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ABSTRACT
Bandwidth-extension of a 3D seismic dataset from the Paradox Basin in
Colorado showed a two-fold improvement in vertical resolution that allows for the
interpretation of very subtle lateral discontinuities using seismic attributes.
Common seismic discontinuity detecting attributes like coherence, chaos and
curvature showed a noticeable increase in fault detection when applied on
bandwidth extended data as compared to the original seismic data. A composite
attribute was calculated by running these conventional attributes on various
frequency band outputs from spectral decomposition and combining them using
principal component analysis. This composite attribute can much more reliably
delineate and locate very subtle faults compared to the individual input attributes.
Validating the different conventional discontinuity attributes and the composite
attribute against the seismic amplitude data showed that the subtle faults picked
up by the composite attribute correspond to geologically-realistic faint
discontinuities that are below the noise level of any of the input attributes alone.
The orientations of seismically derived faults were validated by comparing them
to faults seen at nearby wells. The reduction of noise and increase in spatial
resolution allows for a reliable calculation of a fault density attribute. This attribute
was compared against rock physics inclusion models through elastic inversion for
quantitative interpretation of fractures in the seismic data showing a relationship
between the presence of faults, the concentration of fractures, and the saturating
fluid.
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CHAPTER 1: INTRODUCTION
Introduction
Geometric interpretation of migrated seismic reflection data is one of the
primary goals in any hydrocarbon exploration or reservoir characterization effort.
To fully understand the petroleum system, one must accurately map rock units in
their current location in the subsurface. Obtaining a valid representation of the
structural deformation of the underlying rocks provides a framework to continue
with more advanced interpretation techniques like sequence stratigraphy or
quantitative seismic interpretation. For this reason, accurate 3D fault
interpretation is the foundation of any further interpretation effort.
Seismic fault interpretation provides the context on which horizons can be
confidently interpreted in an internally consistent way. An accurate fault
interpretation allows for a much more robust and quicker horizon interpretation.
Missing faults may lead to structural inconsistencies, and correcting these may
be very time consuming.
Small offset faults are difficult to map on seismic amplitude data because
they exhibit only subtle lateral discontinuities along reflectors. For this reason,
many seismic attributes have been proposed to highlight such discontinuities and
make fault interpretation easier. These attributes have become part of the
common tools in exploration geophysics, and as such, many variations exist with
their unique advantages and artifacts.
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The main focus of this research is to propose and validate a seismic fault
detection workflow that combines existing conventional discontinuity attributes
and takes advantage of their slight differences to enhance subtle discontinuities
while attenuating artifacts from each of their computation. An overview of the
dataset and the geological context is described in Chapter 1. As described in
Chapter 2, the workflow beings by conditioning migrated seismic data through
bandwidth extension in order to gain vertical resolution in each trace and
accentuate displaced reflectors. In Chapter 3, conventional discontinuity
attributes were computed on the original seismic data and the bandwidthextended seismic data. These are compared against each other to point out
similarities and differences. Spectral decomposition was then performed on the
seismic data and the discontinuity attributes were calculated for a variety of isofrequency phase and amplitude outputs. These were then combined through
Principal Component Analysis to generate a much more robust composite
attribute, and finally a sharpening filter was applied to obtain the final composite
attribute. Chapter 4 shows a comparison of each of the input attributes and the
final composite attribute with the seismic data to show the improvement in fault
detection. Rose diagrams of fault orientations were then calculated from the
composite attribute and compared to histograms from nearby wells. Finally,
Chapter 5 describes a workflow to exploit the gained accuracy of fault detection
for the purposes of a fault density calculation and its connection with the
underlying rock properties obtained from seismic AVO inversion.
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Geology of the Study Area
The study area for this project is defined by a 3D seismic dataset covering
a portion of Doe Canyon Field and is located in the southwestern corner of
Colorado in Dolores County. Geologically, the field is located in the EastSoutheast portion of the Paradox Basin. Doe Canyon Field is a CO2 field
operated by Kinder Morgan, which targets the Mississippian Leadville limestone.
The present day location of Southwest Colorado was frequently covered in
shallow marine water during the Cambrian to early Mississippian (Eby et al.,
2007). This resulted in laterally extensive, carbonate shelf deposits stacked
within the stratigraphic section.

Figure 1: Stratigraphic column of a portion of the Paleozoic section determined from
subsurface well data in the Paradox fold and fault belt, Grand and San Juan
Counties, Utah (modified from Hintze, 1993).

The Leadville Limestone is a heterogeneous deposit that is composed of
mudstones, wackestones, packstones, and grainstones. It has been informally
split into a lower and upper member that are separated by a disconformity. The
3

upper Leadville is predominantly composed of a carbonate mudstone but
contains areas of oolitic grainstones and crinoidal bioherms. The majority of
reservoirs in the Leadville limestone occur in these grainstones and bioherms
(Stevenson and Baars, 1988; Eby et al., 2007). The Leadville limestone was
subaerially exposed during the Late Mississippian, resulting in significant karsting
and dolomitization (Stevenson and Baars, 1988; Eby et al., 2007). Within the
Paradox basin, the Leadville Limestone is thickest to the Northwest,
approximately 800 ft thick and thins to the Southeast. The Leadville Limestone is
approximately 200 to 300 ft thick at the Doe Canyon location (Forstner, 2012;
Eby et al., 2007).

Figure 2: Locations of fields that produce from the Mississippian Leadville Limestone, Utah
and Colorado. Thickness of the Leadville is shown; contour interval is 100 feet (modified from
Parker and Roberts, 1963)

4

The area underwent significant tectonic changes during the
Pennsylvanian, when the collision of Laurasia and Gondwana formed the
Ancestral Rockies. This event resulted in the formation of the Paradox Basin,
although the exact mechanism of formation has been disputed. Stevenson and
Baars (1987), interpreted the Paradox Basin as a pull apart basin that formed
due to the reactivation of the Olympic-Wichita Lineament zone. This swarm of
right-lateral wrench faults was formed during the Pre-Cambrian but has been
reactivated multiple times, as is apparent by the control on facies and
thicknesses of multiple Phanerozoic formations including the Leadville Limestone
(Stevenson and Baars, 1987 and 1988).

Figure 3: Main tectonic lineament orientations in the area. The NW-SE trending lineament is
interpreted as being reactivated multiple times since the Pre-Cambrian (Stevenson and Baars,
1988)

5

Barbeau (2003) provided evidence to challenge the pull-apart basin theory
and supports the interpretation of the Paradox Basin forming as a foreland basin
in front of the Uncompahgre Highlands, a Pre-Cambrian metamorphic rocks
thrusted upward along a basement-involved high-angle reverse fault. Regardless
of the mechanism of formation, the Paradox Basin experienced rapid subsidence
during the Pennsylvanian and Permian burying the Leadville Limestone under
the Molas shale and overlying evaporitic sequence. A second major tectonic
upset occurred during the Cretaceous to Tertiary, caused by the Laramide
orogeny. Finally, during the Tertiary to Quaternary, the Paradox Fold and fault
belt formed. The mechanism of formation was three-fold: activation of normal
faults, salt movement, and regional uplift (Eby et al., 2007).
Dataset
The available dataset contains a migrated prestack 3D seismic volume of
250 squared miles (Figure 4) with a bin size of 55 ft x 55 ft and sampled at 0.002
s. The data was processed through the following workflow:
•

3D Geometry

•

Minimum Phase filtering

•

Phase Rotation

•

Shot Domain Noise Attenuation

•

True Amplitude Recovery

•

Surface Consistent Amplitude Compensation (SCAC)

•

Predictive Surface Consistent Deconvolution
6

•

SCAC

•

Refraction Statics (D=9300 ft / VR=10000 ft/s)

•

Velocity analysis (1/mi2) / Surface Consistent Residual Statics

•

Velocity analysis (4/mi2) / Surface Consistent Residual Statics

•

Trim Statics / CDP Domain Noise Attenuation

•

Multidimensional Prestack Regularization and Interpolation

•

3D Kirchhoff PSTM

•

Residual Velocity Analysis (4/mi2)

•

3D Kirchhoff PSTM

•

Shift to final datum (D = 8000 ft)
Also available are five wells labeled A through E, all containing the

following logs: P-wave velocity, S-wave velocity, density, gamma ray, and
resistivity. Well C and Well D have valid sonic and density logs above the target
interval. All other wells only have reliable well logs in the zone of interest. The
analysis was carried out on the entire seismic dataset (Figure 4). However, for
detailed examples, the area in the northwestern quadrant, near Well C, was used
(Figure 5).

7

1

Amplitude
1

Figure 4: Complete seismic data showing well locations.

1

Amplitude
1

Figure 5: Northwestern quadrant of the dataset. This area will be referenced often when doing
detailed comparisons.
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CHAPTER 2: BANDWIDTH EXTENSION OF SEISMIC DATA
Introduction
Seismic reflection data is bandlimited in nature due to attenuation of high
frequencies during wave propagation and the limitations of our acquisition
equipment to measure very low frequencies. The simple convolutional model for
primary seismic reflections proves very useful when trying to visualize this effect.
The earth reflectivity is assumed to contain only spikes, and all filtering effects
from seismic wave propagation, data processing, and seismic migration are
lumped together into a wavelet. This can be presented by the following equation:
! ! = ! ! ∗ !(!)
and similarly, in the frequency domain:
! ! = ! ! ∙ !(!)
The goal of bandwidth extension is to use the acquired seismic data to
predict frequencies that are beyond the wavelet amplitude spectrum by exploiting
certain structure assumed to be in the data.

9

Figure 6: Example of the bandlimited nature of seismic in the time (above) and frequency
(below) domains. The reflectivity (red) consists of spikes, which have an infinite bandwidth.
The seismic data (blue) is bandlimited due to the convolution with the wavelet (black).

Development of Bandwidth Extension
In matrix notation, a convolutional seismic trace, s, can be represented by
the multiplication of a Toeplitz matrix, W, whose columns are time-shifted copies
of the wavelet with a vector of reflection coefficients, r:
!" = !!

10

Time shifts

Reflectivity

Seismic

Time (s)

∙

=

Figure 7: Schematic description convolution as a multiplication of reflectivity with a Toeplitz
matrix composed of time-shifted wavelets.

