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Seismic interpretation plays a crucial role in extracting geologic information

from seismic images in order to provide a better understanding of the earth’s sub-

surface. Although there are different methods introduced in structural interpreta-

tion and stratigraphic interpretation to evaluate and predict reservoir properties, the

challenge of predicting lithological and petrophysical properties of reservoir, reveal-

ing features that appear more subtle in conventional seismic data, and automating

common interpretation tasks still remain hot topics among geophysicists. Devel-

opments in interpretation algorithms and attributes help interpreters to achieve a

better understanding of features and properties of interest, leading to a better inter-

pretation of seismic data which can dramatically reduce the possibility of dry wells

in oil and gas exploration. Therefore, there is a room for improving the accuracy

of current methods and algorithms and prompting novel ideas in the field of inter-

pretation and attributes. This dissertation consists of six main parts. In the first

part, I review the predictive painting method, which plays a fundamental role in the

proposed methods. I employ predictive painting to generate horizon cubes and to
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spread information in 3D seismic volumes by following the local structure of seismic

events. Next, I review nonlinear structure-enhancing filtering which is applied along

seismic events in order to improve lateral continuity and remove random noise. Next,

I introduce a new coordinate system and framework for seismic interpretation and

processing. The stratigraphic coordinates are aligned with horizons, and the verti-

cal direction in stratigraphic coordinates corresponds to the direction normal to the

major reflection boundaries. In the presence of dipping layers any data processing

and interpretation tasks in which the vertical direction is commonly assumed to be

normal to reflection boundaries may yield biased and inaccurate results. In contrast,

the stratigraphic coordinate system offers a local reference frame naturally oriented

to sample the unbiased seismic waveform and, hence, promises to yield more ac-

curate results. Next, I develop a novel attribute for highlighting faults and other

discontinuities. The conventional coherence measures operate on a spatial window

of neighboring traces and a temporal analysis window of samples above and below

the analysis point and can hardly cope with non-stationarity in fault information.

In contrast, the proposed method involves neither temporal nor spatial windows in

coherence computation which honors non-stationary changes of fault information and

achieves high resolution in both vertical and lateral directions. After that, I intro-

duce a novel approach to computing volumetric curvature. The key idea is to transfer

seismic image into a coordinate frame in which geometry follows the natural shape of

each reflector, therefore assigning a horizon to each point in the seismic data volume.

The proposed approach also enables multispectral curvature computation. Finally, I

introduce a new method for integration of well-log and seismic data. Different seismic

attributes can be used to interpolate rock properties between well-logs but often seis-

mic reflectors play no role in the essential task of guiding this process. In contrast,
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my proposed method honors both seismic image structures and the relationship of

seismic amplitudes or other attributes to well-log properties which provides useful

clues in the interpolation process.
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Chapter 1

Introduction

SEISMIC INTERPRETATION

Seismic interpretation can be defined broadly as the extraction of subsurface geologic

information from seismic data (Chopra, 2013). The main ingredients of seismic inter-

pretation consist of the right combination of geological and geophysical knowledge and

information, as well as a “liberal dose of imagination and enough patience” (Chopra

and Marfurt, 2013). Seismic interpretation employs seismic data along with a geo-

logic depositional and tectonic model in order to build a framework for integrating

different kinds of data and for providing an accurate reservoir model.

Seismic interpretation usually tries to separate different components of reflec-

tion seismic data including:

• Continuity of reflections indicating geologic structure.

• Variability of reflections indicating stratigraphy, fluids and reservoir fabric.

• The seismic wavelet.

• Noise and data defects of various kinds.

Understanding seismic wavelets is very important and at the same time challeng-

ing. The wavelet is produced by a source and travels in the form of a pulse of energy
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through the earth. It gets reflected and travels back to receivers at the surface. There-

fore, the wavelet carries geological information to the surface. However, interpreters

are interested in the geological information rather than wavelet itself. Differentiating

the wavelet from the geological details that it carries is crucial.

Seismic data are always contaminated with different kinds of noise includ-

ing: random noise, reflection multiples, refracted energy, and other sources of noise

introduced in data by acquisition and processing. Therefore, it is important that

interpreters know about different kinds of noise.

Following the continuity of seismic reflectors, where the impedance of layers

change and seismic energy gets reflected, shows the the structure introduced on these

interfaces by tectonic forces. Following this continuity and producing structure map

is the most basic task in seismic interpretation and refers to structural interpretation.

After spending enough time on establishing structures in seismic data, one can turn

the attention to stratigraphic interpretation. The most important component in

stratigraphic interpretation is seismic amplitude, where the most of the stratigraphic

information lies. Therefore, true amplitude is what interpreters are looking for.

For a better visibility of stratigraphic features, interpreters can use seismic

image flattening methods to undo structures. There are different methods to remove

the structure from a seismic image. By covering the structural interpretation and

stratigraphic interpretation, it is possible for interpreters to start evaluating reservoir

properties. Post-stack acoustic impedance inversion converts amplitude of seismic

data, which is an interface property and a relative measurement of changes in acoustic

impedance between two layers, into acoustic impedance which is a layer (interval)

property.
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Seismic reflection data are mainly used in oil and gas exploration. Because

the cost of drilling for hydrocarbons can be huge, interpreted seismic data provide

initial information about the well locations. When coupled with well-log data and

production data, seismic interpretation reduces dramatically the probability of dry

wells.

Figure 1.1 borrowed from Liner (2008), is a timeline outlining the development

of seismic interpretation from 1956 to 2008.

INTERPRETATION AND SEISMIC ATTRIBUTES

Seismic attributes were first introduced by Anstey (1972), and are now used widely

to predict lithological and petrophysical properties of reservoir. A seismic attribute

in reflection seismology is any measure of seismic data that helps interpreters visually

enhance or quantify features of interpretation interest that might appear more subtle

in conventional seismic data (Chopra and Marfurt, 2007). Seismic attributes can be

extracted or derived from seismic data in order to either directly identify geologic

features or reservoir properties of interest, or to let us specify the structural or de-

positional environment and, therefore, lead to a better understanding of features and

properties of interest, and therefore a better interpretation of seismic data. Seismic

attributes are a very powerful tool in seismic interpretation. They help interpreters

to better define and interpret fault systems and channels, as well as depositional

environments. They also help undo the structural deformation history better and

faster. All of the introduced attributes (Figure 1.2) are not necessarily independent

of each other. Instead, they represent different ways of presenting basic information

including: time, amplitude, frequency, and attenuation (Brown, 2004). There is no

common rule controlling how different attributes are computed or even what they
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can be. Therefore, any quantity calculated from seismic data may be considered an

attribute. During the last decades, hundreds of attributes have been invented, which

are used to bring out patterns and trends, or to predict reservoir properties such

as porosity. Figure 1.1 shows a timeliness summarizing the development of seismic

attributes and relation of seismic attributes to key advances in seismic exploration

technology. In this chapter, I provide a brief historical review of different seismic

attributes.

Bright-spot technology was born when interpreters noticed that strong isolated

reflections were not caused by hard streaks; some of those strong events unexpect-

edly happened to be gas zones. The arrival of digital recording by 1975 dramatically

improved the quality of seismic data and increased awareness about the importance

of preserving relative amplitudes. Successful arrival of digital recording lead to faster

growth of bright-spot technology in the early 1970s. Thus, the first seismic attribute

was the reflection attribute, which still is the most important attribute. Easy success

of bright-spots raised researchers expectations and led them to search for other direct

hydrocarbon indicators (DHIs). Another attribute they came up with was the ”low

frequency shadow” which can be detected as a shift to lower frequencies as a result

of seismic signal passing through a gas reservoir. They were hoping to be able to de-

rive the rock property Q from quantifying attenuation associated with low-frequency

shadows. Balch (1971) developed a system called color sonogram, to display changes

in frequency spectra of seismic events in color. At around the same time (1968-69),

Balch’s work was followed by Nigel Anstey (Anstey, 1972, 1973a,b). Anstey’s earli-

est attribute was the reflection-strength attribute, which was applied for bright-spot

analysis. Figure 1.3 shows a seismic section overlaid by Anstey’s attribute plots in

color. His color technique for displaying seismic attributes was a valuable contribu-

4



Figure 1.1: Timeline outlining the development of seismic interpretation from 1956
to 2008 (borrowed from Liner (2008)). chapter-introduction/. graph
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Figure 1.2: Timeline showing developments in seismic attributes from 1950 to 2001
(borrowed from Barnes (2001)). chapter-introduction/. attributes
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tion to seismic attributes, because overlaying attributes on seismic section can relate

stratigraphic information of the attribute to the structural information of the seismic

data directly. Anstey’s colleagues Turhan Taner, Robert Sheriff, and Fulton Koehler

followed his work. Instead of various empirical methods, they developed a rigorous

mathematical framework for attribute computation (Taner and Sheriff, 1977; Taner

et al., 1979). In this framework, the seismic trace amplitude is considered as the

real part of the complex analytical signal, and the imaginary part is calculated by

taking the Hilbert transform of the seismic trace amplitude. By 1975, Taner and

Sheriff introduced five attributes: instantaneous envelope (patterned after Anstey’s

attribute, reflection strength, which is sensitive to changes in acoustic impedance and,

as a result, to porosity, hydrocarbons, lithology, and thin-bed tuning ), instantaneous

phase (sensitive to reflector continuity, and so to unconformities, faults and lateral

changes in stratigraphy), instantaneous polarity, instantaneous frequency (useful for

discovering abnormal attenuation and thin-bed tuning), and weighted average fre-

quency. Figure 1.4 shows scanned copies of two slides that Tury Taner showed in the

famous AAPG Memoir 26 in 1977. Figure 1.4 on the left shows the results of complex

trace analysis obtained from gas-charged reservoirs and on the right it shows different

reflection characters that play a role in seismic stratigraphy interpretation.

Another important seismic attribute born during the mid 1970s, is inversion

of poststack seismic amplitude into acoustic impedance (Lavergne, 1975; Lindseth,

1979), an important rock property. Seismic-derived acoustic impedance can give sig-

nificant information about lateral changes in lithology and porosity, so this attribute

has been widely used among interpreters to extract information from seismic data

ever since.

Seismic attributes proliferated in the 1980s and included: zero-crossing fre-
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Figure 1.3: This Figure shows the most popular attribute in early 1970s, reflection
strength, overlaid on the seismic section. chapter-introduction/. anstey
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Figure 1.4: Two slides (scanned copies) shown by Tury Taner in the AAPG-sponsored
school (mid 1970s and 1980s) on seismic startigraphy. Left shows the results of com-
plex trace analysis obtained from gas-charged reservoirs and on the right one shows
different reflection characters that in seismic stratigraphy interpretation. Picture from
Chopra and Marfurt (2007). chapter-introduction/. tanerslide

quency, perigram, cosine of the phase, dominant frequency, cosine of the phase, dom-

inant frequency, average amplitude, homogeneity, and many other attributes. Lack of

a clear geologic importance in these newly introduced attributes led to several studies

focused on relating complex-trace seismic attributes to Fourier spectral averages in

order to extract some useful clues about wavelet properties. These studies led to

the response attribute (Robertson and Nogami, 1984; Bodine, 1971). Some research

also started on seismic pattern recognition, or so-called ” multi-attribute analysis”

(Sonneland, 1983; Conticini, 1984; Justice et al., 1985).

By the middle 1980s, several two-dimensional continuity and dip attributes

(Conticini, 1984; Scheuer and Oldenburg, 1988; Vossler, 1989) came out. These at-

tributes did not get a lot of attention because of the amount of artifacts in 2D surveys

from out-of-plane reflections, which made results subjective. With the development

of 3-D seismic exploration during the late 1980s and early 1990s, horizon attributes
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(Dalley et al., 1989), interval attributes (Sonneland et al., 1989; Bahorich and Bridges,

1992), and attributes extracted along a horizon from a volume were introduced.

Adopting 3D technology by the industry in the 1990s breathed new life into

seismic attributes. Dip and azimuth maps and amplitude extraction were introduced

(Rijks and Jauffred, 1991). Now continuity was called discontinuity and took the

exploration world by storm (Bahorich and Farmer, 1995). This enabled interpreters

to see, without any interpretation bias, remarkable detail and stratigraphic features

they were not able to see before.

Spectral balancing of seismic data was used by seismic processors in the middle

1970s. In the middle of 1990s, Greg Partyka took this to the next level by noticing

lateral changes in frequency content as a result of changes in lithology and layer

thickness. His short-window discrete Fourier transform (SWDFT) became known

as spectral decomposition (Partyka et al., 1997). Ever since, research on different

approaches of spectral decomposition continues actively (Castagna et al., 2003).

Between late 1980s and 1990s, multi-attribute analysis started and was moving

forward slowly. White (1991) introduced crossplotting of attributes which visually

relates two or three attributes. In order to classify different set of attributes as

maps or volumes, clustering algorithms were used. Eventually neural networks took

over different other classification methods (Russell et al., 1997; Addy, 1997; Groot,

1999; Walls et al., 1999). The newly introduced supervised clustering algorithms

combine seismic and non-seismic information in their calculation which increases their

prediction power.

With the increased interest in fractures and availability of 3D seismic data,

curvature maps became popular. Although the exact connection between open frac-
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tures, paleostructure, and present-day stress is not completely clear, the structural

geology connection between curvature and fractures has been demonstrated (Lisle,

1994).

HORIZON CUBE

The advent of horizon cubes (Figure 1.5) has influenced all aspects of seismic inter-

pretation and has enabled interpreters to obtain more and more geologic information

out of the seismic data. In conventional interpretation workflows, a limited number

of key horizons can be mapped. Horizon cubes break this limitation and provide a

wide range of significant improvements (Figure 1.6) including: (1) superior quantita-

tive rock property estimation, (2) easy detection of stratigraphic traps, and (3) more

accurate low frequency model building and more robust and detailed geologic models

(de Groot et al., 2010). There are different methods for generating a horizon cube

(Stark, 2004; de Groot et al., 2010; Lomask et al., 2006; Fomel, 2010; Parks, 2010;

Karimi and Fomel, 2015). In all of these algorithms, there are two main steps. In

the first step, local spatially-variable inline and crossline slopes of seismic events are

calculated. Next, the continuous slope-field is used to extract horizons from seismic

image. Picking horizons in noisy data, and nonexistence of consistent horizons in the

zone of interest in 3D seismic data volumes are the main roadblocks in horizon-based

attributes. Having the continuous set of seismic horizons enables interpreters to com-

pute attributes that used to be computed only along a specific horizon, volumetrically,

which is a significant advancement in the field of attributes. The advent of volumetric

estimation of attributes has exploited different attributes to their fullest potential by

overcoming the limitations of horizon-based attributes and has helped interpreters to

visualize geologic features that might be hidden in the horizon-based attributes.
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Figure 1.5: A dense set of autotracked horizons in a horizon cube. Figure from
de Groot et al. (2010) chapter-introduction/. horizoncube
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Figure 1.6: The workflow for creation of a horizon cube and its application. Figure
from de Groot et al. (2010) chapter-introduction/. horizoncube1
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VOLUMETRIC DIP

We can define a planar element of a seismic reflector mathematically by a point

x = (x, y, z), and a unit normal to the surface, n = (nx, ny, nz), where nx, ny, and

nz define the vector components along the x, y, and z axes, respectively (Figure

1.7). The apparent seismic dips, p and q, in the inline direction and in the crossline

direction and can be expressed respectively by:

p = 2 tan θx/ν, (1.1)

q = 2 tan θy/ν, (1.2)

where θx is the angle measured in the vertical plane (x, z) from the x-axis to the

interface, and similarly θy is the angle measured in the vertical plane (y, z) from

the y-axis to the interface. Also ν is the locally constant velocity. In geology, the

definition for dip has no sign, which mathematically is called dip magnitude. Also

dips are always measured downward from the horizontal plane to the surface. There

are different ways of computing volumetric dip from uninterpreted seismic data. Here

I will briefly review some of these methods.

