, a model must be fit to the data. The model
is necessary for any kriging or geostatistical simulation. It provides a measure of the
spatial continuity between any two points, not just those pairs of points separated by a
vector identical to a sampled vector. The model must have certain mathematical
properties, but the use of standard semivariogram models (e.g., spherical, exponential,
and Gaussian; see Isaaks and Srivastava, 1989) provides a high degree of flexibility in

the modeling process.

Sometimes geometric anisotropy cannot be detected, especially in cases where the
number of data points is limited. In those cases, geologic models based on‘a very small
data set, such as one or two cored wells with dipmeter data, can be used to guide the
modeling of the anisotropy. The geologic models can provide the direction of maximum
continuity, the anisotropy ratio between the directions of minimum and maximum
continuity, and the range in the direction of maximum continuity. Basing the variogram
models on those geologic interpretations is usually better than assuming that the inability
to model a variogram justifies the use of a pure nugget model or an isotropic variogram

model (Journel, unpublished class notes).

ESTIMATION AND KRIGING

Once the spatial continuity of the variable is modeled, an estimate of the variable
can be calculated at unsampled points. At each point, the value can be estimated by a

weighted linear combination of the data:

Z"(xo) =X A Z(x,)
a=1
where Z*(x,) is the estimate at location x,, Z(x, ) denotes the data points available at
locations x, , and A , denotes the set of weights applied to the data. There are two

properties that we would like this estimator to have. One property is that the expected
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value of the estimator be equal to the true value, or in other words, that the expected
value of the estimation error be equal to zero. This property is termed unbiasedness. We
also want to minimize the variance of the estimation error, or the average squared error.

The decision to minimize the average squared error is made because of the
mathematical convenience of working with the variance. For many problems in
petroleum geology, the estimate that minimizes the squared error may not be the best
estimate (Srivastava, 1987). The least squares estimate is based on a symmetric loss
function, that penalizes underestimation and overestimation equally. In many
applications the cost of underestimation (lost production) may far outweigh the cost of
overestimation. In such cases we should use an asymmetric loss function (Journel,
1989). While this can be done, the solution may not be as convenient mathematically
(i.e., there may not be a closed form solution), and the solutions may need to be found
numerically. However, numerical schemes that minimize particular loss functions are
easy to program and they can be readily integrated with the non-parametric geostatistical
methods discussed later in this paper.

If we decide to use the estimate that minimizes the estimation variance, and if the
mean value of the property being estimated is known, then the weights that ensure
unbiasedness and minimized error variance are given by the solution of the following

system of equations, known as the simple kriging (SK) system:
,,Z,}“”C“" =C,q, 0 =1,..,10

where C(h) is defined as the covariance function between any two points separated in
space by the vector h. The covariance function can be deduced from the variogram

model by the relation:
C(h)=C,~7(h)

If the covariance matrix has the mathematical property of positive definiteness, then a
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solution vector of weights exists, and is unique. The kriging system of equations must be
solved for each point to be estimated. If a point to be estimated is a data point, then the
kriging weights will be such that the estimate will be equal to the data value at that
location. For that reason, kriging is known as an exact interpolator. Isaaks and
Srivastava (1989) and Hohn (1988) discuss the use of kriging as an estimation technique.

Note that if the data points are assumed to be independent, then all of the non-
diagonal terms in the data covariance matrix (C, g ) will be equal to zero. In that case,
the kriging system reduces to classical linear regression. For this reason, kriging is
sometimes referred to as a system of generalized linear regression (Journel, 1989).

The ability to model anisotropy is one of the major advantages of geostatistical
estimation over more traditional estimation techniques, including the inverse distance and
inverse distance squared methods (Isaaks and Srivastava, 1989). The inverse distance
methods implicitly assume that the correlation between points decreases as the distance
between them increases, by weighting closer points more heavily. However, those
techniques only consider the Euclidean distance between the points. If the anisotropy
matches that shown in Figure 1.3, then sandstone thickness data located northeast or
southwest of an unsampled point should be weighted more than data points located to the
northwest or southeast. The classical inverse distance methods would assign equal
weight to all data points located a given Euclidean distance from the unknown.

Another important advantage of kriging is that the weights assigned to the data
points are not determined solely by the structural distance between the data and the point
to be estimated, but also on the structural distance between the data points themselves.
This ensures that the kriging weights are adjusted for clustering of the data (Figure 1.4).
Most other estimation algorithms, including the inverse distance family of estimators, do
not adjust for clustering. This is important in resource estimation and regional petroleum
geology, because well data are usually highly clustered. Clustering can be particularly

difficult in petroleum applications because it is usually biased, with the clusters
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preferentially located in zones expected to provide high production. Isaaks and
Srivastava (1989) and Deutsch and Journel (1992) discuss methods for attempting to
decluster data.

The minimized estimation variance, or simple kriging variance, associated with

the simple kriging estimate is given by:
Og = Var{zo _Z(;} =Cy _zﬂucao
a=1

The kriging variance gives a quantitative measure of the uncertainty associated with the
estimate at each unsampled point. If we can assume that the errors are normally
distributed and that the estimation variance does not depend on the data values, then the
kriging estimate and the kriging variance can be used to fully characterize the
distribution of the estimated property at each unsampled location. Therefore, it is
possible to construct confidence intervals around the estimate, and to derive quantiles of
the distribution at the location.

If the assumption of normality of the error distribution cannot be made, or if the
magnitude of the errors is dependent on the data values in addition to the data
configuration (i.e., the variance is heteroscedastic), then the kriging variance only
provides a relative ranking of the data configuration around each grid node. In that case,
more advanced methods, such as indicator kriging or conditional simulation, must be
used to identify the conditional distribution of the random variable at unsampled
locations (Journel, 1989).

In the discussion of kriging thus far, we have considered the mean to be constant
and known. If it is not known with certainty, or if the mean appears to have a trend,
extensions of the simple kriging system can be used. If the mean can be modeled as
constant, but unknown, then the technique of ordinary kriging can be applied (Journel,
1989). In order to ensure unbiasedness under ordinary kriging, it is necessary to

constrain the sum of the kriging weights to equal one. Because ordinary kriging involves



14

optimization under constraints (i.e., minimization of the estimation variance with the sum
of the weights constrained to equal one), a Lagrange parameter must be included in the
kriging equations. If the mean is not invariant, but can be modeled as some function of
the location coordinates, then the technigue of kriging in the presence of a trend (also
known as universal kriging) should be used. This is similar in form to the constrained
system of equations used in ordinary kriging, but with more constraints and Lagrange

parameters related to the estimation of the trend of the mean (Journel, 1989).

Cokriging

In our discussion of kriging thus far, we have assumed that the property to be
estimated at an unsampled location will be estimated from a weighted linear combination
of measurements of that same property at other locations. However, in petroleum
geology we often want to estimate the porosity using a combination of direct core
porosity measurements and other measurements that provide an indirect indication of the
porosity, such as well log data or seismic. This can be particularly important where the
variable of interest has been sparsely measured, but related data are abundant. Cokriging
is the geostatistical technique used for this multivariate estimation (Journel, 1989).

In theory, cokriging is a straightforward extension of the techniques of kriging
already discussed, except that now our estimate is based on a weighted linear
combination of porosity data and other data, which may include well data and/or seismic
data. If the means of the porosity and the other data distributions are all known, we can
use the unconstrained system of simple cokriging. More often, we must use the
constrained ordinary cokriging system. The cokriging system has several advantages
over classical multivariate regression: it does not require the data to be independent from
one another, and actually uses the information present in the spatial dependence of the
variables; it allows the geologist to input geologic models of the spatial anisotropy of the

variables; and it accounts for clustering of the data.
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Cokriging has several disadvantages, however, that limit its use in the petroleum
industry. Chief among these is the modeling effort involved. For two variables we need
to model three semivariograms, for three variables six semivariograms are needed, while
for four variables, ten semivariograms need to be modeled. In many petrophysical
problems the number of types of available data might be much larger. Certainly, 8 to 20
well log and core variables are not unusual. In that case, the variogram and cross-
variogram modeling effort would quickly become overwhelming. The magnitude of the
modeling effort, together with the difficulty of ensuring that the resulting cokriging
matrix remains positive definite (Isaaks and Srivastava, 1989), effectively limits
cokriging to two or three variables at the maximum.

Another problem with ordinary cokriging is that the system of constraints can be
very restrictive. For the estimate to be unbiased, it is usually necessary that the sum of
the weights of the primary data (e.g., the porosity measurements) equal one and the sum
of the weights of the secondary data (e.g., the log data or seismic data) equal zero. This
is not a problem if the primary data is undersampled relative to the secondary data.
However, if the amount of primary data and secondary data are nearly equal, then the
weight assigned to the secondary data is often close to zero, and the soft data tend not to
be used in the estimate. A partial solution to this problem is to rescale the various data
means, so that the sum of the weights of the primary and secondary data equal one

(Isaaks and Srivastava, 1989).

Indicator Kriging

It was mentioned earlier that we must make certain assumptions in order to use
the kriging variance as a measure of local uncertainty. The most important assumptions
are that the errors are normally distributed, and that the error variance is not dependent
on the local value of the data. These assumptions are rarely met in nature, especially in

heterogeneous petroleum reservoirs. This poses a problem, since the quantitative
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assessment of uncertainty is the very basis of resource analysis and economic risk
assessment. Indicator geostatistics provides an alternative to the parametric methods
discussed above. It allows direct estimation of the cumulative distribution function of the
random variable being studied at each location, without assuming any parametric shape
for that distribution (Journel, 1989; Isaaks and Srivastava, 1989).

Indicator kriging is based on a non-parametric model of the cumulative
distribution function (CDF). The data are first transformed to a set of binary indicators
having the value of 0 if the value of the datum at a point is less than or equal to some
cutoff, and 1 if it is greater than the cutoff. The number of cutoffs can vary; but often is
between 3 and 10 - a convenient set of cutoffs might be the nine deciles of the sample
data. The probability that the value at any unsampled location exceeds a cutoff can be
estimated by the proportion of the data within the search neighborhood that exceeds the
cutoff. By estimating the probability for a series of cutoffs, an estimate of the complete
CDF at each location can be built, conditional on the data (Isaaks and Srivastava, 1989).

One of the most important properties of an indicator random variable is that:

E{I(x;2)} =1*Pr{Z(x) < 2z} + 0 * Pr{Z(x) > z}
=Pr{Z(x) <z} = F(2)
so that the conditional expectation of an indicator random variable for a given cutoff is
equal to the conditional cdf of the original variable for that cutoff value (Journel, 1989}.
Therefore, the entire conditional distribution function of a random variable for an
unknown location can be modeled by the conditional expectations of a series of indicator
variables. In this modeling, the anisotropy and range can be different for each indicator
cutoff. This feature yields flexibility far beyond anything available with traditional
simple or ordinary kriging. This flexibility is valuable because the spatial modeling of
permeability and other geologic variables often identifies different anisotropies for the

high and low values. High values of permeability could be associated with fractures, and
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low values with the distribution of shale clasts. The orientation of those features could
be completely independent of one another, giving rise to different anisotropies and

ranges for the low and high cutoffs.

The indicator formalism has the added advantage that it can be used to
incorporate soft data into the simulation or estimation process. This soft data can include
categorical data, as well as continuous data (Journel, 1989). Possible examples might
include interpretive geologic maps, the presence or absence of a lithology, or data on a
separate but related variable. Soft indicator data can take two forms. One form is that of
a constraint interval, where the soft data indicate that the variable has no probability to be
below cutoff a, and no probability to be above cutoff b, but an unknown probability for
any cutoff between a and b. This results in an indicator data column that is only partially
complete. The other form of soft data is the prior probability distribution, or 'fuzzy’
indicator column. For that data type, the indicator column is not filled by 1's and 0's, but
by probabilities between 0 and 1. The prior probability distribution is often used when
calibration data are available for related attributes, such as seismic data and core porosity
values for a number of locations. Chapter 2 gives an example of a calibration between
measurements of hydrocarbon pore volume and cumulative production.

