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ABSTRACT

Over the last decade, unconventional hydrocarbon resouscbave led the United States
to a spot atop the list of largest oil producers in the world. Dring this time, major improve-
ments in both technology and the general knowledge of shaleservoirs have driven down
production costs while improving oil and gas recovery rate§ he Reservoir Characterization
Project (RCP) Phase XVII work seeks to further these advancemss through a study of the
value of time-lapse datasets and advanced reservoir chaeazation methods in the Eagle
Ford Shale of South Texas, one of the most proli c unconvemthal plays in the world.

RCP's project involves the analysis of various geophysicajeological, and engineering
datasets sampling an approximately 50-square-mile studyea of the Eagle Ford play. The
available geophysical data includes time-lapse, multicgponent seismic data and vertical
seismic pro les, along with microseismic event monitoringuring hydraulic fracturing. The
work presented in this thesis seeks to study the value of théne-component surface seismic
data for seismic amplitude variation with o set/angle (AVO/AVA) inversion and reservoir
characterization.

The vast majority of seismic datasets utilized in the oil andyas industry are single-
component P-wave (PP) surveys. Nine-component surveys, whiinclude converted wave
(PS) data and pure-shear (SS) data, are rarely acquired due the added costs and complex-
ity of acquisition, processing, and interpretation. Howewe a better understanding of the
additional information available in these datasets could é useful for determining whether
or not these acquisitions are worthwhile. My analysis begrwith their theoretical value for
seismic inversion, which aims to recover P-impedance, Sgadance, and density models from
recorded seismic amplitudes. Based on linearized approstions of the Zoeppritz equations,
which describe the AVA of each data type, | determine that th&P data alone can provide ac-

curate estimates of P-impedance; however, S-impedance awhsity are poorly constrained.



The AVA equations suggest that PS data should improve estintes of S-impedance, but that
SS data are likely necessary to obtain the critically impoant density term. These hypothe-
ses are tested and con rmed through inversions of synthetseismograms modeled from well
log values, but with varying elastic parameters within the eservoir. The synthetic data are
also used for comparison and quality control of the eld data

After conditioning the eld data, most notably through the removal of unrealistic lateral
amplitude variations, four inversion methods are appliedsing a commercial software pack-
age: poststack PP, poststack SS (TT component), prestack PBnd joint prestack PP-PS.
Inversion parameters are extensively tested to optimizeselts, and their e ects are discussed
along with some of the potential drawbacks of the methods ajigd. Comparing the inver-
sion outputs shows that the joint inversion method producethe best results to utilize for
further analysis and interpretation. Next, from the impedace estimates, elastic properties
are calculated and analyzed. The results indicate that theesmic data are controlled mostly
by matrix properties and see little in uence of pore uids. Fnally, elastic property maps are
compared to microseismic event locations and production.h&se comparisons suggest that
the inversion results can be used to predict hydraulic fraate behavior and locate "sweet
spots,' or zones of greater hydrocarbon production poteatiin the Eagle Ford, which could
result in more e cient eld development.

To further study the potential bene ts of including pure-skear wave modes in an AVA
inversion work ow in ways that could not be accomplished trwugh commercially available
software packages, a code is developed for independent amtjacnversion of PP, PS, and SS
wave modes. It is applied to the Eagle Ford eld data, and a mébd of anomaly detection
through analysis of the inversion prediction error is dematrated. Though the project data
is suboptimal for testing the SS modes, ndings indicate thathe addition of S-wave data
slightly improves the density estimates at the cost of decased resolution due to the lower
temporal frequency. In a location where accurate density kees are required for reservoir

characterization, this could potentially justify the addedcost of S-wave acquisition.
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CHAPTER 1
INTRODUCTION TO SEISMIC INVERSION AND RCP'S EAGLE FORD PROJECT

The Reservoir Characterization Project (RCP) at Colorado &hool of Mines has a strong
history of advanced research on the bene ts of multicomponeseismic data for reservoir
characterization. The work presented in this thesis buildspon previously acquired knowl-
edge and examines the value of nine-component (9-C) landsseic data in improving inver-
sion results to help geophysicists gain a better understamgj of the subsurface. This chapter

provides an overview of seismic inversion and RCP's Eagler&dProject.

