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INTRODUCTION

It is well known that subsurface heterogeneity
delineation is a key factor in reliable reservoir
characterization. These heterogeneities occur at various
scales, and can include variations in lithology, pore fluids,
clay content, porosity, pressure and temperature. Some of
the methods used in seismic reservoir characterization are
purely statistical, based on multivariate techniques. Others
are deterministic, based on physical models (theoretical,
laboratory). Each group of techniques can have some degree
of success depending on the particular study. The optimum
strategy is to combine the best of each method to generate
results much more powerful than would be possible from
purely statistical or purely deterministic techniques alone.
Some recent works where combined methodologies have been
used include among others, Avseth et al (2001), and Mukerji
et al (2001).

Subsurface property estimation from remote
geophysical measurements is always subject to uncertainty
because of many inevitable difficulties and ambiguities in
data acquisition, processing, and interpretation. It is therefore
necessary to express quantitatively the information content,
and uncertainty in rock property estimation from seismic data.
Statistical probability density functions (pdfs) gives us one

way to describe quantitatively the state of our knowledge
about the targeted rock properties, and the relations between
rock properties and seismic signatures, including their
inherent uncertainty. The pdfs may be estimated from
available training data. The training set often has to be
extended or enhanced using physical models to derive pdfs
for situations not sampled in the original training data.

Additional data of a different kind can sometimes
(but not always) bring in information that can help to reduce
the uncertainty. For example, studies have shown that knowing
Vs, in addition to Vp, can help to resolve ambiguities in
reservoir facies versus fluids identification. There are attributes
that implicitly include shear information and that can be
derived from conventional P-wave 3D seismic, i.e. when only
one component is acquired. The AVO gradient (proposed by
Shuey, 1985) and various other forms of the AVO gradient,
and the faroffset elastic impedance (Connolly, 1998; Mukerji
et al, 1998) are examples of such “physical attributes” that
indirectly contain shear wave information. Although the elastic
impedance is not an intrinsic property of the rocks, because it
has dependence on the incidence angle of the waves, it can be
a very useful S velocity dependent attribute, which can be
obtained from inversion of partial stacks at some average
incidence angle. Shear wave information may also be obtained
more explicitly from multi-component surveys, which however
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are costlier than conventional single component surveys. We
describe how Shannon’s information entropy measure can be
used as a quantitative estimate of the value of different types
of additional data in reducing the uncertainty of rock property
estimation.

The methodology described in this paper may be
broadly divided in to three phases or steps: Briefly, first, the
well log information is analyzed to obtain facies definition,
after appropriate corrections, fluid substitution and shear
velocity estimation when required. Basic rock physics
relations such as velocity-porosity, and Vp-Vs are defined
for the facies. This is followed by Monte Carlo simulation of
seismic rock properties (Vp, Vs, density) and computation
of the facies dependent statistical pdfs for various possible
seismic attributes of interest (e.g. reflectivity, AVO gradient,
near and far offset impedance, anisotropy parameters etc.)
Rock physics modeling is used to extend the pdfs to situations
not encountered in the wells (e.g. different fluid saturations,
presence of fractures). Following this, the seismic data
(attributes) from seismic inversion or analyses (e.g. AVO
analyses, impedance inversion, etc.) are used, in a Bayesian
classification technique to extend the facies defined in the
wells to all voxels within the seismic attribute cube.
Calibrating the attributes with the probability distributions
defined at well locations allows us to obtain a measure of the
probability of occurrence of each facies. Finally, geostatistics
is used to include the spatial correlation, represented by the
variograms, and the small scale variability, which is not
captured in seismic data because of its limited resolution.

WELLS LOGS, GEOLOGY AND ROCK PHYSICS

Usually the information from the wells is the most
directly available observation of the reservoir. For that reason
in many reservoir characterization projects the first step is
to define and to identify the facies that a priori we would
like to be delineated in the reservoir. In this paper we will
use the term facies for categorical groups, not necessarily
only by the lithology type, but also by some property or a
collection of properties, as for example the combination of
lithology and pores fluids.