The conditional distributions derived from indicator kriging can be used in a
variety of ways. One application would be mapping conditional quantiles of the data,
such as the median, the upper and the lower quartiles (Figure 1.5). Quantile maps could
be used as the basis for economic risk assessment with, for example, the median value
providing a "best" estimate of the possible economic returns at an unsampled location,
and some upper and lower quantiles providing a measure of the uncertainty of that
estimate. Another application that would be useful in the oil industry would be the
ability to map probability of "exceedance" maps, where the threshold might be an

economic cutoff, e.g., some porosity or water saturation (Figure 1.6). The probability of
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exceeding an economic threshold could be used to highlight areas for further exploration,

acreage purchases, etc.

CONDITIONAL SIMULATION

Under most geologic conditions, ordinary kriging and simple kriging cannot yield
models for the conditional distribution at each grid node. The technique of indicator
kriging provides those estimates, however it is not appropriate for all situations. The
probability maps that are constructed from conditional cumulative distributions do not
allow the assessment of the joint probability that any subset of grid nodes exceeds the
threshold. For many applications, particularly those involving reservoir characterization,
the most important need is for full realizations of the random variable. All estimation
techniques produce smoothed estimates of the variable being studied, including kriging
and the inverse distance estimation methods commonly used in the oil industry. This is
not a problem for some applications, particularly resource estimation, but is definitely a
problem for reservoir modeling. The presence of extreme permeability values, either
high or low, can be critical in controlling fluid flow through a reservoir. Kriged maps
tend to smooth out such extremes, while conditional simulation produces reservoir
images that could be made to honor the proportion and spatial correlation of those
extreme values.

Conditional simulation is a form of stochastic simulation (Ripley, 1987) that
generates equiprobable alternative maps of geologic variables. Each of the images
honors all of the conditioning data available, the global distribution (declustered
histogram) of the variable, and the variogram model developed to represent the spatial
continuity of the variable (Journel, 1989). Conditional simulation appears to have great

potential in the petroleum industry in many areas of application, including reservoir
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modeling, risk assessment, and resource analysis. Each conditional simulation can be
used as input to reservoir simulation programs (Figure 1.7). The output from the
reservoir simulations can provide valuable information on the uncertainty regarding the
fluid flow propexties of the geologic system. The statistical behavior of large numbers of
simulations can also be used to generate estimates of the conditional cumulative
distribution functions (CDF) of a random van'ab‘le at each grid node, similar to those
provided directly by indicator kriging. The conditional cdf's can be used to provide

quantile maps and probability maps of the variable (Figures 1.5 and 1.6).

Sequential Simulatior Algorithm

If the conditional cumulative distributions are available at each grid node in a
study area, perhaps from a previous indicator kriging, then random sampling of the
distributions could produce simulated grids of the variable. The simulations would honor
the histogram of the random variable, but the grid nodes would be independent of one
another. This would be unsatisfactory, since geologic variables rarely exhibit spatial
independence.

A simulation method that captures the spatial dependence of a variable is the
sequential simulation algorithm. That algorithm relies on Bayes' postulate for the

calculation of the conditional probabilities (Thomas, 1986) at each grid node:

P(ANB)
P(B)

P(A|B)=
This equation can be generalized to calculate the probability of occurrence of N random
dependent events (Devroye, 1986; Journel and Alabert, 1989):
P(A,A,,.... Ay )= P(AglAp. . Ay ) * P(AylAs.. . Ay) *.. ¥ P(A)
In order to simulate N dependent events, conditional on the data, we first simulate A,

from the conditional distribution of A, given the n data. Then the simulated value A, is

added to the conditioning data, and we simulate A,, drawing from the conditional
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distribution for A, given the simulated value A, and the # data and so on. Thus, each grid
node is simulated conditional to the n data, and all previously simulated nodes. The path
through the unknown grid nodes is chosen at random. By choosing different random
paths through the grid, a large number of simulations of the variable can be generated.

In some applications, N can become quite large - a grid of 1,000,000 nodes would
not be unusual for a petroleum reservoir simulation. In such a case, a full sequential
simulation algorithm can become unwieldy, generating extremely large matrices.
Therefore, a simplifying assumption is made, based on the Markov screen effect
paradigm (Deutsch and Journel, 1992). That paradigm states that it is only necessary to
retain those nearby data points and previously simulated grid nodes that have the greatest
effect on the conditional cdf. In the GSLIB programs that implement sequential,
simulation separate searches of the conditioning data and the previously simulated nodes
can be made, and the user can specify the maximum number of each type that should be

retained (Deutsch and Journel, 1992).

The MultiGaussian Approach

One technique that can be used to generate conditional simulations using the
sequential simulation algorithm is sequential Gaussian simulation. One of the most
widely used simulation techniques, sequential Gaussian simulation (SGS) requires the
assumption that the variable of interest, or a transform of the variable, has a
multiGaussian distribution (Johnson and Wichern, 1988). For some cases, the
transformation to normality can be accomplished with a logarithmic transformation, but
in many cases the more general graphical normal score transform must be used (Verly,
1984; Deutsch and Journel, 1992).

Once the normal score transform is completed, the transformed data have a
univariate standard normal distribution, by construction. The presence of a univariate

(marginal) normal distribution does not ensure that the multivariate spatial distribution of
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the variable will be Gaussian, so the assumption should be checked (Deutsch and Journel,
1992). One implication of the multiGaussian assumption is binormality of any pair of
data points of the (normal score) transformed variable. If binormality appears to hold, it
does not mean that multinormality will follow. However, if binormality is not met, then
the variable cannot be multinormal. One property of a multiGaussian distribution is that
indicator transforms of the variable near the median of the distribution should exhibit the
maximum correlation (i.e., the longest practical ranges for the variograms), and that
indicators of the extreme values (e.g., 10th and 90th percentiles) should have the
minimum amount of structure (i.e., the shortest practical ranges). The ‘theoretically
predicted indicator variograms for any cutoff of a multiGaussian variable can be
calculated from the variogram model of the normal scores (Deutsch and Journel, 1992),
which then can be compared with the experimentally calculated indicator variograms.
An additional property of a bivariate normal spatial distribution is that symmetric
indicator variograms (e.g., for thresholds equal to the 10th and 90th percentiles of the
data), should be exactly equal for a multiGaussian variable.

The major advantage of SGS, and the reason for its popularity, is its simplicity.
One consequence of the multiGaussian assumption is that all conditional probabilities
associated with the variable are Gaussian and fully determined from the correlogram of
the normal scores of the data (Journel, 1989; Isaaks, 1990). So, for SGS the only
inference that needs to be performed is modeling the correlogram of the normal scores.
Theory shows that the parameters of the conditional distribution at any point are
determined by the simple kriging mean and variance. In SGS, a simple kriging is
performed at each node visited on a random path through all of the grid nodes. A
simulated value is then drawn at random from a Gaussian distribution with mean and
variance equal to the simple krigiﬂg mean and variance. The simulated value is then
used as conditioning data in the simulation of subsequent nodes, and this process is

continued until all nodes are simulated. Because kriging is an exact interpolator, the
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simulated values will honor the conditioning data if a datum coincides with a grid node.
Although Gaussian simulations require little modeling and are generated very
quickly, they have characteristics that can cause problems with geologic variables. Those
characteristics stem from the fact that the Gaussian model is a maximum entropy model,
and the extremely low or high values of a Gaussian simulation have less spatial structure
than the median values (Journel and Alabert, 1989). Also, the variograms of symmetric
high and low values (e.g., the 10th and 90th percentiles of the distribution) are equal.
The Gaussian model is not appropriate for all geologic variables, especially if extreme

values of the variable are important and appear to be connected or clustered in space.

Sequential Indicator Simulation

Sequential indicator simulation (SIS) provides an alternative to the Gaussian
model. It is based on the non-parametric model of the cumulative distribution function
(CDF) discussed previously under indicator kriging. As in indicator kriging, the data are
first transformed to a set of binary indicators having the value of 0 if the value of the
datum at a point is less than some cutoff, and 1 if it is greater than or equal to the cutoff.
The major requirement needed for sequential indicator simulation is a model for the
spatial dependence of the variable. This is usually obtained by modeling the experimental
indicator variograms calculated for each cutoff.

The advantages of sequential indicator simulation over Gaussian simulation
techniques are similar to the advantages of indicator kriging over simple kriging. Each
indicator cutoff can be modeled with a different variogram for added flexibility, which
can be extremely important for certain applications like reservoir flow modeling. Also,
indicator simulation techniques can easily incorporate both hard and soft data (Journel
and Alabert, 1989).

To simulate each unsampled grid node, indicator kriging estimates the probability

that the variable is less than the cutoff for each cutoff level. That probability, estimated
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by a weighted linear combination of the indicator data in the search area, is conditional to
the hard and soft sample data, as well as all previously simulated nodes. Each indicator
cutoff is kriged separately at each grid node, so improper order relations can occur if the
resulting indicator column does not have the non-decreasing property required of a cdf
(Deutsch and Journel, 1992). Once order relations are corrected, a value is drawn at
random from the completed indicator column for the grid node, which is equal to the
conditional cdf. The simulated value is then added to the pool of conditioning data, and
the process is repeated until all nodes have been simulated. A large number of indicator

simulations can be generated by varying the random number seed used by the program.

Simulation of Categorical Variables

Reservoir flow simulations require complete grids of certain reservoir properties
including the porosity and permeability, and stochastic simulation provides one way to
generate those grids (Haldorsen and Damsleth, 1990). Because the reservoir properties of
various rock types can be quite different, some researchers have proposed that the
geologic architecture of the reservoir be simulated first, then infilled with reservoir
properties (Journel and Gomez-Hemandez, 1989; Suro-Perez and Journel, 1990). Several
methods exist for generating grids of reservoir rock types and other categorical variables.
They include Boolean techniques (Haldorsen and Damsleth, 1990), truncated Gaussian
methods (Journel and Isaaks, 1984; Matheron et al., 1987), various forms of indicator
simulation (Journel and Alabert, 1989), and simulated annealing (Deutsch, 1992). After
the simulations of rock types are generated, the reservoir properties of each of the rock
types can be generated using Gaussian or indicator simulation. This section will briefly
discuss the use of indicator methods for simulating rock types, and the next section will
discuss the use of simulated annealing.

Any indicator simulation program can simulate rock types or other categorical

variables, especially if there is some natural ordering of the rock types. This ordering
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could be a ranking of the rock types by average or median permeability. If there are 3
rock types, they would be numbered with sequential integers, for example 1 through 3.
Then variograms for two indicator cutoffs would be modeled, with the cutoffs equal to 1.5
and 2.5. GSLIB also includes SISIMPDF, a program designed for indicator simulation of
mutually exclusive categorical variables (Deutsch and Journel, 1992). Before using this
program, the user defines an indicator variable for each rock type that is set equal to one if
a sample belongs to the rock type and zero otherwise. Then at each sample location a
vector of indicator values exists in which one value is equal to 1, and the rest are equal to
0. The variograms of each of the rock type indicators are then calculated and modeled.
SISIMPDF, as its name indicates, uses indicator kriging to identify the conditional
probability density function (pdf) rather than the conditional cumulative density function
(cdf, see Figure 1.1).

One problem with indicator techniques is that in order to account for correlation
between indicator classes, many indicator variograms and cross-variograms need to be
modeled, which can be quite time-consuming if several rock types are used, especially
because the resulting system of variogram models must be positive-definite (Isaaks and
Srivastava, 1989). For example, four rock types would require the modeling of 10
variograms, and five would require the modeling of 15 variograms. A technique called
indicator principal component simulation (IPCS) was developed by Suro-Perez (Suro-
Perez and Journel, 1990) in an attempt to deal with this problem. For IPCS, a principal
component transformation of the rock type indicator data is used. A principal component
analysis (Johnson and Wichemn, 1988; Davis, 1986) is performed on the correlation matrix
of the rock type indicators at a lag of zero, then the principal component loadings are used
to transform all of the rock type indicator data to principal components. The principal
components are orthogonal for lag zero by construction, and the assumption (which
should be checked) is that they will be orthogonal for all other lags. After modeling the

variograms of each of the principal components, one can use the principal components to
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generate simulations of rock types and other categorical variables (Deutsch and Journel,
1992). One major problem with IPCS is that the variogram interpretation and modeling of
the indicator principal components (IPC) can be difficult. This occurs because each IPC is
a mix of several rock types, so geologic models of depositional processes or diagenesis

can no longer be used in an intuitive fashion to guide the modeling of the variograms.