Slope calculation using complex-trace analysis

Calculation of dip based on 3D extension of complex-trace attributes is de-

scribed by Barnes (1996) and Luo et al. (2002). The derivation starts with instanta-

neous frequency, ω (Taner et al., 1979):

ω(t, x, y) =
∂Φ

∂t
=

∂

∂t
ATAN2(uH , u) =

u∂u
H

∂t
− uH ∂u

∂t

(u)2 + (uH)2
(1.3)

Here Φ is the instantaneous phase, u(t, x, y) is the seismic data, uH(t, x, y) is the

Hilbert transform of the input seismic data with respect to time (t), and ATAN2
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Figure 1.7: Terminologies used in defining reflector dip. n = unit vector normal to
the surface; a = unit vector dip along the surface; θ = dip magnitude; Ψ = strike;
θx = apparent dip in xz plane; and θy = apparent dip in xy plane. Figure borrowed

from Chopra and Marfurt (2007). chapter-introduction/. dip-definition
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defines the arctangent function. In the next step, the the instantaneous wavenumber

kx

kx(t, x, y) =
∂Φ

∂x
=
u∂u

H

∂x
− uH ∂u

∂x

(u)2 + (uH)2
(1.4)

and ky

ky(t, x, y) =
∂Φ

∂y
=
u∂u

H

∂y
− uH ∂u

∂y

(u)2 + (uH)2
(1.5)

are calculated. Then, the instantaneous time dip (p, q) is defined by

p =
kx
ω

(1.6)

and

p =
ky
ω

(1.7)

If the input seismic data is in the depth domain rather than in time we have kz rather

than ω:

kz(z, x, y) =
∂Φ

∂z
=
u∂u

H

∂z
− uH ∂u

∂z

(u)2 + (uH)2
(1.8)

with uH being the Hilbert transform of the input data with respect to depth (z). The

dip magnitude is calculated from the apparent dip in the xz plane (θx) and in the yz

plane (θy):

θx = tan−1(
kx
kz

), (1.9)

θy = tan−1(
ky
kz

), (1.10)

θ = tan−1[(
(k2
x + k2

y)
1/2

kz
]. (1.11)

Figure 1.8 shows a vertical slice and a horizontal slice through a seismic data obtained

over a salt dome. Figure 1.9 shows the instantaneous dip magnitude computed using

equation 1.11.
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Figure 1.8: A vertical slice and a horizontal slice through a 3D seismic im-
age over a salt dome. Figure borrowed from Chopra and Marfurt (2007).

chapter-introduction/. dip-complex

Figure 1.9: Vertical and horizontal slices corresponding to the slices shown in Figure
1.8 but this time through instantaneous dip magnitude, given by equation 1.11. Figure
borrowed from Chopra and Marfurt (2007). chapter-introduction/. dip-complex-1
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Slope calculation using discrete scans

In order to estimate reflector dip in a more robust way Marfurt et al. (1998)

extended the semblance scanning method of Finn (1986) to 3D, as follows:

cs(θx, θy) =

KE∑
k=KS

{[ 1

J

J∑
j=1

uj(k∆t− p∆xj − q∆yj)]2 + [
1

J

J∑
j=1

uHj (k∆t− p∆xj − q∆yj)]2}

KE∑
k=KS

{ 1

J

J∑
j=1

[uj(k∆t− p∆xj − q∆yj)]2 +
1

J

J∑
j=1

[uHj (k∆t− p∆xj − q∆yj)]2}.

(1.12)

Here p and q are defined by equations 1.1 and 1.2, xj and yj are the coordinates of the

jth trace corresponding to the analysis point, J is the total number of traces present

in the analysis window, and Ks and Ke correspond to the first and last temporal

sample in the analysis window respectively.

Slope calculation using the gradient structure tensor

This method introduced by Bakker et al. (1999) and Hoecker and Fehmers

(2002) is based on the gradient structure tensor (GST). In this method, in a small

analysis window a direction that has the most variation is estimated. If there is

a constant-amplitude planar reflection in the analysis window, that direction corre-

sponds to the direction normal to the plane and there would be two other axes that

are normal to the axis with greatest variation. By adjusting one of these two axes to

be aligned with the direction of the least variation, the remaining axis is normal to the

other two axes. These three axes are the principle axes. The first step in this method

is to measure variability of the waveform along each of the Cartesian axes, ∂u
∂x
, ∂u
∂y
, ∂u
∂z

.

In the next step an analysis window is defined (Marfurt et al., 1998; Barnes, 2000).

If there is a flat plane in the analysis window, the values of ∂u
∂z

corresponding to each

point in the analysis window would be the same as the ones laterally next to it. On
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the other hand, if there is a vertical plane, a reflector normal to the x axis, the value of

∂u
∂x

should be the same as the values above and below it. Each triplet of ∂u
∂x
, ∂u
∂y
, and∂u

∂z

is called a sample vector of the space being analyzed. Each triplet that is present in

the analysis window should be compared with all the other triplets that are present

in the same window, in order to extract a consistent trend. This can be done by a

simple crosscorrelation, which results in the following covariance matrix:

TGS =
1

J(2K + 1)



+K∑
k=−K

J∑
j=1

∂ujk
∂x

∂ujk
∂x

+K∑
k=−K

J∑
j=1

∂ujk
∂y

∂ujk
∂x

+K∑
k=−K

J∑
j=1

∂ujk
∂z

∂ujk
∂x

+K∑
k=−K

J∑
j=1

∂ujk
∂x

∂ujk
∂y

+K∑
k=−K

J∑
j=1

∂ujk
∂y

∂ujk
∂y

+K∑
k=−K

J∑
j=1

∂ujk
∂z

∂ujk
∂y

+K∑
k=−K

J∑
j=1

∂ujk
∂x

∂ujk
∂z

+K∑
k=−K

J∑
j=1

∂ujk
∂y

∂ujk
∂z

+K∑
k=−K

J∑
j=1

∂ujk
∂z

∂ujk
∂z


(1.13)

There are ±K samples and J traces in each analysis window. The covariance matrix,

TGS, is called the gradient structure tensor.

Regardless of the method that we use for slope estimation, when seismic events

cross over faults and other kinds of discontinuities, they fail to estimate true dips.

Such errors in estimating slope across faults are sometimes used as edge detectors (Luo

et al., 1996). I will discuss this topic in more details in Chapter 3 of this dissertation,

where I discuss methods for highlighting faults and stratigraphic features in seismic

data.

COHERENCE

The coherence attribute is a tool to measure similarity between waveforms or traces

(Chopra and Marfurt, 2007). Strongly coherent seismic waveforms are indicative

of laterally continuous lithologies, whereas sharp changes in seismic waveforms may
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indicate faults and discontinuities in the sediments. The result of coherence can

be used for providing better interpretation insights to accurately map stratigraphic

features, such as channels and faults.

Crosscorrelation based coherence

In traditional methods used for coherence estimation, there is a spatial win-

dow of neighboring traces involved. The crosscorrelation algorithm works with three

neighboring traces. By sliding the target trace for a range of lags , tx, and by defining

the vertical window to range between ±K samples above and below the analysis point

at time t, the normalized crosscorrelation coefficient p can be written as:

ρx(t, τ) =

+K∑
k=−K

{[u0(t+ ∆t)− µ0(t)][u1(t+ k∆t− τx)− µ1(t− τx)]}√√√√{ +K∑
k=−K

{[u0(t+ ∆t)− µ0(t)]2
+K∑

k=−K
[u1(t+ k∆t− τx)− µ1(t− τx)]}

(1.14)

where

< un > (t) =
1

2K + 1

+K∑
k=−K

[un(t+ ∆t)] (1.15)

is the running window mean of the nth trace. Then the normalized crosscorrelation

coefficient should be calculated between the target trace and the crossline neighboring

traces as follows:

ρy(t, τ) =

+K∑
k=−K

{[u0(t+ ∆t)− µ0(t)][u1(t+ k∆t− τy)− µ1(t− τy)]}√√√√{ +K∑
k=−K

{[u0(t+ ∆t)− µ0(t)]2
+K∑

k=−K
[u1(t+ k∆t− τy)− µ1(t− τy)]}

(1.16)

Bahorich and Farmer (1995) introduced the 3D crosscorrelation based coher-

ence, cxc, using the normalized inline crosscorrelation coefficients (equation 1.14) and
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crossline coefficients (equation 1.16) and combining them as follows:

cxc ≡
√

[maxτxρx(t, τx, xi, yi)][maxτyρy(t, τy, xi, yi)], (1.17)

Here [maxτxρx(t, τx, xi, yi) and maxτyρy(t, τy, xi, yi) are crosscorrelation values at lags

τx and τy, respectively, for which ρx and ρy are maxima.

Semblance based coherence

In the semblance based approach for computing coherence, a 3D analysis win-

dow should be defined. Also a dip and azimuth should be defined for each point in

the data volume. This dip can be estimated through different methods explained in

the previous section, or using semblance-driven dip scan introduced by Marfurt et al.

(1999). By defining the analysis window to contain J traces around the analysis

point, the semblance σ(t, p, q) can be defined as the ratio of the energy of the average

trace to the average energy of all the traces along a specified dip:

σ(t, p, q) ≡
[ 1
J

J∑
j=1

uj(t− pxj − qyi)]2

1
J

J∑
j=1

{[uj(t− pxj − qyi)]2}
, (1.18)

where j denotes the jth trace falling in the analysis window, yj and xj are the x and

y distances of the jth trace from the center of the analysis window.

Eigenstructure based coherence

The eigenstructure algorithm decides which wavelet best represents the wave-

form variability in an analysis window and then scales this wavelet to fit each input

trace in order to produce the most coherent component of the data within the analysis

window. Eigenstructure coherence is defined as the ratio of the energy of the coherent
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component of the data to the energy of the original traces. In the first step, a suite

of sample vectors should be extracted from the data. One sample vector exist that

corresponds to a suite of time-interpolated data samples, for each value of k ranging

between +K and −K, which falls into the vertical analysis window and is extracted

parallel to a plane defined by apparent dips p and q. Each extracted sample vector

makes a row in the data matrix. In the next step, each column of the data matrix,

which corresponds to a shifted window of each seismic trace, gets crosscorrelated with

itself and with other columns to form a covariance matrix. Each component of the

covariance matrix (Cij) is defined by

Cij(t, p, q) =
+K∑

k=−K
[ui(t+k∆t−pxi−qyi)− < u(t, p, q) >][uj(t+k∆t−pxj−qyj)− < u(t, p, q) >]

(1.19)

where < u(t, p, q) > is the mean of each windowed trace. After computing covariance

matrix C, the next step is to decompose it into eigen values and eigenvectors as

follows:

Cv(m) = λmv
(m) (1.20)

here v(m) is the mth eigenvector and λm corresponds to mth eigenvalue. For a J × J

covariance matrix, there are J independent eigenvectors, where J is the number of

traces in in the spatial analysis window. The first eigenvector is most representative of

the data in the analysis window, the eigenstructure coherence estimate (Gersztenkorn

and Marfurt, 1999) uses only the first eigen-value

ce ≡
λ1

J∑
j=1

Cjj

, (1.21)

where J is the number of traces in the analysis window. The denominator in equation

1.21 represents the energy of all traces and the nominator shows the energy of the

first eigenvector v1.
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Curvature

Since Lisle (1994) has shown the correlation of curvature to fractures measured

on an outcrop, curvature has been accepted and used widely in predicting fractures

from seismic data. Curvature is a second derivative of the two-way travel time. In

2D, it is defined as the radius of a circle tangent to a curve. Anticlines are defined as

having positive curvature, synclines as having negative curvature, and straight lines

as having zero curvature. In other words, those parts of a curve with constant dip

exhibit zero curvature (Figure 1.10). In 3D two circles are needed to fit tangent to

a surface to define curvature. These two circles always exist in orthogonal planes,

and their centers lie along an axis which is normal to a plane tangent to the surface.

Therefore, curvature is independent of bulk rotation and translations of the reflector,

and is just a geometric measure of reflector shape.

Figure 1.10: The definition of 2D curvature, k2D, using folded volcanic strata in Perito
Moreno Lake, Argentina. Red arrows shows normal to picked horizon (in yellow).
Synclinal features have negative curvature, and anticlinal features positive curvature.
Planar (dipping or horizontal) features have zero curvature. Figure modified from

Dalley et al. (2001) chapter-introduction/. curvature-in
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Mathematical basis of curvature

In order to define curvature mathematically, a quadratic surface, z(x, y), of

the form

z(x, y) = ax2 + cxy + by2 + dx+ ey + f, (1.22)

is fitted to an interpreted horizon Dalley et al. (2001). According to the terminology

and equation used by Dalley et al. (2001), the mean curvature, kmean, is estimated

by

kmean = [a(1 + e2) + b(1 + d2)− cde]/(1 + d2 + e2)3/2, (1.23)

the Gaussian curvature, kGauss by

kGauss = (4ab− c2)/(1 + d2 + e2)
2
, (1.24)

and the principal curvatures by

k1 = kmean + (kmean
2 − kGauss)

1/2
, (1.25)

k2 = kmean − (kmean
2 − kGauss)

1/2
. (1.26)

Relationship between curvature and fractures

Although we know that fractures occur when brittle rocks bend, the relation-

ship between open fractures and curvature measures can be complicated and depends

on different factors, such as lithology, previous faults and fractures, the paleostress

regime, pore pressures, and the present day stress regime. Many authors have shown

the correlation of fractures and reflector curvature (Lisle, 1994; Hart et al., 2002;

Sigismondi and Soldo, 2003; Hart and Sagan, 2005). Although a large amount of

geologic unraveling and calibration through production data is needed to be able to

directly predict open fractures from curvature measures, curvature maps can be a

powerful tool in structural and stratigraphic interpretation.
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Volumetric curvature

By using volumetric estimates of reflector slop (p = ∂z
∂x
, q = ∂z

∂y
), it is possible

to calculate volumetric curvature. By evaluating the first and second derivatives of

equation 1.22 at x = y = 0, coefficients a, b, c, d, ande can be calculated as follows:

a =
1

2

∂p

∂x
, (1.27)

b =
1

2

∂q

∂y
, (1.28)

b =
1

2
(
∂q

∂x
+
∂p

∂y
), (1.29)

d = p, (1.30)

e = q. (1.31)

Different curvature measures can be calculated volumetrically using these coefficients

(Al-Dossary and Marfurt, 2006).

Multispectral estimates of volumetric curvature

Geologic structures usually show curvature of different wavelengths. Figure

1.11 shows a zoomed-in portion of a seismic image, including four black circles with

different radii (500, 250, and 50m respectively) for estimating the curvature of reflec-

tors in the image. Curvature maps for a range of wavelengths can capture curvature

at different scales (Al-Dossary and Marfurt, 2006). For example, short-wavelength

curvature may represent intense but highly localized fracture systems, while, long-

wavelength curvature may correspond to a more even and wider distribution of frac-

tures.
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Figure 1.11: A vertical section through a seismic image from the Forth
Worth Basin, Texas, U. S. A., showing different radii of curvatures
(500, 250, and 50m). Figure borrowed from Chopra and Marfurt (2007)

chapter-introduction/. multispectral-dissertation
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STATEMENT OF THE PROBLEM AND RESEARCH
OBJECTIVES

• Spectral decomposition is a window-based analysis to characterize the reflect-

ing wavelet of an interpretation target and refers to any method that produces

a continuous time-frequency analysis of a seismic trace (Partyka and Lopez,

1999). According to the convolutional model, seismic traces are considered as

normal-incidence 1D seismograms, which is true in the case of horizontal layers

and allows for capturing the signal wavelet while performing spectral decompo-

sition along the seismic trace. However, when the subsurface exhibits dipping

layers, the convolutional model no longer holds true, and sampling the seismic

waveform vertically instead of perpendicularly to reflectors introduces a dip-

dependent stretch that will carry over to any frequency estimation or spectral

decomposition. Acoustic impedance inversion involves conversion of seismic

traces to a reflection coefficient time series, and then into acoustic impedance.