Using the available information at the well - cores,
thin sections, geology, logs, and production data - a facies
indicator is assigned to each depth. It is convenient to do
this process with one or a few key wells where the data and
interpretation are most complete and reliable. A complete
suite of logs including both compressional and shear sonics
should be available at the key wells. The criteria to define the

facies depend on the targeted objective that, for example, could
be to map different lithologies (sands-shales), to delineate
fractures, to identify fluids or changes in pressures and/or
temperatures in a reservoir. It is a common practice to initiate
the facies definition with exploratory cross plots between the
logs looking for cluster separation. The gamma ray log, and
core and thin section information also play an important part
in this step. Figure 1 shows the result of the facies definition
in a set of well logs. As can be seen, each depth point has
been assigned to a particular facies.
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Figure 1: Well logs with each depth level identified as belonging
to a particular facies.

The different physical conditions or facies of interest
that we would like to identify may not always be adequately
sampled in the initial well training data. It may be necessary,
using rock physics concepts, to extend the training data,
modeling the reservoir properties after simulating changes
in fluids and saturation, for example. Additionally, there are
models, some theoretical, some empirical, to predict the
effects of changes in temperature, pressure, and geological
variations like cementation, sorting lithology, etc. In
particular, for seismic applications, with rock physics it is
possible to translate production or geologic information
(variations) into some elastic properties (moduli, velocities,
densities) that condition the seismic response.

Geologic information can provide very useful
constraints to reduce the uncertainty of interpretation. An
example of this is shown in Figure 2 from a fractured reservoir
characterization study (Sava et al., 2001). From outcrop and
well log studies it was observed that the limestone reservoir
had three different depositional facies: sub-tidal, shoal
margin, and shoal, with different probabilities of occurrence
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as shown in Figure 2. The shoal environment had a fracture
occurrence of only about 16%. Well logs indicated that the
shoal facies had distinctly lower velocities and impedances.
This combined to give a robust prior constraint on fracture
occurrence. It gave an indicator (low velocity) that helped to
differentiate the facies less likely to have fractures. This
simple prior probability helps to constrain more complicated
interpretations based on seismic anisotropy associated with
fractures.

Under the assumption that with the well log data
extended by rock physics modeling we are sampling most of
the possible values of Vp, Vs, and density for the study area,
it is possible to fill the Vp-Vs-density space by generating
additional points using correlated Monte Carlo simulation.
For example, one strategy is to take Vp as the “base property”,
and use the available data to derive the Vp-Vs and Vp-density
regressions. Then, the Monte Carlo simulation is applied
selecting values of Vp from the data derived non-parametric
cumulative distribution function, and with the derived
regressions, the corresponding Vs and density are simulated
(allowing Gaussian variations around the regressions). In
this way, a large number of points spanning the intrinsic
variability (which gives rise to uncertainty) can be generated,
respecting the Vp-Vs, and Vp-density data derived
correspondence, as well as the distribution of the original
data. This implicitly relies on Walther’s law in geology that
relates vertical variability to lateral variability within
conformable stratigraphic sequences.

Having used the information of the few most reliable
well or wells to generate the classification system, statistical
methods of pattern recognition (e.g. discriminant analysis,

Bayesian classification, or neural networks) should be applied
to the other wells within the reservoir to attempt facies
identification in each one. For this objective it is not required
to calculate additional attributes because the logs can be
directly used for the classification.

Next, to establish the link with the seismic information,
seismic observables and attributes are theoretically calculated
using the “extended” (through rock physics models and Monte
Carlo simulation) log-based training data. An attribute is any
characteristic that can be extracted from the seismic data.
Although the methodology that we are presenting is completely
general, in this paper only seismic attributes with some
“physical meaning” are considered. This type of seismic
attribute has a well defined physical relation with the reservoir
properties, and can be either calculated using the well logs
(Vp, Vs & density) or extracted from the seismic (e.g.: with
inversion, or AVO techniques).

Not all seismic attributes respond equally to different
reservoir properties. Therefore the optimum seismic attribute
or combination of seismic attributes to be used depends on
the particular reservoir and the targeted facies or pore fluid
classification problem. Maybe the easiest (but not the most
rigorously objective) way to select the “best” attributes (when
there are only a few of them) is by doing a visual inspection
of color-coded comparative histogram plots of each attribute
or cross plots of possible combinations between them, color-
coding the points based on the facies to which they belong.