Simulated Annealing

Simulated annealing is an optimization technique that can be used to generate
stochastic simulations of continuous or categorical variables (Deutsch, 1992). Simulated
annealing does not use kriging to identify local conditional distributions like the other
methods that have been discussed. Instead, a simulation is generated by assigning data
values to grid nodes, then drawing at random from the global distribution until the rest of
the nodes are filled. Spatial continuity is imparted to the simulation, for example, by
swapping values at grid nodes (not including conditioning data) until an objective function
is minimized:

0= [Exp(h)- Mod(h)]2

where O, the objective function, is the sum over all lags of the squared deviations
between Exp(h), the experimental statistics from the simulation, and Mod(h), the model
statistics that we want to impart to the simulation. In the swapping process each node
may be visited several times during the simulation process.

The name for the annealing technique is based on an analogy with the
metallurgical process of annealing. Swaps that decrease the objective function are
always accepted. However, one of the parameters input by the user to simulated
annealing programs, is a "cooling schedule" (Deutsch and Journel, 1992). This cooling
schedule controls the probability that swaps that increase the objective function are

accepted. At early stages of the simulation the temperature is high, so unfavorable swaps
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are accepted with a high probability. However, during later iterations when the
temperature has dropped, the probability of accepting unfavorable swaps decreases. The
justification for the acceptance of unfavorable swaps early in the simulation process is
that it reduces the probability that the simulation will get frozen at an early stage in a
local minimum of the objective function (Deutsch, 1992).

One model statistic that can be imparted using simulated annealing is a model
variogram. However, other spatial statistics can also be imparted to a simulation,
including two-point or multi-point histograms (transition frequencies) between indicator
classes, and the correlation coefficient between the simulation and a seismic image or
well-test data (Deutsch, 1992). This complex information cannot be imparted to a
simulation using indicator or Gaussian simulation methods that rely on matching only the
histogram and the variogram (Figure 1.8).

One of the more promising uses of simulated annealing is the post-processing of
simulations generated by faster simulation techniques (Deutsch and Journel, 1992). For
example, indicator simulation might be used to generate simulations of rock types, then
annealing might be used to impart geologic characteristics that are not captured by a
variogram. Those geologic characteristics might include the transition frequencies
between rock types or a curvilinear alignment observed in a certain rock type. Figure 1.9
shows a cross-section from a simulation of three rock types generated using indicator
principal component simnt Simulation. That simulation was then post-processed using

simulated annealing so that the final simulation better reflected the transition frequencies

seen in the conditioning well data.

CONCLUSIONS

The field of geostatistics offers a number of tools that could be useful in

petroleum geology and sedimentary geology. First and foremost, geostatistics provides
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tools for quantifying and modeling the spatial distribution of geologic variables. The
variogram is the basic tool for identifying the patterns of spatial continuity of a variable.
Indicator variograms provide added flexibility by allowing the geologist to examine the
spatial continuity of individual classes of a variable. This might help to identify cases
where high permeability zones caused by fracturing have a different anisotropy than low
permeability zones caused by shale deposition or sandstone diagenesis.

Kriging provides a method for estimating the value of geologic variables at
unsampled locations. In addition to the estimate, kriging produces a measure of the
uncertainty of that estimate, the kriging variance. Unless the variable is unusually well
behaved, the kriging variance only provides a ranking of the uncertainty due to the
configuration of the data. Therefore, the kriging variance can only be used to identify
locations that are most remote from data (in a variogram sense), and not for constructing
confidence intervals around the estimate. An alternative, the non-parametric technique
of indicator kriging, does provide an estimate of the conditional cumulative distribution
function at each unsampled grid node, which can be used to generate estimates of the
variable, and also quantile maps and maps of the probability of exceeding a cutoff. This
allows the geologist to examine the uncertainty concerning the distribution of the
variable at each location, and to use those measures of uncertainty in risk analysis of
undrilled locations. The use of indicator kriging also allows the geologist to use soft data
in making the estimation, and to account for the possible difference in anisotropy for
different indicator classes of the variable.

Conditional simulation can be used to generate a large number of equiprobable
maps of a geologic variable that honor the conditioning data, the global distribution of
the variable (the histogram), and the spatial model for the variable. The output from a
number of conditional simulations can be used to generate probability maps and quantile
maps for analysis of the uncertainty of the geologic variable. This can include the

analysis of uncertainty about the joint distributions of particular sets of unsampled
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locations. By using a number of the simulations in reservoir fluid flow simulations, it is
possible to obtain an estimate of the economic uncertainty with respect to a particular
process or plan of development for a reservoir. If indicator simulation is used, then
related soft data can be used to constrain the simulations in areas where hard data is
sparse. Chapter 2 provides a case study showing the use of Gaussian simulation and
indicator simulation for mapping hydrocarbon pore volume as measured from well log
data. An example is shown of the use of cumulative production data as soft data for
those wells in which the well logs were not available. The soft data had a major impact
on the estimation of the conditional distributions in some locations.

To produce grids of reservoir properties for simulation of fluid flow in the
reservoir, it is often best to first simulate the spatial distribution of the geologic rock
types, then determine the reservoir properties conditional on the rock types. Geostatistics
provides several tools to generate simulations of categorical variables, including
sequential indicator simulation, indicator principal component simulation, and simulated
annealing. Chapter 3 includes a study of the identification of geologic rock types, and
their simulation in 3-D using indicator principal component simulation. In that study,
simulated annealing was used to post-process the simulations so that they honored the
transition frequencies between the rock types seen in the well data.

Geologists could improve their understanding of the spatial distribution of
geologic variables using geostatistical tools. The geologic variables studied could
include lithofacies or petrophysical rock types, sedimentologic properties such as grain
size and bed thickness, and the reservoir properties that are derived from them. The
quantitative study of the spatial nature of geologic variables using geostatistics might
suggest new ideas about the geologic processes that controlled their spatial distribution.

An additional benefit of the use of geostatistics in geology is that the geologist can then
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provide more informed and useful input to the studies of reservoir engineers and
hydrogeologists whose modeling efforts depend very heavily on an understanding of

geologic heterogeneity in the subsurface.
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f(x)

Probability density function (pdf)

F(x) = [ fu )du

Cumulative density function (cdf)

Fig. 1.1 Diagram showing: a) a probability density function, or pdf, and b) a cumulative
density function, or cdf.
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Fig. 1.2 Explanatory diagram for the variogram. At distances less than the range,
the variogram is a function of distance related to the degree of spatial
correlation. Points located at a distance greater than the range are
uncorrelated, providing no information. The variogram is constant
beyond the range, at a value termed the sill. The value of the variogram
is zero for a distance of zero, but the nugget can be used to model short
term variability that occurs at distances smaller than the sampling

interval.
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Fig. 1.3 Diagram showing the effect of geologic anisotropy on the variogram.

Here the range of the net sandstone variogram is greater in the
direction N4SE due to the greater continuity along the stratigraphic
strike of the offshore bars.
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Fig. 1.4 Effect of clustering of the data points. Here both X and Y are informed
by 5 equidistant data points. Although the 5 points informing Y provide
far less information because of their redundancy, classical inverse
distance estimators would assign equal weights to all 5 data points at
both unknowns. The weights assigned by kriging would reflect the
clustering of the data points informing Y, so that the greatest weight would
be assigned to the single data point located due west of location Y,
assuming an isotropic variogram model.
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10th percentile of SHPV Medlan SHPV

percentile of SHPV

Fig. 1.5 Three quantile maps showing the distribution of hydrocarbon pore volume
(HPV) in the Muddy Formation in a portion of the Powder River Basin of
Wyoming. The determinations of the quantiles are based on the results of 100
simulations of the HPV. High areas (dark) on the 10th percentile map are very
likely to be high, since they have a 90 percent probability to be higher than the
values on the map. Conversely, low areas (light) on the 90th percentile map are
sure to be low, because they have a 90 percent probability to be lower than the

values on the map.
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Fig. 1.6 Probability maps for the distribution of hydrocarbon pore volume for the area
shown in Fig. 1.5. Each map shows the probability that the summed HPV
exceeds the stated cutoff values. The probabilities are based on the proportion
of the results of 100 simulations of the HPV that exceeded each cutoff.
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Fig. 1.7 Inmost cases in the earth sciences we do not know the underlying reality that
exists in the subsurface. Instead we have access to a few samples, some
geologic models, and perhaps some indirect geophysical data. Geostatistical
simulation techniques can be used to generate multiple images of the subsurface
that honor the models of the histogram and the variogram. These numerical
images can be used as input to complex transfer functions, such as fluid flow
simulation programs. The processing of each simulation through the transfer
function generates one value of the potential outcome, for example, the
estimated breakthrough time for injected water to reach an oil well, or the time
required for a plume of contaminated groundwater to reach a municipal water
supply well. Running many images through that transfer function generates a
probability distribution for the output, which can be used to provide an estimate

of its uncertainty.
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Fig. 1.8 Diagram showing the distribution of petrophysical rock types with depthin a
well, together with a two-point histogram showing the transition frequencies
between each of the rock types.
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Fig. 1.9 a) A vertical cross-section from a 3-D simulation of 3 petrophysical rock types
generated using indicator principal component simulation. b) The same cross-
section after post-processing of the simulation using simulated annealing (see

Chapter 3).
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CHAPTER 2

STOCHASTIC SIMULATION OF HYDROCARBON PORE VOLUME FOR OIL-
FIELD DEVELOPMENT
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ABSTRACT

This report discusses the use of geostatistics for mapping hydrocarbon pore
volume (HPV). Using multiGaussian simulation and indicator simulation, the spatial
distribution of HPV in the Cretaceous Muddy Formation was studied in a 900 square
mile area of the Powder River Basin of Wyoming. The indicator simulations were
performed using the hard data derived from well logs, and also with soft information
calibrated from the relationship between cumulative production and HPV. Based on the
results of 100 simulations, quantile maps and probability of "exceedance" maps of the
summed HPV were produced for each of the methods. The soft indicator data
constrained the simulations in areas where cumulative production data were available,
and well log data were not. Possible uses of quantile maps and probability maps in

exploration and production are discussed.

INTRODUCTION

Numerous methods exist for the estimation of the remaining hydrocarbon
resources in an area (Miller, 1986), including discovery process models (Schuenemeyer
and Drew, 1991), play analysis (Baker et al., 1984), and material balance methods
(Bishop et al., 1983). Those methods provide estimates of the total remaining resources
within a basin or a play, but do not provide local estimates. Therefore, they can be used
to evaluate which basin or play to participate in, but not to decide which areas within a
basin are most prospective.

One major goal of local resource estimation is the development of a model for the
full probability distribution of the hydrocarbon resources at each location, not just a

"best" estimate. Sequential indicator simulation is a stochastic simulation technique that
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can be used to generate numerous images of the distribution of a variable (Journel and
Alabert, 1989), all of which are equally probable. Each simulation honors the local
conditioning data, as well as the model for the spatial continuity of the variable being
simulated. By generating a number of images of the hydrocarbon saturation in an area, it
is possible to build models of the local probability distributions of hydrocarbon
resources. Once the local probability distributions are generated, it is possible to retrieve
any salient feature of the distribution at each location, for mapping or economic decision
making. Those features can include the median and other quantiles of the distribution, as
well as the probability that the resource base exceeds a given threshold at each location in
the study area.

This paper discusses the use of geostatistics for local resource estimation and risk
assessment. Sequential Gaussian and sequential indicator simulation were applied to a
case study on the distribution of hydrocarbon resources in the Lower Cretaceous Muddy

Formation in a portion of the Powder River Basin of Wyoming.