The usual assumption for the transformation of post-stack seismic data into

impedance is that seismic traces can be modeled using the simple convolutional

model. According to the convolutional model, a seismic trace is a normal-

incidence record, which is an assumption that is strictly true only if the earth

structure is composed of horizontal layers. In the presence of dipping layers,

such an assumption is violated, which introduces bias in the result of impedance

inversion. Therefore, In certain seismic data processing and interpretation tasks

such as the examples mentioned above, it is commonly assumed that the ver-

tical direction is normal to reflectors. This assumption is false in the case of

dipping layers and may therefore lead to inaccurate results. To address and

to overcome this limitation, I propose a coordinate system in which geometry
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follows the shape of each reflector and the vertical direction corresponds to nor-

mal reflectivity. Another problem that can be solved through transformation

of the seismic image into the proposed coordinate system, is in seismic image

flattening. Flattened seismic images facilitate the interpreter’s ability to ex-

tract detailed stratigraphic information from the seismic data. Conventionally,

seismic image flattening is performed by shifting samples in the original image

up or down - in other words, differentially stretching and squeezing the original

image in order to flatten the reflection events. Complex tectonic deformations

expressed in faults and folds cannot in general be undone by a simple vertical

stretch and squeeze operator. In contrast, I claim the transformation to the

proposed coordinate system allows for complex displacements, which can better

capture and thus undo non-trivial tectonic deformations.

• Detection and interpretation of fault systems and stratigraphic features and

the relationship between them are crucial for seismic interpretation and reser-

voir characterization. A variety of attributes have been introduced as auto-

matic discontinuity identifiers, most of which are based, directly or indirectly,

on identification of the local orientation of seismic horizons (Gersztenkorn and

Marfurt, 1999; Marfurt et al., 1999; Randen et al., 2001; Bakker, 2002; Gibson

et al., 2003). These methods measure the degree of discontinuity along coherent

events in sliding windows. However, they do not always have optimal resolution

in detecting local non-stationary changes of discontinuity information. In order

to be able to cope with non-stationarity in fault information, I propose a new

attribute that detects faults and other discontinuities while handling local non-

stationary variations across them. In my attribute neither temporal nor spatial

windows are involved in coherence computation which allows us to honor non-
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stationary changes of fault information and to achieve high resolution in both

vertical and lateral directions.

• Successful use of curvature attributes in the prediction of faults, fractures, and

other stratigraphic features has proven curvature to be a powerful tool. The

advent of volumetric estimation of curvature has exploited the curvature at-

tribute to its fullest potential by overcoming the limitations of horizon based

attributes. As an alternative to the conventional way of computing volumetric

curvature, I offer two alternative strategies. The key idea is to transfer the seis-

mic image into a coordinate frame in which geometry follows the natural shape

of each reflector. I employ predictive painting (Fomel,2010) in computing re-

flector shapes. Using predictive painting for automatic extraction of horizons

has the advantage of both conceptual simplicity and computational efficiency.

Then assigning a picked reflector surface to each point in the seismic data vol-

ume becomes manageable without further need for interpreted horizons. This

computation can be used to transfer seismic data into two different coordinate

systems that follow from predictive painting. The adopted curvature equations

are defined in these two coordinate systems to compute curvature at each point

in the volume. The proposed approach also enables multispectral curvature

computation and capturing of curvatures at different scales.

• Integration of well-log data and seismic data in a way which allows well data

to constrain seismic inversion and, on the other hand, uses seismic data for

interpolating well logs, is an essential and challenging task in reservoir char-

acterization. In general the methods for predicting well-log properties from

seismic data can be classified into two main categories.The first category is seis-

mic inversion which has been described and investigated by numerous authors
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(Lindseth, 1976; Cooke and Schneider, 1983; Oldenburg et al., 1983; Chi et al.,

1984). The second category for combining seismic data and well logs is by using

seismic data to spatially interpolate and extrapolate well logs. All of the meth-

ods that fall into these two categories are reasonable ways to combine seismic

data and well log data. However, in the former category, seismic reflectors play

no role in the essential task of guiding the spatial distribution of rock properties.

On the other hand, in the latter category seismic amplitude is not involved in

estimating and predicting rock properties between wells and simply uses seismic

image structure to guide interpolation of well logs. I propose an approach that

honors both seismic image structures and the relationship of seismic amplitude

to well-log properties to gain useful clues in the interpolation process.

The objective of this work is to develop a novel framework for seismic interpretation,

and to develop new algorithms and to prompt novel ideas in the field of interpretation

and attributes.

THESIS OUTLINE

This dissertation consists of six chapters:

Chapter 1 : Introduction

Chapter 2 : Predictive painting

Predictive painting algorithm plays a key role throughout this dissertation. The

methods that I propose in the following chapters use predictive painting for

extracting and applying structural patterns. In this chapter, I briefly review

plane-wave destruction and predictive painting algorithms.
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Chapter 3 : Structure Enhancement

In this chapter, I review nonlinear structure-enhancing filter, the method that

I use for structure-enhancing of seismic images before I use them to test my

proposed algorithms in the following chapters.

Chapter 4 : Stratigraphic Coordinates, a Coordinate System Tailored to Seismic

Interpretation

In this chapter I propose a coordinate system in which geometry follows the

natural shape of each reflector and the vertical direction corresponds to normal

reflectivity. This coordinate system will serve as a novel framework for seismic

interpretation. I then illustrate applications of the stratigraphic coordinate

system to seismic image flattening, spectral decomposition, and seismic-derived

acoustic impedance using synthetic and field data examples.

Chapter 5 : Predictive Coherence

In this chapter, I propose an attribute which is capable of identifying highly

localized non-stationary changes in information across the discontinuity. I show

that results from this attribute exhibit higher vertical and lateral resolution and

less noise compared to the conventional coherence attributes.

Chapter 6 : Computing Volumetric-curvature Attributes using Predictive Painting

In this chapter, I offer two alternative strategies for computing volumetric cur-

vature that employ predictive painting in computing reflector shapes. Using

predictive painting for automatic extraction of horizons has the advantage of

both conceptual simplicity and computational efficiency. The main idea is to

transfer seismic image into a coordinate frame in which geometry follows the
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natural shape of each reflector, therefore assigning a horizon to each point in

the seismic data volume is tractable.

Chapter 8 : Conclusions

I start each chapter by first giving a more specific introduction. Next, I pro-

vide details on theoretical derivations and numerical implementations. I then

demonstrate applications of the proposed methods by several examples, includ-

ing the common synthetic dataset. Each chapter is finally concluded with some

discussion on limitations and possible future extensions.

32



Chapter 2

Predictive painting

INTRODUCTION

The predictive painting algorithm introduced by Fomel (2010) plays a key role through-

out this dissertation. I employ the predictive painting method to generate horizon

cubes and to spread information in 3D seismic volumes by following the local structure

of seismic events. There are two main steps in the predictive painting algorithm: (1)

the plane-wave-destruction method (Claerbout, 1992; Fomel, 2002) is used to estimate

slopes of seismic events in inline and crossline directions, (2) information is spread

from a reference trace into the seismic volume according to the structural patterns de-

scribed by the local slopes. The methods that I propose in the following chapters use

predictive painting for extracting and applying structural patterns. In this chapter,

I briefly review plane-wave destruction and predictive painting algorithms.

PLANE-WAVE -DESTRUCTION METHOD

If we view seismic data as collections of traces, we can predict one trace from the

other by following local slopes of seismic events. Such a prediction is a key operation

in the method of plane-wave destruction (Fomel, 2002). In fact, it is the minimization

of prediction error that provides a criterion for estimating local slopes (Claerbout,

1992). Following the physical model of local plane waves, Claerbout (1992) defines

the mathematical basis of plane-wave destruction filters via the local plane differential
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equation

∂P

∂x
+ σ

∂P

∂t
= 0 , (2.1)

where P (t, x) is the wave field, and σ is the local slope, which may also depend on t

and x. In the case of a constant slope, equation 2.1 has the simple general solution

P (t, x) = f(t− σx) , (2.2)

where f(t) is an arbitrary waveform. Therefore, equation 2.2 is nothing more than a

mathematical description of a plane wave.

If we assume that the slope σ does not depend on t, we can also transform

equation 2.1 to the frequency domain, where it takes the form of the ordinary differ-

ential equation

dP̂

dx
+ iω σ P̂ = 0 (2.3)

and has the general solution

P̂ (x) = P̂ (0) eiω σx , (2.4)

where P̂ is the Fourier transform of P . The complex exponential term in equation 2.4

simply represents a time shift of a seismic-trace according to the slope σ and the trace

separation x.

In the frequency domain, the operator for transforming the trace x− 1 to the

neighboring trace x is a multiplication by eiω σ. In other words, a plane wave can be

perfectly predicted by a two-term prediction-error filter in the F -X domain:

a0 P̂ (x) + a1 P̂ (x− 1) = 0 , (2.5)

where a0 = 1 and a1 = −eiω σ. The goal of predicting several plane waves can be

accomplished by cascading several two-term filters. In fact, any F -X prediction-error
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filter represented in the Z-transform notation as

A(Zx) = 1 + a1Zx + a2Z
2
x + · · ·+ aNZ

N
x (2.6)

can be factored into a product of two-term filters:

A(Zx) =
(

1− Zx
Z1

)(
1− Zx

Z2

)
· · ·

(
1− Zx

ZN

)
, (2.7)

where Z1, Z2, . . . , ZN are the zeroes of polynomial 2.6. According to equation 2.5, the

phase of each zero corresponds to the slope of a local plane wave multiplied by the

frequency. Zeroes that are not on the unit circle carry an additional amplitude gain

not included in equation 2.3. In order to incorporate time-varying slopes, we need

to return to the time domain and look for an appropriate analog of the phase-shift

operator 2.4 and the plane-prediction filter 2.5. An important property of plane-

wave propagation across different traces is that the total energy of the propagating

wave stays invariant throughout the process: the energy of the wave at one trace is

completely transmitted to the next trace. This property is assured in the frequency-

domain solution 2.4 by the fact that the spectrum of the complex exponential eiω σ

is equal to one. In the time domain, we can reach an equivalent effect by using an

all-pass digital filter. In the Z-transform notation, convolution with an all-pass filter

takes the form

P̂x+1(Zt) = P̂x(Zt)
B(Zt)

B(1/Zt)
, (2.8)

where P̂x(Zt) denotes the Z-transform of the corresponding trace, and the ratio

B(Zt)/B(1/Zt) is an all-pass digital filter approximating the time-shift operator eiωσ.

In finite-difference terms, equation 2.8 represents an implicit finite-difference scheme

for solving equation 2.1 with the initial conditions at a constant x. The coefficients of

filter B(Zt) can be determined, for example, by fitting the filter frequency response at

35



low frequencies to the response of the phase-shift operator. This leads to a version of

Thiran’s maximally-flat all-pass fractional-delay filters (Thiran, 1971; Välimäki and

Laakso, 2001).

Taking both dimensions into consideration, equation 2.8 transforms to the

prediction equation analogous to equation 2.5 with the 2-D prediction filter

A(Zt, Zx) = 1− Zx
B(Zt)

B(1/Zt)
. (2.9)

In order to characterize several plane waves, we can cascade several filters of the

form 2.9 in a manner similar to that of equation 2.7. A modified version of the filter

A(Zt, Zx), namely the filter

C(Zt, Zx) = A(Zt, Zx)B(1/Zt) = B(1/Zt)− ZxB(Zt) , (2.10)

avoids the need for polynomial division. In case of a 3-point filter B(Zt), the 2-D

filter in equation 2.10 has exactly six coefficients. It consists of two columns, each

column having three coefficients and the second column being a reversed copy of the

first one.

PREDICTIVE PAINTING

By writing the plane-wave destruction operation in equation 2.1 in the linear operator

notation, we have

r = Ds, (2.11)

where s is a seismic section as a collection of traces
(
s = [s1s2 . . . sN ]T

)
, r is the

destruction residual, and D is the destruction operator, defined as

D =


P1,2 I 0 . . . 0

0 −P2,3 I . . . 0
. . . . . . . . . . . . . . .
0 0 . . . −PN−1,N I

 . (2.12)
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I is the identity operator, and Pi,j is an operator that predicts trace j from trace i.

By minimizing the prediction residual r using least-squares optimization and smooth

regularization, the dominant slopes will be obtained. For 3D structure characteri-

zation, a pair of inline and crossline slopes, σx(t, x, y) and σy(t, x, y), and a pair of

destruction operators, Dx and Dy, are required. The prediction of trace sk from

reference trace sr can be defined as Pr,ksr, where

Pr,k = Pk−1,k . . .Pr+1,r+2Pr,r+1. (2.13)

This is a simple recursion, and Pr,k is called the predictive-painting operator. After

obtaining elementary prediction operators in equation 2.12 by plane-wave destruction,

predictive painting spreads the information contained in a seed trace to its neighbors

by following the local slope of seismic events. In order to be able to paint all events

in the seismic volume, one can use multiple references and average painting values

extrapolated from different reference traces because one reference trace is not nec-

essarily structurally connected to all events present in the seismic volume. In 3D

in order to find an optimal path that the reference trace should follow to paint its

neighbors, a version of Dijkstra’s algorithm (Dijkstra, 1959) is used.

FIELD-DATA EXAMPLE

I use a 3-D data volume from Netherlands, North Sea (Figure 2.1) from the Opend-

Tect repository as the input for illustrating the predictive painting algorithm. The

upper 1200 ms of this data set is composed of clastic sediments of Miocene through

Pleistocene age. A major fluviodeltaic system that drained extensive parts of the

Baltic Sea region, generated the large-scale sigmoidal bedding which can be clearly

seen. The deltaic package consists of shale and sand, with an overall high porosity.
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The most striking feature that can be seen in this package, is the large-scale sigmoidal

bedding, with downlap, toplap, onlap, and truncation structures. The seismic facies

that can be distinguished are: transparent, chaotic, linear, and shingles. The shingle

facies at the base of the clino-forms represents sandy turbidites and the chaotics rep-

resent slumped deposits. Figure 2.2 and Figure 2.3 show slope estimation in inline

and crossline direction by the plane-wave destruction algorithm. Figure 2.4 shows

painting of equal-relative-age horizons displayed on top of the original image. The

result shows that predictive painting is able to paint and pick structural features in

the seismic image.

CONCLUSIONS

In this chapter, I reviewed plane-wave destruction and predictive painting methods.

Plane wave destruction is based on prediction of each trace in the seismic volume from

its inline and crossline neighbors. It predicts each trace from its neighbor and sub-

tracts the prediction from the original trace to estimate optimal slope by minimizing

the prediction error. Predictive painting algorithm extracts the prediction operators

from the plane-wave destruction method and uses them to spread information inside

the seismic volume recursively. As mentioned in Chapter 1, there are several alter-

native methods for extracting seismic horizon automatically and generating horizon

cube. I chose predictive painting because of its simplicity and efficiency.
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Figure 2.1: Seismic image from the Dutch sector of the North Sea. The
most striking feature that can be seen in this package, is the large-scale
sigmoidal bedding, with downlap, toplap, onlap, and truncation structures.
chapter-predictive/netherlands cube-d2
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Figure 2.2: Inline estimated slopes of the Figure 2.1 by plane-wave destruction oper-
ator. chapter-predictive/netherlands dip1-d2
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Figure 2.3: Crossline estimated slopes of the Figure 2.1 by plane-wave destruction
operator. chapter-predictive/netherlands dip2-d2
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Figure 2.4: Predictive painting and automatic picking of horizons in Figure 2.1.
chapter-predictive/netherlands wcont-d2
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Chapter 3

Structure enhancement

INTRODUCTION

Both random and coherent noise are present in almost all field seismic data. Although

an experienced interpreter may not be affected by this problem, autotrackers may be

affected and produce poor results. In order to improve the result of autotrackers

and interpretation, structural information should be preserved and enhanced while

random noise gets attenuated. A family of tools exists which can be applied along

seismic events in order to improve lateral continuity and remove random noise. This

approach is called structure-oriented filtering (Chopra and Marfurt, 2007). Differ-

entiating between the dip azimuth of the reflector and that of the overlying noise,

is the main principal in structure-oriented filtering. After estimating local slopes of

seismic events, the filter is applied to enhance signal along the reflector. The most

popular approaches are mean filter (stacking), median filter, and α-trimmed-mean fil-

ter. Throughout this dissertation I use nonlinear structure-enhancing filtering based

on plane-wave prediction, which combines structure prediction with similarity-mean

filtering (Liu et al., 2010). I chose this filter because, in comparison with more tradi-

tional structure-oriented filters, it keeps a balance between random noise attenuation

and protecting structural information and discontinuity (fault) information. In this

chapter, I explain the method that I use for structure-enhancing of seismic images

before I use them to test my proposed algorithms in the following chapters.
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STRUCTURE PREDICTION

Structure-enhancing filtering takes a similar approach as in the predictive painting

algorithm (Fomel, 2010), which is described in Chapter 2, to recursively predict each

trace from its neighbors according to the local slope. The prediction steps lead to

an additional axis, which corresponds to k in equation 2.13, in the input seismic

data, and generates the predictive data volume. The constructed predictive volume

should be flat along the prediction axis thank to the ability of plane-wave destruction

in following the seismic events. However, faults can cause discontinuities along this

axis. In the next step, in order to process the data along the prediction axis, a

Gaussian similarity-mean filter is applied (Liu et al., 2010).