The reflection coefficient vector, r, is composed of spikes and therefore
has infinite bandwidth. However, the seismic trace is bandlimited by the wavelet
as shown previously. The problem of recovering r by removing the assumed-tobe-known wavelet effect is called deterministic deconvolution. A naïve approach
to recover r would be by attempting to invert W and multiplying this with s:
! = ! !! !!
However, the matrix W is singular and therefore cannot be inverted nor
can its Moore-Penrose left pseudoinverse be calculated to obtain the ordinary
least-squares solution. This would be the equivalent of dividing S(f) by W(f) to
recover r(f). As seen from Figure 6, this would constitute a division by zero for
frequencies beyond that of the wavelet. Assuming the wavelet is known, a
solution, rsol, can be approximated by adding a regularization term in the form of
white noise, n, to the data and then solving the regularized least-squares
problem:

11

!!"#[! !!!"# − !

!

+ !! !

!

]

where, 𝝀, represents the amount of white noise added to the data and the
subscript, 2, represents the L2-norm, or sum of squares. Since the L2-norm is
being minimized, this will recover a smeared and smooth version of the original
reflectivity series.
Taylor et al. (1979) proposed posing the optimization problem as follows:
!"#[! !!!"# − !

!

+ !! !!"#

!

]

where the subscript, 1, represents the L1-norm, or sum of absolute values, and 𝝀
represents the trade-off parameter between model misfit and model norm. They
realized that the reflection coefficient series can be robustly approximated by a
relatively low number of spikes (Figure 8). By minimizing the L1-norm of the
solution, they were approximately minimizing Donoho’s (2006) L0-norm, which is
the total number of non-zero coefficients, the cardinality, of the vector. By
assuming that the solution should be sparse, they were able to extend the
bandwidth of the original seismic data. Taylor et al. (1979) used linear
programming methods to solve this problem. However, given the lack of
computational power at the time, the practical applicability was limited (Taylor
2015, personal communication).

12

Relative
Amplitude

Time (ms)

Figure 8: From bottom to top: true reflectivity (s), wavelet (w), resulting seismic signal (t). The
result of deconvolution with the L1-norm is shown at the top (ŝ) (Taylor et al., 1979).

Since then, solving the deconvolution problem using techniques for
exploiting sparsity of reflection coefficients has been a major research focus in
the geophysical community under the name Sparse-Spike Inversion (Oldenburg
et al., 1983).
Sacchi (1997) proposed a fast and robust algorithm for sparsity-promoting
deterministic deconvolution using iteratively reweighted least-squares (IRLS),
which effectively finds a solution to the following problem:
!"#[! !!!"# − !

!

+ !! !!"#

!

]

This problem minimizes the L2-norm of the misfit and the L1-norm of the
solution, preserving the sparsity of the reflection coefficient series (Figure 9). The
parameter, !, is the trade-off parameter between data misfit and desired sparsity.

13

Relative
Amplitude

Figure 9: Example of IRLS deconvolution. The bottom (blue) is the input seismic trace; the
center (red) is the model data from the convolution of the inverted reflectivity (green) and the
known wavelet (modified from Sacchi, 1997).

Puryear and Castagna (2008) realized that they could exploit the typical
structure of the amplitude spectrum of a reflection coefficient dipole (Figure 10) to
form a wavelet band-limited frequency-domain basis used to invert the seismic
trace and solve for the underlying reflection coefficients. This method minimizes
an L2-L1-norm objective function similar to that of Sacchi (1997) but with
wavelet-bandlimited dipoles in the frequency domain as the basis functions
instead of wavelet-bandlimited spikes in the time domain. This is commonly
called Spectral Inversion in the geophysical literature. It exploits the sparsity of
necessary dipoles to accurately represent the data, the fact that each of these
dipoles can be represented as a sum of even and odd dipoles themselves, and
that the signature for each of these decomposed dipoles can be analytically
modeled in the frequency domain. This algorithm requires an accurate
representation of the spectrum of the input seismic trace at each time sample.
This is done through a method called spectral decomposition, which is discussed
later in this thesis.
14

Figure 10: Time and frequency-domain response for a mixed dipole and its decomposition
into even and odd pairs. The notch spacing in the frequency domain is inversely proportional
to the time separation between spikes. Bandlimited versions of this function with varying notch
separations form the basis used in spectral inversion.

Zhang and Castagna (2011) proposed a method to exploit the same
dipole reflectivity structure but directly in the time domain in what is now known
as Sparse-Layer Inversion. This is done by creating a dictionary of functions that
describe wavelet-bandlimited even and odd dipoles as their time separation
changes (Figure 11). This forms an overcomplete basis for the inversion,
meaning that the inverse problem is underdetermined (i.e. there are infinitely
many valid solutions). However, by exploiting the layer-sparseness in the
reflectivity series, one can search for the smallest subset of basis functions
necessary to accurately describe the data. This can be done thanks to a novel

15

technique for solving underdetermined L2-L1-norm problems called Basis Pursuit
(Chen et al., 2001), which uses an interior-point method for solving convex
optimization problems.

Time (ms)

Time (ms)

Trace Number

Trace Number

Figure 11: Even and odd components of the basis used in Sparse Layer Inversion. This forms
an overcomplete basis meaning that many combinations of these functions can describe the
observations. However, using Basis Pursuit, the solution that uses the least number of basis
functions is obtained.

Application to Synthetic Data
A simple example of sparse-layer inversion is shown in (Figure 12). The
synthetic seismic was created by convolving a 30 Hz zero-phase Ricker wavelet
with reflection coefficients from an asymmetrical wedge with a maximum timethickness of 0.024 s. This shows that the underlying reflection coefficients can be
recovered by introducing a very small number of artifacts. It is important to note
that, as seen in trace #15, as the wedge thickness decreases, the predicted
thickness begins to deviate from the true thickness. Also, near the pinch-out, the
predicted values for the reflection coefficients are slightly different than the true
values. Both of these effects are then compensated by the addition of a few very
16

small reflection coefficient artifacts as the algorithm tries to reduce the data
misfit. However, this is a small price to pay for the massive resolution gained
from the reflectivity inversion.
Figure 13 shows the increase in resolution between the original seismic
data and the sparse-layer inverted data. The limit of resolution of the synthetic
seismic data is determined by the tuning limit of the Ricker wavelet of dominant
frequency, fdom:

!!"#$ =

6
2!!!"#

In this example, for a 30 Hz Ricker wavelet, the tuning thickness is 0.130
s. The inverted reflectivity is capable of resolving thicknesses below this but only
until a certain point. This point is determined by the accuracy of the wavelet
extracted and the initial bandwidth. In this example, the limit of resolution for the
inverted reflectivity is 0.075 s. This means that the inverted reflectivity has almost
double the resolution of the initial synthetic.

17

Trace Number

Trace Number

Trace Number

Figure 12: Example of sparse-layer inversion for a simple wedge model. From top to bottom:
true reflectivity, modeled seismic data, and inverted reflectivity. Notice that the tuning
thickness in the seismic is encountered at trace #27 but the inverted reflectivity continues to
be accurate down to about trace #15. Below this, the inverted thickness begins to diverge from
the true thickness and artifacts begin to occur.
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Figure 13: Comparison of resolution between input seismic data and sparse-layer inversion.
Note that the inverted reflectivity matches the true thickness well below the traditional limit of
resolution, i.e. the tuning thickness.
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Figure 14: Amplitude spectra for the input seismic (blue), the inverted reflectivity (red), and
the final bandwidth extended data (green).
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Although the inverted reflectivity contains spikes and therefore has infinite
bandwidth, it cannot resolve infinitely thin layers. This limit, shown in Figure 13,
should be reflected in the final bandwidth of the data. For this reason, the data is
bandpassed (Figure 14) with the objective of finding the smallest bandwidth
where the data still retains its new resolving power (Figure 16). This is now the
final bandwidth-extended data (Figure 15).

Trace Number
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Trace Number

Figure 15: Seismic data (top), inverted reflectivity (middle), final bandwidth extended data
after bandpass filtering (bottom)
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Figure 16: Limit of resolution of the input seismic (blue), inverted reflectivity (red), and final
bandwidth-extended data after bandpass filtering (green).

A more complex example of sparse-layer inversion (Figure 17) shows that
even though very subtle artifacts are present, the increase in resolution greatly
enhances the ability to interpret a seismic section accurately.
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Figure 17: Example of sparse-layer inversion for a more complicated model. From top to
bottom: acoustic impedance, true reflectivity, modeled seismic data, and inverted reflectivity.
The value of bandwidth-extension is appreciated in more complex settings where the input
seismic data may be difficult to interpret. Notice the small artifacts and missing reflection
coefficients very near the pinchouts.

All of these methods require a priori knowledge of the wavelet and of the
best sparsity parameter, !, to represent the local geology. The wavelet amplitude
spectrum can be obtained directly from the seismic amplitude spectrum (Liner,
2004). However, to obtain the appropriate wavelet phase and inversion sparsity
parameter, it is best to use a well within the seismic data and calibrate these
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against a synthetic seismogram where the correct underlying reflectivity is
known.
Application to Real Data
The original 3D seismic migrated dataset had a bandwidth above -20 dB
between 10 and 55 Hz, with a bandwidth of 2.5 octaves. The wavelet amplitude
spectrum for this data was predicted from the average amplitude spectrum of the

Amplitude

Amplitude

Amplitude

traces (Figure 18).

Figure 18: Time-varying wavelet extraction. This gives us insight into the stationarity of the
wavelet.

The phase was obtained by matching a series of phase-rotated synthetic
seismograms at the wells until a reasonable tie was achieved.
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Sparse-layer inversion was applied to the pre-stack 3D seismic data and
then bandpassed until the bandwidth-extended data reasonably matched the prestack and post-stacked synthetic seismograms at the wells (Figures 19 and 20).
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Figure 19: Input seismic (above) and results of sparse-layer inversion (below) in Well C.
Additional reflections observed in the output gather appear to correspond to lithological
variations at the well. The synthetic makes a very good tie.
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Figure 20: Input seismic (above) and results of sparse-layer inversion (below) in Well D.
There are also additional reflections but it is difficult to validate because of the lack of data.
The synthetic makes a good tie within the small window of data.