1.1 Seismic Re ection Data and Inversion

Since its rst use for petroleum exploration purposes in thd920s (Wells, 2018), re ec-
tion seismology has been one of the primary methods of undersding the local structure of
Earth's subsurface and has contributed to the discovery ofland gas reserves around the
world. In the 1960s and '70s, the value of seismic data as arptration tool was further im-
proved with the discovery of so called \bright spots" as diret hydrocarbon indicators and the
emergence of digital recording. These advances allowedg®gicists to begin to understand
that seismic re ection amplitudes carried important infomation about subsurface proper-
ties (Chopra and Marfurt, 2005). At this point, seismic datawere no longer just a source of
structural information. Since then, a multitude of amplitude-based seismic attributes have
evolved to maximize the value of seismic data. These develognts have revolutionized ex-
ploration for hydrocarbon resources and signi cantly impoved success rates of newly drilled
wells. In recent years, with the increased interest in uncegantional resource plays due to
improvements in hydraulic fracturing methods combined wit the advent of horizontal wells,

seismic data have become an important tool for charactenw lateral changes in reservoir,



rock, and geomechanical properties to improve well placenteand maximize hydrocarbon
recovery in these di cult tight reservoirs.

One of the advancements that came with the knowledge that senic amplitudes provide
valuable subsurface information was seismic inversion. iBhmethod uses seismic re ection
data to make an informed estimate of what combination of subgface structure and prop-
erties were required to create the observed re ections. Swiic inversion methods are often
used to predict ideal targets for oil and gas wells, both in kgin reservoirs and highly devel-
oped elds. My work seeks to combine multiple surface seistrdatasets to produce optimal
inversion results (i.e., the most accurate estimate of suloface properties) in order to im-
prove reservoir characterization and future developmenihe methods utilized are described

in further detail in the following section.

1.2 Seismic Inversion

1.2.1 Convolutional Model and Poststack Acoustic Impedance Inversio n

A basic understanding of the seismic inversion process hegivith what is known as the
\convolutional model." First described in Robinson (1967)this model states that a seismic
trace is the result of the convolution of a seismic wavelet thi a re ectivity series. This can
be written mathematically as

s(t) = w(t) r(t)+ n(t); (1.1)

where s(t) is the seismic trace,w(t) is the wavelet, r(t) is the re ectivity series, n(t) is
noise, and the symbol represents the temporal convolution operator. Figarl.1l provides
a visual representation of this operation. The re ectivityseries is based on the layering of
rocks of varying properties in the subsurface. For pure-medzero-o set re ections, it can
be described (Russell, 1988) as

V2 2 Vl 1.

rt) = VARVASE (1.2)



whereV; ; and V, , are the product of velocity and density for the layer above ahbelow
the interface at time t, respectively. This product is also kown as \impedance" ¢), and

thus Equation 1.2 can be rewritten as the relative impedanaontrast at the interface, or

Z, 71

Acoustic Reflection Seismic
Wavelet Model Impedance Coefficient  Response
Vips
Vapo
V3ps
Vapa

Figure 1.1: A visual representation of the convolutional maal. Layers of varying rock prop-
erties in the subsurface create impedance contrasts thatroespond to positive or negative
re ection coe cients scaled by the relative contrast. Thisre ectivity series convolved with
the wavelet of the propagating seismic wave results in theismic response recorded at a

receiver.

From the convolutional model, it is clear that any given semic trace will be dependent
upon the sequence of local changes in subsurface layer prope. This understanding can
be used to our advantage in trying to determine the re ectity model that created a given
sequence of measured re ections in a seismic trace, sectionvolume. This is exactly what

is done in conventional poststack inversion of P-wave, or @astic, re ection amplitudes.



Here, given a wavelet and the seismic data, Equation 1.1 can belved for the re ectiv-

ity sequence in time. This sequence can be used to obtain psites of relative acoustic
impedance, which can then be combined with a background Idwequency impedance trend
(usually estimated from borehole data or seismic velocisgto estimate absolute impedance
values. Since acoustic impedance is dependent upon varioosk properties, such as density,
lithology, porosity, and pore uids, this result can give véuable geologic information about

a reservoir and potentially contribute to exploration or deelopment decisions.
1.2.2 AVO/AVA Prestack Inversion

When moving beyond the poststack domain, seismic inversioredtbmes more complex,
but also results in signi cantly more information about the subsurface. This is because
the amplitude variation with o set/angle (AVO/AVA) can help us estimate more properties
than impedance alone. The exact amplitude behavior with vging angle for all re ected
and transmitted plane waves at an interface is described bie¢ Zoeppritz equations. Due to
the di culty of solving these equations and their unintuiti ve nature, there have been many
attempts to linearize them (Fatti et al., 1994; Shuey, 1985; Smith and Gidlow, 1987). One
of the more commonly used forms is described by Aki and Richard2002), who give the
P-wave re ection coe cients as a function of angle at a parttular interface as