GAUSSIAN SIMILARITY-MEAN FILTER

The similarity-mean filter is introduced by Liu et al. (2009) which is a nonlinear

filter that uses local correlation coefficients as desired weight coefficients. Here I

briefly review this method following (Liu et al., 2010). Fomel (2007a) defined local

similarity to measure correlation not globally across a data window but locally in the

neighborhood of each point. The global correlation coefficient between two different

signals a(t) and b(t) can be defined as follows:

γ =
〈a(t), b(t)〉√

〈a(t), a(t)〉〈b(t), b(t)〉
, (3.1)

where 〈x(t), y(t)〉 shows dot product between two signals

〈x(t), y(t)〉 =
∫
x(t)y(t)dt . (3.2)

According to linear algebra notation, the squared correlation coefficient γ in
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equation 3.1 can be expressed as a product of two least-squares inverses

γ2 = γ1γ2 , (3.3)

γ1 = (aTa)−1(aTb) , (3.4)

γ2 = (bTb)−1(bTa) , (3.5)

where a is a vector notation for a(t), b is a vector notation for b(t), and xTy shows

the dot product operation defined in equation 3.2. Localizing equations 3.4 and 3.5

amounts to adding regularization to inversion. Scalars γ1 and γ2 turn into vectors c1

and c2 defined, using shaping regularization (Fomel, 2007b)

c1 = [λ2I + S(ATA− λ2I)]−1SATb , (3.6)

c2 = [λ2I + S(BTB− λ2I)]−1SBTa , (3.7)

where A is a diagonal operator composed of the elements of a and B is a diagonal

operator composed of the elements of b, and λ scaling controls the relative scaling of

operators A and B. Finally, local similarity measure can be defined as follows:

c =
√
cT1 c2. (3.8)

For using time-dependent smooth weights in the stacking process, the local similarity

amplitude can be chosen as a weight for stacking seismic data. We thus stack only

those parts of the predicted data whose similarity to the reference one is comparatively

large (Liu et al., 2009). After calculating local similarity coefficients between the

reference data and the predicted one at each prediction step, the elements with the

shortest prediction distance would have the largest weight, because they are the most

similar to the original data. Tapering is used for prediction, which means that the

predicted amplitudes from the leftmost and rightmost sides are zero and so is the

45



similarity coefficient on the corners of the weight cube. In the weighted mean filter,

the stronger the similarity between the original data and predicted data, the larger

the weight coefficients get. On top of that, a Gaussian weight is used to localize the

smoothing characteristics of the filter

wi = e−h
2
i /h

2
r , (3.9)

where hi is the distance to trace i and hr is the reference parameter that controls the

shape of the weight function. This construction is analogous to bilateral or non-local

filtering (Tomasi and Manduchi, 1998; Gilboa and Osher, 2008). The predictive data

volume gets stacked along the prediction axis after applying a product of Gaussian

and similarity weights. Figure 3.1 shows a schematic illustration of the nonlinear

structure-enhancing filter.
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Figure 3.1: Schematic illustration of the proposed workflow (reproduced from Liu

et al. (2010). chapter-enhancement/. nonlinear

FIELD DATA

A 2D vertical section of a seismic image from Netherland is used as the first field-data

test. The 2D vertical section is shown in Figure 3.2(a). Figure 3.2(b) shows local
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slopes estimated by plane wave destruction. The length of the prediction axis is 15 (7

prediction from left and 7 from right), that with the addition of the original section

makes the predictive data volume (Figure 3.2(c)). Then I use the similarity-mean

filter to choose samples from the prediction data volume in the best way. In order to

calculate local similarity weights between the predicted data and the original data,

I use a shaping operator with smoothing radius of 10 samples in time. Estimated

similarity coefficients are shown in Figure 3.3(a). The largest weights are related to

the elements with the shortest prediction step because they are able to produce the

most accurate predictions. Figure 3.3(b) shows the product of similarity weights and

Gaussian weights. Then I apply the Gaussian similarity weights on the prediction

data volume (Figure 3.3(d)), and stack the data along the prediction axis. The result

is shown in Figure 3.4(a). For comparison and showing the effect of parameter choice

in the final result, I applied a much larger smoothing radius in the shaping operator

for calculating local similarity coefficients. The result is shown in Figure 3.4(b). I also

kept the smoothing radius the same as Figure 3.4(b) and also increased hr in equation

3.9 which controls the shape of Gaussian weight function. The result is shown in

Figure 3.4(c). For further discussion, I show the difference between the original

section (Figure 3.2(a)) and structure enhancing results with the Gaussian similarity-

mean filter with reasonable smoothing radius and reference parameter (hr), large

smoothing radius, and large smoothing radius and reference parameter (hr) (Figure

3.5(a), 3.5(b), and 3.5(c) respectively). I kept the same scale of magnitude and

plotting clips in theses three figures. By comparing Figure 3.5(a), 3.5(b), and 3.5(c),

we can conclude that by increasing the smoothing radius and reference parameter

(hr), fault and discontinuity information gets destroyed, however the coherent events

are protected in either of results. Extension of the structure-enhancing filtering to 3D
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follows the 3D predictive painting algorithm (Fomel, 2010). I use 3D data set used in

the following example from the F3 Block in the Dutch sector of the North Sea (Figure

3.6) to further illustrate the structure enhancing filter. The large-scale sigmoidal

bedding which is the most striking feature and can be seen clearly, was generated by

a major fluviodeltaic system that drained extensive parts of the Baltic Sea region.

Figures 3.7 and 3.8 show the inline and crossline dips measured automatically from

the image using plane-wave destruction. Then I use the estimated local slopes and the

predictive painting operator predict each trace from its neighbors recursively. I chose

2 prediction-step distances in different directions all around the reference trace for a

total of 24 prediction traces, which, with the addition of the original trace, effectively

generated a 4-D data volume that was then reduced back to 3D. Figure 3.9 shows

the result of nonlinear structure-enhancing filtering. Figure 3.10 shows the difference

section between the original 3D data (Figure 3.6) and the structure enhancing result

using Gaussian similarity-mean filtering. The result demonstrates that the method

can protect useful information and enhance structural information while eliminating

noise

CONCLUSIONS

In this chapter, I reviewed nonlinear structure-enhancing filters, which combine struc-

ture prediction and similarity-mean filter (signal-enhancing filter), to keep the balance

between enhancing structural information while eliminating noise. I apply nonlinear

structure-enhancing filters on all the seismic images used in this thesis methods. I

chose this filter as the nonlinear structure-oriented filter because , the additional

parameters involved in this filter allow for optimally preserving structural and dis-

continuity information in the image while attenuating random noise.
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(a) (b)

(c)

Figure 3.2: (a) 2D field data from Netherlands, local slopes estimated from Figure
3.2(a) (b), and predictive data volume, where every trace is supplemented with pre-

dictions from its neighbors (c). chapter-enhancement/netherlands sec,ndip,rcube
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(a) (b)

(c) (d)

Figure 3.3: Similarity weights (a), product of Gaussian weights and
similarity weights (b), the data only with similarity weights ap-
plied (c), and the data with Gaussian similarity weights applied (d).

chapter-enhancement/netherlands rweight,rweight1,pwdatacube,wdatacube
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(a) (b)

(c)

Figure 3.4: (a) 2D field data from Netherlands, local slopes esti-
mated from Figure 3.2(a) (b), and predictive data volume, where ev-
ery trace is supplemented with predictions from its neighbors (c).

chapter-enhancement/netherlands rgsimilarstack,rgsimilarstack-1,rgsimilarstack-2
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(a) (b)

(c)

Figure 3.5: Difference between Figure 3.2(a) and structure enhancing results (Figure
3.4). Gaussian similarity-mean filter with reasonable smoothing radius and refer-
ence parameter (hr) (a), large smoothing radius (b), and large smoothing radius and

reference parameter (hr) (c). chapter-enhancement/netherlands dif,dif1,dif2
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Figure 3.6: Seismic image from Netherlands. chapter-enhancement/netherlands cube-c-e
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Figure 3.7: Inline estimated slopes in the Figure 3.6 by plane-wave destruction op-
erator. Blue colors are indicative of negative slope; red colors, positive slope.Seismic
image from Netherlands. chapter-enhancement/netherlands dip1-c-e
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Figure 3.8: Crossline estimated slopes in the Figure 3.6 by plane-wave destruction
operator. Blue colors are indicative of negative slope; red colors, positive slope.
chapter-enhancement/netherlands dip2-c-e
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Figure 3.9: Structure enhancing result using similarity-mean filtering.
chapter-enhancement/netherlands stack-c-e
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Figure 3.10: difference between original seismic image in Figure 3.6 and structure-
enhancing result in Figure 3.9. chapter-enhancement/netherlands diff-c-e
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Chapter 4

Stratigraphic coordinates, a coordinate system tailored to
seismic interpretation

INTRODUCTION

In certain seismic data processing and interpretation tasks, such as spiking deconvo-

lution, tuning analysis, impedance inversion, spectral decomposition, etc., it is com-

monly assumed that the vertical direction is normal to reflectors. This assumption

does not hold true in the case of dipping layers and may therefore lead to inaccurate

results (Guo and Marfurt, 2010). Mallet (2004) defined a mathematical framework,

called GeoChron, for transforming the geologic space into a new space in which all

horizons appear flat, and faults, if any, disappear. In this chapter, I propose the

stratigraphic coordinate system, in which geometry follows the shape of each reflector

and the vertical direction corresponds to normal reflectivity .

Flattening post-stack seismic data is an immediate use of the proposed coor-

dinate system. Flattened seismic images facilitate the interpreter’s ability to extract

detailed stratigraphic information from the seismic data. In interpretational appli-

cations, several different algorithms for image flattening have been developed by dif-

ferent authors. The idea of seismic image flattening by extracting stratal slices was

Parts of this chapter were published in P. Karimi and S. Fomel, 2015, Stratigraphic coordinates,
a coordinate system tailored to seismic interpretation: Geophysical Prospecting, doi 10.1111/1365-
2478.12224 and in P. Karimi, 2015, Structure-constrained relative acoustic impedance using strati-
graphic coordinates: Geophysics, 80, no. 3, A63-A67. This work started in 2010 and was then done
under the supervision of Fomel.
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introduced by Zeng et al. (1998). Automatic picking of horizons using local shifts was

studied by Bienati and Spagnolini (1999) and Stark (2005). Lomask et al. (2006) and

Parks (2010) presented inversion methods in which horizons are calculated on the ba-

sis of local slopes and are then used to flatten seismic events. Fomel (2010) proposed

the method of predictive painting that uses the prediction operators extracted by

plane-wave destruction to spread information inside the seismic volume recursively.

Conventionally, seismic image flattening is performed by shifting samples in the

original image up or down - in other words, differentially stretching and squeezing the

original image in order to flatten the reflection events. Luo and Hale (2013) proposed

a method for image flattening that uses the vector shift field instead of the scalar field

of vertical shifts to define deformations in the image. Flattening by vector shift uses

either vertical shear or rotation or a combination of the two, depending on the type

of geologic deformation.

The stratigraphic coordinate system, introduced in this chapter, represents a

new framework for seismic interpretation and processing. To construct stratigraphic

coordinates, I combine predictive painting with an upwind finite-difference scheme

(Franklin and Harris, 2001) for solving relevant gradient equations. The stratigraphic

coordinate system is semi-orthogonal; i.e., picked horizons that are level sets of the

first axis are orthogonal to the other two axes. In other words, stratigraphic coordi-

nates are aligned with horizons, and the vertical direction in stratigraphic coordinates

corresponds to the direction normal to the major reflection boundaries. Application

of the stratigraphic coordinate system is not limited to seismic image flattening and

may be extended to many data processing and interpretation tasks in which the ver-

tical direction is commonly assumed to be normal to reflection boundaries: a crude

assumption in all structures but flat geology. In the following sections, I start by
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describing a constructive algorithm for generating stratigraphic coordinates. I then

illustrate applications of the stratigraphic coordinate system to seismic image flatten-

ing, spectral decomposition, and seismic-derived acoustic impedance using synthetic

and field data examples.

THEORY

In order to define the first step for transformation to stratigraphic coordinates, I fol-

low the predictive-painting algorithm (Fomel, 2010), which is reviewed in Chapter

2. Predictive painting spreads the time values along a reference trace into the seis-

mic volume to output the relative geologic age attribute (Z0(x, y, z)). The painted

horizons output by predictive painting are used as the first axis of our stratigraphic

coordinate system. Several alternative methods exist to track horizons automatically

in a seismic volume and produce horizon cubes (Hoyes and Cheret, 2011; Wolak et al.,

2013). I choose predictive painting because of its simplicity and efficiency.

In the next step, I find the two other axes, X0 (x, y, z) and Y0 (x, y, z), or-

thogonal to the first axis, Z0 (x, y, z), by numerically solving the following gradient

equations:

∇Z0 · ∇X0 = 0 (4.1)

and

∇Z0 · ∇Y0 = 0. (4.2)

Equations 4.1 and 4.2 simply state that the X0 and Y0 axes should be perpendicular

to Z0. We can define the boundary condition for the first gradient equation (equation

4.1) as

X0 (x, y, 0) = x (4.3)
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and the boundary condition for equation 4.2 as

Y0 (x, y, 0) = y. (4.4)

These two boundary conditions mean that the stratigraphic coordinate system and

the regular coordinate system (x, y, z) become equivalent at the surface (z = 0).

The stratigraphic coordinates are originally designed for depth images. When

applied to time-domain images, the definition of the gradient operator becomes

∇ =

(
∂

∂x
,
∂

∂y
,
∂

∂z

∂z

∂t

)
, (4.5)

so a scaling factor with dimensions of velocity-squared is needed in equations 4.1 and

4.2.

Algorithm

In summary, my algorithm for transferring seismic images from the regular

Cartesian coordinate system into the stratigraphic coordinate system consists of the

following steps:

1. Extract the first axis of the stratigraphic coordinate system Z0 (x, y, z) from

seismic image P (x, y, z) by predictive painting;

2. Start with X0 at (z = 0) as an initial value and solve equation 4.1 with

boundary condition 4.3 numerically for X0;

3. Start with Y0 at (z = 0) as an initial value and solve equation 4.2 with

boundary condition 4.4 numerically for Y0.