The final bandwidth above -20 dB was between 8 and 100 Hz (Figure 21)
with a new bandwidth of 3.6 octaves from the original 2.5 octaves. The extra
bandwidth changes the seismic wavelet into a much spikier one. The sidelobes
are heavily decreased and the overall ringing is reduced.
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Figure 21: Comparison of bandwidth before (left) and after (right) sparse-layer inversion and
bandpass filtering. Notice how the wavelet becomes closer to a spike.

The final bandwidths were used to generate the wedge test to see the limit
of resolution (Figure 22). The original bandwidth was able to resolve layers down
to 0.015 s thick. The new bandwidth reaches its limit of resolution at a thickness
of about 0.080 s. This is an effective doubling of the resolution through sparselayer inversion.
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Figure 22: Testing the limit of resolution of the original (blue) and new (green) bandwidth. The
new bandwidth seems to double the resolution of the original.

Since sparse-layer inversion is a trace-by-trace operation, one may expect
problems of lateral continuity if an inappropriate parameterization is used.
However, as seen in Figures 23-26, the lateral continuity is maintained between
the original and the bandwidth-extended seismic data and significant detail is
gained.
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Figure 23: Comparison of the original seismic (A) with the bandwidth extended seismic (B). A
synthetic is modeled at Well C using the appropriate wavelet for each case.
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Figure 24: Comparison of the original seismic (A) with the bandwidth extended seismic (B).
This is a long cross section from the southernmost part of the data, near Well E, to the
northernmost part Well C. It is clear that the lateral continuity is maintained. Also there are no
visible artifacts of the inversion.
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Figure 25: Input stacked seismic data (A) and output bandwidth-extended data (B). Although
the sparse-layer inversion is a trace-by-trace operation, the output data shows good lateral
continuity. It also shows a great increase in detail and enhancement of discontinuities in both
the section and slice view.
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Figure 26: Detail comparison of a faulted area in the seismic data before (A) and after (B)
bandwidth extension. The main faults are clear on both sections but subtle faults appear in the
second one (e.g. bottom right corner)
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CHAPTER 3: DISCONTINUITY-ENHANCING SEISMIC ATTRIBUTES
Introduction
Migrated seismic data is very useful for identifying faults in the subsurface.
When the faults are large, these discontinuities can be easily seen in seismic
amplitude data. They appear as 3D surfaces where reflectors are displaced
along them. However, when the displacement along a fault is relatively small,
these discontinuities may not be easily seen. A discontinuity-enhancing attribute
may be very useful to aid in the mapping of small-displacement faults.
There are many seismic discontinuity-enhancing attributes and most of
them do a very good job at identifying major faults in 3D data. However, some
attributes are better at identifying faults with specific characteristics than others.
Also, each attribute will generate its own set of artifacts due to the specific
methods used to calculate it. Some of the most widely used discontinuityenhancing attributes are coherence, curvature, and chaos.
In the case of dipping reflectors, it is important to calculate the
discontinuity-enhancing attributes along the local dip. This avoids apparent
discontinuities that may arise from comparing adjacent traces along steeply
dipping reflectors. The traces will be very different and will therefore show a
discontinuity. Local dip and azimuth must be computed first and then a windowed
portion of the trace is compared with dip-shifted adjacent traces.
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Coherence
Coherence describes a family of attributes that highlight discontinuities in
seismic data by calculating how similar adjacent traces are to each other. It was
first proposed by Bahorich and Farmer (1995) based on the correlation of
adjacent traces. The variations within the coherence family of attributes mostly
stem from the method used to quantitatively compare adjacent traces:
semblance (Marfurt et al, 1998), eigen-structure (Gersztenkorn and Marfurt,
1999), etc.
Following is a simple workflow for calculating the eigen-structure
coherence attribute on a matrix, S, whose columns represent seismic traces:
1. Extract a windowed portion of the data given an input window size.
2. Shift the vectors such that the local dip is removed.
3. Calculate the covariance matrix.
4. Calculate the eigenvalues of the covariance matrix.
5. Obtain the coherence value at the center of the window from the largest
eigenvalue normalized by the trace of the matrix.
6. Shift the window by one sample and repeat for every sample.
The implementation of this general idea varies between different
commercial software packages as they try to optimize the procedure for speed
and continuity. Figures 27 and 28 are examples of the coherence attribute
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applied to the 3D seismic data before and after bandwidth extension:
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Figure 27: Time slice at t=1.474 s showing the coherence attribute calculated on the original
seismic data (A) and on the bandwidth extended data (B).
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Figure 28: 3D view showing the coherence attribute calculated on the original seismic data
(A) and on the bandwidth extended data (B).
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Chaos
Chaos is a discontinuity enhancing attribute that quantifies the degree of
randomness of dips in a windowed section of the seismic data (Randen et al.,
2000). This attribute is calculated as follows:
1. Calculate the gradient of the data at a point.
2. Calculate the covariance matrix for a windowed portion around this point.
3. Calculate the eigenvalues of the covariance matrix.
4. Obtain the chaos attribute using the definition:

!=

2!!
−1
!! + !!

where !! , !!!! , !! are the three eigenvalues of the covariance matrix ordered from
greatest to smallest.
Chaos measures how predictable the dip is at every point of the dataset
and is therefore a good textural attribute. Figures 29 and 30 are examples of the
chaos attribute applied to the 3D seismic data before and after bandwidth
extension:
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Figure 29: Time slice at t=1.474 s showing the chaos attribute calculated on the original
seismic data (A) and on the bandwidth extended data (B)
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Figure 30: 3D view showing the chaos attribute calculated on the original seismic data (A)
and on the bandwidth extended data (B)
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Curvature
The curvature attribute describes the degree of curvature in the arrival
time of seismic reflections. It is calculated as the rate of change of dip along a
certain relevant azimuth. In practice it is computed by fitting a generalized
paraboloid to the local volumetric estimation of dip and azimuth (Chopra and
Marfurt, 2008).
! !, ! = !! ! + !" + !! ! + !" + !" + !
Once fit, the parameters a-f can be used to compute different attributes
that relate to the shape of the local surfaces. The attribute used in this study is
Kpos and is defined as follows:
!!"# = ! + ! + [ ! − !

!

+ !!]

!

!

This attribute is useful in highlighting faults because it preferentially
delineates peaks and antiforms, commonly associated with discontinuities
(Figure 31).

Figure 31: Schematic example of curvature (Chopra and Marfurt, 2008)
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Figure 32: Time slice at t=1.474 s showing the K1 positive curvature attribute calculated on
the original seismic data (A) and on the bandwidth extended data (B).
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Figure 33: 3D view showing the K1 positive curvature attribute calculated on the original
seismic data (A) and on the bandwidth extended data (B).
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Instantaneous Amplitude and Phase
Taner, et al. (1979) proposed visualizing a seismic trace as the real part of
an analytical signal whose imaginary part can be computed by applying a Hilbert
transform to the original trace. Since the signal is now complex, it can also be
represented in polar form (Figure 34).
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Figure 34: Seismic trace (left) and complex analytical trace (right).

This provides the following explicit equations for the magnitude and phase
of the signal at each time sample of the complex trace:
!=

!"(!"#)! + !"(!"#)!

and

! = tan!!

!"(!"#)
!"(!"#)

These are called instantaneous amplitude and instantaneous phase attributes,
respectively (Figure 35).

42

6

2

Instantaneous Phase (rad)

Instantaneous Amplitude

3

1

0

-1
0

0

-6
0.5
Time (s)

1

0

0.5
Time (s)

1

Figure 35: Instantaneous Amplitude (left) and Instantaneous Phase (right).

These attributes can help visualize information not easily seen in the
original seismic trace alone. Phase attributes, especially, play a prominent role in
this research as subtle discontinuities can be much more obvious when the
amplitude information is removed (Figure 36).
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Figure 36: Synthetic fault model with three faults of increasing displacement from left to right.
Acoustic impedance (top left), synthetic seismic (top right), instantaneous amplitude (bottom
left), and instantaneous phase (bottom right).

Spectral Decomposition
A seismic trace can be viewed in the frequency domain by calculating its
Fourier transform (Figure 37). The spectral characteristics of a seismic signal are
very useful as they contain information about the periodicity in the data and the
resolving power, which is a function of the signal bandwidth above the noise
floor. However, the Fourier transform provides a representation of the global
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features of a signal and does not differentiate between features appearing early
or late in the signal.

Figure 37: Seismic trace and its Fourier transform. Input seismic trace (top), amplitude
spectrum (bottom left), phase spectrum (bottom right).

Some of the most important characteristics of seismic data can be either
slowly time-varying or transient pulses. Therefore, a generalization of the Fourier
transform is necessary to appropriately study the local time-frequency nature of
seismic waveforms. One solution to this problem is to compute the Fourier
transform for different sections of the signal. This provides an amplitude and
phase spectrum for each section allowing one to notice changes in frequency
content between sections of the signal. To increase the time-resolution of this
analysis, one can take smaller and smaller sections of the signal in time.
However, as the sections become smaller, the time-resolution increases but the
frequency resolution is decreased. This is known as the Fourier uncertainty
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principle (Bracewell, 1986).
The Short-Time Fourier Transform (STFT) tries to mitigate this problem by
calculating the Fourier transform on overlapping windows for each sample in the
signal (Cohen, 1994; Mallat, 1999). An appropriate window with slowly tapering
edges is preferred as it avoids creating artifacts as a consequence of Gibbs
phenomenon. The size of the window determines the trade-off between timeresolution and frequency-resolution (Figure 38). The STFT, like any other method
of spectral decomposition, effectively transforms a 1D real signal in time into a
2D complex signal in time and frequency.
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Figure 38: Input seismic trace (left), STFT using a 0.03 s window (center), and STFT using a
0.05 s window (right). The larger the window in the time domain, the better the resolution in
the frequency domain.