1 Vs % ., 1 W% Vs 2, Vs
R -1 4 — n° —+ _—
r() 3 VA 2c08 Vo Ve O Vg

(1.4)

where is the angle of incidenceyp, Vs, and are the averaged values of the P-wave velocity,
S-wave velocity, and density of the layers above and belowdlnterface, and represents the
change in a property across the interface. The approximateWave AVO/AVA response can
be described by three parameters at a given subsurface iritere: relative P-wave velocity,
S-wave velocity, and density contrasts between the upper @rower layers. Because the
contribution of each of these factors varies with angle, wea use prestack seismic data to
estimate a model that best ts this angle-dependent respoas The contributions of each

term to the total P-wave re ectivity (i.e., the values of the coe cient in front of each term),



as described by the linearized approximation in Equation 4, are shown in Figure 1.2. From
this gure, the zero-o set re ectivity is controlled completely by the P-wave velocity and
density contrasts, as shown in Equation 1.2. At larger angleof incidence, the contribution
of the density term deviates from P-wave velocity, and the $ave velocity starts to have a
more signi cant e ect. Accordingly, estimates of density ad S-wave velocity become better
resolved when long-o set data are available, although it isnportant to keep in mind that
the Aki-Richards linearized approximations can become highinaccurate at far o sets for
certain combinations of parameters (Haase, 2004). Additiol it is di cult to di erentiate

the e ects of each term, and thus these estimates may be poprtonstrained by PP data

alone.

3 T T T T T
AVpNp
28 [—-—-—AVsis, 4=4 7
AValNg, 4=2
5 L |— — —AVsis, =15 -

15t —é”;ﬂ. '.f— ]

. Sum, +=2 «” ’

Coefficient
-
.
L3
-
-
L]

1] 10 20 30 40 50 80
Incidence Angle

Figure 1.2: Contribution of individual terms to P-wave AVA behavior. Note the dependence
upon = VZ for both the VS and — terms, which is shown by varying the ratio in the
dash-dotted and dashed curves The sum of contributions fartyplcal value of 2 is shown
in black. This represents a scaled AVA curve for the case wieer = v VLSS and — are
equivalent.




Once we have optimal estimates of all of the parameters, wencase them to develop a
better understanding of the subsurface than would be posgbwith only P-impedance from
poststack inversion. Crossplots of various combinationd these values from well logs can
help us more accurately constrain lithology, uid, and petophysical properties. Additionally,
geomechanical parameters that have major impacts on hyddau fracture behavior and,
accordingly, ultimate hydrocarbon recovery in tight forméons like the Eagle Ford (Sun
et al., 2015), can be acquired from the inversion results. Theseopesses are discussed in

further detail in Chapter 5.
1.2.3 Multicomponent Data and Joint Inversion

Seismic body waves are often categorized into three modesinary, or compressional,
\P-waves" and two categories of secondary, or shear, \S-wes." All three of these body
waves induce di erent particle motions and thus have the pential to provide dierent
information about the media through which they travel. Seisic re ection data are further
classied as PP, PS, SS, and SP, where the rst and second lettindicate the downgoing
and upgoing wave modes, respectively. In this simpli ed nation, the two types of S-waves,
SV and SH, are grouped together because their kinematics ateetsame in an isotropic
case. More details on this topic are addressed in Chapter djtthere it is important to note
that in practice, PP (single-component) data represent thenajority of seismic re ection
data acquired. Because of the added cost and complexity, miabmponent data, which also
records (and sometimes excites) propagating S-waves, asrety acquired. Additionally,
when multicomponent surveys are conducted, they usually gnobtain three-component
(3-C) data, meaning a vertical source recorded into threesmponent receivers. Full nine-
component (9-C) surveys with horizontal sources are rarelcquired. This is potentially
leaving a valuable source of information about the subsuda untapped.

RCP Phase XVI work showed the theoretical value of multicompa@nt data for fracture
and anisotropy characterization (Omar, 2018) and the impr@ment in inversion results for

S-impedance from including the converted-wave (PS) eld da in a joint simultaneous in-



version work ow (Copley, 2018). My work seeks to further arlgze the potential bene t
of converted-wave and pure-shear datasets for seismic irsien, using the Eagle Ford 9-C

dataset described in Section 1.3.

1.2.4 Methods and Work ow

For the inversion methods utilized in the rst part of my work (described in Chapters 3-5)
| make use of the CGG HampsonRussell software package's melg@ted inversion (Hampson
et al., 2005). This method takes three inputs|seismic data, one omore wavelets, and a low-
frequency background modeljand outputs a model containingparameter estimates, which
vary depending on which inputs are used, but can include P-pedance, S-impedance, and
density. The parameter combination that the software inves for is one of various possible
three-term parameterizations to describe seismic AVO/AVAehavior (Gray, 2004). The low-
frequency model input is necessary to provide the backgraditrend that is missing from the
bandlimited seismic data in order to achieve absolute, raéh than relative, parameter value
estimates. The background model, which contains all the pameters being estimated, is
often created using well logs, with values extrapolated tbughout the seismic volume using
interpreted horizons as a guide. In lieu of well logs, otheosrces that provide or allow for
estimation of the necessary information, such as migratiorelocities or VSP data, could be
used to build the initial model.