GEOLOGIC SETTING

The study area encompasses 2500 square kilometers (900 square miles), and is
centered on Amos Draw Field, which produces retrograde condensate from the Muddy
Formation (Figure 2.1). The study included 69 wells with digital well log control
(Figure 2.2). Core data was available for eight of the wells, which are highlighted on
Figure 2.2. Cumulative production data from an additional 256 wells were used as soft
data to constrain the indicator simulations.

The Lower Cretaceous Muddy Formation is the major producing formation,
penetrated by at least 339 wells in the study area (Figure 2.3). The Muddy Formation

structure dips gently toward the southwest at less than 1 degree (Figure 2.3). Several
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subtle anticlinal noses exist in the Amos Draw area, but structure does not appear to have
any influence on production. The stratigraphy in the area is complex, due to the presence
of a major intraformational unconformity within the Muddy. The Rozet sandstone, which
is the lowermost member of the Muddy Formation in the study area, is the reservoir at
Amos Draw. The Rozet is a progradational beach or barrier bar sandstone related to a
regression of the Cretaceous Sea (Odland et al., 1988). After deposition of the Rozet, a
further drop in sea level led to the development of an unconformity that truncates the
Rozet member (Figure 2.4). The thin isopach of the Muddy Formation in the Amos
Draw area (Figure 2.5), and the partial truncation of the Rozet sandstone, suggest that the
area was a paleohill during Muddy deposition. VonDrehle (1985) stated that the isopach
thin was the key factor in Davis Oil's discovery of the field in 1981.

Relief on the post-Rozet unconformity, and the precipitation of pore-filling
kaolinite caused by the weathering of volcanic ash deposited on the unconformity,
directly control the permeability distribution and production at Amos Draw (Odland et
al., 1988). Amos Draw has an average of 12-14 feet of net pay, average porosity of
12-18 percent, and low permeability, averaging 1-2 millidarcies (VonDrehle, 1985). The
field produces retrograde condensate, with estimated reserves of 10 million barrels of
condensate and 100 billion cubic feet of gas (VonDrehle, 1985). As of 1988, 98
producing wells had been drilled within the field (Odland et al., 1988), which has been
developed on 160 acre spacing. Figure 2.6 is an isopach map of the cumulative
production from Muddy Formation wells after four years of production, measured in
barrels of oil equivalent (with 6,000 cubic feet of gas converted to 1 barrel of oil
equivalent). For more information on Amos Draw, and the Muddy Formation in general,

see the papers referenced above, as well as Chambers (1986).
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CALCULATION OF HYDROCARBON PORE VOLUME

Porosity was calculated using a linear regression model relating the core porosity
to the density log values. If the density correction or caliper curves indicated that the
density log was unreliable, then the porosity value was calculated from a regression of
core porosity with the gamma ray. Using that model, a porosity value was calculated for
each foot of clean sandstone in the 69 wells. The linear correlation coefficient between
the calculated and core porosity was 0.86 (Figure 2.7). The resistivity values, which had
been corrected for invasion, were combined with the porosity values using Archie's
equation to yield estimates of the water saturation (Asquith, 1982). The parameters used
in Archie's equation were Ry, = 0.15 at formation temperature, m = 1.7, and n = 2.

The porosity values and hydrocarbon saturation (1 - Sy} were multiplied together
to yield the hydrocarbon pore volume (HPV). Of the 4728 well log data points available
in the Muddy Formation, 893 were sandstone, based on a gamma ray cutoff of 60 API
units. The HPV in shale and siltstone was set equal to 0. Fifty percent of the sandstone
data points had a calculated HPV of 0. This appears to be due to the presence of tight
sandstone whose pore system was obstructed by kaolinite (Odland et al., 1988).

The hydrocarbon pore volume was then summed for each well. The summed
HPV values had a positively skewed distribution, with a spike of 12 zero values (about
17 percent of the 69 data points). The average value was 0.502 HPV feet, with a median
of 0.20 and a maximum of 2.09 (Figure 2.8). A logarithmic transform of the positive
values is not sufficient 1o make the distribution normal, as shown by the log-probability
plot of Figure 2.9. No outlier high values appeared to be present.

As expected, examination of the spatial distribution of the sample locations
revealed clustering of the wells in the areas of known production. This clustering of the
data can be seen for both the 69 well sample used in this study (Figure 2.2), and for the

entire population of 339 wells (Figure 2.6). Preferential clustering of the data in highly
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productive areas leads to a bias in the global statistics and the histogram of the SHPV,
which is strongly correlated with production. Cell declustering is one way to compensate
for clustering of the data (Isaaks and Srivastava, 1989). Cell declustering assigns weights
to each datum that are inversely proportional to the number of data found within a
rectangular cell. For example, if only 1 well is found in a cell, it would be given a
weight of 1, two wells in a cell would each be assigned weights of one-half, etc. The
GSLIB program DECLUS (Deutsch and Journel, 1992) was used to calculate the
declustering weights for the summed HPV. DECLUS includes a routine for determining
the optimum size of the declustering cells by finding the cell size that minimizes the
global mean of a variable. In this case the minimum global mean was found for square
cells, 32,000 feet on a side. Figure 2.10 presents the declustered histogram of the SHPV.
The declusiered mean is 0.36 HPV feet, lower than the raw mean of 0.502 HPV feet.
Moving-window statistics were calculated over horizontal square cells with a
width of 60,000 feet, and an offset of 10,000 feet (see Isaaks and Srivastava, 1989, p.
46-48). These moving-window statistics indicate the presence of a strong proportional
effect, i.e., the standard deviation of SHPV data within the moving-window cells appears
to be a function of the mean (Figure 2.11). The proportional effect reflects the
heteroscedasticity of the spatial variance. One major implication of such a proportional
effect is that the kriging variance, which is independent of the data values, is not a valid
measure of local accuracy and cannot be used to define confidence intervals around

kriging estimates of the SHPV.

SEQUENTIAL GAUSSIAN SIMULATION

The kriging variance is not a measure of local accuracy because the kriging

variance depends only on the spatial configuration of the data, and not on the data values
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themselves (Journel, 1986). A full measure of local accuracy would be given by a model
for the probability distribution of the unsampled value conditioned on the neighboring
information, both in terms of the data configuration and the data models. The
multiGaussian model, which assumes that a variable and all of its spatial increments are
normally distributed, provides such conditional probability distributions (Journel, 1986
and 1989; Isaaks, 1990). This model first requires a transformation of the original data
into a univariate Gaussian variable by a procedure called a "normal score transform".
Then the transformed data should be checked to determine if they conform to a
multivariate Gaussian distribution (see hereafter). If the multiGaussian assumption does
not appear to be justified, then the use of non-parametric methods should be considered,

for example, indicator geostatistics(Journel, 1989).

Normal Score Transform

A logarithmic transform of the summed HPV would not produce a Gaussian
variable (Figure 2.9), so the SHPV was transformed using a graphical normal score
transform (Verly, 1984; Hohn, 1988). The graphical normal score transform is a non-
linear transform (Figure 2.12); it is not the same as simply calculating the z-scores of the
variable (i.e., subtracting the mean, and dividing by the standard deviation). The normal
score transform was performed using the NSCORE program from GSLIB. Since the
data included a spike of 12 zero values, a "despiking" program was used to break the ties
(DESPIKE from Verly, 1984). DESPIKE breaks the ties between the 12 zero values by
ranking them according to the average of the data values found in their immediate
neighborhood. As mentioned previously, the data were preferentially clustered in the
highs, so the normal scores were calculated using the declustered histogram, where each

datum receives a different weight.
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Checking the MultiGaussian Assumption

Once the normal score transform is completed the transformed data have a
univariate standard normal distribution, by construction. The presence of a univariate (or
marginal) normal distribution does not ensure that the multivariate spatial distribution of
the variable will be Gaussian, so the assumption should be checked. One implication of
the multiGaussian assumption is binormality of any pair of data points of the (normal
score) transformed variable. If binormality appears to hold, it does not mean that
multinormality will follow. However, if binormality is not met, then the variable cannot
be multinormal. One property of a multiGaussian distribution is that maximum
correlation (i.e., the longest practical ranges for the variograms) should be present for
indicator cutoffs located near the median of the distribution, and that indicators of the
extreme values (e.g., 10th and 90th percentiles) should have the minimum amount of
structure (i.e., the shortest practical ranges). The theoretically predicted indicator
variograms for any cutoff can be calculated from the variogram model of the normal
scores (Journel, 1989), and compared with the experimentally calculated indicator
variograms. An additional property of a bivariate normal spatial distribution is that
symmetric indicator variograms (e.g., indicators equal to the 10th and 90th percentiles of
the data), should be exactly equal for a multiGaussian variable.

Figures 2.13a, 2.13b, and 2.13c display the comparison of the theoretical and the
experimental indicator variograms for the 50th, the 25th and 75th, and the 10th and 90th
percentiles. The theoretical indicator variograms were calculated using BIGAUS, a
GSLIB program. The experimental variograms, although very noisy, do not appear to
contradict the theoretical expressions predicted from the multiGaussian model. Since the
number of samples is small (only 69), the number of pairs entering into each point of the
experimental variograms is small (about 25-30 pairs), so that large sampling fluctuations
are expected. The deviations do not appear to be large enough to warrant rejection of the

assumption of binormality, or by extension, multinormality.
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Variogram Analysis of the Normal Scores

After calculation of the normal scores, the experimental variograms for the
normal scores of the summed hydrocarbon pore volume were calculated. Because there
are only a small number of data points in the study area (69 wells with SHPV data),
previous attempts by the author to model the anisotropy of the variograms had been
difficult. For this study, published geologic models of the distribution of net pay were
used to develop variogram models for the SHPV.

The first geologic model examined was the net pay map drawn by VonDrehle, the
Davis Oil Co. geologist who discovered Amos Draw field. His map shows the direction
of maximum continuity of net pay on an azimuth of about N55E, with an anisotropy ratio
of approximately 5:1 (Figure 2.14). VonDrehle's net pay model assumed that the major
control on net pay distribution was the original depositional environment, which he
believed to be a set of long, narrow beach ridges (VonDrehle, 1985).

A different model for the distribution of net pay was proposed by Odland et al.
(1988). Their mode! assumes that the major control on the distribution of net pay was
the truncation of the Rozet member by the unconformity depicted in Figure 2.4, and the
weathering and diagenesis associated with that unconformity. The diagenesis resulted in
obstruction of the pore system by kaolinite. The net sand map of Odland et al. (Figure
2.15) has a weaker anisotropy than the map of VonDrehle. The major direction of
continuity is still to the northeast, at approximately N60E, but the anisotropy ratio is only
about 2:1.

Both of these models were compared with the experimental variograms calculated
for the normal score transform of the summed HPV. The model of Odland et al., with its
weaker anisotropy, appears to fit the experimental data more closely. However, the
anisotropy ratio detected by experimental variogram modeling usuaily underestimates the
true anisotropy (Deutsch and Journel, 1992), so a ratio of 3:1 was us.ed instead of 2:1.

The range in the direction N60E was modeled at 30,000 feet, while the range in the
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perpendicular direction (N30W) was about 10,000 feet (Figure 2.16), for an anisotropy
ratio of 3:1. A spherical variogram model was developed, with a zero nugget, an

azimuth rotation of 60 degrees, and a 3:1 anisotropy ratio:

bz [\/(30%00 )2 +(10}(1;00 )2 J

where h, is the distance coordinate in the direction of maximum continuity, N60E, hy is

the distance coordinate in the direction N30W, and the spherical variogram model is
defined as:
Sph(h) =1.5h—0.58> for h<1
=1 for h21
Based on the experimental variogram in Figure 2.16 one could consider a pseudo-
periodic component in the direction N30W, perhaps corresponding to the ridges seen on
VonDrehle's isopach map (Figure 2.14). The anisotropic period of that component
would have a ratio of about 3:1. Because of its uncertain geological basis, it was decided
not to consider that pseudo-periodic structure. In any case, some of the pseudo-

periodicity will usually be accounted for by the conditioning data (Journel, pers. comm.,,

1991).