Puryear et al. (2012) proposed a time-frequency decomposition method
named Constrained Least Squares Spectral Analysis (CLSSA) that uses an
iteratively reweighted least-squares (IRLS) approach to directly solve for the
best-fitting Fourier coefficients of a windowed portion of the signal. This method
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provides higher frequency resolution for a given time-window (Figure 39)
compared to methods based on correlation such as the Short-Time Fourier
Transform, Continuous Wavelet Transform, and Matching Pursuit
Decomposition. CLSSA has the additional benefit of being able to increase the
level of frequency-domain sparsity by increasing the number of IRLS iterations.
The most commonly used outputs of spectral decomposition techniques
1
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Figure 39: Comparison of STFT and CLSSA, both using a window of 0.04 s. Input trace (left),
STFT (center), and CLSSA (right).

are the frequency-varying amplitude spectra for each time sample. These can be
used qualitatively for mapping subtle variations in reflection character by
corendering the amplitudes from different frequency components into a 3D RGB
image or to qualitatively map the relative thickness of a thin formation from the
spatially varying dominant frequency of its reflection (Partyka et al., 1999). These
frequency-dependent amplitudes have also been used as direct hydrocarbon
indicators (Castagna et al., 2003). More recently, these have been used
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quantitatively to invert for reflection coefficients of thin beds beyond the
bandwidth of acquired seismic data (Puryear and Castagna, 2008).
Spectral decomposition also provides frequency-varying phase spectra for
each time sample in a trace (Figure 40). This part of the data has not received
the same popularity as the amplitude counterpart because it is more difficult to
connect directly to some property of the underlying rocks. However, from
previous applications of instantaneous phase, it is reasonable to assume that the
frequency-dependent phase information may be very important in highlighting
discontinuities within the seismic data. Figure 41 shows how a discontinuity at a
particular time sample may be highlighted preferentially on a specific frequency.
For this reason, it is advantageous to spectrally decompose the data before
running discontinuity attributes.
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Figure 40: CLSSA of a trace (left) showing both the amplitude (center) and phase (right)
spectrum.
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Figure 41: Example of frequency-varying phase from CLSSA at 5 Hz, 15 Hz, 35 Hz, and 50
Hz. Also showing the instantaneous phase (top right).
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In this study, CLSSA was performed on the bandwidth extended seismic
data. Figures 42-45 show how different sized faults are highlighted preferentially
at different frequencies. This was exploited by calculating the discontinuity
attributes on different bands of the seismic data to highlight the different faults.
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Figure 42: Arbitrary line through the bandwidth extended seismic data showing horizons for
the Top of Salt (pink), Base of Salt (green), and the Leadville Limestone (blue). Notice the
large faults on the left side of this section as well as the smaller faults on the right within the
salt.
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Figure 43: CLSSA Amplitude (A) and Phase (B) at 5 Hz.
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Figure 44: CLSSA Amplitude (A) and Phase (B) at 25 Hz.
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Figure 45: CLSSA Amplitude (A) and phase (B) at 55 Hz.
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Composite Fault Attribute
Barbato et al. (2014) developed a robust composite fault detecting
attribute by calculating a series of discontinuity attributes on the output phase
volumes from spectral decomposition and merging them using principal
component analysis (PCA) (Figure 46).
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Figure 46: Example of Principal Component Analysis (PCA). Using only three inputs of
arbitrary units, since the inputs are correlated, they can be represented by only the largest two
principal components. In our case, all inputs are attempting to highlight the same
discontinuities in the data; therefore, the smallest principal components represent uncorrelated
noise and artifacts and can be dropped.

Computing the discontinuity attributes on amplitude and phase data
corresponding to different frequencies, as opposed to doing it on the simple
instantaneous amplitude and instantaneous phase, allowed for adaptive
discontinuity detection because some faults are more prominent at specific
frequencies. Attributes were then calculated using varying window sizes
depending on the frequency on which they were computed. By merging these
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datasets through PCA, the varying window sizes allowed the composite attribute
to significantly reduce the windowing artifact seen on the vertical sections of the
input attributes.
The largest principal components were used to reconstruct the data
leaving out the noisier smaller principal components, i.e. the information that is
not similar across all inputs. The resulting composite attribute enhances signals
that were found consistently in most of the input attributes and in most of the
input frequencies, so subtle faults were reinforced and enhanced. Artifacts were
independently generated by the calculation of each discontinuity attribute, such
as the hexagonal background pattern on curvature volumes, which were
significantly suppressed because they were not consistent across input volumes.
In this study, CLSSA was used to spectrally decompose the bandwidth
extended seismic data. Coherence, Chaos, and K1 Positive Curvature were
computed on each phase section and then merged using PCA. The workflow is
shown in Figure 47.
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Figure 47: Workflow for building the composite fault attribute

The result was an attribute able to delineate both large and small faults
while suppressing any of the particular artifacts related to the computation of the
input conventional discontinuity attributes (Figure 48). The faults appeared more
natural since they were not smeared and did not have the stair-step aspect to
them that arises from the windowing effect.
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Figure 48: Composite fault attribute on a time slice t=1.474 (A) and on a 3D view (B). Notice
the clear delineation of the large faults and their complex interactions. Also notice the small
faults on the right side of the 3D view.
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The composite attribute was further enhanced by using a sharpening
technique. The specific filter used in this thesis was the Laplacian of Gaussian
(LoG). This method corresponds to the 3D convolution of the composite attribute
with the second total derivative of a Gaussian filter. This filter is analogous to a
Ricker wavelet in 3D (Figure 49).
3D View of LoG Filter

LoG Filter Matrix
1

0

10

-2
-4

0

Amplitude

2

-8

Rows

Amplitude

-6
-10
-12
-14

-25
100

-16
100

Rows

Columns
1

-18
100

1

1

Columns

100

Figure 49: LoG filter used for sharpening the composite attribute.

Convolution with the LoG filter is equivalent to increasing the amplitude at
the center of recognized discontinuities while lowering that immediately adjacent
to the center. This creates a more spikey look to the highlighted discontinuities.
Although generating a more spikey signal may seem like a similar
objective to bandwidth extension, this method is purely cosmetic. It does not
require knowledge of the physics behind the data to exploit some underlying
structure like sparse-layer inversion. It is equivalent to boosting high frequencies
at the expense of increased noise. However, since the noise level of the
composite attribute is relatively low, it is a good candidate for this type of
methodology. Figures 50 and 51 show the composite attribute before and after
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the application of the LoG filter.
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Figure 50: Composite fault attribute after LoG sharpening on a time slice t=1.474 (A) and on a
3D view (B).
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Figure 51: Composite fault attribute before (A) and after (B) LoG sharpening.
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Comparison of Discontinuity Attributes
The different seismic discontinuity attributes were compared in a 3D
visualizing software. Figure 52 shows a time-slice at 1.474 seconds, near the
Leadville Limestone formation, comparing all four attributes computed on the
bandwidth extended data.
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Figure 52: Comparison of time slices t=1.474 s for different discontinuity attributes:
Coherence (A), chaos (B), K1 positive curvature (C), and the final composite attribute (D).

In Figure 52, the coherence attribute strongly delineates the major eastwest fault system but failed to recognize some of the smaller faults. Even the
large fault in the south was not strongly delineated by the coherence attribute.
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The chaos attribute recognized the southern fault as well as many more subtle
faults in the northern area. However, it also appeared to smear the large fault
system. The curvature attribute provided a clean delineation of the major fault
system. It also picked up many of the more subtle faults in the northern and
southern areas. It did, however, show its typical hexagonal artifact throughout the
time slice, and although it did not seem to hinder the fault interpretation, it was
difficult to distinguish the more subtle faults in the north from artifacts. The
composite attribute strongly and sharply delineated the major fault system. The
fault trending from the northwestern corner to the center appeared sharp enough
to tell that it is not a single connected fault, but a series of smaller disconnected
faults. This was expected in a large strike-slip fault system.
Figures 53-54 show the interaction of the fault discontinuity attribute from
time slice view to vertical section. It is here that one notices the strong windowing
artifact on the conventional attributes.
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Figure 53: Coherence (A) and chaos (B) on a 3D view of a time slice at t = 1.534 s and an
arbitrary line showing Well C.
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Figure 54: Curvature (A) and the composite fault attribute (B) on a 3D view of a time slice at t
= 1.534 s and an arbitrary line showing Well C.
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The coherence attribute highlighted the major fault on the vertical section
but it was difficult to pick the exact position of this fault due to the lateral
smearing. Also the fault appeared to have a stepladder pattern, which was not
geological, due to the window used in the computation. There are also strong
near-horizontal bands, which were clearly artifacts. The chaos attribute
highlighted the major faults as well but smeared them heavily. It picked up
smaller discontinuities but also seemed noisy and difficult to accurately interpret.
The curvature attribute was able to resolve multiple thin faults on the vertical
section where the other attributes only resolved a single large fault zone.
However, interpretation was made very difficult by the strong vertical and lateral
artifacts from the curvature calculation. These vertical artifacts were the
hexagonal patterns that appeared on slice views. The composite attribute was
able to clearly delineate multiple thin faults in the vertical section and allowed one
to understand their interactions. The faults started to appear as surfaces and
their resolution did not change dramatically from the slice to the vertical section.
This was achieved through the PCA step, by taking the best parts of the input
attributes and removing the artifacts that were not seen across all of them.
Figures 55-56 compare the attributes in an area where smaller faults were
present. These faults represented a challenge for the discontinuity detecting
attributes because they were very close to each other, had varying dips, and had
small displacements. The coherence attribute did a very good job of highlighting
these faults and positioning them accurately. It did, however, appear to miss
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Figure 55: 3D view of a time slice at t = 1.170 s and an arbitrary. Coherence (A), chaos (B),
curvature (C) and the composite attribute (D).

some of the more subtle faults. The chaos attribute did the worst in this test. It
appeared to highlight both the major faults and the more ones, but it strongly
smeared them laterally. The time slice also showed how strongly these faults
were smeared. The curvature attribute highlighted the faults sharply in both the
time slice and vertical section but suffered from the strong vertical artifact. This
noisy artifact played a larger role when interpreting smaller faults like these as it
masked them both in time slice and vertical section. The composite attribute
delineated both the major and the more subtle faults sharply in both time slice
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Figure 56: Vertical section on the arbitrary line corresponding to Figure 56. Coherence
(A), chaos (B), curvature (C), and the composite attribute (D).