Figure 2: Depositional environments and fracture distribution.
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Figure 3: Acoustic and elastic (30°) impedance calculated
theoretically from well logs
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Figure 3 shows an example of a cross plot of acoustic
impedance (AI) vs. elastic impedance at 30 degrees (EI)
calculated with well logs. As can be seen, there are three color-
coded groups: oil sandstones, brine sandstones, and shales,
clearly well separated in this AI-EI plane. On the other hand,
if a single attribute is used (equivalent to projecting the points
over one of the axis) it is not possible to completely
discriminate the three groups. The computation of seismic
attributes and their pdfs from log data serves as a feasibility
check to decide which attributes should be extracted from the
field seismic data. In the initial exploration stages, this kind
of feasibility study may also be used as a guide for designing
the right survey that would be suitable for extracting the most
promising attributes.

During this process of computing attributes it may
be possible to find that not all the a priori defined facies,
based on petrophysical and log data, can actually be separated
in the seismic attributes space. In that case it is necessary to
consider the union or division of some of the facies. Looking
carefully at Figure 3, we can identify different symbol shapes
(triangles, circles, etc.) within each color-coded group. A
priori, eight groups were defined, but it is clear that not all
were separable with the proposed seismic attributes. In
practice splitting or combining categories is done
quantitatively using cluster analyses techniques. However,
completely unsupervised cluster analyses usually gives poorer
results than supervised learning, where clusters are defined
based on expert knowledge (i.e. petrophysical and geologic
expertise). When splitting or combining facies, it is not
enough to analyze the attribute cross plots; it is also necessary
to justify the decisions with geologic or production
observations in order to attempt to avoid problems with the
data (acquisition, processing, fluid invasion, etc.) that may
drive the analysis to wrong conclusions.

From the point distribution in the seismic attribute
space, the probability density functions (pdfs), [univariate
(one attribute) or multivariate (combinations of attributes)],
for each defined facies are estimated. In the simplest sense,
an empirical pdf can be thought of as a normalized and
smoothed histogram. In practice, to obtain the pdfs it is
necessary to discretize the space where they will be calculated,
and use a kernel (window) function for smoothing. Figures
4 and 5 show bivariate and trivariate examples of the results
of this process. In the pdf estimation, there has to be a
compromise between the discretization and the smoothing.
With too many cells, the pdfs would be too specific to the
particularities of the input sample, and would not generalize
to other data. With too much smoothing, the data variability

would not be captured, and the discrimination between groups
would be washed away. To choose these two parameters, a
set of classification test has to be done with a data validation
subgroup. In spaces with few dimensions (attributes), the
pdf calculation is not very difficult, although there are some
non-trivial details in the process (smoothness, grid definition,
limits extrapolation, etc.) that have to be carefully handled.
On the other hand, in a space with high dimensionality, non-
parametric pdf estimation is computationally highly
demanding, and may not be very reliable due to sparse data.
Other classification methods, such as K-nearest neighbors,
neural networks, or classification trees have to be used in
such situations.

It may be necessary to extrapolate these pdfs to other
geologic scenarios such as to deeper intervals or to more
cemented sands. This is done by combining Monte Carlo
simulation with deterministic physical models for the new
scenario. Figure 6 shows an example of extrapolating AVO
pdfs to greater depths by making use of physical compaction
model based on Hertz-Mindlin contact mechanics for
granular material (Avseth et al, 2001).

Applying Statistical Rock Physics

Figure 4: Probability density function (pdf) contours generated
with the data of Figure 2 extended by Monte Carlo
simulation.