The overall Hampson-Russell inversion process begins witbnditioning the input data
(which may need to be revisited if initial results suggest #re are problems that were not
addressed). The next steps are to pick major horizons in theeismic data, estimate a
wavelet or multiple wavelets, and perform well-to-seismities. Once these processes are
done, the low-frequency model can be created. The nal step to perform the inversion.
In this step, the inversion iteratively updates the startirg low-frequency model to create a
better match between the input seismic data and forward-maded synthetic data. There are
various parameters that can be adjusted to create the optirhaesult for the speci c survey

goals, whether that be minimizing the mis t to the seismic d&a, maximizing the correlation



between model parameters and well logs, or some combinatithrereof. These parameters
and how they a ect the inversion results are detailed in Chagr 4.

Due to limitations of the Hampson-Russell inversion methodamnost signi cantly the inabil-
ity to invert pure-shear wave modes, | also developed a codet extends a similar inversion
method to include SS data in addition to PP and PS. This was nessary to further study
the impact of including S-wave data in AVA inversion, as an iproved understanding of the
value of 9-C data could potentially justify future acquisitons. That work is described in

further detail in Chapter 6.
1.3 RCP's Eagle Ford Project

The Eagle Ford Project is the main focus of Phase XVII of RCP, wbh began in Fall
2017. 1t involves the analysis of a variety of datasets acqad by project sponsors Devon
Energy Corporation and Penn Virginia Corporation sampling @& actively producing area
of the Eagle Ford Shale in South Central Texas. The project aa, geologic background,

available data, and project objectives are outlined withirthis section.
1.3.1 Location

The Eagle Ford Shale play spans about 400 miles, running sbwest-to-northeast from
the Texas-Mexico border into East Texas (see Figure 1.3). Regally, beds dip to the
southeast, and kerogen maturity increases with depth. Due its low permeability, very little
hydrocarbon migration occurs within the Eagle Ford formabn, which creates a low to high
gas-oil-ratio (GOR) transition in the dip direction, opposte of what would be expected in a
conventional reservoir. The study area of RCP's Eagle FordrBject is located approximately

in the volatile oil window of this transition zone in and aroumd Lavaca County, Texas.
1.3.2 Geology

The Eagle Ford Shale was deposited during the late Cretacegperiod (Figure 1.4) during

a time when the shallow sea known as the Western Interior Seayvspanned what is how
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Figure 1.3: A map of the Eagle Ford Shale Play showing RCP's Hext Area, GOR values,
structure, and outcrop locations. Modi ed from Energy Infemation Administration (2014).

the central United States. During this time, oceanic oxygerelels were very low, e ectively
preserving signi cant amounts of organic material (Phelp®t al., 2014). The Eagle Ford
Shale is generally divided into Upper and Lower zones based e boundary between the
Cenomanian and Turonian ages, but locally the Upper Eagle Fbris not present (Hentz
and Ruppel, 2010). Although the Eagle Ford is referred to as aale, this is somewhat
of a misnomer, as in our study area, the Lower Eagle Ford is neaccurately described
as a marl, or lime-rich mudstone, based on the high carbonatentent determined from
lithology logs and XRD core analysis. Locally, the formatiomverages about 35% clay, 40%
calcite, and 20% quartz. The carbonate and quartz content salts in more brittle rock
and thus improved hydraulic fracture behavior, while the @y content may be associated
with higher total organic carbon (TOC), higher porosity, ard more hydrocarbons in place.
Understanding these factors when determining locations féuture wells may be necessary

for improved recovery.



Additionally, the lithology is an important factor to consider during drilling and comple-
tions, as the presence of swelling clays has been shown taease risk of wellbore instability
(Andersonet al., 2010) and clays may cause a number of issues during hydradtacturing
(Kong et al., 2016) that could reduce ultimate hydrocarbon recovery. Vations in kerogen
content, along with kerogen maturity, are also important fators to consider when determin-
ing the best locations for future wells, since the low permbdity of the formation means
hydrocarbons do not migrate far from where they are generate Because of the relatively
high compliances associated with clay and kerogen, theseperties will have a signi cant
impact on velocities, and thus lateral variations should lt in impedance changes that can

be identi ed in seismic inversion results.
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Figure 1.4: Stratigraphic column and type log for RCP's Projet Area. Modied from
Ratclie et al. (2012).