and vertical section. Figure 56 shows how the composite attribute allowed for the
interpretation of fault dips as well as their interactions. The coherence attribute
also determined a realistic fault dip but the faults were somewhat smeared. The
composite attribute showed a clear distinction between each of the small faults
and was able to highlight them continuously in both vertical view and time slice.
In conclusion, the composite attribute was far superior to the conventional
seismic discontinuity attributes. It was capable of delineating both large and more
subtle discontinuities strongly and sharply. Although the conventional attributes
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appeared to delineate faults accurately on time slices, it is clear that they
suffered from strong artifacts in the vertical sections. The fact that the faults were
smeared or had a stepladder appearance on the vertical sections, implied that,
although they appeared sharp in time slices, they were not accurately positioned
for that exact time value. The composite attribute did not show a strong
windowing effect like the other attributes, which allowed for a much more
geologically consistent interpretation of faults on both time slices and vertical
sections.
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CHAPTER 4: VALIDATION OF THE COMPOSITE FAULT ATTRIBUTE
Introduction
Each of the conventional attributes contained unique artifacts specific to
their computation. The previous section showed how the composite fault attribute
reduced many of these artifacts and appeared to give a much cleaner delineation
of discontinuous features. However, it was important to verify that these features
were not a different form of artifact from the computation of the composite
attribute. In this chapter, the composite attribute was compared against the
seismic data to verify that the highlighted discontinuities were realistic and not
the effects of their calculation.
Figure 57 shows a 3D view of the seismic data covering the entire
northwestern quadrant with a time slice at 1.50 s. Well C is also visible in this
figure. The time slice shows large discontinuous east-west striking features that
were interpreted as a strike-slip fault system depicted with white arrows. One of
the faults, depicted in yellow arrows, branches toward the northwest and crosses
the vertical section. This large fault, along with the faults depicted by green and
cyan arrows, form a negative flower structure, which will be discussed in the next
section. The fault indicated by the yellow arrows was clearly identified on the
seismic data in both vertical and time slice views. It showed the displaced
horizons downthrown on the western block. This fault was observed to not be
continuous and the subtleties of its geometry are discussed in a later section of
this thesis. Finally, the faulted region indicated by the red arrows contained a
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complex series of small, nearly linear faults that were difficult to pick individually
directly from the seismic data. The composite attribute was useful in facilitating
this task. The extracted fault planes were not only continuous over a relatively
large area, but they were spaced very closely.
Figures 58 shows the composite fault attribute and the attribute overlaid
on the seismic data. This illustrates the complex nature of the faulting in the
dataset and how certain faults that were not obvious on the amplitudes alone
became apparent using the composite attribute. This was the case with the large
fault on the southern edge of the data, which was moderately visible directly on
the seismic but was strongly highlighted by the composite attribute. Similarly, the
section views on Figures 57-58 show a large number of small subvertical faults
that were difficult to pick with the seismic data alone.
1

Amplitude
-1

Figure 57: 3D view of the bandwidth extended seismic data showing a time slice at 1.50 s.
The arrows show multiple fault zones that will be discussed in later section.
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Figure 58: 3D view of the composite fault attribute (a) and an overlay of this attribute on the
bandwidth extended seismic data (b) showing a time slice at 1.50 s.

71

Negative Flower Structure
A large strike-slip fault system is indicated in Figure 57 with white arrows.
This system splits towards the west into three major faults indicated with yellow,
green and cyan arrows. A perpendicular view of this splitting is shown in Figure
59. In this figure, the Leadville horizon was shown to highlight the magnitude of
the displacement along the major faults. The displacement of the branched faults
was much smaller than that of the major fault zone. These large faults were
clearly identifiable directly on the seismic data.
Figure 59 also shows the composite attribute overlaid on the seismic data.
The major faults were strongly highlighted by the attribute, and many more subtle
faults were also observed. The composite attribute showed that the large fault
zone was actually composed of many smaller faults that displace the reflectors
by different amounts.
This complex fault system appeared to be a negative flower structure,
shown schematically on Figure 60. As the two major fault blocks slipped past
each other, a very subtle change in fault strike modified the local fault slip from
purely strike-slip to dip-slip. The two blocks began to pull apart, and the narrow
gap was formed. The fault returned to a purely strike-slip displacement towards
the east.
The faults highlighted by the composite attribute appeared to follow the
general pattern of a negative flower structure with many internal normal faults
accommodating the extension. The faults adjacent to the main fault zone all dip
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Figure 59: 3D view of the bandwidth extended seismic data (a) and an overlay of the
composite attribute on seismic data (b) showing a horizon slice on the Leadville limestone.
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Figure 60: Schematic depiction of a negative flower structure. The change in strike angle
causes the two fault blocks to pull apart causing extension accommodated through normal
faulting (modified from Fossen, 2015).

towards the pull-apart as predicted by the block model in Figure 60. Although the
seismic data appeared to be chaotic in the fault zone, the composite fault
attribute showed linear trends along which these nearly chaotic reflectors were
displaced.
This example shows how the composite attribute was able to resolve very
subtle geologically feasible discontinuities that would otherwise be smeared
together by any of the conventional attributes. It was possible to accurately
interpret this complex fault zone as opposed to picking one large fault directly
from the seismic data. The combination of discontinuities highlighted by the
composite attribute, the reflections from the seismic data, and the picked horizon
provided the necessary geological context to understand how such a complex
structure could form.
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En Echelon Faulting
The fault in Figure 57 indicated by yellow arrows, splits from the main fault zone
and strikes northwest. This fault was clearly visible directly on the seismic data,
both in slice and vertical section views. Figure 61 shows a time slice of the
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Figure 61: Composite fault attribute time slice at t=1.474 showing the fault in question
indicated by yellow arrows (a). Zoomed view on the red box highlighting the segmented nature
of the fault (b).
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composite attribute, and the fault in question is indicated by yellow arrows.
This fault no longer appeared as a single continuous discontinuity as it
was shown using the conventional discontinuity attributes. The composite
attribute was able to resolve the individual segments of this fault, which showed
an en echelon pattern. This pattern was consistent with that of the initialization of
a strike-slip fault through a simple shear mechanism (Figure 62). This could
potentially have implications for the connectivity across such a fault. The ability to
distinguish en echelon faulting from a continuous fault is essential to fault seal
analysis. There is a limit to the lateral resolution of this composite fault attribute,
and it may be possible that small segments of this fault were in fact segmented
themselves. However, compared to other discontinuity attributes, the composite
attribute appeared to be better suited for this kind of detailed interpretation.

Figure 62: Theoretical orientations of structural features in a right-lateral simple shear regime
(Sylvester, 1988). Results from physical modeling of strike-slip faulting using clay (modified
Dooley and Schreurs, 2012) (right).
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Small Scale Faulting
The complex faulted zone shown in Figure 57 indicated by the red arrows
shows many small-scale faults that are very close together. Figure 63 shows a
vertical section across these small faults. The discontinuities were very difficult to
interpret directly on the seismic data, but they were quite distinct on the
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Figure 63: Bandwidth extended seismic data (a) and the corresponding composite attribute
section (b).

To verify that these discontinuities on the composite attribute actually
relate to real faults in the seismic data, the two were overlaid showing an
excellent correspondence. Using the composite attribute, the small faults were
picked and displayed in 3D view. Although their dips varied significantly, as seen
in Figure 64, their strike was almost identical and they extended all the way to the
main fault system. These parallel fault swarms can have implications about the
local state of stress and were therefore analyzed in the following section.
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Overall the composite fault attribute appeared to accurately and sharply
delineate geologically-consistent faults that existed in the seismic data, even if
they were very difficult to pick directly on the amplitudes.
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Figure 64: Composite fault attribute overlaid on the seismic data (a) and picked faults from
the composite attribute (b-d).

78

Fault Azimuths
Understanding the local stress regime is important for drilling wells,
completing them, and optimizing their production.
The orientation in which a rock fails is determined by the magnitudes and
orientations of the principal stress components acting upon it. The weight of the
overburden, as well as the regional tectonics of the area, are the main causes of
differential stresses acting on the subsurface. The orientation of the stress field,
however, changes with the scale of observation due to movement along faults.
This implies that understanding the local orientation of faults can provide some
information about the local stress field.
The composite attribute was used to generate rose diagrams on various
time slices of the northwestern quadrant of the dataset (Figure 65). The fault
orientations formed clusters of aligned faults and these clusters appeared to
change with depth. These areas may be interpreted as responding to a particular
local stress regime.
A map of rose diagrams was obtained with the original dataset. This map
was generated from a previous discontinuity attribute calculated on the original
seismic data. These rose diagram locations were obtained and new rose
diagrams were calculated in their same location from the new composite
discontinuity attribute (Figure 66).
The two rose diagram calculations seemed to agree. The legacy rose
diagrams appeared to vary slowly laterally, whereas the ones computed with the
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composite fault attribute changed abruptly. This could be caused by a much
larger radius of calculation for the legacy rose diagrams.
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Figure 65: Rose diagrams calculated using the composite attribute on time slices t=1.1s (a),
t=1.3s (b), t=1.5s (c), and t=1.7s (d).

The rose diagrams were also tested against wells where image logs were
run. These image logs were not made available with this dataset but the resulting
rose diagrams at the well locations were provided. These well locations were
used to compute rose diagrams from the composite attribute and compare them
to those at the wells (Figure 67).
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Figure 66: Legacy rose diagrams (a) and rose diagrams calculated using the composite
attribute at the same locations (b).
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Figure 67: Rose diagrams generated at four well locations (pink) and rose diagrams
generated using the composite fault attribute at the well locations (black).