INFORMATION THEORY AND UNCERTAINTY IN
ROCK PROPERTY ESTIMATION

Statistical information theory gives us simple yet
powerful tools to quantify the information that each attribute
can bring to discriminate the different facies (Mavko and
Mukerji, 1998). Using Shannon’s information entropy
concepts it is possible to select the “best” attributes as the
one (or more) that most reduce the uncertainty in the reservoir
properties identification. The quantity of information of a
reservoir property “X”, that an attribute “A” has, can be
defined as:
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I (X|A)  = H(X) -H (X|A)

where H(X) is the information entropy, a statistical
parameter that quantifies the intrinsic variability of X, without
knowing the attribute A. H(X) can be computed from the pdf,
p(X), of X. (Cover and Thomas, 1991):

H(X) = - Σp(x
i 
)  log[p(x

i 
)]

 
i

H(X|A) is the conditional mean entropy mean of X
given A, that is, the average uncertainty on X after observing
A. The concept of information entropy, which originated in
statistics and communication theory, has found applications
in diverse fields such as computational chemistry, linguistics,
bioinformatics and genetics.

The information I(X|A) can be interpreted as the
reduction in the uncertainty of the reservoir property X, due
to observing the attribute A. Therefore, a quantitative criterion
to select the best attribute (or combination of attributes) is to
choose the one (or ones) that maximize I(X|A) (Takahashi et
al., 1999). The reduction in information entropy and
uncertainty by additional data can be shown by the following
example, Figure 7. The relationships between porosity, Vp,
and Vs of a particular reservoir are described by the trivariate
pdf shown in Figure 7 (top). Conditioning of porosity
information by velocities is summarized in Figure 7 (bottom).
The unconditional prior pdf of porosity (blue curve) changes
to narrower and taller conditional pdfs, p(porosity|Vp), and
p(porosity|Vp, Vs) by velocity information. The velocity
observation decreases the spread and variability (and hence
uncertainty) about the porosity. This decrease in uncertainty
is quantified by the information entropy. The prior information
entropy about the porosity, computed from its unconditional
pdf is 3.44. This decreases to 3.06 with Vp alone, and to 2.89
with both Vp, and Vs.

Figure 7: Trivariate pdf of porosity, Vp, and Vs (top).
Conditioning of porosity pdf (bottom) by Vp, and Vs
information, corresponding to the trivariate pdf.
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Figure 5: Trivariate pdf of Vp, Vs, and density for gas saturated
(red) and brine saturated (blue) sandstones. The surfaces
represent iso-probability-density surfaces.

Figure 6: Pdfs of AVO attributes Ro and G as a function of depth.
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SEISMIC INFORMATION

Seismic attributes, which include reflectivities,
velocities, impedances, and others, are derived from seismic
data using different processing, analyses, or inversion
techniques. The ways to obtain attributes from the seismic
data is a topic of ongoing research and discussion. There are
different algorithms for seismic inversion, each with its pros
and cons. There are different AVO attributes depending on
the reflectivity approximation considered. Additionally, the
seismic data can show acquisition or processing footprints
that may hide the reservoir reality. Velocity determination
and migration (seismic processing) are decisive in the
estimated seismic attribute values. In some cases the seismic
acquisition and processing may affect the absolute values of
seismic amplitudes but maintain their relative variations,
which in the end could still be of real interest for
discrimination and classification of reservoir properties. In
general terms, having “good data” increases the probability
of deriving reliable interpretations.

Some of the seismic attributes respond to the
reservoir interval properties (e.g. acoustic impedance, elastic
impedance). Others respond to interface properties - contrasts
between layers (e.g. AVO attributes). Figure 8 presents an
example of physical seismic attributes of contrast at an
interface: the AVO attributes defined by Shuey (1985), normal
incidence P-to-P reflectivity Ro (intercept) and G (gradient).
The topography follows the traveltime interpretation of the
seismic horizon along which the attributes were estimated
from seismic AVO analyses. Figure 9, a different example,
shows acoustic and elastic impedance volumes resulting from
inversion of near-offset and far-offset seismic partial stacks.

The attribute values derived from the seismic data
are not always equal to the attribute values derived from the

well logs. The reasons for those differences include the
simplifications of the models used to derive the analytical
expressions (e.g. linearization of the reflectivity with the
incidence angle, plane layers, etc), imperfections in the data
processing, such as residuals in attenuation corrections,
diffraction, etc., arbitrary scaling of the field amplitudes.
Additionally, an important issue is that the measurement
scales of the seismic and well logs are very different. The
seismic responds to reservoir property averages that are not
always well approximated by upscaling from the well logs.
Due to these discrepancies, it is not possible (in general) to
use directly the pdfs calculated with the well logs to classify
the attributes extracted from the seismic. In order to avoid
the differences between the attributes computed with the well
logs and the attributes extracted from the seismic, the
classification system has to be generated with the traces
nearest to the wells (taking into account deviations). Another
option, when there are few available well data, is to recalibrate
the pdfs derived from the seismic with the corresponding
pdfs calculated from the well logs.