Directly overlying the Lower Eagle Ford Shale in our study aa is the Austin Chalk
(Figure 1.4). The basal deposits of this formation, known as&eé Lower Austin Chalk, contain
signi cant amounts of hydrocarbons and are an additional welanding target in the area.
As compared to the Lower Eagle Ford, the Austin Chalk containseks clay, more calcite,

and is known to be more highly fractured (Galest al., 2014). Analysis of an image log from
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a well within our study area agrees with this, although a diple sonic log in another area
suggests otherwise, indicating that the fracture density ay vary spatially. High-producing
areas of the Austin Chalk are generally more highly fracturedo this is an important factor
to consider in selecting future well locations.

In both formations, geomechanics can play a major role in d&imining how hydraulic
fractures will behave, and thus how wells will perform overimme (Sunet al., 2015). Seismic
inversion can help estimate important elastic propertiese(g., Poisson's ratio and Young's

modulus) that a ect this behavior.

1.3.3 Data

The datasets acquired by eld data sponsor Devon Energy Caoopation were designed
to study reservoir changes associated with the stimulatioand production of two lateral
wells targeting the Lower Austin Chalk (Well A) and Lower EagleFord Shale (Well B).
With this goal in mind, time-lapse surface seismic and vertat seismic pro le (VSP) data
were acquired spanning the completion of the two wells, in diion to microseismic data
acquired during their stimulation. The surface seismic datincludes a 9-C baseline survey
and a 3-C monitor survey. Figure 1.5 shows their acquisitionegmetries. The VSP surveys
involved various source geometries, and the data were reded with 3-C geophones in Well
B and optical ber cemented behind casing in Well A. The micrasismic monitoring utilized
the surface 3-C geophone grid, additional radial and patchextical receiver arrays, and the
optical ber in Well A. Figure 1.6 shows a schematic of these aaggitions. Figure 1.7 is a
relative timeline of the datasets acquired by Devon Energydporation.

In addition to the geophysical datasets, we also have wellge and core data for various
wells within the study area, mostly provided by Penn Virgine Corporation. Table 1.1
summarizes the velocity and density log data used in my anaig. Figure 1.8 shows the
locations of these wells, along with various lateral wellsithin the study area.

Finally, there are various other sources of information abdthe reservoir available. These

include production data, ber completions monitoring for Well A, diagnostic fracture injec-
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Figure 1.5: Acquisition geometry for the 4D multicomponent semic data in RCP's Eagle
Ford Project. Locations are shown in red for (a) the baselineertical sources, (b) the baseline
horizontal sources, and (c) the monitor vertical sources.-G receivers are indicated in blue.
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Figure 1.6: Schematic showing the various acquisitions of VS#hd microseismic data for
RCP's Eagle Ford Project.
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Figure 1.7: Relative timeline of data acquired for RCP's EaglFord Project by Devon Energy
Corporation.

Table 1.1: Velocity and density log data availability. An “x'denotes an available log.

| Well || P-wave Velocity | S-wave Velocity| Density |

C X X X
G2 X
K1 X X X
L1 X X

M1 X X X
N5 X
S1 X X
Ul X X
W1 X X
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Figure 1.8: Map of wells in the study area shown in relation tohe surface seismic survey
boundary.
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tion tests (DFITs), uid pressure-volume-temperature (PVT) analysis, and other engineering
tests. These data were used to constrain dynamic modeling nkdoy other members of the
Eagle Ford team.

My work focuses on the surface seismic datasets and how they de used to characterize
the properties of the reservoir. For this purpose, | am workg with the 9-C Baseline survey
acquired in May 2015 and utilizing the PP, PS, and SS datasetsalso make use of well logs
throughout the area. In an e ort to integrate the various addtional datasets, microseismic

and production data are also included in the interpretatiorof my seismic inversion results.
1.3.4 Project Goals

The overall goals of the project, as determined jointly beteen RCP's Eagle Ford Team
and our industry sponsors, are to better understand the voluenof reservoir accessed and
drained by hydraulic fractures, how that volume evolves oveime, and how that a ects
decisions on where to drill and how to stimulate. Broad objéges outlined in the original

research proposal include:
measuring the e ective stimulation of the reservoir from iitial completion to life;
improving well placement and completion design;

evaluating potential methods to further the understandingf stimulation and produc-

tivity; and
developing a strategic plan for the life of eld development

My work seeks to support these goals by providing an accuraséatic model of the reservoir
in order to improve dynamic modeling e orts. Prior to these erts, the static model for the

project included information from well logs alone. This gavonly a limited understanding the
lateral changes within the reservoir between wells. My mobienproves upon previous work
by taking into account the seismic data to constrain these faral changes. Additionally,

it shows the value of including multiple sources of informain to arrive at an integrated
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interpretation. Speci cally, it studies the value of conveted and pure shear wave modes in
seismic AVA inversion. The results, which contain detaile@D models of key parameters
such as elastic and geomechanical properties, can also beduto determine ideal locations

for future lateral well targets, and thus in uence the future development of the eld.
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CHAPTER 2
MULTICOMPONENT DATA OBSERVATIONS