The orientations appeared to be somewhat correlated. Since fractures
tend to be mostly vertical, the sample of fractures intersected by a vertical well is
very small. For this reason, these rose diagrams were likely to have been
generated from fractures encountered all throughout the well length. On the other
hand, the rose diagrams calculated from the composite attribute were for a given
time slice and therefore a radius of analysis was given to generate a valid
histogram.
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CHAPTER 5: FAULT DENSITY AND ELASTIC PROPERTIES
Introduction
The increased resolution of faults from the composite discontinuity
attribute allowed for the seismic interpretation of not only broad fault zones but
also subtle small offset faults. These small faults appeared in specific areas and
not in others. In this section, the question of whether there is a connection
between elastic rock properties in the formation and the density of faults as
observed from the composite seismic attribute was investigated.
Two possible relationships could be expected from this comparison: either
rock failure preferentially occurred where the rock had specific elastic properties
or the observed rock properties were the consequence of faults and fractures.
Rock Physics Modeling
The first case implies a relationship between fault density and the ability of
a rock to be fractured or faulted, i.e. its brittleness. This parameter has been
notoriously difficult to quantify using only elastic properties (Vernik et al., 2013).
However, certain approximations or brittleness indexes have been developed in
an attempt to solve the problem of hydraulic fracture optimization. One of these
approximations was given by Rickman et al. (2008):

83

!!"#$ =

!!"#$%&"' − !!"#
!!"# − !!"#

!!"#$ =

!!"#$%&"' − !!"#
!!"# − !!"#

!=

!!"#$ + !!"#$ !
2

where B represents the brittleness index,"E is Young’s modulus, and !"is
Poisson’s ratio. This is a very simplistic heuristic approximation that attempts to
highlight areas with high concentrations of relatively stiff minerals like calcite and
quartz that have large Young’s moduli while simultaneously masking areas with
high concentrations of ductile clays that have a high Poisson’s ratio.
Acoustic Impedance vs Vp/Vs
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Figure 68: Brittleness index values plotted on a Young’s Modulus vs Poisson’s ratio crossplot
(left) and on an Acoustic Impedance vs Vp/Vs ratio crossplot.

The second case implies that one could predict the elastic behavior of a
rock given a fault density. It was reasonable to assume that areas of high
seismically resolved faults also contained many more faults and fractures at
smaller scales below seismic resolution. The assumption was made that the fault
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density determined from the composite seismic attribute was proportional to the
concentration of faults and fractures below seismic resolution. In other words, it
was assumed that faulting follows a fractal behavior with scale.
The elastic properties of a fractured rock can be predicted using an
inclusion model for small aspect ratios. In this case, rock physics modeling was
performed using the Self-Consistent Inclusion Model Approximation (SC) of
O’Connell and Budiansky (1974) for determining the effect of increasing
concentrations of randomly oriented inclusions with varying aspect ratios and
elastic properties.
The SC method computes the effective Bulk and Shear moduli, Ksc and
Gsc respectively, of a rock by iteratively adding inclusions of given Bulk and
Shear moduli, Ki and Gi, to a starting matrix material with Bulk and Shear moduli,
Km and Gm, as follows:
!!" = !! + !! !! + !! !!
!!" = !! + !! !! + !! !!
where xi is the volume fraction of the i-th inclusion, and Pi and Qi are geometric
factors that depend on the shape of the inclusions (Mavko, 2008). In this study,
inclusions were assumed to be oblate spheroids of differing aspect ratios (Figure
70).
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Figure 69: Representative oblate spheroids with aspect ratios used to model fractures, from
top to bottom: 0.01, 0.03, 0.05, and 0.1.
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This method was generalized by Berryman (1980, 1995) for N-phase
composites and higher concentrations by slowly adding inclusions iteratively,
computing the effective moduli at each iteration, and using those effective moduli
as the initial moduli for the next iteration. The following two equations represent
sums over all phases and must be solved simultaneously (Mavko, 2008):
!

!! !! + !!" !! = 0
!!!
!

!! !! + !!" !! = 0
!!!

The isotropic effective stiffness of the rock is calculated at each iteration.
Adding more and more inclusions of any aspect ratio does not change the
symmetry of the effective medium. This has been interpreted as the inclusions
having random orientations reducing any preferential stiffness direction.
The Leadville Limestone was modeled using this approach. The rock
matrix elastic properties were calculated by using the following mineral properties
(Mavko et al., 2008) and taking the arithmetic average of the Hashin-Shtrikman
upper and lower bounds. The bulk density was calculated using the massbalance equation (Table 1).
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V (fraction)

K (GPa)

G (GPa)

Rho (g/cc)

Calcite

0.7

70.2

29

2.71

Dolomite

0.2

94.9

45

2.87

Quartz

0.1

37

44

2.65

Matrix

1

74.23

35.38

2.75

Table 1: Matrix properties used in the inclusion model.

The pore pressure at the interval was assumed to be hydrostatic. In the
area of study, the Leadville Limestone was observed at an average depth of
9,000 ft, which, assuming a water density of 1.1 g/cc, gave a pore pressure of 30
MPa. This was used to calculate the properties of water using the equations of
Batzle and Wang (1992) and the properties of CO2 from the measurements of
Wang (2000) tabulated by Mavko et al. (2008).
K (GPa)

G (GPa)

Rho (g/cc)

Water

3.04

0

1.06

CO2

0.14

0

0.68

Table 2: Properties of end-member fluids used in the inclusion model.
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Three fluid property cases were modeled using Wood’s equation to
compute the fluid elastic properties and the mass-balance equation to compute
the fluid density. These are summarized in the following table:
Vwat

Vco2

K (GPa)

G (GPa)

Rho (g/cc)

Water Sat

1

0

3.04

0

1.06

Partial Sat

0.95

0.05

1.55

0

1.04

CO2 Sat

0.2

0.8

0.185

0

0.78

Table 3: Properties of mixed fluids used in the inclusion model.

These fluids were used as the inclusions in the matrix material. For oblate
spheroids, the relationship between fracture density and fracture porosity is given
by:

!=

3ϕ
4!"

where c is the fracture density, Φ is the volume fraction of inclusions (i.e.
porosity), and α is the aspect ratio of the inclusion (Zhang and Stewart, 2008).
Figure 70 shows models of the effective acoustic impedance and Vp/Vs ratio for
each fluid type for aspect ratios, α, of 0.01, 0.03, 0.05 and 0.1.
Finally, rock physics templates were created based on fracture density
and inclusion type (Figure 70 and 71). These were compared with acoustic
impedance and Vp/Vs ratios obtained from elastic inversion.
89

Vp/Vs vs Fracture Density

Acoustic Impedance vs Fracture Density

Fracture Density

0.2

0.1

0

Fracture Density

0.2

0.1

0

Fracture Density

0.2

0.1

0

Fracture Density

0.2

0.1

0
4

5

6

Acoustic Impedance (ft/s*g/cc)*10

4

7

1.6

1.8

Vp/Vs

Figure 70: Fracture density vs Acoustic Impedance (left) and vs Vp/Vs ratio (right). The
models were calculated for the three fluid cases: wet (blue), partial sat (magenta), and CO2
sat (red) for varying aspect ratios from top to bottom: 0.01, 0.03, 0.05, and 0.1.
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Figure 71: Acoustic Impedance vs Vp/Vs crossplots vs Fracture density (color) for different
aspect ratios 0.01 (top left), 0.03 (top right), 0.05 (bottom left), and 0.1 (bottom right). This was
done for all inclusion fluid cases: wet (squares), partial sat (triangles), and CO2 sat (circles).

Elastic Inversion
Seismic amplitude inversion is the process by which seismic reflection
amplitudes are used to infer the elastic properties of the underlying rocks. Recall
the forward convolutional model as described in Chapter 2. In that case, the input
to the model was the reflectivity series. However, normal-incidence reflectivity is
a function of the acoustic impedance of the rocks above and below an interface
and can be calculated as follows:
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!=

!"! − !"! Δ!"
=
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where AI1 is the acoustic impedance of the upper layer, AI2 is the acoustic
impedance of the lower layer, and R is the reflection coefficient at their interface.
For small contrasts (Peterson et al., 1955), the reflection coefficient can be
approximated by:
1
!"!
1
1
! ≈ ln
= ln !"! − ln!(!"! )
2
!"!
2
2
This equation shows a linear relationship between the reflection
coefficient, R, and the logarithm of the acoustic impedance of the rocks above
and below. This can now be written in matrix form:
!" = !
Time shifts

ln(AI)

Reflectivity

Time (s)

∙

=

Figure 72: Schematic description of convolution as a multiplication of acoustic impedance
with a Toeplitz matrix composed of time-shifted difference filters.

where D is a difference operator, a is half the logarithm of acoustic impedance,
and r is the output reflectivity. Given that
!" = !
then,
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! !" = !" = !
where L is the linear operator that relates the acoustic impedance vector with the
seismic amplitude vector. As before, this operator is nearly singular and therefore
cannot be simply inverted. However, in this case, the solution need not be
sparse. For this reason, one can use a traditional regularization term that
represents an initial acoustic impedance model, a0, to minimize the L2-L2
problem:
!"#[! !!!"# − !

!

+ !! !!"# − !!

!

]

The initial impedance model is commonly referred to as the low-frequency
model since its main purpose is to provide low-frequency information that is not
contained in the seismic data. This problem can be solved efficiently using a
conjugate-gradient algorithm by iteratively perturbing the initial model and
minimizing the objective function above to obtain the acoustic impedance of the
underlying rocks. This is called impedance inversion.
To obtain further information about the rocks’ elastic properties, one must
exploit the variation of amplitude with incident angle in what is called Amplitude
versus Offset analysis (AVO). Zoeppritz (1919) derived equations for the
reflection coefficients at non-normal incident angles as highly nonlinear and
coupled functions of P-wave velocity, S-wave velocity, and density of the
underlying rocks. These equations were used by Koefoed (1955) to meticulously
model the reflection coefficients at different angles in various scenarios of rocks
having contrasting velocities and Poisson’s ratios. Based on the intuition gained
by his modeling exercise, Koefoed (1955) proposed that that these plots of
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angle-dependent reflection coefficients could be used to distinguish lithologies in
the subsurface. Richards and Frasier (1976) proposed a linearization of the
Zoeppritz equations, which separated terms relating to each model parameter
and provided a way to invert angle-dependent P-wave amplitude data to obtain
the underlying rock properties. As per Russell (2014), this equation is as follows:
! ! = !!!" + !!!" + !!!
where:
!!" =

Δ!!
2!!

!!" =

Δ!!
2!!

!! =

Δρ
2ρ

and
! = 1 + tan! (!)
! = −8!sin! (!)
! = 1 − 4!sin! (!)
!!
!=
!!

!