Figure 8: P wave AVO attributes Ro (intercept) and G (gradient).
The topography follows the traveltime interpretation
of the seismic horizon along which the reflectivity and
gradient were calculated.

Figure 9: Acoustic and elastic impedance (at 30
o
) volumes obtained

from inversion of 3D partial stacked seismic data.

Figure 10: Areas with more probability of find oil sands (red) and
shales (blue), resulting from the Bayesian classification
using the P wave AVO attributes Ro and G shown in
figure 8.

Applying Statistical Rock Physics
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geostatistical techniques use not only the traditional two-
point spatial correlation, but also can incorporate multi-point
spatial statistics. As an example we show results from the
geostatistics technique of indicator simulation. This technique
generates multiple equiprobable realizations of facies in the
reservoir and includes the seismic attribute classification
results as soft indicators. Figure 12 presents a particular vertical
section of the multiple equiprobable volumes (realizations)
generated with indicator simulation. The figure clearly shows
the characteristic variability of the stochastic process. For
this example, the seismic attributes acoustic and elastic
impedance volumes of Figure 9 were used as soft indicators.
The Markov-Bayes indicator formalism (Deutsch & Journel,
1996) was used to obtain the posterior conditional pdfs,
including the facies spatial correlation through the indicator
variograms. Figure 13 shows the result of this updating of the
prior pdfs, P(facies | attributes), i.e. the probability of a facies
given the attributes, to the posterior pdfs, P(facies | attributes,
indicators information), i.e. the probability of a facies given
attributes and the indicators data obtained from the well logs.
In other words, the colors shown in Figure 13 correspond to
the probability of each point to belong to a particular facies,
oil sands in this case. It is calculated from the statistics of a
large number of geostatistical realizations. As was mentioned,
this type of result is an extension of the facies classification
process described before, where the spatial correlation and
small variability were included, in two and three dimensions.

Once the classification is done, it is imperative to
validate and crosscheck the results with the production,
geologic, and other reservoir data as it is not always possible

Figure 11:Isoprobability surfaces resulting from apply a statistical
classification process (non-parametric Bayesian) with the
seismic attributes acoustic and elastic impedance shown
in Figure 9.

There are many statistical methods to do pattern
recognition or attributes classification. For example: linear
and quadratic discriminant analysis (this only considers the
mean and covariances of the reference pdfs), application of
neural network or decision trees, or the use of the Bayes
criterion with the obtained pdfs. With the Bayes classification
method, the conditional probability of each group given one
or a combination of attributes is calculated, providing an
estimate of the uncertainty of the classification process. Figures
10 and 11 show examples of results of applying Bayesian
classification procedures to seismic attributes for two different
cases. Figure 10 is the result of classifying the Ro and G AVO
attributes shown in Figure 8, while Figure 11 shows iso-
probability surfaces obtained after Bayesian classification of
the near and far offset impedances shown in Figure 9. It is
important to keep in mind that such probability surface
visualizations do not show the actual sand (or shale) bodies
but show the probability of the bodies having that spatial
location and distribution.

GEOSTATISTICS

By including geostatistics techniques of stochastic
simulation in the analysis, we can take into account the spatial
correlation (through the variogram) of reservoir properties.
It can also attempt to reproduce the expected small-scale
variability that cannot be detected with only the seismic data,
but are seen in the well log data. Geostatistical analyses require
estimation of spatial variograms, which measure how different
reservoir properties are correlated in space. Modern

Figure 12: A vertical section taken from different indicator
stochastic simulation realizations. The red colors
correspond to the oil sand facies

Applying Statistical Rock Physics
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to include all kinds of available information (specially
qualitative information) in the analysis.