I solve equations 4.1 and 4.2 numerically with an explicit upwind finite-difference

scheme (Franklin and Harris, 2001; Li and Fomel, 2013).
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EXAMPLES OF STRATIGRAPHIC COORDINATES

For a simple illustration of stratigraphic coordinates, I use a 2D synthetic seismic

image from Claerbout (2006), which contains layers with sinusoidal dip variations,

faulted and truncated by an unconformity, and dipping beds with constant slope

above the unconformity (Figure 4.1(a)). Figure 4.1(b) shows local slopes measured

by plane-wave destruction and delineates the slope field variation. Figure 4.2(a) shows

automatically picked horizons obtained by the predictive-painting algorithm. After

solving the gradient equation 4.1, I acquire the other axis of the stratigraphic co-

ordinate system (Figure 4.2(b)). Figure 4.3(a) shows the stratigraphic coordinates

grid overlain on the regular Cartesian coordinates of the seismic image. Complex

tectonic deformations expressed in faults and folds cannot in general be undone by

a simple vertical stretch and squeeze operator. In contrast, the transformation to

stratigraphic coordinates allows for complex displacements, which can better capture

and thus undo non-trivial tectonic deformations. Arrows in Figure 4.3(b) show the

amount and direction of shift that it takes for different samples to be transformed

from their original position in the seismic image to their corresponding positions in

the flattened image through the stratigraphic coordinates algorithm. For compari-

son, arrows in Figure 4.3(c) represent how different samples shift under conventional

flattening methods. The seismic image gets flattened when the data from the reg-

ular coordinate system are transferred to stratigraphic coordinates. The result is

shown in Figure 4.4(a). Apart from the structural (fault) and stratigraphic (erosional

truncation) discontinuities, the input image is successfully flattened. Figure 4.4(b)

shows that by returning from stratigraphic coordinates to regular coordinates, one

can reconstruct the features of the original image effectively.
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Figure 4.5(a) shows the input image for a field-data test reproduced from Lo-

mask et al. (2006) and Fomel (2010). The input is a depth-migrated 3-D image with

structural folding and angular unconformities. The three axes of the stratigraphic

coordinates are shown in Figure 4.6. Figure 4.11(b) displays the image in the regular

Cartesian coordinates overlain by its stratigraphic coordinates grid. The flattened

image in the stratigraphic coordinate system, shown in Figure 4.7(b), can be trans-

ferred back to the regular Cartesian coordinates to reconstruct the original image

(Figure 4.7(c)).

(a) (b)

Figure 4.1: (a) Synthetic seismic image from Claerbout (2006). (b) Local slopes

measured by plane-wave destruction. strat-coord/sigmoid1 sigmoid,sdip

APPLICATIONS OF STRATIGRAPHIC COORDINATE
SYSTEM

Spectral decomposition

Improving the accuracy of spectral decomposition is one of the possible appli-

cations of the stratigraphic coordinate system. Spectral decomposition is a window-

based analysis to characterize the reflecting wavelet of an interpretation target and
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(a) (b)

Figure 4.2: (a) First axis (Z0) of stratigraphic coordinates in the regular co-
ordinates obtained by predictive painting. (b) Second axis (X0) of the strati-
graphic coordinate system acquired by solving the gradient equation (equation 4.1).

strat-coord/sigmoid1 t0sig,x0sig

refers to any method that produces a continuous time-frequency analysis of a seismic

trace (Partyka et al., 1997). According to the convolutional model, seismic traces are

considered as normal-incidence 1D seismograms, which is true in the case of horizontal

layers and allows for capturing the signal wavelet while performing spectral decompo-

sition along the seismic trace. However, when the subsurface exhibits dipping layers,

the convolutional model no longer holds true, and sampling the seismic waveform

vertically instead of perpendicularly to reflectors introduces a dip-dependent stretch

that will carry over to any frequency estimation or spectral decomposition. Guo and

Marfurt (2010) proposed to solve this problem by sampling the signal wavelet along

the ray-path on which the wavelet travels. Because this path is normal to reflectors,

I implement the same idea by employing the stratigraphic coordinate system, which

honors the convolutional model and can capture and analyze seismic waveforms per-

pendicularly to seismic reflectors. Figure 4.8 shows Gulf of Mexico data reproduced
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(a) (b)

(c)

Figure 4.3: (a) Two axes of the stratigraphic coordinate system relative to the regular
coordinate system. The synthetic image with corresponding shift represented by
red arrows through using stratigraphic coordinates (b) and conventional flattening

methods (c). strat-coord/sigmoid1 sigmoid-t0sigx0sig,shift,shift0
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(a) (b)

Figure 4.4: (a) Synthetic image from Figure 4.1(a) flattened by transferring the
image to the stratigraphic coordinate system. (b) Unflattened synthetic image
reconstruction by returning from stratigraphic coordinates to regular coordinates.
strat-coord/sigmoid1 sigmoid2,sigmoid1

from Lomask et al. (2006) and Liu et al. (2011) that contain a salt dome and horizons

that dip steeply on the flank of the dome because of the salt piercement. Following

Liu et al. (2011) I calculated the spectral decomposition of the data in the Carte-

sian coordinate system. Figure 4.9 shows horizon slices from spectral decomposition

calculated in the Cartesian coordinate system at different frequencies because depo-

sitional elements of different thicknesses tune it at different frequencies. Figure 4.10

also shows the same horizon slices as Figure 4.9, but this time from spectral decom-

position calculated in the stratigraphic coordinate system. Compared with horizon

slices in Figure 4.9, those from spectral decomposition calculated in the stratigraphic

coordinate system better highlight detailed geologic features such as sand channels.

That is because in the stratigraphic coordinates seismic horizons get flattened and the

vertical direction corresponds to the normal direction to reflectors. We can therefore

analyze the unbiased seismic wavefrom and achieve a more accurate spectral decom-
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(a) (b)

(c)

Figure 4.5: (a) North Sea image from Lomask et al. (2006) and its
inline (b) and cross-line (c) slopes estimated by plane-wave destruction.

strat-coord/three-d win,wdip1,wdip2
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(a) (b)

(c)

Figure 4.6: (a) First axis (Z0), (b) second axis (X0), and (c)
third axis (Y0) of stratigraphic coordinates in the North Sea image.

strat-coord/three-d t0real1,x0real1,y0real2
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(a) (b)

(c)

Figure 4.7: (a) Three axes of stratigraphic coordinates of Figure 4.5(a) plot-
ted as a grid in their Cartesian coordinates. (b) North Sea image after flatten-
ing (transferring image to stratigraphic coordinates). (c) North Sea image re-
construction by returning from stratigraphic coordinates to regular coordinates.
strat-coord/three-d coord,win1,win2
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position result. Indeed, because seismic reflectors appear flat in the stratigraphic

coordinate system, (vertical) trace analysis methods such as spectral decomposition

probe the unbiased seismic waveform and thus yield more accurate measurements

and attributes. Conversely, methods such as post-stack seismic inversion, spiking

deconvolution, tuning analysis, etc., usually assume that layers are flat and might

therefore lead interpreters to incur errors in the presence of dips. The same methods,

just like spectral decomposition, may benefit from being applied in the stratigraphic

coordinate system and thereby produce results unbiased by structural dip.

Structure-constrained acoustic impedance

Acoustic impedance inversion involves conversion of seismic traces to a reflec-

tion coefficient time series, and then into acoustic impedance (Lavergne and Willim,

1977; Lindseth, 1979). These impedance traces can enhance accuracy of interpreta-

tion and correlation with properties measured in well logs. Duboz et al. (1998) and

Latimer and Riel (2000), among others, point out the advantages of impedance data

over conventional seismic: acoustic impedance is a rock property and a product of

velocity and density, both of which can be measured at well locations. Seismic reflec-

tion, in contrast, is an interface property and a relative measurement of changes in

acoustic impedance between layers. Therefore, having the data in layers, rather than

at interfaces, improves visualization, including both layering and vertical resolution.

In addition, the elimination of wavelet side-lobes and false stratigraphic-like effects

makes sequence-stratigraphic analysis easier. Acoustic impedance has been shown

to be correlated with lithology (Pendrel and van Riel, 1997), porosity (Brown, 1996;

Burge and Neff, 1998), and other fundamental rock properties.

Although seismic-derived acoustic impedance is a powerful tool in many as-
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Figure 4.8: Seismic image from Gulf of Mexico. (a) Time slice. (b) Inline section. (c)

Cross-line section. strat-coord/spec-decom chev
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(a) (b)

(c) (d)

Figure 4.9: Horizon slices from spectral decomposition at (a) 10 Hz,
(b) 20 Hz, (c) 30 Hz, and (d) 40 Hz in Cartesian coordinate system.

strat-coord/spec-decom slice-310,slice-320,slice-330,slice-340
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(a) (b)

(c) (d)

Figure 4.10: Horizon slices from spectral decomposition at (a) 10 Hz, (b)
20 Hz, (c) 30 Hz, and (d) 40 Hz in stratigraphic coordinate system.
The 30 Hz slice most clearly displays visible channel features (red arrows).

strat-coord/spec-decom slice-110,slice-120,slice-130-new,slice-140
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pects mentioned above, it is trace-based, which can cause errors in the presence of

dipping layers. According to the convolutional model, seismic traces are considered

normal-incidence 1D seismograms, which is strictly true only in the case of horizontal

layers. When the subsurface exhibits dipping layers, the convolutional model will no

longer hold true, because the seismic waveform will be sampled vertically instead of

normally to the reflector (Guo and Marfurt, 2010), introducing a possible bias in the

acoustic-impedance result.

I propose to approach this problem and improve the accuracy of impedance

estimates by employing the stratigraphic coordinate system (Karimi and Fomel, 2015)

for impedance inversion. In stratigraphic coordinates, the vertical direction stays

normal to reflectors (Mallet, 2014), conforming to the assumption of the convolutional

model. Inversion of post-stack seismic data into acoustic impedance is a classic trace-

based process (Russell and Hampson, 1991). The usual assumption behind post-stack

inversion methods is that a seismic trace in a stacked section satisfies the convolutional

equation, which can be written as

st = rt ∗ wt, (4.6)

where st is the seismic trace, rt is the earth’s normal incidence reflectivity, and wt is

the seismic wavelet. According to equation 4.6, by deconvolving the seismic wavelet,

one can acquire the earth’s normal incidence reflectivity, which, in turn, is related to

acoustic impedance through the recursive equation (Lindseth, 1979)

Zt+1 = Zt

[
1 + rt
1− rt

]
. (4.7)

In practice, when the subsurface shows dipping layers, the convolutional model no

longer holds true. Neither will the equation that relates earth’s normal-incidence
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reflectivity to acoustic impedance (equation 4.7), because seismic traces in this case

cannot be considered as simple 1D normal-incidence seismograms. In order to im-

prove the accuracy of seismic-derived acoustic impedance, I propose to employ the

stratigraphic coordinate system (Karimi and Fomel, 2015), in which the convolu-

tional model assumption is more accurate. I use a 3D field data volume from Heidrun

Field in the Halten Terrace area, offshore Mid-Norway (Moscardelli et al., 2013) to

test the proposed approach (Figure 4.11(a)). Heidrun field is located in Halten Ter-

race area which is a rotate rifted block and is on the eastern shoulder of the Greater

Vøring Basin. The eastern boundary of the Vøring Basin is defined by Nordland High

and the Trøndelag Platform and the strikeslip Jan Mayen Lineament is the south-

ern boundary. Geology of the study area has been affected by several rifting events

which includes Triassic rift sequences and Jurassic rift phase. During the Triassic,

the Heidrun Field consisted of a broad sedimentary basin with minor faulting. In the

Early Jurassic faulting increased and formed a horstandgraben system with northease

trend. These rifting events (intense extensional tectonism) ended in the Late Jurassic

and Early Cretaceous. I begin by estimating local slopes of seismic events through the

data volume using plane-wave destruction. After that, I apply the predictive painting

algorithm to obtain the first axis of the stratigraphic coordinates. The two other axes

are found by solving gradient equations 4.1 and 4.2. Figure 4.11(b) shows the image

in the Cartesian coordinate system, overlain by its stratigraphic coordinates grid.

Figure 4.11(c) shows the image in the stratigraphic coordinate system, where major

reflectors appear nearly flat, and Figure 4.11(d) displays the image reconstruction

by returning from stratigraphic coordinates to Cartesian coordinates. I use model-

based inversion (Russell and Hampson, 1991; Cooke and Schneider, 1983) to extract

acoustic impedance information from the seismic image. Because of the band-limited
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nature of seismic data, low-frequency variations are extracted from the well data, and

then added back to the seismic data in order to obtain a proper broad-band result.

Model-based inversion starts with a low-frequency model of P -impedance and per-

turbs this model until the derived synthetic section from the application of equations

4.6 and 4.7 best fits the actual seismic data. In the model-based inversion, extraction

of the seismic wavelet is necessary. Figure 4.12 shows the extracted wavelet from

the seismic image in the Cartesian coordinates, Figure 4.12(a) is the time response,

and Figure 4.12(b) is the frequency response of the seismic wavelet. Figure 4.13

shows the extracted wavelet from the seismic image in the stratigraphic coordinate

system. Figure 4.14 shows the average frequency spectrum of the data set in the

Cartesian coordinates (solid blue curve) and in the stratigraphic coordinates (dashed

red curve). Figure 4.15(a) is a zoomed-in part of the image, and Figure 4.15(b) is

the impedance results obtained from inversion in the Cartesian coordinates. Figure

4.15(c) shows the impedance inversion result acquired in the stratigraphic coordi-

nate system and transferred back to Cartesian coordinate system to provide a better

comparison. Comparing the impedance acquired from inversion in the conventional

Cartesian coordinates (Figures 4.15(b)) with the result obtained from inversion in

the stratigraphic coordinates (Figures 4.15(c)) shows that result from inversion in

stratigraphic coordinates (Figures 4.15(c)) appears to be more consistent with the

geological structure and also more detailed. Interfaces are noticeably better defined

and laterally more continuous. This improved accuracy result because, in the strati-

graphic coordinates, layers get flattened and the vertical direction corresponds to the

normal direction to reflectors, and therefore allows for a more accurate analysis of the

earth’s normal incidence reflectivity and its impedance.
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(a) (b)

(c) (d)

Figure 4.11: (a) 3D field data from Heidrun. (b) Three axes of stratigraphic coor-
dinates of Figure 4.11(a) plotted as grid in their Cartesian coordinates. (c) Heidrun
image after flattening by transferring the image to stratigraphic coordinates. (d) Hei-
drun image reconstruction by returning from stratigraphic coordinates to Cartesian
coordinates. strat-coord/../iinversion/heidrun stack4,coord,hcubee,hcubeee
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(a) (b)

Figure 4.12: Extracted wavelet from the seismic data in Figure 4.11(a) in the
Cartesian coordinates, (a) is the time response and (b) is the frequency response.

strat-coord/. t-car-full,f-car-full

(a) (b)

Figure 4.13: Extracted wavelet from the seismic data in Figure 4.11(c) in the strati-
graphic coordinates, (a) is the time response and (b) is the frequency response.

strat-coord/. t-st-full,f-st-full
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Figure 4.14: Average data frequency spectrum in the Cartesian coordinate system
(solid blue curve) and in the stratigraphic coordinate system (dashed red curve).

strat-coord/../iinversion/heidrun spec

DISCUSSION AND CONCLUSIONS

I have introduced the stratigraphic coordinate system, a novel framework for seismic

interpretation. My algorithm for constructing the stratigraphic coordinate system

consists of two steps. In the first step, I use predictive painting to produce an implicit

horizon volume that defines the first axis of the stratigraphic coordinates, aligned

with reflection boundaries (seismic horizons). I obtain the remaining two axes of

the stratigraphic coordinate system by solving the relevant gradient equations using

an upwind finite-difference scheme. Seismic image flattening is an immediate appli-

cation of stratigraphic coordinates. Other possible applications include post-stack

impedance inversion, tuning analysis, spiking deconvolution, or any other process

that implicitly assumes that reflectors are flat or that the seismic waveforms should

be sampled vertically. In all structures but layercake geology, trace-based attributes

can be biased in the presence of dipping layers. In contrast, the stratigraphic coordi-

nate system offers a local reference frame naturally oriented to sample the unbiased
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(a) (b)

(c)

Figure 4.15: (a) A zoomed-in part of the Figure 4.11(a) and the
impedance result obtained from inversion in the Cartesian coordi-
nates (b), and in the stratigraphic coordinates (the result is trans-
ferred back to Cartesian coordinates to provide a better comparison) (c).

strat-coord/. inline-331-sei-mod-1,inline-331-car-mod-1,inline-331-st-mod-1
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(a) (b)

(c)

Figure 4.16: (a) A zoomed-in part of the Figure 4.11(a) and
the impedance result obtained from inversion in the Carte-
sian coordinates (b), and in the stratigraphic coordinates (c).

strat-coord/. inline-344-sei-mod-1,inline-344-car-mod-1,inline-344-st-mod-1
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(a) (b)

(c)

Figure 4.17: (a) A zoomed-in part of the Figure 4.11(a) and the
impedance result obtained from inversion in the Cartesian coordi-
nates (b), and in the stratigraphic coordinates (the result is trans-
ferred back to Cartesian coordinates to provide a better comparison) (c).

strat-coord/. inline-379-sei-mod-1,inline-379-car-mod-1,inline-379-st-mod-1
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(a) (b)

(c)

Figure 4.18: (a) A zoomed-in part of the Figure 4.11(a) and
the impedance result obtained from inversion in the Carte-
sian coordinates (b), and in the stratigraphic coordinates (c).

strat-coord/. inline-388-sei-mod-1,inline-388-car-mod-1,inline-388-st-mod-1
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(a) (b)

(c)

Figure 4.19: (a) A zoomed-in part of the Figure 4.11(a) and
the impedance result obtained from inversion in the Carte-
sian coordinates (b), and in the stratigraphic coordinates (c).

strat-coord/. inline-413-sei-mod-1,inline-413-car-mod-1,inline-413-st-mod-1
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(a) (b)

(c)

Figure 4.20: (a) A zoomed-in part of the Figure 4.11(a) and
the impedance result obtained from inversion in the Carte-
sian coordinates (b), and in the stratigraphic coordinates (c).

strat-coord/. xline-1408-sei-mod-1,xline-1408-car-mod-1,xline-1408-st-mod-1
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(a) (b)

(c)

Figure 4.21: (a) A zoomed-in part of the Figure 4.11(a) and
the impedance result obtained from inversion in the Carte-
sian coordinates (b), and in the stratigraphic coordinates (c).

strat-coord/. xline-1413-sei-mod-1,xline-1413-car-mod-1,xline-1413-st-mod-1
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seismic waveform and, hence, promises to yield more accurate waveform analysis and

trace attributes.