Sequential Gaussian Simulation Results

For comparison with the simulations, Figure 2.17 depicts the ordinary kriging
estimate of the sum of HPV in the study area. The variogram model used for the
ordinary kriging was the spherical model for the normal scores cited above (3:1
anisotropy, with maximum range of 30,000 feet in the direction N60E). An elliptical
search pattern was used, with the same anisotropy as the variogram model, and a
maximum search radius of 50,000 feet. The kriging was performed using the GSLIB

program OKB2D (Deutsch and Journel, 1992).
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One hundred simulations of the SHPV were generated using SGSIM, a sequential
Gaussian simulation code included in GSLIB. Each simulation was conditioned by the
normal scores of the SHPV data from the 69 wells. The simulations were point
simulations, with a grid size of 2640 feet (1/2 mile, the average well spacing in Amos
Draw field). Because of the pronounced variation in the local mean of the SHPV (Figure
2.17), ordinary kriging was used to determine the local conditional distributions during
the simulation of a node in an attempt to account for local departures from stationarity
(Deutsch and Journel, 1992). The search radius for the simulations was the same used
for the ordinary kriging above. No grid node was simulated if there were less than two
data points within the search area.

During the back transformation of the simulated values from the normal space,
the lower tail of the distribution was truncated at zero to prevent the simulation of
negative HPV. The upper tail of the distribution (beyond the observed maximum of 2.09
HPV feet) was modeled using a hyperbolic tail, with the upper tail parameter w equal to
5.0 (Deutsch and Journel, 1992). This allowed the simulation of values higher than the
greatest sample datum. The resulting upper tail distribution was positively skewed, but
decreased quite rapidly beyond the observed maximum of 2.09 HPV feet. The upper tail
distribution appears in Figure 2.18 which depicts all simulated values greater than 2.09
HPV feet from the entire suite of 100 simulations. The upper tail model is based on an
approximate physical maximum of 3 to 6 HPV feet, which would correspond to 15 to 30
feet of net pay having the highest observed porosity (24 percent), and the lowest
observed water saturations (13 percent).

The first four simulations generated during the SGSIM simulation run are
presented in Figure 2.19. The four simulations honor the 69 SHPV data used to
condition the simulations. As expected, high SHPV values are found at the location of
Amos Draw field in every simulation. One might be concerned about the simulated

realizations showing high SHPV-areas away from the Amos Draw field; however, a
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careful examination of these realizations reveals that these simulated high SHPV-areas
are not consistently at the same place, an indication of spatial uncertainty. This
uncertainty will be further addressed below.

Figure 2.20 presents a quantile-quantile (qq) plot of the original data versus the
results of the first simulation. The quantiles of the simulated values do a fair job of
reproducing the declustered cdf of the original SHPV data. Figure 2.21 is a plot of the
variogram model of the normal scores (solid) and the variogram of the normal scores
generated for the first simulation. The simulated values correctly reproduce the input

variogram model, especially at short range.

SEQUENTIAL INDICATOR SIMULATION

Although sequential Gaussian simulation appeared to do a reasonable job of
simulating the distribution of hydrocarbon pore volume, it cannot easily incorporate
information from correlated variables. In addition to the 69 calculated SHPV data points
used for the Gaussian simulations, cumulative production data was available for an
additional 226 wells. Sequential indicator simulation was used to generate additional
simulations of HPV in order to incorporate the production data into the simulation
process.

The techniques of indicator geostatistics are based on a non-parametric model of
the cumulative distribution function (CDF). The data are first transformed to a set of
binary indicators having the value of 0 if the value of the datum at a point is less than or
equal to some cutoff, and 1 if it is greater than the cutoff. The number of cutoffs can
vary, but often is between 3 and 10 - a convenient set of cutoffs might be the deciles of
the sample data. The probability that the value at an unsampled location exceeds a cutoff

can be estimated by the proportion of the data within the search neighborhood that
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exceeds the cutoff. By estimating the probability for a series of cutoffs, an estimate of
the complete CDF can be built at each location, conditional on the local data.

One of the most important properties of an indicator random variable is that:

E{I(x;2)} =1 Pr{Z(x) < z}+0 * Pr{Z(x) > z}
=Pr{Z(x) <z} =F(2)
so that the conditional expectation of an indicator random variable for a given cutoff is
equal to the conditional cdf of the original variable for that cutoff value. Therefore the
conditional distribution function of a random variable for an unknown location can be
modeled by the conditional expectations of a series of indicators.

The indicator formalism has the advantage that it can incorporate correlated soft
data into the simulation or estimation process. Possible examples of soft data might
include interpreted geologic maps, or data on a separate but related variable (for
example, production data). The soft indicator data can take two forms. One form is a
constraint interval, where the soft data give information that the variable has no
probability to be below cutoff a, and no probability to be above cutoff b, but an unknown
probability for any cutoff between a and b. This results in an indicator series (defined as
the indicator values for all cutoffs at a location) that is only partially complete. The other
form is the prior probability distribution. For that data type, the indicator series is not
filled solely by 1's and 0's, but by cumulative probabilities increasing from 0 to 1. The
prior probability distribution is used when calibration data are available for related
attributes.

Sequential indicator simulation requires a model for the spatial dependence of the
variable. This is usually obtained by modeling the experimental indicator variogram
calculated for each cutoff. Each indicator cutoff can be modeled with a different

variogram, giving added flexibility for applications like reservoir flow modeling.



56

For the simulation of each unsampled grid node, indicator kriging at each cutoff
level is used to estimate the probability that the variable is less than that cutoff. That
probability, estimated by a weighted linear combination of the indicator data in the
search area, is conditional to the hard and soft sample data, as well as all previously
simulated nodes. Each indicator cutoff is kriged separately at each grid node, so
improper order relations occur if the resulting indicator series does not have the
non-decreasing property required of a cdf. Once order relations are corrected, a
simulated value for the grid node is drawn at random from the completed indicator series,
which equals the conditional cdf. The simulated value is added to the conditioning data,

and the process is repeated until all nodes have been simulated.

Calibration of Soft Indicator Data

Four indicator classes were chosen for the present study, using cutoffs of 0.18,
0.55, and 1.30 HPV feet. Those cutoffs correspond to the 49th, 79th, and 93rd
percentiles of the declustered SHPV cumulative distribution, which equal the 49th, 70th
and 83rd percentiles of the raw distribution. The cutoffs appear to cut the SHPV into
natural classes, based on production performance (Figure 2.22). The cumulative
production is measured in thousands of barrels of oil equivalent (MBOE) at the end of
the fourth year of a well's production, with 6,000 cubic feet of gas considered the
equivalent of one barrel of oil. Most wells with an SHPV less than 0.18 were dry holes.
About a third of the wells with SHPV values between 0.18 and 0.55 were dry holes, and
the rest produced less than 50 MBOE apiece, which would not be profitable. Wells that
had SHPV values between 0.55 and 1.30 were rarely dry holes, but only one well in that
class had cumulative production of more than 100 MBOE. All of the wells having

SHPV values greater than 1.30 were producers, and all but one of the wells produced

more than 100 MBOE..
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The agreement between SHPV and cumulative production is strong, with a high
linear correlation coefficient (nearly 0.8), so the cumulative production data were used as
soft data for locations where calculated SHPV data were not available. In order to
calibrate the production data and the summed hydrocarbon pore volume data, the 69
sample wells were broken into three classes: dry holes; wells with cumulative production
less than 100 MBOE; and wells that produced more than 100 MBOE. Figure 2.23
presents a 3-D histogram showing the frequency with which wells in each of the three
production classes fall into the four summed hydrocarbon pore volume classes. The
histogram was used to construct soft or 'fuzzy' indicators (prior probability distributions)
for the 256 wells which had production data, but did not have digital well log data. For
example, a well with cumulative production of 80 MBOE, falling in the second
production class, would be assigned the following indicator: [0.13, 0.625, 0.94]. This
corresponds to a 13 percent probability for that production class that the SHPV is less
than 0.18 (the first cutoff), a 62.5 percent probability that the SHPV is less than 0.55, and
a 94 percent probability that the SHPV is less than 1.30. After the calibration, the 256

fuzzy indicator data were used in the indicator simulation together with the 69 hard data.

Variogram Analysis of the SHPV Indicators

After conversion of the SHPV values to indicators, the experimental variograms
for the summed hydrocarbon pore volume were calculated. Because there are only 69
hard data points in the study area, modeling the anisotropy of the variograms was
difficult, as it was with the normal scores variogram discussed previously. The same
geologic models of the distribution of net pay used to develop variogram models for the
normal scores of the summed HPV were used to model the indicator variograms. For the
first two cutoffs, the range in the direction N60E was 30,000 feet, while the range in the
perpendicular direction (N30W) was about 10,000 feet (Figures 2.24a and 2.24b), for an

anisotropy ratio of 3:1. The indicator variogram for the third cutoff (Figure 2.24c)
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appears to exhibit a pure nugget effect, but this is probably due to the large distance
between the wells. The third cutoff was modeled with a range of 11,000 feet in the

direction N60E, a 3:1 anisotropy ratio, and a 50 percent relative nugget.

Indicator Simulation Results

Two sets of one hundred simulations of the sum of the hydrocarbon pore volume
were generated using SISIM, a sequential indicator simulation code included in GSLIB.
One set of simulations was conditioned using only the 69 hard data, whereas the second
set of simulations were conditioned by the SHPV data from the 69 hard data locations
plus the 256 soft indicator data, calibrated from the production data. The simulations
were performed using the same grid spacing and search parameters used for the Gaussian
simulations. An elliptical search neighborhood was used for the simulations,
corresponding to the variogram model developed above, with a maximum search radius
of 15,244 meters (50,000 feet) in the direction N60E, and a 3:1 anisotropy. No grid node
was simulated if there were less than two data points within the search area. The first
four simulations generated during the two indicator simulation runs are presented in
Figures 2.25 and 2.26. Figure 2.27 contains a quantile-quantile plot for the first hard
data simulation showing the reproduction of the histogram by the simulation process.
The variogram reproduction of that simulation can be seen in Figure 2.28. Figures 2.29
and 2.30 contain comparable plots for the first simulation using both the soft and hard
data. The histogram reproduction is reasonable for both sets of simulations (Figures
2.27 and 2.29). The variogram reproduction for the first two cutoffs are also reasonable
(Figures 2.28 and 2.30). The indicator variogram model for the third cutoff is poorly
reproduced by the two simulations (Figures 2.28 and 2.30). This is probably caused by
the arbitrary choice of variogram model for that cutoff, when the data tended to suggest a

pure nugget effect.
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At first glance, the two sets of simulations do not appear very different from one
another, nor from the Gaussian simulations produced earlier (cf. Figures 2.25, 2.26, and
2.19). All of the simulations show the same northeast-southwest continuity, with an area
of high SHPV simulated in the lower right center of the map, where Amos Draw is
located. However, the size of the high SHPV areas appears to be smaller on the
simulations produced using both the hard and soft data. Quantile maps and probability

maps better illustrate the differences between the sets of simulations.

QUANTILE AND PROBABILITY MAPS

The simulated values generated at each node x can serve as a model of the

conditional distribution at each node (an uncertainty model):

F(zx|(n)) = Pr{Z(x) < z| (Information)}

After sorting the simulated values at each grid node, it is easy to retrieve any quantile of
the distributior;, for example, the upper and lower quartiles, or the median of the
distribution. For this study, the 10th percentile, the median, and the 90th percentiles
were retrieved from the sorted array of 100 simulated values at each node for each set of
simulations (Gaussian, hard indicator data, and hard plus soft indicator data). The
quantile maps are plotted as Figures 2.31, 2.32, and 2.33, respectively.