Multicomponent data can provide useful additional sourcesf information for improving
estimates of poorly constrained properties estimated froseismic inversion of PP data alone.
Because 9-C data were acquired for the Eagle Ford Project, have converted and shear wave
volumes available for this purpose. Before beginning theversion process, it is important
to rst analyze the various available datasets to better undestand their potential value and
limitations. This chapter starts with the theoretical value of PS and SS data for inversion

and then showing examples of the various surface seismicalsts in the Eagle Ford Project.
2.1 Data Types and Receiver Rotations

Before examining the eld data, it important to understand what we should expect to
observe in each of the various data types resulting from a 9-#cquisition. The three main
re ection data types are PP, PS, and SS. This notation is uself for simplicity but does
not distinguish between the SV and SH S-wave modes. In isghio media, these modes are
polarized perpendicular to the direction of their propagabn and orthogonal to each other.
Their AVO behavior is signi cantly di erent, so it is necessary to distinguish between the
two.

In the case of converted P-to-S waves, where particle motigenerated using a vertical
source, the downgoing P-waves will create particle dispment in the vertical plane of wave
propagation. Thus, a converted-wave re ection in an isotq@ic medium will create an SV-
wave where, likewise, particle displacement is purely in ¢hvertical plane. In this sense, P-
and SV-wave behaviors are coupled. In anisotropic media, whevelocities are not the same
in every direction, seismic birefringence, or shear-waveligting, will occur, creating SH-
waves with out-of-plane polarizations. Seismic surveys signed to record converted waves

use two horizontal receiver components, generally oriedtén the eld x-y or inline-crossline
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directions. During processing, the energy on these recew/és often rotated into a di erent
coordinate system known as radial-transverse (R-T). As a ceequence, all of the recorded
P-SV re ections will appear on the vertical and radial compoents, while any shear-wave
splitting is apparent in the SH-waves recorded on the transk® component (Omar, 2018;
Simmons and Backus, 2001).

For pure-shear re ection data, the situation is further corplicated by the presence of
both downgoing and upgoing SV and SH waves. Surveys desigriedacquire pure-shear
data feature two orthogonal horizontal sources at every shpoint, oriented in the eld x-

y or inline-crossline directions, that each create downga SV and SH waves. In isotropic
media, shear-wave re ections will be the same mode as theiohent wave. As with converted-
wave data, shear-wave splitting will occur if anisotropy ipresent. When the upgoing waves
reach the surface, they are again recorded on two horizontakeivers. During the processing
of the pure-shear data, both source and receiver orientati® are rotated into either fast-
slow (F-S) or R-T components. Simmons and Backus (2001) and @m(2018) illustrate the
bene ts of operating in the R-T coordinate system. In this sgtem, data rotated into the
RR component (radially oriented sources and receivers) Wdhow SV-SV re ections, the TT
component (transversely oriented sources and receiversijlvshow SH-SH re ections, and

the presence of shear-wave splitting will be visible in the@ss-components RT and TR.
2.2 Value for Inversion

Chapter 1 discussed the linearized AVA equations for PP datand their implications
for seismic inversion. The corresponding equations for PAdaSS data are di erent, which
can be used to our advantage when inverting for propertieshar than P-impedance. For
converted P-SV waves, the AVA response of the re ection coeient at an interface (Aki

and Richards, 2002) is
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where variables are as de ned for Equation 1.4.; and ; are the incidence and re ected
angles, respectively, and p is the horizontal slowness, @yrparameter constant, which can
be represented for converted P-to-S waves as
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Similarly, the approximate AVA behavior of pure-shear SV (Akand Richards, 2002) and
SH re ections (Rager, 2002) are given as
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Here, represents the incidence angle, which is equivalent to the ected angle. Substituting

for the ray parameter and reorganizing terms allows us to regsent Equations 2.1, 2.3, and
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In this format, it is much easier to determine the contributon of each term with increasing
angle of incidence. These contributions are plotted in Figar2.1a-c for converted, SV, and
SH waves, respectively. From this result, we can see thatttaugh all three equations are
dependent upon the relative change in S-wave velocity andrdgty across an interface, the
contribution of the individual terms varies signi cantly between data types. For converted

waves, the contributions of each term are dependent upon tl'%/g ratio, but in general, the