Performance of the stratigraphic coordinate system is based on the predictive-

painting algorithm, which produces the best results when seismic traces can be pre-

dicted from neighboring traces. Note that the predictive painting approach may re-

quire further improvements to deal with areas where either structural or stratigraphic

discontinuities are present. Future research should concentrate on using a small num-

ber of control points especially near discontinuities interactively in the predictive

painting algorithm to make sure that the events across structural or stratigraphic

discontinuities are accurately captured.
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Chapter 5

Predictive coherence

INTRODUCTION

Detection and interpretation of fault systems and stratigraphic features are crucial

for seismic interpretation and reservoir characterization. Conventional workflows for

interactive mapping of faults can be time-consuming and subjective. These draw-

backs have caused some authors to propose automated approaches for discontinuity

detection and mapping. Various seismic wavelet-coherence measures are often used to

highlight stratigraphic or structural discontinuities. The original coherence attribute

(Bahorich and Farmer, 1995) is based on normalized cross-correlation, whereas the

second generation of coherency attributes (Marfurt et al., 1998) is semblance-based

and usually results in a higher vertical resolution. The third-generation coherence

cube algorithm (Gersztenkorn and Marfurt, 1999) is generated by calculating eigen-

values of the covarience matrix, followed by the modified version of the eigenvalue-

coherence algorithm (Marfurt et al., 1999). Besides different generations of coherency

attributes, numerous other attributes have been developed for fault detection. Bednar

(1998) used dip magnitude and coherency based on local dip estimates as an effective

approach to detect faults. Gibson et al. (2003) noticed that seismic faulting results

in discontinuities in horizons and used a coherency measure to detect points of sig-

Parts of this chapter will appear in Karimi, P., S. Fomel, L. Wood, and D. Dunlap 2015,
Predictive coherence: Interpretation, accepted. This work was then done under the supervision of
Fomel.
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nificant horizon discontinuity, and a highest confidence first (HCF) merging strategy

to progressively group these points into larger surfaces to estimate 3D fault surfaces.

AlBinHassan and Marfurt (2003) applied the Hough transform method on seismic sec-

tions and time slices to detect faults. Jacquenmin and Mallet (2005) used a similar

concept, but employed a cascade of two Hough transforms for extracting faults. Dorn

and James (2005) proposed a method known as automatic fault extraction, which

combines signal-processing technology with geological information that is based on

coherence . de Rooij and Tingdahl (2003) presented two types of meta-attributes

for fault detection. Machado and Vellasco (2006) proposed a different attribute: the

fault vertical energy, which seeks to identify regions of data that present a spatial

coherence compatible with a fault’s geometry. Admasu et al. (2006) used log-Gabor

filters for emphasizing oriented-amplitude discontinuities at faults in the presence

of noise. A variety of attributes have been introduced as automatic discontinuity

identifiers, most of which are based, directly or indirectly, on identification of the

local orientation of seismic horizons (Gersztenkorn and Marfurt, 1999; Marfurt et al.,

1999; Randen et al., 2001; Bakker, 2002; Gibson et al., 2003). These methods measure

the degree of discontinuity along coherent events in sliding windows. However, they

do not always have optimal resolution in detecting local non-stationary changes of

discontinuity information.

In this chapter, I propose an attribute which is capable of identifying highly

localized non-stationary changes in information across the discontinuity. I show that

results from this attribute exhibit higher vertical and lateral resolution and less noise

compared to the conventional coherence attributes. I call this attribute predictive

coherence because it uses structure prediction (Liu et al., 2010) to form the prediction

of seismic traces from their neighbors. In the following sections, I first describe the
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algorithm details and test predictive coherence on a field-data example. I compare

the new attribute’s ability to resolve meaningful structure and stratigraphy with that

of some of the known attributes, including conventional amplitude extraction as well

as classic semblance.

THEORY

The main idea behind predictive coherence is to use structural prediction to pre-

dict seismic traces from their neighbors. To make a structural prediction, I apply

the predictive-painting algorithm (Fomel, 2010; Liu et al., 2010) which is defined in

chapter 2. Following Liu et al. (2010), I employ a painting algorithm to predict each

trace from its left and right neighbors. An extension of the method to 3D follows 3D

predictive painting and uses neighboring traces from around the reference trace in

different directions and a version of Dijkstra’s algorithm (Dijkstra, 1959) for finding

an optimal sequence of traces for prediction. Prediction steps (k) lead to an addi-

tional axis in the input data, which with the addition of the original section generate

the predictive data volume. The prediction axis in the predictive data volume repre-

sents index k in equation 2.13 and is two-dimensional in the 3D case. The predictive

data volume becomes flat along the prediction axis thank to the ability of predictive

painting to follow local structures. However faults and discontinuous stratigraphic

features in the input image give rise to discontinuities along this axis. Next, I sub-

tract each prediction from the original data to arrive at the prediction residual volume

(Figure 5.1). Each point in the prediction residual volume should have a small value

everywhere except for points near discontinuities. Then I search for an interval with

the minimum residual at each point in the prediction residual volume along the pre-

diction axis. If the minimum residual is large, it identifies faults and unconformity
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positions. Figure 5.2 illustrates the search for the minimum prediction residual in

3D, by choosing a point in a seismic image near a normal fault on the hanging wall.

As expected, predictions from traces to the right of the fault in the inline direction (

on the hanging wall) are more accurate than the prediction from the left of the fault

(on the foot wall). Identifying the minimum prediction residual delineates the fault.

Liu et al. (2012) used the predictive data volume to measure the similarity between

predictions and original data and then stacked these coefficients along the prediction

axis to obtain a structure-similarity attribute. Karimi and Fomel (2013) compared

the result of structure-similarity attribute with the result of predictive coherence, and

demonstrated that predictive coherence can achieve a higher resolution.

Figure 5.1: Schematic illustration of generating predictive data volume and subtract-
ing predictions from the original trace along the prediction axis (figure modified from

Liu et al. (2010)). pre-coherency/. strat

FIELD-DATA EXAMPLES

I use a 3D seismic amplitude image volume reflecting a variety of geologic phenomena

in the slope and deepwater regions of Safi Haute Mer, eastern offshore Morocco, to

test the predictive coherence attribute (Figure 5.3). Figures 5.4 and 5.5 show the
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inline and crossline dips measured automatically from the image using plane-wave

destruction. I then use the estimated local slopes and the predictive painting operator

from equation 2.13 to predict each trace from its neighbors recursively. I chose 2

prediction-step distances in different directions all around the reference trace for a

total of 24 prediction traces (Figure 5.2), which, with the addition of the original

trace, effectively generated a 4-D data volume that was then reduced back to 3D.

After computing the difference between each predicted sample and the original one,

and searching for the minimum prediction residual (Figure 5.2) I arrive at the final

result of the predictive coherence.

I examined three areas of comparison between the conventional seismic am-

plitude volume, the semblance volume, and the predictive coherence volume on this

data set. These three areas include (1) fault imaging, (2) rafted block imaging and (3)

channel imaging. The semblance estimates of coherence are generated using a 9-trace

by ±5 sample analysis window. In each of these cases, predictive coherence showed

advantages over the conventional semblance attribute, especially so in the delineation

of faults and small channels.

Fault Imaging

A suite of horst and graben style faults is shown in Figure 5.6a (with interpre-

tation shown in yellow in Figure 5.6d), developed over an anticlinal step. Faults show

varying degrees of normal movement, and appear to die out upward by the time they

reach horizon 2. At depth, these faults appear to intersect, and continue to extend

downward into the underlying seismically-chaotic, mass transport deposit (MTD).

However some of the faults appear to lose recognizable displacement as they enter

the more ductile material of the MTD. Conventional amplitude (Figure 5.6a) shows
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these faults fairly well in the upper, likely more brittle deformed zones bounded by

horizons 2, 3, and 4. Classic semblance (Figure 5.6b) can track these fault suites

in the vertical slice, but they appear very fuzzy and lose clarity as they enter the

MTD. An alternative approach, using predictive coherence (Figure 5.6c), shows a

much clearer vertical image of these faults and retains clarity as they enter the MTD.

An additional family of faults (NW-SE) can be seen in the predictive coherence result

between horizons 2 and 4 (interpretation in blue in Figure 5.6d between horizons 2

and 4) which was not recognizable in other volumes. Another set of faults appears in

the shallow interval (with interpretation shown in blue in Figure 5.6d between hori-

zons 1 and 2) and was not noticeable in conventional seismic amplitude or semblance

images. The clarity of predictive coherence significantly improves our ability to map

the density of faulting and to accurately assess vertical displacement of faults, and

thus improve seal and migration analysis, as well as identifying closure on smaller

traps. In addition, this increased detail significantly improves our understanding of

displacement at the top of the MTD. The ability to accurately map the upper sur-

face of the MTD is important in exploring for healing phase top-trapped turbidite

reservoirs, accurately planning drilling programs and ultimately planning reservoir

production in this complex setting.

Rafted Blocks

Mass Transport Deposits (MTDs) are composed of a variety of material that

ranges from chaotically deformed slumps, to turbidite beds, to debris flows, and

intact slide blocks up to several kilometers in scale (Moscardelli and Wood, 2006).

The latter are typically composed of lithified or partially lithified material which can

be difficult to drill. They also may be composed of exotic material making them
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confusing to interpret. I compared the ability to image these slide or rafted blocks in

a matrix of debrite material using three data volumes; conventional amplitude, classic

semblance and predictive coherence (Figure 5.7). Vertical slices through semblance

(Figure 5.7b) show that this attribute did not have the ability to image the detailed

nature of slide blocks. Both the amplitude volume (Figure 5.7a) and the predictive

coherence volume (Figure 5.7c) did much better jobs of identifying the boundaries and

the internal architecture of these blocks. Figure 5.7d shows the interpretation from

the seismic amplitude image (yellow lines) as well as the additional interpretation

obtained from the predictive coherence (blue lines).

Channels

Channels are critical resource targets in deepwater seismic-driven exploration

and development. The channels in the Safi data appear to be ∼90 m wide and

moderately sinuous (Dunlap et al., 2010). They were deposited in a continental slope

setting. I examined these channels in all three volumes (Figure 5.8) and observed that

predictive coherence (Figure 5.8c) dramatically improved imaging of these channel ar-

chitectures. Although the classic semblance (Figure 5.8b) “detects” these channels,

predictive coherence provides superior images. Note the clarity of channel edges in

Figure 5.8c. Several channels that are clearly delineated in the predictive coherence

volume are not apparent in the classic semblance volume. Figure 5.8d shows a com-

posited line-drawing interpretation of the seismic amplitude map shown in Figure 5.8a

(yellow lines), along with the predictive coherence map shown in Figure 5.8c (white

lines) and the semblance map shown in Figure 5.8b (green lines). The information

added to the interpretation by predictive coherence is clearly seen in this comparison.
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Figure 5.2: Plan view of search for minimum prediction residual in 3-D. The reference
trace is the middle rectangle. This point is near a normal fault and on the hanging
wall. As expected, predictions from neighbors on right side of fault in both inline and
crossline direction are good but predictions from left side of fault are poor. In this case
I use a three by three window (red rectangles) to search for the minimum residual,

which is in the third row, third column in this case. pre-coherency/. diagram-1
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Figure 5.3: 3-D seismic image from Morocco. pre-coherency/. stack
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Figure 5.4: Local inline dip for the 3-D image from Figure 5.3.
pre-coherency/. fdipr1
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Figure 5.5: Local crossline dip for the 3-D image from Figure 5.3.
pre-coherency/. fdipr2
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Figure 5.6: (a) Vertical slice through the amplitude volume showing the nature of
extensional, horst and graben style intersecting faults overlying an anticlinal fold.
Several of the faults extend down into the underlying mass transport deposits (MTD)
where they become difficult to interpret in the lower amplitude, chaotic seismic fa-
cies. (b) Corresponding vertical slice through the semblance volume using a 9-trace
by ±5 sample analysis window. (c) Corresponding vertical slice through predictive
coherence. Note the improved delineation of these faults. In addition, the upper
surface of the MTD is clearly delineated compared to (b). (d) Interpretation from
seismic amplitude (yellow lines), and additional information provided by predictive

coherency result (blue lines). pre-coherency/. QAe3415(b)-Pary-1

99



Figure 5.7: (a) Vertical slice through the amplitude volume showing the nature of
rafted megablocks in a large mass transport deposit. Corresponding vertical slices
through (b) the semblance and (c) predictive coherence values. Semblance does
little to help delineate these blocks with little internal strata delineation. (d) In-
terpretation of seismic amplitude (yellow lines), and additional information that I
are able to add to the interpretation from predictive coherency result (blue lines).

pre-coherency/. QAe3416(b)-Pary-2
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Figure 5.8: (a) Time slice at t = 2.17 s through (a) seismic amplitude, (b) sem-
blance, and (c) predictive coherence volumes. The amplitude slices does not de-
lineate the small channels present in the data. Semblance shows a smeared image
where predictive coherence shows sharp channel edges in this deep-water deposits
overlying the mass failure material, continental slope offshore eastern Morocco. (d)
Interpretation using conventional seismic amplitude (yellow lines), semblance (green
lines), and additional information that I are able to add from predictive coherency
(white lines). Note the increased information provided by predictive coherence.

pre-coherency/. QAe3417(c)-Pary-3
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CONCLUSIONS

I have introduced predictive coherence, a novel attribute for highlighting faults and

other discontinuities while handling their local variations. In the first step of cal-

culating predictive coherence, I employ structural prediction to generate structure-

conforming predictions of seismic traces from their neighbors (left and right neigh-

boring traces in 2D and neighboring traces in all directions in 3D). Next, I calculate

the difference between the predicted data at each prediction step and the reference

data. Finally, I search for the smallest prediction error interval at each point and use

it to define predictive coherence. Experiments using field data demonstrate that, in

comparison with the conventional semblance attribute, predictive coherence measures

and protects discontinuities information meticulously, manages to provide a higher

temporal and lateral resolution of discontinuities, and produces results that are more

reasonable geologically in both cross-section and time-slice views. I have shown sev-

eral examples where predictive coherence provides improved mapping of major and

minor geologic features including faults and channels. I encourage interpreters to add

predictive coherence to the many tools available in their tool boxes to explore and

develop basins worldwide. The predictive coherence output can be used for imme-

diate interpretation or as input for automatic fault-tracking algorithms, such as ant

tracking.
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Chapter 6

Computing volumetric-curvature attributes using predictive
painting

INTRODUCTION

Ever since correlation of curvature values to open fractures measured on outcrops

(Lisle, 1994) and to production data (Hart et al., 2002) was discovered to be a re-

liable geologic model, horizon-based curvature attributes (Dalley et al., 2001) have

been used successfully in prediction of fractures. Besides being a fracture indicator,

curvature is also sensitive to faults (Sigismondi and Soldo, 2003), subtle carbonate

buildups (Hart and Sagan, 2005), and domes and sags associated with salt and shale

diapirism; to dissolution and collapse associated with diagenesis; and to differential

compaction over heterogeneous sedimentary deposits (Chopra and Marfurt, 2008).