Quantile maps are especially useful in studying the spatial distribution of highs
and lows in the study area. Because there is only a 10 percent probability that the actual
unsampled value at any particular location is less than the value of the 10th percentile,
the dark areas of Figure 2.31a highlight those areas that are almost certainly high. In the
same way, there is a 90 percent probability that the true value at any grid node is less
than the value posted on Figure 2.31c. Therefore, the white areas of Figure 2.31c

represent areas that are almost certainly low. Figure 2.31b, the map of the median of the
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distribution, provides a robust estimate of the center of the conditional distribution of
SHPV at each node, as estimated by Gaussian simulation. Possible uses of quantile maps
in exploration and development are discussed in the following section.

Another statistic that can be retrieved from the local uncertainty models provided
by the 100 simulations is the probability of exceeding a cutoff at any grid node. For this
study, two cutoff values were examined, which were 1.3 and 0.55 HPV feet. Those
cutoffs correspond to the 93rd and the 79th percentiles, respectively, of the declustered
SHPV data. Twelve of the 69 wells have an SHPV that exceeds the SHPV cutoff of
1.30, but those twelve wells contribute almost three quarters of the cumulative
production of the sample wells. All of the wells that exceed the cutoff of 1.3 HPV feet
are excellent producers, with no dry holes, and no marginal producers. The lower cutoff,
0.55 HPV feet, captures a higher percentage (86 percent) of the cumulative production of
the sample wells, but three wells that exceed that cutoff were dry holes, and six produced
less than 60,000 BOE in four years. The probability of exceeding the cutoffs was
calculated by determining the proportion of the 100 simulated values that exceeded each
cutoff at each grid node. Figures 2.34, 2.35, and 2.36 contain maps of the probability
that the SHPV exceeds 1.3 and 0.55 HPV feet as estimated by the Gaussian, hard
indicator, and soft indicator simulations.

The probability of "exceedance" maps give a clearer picture of the comparison
between the three sets of simulations. The probability of exceeding the higher cutoff
(1.30 HPV feet) is roughly comparable when using Gaussian and hard indicator
simulation (Figures 2.34b and 2.35b, respectively). The same high areas appear on both
sets of maps, and are roughly the same size. However, the probability maps based on the
simulations generated using both the hard and soft data differ from the other two sets.
The dark areas of high probability (Figure 2.36b) are smaller and more focused. This can
be seen more clearly on Figure 2.37, which maps the difference at each grid node

between the probability that the SHPV exceeds 1.30 HPV feet given by the hard
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indicator simulations and the probability from the simulations that honor both the hard
and the soft data. White patches on the map indicate areas where the hard-data-only
simulations estimated consistently higher probabilities of exceeding the cutoff than the
simulations that honored the soft production data. In other words, the production data
would tend to constrain the probability of exceeding the cutoff to lower values because
there were wells in the area that were dry holes or had low production. This is
particularly noticeable on the west side of the main Amos Draw field area. Conversely,
black patches correspond to areas where the soft data indicate higher probabilities of

exceeding the cutoff than did the hard SHPV data.

POSSIBLE USES IN EXPLORATION AND DEVELOPMENT

The quantile and probability maps described above could be used in targeting
areas for the drilling of exploration and development wells. For example, locations that
exceed the conservative cutoff of 1.3 HPV feet with a high level of probability would be
more likely to contain commercial hydrocarbon reserves than locations that do not.
Using Figure 2.36b, potential drillsites could be ranked based on the probability that the
hydrocarbon pore volume exceeds that cutoff at each location. Locations with the
highest probability of exceeding the higher cutoff would be considered prime locations
for drilling development wells. The probability of exceeding the lower cutoff of 0.55
HPV feet, which entails a greater risk of non-commercial production, might be used in
determining locations for exploratory drilling, or for acreage acquisitions.

If the recovery factor and drainage area are known or can be estimated, a

simulation of summed HPV can be transformed into a simulation of recoverable
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hydrocarbons. A simple transform from SHPV to recoverable gas reserves is given by

Asquith (1982):
.43
RGIP =43560 * (depth * TS—) * SHPV * RF * A

where RGIP is the recoverable gas in place, depth is the depth of the producing
formation, SHPV is the summed hydrocarbon pore volume in HPV feet, RF is the
recovery factor, and A is the drainage area, in acres. This transformation could be done
for several quantiles of the conditional distribution of SHPV at each location, for
example, the 10th percentile, the median, and the 90th percentile shown in Figures 2.33a-
c. Those quantile estimates of the recoverable hydrocarbons at each location could be
used to evaluate the economics of drilling wells at locations selected using the probability
of exceedance maps. Note that the relation linking recoverable hydrocarbons to SHPV is
monotonic increasing, therefore rank-preserving, so that a p-quantile image for SHPV is
also the p-quantile for RGIP. Using this method, it would be possible to generate
estimates of the 10th percentile, the median, and the 90th percentile of the potential
economic gains associated with drilling a development well at each targeted location. In
fact, there is no reason to select only 3 quantiles of the distribution. By transforming all
simulated values of SHPV to simulations of recoverable hydrocarbons (or by extension,
to potential cash flow), a full model of the conditional distribution of potential economic
return could be generated for each location in the area. This could be a valuable
management tool for risk analysis, hopefully more objective than the ad hoc "sensitivity
analyses" often used in prospect evaluation.

Obviously, the soft production data would have a major impact on any risk
analysis. As discussed previously, soft production data can alter the estimate of the
cumulative distribution function of SHPV at nearby undrilled locations. This would
change the estimate of the quantiles of the functions and of the probability of exceeding a

cutoff. Examples are shown in Figures 2.38 and 2.39. Figure 2.38 depicts the
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conditional distributions for two locations on the west side of the Amos Draw field area
where the combination of hard data and soft production data indicated much lower
probabilities of exceeding the 1.30 HPV feet threshold than the hard data alone. The
median SHPV from the two methods are 0.534 and 1.33 HPV feet, respectively.
Assuming that the recovery factor is 60 percent, that the drainage radius equals the 160
acre well spacing, that the depth is 9,900 feet, and that the SHPV equals the median
SHPV from the two distributions, Asquith's formula would indicate recoverable reserves
of 633 million cubic feet of gas (MMCFG) and 1578 MMCFG for the two simulation
methods. Converting those recoveries to barrels of oil equivalent at 6,000,000 cubic feet
of gas to 1,000 barrels of oil equivalent (MBOE) would yield median recoverable reserve
estimates of 106 MBOE estimated using the combined soft and hard data rather than 263
MBOE estimated using the hard data alone. That difference would have a major impact
on the economic evaluation of the location, and might mean the difference between a
decision to drill a well or not. Conversely, the distributions in Figure 2.39 come from
grid nodes on the southeast edge of the main field where the soft production data indicate

greater potential for hydrocarbon production than the sparse hard SHPV data suggested.

CONCLUSIONS

Stochastic simulation techniques can generate large numbers of realizations of a
random field. Each of those simulations honors the conditioning data, the histogram of
the data, and the model for the spatial correlation of the variable. That spatial model can
be based in large part on geologic models for the distribution of productive reservoir
rock. By providing a large number of realizations, stochastic simulation methods make it
possible to assess the uncertainty of the simulated variable at each location. This local

uncertainty can be studied using quantile maps and probability of exceedance maps. One
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of the major advantages of stochastic indicator simulation over the more congenial
Gaussian simulation methods is that soft data can be used to constrain the simulations in
areas where hard data is not available.

The current study shows the application of stochastic simulation to the problem of
simulating the local conditional distributions of the recoverable hydrocarbons in the
Amos Draw area using well log measurements of the summed hydrocarbon pore volume
(SHPV). The calibration and use of production data as soft data constrained the Iocal
conditional distributions of the SHPV in areas where production data were available, and
calculated SHPV data were not. The use of the soft data resulted in downgrading the

estimated production potential of some areas, and increasing the estimated potential in

others.
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interval = 40,000 BOE.
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Fig. 2.8 Histogram of summed hydrocarbon pore volume (HPV ft)

Fig. 2.9 Log-probability plot of summed hydrocarbon pore volume

Fig. 2.10 Histogram of summed hydrocarbon pore volume, weighted by declustering

weights.
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Fig. 2.11 Crossplot of average SHPV versus standard deviation for moving window cells



Fig. 2.12 Graphical normal score transform, where Z is the input (raw) cumulative
distribution function (cdf), and Y is the standard Gaussian cdf (after Hohn,
1982).
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Fig. 2.14 Muddy Formation net pay isopach map at Amos Draw (after VonDrehle,
1985).

78



ROZET MEMBER
NET POROUS SANDSTONE ISOPACH

R7SW

B N , 4 -
?;3\544*\‘} = /\ /
— [ A4 7))5//5,%3)\>/>>< — \\

N
A
| pd

A\

>)

AN =

SRR SEA < »yk
//l//[\:s,: \\\s - /“_ES{’%' C\Jr\ r;\jj/"/
o ) A s 2 .‘-M .
BN o8
N\~ G R) [N

Y A R
= Z

T /
>

-7

o

-
/
RISW

|

\

£

Fig. 2.15 Muddy Formation net porous sandstone isopach map at Amos Draw (after
Odland et al., 1988).

79



SHPV Normal Scores
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Fig. 2.16 Experimental and model variograms for the normal scores of the SHPV
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Ordinary Krig

Fig. 2.17

Ordinary kriging estimate of the summed hydrocarbon pore volume
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Fig. 2.18 Upper tail distribution from 100 Gaussian simulations generated using a

hyperbolic upper tail distribution with w = 5



Sim #1 - SGSIM Sim #2 - SGSIM

Sim #3 - SGSIM Sim #4 - SGSIM_

Fig. 2.19 Four Gaussian simulations of the summed hydrocarbon pore volume. Parts of
the extreme northwest and southeast corners of the map were not simulated
because of insufficient data.
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Fig. 2.20 Quantile-quantile plot of the results of the first Gaussian simulation versus the
declustered cdf of the SHPV from the well data.
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Fig. 2.21 Comparison of model variogram with the variogram of the simulated normal
scores for the first Gaussian simulation of the SHPV
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Fig. 2.22 Crossplot of cumulative production versus SHPV



87

Fig. 2.23 3-D histogram used in calibration of production data and SHPV. SHPV broken
down into four classes, corresponding to the three indicator cutoffs.
Cumulative production broken down into three classes. Calibration used to
assign fuzzy indicators to the 226 wells for which production data were
available, but well log data were not.
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Sim #1 - SISIM w/ hard data onl Sim #2 - SISIM w/ hard data onl,

Sim #3 - SISIM w/ hard data onl] Sim #3 - SISIM w/ hard g!ala onl|

Fig. 2.25 Four indicator simulations of the SHPV, generated using only the 69 hard well
log data. Parts of the extreme northwest and southeast corners of the map were
not simulated because of insufficient data.
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Fig. 2.26 Four indicator simulations of the SHPV, generated using the 226 soft indicators
based on production data, as well as the 69 hard indicators.
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Fig. 2.27 Quantile-quantile plot of the results of the first hard indicator simulation versus

the declustered cdf of the SHPV from the well data.
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Fig. 2.28 Comparison of model variogram with the variogram of the simulated indicators
for the first hard indicator simulation of the SHPV
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3.00_QQ plot for sisim w/ hard and soft data
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Fig. 2.29 Quantile-quantile plot of the results of the first soft indicator simulation versus
the declustered cdf of the SHPV from the well data.
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Fig. 2.30 Comparison of model variogram with the variogram of the simulated indicators
for the first soft indicator simulation of the SHPV



10th percentile SHPV from sgsim Median SHPV from sgslm

Fig. 2.31 Quantile maps of a) the 10th, b) the median, and c) the 90th percentiles of the
conditional distributions of the SHPV, based on 100 Gaussian simulations
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10th percentile SHPV from hard data Median SHPV from hard data

90th percentile SHPV from hard data

Fig. 2.32 Quantile maps of a) the 10th, b) the median, and c) the 90th percentiles of the
conditional distributions of the SHPV, based on 100 indicator simulations
generated using the hard indicator data only
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10th percentile SHPV with soft data Median SHPV with soft data

percentile SHPV with soft data

Fig. 2.33 Quantile maps of a) the 10th, b) the median, and c) the 90th percentiles of the
conditional distributions of the SHPV, based on 100 indicator simulaticns
generated using both the hard and soft indicator data