V s
Vs

behavior is controlled by the term out to far o sets. In comparison to the P-wave
contributions plotted in Figure 1.2, the PS data have a much lger contribution from this
term at mid-o sets, indicating that they are likely useful sources of information about shear
velocities when included in seismic inversion. This is castent with what Copley (2018)
found in a previous RCP case study in a di erent eld. Unforturately, the — term has very
little contribution until average angles greater than 40, so it is unlikely that converted wave
data will be particularly useful for estimating density through inversion due to acquisition
aperture.

From Equations 2.6 and 2.7 and Figure 2.1b-c, the pure-sheatdsets have the same term
contributions at zero-o set, with both \\’,—SS and — contributing equally. This is equivalent
to the zero-o set behavior described in Equation 1.1. For tis reason, both the SV and
SH wave poststack data, which approximate the zero-o set sponse, can be inverted to
estimate shear impedance in the same way that poststack PPtdaare inverted to estimate
acoustic impedance. This could provide signi cant bene t$or reservoir characterization, as
combining P- and S-impedance can help separate di erent ditypes.

Despite the SV- and SH-wave term contributions being equivaleat zero o set, their
AVA behavior varies drastically. The SV-wave exhibits a polaty reversal at approximately
25, which could vary slightly depending on the relative contrst of the \\’,—: and — terms
at an interface. The exact angle of this polarity reversal edd be diagnostic of reservoir

properties. Unlike PP and PS data, the pure-shear re ectionoe cients are independent

of the Vp-Vs ratio. Another di erence observed in Figure 2.1b-c is the retavely large
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Figure 2.1: Contribution of individual terms to (a) PS, (b) SV,and (c) SH AVA behavior.
Note that only the PS AVA behavior is dependent upon = Y/—Z The black curves show
the the sum of contributions (for a typical value of 2 in the case of the PS data). These
represent a scaled AVA curve for the case whng\;i and — are equivalent.
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percentage contribution of the— term at much nearer o sets than for PP and PS data.
These observations indicate that pure-shear data may be yeuseful in seismic inversion for
improving estimates of the critically important density tam, especially SH re ections, whose
contributions from the density term do not vary with o set.

An important point to note is the di erence in sign of the re edion coe cient terms
for the di erent data types. Regardless of the re ection coeient polarity, throughout this
work | follow a convention where interfaces representing ancrease in P- or S-impedance
correspond to a peak in the near-o set seismic traces. Thismvention allows for consistent

analysis, comparison, and interpretation of di erent datatypes.
2.3 Poststack Field Data

With a knowledge of the theoretical AVA behavior of the dieret datasets in a 9-C
survey, the eld data can be analyzed to determine if they mah expectations. To compare
the various datasets, we start by observing sections of thegtstack data provided by the
processing contractor. Figure 2.2 shows cross sections o# tAP, PS, RR, and TT data
types for Inline 250 and Crossline 230, which pass approxitaly through the wellhead
location of Well C near the center of the survey area. Here, thdata are shown in their
originally recorded times, but on di erent time scales to failitate comparison. An important
observation in these images is the di ering time structure igible in the unregistered data on
Inline 250. We can see that while the PP data are relatively &in this direction, the PS data
dips in time toward the NE and the SS data dips in time toward theSW. Since there is no
reasonable geological explanation for these di erencese wan infer that there were issues in
the velocity models used during data processing and/or isssi with long-wavelength statics.
The fact that the three datasets were processed independgnof each other could explain
the discrepancy in the results. The time structure issue is itigated during the process of
registering PS and SS time to PP time using horizons interpied from the seismic data, but

is important to keep in mind to understand potential problens in the data.
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After registration (Figure 2.3), one of the rst observationsis the decreased frequency
content and resolution of the PS and SS datasets when compéri® PP, likely due to the
greater high-frequency shear-wave attenuation (Walsh, @8) and, in the case of the SS data,
the limited frequency sweep range of horizontal vibe truck&-44 Hz) as opposed to that
of the vertical vibe trucks (4-96 Hz) used during acquisition Another observation is the
overall data quality, which is best discerned by examininghe Middle Wilcox Channel, the
major structural feature in all datasets, at approximately800 ms from the top of the section.
The PP data show the most detailed and high-resolution image the channel, while the PS
data quality is signi cantly poorer. Of the two pure-shear @tasets, the TT data results in
a better image than the RR, and is comparable to the PS data. Ehimprovement over RR
is explained by the prestack data observations discussiamthe following section.