Hart and Sagan (2005) used curvature to delineate small-scale features associated

with faults, or primary depositional features by removing the effect of regional dip.

Among all recently introduced curvature attributes, most positive and most negative

curvatures seem to make recognition of lineaments easier and appear to be related to

geologic structures (Al-Dossary and Marfurt, 2006). Picking horizons in noisy data,

and nonexistence of consistent horizons in the zone of interest in 3D seismic data

volumes are the main roadblocks in horizon-based curvature attributes. Volumetric

estimation of curvature, introduced by Al-Dossary and Marfurt (2006), has been a

successful approach and a way to avoid the need for interpreted horizons. Estimation

of curvature volumetrically is based on computation of apparent dip of reflectors in
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seismic images. In this chapter, I offer two alternative strategies for computing volu-

metric curvature that employ predictive painting (Fomel, 2010) in computing reflector

shapes. Using predictive painting for automatic extraction of horizons has the ad-

vantage of both conceptual simplicity and computational efficiency. Then assigning a

picked reflector surface to each point in the seismic data volume becomes manageable

without further need for interpreted horizons. I use stratigraphic coordinates (Karimi

and Fomel, 2015) and horizon coordinates that follow from predictive painting and

describe the natural shape of reflectors for estimating volumetric curvature. Several

alternative approaches have been proposed in the literature to track horizons: Stark

(2004) introduced relative geologic time volume, in which every sample is automat-

ically related to a geologic horizon; de Groot et al. (2010) introduced horizon cube,

which is a high-density set of mapped horizons that uses the local dip-azimuth value

of coherent features in seismic data to track horizons; Lomask et al. (2006) and Parks

(2010) used analogous approaches for automatic picking of horizons. In the following

sections, I review the algorithms for both stratigraphic and horizon coordinates and

then derive curvature equations in each coordinate system on the basis of their first

and second fundamental forms. I test the proposed method on a field-data example

to illustrate its applicability.

THEORY

Both stratigraphic and horizon coordinate systems that I employ for computing

volumetric-curvature attributes follow from the predictive-painting method, which

has been covered in chapter 2. As a result of vertical reference time being spread

from a reference trace to its neighbors by following the local slope of seismic events,

horizon volume H(x, y, z) can be extracted.
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Horizon coordinates

To transfer seismic data into horizon coordinates, I use the horizon volume in

the image coordinates H(x, y, z), and apply a flattening method called time-warping

(Burnett and Fomel, 2009). The warping procedure can be thought of as applying

a nonstationary shifting filter, unshifting each trace produces the automatically flat-

tened image I(x, y, h). I apply the same amount of shift on the cube of z(x, y, z).The

result will be horizon volume z(x, y, h) in the horizon coordinates, which automati-

cally assigns a horizon to each point in the whole volume.

Stratigraphic coordinates

In the stratigraphic coordinate system (Karimi and Fomel, 2015), picked hori-

zons obtained from the predictive-painting algorithm ,(H(x, y, z)), are considered the

first axis, and the other two axes are constructed to be orthogonal to the first axis.

Similar to horizon coordinates, because I need to define horizons, I transfer the three

cubes of x(x, y, z), y(x, y, z), and z(x, y, z) to the stratigraphic coordinate to obtain

x(u, v, h), y(u, v, h), and z(u, v, h).

To compute volumetric-curvature attributes, we need to specify in each co-

ordinate system first and second fundamental-form coefficients (Struik, 1961), which

are summarized in Table 6.1. Next I use each coordinate system corresponding co-

efficients to compute either mean curvature kmean (equation 6.1), Gaussian curvature

kGauss (equation 6.2), or maximum and minimum curvatures kmax (equation 6.3) and

kmin (equation 6.4). Details about structural attribute definition in each coordinate

system can be found in Table 6.1.
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kmean =
eG− 2fF + gE

2(EG− F 2)
, (6.1)

kGauss =
eg − f 2

EG− F 2
, (6.2)

kmax = kmean +
√
k2
mean − k2

Gauss, (6.3)

kmin = kmean −
√
k2
mean − k2

Gauss. (6.4)

Smoothing length in shaping regularization and multispectral volumetric
curvature

Curvature of a geologic surface varies with the scale of observation (Stewart

and Wynn, 2000). In other words, a geologic surface is a superposition of structures

at different wavelengths. To provide a final curvature map that captures curva-

tures at different scales, curvature should be estimated at each point over a range of

wavelengths. Such a map can reveal broad (long-wavelength) features (folds, subtle

flexures, and collapse features), as well as tight (short-wavelength) features (faults).

In our strategy for estimating volumetric curvature, smoothness of the slope field

obtained by plane-wave destruction, plays a pivotal role in capturing different per-

spectives of the same geologic surface, and is regulated by shaping regularization

(Fomel, 2007b) through use of shaping operators as smoothing filters with different

lengths. Smoothness of the slope fields is regulated by shaping regularization through

using different shaper lengths. Accordingly, we can obtain a multi-wave-length curva-

ture cube by using different degrees of smoothness for measuring local slopes at each

point (Figures 6.2, 6.3, and 6.4).
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APPLICATION

I use a 3-D field data volume from Heidrun Field in the Halten Terrace area, offshore

Mid-Norway (Moscardelli et al., 2013), which is highly faulted, to test our method

(Figure 6.1). I begin by estimating local structures of seismic events through the

whole cube using plane-wave destruction (Figure 6.2(a) and 6.2(b)). After calcu-

lating the field of local slopes, I apply the predictive-painting algorithm in order

to automatically pick individual horizons in the volume. Figure 6.14(a) shows the

result of predictive painting. Figure 6.14(b) comes from applying the stored warp-

ing filter to shift z(x, y, z) by the same amounts as those used to flatten the image

(I(x, y, z)). I use this cube for volumetric estimation of curvature. In Figure 6.5(a),

6.5(b), and 6.5(c) I display the most-positive curvature attribute corresponding to

the image shown in Figure 6.1 and estimated at different scales. These volumes are

computed using a short, medium, and long wave-length version of curvature, respec-

tively. I also compute mean curvature (Figure 6.7), most-negative curvature (Figure

6.6), Gaussian curvature (Figure 6.8), maximum curvature (Figure 6.9), minimum

curvature (Figure 6.10), dip curvature (Figure 6.11), strike curvature (Figure 6.12),

and contour curvature (Figure 6.13) over a range of wavelengths. Features (minor

faults in the bottom and polygonal faults in the top part of the image) revealed in the

short-wave-length curvature images are more detailed than in the long-wave-length

images. As expected, we need to estimate curvature over a range of wave-lengths to

capture different features.
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Figure 6.1: Heidrun Field image. curvature/gulfmexico heid

INTEGRATION OF VOLUMETRIC CURVATURE AND
COHERENCE

Computing volumetric attributes from seismic images is very important in prediction

of fractures and other stratigraphic features. Most of the publications of curvature

are focused on most-positive and most-negative curvature attributes because of their
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(a) (b)

Figure 6.2: inline and (c) crossline slopes measured by plane-wave destruction.

curvature/gulfmexico dip1s,dip2s

(a) (b)

Figure 6.3: inline and (c) crossline slopes measured by plane-wave destruction.

curvature/gulfmexico dip1,dip2
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(a) (b)

Figure 6.4: inline and (c) crossline slopes measured by plane-wave destruction.

curvature/gulfmexico dip1ll,dip2ll

Image coordinates
(x, y, z)

Horizon coordinates
(x, y, h)

Stratigraphic coordinates
(u, v, h)

Horizon H(x, y, z) = h z(x, y, h) r̄(u, v, h) =

{
x(u, v, h)
y(u, v, h)
z(u, v, h)

Normalto
horizon

n̄ = ∇H
|∇H| n̄ =

{zx, zy, −1}√
1+z2x+z2y

n̄ = r̄u×r̄v
|̄ru×r̄v|

First
fundamental

form

E = 1 +
H2

x

H2
z

F =
HxHy

H2
z

G = 1 +
H2

y

H2
z

E = 1 + z2x
F = zxzy
G = 1 + z2y

E = |̄ru|2
F = r̄u · r̄v
G = |̄rv |2

Second
fundamental

form

e = −HxxH2
z−2HxHzHzx+HzzH

2
x

|∇H|H2
z

f = −HxyH
2
z−HxHzHzy−HzHyHzx+HzzHxHy

|∇H|H2
z

g = −
HyyH

2
z−2HyHzHzy+HzzH

2
y

|∇H|H2
z

e = zxx

(1+z2x+z2y)
1
2

f =
zxy

(1+z2x+z2y)
1
2

g =
zyy

(1+z2x+z2y)
1
2

e = r̄uu · n̄
f = r̄uv · n̄
g = r̄vv · n̄

Table 6.1: Differential geometry of seismic horizons in different coordinate systems.
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(a) (b)

(c)

Figure 6.5: (a) Short-wave-length, (b) medium, and (c) long-wavelength volu-
metric estimation of most positive, Kpos, curvature corresponding to Figure 6.1.

curvature/gulfmexico backsn,backn,backln
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(a) (b)

(c)

Figure 6.6: (a) Short-wave-length, (b) medium, and (c) long-wavelength volu-
metric estimation of most negative, Kneg, curvature corresponding to Figure 6.1.

curvature/gulfmexico backsp,backp,backlp
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(a) (b)

(c)

Figure 6.7: (a) Short-wave-length, (b) medium, and (c) long-wavelength vol-
umetric estimation of mean, Kpos, curvature corresponding to Figure 6.1.

curvature/gulfmexico backsm,backm,backlm
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(a) (b)

(c)

Figure 6.8: (a) Short-wave-length, (b) medium, and (c) long-wavelength volu-
metric estimation of Gaussian, KGauss, curvature corresponding to Figure 6.1.
curvature/gulfmexico backsg,backg,backlg
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(a) (b)

(c)

Figure 6.9: (a) Short-wave-length, (b) medium, and (c) long-wavelength volu-
metric estimation of maximum, Kman, curvature corresponding to Figure 6.1.
curvature/gulfmexico backsx,backx,backlx
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(a) (b)

(c)

Figure 6.10: (a) Short-wave-length, (b) medium, and (c) long-wavelength vol-
umetric estimation of minimum, Kmin, curvature corresponding to Figure 6.1.
curvature/gulfmexico backsi,backi,backli
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(a) (b)

(c)

Figure 6.11: (a) Short-wave-length, (b) medium, and (c) long-wavelength
volumetric estimation of dip, Kdip, curvature corresponding to Figure 6.1.

curvature/gulfmexico backsd,backd,backld
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(a) (b)

(c)

Figure 6.12: (a) Short-wave-length, (b) medium, and (c) long-wavelength vol-
umetric estimation of strike, Kstrike, curvature corresponding to Figure 6.1.
curvature/gulfmexico backss,backs,backls
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(a) (b)

(c)

Figure 6.13: (a) Short-wave-length, (b) medium, and (c) long-wavelength vol-
umetric estimation of contour, Kcontour, curvature corresponding to Figure 6.1.
curvature/gulfmexico backsc,backc,backlc
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(a) (b)

Figure 6.14: (a) Predictive painting results (horizon volume displayed as contours
in the image-coordinate system H(x, y, z)). (b) Horizon volume displayed in the

horizon-coordinate system z(x, y, h). curvature/gulfmexico wcont,time-long

interpretational simplicity. In this section I am going to show the use of maximum

and minimum curvature measures corendered with predictive coherence provides a

powerful tool in interpretation of fractures and other stratigraphic features. I used a

3-D seismic data from gulf of Mexico (Figure). This seismic data were collected using

the new P-cable system which is designed to provide extremely high resolution 3-D

for relatively shallow stratigraphic depths (< 1500 m).

Appearance of channels

I used a 3-D seismic data from Gulf of Mexico (Figure 6.15). This seismic

data were collected using the new P-cable system which is designed to provide ex-

tremely high resolution 3-D for relatively shallow stratigraphic depths (< 1500 m).

I have computed volumetric principle curvatures (both long-wavelength and short-
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wavelength versions) on Figure 6.15 and compared the results with predictive coher-

ence. Figure 6.16 shows a time slice extracted from Figure 6.15. There are couple of

meandering channels on the predictive coherence (yellow arrows in Figure 6.17). In

the short-wavelength version of the principle curvatures (Figures 6.20 and 6.21), reso-

lution of the channels are enhanced compare to long-wavelength version as expected.

Figure 6.22 shows the correndered maximum curvature (in blue) with predictive co-

herence (in green) and seismic amplitude (in red), which demonstrate the correlation

between curvature and coherence (see yellow arrows).

Figure 6.15: 3-D seismic image from Gulf of Mexico. curvature/. fstack
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Figure 6.16: Time slice at t = 142 ms through seismic amplitude volume.
curvature/. stack-slice

Figure 6.17: Time slice at t = 142 ms through predictive coherence volume.
curvature/. coherence
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Figure 6.18: Time slice at t = 142 ms through long-wavelength maximum curvature
volume. curvature/. curvaturelx

Figure 6.19: Time slice at t = 142 ms through long-wavelength minimum curvature
volume. curvature/. curvaturel
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Figure 6.20: Time slice at t = 142 ms through short-wavelength maximum curvature
volume. curvature/. curvaturex

Figure 6.21: Time slice at t = 142 ms through short-wavelength minimum curvature
volume. curvature/. curvature
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Figure 6.22: Maximum curvature (in blue) corendered with predictive coherence (in

green) and seismic amplitude (in red). curvature/. corendered
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APPEARANCE OF FAULTS AND FOLDS

Figure 6.23 shows a vertical slice through the amplitude volume in Figure 6.15. Fig-

ures 6.24, 6.25, and 6.26 show vertical slices through predictive coherence, maximum

curvature,and minimum curvature volumes. Figure 6.27 shows max curvature (in

blue) corendered with predictive coherence (in green) and seismic amplitude (in red)

which demonstrate the correlation between curvature and coherence.

Figure 6.23: Vertical slice through seismic amplitude volume. curvature/. stack-eps

Figure 6.24: Vertical slice through predictive coherence volume.
curvature/. coherencevertical
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Figure 6.25: Vertical slice through long-wavelength maximum curvature volume.
curvature/. cur-xv

Figure 6.26: Vertical slice through long-wavelength minimum curvature volume.
curvature/. curvaturev
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Figure 6.27: Maximum curvature (in blue) corendered with predictive coherence (in

green) and seismic amplitude (in red). curvature/. correndered-copy

CONCLUSIONS

I have developed an approach to computing volumetric curvature, which relies on

transferring an input seismic image into coordinate frames in which horizons are

defined explicitly, so that a horizon can be easily assigned to each point. Different

coordinate systems follow from the predictive-painting algorithm for estimation of the

shape of reflectors volumetrically. By defining horizons in each coordinate system,

I define curvature equations that are based on first and second fundamental-forms

for each coordinate system. The proposed algorithm can calculate multi-wavelength

curvature cubes by using different amounts of smoothness for estimating dip fields.
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Chapter 7

Image guided well log interpolation using predictive painting

INTRODUCTION

Integration of well-log data and seismic data in a way that allows well data to con-

strain seismic inversion and, on the other hand, uses seismic data for interpolating

well logs, is an essential and challenging task in reservoir characterization. In general

the methods for predicting well-log properties from seismic data can be classified into

two main categories. The first category is seismic inversion, which has been described

and investigated by numerous authors (Lindseth, 1976; Cooke and Schneider, 1983;

Oldenburg et al., 1983; Chi et al., 1984). Some of the post-stack seismic impedance

inversions use conventional post-stack seismic images and, relate the logs and the seis-

mic data. Other methods in this category go beyond conventional post-stack seismic

data and use other attributes derived from seismic data (Taner, 1994; Schultz et al.,

1994; Hampson et al., 2001) which also allows for including pre-stack information.