This equation is now known as the Aki and Richards equation due to its
popularization in the book by the same authors (1980).
Smith and Gidlow (1987), and later generalized by Fatti et al. (1994),
proposed a further simplification to the Aki and Richards equation by
incorporating density into the first two terms
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! ! = !!!" + !!!" + !′!!
where:
!!" =

ΔAI
2AI

!!" =

ΔSI
2SI

but now c becomes c’:
! ! = 4!sin! ! − tan! (!)
This equation, known as Fatti’s equation, is very convenient because its
first term represents the reflection coefficient at normal incidence. This means
that the equation can be truncated to the first two terms without creating
substantial errors within the range of data that is typically available (Figure 73).
This is useful in the case that large incident angles are either not available or
unreliable, which is commonly the case.
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Reflection Coefficient

AVO Equations

Angle of Incidence (degrees)

Figure 73: Example of offset-dependent reflectivity equations. Notice that the truncated AkiRichards equation is not accurate for small angles. However, Fatti’s 2-term equation is
accurate for small angles, which is convenient.

The best-fit RAI and RSI parameters can be obtained for given reflection
coefficients at various incidence angles through the relationship:
! !!
! !!
⋮
! !!

! !!
! !!
⋮
! !!

!(!! )
!!"
!(!! )
=
!!"
⋮
! !!

This is an overdetermined system of linear equations and can be rewritten in the
form:
!" = !
and can be solved using ordinary least-squares:
! = (!! !)!! !! !
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Angle

Figure 74: AVO curve fitting on the available gathers that are really partial stacks.

For each time sample in a seismic angle gather, a vector of RAI and RSI,
can be obtained. Since both RAI and RSI are of the same form as the normal
incidence reflectivity equation, they can similarly be inverted independently using
a conjugate gradient algorithm to obtain acoustic impedance, AI, and shear
impedance, SI:
!" = !!!
!" = !!!
Since these impedances are highly correlated, it is common practice to
obtain the ratio of the two, which is the Vp/Vs ratio:
!! !"
=
!! !"
In this study, the workflow described above was applied. A low frequency
model was created for the data by interpolating acoustic impedance logs from the
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wells parallel to picked horizons and applying a low-pass filter with trapezoidal
frequencies: 0-0-8-12 Hz (Figure 76).
1

Amplitude
-1

Figure 75: Map of available seismic data showing relevant cross sections. These will be
referenced throughout this chapter.

The inversion was carried out and the acoustic and shear impedances
were recovered. The Vp/Vs ratio was calculated. Below are cross sections
through the inverted seismic data (Figures 77-78):
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Figure 76: Cross sections through the acoustic impedance low frequency model. See Figure
75 for locations.
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Figure 77: Cross sections through the inverted acoustic impedance. See figure 75 for
locations.
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The inversion was validated at the wells where the inverted impedances
were compared with those measured using sonic and density logs, both with and
without the low frequency model. The well logs were used only where they were
deemed reliable. A high-cut frequency filter was applied to the data to fairly
compare the absolute impedance inversion with log-derived impedances. A lowcut frequency filter was then applied to remove the information coming from the
low-frequency initial model, creating a relative impedance volume. This was done
to compare the quality of the impedance information obtained from the seismic
data alone.

Figure 79: Comparison of inverted elastic properties vs elastic properties measured at Well C.
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Figure 80: Comparison of inverted elastic properties vs elastic properties measured at Well B.

Figure 81: Comparison of inverted elastic properties vs elastic properties measured at Well A.
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Figure 82: Comparison of inverted elastic properties vs elastic properties measured at Well D.

The inverted impedances matched the log-derived impedances fairly well.
The Vp/Vs ratio was noisier because it was calculated as the ratio of two noisy
inputs. The final acoustic impedance and Vp/Vs values were extracted along the
Leadville horizon (Figure 83).
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Figure 83: Acoustic impedance (a) and Vp/Vs ratio (b) with the composite fault attribute. The
inverted elastic properties were extracted on the Leadville horizon.
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Figure 84: Extracted acoustic impedance (a, c) and Vp/Vps ratio (d,e) on the Leadville
horizon.

These impedance values along the Leadville horizon were used to test the
rock physics models described in the previous section.
Fault Density
The composite discontinuity attribute was used to calculate the density of
faults in a given area. A threshold of 0.2 was used, as shown in Figure 85, to
binarize the data. Magnitudes on the composite attribute below this threshold
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were considered noise while magnitudes above this were considered faults. All
faults above the threshold were given a magnitude of one and all faults below it
Composite Fault Attribute
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Figure 85: Composite fault attribute (above) and binarized fault attribute (below) showing a
cross section (red line) through each.

were given a magnitude of zero. This created a version of the composite attribute
where values were either faults or not.
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The binarized composite discontinuity attribute was then convolved with a
3D Gaussian filter with sigma value of 10 (Figure 86). This was equivalent to
calculating a distance-weighted average at each location, which generated a 3D
fault density volume (Figure 87).
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Figure 86: Gaussian filter for convolution with the binarized fault attribute. The output was the
fault density attribute.

Since this was a normal distribution, it used data from a 10-trace radius to
compute 68% of the value at the center, and data from a 20-trace radius to
compute 95% of the value at the center. This provided an intuitive value for the
lateral resolution of the resulting fault density.
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Figure 87: Final fault density attribute showing a cross section and the underlying binarized
faults.

The calculated fault density showed where large concentrations of faults
were located, for example, in the northeastern quadrant of the data. It also
showed quiet zones where the seismic data did not seem to be faulted. An
example of this was the band in the southern part of the northwestern quadrant
of the data. This large, quiet band was adjacent to the largest fault in the area,
implying that there may have been some degree of stress shielding caused by
large displacements along the main fault.
Comparison of Fault Density with Elastic Properties
The fault density attribute showed a distinct geographical pattern. As
mentioned before, there may be a link between the distribution of fault swarms
and the elastic properties of the rocks they cut. For this reason, a comparison
was made between the fault density attribute and the elastic properties derived
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from seismic AVO inversion.
Elastic properties were obtained from elastic inversion at each trace in the
seismic data. However, fault discontinuity attributes were calculated by
comparing several adjacent seismic traces at a time. Furthermore, the
computation of fault density required a reasonably large sample of traces to be
meaningful. This meant that the fault density attribute had a lower lateral
resolution than the elastic properties. Therefore, these elastic properties needed
to be smoothed laterally to match the fault density attribute.
A mask was applied around the largest faults for two reasons. The
Leadville horizon was very difficult to pick in this intensely faulted area (Figure
83). An approximation was made, but the extracted values of acoustic
impedance and Vp/Vs were highly suspect in these areas. There were even
places near these large offset faults where the Leadville formation was
completely absent, so the extracted elastic properties along the approximate
horizon did not reflect the formation. The other reason for removing the response
from these large faults was that they tended to be a consequence of large-scale
regional tectonic activity. The points of intersection of these faults with the
Leadville Limestone had more to do with the structure and composition of the
basement below than with the Leadville itself. The mask was also applied to the
fault density volume (Figure 88).
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Figure 88: Isolating the largest faults through a threshold (a), smoothing and thresholding (b)
to obtain a mask around the largest faults (c). This mask was applied to the fault density
attribute (d), acoustic impedance (e), and Vp/Vps (f).
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The values for acoustic impedance, Vp/Vs ratio, and fault density from the
edited volumes were extracted along a 10 ms window, 20 ms below the Leadville
horizon and crossplotted (Figures 89-91).
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Figure 89: Acoustic impedance vs Vp/Vs and colored by fault density attribute for the
Leadville Limestone (left). 2D histogram of the same values. (right).
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Figure 90: Acoustic impedance vs fault density attribute for the Leadville Limestone (left). 2D
histogram of the same values (right).
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Figure 91: Vp/Vs ratio vs fault density attribute for the Leadville Limestone (left). 2D histogram
of the same values (right).

The hypothesis that the presence of faults is related to the brittleness of
the rock was tested by comparing the distribution of fault density on the AI vs
Vp/Vs crossplot with the predicted distribution from the brittleness index
calculation.
The brittleness hypothesis predicts that the areas of low Vp/Vs ratio and
high acoustic impedance should have the highest concentration of faults.
However, this did not seem to be the case as most of the fault density in the
crossplot appeared where the rock had low acoustic impedance and low Vp/Vs
ratio (Figure 92).
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Figure 92: Acoustic impedance vs Vp/Vs ratio crossplots colored by Brittleness index (left)
and the measured fault density (right). The model does not seem to fit the data.

A pseudo brittleness index was directly calculated from the elastic
inversion data. Poisson’s ratio was computed directly from the Vp/Vs ratio as
follows:
!!
1 !!
!" =
2 !!
!!

!

−2
!

−1

However, Young’s modulus could not be calculated since the elastic properties
available were coupled with a density parameter to create impedances. For this
reason, it was only possible to compute a Young’s modulus scaled by a density
term as follows:
!" =

!" ! (3!" ! − 4!" ! )
!" ! − !" !
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Assuming that this density-weighted Young’s modulus was similarly related to
brittleness as described by Rickman (2008), a brittleness index was computed for
the entire volume and extracted along the Leadville horizon. This brittleness
index was crossplotted against fault density (Figure 93).

Count

Figure 93: Brittleness index vs fault density attribute for the Leadville Limestone (left). 2D
histogram of the same values (right).