DISCUSSION AND FUTURE TRENDS

We presented in this paper concepts and
methodologies that combine techniques of rock physics
modeling, statistical pattern recognition and Bayesian
classification, seismic AVO and impedance inversion, and
geostatistics to quantify and reduce uncertainties in the
reservoir characterization. A pictorial schematic flowchart of
the process is shown in Figure 14. The final products of this
integrated technique are the spatial distribution of probabilities
of reservoir fluids and facies. In this way, not only do we obtain
the most probable facies, but we can also quantify the
uncertainty of the interpretation.

Some of the emerging and future trends in applied
statistical rock physics will include: strategies to better
understand, quantify, and integrate qualitative, ‘fuzzy’
geologic information in terms of probabilities for seismic
interpretation of reservoir properties; a better understanding
of the physics behind various attributes; new attributes based
on wave attenuation and mode conversions, integrated 3-d
visualizations combining not only structures, lithofacies, and
fluids but also their probabilities of occurrence in 3d space;
intelligent oilfields, with continuous monitoring, on-line, real-
time, rock physics data mining, classification, and updating
of interpretation as new information and data comes in. When
using statistical data-mining techniques it is wise to keep in
mind some of the myths and pitfalls of these methods. It is a
myth is that the more attributes we throw in, the more effective
will be the statistical effort. More attributes are useful only if
they can contribute more information about the goal of the

Figure 13 : Vertical section of the probability volume of finding
oil sands obtained after geostatistical simulations. The
yellow color indicates areas with higher probabilities.

data-mining exercise. Otherwise they can do more harm than
good. No statistical data-mining technique is so powerful that
it can substitute for ‘domain knowledge’ and expertise in
reservoir analysis and physical modeling.

ACKNOWLEDGEMENTS

We thank the Stanford Rock Physics Project (SRB)
and its many sponsors for all the support to do and publish
this work.

REFERENCES

Avseth, P., Mukerji, T., Jorstad, A., Mavko, G. and Veggeland, T.,
2001, Seismic reservoir mapping from 3-D AVO in a North
Sea turbidite system: Geophysics, Soc. of Expl. Geophys.,
66, 1157-1176

Avseth, P., Mavko, G., Dvorkin, J. and Mukerji, T., 2001, Rock
physics and seismic properties of sands and shales as a
function of burial depth, 71st Ann. Internat. Mtg: Soc. of
Expl. Geophys., 1780-1783.

Connolly, P., 1998, Calibration and inversion of non-zero offset
seismic, SEG 68th annual meeting expanded abstracts,
New Orleans.

Cover, T., and Thomas, J, 1991, Elements of information theory,
John Wiley & Sons, Inc., New York.

Applying Statistical Rock Physics

Figure 14 : Pictorial flow chart of the statistical rock physics
workflow for seismic reservoir characterization.



575

Deutsch, C.V., and Journel, A. G, 1996, GSLIB: Geostatistical
software library and user’s guide, 2ed., Oxford University
Press.

Mukerji, T., Jorstad, A., Avseth, P., Mavko, G. and Granli, J. R.,
2001, Mapping lithofacies and pore-fluid probabilities in
a North Sea reservoir: Seismic inversions and statistical
rock physics: Geophysics, Soc. of Expl. Geophys., 66,
988-1001

Mukerji, T., Jorstad, A., Mavko, G., and Granli, J., 1998, Near and
far offset impedances: Seismic attributes for identifying
lithofacies and pore fluids, Geophysical Research Letters,
Vol. 25, N. 24, 4557-4560

Mavko, G., and Mukerji, T., 1998, A rock physics strategy for
quantifying uncertainty in common hydrocarbon
indicators, Geophysics, 63, 1997-2008.

Sava, D., Mukerji, T., Florez, J. and Mavko, G., 2001, Rock physics
analysis and fracture modeling of the San Andres reservoir,
71st Ann. Internat. Mtg: Soc. of Expl. Geophys., 1748-
1751.

Shuey, R. T., 1985, A Simplification of the Zoeppritz equations;
Geophysics, Vol. 50, No. 4, 609-614.

Takahashi, I., Mukerji, T., and Mavko, G., 1999, A strategy to select
optimal seismic attributes for reservoir property
estimation: Application of information theory, SEG 69th
annual meeting expanded abstracts, Houston

Applying Statistical Rock Physics