Prob. SHPV gt 1.30 from sgsim

Fig. 2.34 Probability that the summed HPV exceeds cutoffs of 0.55 and 1.30 HPV ft,

based on the results of 100 Gaussian simulations.
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Fig. 2.35 Probability that the summed HPV exceeds cutoffs of 0.55 and 1.30 HPV ft,
based on the results of 100 indicator simulations generated using the hard
indicator data only
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Fig. 2.36 Probability that the summed HPV exceeds cutoffs of 0.55 and 1.30 HPV ft,
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based on the results of 100 indicator simulations generated using both the hard

and soft indicator data
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Difference between sftisim and hrdisim
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Fig. 2.37 The maps show the difference between the probability of exceeding the 1.30
HPYV ft cutoff estimated using the hard data only and estimated using both the
hard and soft indicator data. The upper map shows the gray scale of the
difference, while the lower map shows the gray scale and the well control. The
large circles correspond to the 69 hard well data locations, and the small circles
correspond to the 226 additional locations where only production data were
available. White circles are dry holes, gray circles are marginal producers (less
than 100 MBOE in 4 yrs.), black circles are good producers.
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CHAPTER 3

IDENTIFICATION AND 3D MODELING OF
PETROPHYSICAL ROCK TYPES
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ABSTRACT

Because the reservoir properties of various rock types can differ considerably, it is
better to simulate the distribution of reservoir properties in two steps: simulate the rock
types first, then simulate the reservoir properties conditional on the rock types. However,
identification of the rock types themselves can be difficult, due to the interaction of
depositional processes and diagenesis, and the variable amount and quality of data
available from well to well. This paper presents a methodology using cluster analysis for
identification of petrophysical rock types in a training data set of cored wells. A case
study from the Cretaceous Muddy Formation of the Powder River basin provides an
illustration of the methodology. After identifying the rock types, analysis of the core
properties provided geologic information conceming each rock type. Discriminant
function analysis extended the rock type classification to wells without core data. The
spatial distribution of the rock types was modeled and simulated in three dimensions using
indicator principal components. An annealing method was used to post-process the

simulations so that they honor the rock type transition frequencies seen in the well data.

INTRODUCTION

Petroleum reservoirs result from the complex interaction of several geologic
processes. The interaction of erosion, deposition, and diagenesis controls the distribution
of the reservoir properties. Although those properties exist in a deterministic fashion
beneath the ground, only limited samples from the reservoir are available, in the form of
well logs and cores. Reservoir flow simulations, which can be used to examine the
uncertainty attached to the future performance of the reservoir, require a complete grid of

the important reservoir properties. Stochastic simulation provides one way to generate
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such a grid (Haldorsen and Damsleth, 1990). Because the reservoir properties of various
rock types can be quite different, some researchers have proposed that the geologic
architecture of the reservoir be simulated first, then infilled with reservoir properties
(Journel and Gomez-Hernandez, 1989; Suro-Perez and Journel, 1990).

Petrophysical rock types can be defined as discrete classes of rock characterized by
differences in reservoir properties, especially porosity and permeability. Petrophysical
rock types cannot be defined solely on the basis of the original depositional environments,
because diagenesis often alters the original reservoir properties. Core data are normally
available for a limited number of wells, so petrophysical rock types must be identifiable
using only well log data. This paper presents a methodology for defining the rock types
using multivariate statistical analysis of well log and core data. The spatial distribution of
those rock types is then simulated in three dimensions using indicator principal component

simulation and simulated annealing (Suro-Perez and Journel, 1990; Deutsch and Journel,

1992).

GEOLOGIC SETTING

The Lower Cretaceous Muddy Formation is the major producing formation in the
study area (Figure 3.1), which is centered on Amos Draw Field in the northern Powder
River Basin of Wyoming. During the Lower Cretaceous, the Powder River Basin was
part of the gentle east flank of the Cretaceous foreland basin, adjacent to the Cordilleran
thrust belt. Depositional events in the foreland basin during the Early Cretaceous were
controlled by transgression and regression of the Western Interior Cretaceous Seaway, an

intracratonic sea that extended at times from the Gulf of Mexico to the Arctic (Kauffman,

1984).
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The Muddy Formation in the study area averages 65 ft (19.8 m) thick and dips
gently to the southwest. The Muddy Formation is encased in marine shale, with the Skull
Creek Shale below, and the Mowry shale above. The Rozet sandstone, which is the
reservoir horizon at Amos Draw, is the basal member of the Muddy Formation in the
Amos Draw Area. The average thickness of the Rozet is 30 ft (9.1 m). The Rozet is a
progradational sandstone deposited during a regression of the Cretaceous Sea (Odland et
al., 1988). After deposition of the Rozet, a further drop in sea level led to the
development of an unconformity that truncates the Rozet member. The unconformity
appears to result from interactions between tectonic subsidence and sediment supply rates
in the Cretaceous foreland basin and a global change in sea-level, based on correlations
with a 98 MA unconformity identified in Europe (Weimer, 1984).

Relief on the post-Rozet unconformity, and sub-aerial weathering that developed
below the unconformity, directly control the permeability distribution and production at
Amos Draw (Chambers, 1986; Odland et al., 1988). Several subtle anticlinal noses exist
in the Amos Draw area, but structure does not appear to have any influence on
production. The Rozet member at Amos Draw has an average of 12-14 feet of net pay
with porosity averaging 12-18 percent, and low permeability, averaging 1-2 millidarcies
(VonDrehle, 1985). As of 1988, 98 producing wells had been drilled within the field
(Odland et al., 1988). Figure 3.2 is a map of the cumulative production in thousands of
barrels of oil equivalent (with 6 MCF converted to one barrel of oil equivalent) measured
at the end of the fourth year of production of each well. Amos Draw is the large

productive area that occupies the center of the map.
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METHODS

The study area encompasses 900 sq. mi. (2500 sq. km) in the northern Powder
River Basin of Wyoming, and is roughly centered on Amos Draw Field (Figure 3.1).
Drilling depths to the top of the Rozet vary from 8,500 to 11,700 ft (2,591 to 3,566 m).
Well log data were available for 70 wells within the study area (Figure 3.3). This included
gamma ray, bulk density, and resistivity measurements for all of the sample wells. Core
data from the Rozet were available from 183 plug samples taken in 9 of the 70 wells
(Figure 3.3). The core data included measurements of the porosity and permeability. The
core porosity was measured using the Boyle's Law method of helium injection.
Permeability was measured by nitrogen or helium injection. All measurements were made
at earth's surface conditions.

Three of the cored wells were available for description and sampling (Figure 3.3).
Detailed core descriptions were made for those 3 wells, with interpretations of the
depositional environments. A total of 26 thin-sections were taken that included samples
from all of the depositional environments and petrophysical rock types. Point counts (200
per slide) were made of the sandstone composition.

Statistical analysis was used to define several petrophysical rock types. After
identifying the rock types and studying their geological characteristics and spatial
distribution in the study area, stochastic 3D simulations of the rock types were generated.
For that phase of the study, a subset of the study area was used (Figure 3.3). The 3D
study area is a square measuring 30,000 ft (9,144 m) on a side that occupies the heart of
Amos Draw Field. The 3D study area includes 22 of the 70 wells, including 7 of the 9

cored wells, and all 3 of the described cores.
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DISCRIMINANT FUNCTION ANALYSIS OF THE
DEPOSITIONAL ENVIRONMENTS

The goal of the study is the conditional simulation in three dimensions of rock
types that control the fluid flow properties in the study area. One difficulty in this study
that is common to many reservoir studies is the variability in the quantity and quality of
data. Core data (porosity and permeability) were available for a small proportion of the
wells in the study area, and only three cores were available for description of the
depositional environments and thin-section analysis. For most of the wells, only well log
data were available. Therefore, a two-step method for identifying the rock types was
developed. The rock types were first defined on the cored wells, so that the geologic
attributes of the rock types could be examined in detail, and understood in terms of
depositional and diagenetic processes. Once the rock types were defined in the cored
wells, the classification was extended to wells for which log data alone were available.
The multivariate techniques of discriminant function analysis and cluster analysis provided

tools for performing that analysis.

Discriminant Function Analysis

An attempt was made to use discriminant function analysis (Davis, 1986) to
identify the depositional environments in wells that did not have core data. Discriminant
function analysis (DFA) is a multivariate statistical technique that can be used to classify
observations when a calibration data set is available for which the true classification is
known. Figure 3.4 shows an example from Davis (1986) illustrating the use of DFA for
classifying observations from beach and offshore bar depositional environments. In that
example, neither the grain size nor the sorting can be used to separate the two depositional
environments. However, there is a linear combination of the two variables, known as the

discriminant function, that does produce good separation between the two groups of
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observations. The discriminant function is that linear combination of the variables that
provides the greatest distance between the vector means of the groups, while
simultaneously producing the smallest within-group variance (Davis, 1986). New
observations with unknown group identifications can then be classified based on their

discriminant score.

Rozet Depositional Environments

Three Rozet cores in the study area were measured and described. The
interpretations of the depositional environments within the Rozet were based on the
sedimentary structures, grain size, and stratigraphic relationships identified in the cores,
and on comparisons with published depositional models (Berg, 1986). The depositional
environment of the Rozet appears to be a prograding beach adjacent to the Cretaceous
Interior Seaway (Odland et al., 1988; Chambers, 1986). Figure 3.5 depicts the barrier bar
system at Galveston Island (Berg, 1986), highlighting several of the depositional
lithofacies common to regressive beach and barrier bar systems. The Galveston Island
sequence appears to be a modern analog for the Rozet Member of the Muddy Formation.

Six lithofacies were identified in the described cores (Figure 3.6). From bottom to
top, the first 4 lithofacies were the lower shoreface, middle shoreface, upper
shoreface/foreshore, and backshore environments associated with a regressive shoreline.
They were succeeded by a severely altered zone whose original depositional environment
is unclear.

The lower shoreface deposits consist of moderately to poorly sorted fine- to very
fine-grained feldspathic sandstone interbedded with bioturbated sandy mudstone (Figures
3.6 and 3.7). In the one cored well in which the underlying Skull Creek formation was
penetrated, the total thickness of the lower shoreface deposits is 2.7 meters (9 feet). The
sandstone intervals, which are 2 to 30 cm (1 to 12 in) thick, exhibit hon'zontal to low-

angle cross-lamination, and contain occasional graded beds. Some hummocky cross-
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stratification may be present, but the small diameter of the core (10.2 cm) precluded
positive identification. The interbedded sandy mudstone layers are 2 to 30 cm (1 to 12 in)
thick, and contain horizontal and vertical burrows. Chambers (1986) identified several
trace fossils in the cores taken in the lower shoreface environment, including Terreblina,
Teichichnus, and Asterosoma. Those trace fossils are al] indicative of normal marine
conditions. Based on the sedimentary structures and stratigraphic relationships, the sandy
intervals within the lower shoreface appear to be storm deposits (Berg, 1986). During the
periods between storms, lower energy conditions resulted in the deposition of fine-grained
material. Burrowing by marine organisms during the inter-storm periods resulted in
intense bioturbation, mixing fine-grained material into the upper portions of the sandy
storm deposits.

The middle shoreface, which is 1.2 to 1.5 meters (4 to 5 feet) thick, is the main
reservoir at Amos Draw. It consists of well sorted, fine- to medium-grained feldspathic
sandstone, which is brown in hand sample due to oil staining (Figure 3.8). Sedimentary
structures are not well preserved in the middle shoreface, which is not unusual since the
middle shoreface is often massive (Berg, 1986). Some indistinct planar to low angle
cross-laminations are present, with occasional higher angle laminations near the base of
the unit. Vertical trace fossils are common. This unit had been interpreted as an upper
shoreface deposit by Chambers (1986). However, the lack of well-defined sedimentary
structures, the common trace fossils, and the stratigraphic position between intensely
bioturbated muddy sandstones of the lower shoreface and well laminated sandstones of the
upper shoreface indicate that the unit has the characteristics of the middle shoreface, as
defined by Berg (1986).