The crossplot did not support the hypothesis that faults are predominantly
located in areas with high brittleness index. In fact, it may have suggested a
negative correlation between the two parameters, i.e. areas with more faults
tended to have lower brittleness index. This was interpreted as the rocks being
shattered in areas with a high concentration of faults and therefore their effective
elastic properties appeared much less stiff. This supported the second
hypothesis, that the elastic properties of the rock are dependent on the density of
faults and not the other way around.
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To further test the second hypothesis, the elastic properties from seismic
inversion were compared against the rock physics models. The assumption here
was that the fault density attribute was a proxy for fracture density at a smaller
scale than the seismic wavelength. However, the value of fault density from the
seismic attribute was not necessarily equivalent to fracture density in the
theoretical rock physics model. For this reason, a scalar was applied to the
seismic attribute data that located the cloud of points within a reasonable range
from the theoretical model. Figure 94 shows crossplots of acoustic impedance vs
Vp/Vs ratio with the measurements and the predicted moduli for the three fluid
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Figure 94: Acoustic impedance vs Vp/Vs ratio colored by fracture density showing both
predictions and measurements for all three fluid inclusion types. Models for aspect ratios: 0.01
(top left), 0.03 (top right), 0.05 (bottom left), 0.1 (bottom right).
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inclusion cases and for the four aspect ratios described before. The data on
Figure 94 is colored by the scaled fault density attribute and the models are
colored by fracture density.
The fractured medium model appeared to fit the cloud of data for aspect
ratios between 0.03 and 0.05. This implied that the presence of faults in the
seismic data was a good proxy for fracture detection and that these fractures
appeared to have a strong effect on the elastic properties of the rock. To further
test this model, the elastic properties from inversion were crossplotted with the
scaled fault density attribute, and the predictions for each scenario were plotted
as well. The scalar allowed the data to be positioned somewhat near the model
prediction. However, the fact that the same model must fit both acoustic
impedance and Vp/Vs ratio simultaneously was a test for the model validity.
Figures 95-98 are crossplots of acoustic impedance vs fracture density and
Vp/Vs ratio vs fracture density for the four aspect ratios described. Each
crossplot shows all three inclusion fluid cases.
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Count
Count

Figure 95: Scaled Fault Density vs Acoustic Impedance (above) and vs Vp/Vs ratio (below)
both predictions and measurements for all three fluid inclusion types: wet (blue circles), partial
sat (magenta triangles), and CO2 sat (red squares). Model is for aspect ratio = 0.01. The panel
on the right is a 2D histogram of the scatter.
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Figure 96: Scaled Fault Density vs Acoustic Impedance (above) and vs Vp/Vs ratio (below)
both predictions and measurements for all three fluid inclusion types: wet (blue circles), partial
sat (magenta triangles), and CO2 sat (red squares). Model is for aspect ratio = 0.03. The panel
on the right is a 2D histogram of the scatter.
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Figure 97: Scaled Fault Density vs Acoustic Impedance (above) and vs Vp/Vs ratio (below)
both predictions and measurements for all three fluid inclusion types: wet (blue circles), partial
sat (magenta triangles), and CO2 sat (red squares). Model is for aspect ratio = 0.05. The panel
on the right is a 2D histogram of the scatter.
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Figure 98: Scaled Fault Density vs Acoustic Impedance (above) and vs Vp/Vs ratio (below)
both predictions and measurements for all three fluid inclusion types: wet (blue circles), partial
sat (magenta triangles), and CO2 sat (red squares). Model is for aspect ratio = 0.1. The panel
on the right is a 2D histogram of the scatter.
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The model with aspect ratio 0.05 appeared to fit the data best. The Vp/Vs
ratio vs fracture density crossplot showed different clusters that were explained
by the different inclusion fluids. This meant that the elastic properties were not
only sensitive to the presence of fractures, but also to the elastic properties of the
fluids inside.
Assuming that the aspect ratio that best fit the data was 0.05, zones were
observed on the acoustic impedance vs Vp/Vs crossplot (Figure 94) where
fractures filled with each fluid type clustered. These zones were defined on the
acoustic impedance vs Vp/Vs ratio crossplot and mapped across the seismic
volume to see their geographical extent.
AI-Vp/Vs Crossplot Showing Zones

AI-Vp/Vs Crossplot Showing Inverted Seismic Data
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Figure 99: Acoustic Impedance vs Vp/Vs ratio crossplot showing zones that separated the
data into fractured and non-fractured groups. It also separated the data by the likelihood of
being saturated with a certain fluid type. These zones were obtained from the clusters in
Figure 94, for the model with aspect ratio = 0.05.
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Figure 100: Full map showing the distribution of zones from Figure 99 on the Leadville
horizon.
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Figure 101: Cross section A-A’ of the data colored by the zones on Figure 99. Note that these
colors only apply for the Leadville Limestone, which is immediately below the blue horizon.
The location of this cross section is shown in Figure 100
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Figure 102: Cross section of the data colored by the zones on Figure 99. Note that these
colors only apply for the Leadville Limestone, which is immediately below the blue horizon.
The location of this cross section is shown in Figure 100

The fault density map showed that the northwestern quadrant had the
largest faults but not many smaller faults. This may have been because the large
faults absorbed the majority of the strain in the area and effectively shielded the
rest of the rock. The southwestern and northeastern quadrants contained the
largest concentration of faults. The Leadville in the southwestern quadrant was
likely to be dominated by water filled fractures while it was more likely to contain
more CO2 filled fractures in the northeastern quadrant. This makes intuitive sense
as the Leadville Limestone dips towards the southwest. Cross section B (Figure
102) goes through the only part of the data with the cyan rock classification. This
was the stiffest part of the Leadville. It also corresponded with the area
containing the least amount of faults (Figure 87). This was interpreted as a very
low porosity and unfractured rock. This further supported the idea that the
presence of fractures in the Leadville caused its elastic properties to appear
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more compliant and that the brittleness of the rock was inversely correlated with
the presence of faults.
In this section, a workflow was built to simultaneously use the composite
fault attribute and the elastic properties from AVO inversion to interpret the
presence and nature of fluid filled fractures. The analysis showed that the idea
that brittleness controlled the degree of faulting was unlikely to be the case. It
was much more likely that the presence of faults was a proxy for the presence of
subseismic scale fractures and that these controlled the effective elastic
properties of the rocks.
An assumption made during the rock physics modeling step was that the
overall effect of any concentration of fractures was always isotropic. This implied
that the fractures were macroscopically randomly oriented; however, the fault
azimuth analysis showed that faults tended to cluster into swarms of consistent
strike direction. If the assumption is made that the strike of a swarm of faults is
indicative of the orientation of subseismic scale fractures, then more information
could potentially be gathered about the anisotropic nature of the fractured rocks
from an azimuthal analysis of the seismic amplitudes. However, the azimuthal
gathers were not available in this dataset, and therefore this idea was deemed
beyond the scope of this thesis.
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CHAPTER 6: CONCLUSIONS
This study has shown that bandwidth extension is an essential step in
detailed seismic interpretation. The bandwidth of this dataset was doubled
through sparse-layer inversion, effectively doubling the original resolution.
Although the process was performed on a trace-by-trace basis, correct
parameterization led to a laterally continuous result.
Different seismic discontinuity attributes were computed on the seismic
data before and after bandwidth extension. The attributes computed on the
bandwidth extended data appeared to highlight more discontinuities than those
computed on the original seismic. This implied that the vertical resolution played
a crucial role in the ability to detect lateral variations.
Comparing the different discontinuity attributes, it was clear that the
curvature attribute performed better than the others on time-slices but had very
pronounced artifacts on the vertical section. The coherence attribute clearly
delineated the larger faults but would blend nearby small faults into larger
discontinuity blobs. Also, the windowing artifacts were quite obvious on vertical
coherence sections as one could see the clear stair-step pattern. The chaos
attribute was very noisy but also delineated the more subtle faults.
A composite attribute was generated, combining bandwidth extended
seismic data, spectral decomposition, many input discontinuity attributes,
principal component analysis, and a sharpening technique. The result was a
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vastly improved fault detection attribute with no obvious artifacts. This composite
attribute was better than the conventional discontinuity attributes in time slices.
However, the vertical sections were where this composite attribute completely
outperformed the conventional ones. Its ability to suppress the windowing effect
allowed for the sharp delineation of faults with realistically complex orientations
as one would expect in such a structural regime.
The composite attribute was validated by comparing it against the seismic
data to see whether the highlighted discontinuities were indeed real and not just
an artifact of computation. Surprisingly, almost all of the discontinuities picked up
by the composite attribute appeared to be in the data and make geological
sense. The composite attribute was able to resolve subtle individual faults within
a negative flower structure that would have otherwise been interpreted all
together as a discontinuous zone. It was also able to delineate en echelon
patterns on faults that were not visible with any of the conventional attributes.
After it was verified that the strikes and dips recognized by the composite
attribute were very accurate, it was used to generate rose diagrams indicating
the dominant orientations of faults in the data. These rose diagrams showed that
clusters form in different regions with common fault orientations, potentially
providing information about the local stress field. Finally, the rose diagrams from
the composite attribute were compared to rose diagrams of fractures
encountered at certain wells.
The connection between concentration of faults and elastic properties of
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the underlying rock was investigated. Two hypotheses were proposed: (1) the
majority of faults appear where the rock is most brittle and (2) the elastic
properties of the rock are most compliant where there is a high concentration of
faults. To test this, rock physics models were generated for each possible
scenario. Rock physics templates were created in the acoustic impedance vs
Vp/Vs ratio domain for both the brittleness hypothesis and the fractured medium
hypothesis. For the fractured medium model, three inclusion properties were
used relating to full water saturation, partial saturation, and nearly full CO2
saturation. These were modeled for different aspect ratios. Elastic impedance
inversion was performed on the bandwidth extended data to obtain acoustic
impedance, shear impedance, and Vp/Vs ratio. Fault density was obtained by
binarizing the composite discontinuity attribute and convolving the result with a
Gaussian filter. A density-scaled brittleness index was calculated and compared
against the fault density data. This crossplot showed a weak negative correlation
between brittleness and fault density, implying that faults are less likely to occur
in highly brittle areas. The analogous interpretation would be that the rock stays
brittle if only a few faults cut across it.
Fault density, acoustic impedance, and Vp/Vs ratio were all compared
against the inclusion-based rock physics models. These models appear to
explain the data quite well, allowing for the interpretation of different clusters of
fractures separated on the acoustic impedance vs Vp/Vs crossplot by their
potential water saturation. These clusters were mapped across the study area
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showing an interesting pattern that was geologically consistent.
The joint interpretation of seismic attributes and rock physics quantities
from inversion was demonstrated to be very useful. By making a large effort up
front to generate a robust fault-detecting attribute, quantitative interpretation of a
traditionally qualitative attribute was made available. This, in turn, allowed for the
calibration of a rock physics model and the generation of a template to be used
while interpreting seismic inversion results. This kind of integration of multiple
seismic interpretation tools is a very powerful concept.
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