The second category for combining seismic data and well logs is by using

seismic data to spatially interpolate and extrapolate well logs. In this approach, the

seismic image is used to interpolate well logs assuming that the rock property that

is being interpolated conforms to seismic horizons and other image features. Hale

(2010) proposed the image-guided interpolation of borehole data without picking

seismic horizons or faults. He used the blended neighbor interpolation method (Hale,

2009) to interpolate rock properties.
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All of the methods that fall into these two categories are reasonable ways to

combine seismic data and well log data. However, in the former category, seismic

reflectors play no role in the essential task of guiding the spatial distribution of rock

properties. On the other hand, in the latter category seismic amplitude is not involved

in estimating and predicting rock properties between wells and simply uses seismic

image structure to guide interpolation of well logs. In this chapter, I propose an

approach that honors both seismic image structures and the relationship of seismic

amplitude to well-log properties to gain useful clues in the interpolation process. In

the following sections, I first describe an image-guided interpolation algorithm and

then apply it to a field-data example to compare the algorithm’s ability of combining

seismic data and well logs with alternative approaches.

THEORY

Image-guided interpolation using predictive painting

In order to guide interpolation in a away that conform to geologic features in

the seismic image, I use the predictive painting algorithm which is reviewed in chapter

2. Predictive painting spreads the time values along a reference trace into the seismic

volume to output the relative geologic age attribute. In this chapter, I use well logs as

the reference traces and spread rock properties from well logs into the seismic volume.

I then use radial basis function (RBF) to interpolate well properties along the image

structures that predictive painting algorithm has guided to. RBF is a function whose

value depends only on the distance from the center c (φ(r) = φ(|x − c|)) (Powell,

1985; Micchelli, 1986). In my method the centers are the well locations (xk), so I can

rewrite the definition of RBF as follows

φ(r) = φ(|x− xk|). (7.1)
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There are different choices for basis functions, I chose the inverse quadratic radial

function

φ(r) =
1

1 + ( r
r0

)2
where r0 > 0 (7.2)

which provides a larger weight for the points near the well location, and a smaller

weight for the points far away from the wells. After choosing a proper radial function,

I use RBFs to construct the interpolant as follows:

S(x) =

N∑
k=1

φ(|x− xk|)Sk(x)

N∑
k=1

φ(|x− xk|)
(7.3)

where Sk is the result of spreading well log at a well location xk into the seismic

data using predictive painting, and N represents the number of well used in the

interpolation.

Seismic inversion

A traditional method to achieve integration of well logs and seismic data is

through seismic inversion. There are different elements to a good impedance inversion,

one of the them is a low-frequency initial model which compensates for the band-

limited nature of seismic data. The frequency gap between zero and low end of the

seismic bandwidth should be added back in a way that conforms to well logs and is

representative of the geologic features in order to obtain a proper broad-band result.

In building the low-frequency model, the most common flow is concentration on filling

in the amplitude spectrum without paying enough attention to phase spectrum which

is defined by lateral continuity of horizons. However, phase spectrum is of high

importance and needs to be addressed to avoid a sub-optimum inversion. Therefore,

by using the result of image-guided interpolation, which is aligned along seismic
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horizons, as the initial model, structural patterns presented in the seismic image

can suitably tie to well logs. In order to get a reliable full bandwidth final result that

follows the geology, the most important concern is that intersections of time-converted

well logs to seismic horizons are in a good agreement. This agreement is guaranteed

to be achieved through using the proposed image-guided interpolation result as the

initial model in the acoustic impedance inversion.

FIELD-DATA EXAMPLE

I use a 3-D data volume from Netherlands, North Sea (Figure 7.1(a)) from the Opend-

Tect repository to test the proposed approach. I used well logs from three wells along

with the seismic data. The corresponding inline and cross line slopes estimated from

the image by using plane-wave destruction are shown in Figure 7.1(b) and Figure

7.1(c). After extracting structural patterns in the seismic image I incorporate them in

the predictive painting algorithm in order to guide the interpolation of time-converted

sonic, density, and gamma-ray logs. Figure 7.2(a) shows the result of spreading time-

converted sonic log at the location of the well 1 by predictive painting method. Figure

7.2(b) and Figure 7.2(c) are also the results of spreading time-converted sonic logs

by following the local structure of seismic events at the location of well 2 and 3, re-

spectively. I use the interpolant in equation 7.3 to combine the results of spreading

sonic log into the seismic image by predictive painting (Figures 7.2(a) , 7.2(b), and

7.2(c)). Figure 7.2(d) shows the final result of image-guided interpolation using pre-

dictive painting algorithm for guiding according to structural feature present in the

seismic image, and RBF for interpolation. Figures 7.3 and 7.4 show the results of

spreading time-converted density and gamma-ray logs (respectively) at different well

locations and their final result of image-guided interpolation. Figures 7.6 show the
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result of spreading time-converted acoustic impedance log, which is calculated from

density and sonic log and is the most correlated one with seismic reflection data, at

the location of the well 1, 2, and 3, respectively by predictive painting method. Figure

7.7(b) shows the final result of image-guided interpolation using predictive painting

algorithm for guiding according to structural feature present in the seismic image, and

RBF for interpolation. Figure 7.5 shows the results of blind well test at the location

of the well 2 for interpolation of sonic log with correlation coefficient of 64%, density

log with correlation coefficient of 50%, gamma-ray log with correlation coefficient

of 21%, and acoustic impedance log with correlation coefficient of 32%. In Figure

7.7(b) all the structural features present in the seismic image are tied perfectly to

well logs. Thus this detailed interpolated acoustic impedance is representative of the

geologic events and serves as a sophisticated initial model in the acoustic impedance

inversion, which leads to a highly detailed impedance image. Figure 7.8(b) shows the

result of inversion using the image-guided interpolation result as the initial model. In

contrast, Figure 7.8(a) shows the result of inversion by using a simple initial model

(Figure 7.7(a)) which is extracted from well logs and seismic data. By comparing Fig-

ure 7.8(a) and Figure 7.8(b) I observe that Figure 7.8(b) is more consistent with the

geological features present in the seismic image. For instance the impedance image

in Figure 7.8(b) conforms to the boundary of the sigmoid progradational configura-

tion and the overlying onlapping reflectors in the seismic image, but in Figure 7.8(a)

impedance result does not follow these geological patterns.

DISCUSSIONS AND CONCLUSIONS

I have introduced a new method for integration of well-log and seismic data, which

honors both seismic image structures and the relationship of seismic amplitude or
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(a) (b)

(c)

Figure 7.1: (a) Seismic image from Netherlands. Inline (b) and crossline
(c) estimated slopes in the Figure 7.1(a) by plane-wave destruction opera-
tor. Blue colors are indicative of negative slope; red colors, positive slope.
interpolation/netherlands cube,dipc1,dipc2
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(a) (b)

(c) (d)

Figure 7.2: Result of spreading time converted sonic log at the location of
the well 1 (a), well 2 (b), and well 3(c) by predictive painting. (d) Fi-
nal result of image-guided interpolation using predictive painting algorithm
for guiding according to structural feature present in the seismic image, and
RBF for interpolation which is used as the initial model for the inversion.
interpolation/netherlands spick-2-1,spick-6-1,spick-3-4,sinterp
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(a) (b)

(c) (d)

Figure 7.3: Result of spreading time converted density log at the location
of the well 1 (a), well 2 (b), and well 3(c) by predictive painting. (d)
Final result of image-guided interpolation using predictive painting algorithm
for guiding according to structural feature present in the seismic image, and
RBF for interpolation which is used as the initial model for the inversion.
interpolation/netherlands dpick-2-1,dpick-6-1,dpick-3-4,dinterp
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(a) (b)

(c) (d)

Figure 7.4: Result of spreading time converted gamma-ray log at the loca-
tion of the well 1 (a), well 2 (b), and well 3(c) by predictive painting. (d)
Final result of image-guided interpolation using predictive painting algorithm
for guiding according to structural feature present in the seismic image, and
RBF for interpolation which is used as the initial model for the inversion.
interpolation/netherlands gpick-2-1,gpick-6-1,gpick-3-4,ginterp
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(a) (b)

(c) (d)

Figure 7.5: Result of blind well test at the location of the well 2 for inter-
polation of sonic log with correlation coefficient of 64% (a), density log with
correlation coefficient of 50% (b), gamma-ray log with correlation coefficient of
21% (c), and acoustic impedance log with correlation coefficient of 32% (d).
Solid red curves are the measured logs at the location of the well 2, and
dashed blue curves are the interpolated logs at the location of the well 2.
interpolation/netherlands sonicco,densityco,gammaco,aimpedanceco
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(a) (b)

(c)

Figure 7.6: Result of spreading time converted acoustic impedance log at the
location of the well 1 (a), well 2 (b), and well 3 (c) by predictive painting.

interpolation/netherlands apick-2-1,apick-6-1,apick-3-4
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(a) (b)

Figure 7.7: (a) Initial model that was extracted from wells and seismic. (b)
Final result of image-guided interpolation using predictive painting algorithm
for guiding according to structural feature present in the seismic image, and
RBF for interpolation which is used as the initial model for the inversion.
interpolation/netherlands model-hr,ainterp

(a) (b)

Figure 7.8: (a) Impedance image using Figure 7.7(a) as the initial model. (b)
Impedance image using the result of image-guided interpolation as the initial model
(7.7(b)). interpolation/netherlands inverted-cube-ii,inverted-cube-pp
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other attributes to well-log properties to provide useful clues in the interpolation pro-

cess. My experiments demonstrate that using the result of image-guided interpolation

of acoustic impedance as the detailed initial model which includes geologic patterns

of the seismic image, in the acoustic impedance inversion, will result in a reliable full-

bandwidth impedance image which is consistent with the geological events present in

the seismic image. In this chapter I described one of the possible ways of combining

the result of image-guided interpolation and the result of post-stack inversion of rock

properties. Further research should concentrate on different ways of combining results

of image-guided interpolation with results of post-stack or prestack inversion for rock

properties.
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Chapter 8

Conclusions

Contributions and summary

Seismic interpretation plays a crucial role in extracting geologic information

from seismic images in order to provide a better understanding of the earth’s sub-

surface. Although there are different methods introduced in structural interpretation

and stratigraphic interpretation and to evaluate and predict reservoir properties, the

challenge of predicting lithological and petrophysical properties of reservoir, revealing

features that appear more subtle in conventional seismic data, and automating com-

mon interpretation tasks still remain as a hot topic among geophysicists. Therefore,

developments in interpretation algorithms and attributes help interpreters to achieve

a better understanding of features and properties of interest, and so a better inter-

pretation of seismic data which dramatically reduces the possibility of dry wells in oil

and gas exploration (the cost of drilling for hydrocarbon can be huge). My disserta-

tion is dedicated to improving the accuracy of current methods and algorithms and

prompting novel ideas in the field of interpretation and seismic attributes.

The major contributions of this thesis cover four broad topics:

• Introducing a new coordinate system and framework for seismic interpretation

and processing.

In certain seismic data processing and interpretation tasks, such as spiking de-
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convolution, tuning analysis, impedance inversion, spectral decomposition, etc.,

it is commonly assumed that the vertical direction is normal to reflectors. This

assumption is false in the case of dipping layers and may therefore lead to in-

accurate results. To overcome this limitation, I proposed a coordinate system

in which geometry follows the shape of each reflector and the vertical direction

corresponds to normal reflectivity. I call this coordinate system stratigraphic

coordinates. I developed a constructive algorithm that transfers seismic images

into the stratigraphic coordinate system. The algorithm consists of two steps.

First, local slopes of seismic events are estimated by plane-wave destruction;

then structural information is spread along the estimated local slopes, and hori-

zons are picked everywhere in the seismic volume by the predictive-painting

algorithm. These picked horizons represent level sets of the first axis of the

stratigraphic coordinate system. Next, an upwind finite-difference scheme is

used to find the two other axes, which are perpendicular to the first axis, by

solving the appropriate gradient equations. After seismic data are transformed

into stratigraphic coordinates, seismic horizons should appear flat, and seismic

traces should represent the direction normal to the reflectors. Immediate ap-

plications of the stratigraphic coordinate system are in seismic image flattening

and spectral decomposition. Synthetic and field data examples demonstrate the

effectiveness of stratigraphic coordinates.

• Novel attribute for highlighting faults and other discontinuities while handling

local non-stationary variations across them.

Detection and interpretation of fault systems and stratigraphic features and the

relationship between them are crucial for seismic interpretation and reservoir
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characterization. In order to provide a better interpretation insight and to be

able to extract overlooked features out of seismic data volumes, I introduced

a new attribute that detects faults and other discontinuities while handling lo-

cal non-stationary variations across them. First, I use predictive painting to

form a structural prediction of seismic events from neighboring traces (left and

right neighboring traces in 2D and neighboring traces in all directions around

a reference trace in 3D) according to local structural slopes. Then I compute

prediction residuals by subtracting each prediction from the original data, and

find the smallest prediction-error interval for each point that best represents dis-

continuity information at that point. The extracted fault information changes

with location (spatially and temporally) and is non-stationary. The conven-

tional coherence measures operate on a spatial window of neighboring traces

and a temporal (vertical) analysis window of samples above and below the

analysis point and can hardly cope with non-stationarity in fault information.

In contrast, the proposed method involves neither temporal nor spatial windows

in coherence computation which honors non-stationary changes of fault infor-

mation and achieves high resolution in both vertical and lateral directions.

• New strategies for computing volumetric curvature.

I introduced a novel approach to computing volumetric curvature. The key idea

is to transfer seismic image into a coordinate frame in which geometry follows

the natural shape of each reflector, therefore assigning a horizon to each point

in the seismic data volume. I employ the predictive-painting algorithm to esti-

mate horizon shapes and to extract them automatically in the whole volume of

seismic data. This computation can be used to transfer seismic data into two

144



different coordinate systems that follow from predictive painting. The adopted

curvature equations are defined in these two coordinate systems to compute

curvature at each point in the volume. The proposed approach also enables

multispectral curvature computation and capturing of curvatures at different

scales.

• New approach for integration of well-log and seismic data.

Different seismic attributes can be used to interpolate rock properties between

well-logs but often seismic reflectors play no role in the essential task of guiding

this process. I proposed a method which honors both seismic image structures

and the relationship of seismic amplitude or other attributes to well-log prop-

erties.

Discussion and future work

All methods covered in this dissertation are based on predictive-painting algo-

rithm which produces the best results when traces can be predicted by their neighbors.

Note that the predictive painting approach may require further improvements to deal

with areas where either structural or stratigraphic discontinuities are present. Future

research should concentrate on using a small number of control points especially near

discontinuities interactively in the predictive painting algorithm to make sure that

the events across structural or stratigraphic discontinuities are accurately captured.

In Chapter 4, I investigated application of the stratigraphic coordinates only in
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spectral decomposition and acoustic impedance inversion. However, the stratigraphic

coordinate system is an entirely novel framework for seismic interpretation, and its

applications can be extended to tuning analysis, spiking deconvolution, or any other

process that implicitly assumes that vertical direction is normal to reflectors. For

future work, it might be worthwhile to investigate other possible applications of the

stratigraphic coordinate system. Another potential topic for future research is to use

the result of the discontinuity attribute proposed in Chapter 5, as input for automatic

fault-tracking algorithms, such as ant tracking. In Chapter 6 I proposed two alter-

native methods for computing volumetric curvature which are based on transferring

seismic image into two different coordinate system. I derived curvature equations in

each coordinate system on the basis of their first and second fundamental forms. In

the examples shown here, I used horizon coordinate to compute volumetric curva-

ture. In the future, curvature equations derived for stratigraphic coordinate system

should be validated on different examples and the results should be compared with

the ones from horizon coordinates. In Chapter 7, I introduced one of the possible

ways of integrating the result of image-guided interpolation and the result of post-

stack inversion of rock properties. Further research should concentrate on different

ways of combining results of image-guided interpolation with results of conventional

post-stack or prestack inversion for rock properties.
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