Overlying the middle shoreface sandstone is a 2.3 meter (7.5 foot) thick sequence
of fine-grained feldspathic sandstones that have well-developed planar to low angle cross-
lamination, with some tabular cross-beds (Figure 3.9). These beds exhibit a very light

brown oil stain. Trace fossils are present, but rare. Odland and others (1988) describe the
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entire Rozet at Amos Draw as a sequence of lower and middle shoreface deposits, and
they state that no upper shoreface deposits have been preserved below the unconformity
that caps the Rozet. However, that appears to be unlikely, based on the characteristics of
this sedimentary unit. For this study, the well-laminated sandstones above the middle
shoreface have been interpreted as upper shoreface and foreshore deposits. Chambers
(1986) also interpreted this unit as a foreshore deposit.

Above the upper shoreface and foreshore deposits is a grayish-green sequence of
very fine-grained sandstones characterized by very fine laminations. These sandstones
appear to be backshore deposits. The sandstones of the backshore zone are moderately to
poorly sorted, very tight, and display no oil staining. The thickness of the backshore unit is
variable, averaging 3 ft (0.9 m), and appears to be inversely related to the thickness of the
overlying altered zone.

The depositional lithofacies described above are succeeded by an altered zone in
which the original sedimentary structures have been destroyed. At the top is a dark gray
carbonaceous zone containing possible root structures, which overlies a whitish zone with
a bleached appearance (Figure 3.10). This zone appears to represent a paleosol developed
at the Rozet unconformity (Odland et al., 1988). Based on the well-sorted medium quartz
grains remaining in portions of these altered zones, the original deposits may have
included clean well-sorted sandstones, perhaps with good reservoir properties. Possible
depositional settings for those sandstones might include eolian sand dunes or washover

fans in the backshore environment.

Analysis of the Rozet Depositional Environments

Petrographic analysis of 26 thin-sections from the Rozet Member revealed that the
sandstones were feldspathic arenites to feldspathic wackes (Pettijohn et al., 1987). The
samples contained 6.5 to 15 percent clay, but most of the clay appears to be diagenetic,

not depositional, in origin (Chambers, 1986). The framework composition averaged 42
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percent quartz (total, including chert), 57 percent feldspar, and 1 percent lithic fragments
(Figure 3.11). This composition differs markedly from the normal composition of marine-
barrier sandstones in the Muddy Formation of the Powder River Basin, which averages 91
percent quartz (Davies and Ethridge, 1975). The high feldspar content and the presence
of blocky feldspar and embayed quartz grains led previous workers to postulate a local
western volcanic source for the Amos Draw sandstones (Chambers, 1986; Odland et al.,
1988).

Examination of the well log data for the six lithofacies defined above indicated
substantial overlap between their properties (Figure 3.12). The gamma ray log shows the
best separation between the 6 lithofacies. The middle shoreface appears to have the
lowest gamma ray values, indicating the cleanest sandstones. The lower shoreface,
backshore, and the paleosol have high gamma ray values, suggesting the presence of shaly
or silty sandstones that would not be reservoir quality. The sandstones of the upper
shoreface/foreshore appear to be intermediate between the previous two groups, with
some overlap with the non-reservoir rocks. The bulk density log shows that the middle
shoreface and upper shoreface sandstones have the best porosity, with overlap between
the two lithofacies, but a clear separation from the remaining four lithofacies. The
resistivity log indicates that the middle shoreface sandstones have the highest resistivities
(and therefore the highest hydrocarbon saturations). However, the resistivities of the
middle shoreface overlap those of the upper shoreface, which overlap those of the
remaining lithofacies.

The log data suggest that the best reservoir rock is in the middle shoreface,
followed by the upper shoreface/foreshore. However, the rock quality appears to be
highly variable, with some of the middle shoreface and most of the upper shoreface
appearing to be of marginal quality. The lower shoreface, backshore, and the altered zone
all appear to be non-reservoir, and the well log properties do not appear to provide any

separation between those 4 lithofacies.
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All of this suggested that distinguishing between the depositional environments
based solely on the log properties would be difficult. One way to examine the
performance of a discriminant function is to use crossvalidation. In crossvalidation, one
observation at a time is removed from the data set and the discriminant functions are
recalculated (SAS Institute Inc., 1988). The observation that was removed is then
classified using the new discriminant function and compared with the true classification.
Good discriminant functions should lead to small numbers of misclassifications. The
crossvalidation option within the DISCRIM procedure of SAS (SAS Institute Inc., 1988)
was applied to the well fog data (gamma ray, bulk density, and resistivity values) for the
three cored wells. The misclassification rate for the depositional lithofacies was almost 50
percent, indicating that discrimination of depositional environments using well log data

was not realistic.

IDENTIFICATION OF PETROPHYSICAL ROCK
TYPES USING CLUSTER ANALYSIS

Although it might have been possible to identify the depositional lithofacies in the
non-cored wells using detailed log correlations, that approach was not pursued because
the overlap of reservoir properties (Figure 3.12) indicated that the depositional
environment alone did not determine the reservoir properties. Therefore, the depositional
environment would not determine the flow units in the reservoir. As an alternative, cluster
analysis (Davis, 1986) of the well log and core data was used to search for petrophysical
rock types having different reservoir properties.

The most important difference between cluster analysis and DFA is that with
cluster analysis the classification of the observations is not known beforehand (Davis,

1986). In cluster analysis, observations are grouped based on their similarity to other
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observations. This similarity is often measured using the Euclidean distance between

observations:

where dij is the distance between observations i and j, and Xj is the measurement on the
kth of m variables for observation X; (Davis, 1986). Because the scale of the variable
affects the Euclidean distance, standardized variables are normally used in cluster analysis
(Davis, 1986). Hierarchical clustering methods, which are the most common in the earth
sciences, start by clustering the two observations that are the closest to one another. The
distance between an observation and a cluster, or between two clusters, can then be
calculated by several methods (Johnson and Wichern, 1988), including the shortest
distance between samples in two clusters (nearest neighbor or single linkage), the average
distance between all pairs of samples in two clusters (average linkage), or the greatest
distance between samples in two clusters (farthest neighbor or complete linkage).

The cluster analysis done in this study used the average linkage method in the SAS
CLUSTER procedure (SAS Institute Inc., 1988). The variables input to the CLUSTER
procedure were the gamma ray, bulk density, resistivity, grain density, core porosity, and
core permeability, all of which were standardized. Because the histogram of the core
permeability had a very high positive skewness, logarithms were taken to normalize the
marginal distribution of the permeability. Three petrophysical rock types were identified
by the cluster analysis, with good separation between each of the clusters (Figure 3.13).
Cross-validation was used to test the ability of discriminant function analysis to identify
the 3 petrophysical rock types using only the well log data (gamma ray, bulk density, and
resistivity). The misclassification rate was only 8.6 percent. This is a considerable
improvement over the results for distinguishing between the depositional environments

using discriminant function analysis, which had a misclassification rate of more than 50
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percent. In order to ensure that the clustering results were not biased by the choice of a
poor clustering algorithm for the data set, comparisons were made with the results from
two other clustering methods available in the SAS CLUSTER procedure, the farthest
neighbor and Ward's methods (SAS Institute Inc., 1988). Each method classified over 95
percent of the observations into the same clusters assigned by the average linkage method,
indicating that the results were stable over the three clustering algorithms.

After identifying the three petrophysical rock types in the cored wells using cluster
analysis, and determining the geologic character of the rock types (see below),
discriminant function analysis extended the classification of the rock types-to the wells
which did not have core data. This was accomplished using the SAS procedure DISCRIM
(SAS Institute Inc., 1988), with the core data as a training set. The output from the rock
type classification process was a foot by foot determination of the petrophysical rock type

in each of the 70 wells in the study area.

DESCRIPTION OF THE PETROPHYSICAL ROCK TYPES

Cluster analysis assigns each sample to a cluster or group of observations. The
user must determine the geologic "meaning" of the clusters, and check that the
classification of the samples is geologically sound. In this study, the stratigraphic,
petrographic, and petrophysical properties of the clusters were examined for the training
set of three wells with described cores. Figure 3.14 shows the distribution of well log and
core properties for the three clusters, and indicates a clear separation between the
reservoir properties of the three rock types. The clusters correspond to reservoir rock
(rock type 3), non-reservoir rock (rock type 1), and an intermediate rock type (rock type

2).
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Rock Type 3

Of the three petrophysical rock types, rock type 3 has the best reservoir properties
(Figure 3.14), with an average core porosity of 15 percent, and a median core permeability
of 3.6 millidarcies. The well log properties reflect the excellent reservoir characteristics of
rock type 3. The gamma ray values are quite low, averaging only 24 API units, indicating
that the sandstones of rock type 3 are very clean. The density and resistivity values reflect
the high porosity, permeability, and oil saturation in rock type 3.

All of the cored samples of rock type 3 come from the middle shoreface
environment (Figure 3.15), and are composed of fine-grained, well-sorted, subangular to
subrounded sandstones. Petrographic analysis of rock type 3 revealed that the sandstones
are feldspathic arenites (Pettijohn et al., 1987). Visible porosity in thin-sections of rock
type 3 average 6 to 7 percent (Figure 3.16). The samples contain 6.5 to 15 percent clay,
but most of the clay appears to be diagenetic, not depositional, in origin (Chambers,
1986). The framework composition averages 42 percent quartz (total, including chert),
57 percent feldspar, and 1 percent lithic fragments (Figure 3.17).

Several forms of diagenetic alteration are present in the samples from rock type 3.
Both silica and calcite cementation are present (Figure 3.18), with silica preceding the
calcite (Chambers, 1986). Secondary porosity can be recognized by the presence of pores
that are larger than the average grain size and the presence of partially dissolved
framework grains (Hayes, 1979). Many of the pores are filled with oil-stained clay which
has reduced the primary and secondary porosity and permeability. Chambers (1986)
indicated that most of the clay is kaolinite, and that at least two stages of kaolinite
diagenesis are present (Figure 3.19). All of the thin-sections were stained for potassium
feldspar, but none was detected. Several criteria, including chemical composition and
twinning, indicate that the original feldspar compositions (which may have included

potassium feldspar) have been altered to albite (Chambers, 1986).
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Rock Type 1

The core and well log properties of rock type 1 indicate that it consists of non-
reservoir rock. The core porosity and core permeability are both low, with the average
porosity equal to 5.9 percent and the median permeability equal to 0.02 millidarcies
(Figure 3.14). The gamma ray readings are high, averaging 68 API units, suggesting that
the clay content is high. This was confirmed by thin-section analysis (Figures 3.20 and
3.21), with an average of 30 percent clay in rock type 1 (Figure 3.17). This clay includes
both depositional and diagenetic clay, based on textural interpretation of thin-sections and
cores.

Samples from rock type 1 were deposited in all of the sedimentary lithofacies
present in the Rozet Member (Figure 3.15). Several of the lithofacies were almost
completely composed of rock type 1: the lower shoreface (24 of 26 observations), the
backshore (7 of 7 observations), and the paleosol at the top of the Rozet (12 of 12
observations). The source of most of the clay in the paleosol, and nearly all of the clay in
the middle and upper shoreface, appears to be diagenetic, whereas much of the clay in the
lower shoreface appears to be the result of bioturbation. However, clay from either
source reduces the permeability and porosity, so the well log and core properties cannot
be used to distinguish between them. Therefore, all of the non-reservoir rocks get lumped
into rock type 1 during the cluster analysis.

Figure 3.17 shows wide variation in the feldspar and clay contents of rock type 1.
This variation appears to be the result of diagenetic alteration of the original sandstone
compositions. Figure 3.11 tends to confirm the work of Chambers (1986) who noticed a
systematic variation in the composition in the Rozet. Her work showed that the
lowermost sandstones in the Rozet, including the lower, middle and upper shoreface have
the highest feldspar contents, and the lowest clay contents. As one moves upward
through the sedimentary column, the amount of feldspar decreases, and the clay content

increases (Figure 3.21). Chambers (1986) suggested that the original sandstone