Amplitude spectra of shallow and deep windows for each datadeefore and after regis-
tration (Figure 2.4), con rm the visual observations of lowe frequencies in the PS and SS
data. The shallow window was above the Wilcox Channel, and tldeep window was centered
on the reservoir. From this gure, we can also see the e ect @fttenuation as we move from
the shallow window to the reservoir interval, and the arti dal improvement in bandwidth
resulting from the registration. Interestingly, after regstration, the SS data result in higher
frequencies than the PS data in the shallow section and similfrequencies at the reservoir

interval.
2.4 Prestack Field Data

More information about the various datasets can be acquirddom comparing the angle
stacks for each of the data types. In Figure 2.5 and Figure 2.Gjline 250 and Crossline
230 are shown again, but for the 10angle stacks from 0to 50 for each provided dataset.
Since these angle stacks are the direct inputs to prestackv@rsion, quality control (QC) of
the expected AVA response is a key step prior to beginning theversion process. Starting
with the PP data, it is clear that frequency and resolution derease with increasing angle

of incidence, but the signal-to-noise ratio seems to be imasing. Amplitudes for major
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Figure 2.2: Panels showing the poststack PP, PS, RR, and TT dldata prior to registration.
(a) Inline 250. (b) Crossline 230. Basemaps of the sectionds and labels of the approximate

location of the Eagle Ford (EF) are shown on the right.
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Figure 2.3: Panels showing the poststack PP, PS, RR, and TT dldata after registration
to PP time. (@) Inline 250. (b) Crossline 230. The location dhe top of the Wilcox Channel

is noted using the "WC' labels.
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Figure 2.4: Amplitude spectra of the multicomponent datasetbefore and after registration.
The x-axes range from 0 to 100 Hz and the y-axes range from 0 dB) to -50 dB (bottom).



re ectors vary with angle, and generally decrease in magnie with increasing angle in
accordance with the PP AVA behavior predicted by Equation 4. For the PS data, the
angle stacks look quite di erent. Here we see a very clear imase in amplitude at the mid-
angles from 10to 40 and rapid decreases at the near and far angles. This is alspegted
from the PS AVA response given in Equation 2.1. The RR and TT pe-shear datasets,
which looked similar in the poststack volumes, look signiantly di erent when comparing
angle stacks. This is due to the dierences in AVA behavior lieeen SV and SH waves,
with the former exhibiting a polarity reversal near 25 not observed in the latter. This is
consistent with the behavior expected from the respectiveVA equations (Equations 2.3 and
2.4). Here it becomes more apparent why the TT poststack dataeof higher quality than
the RR poststack data|the full angle range can be stacked forTT, but only angles out to
the polarity reversal of SV waves can be stacked for RR.

In the same gures, we can see similar data quality as was obgsd in the poststack data.
The relatively poor quality of the PS data is likely attributed to di culties in processing,
as the asymmetry of the downgoing and upgoing raypaths sigrantly complicates many
processing steps. The re ection point dispersal of conved waves makes an accurate velocity
model a crucial part of producing a high-quality image, andhte di ering time structure of
the various datasets prior to registration suggests incoisgencies in the velocity models used.
Since 9-C data are available, a logical processing ow woulldclude P- and S-wave velocity
model building for the pure modes, followed by a combinatiorf these results used to process
the converted waves. Unfortunately, this was not the methodiogy used in the contractor's
production processing.

Another important aspect of the processing of these datasatst readily apparent from
the gures above was the removal of the kinematic e ects of asotropy. This meant ap-
plying corrections for both nonhyperbolic moveout due to vécal transverse isotropy (VTI)

e ects that are intrinsic in shales and azimuthal velocity ariations related to the presence of

natural fractures. Additionally, birefringence analysis,estimation, and compensation were
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Figure 2.5: Panels showing inline 250 of the (a) PP, (b) PS, (§R, and (d) TT eld data
angle stacks.
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Figure 2.6: Panels showing crossline 230 of the (a) PP, (b) P&) RR, and (d) TT eld
data angle stacks.
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applied separately to converted and shear wave data. Thesatasets were then 5-D inter-
polated, prestack time-migrated, and post-processed famerpretation. While these steps
may have resulted in improved images, they leave the data uinfor anisotropy analysis,
which could provide important information for improving reservoir characterization. How-
ever, reprocessing the data to retain this critical informigon is beyond the scope of this

thesis.
2.5 Software Capabilities

Other considerations to take into account before moving faard are the inversion capa-
bilities of the various software packages that are availadfor RCP's use. From our knowledge
of the AVA equations for each of the di erent data types, it waild likely be bene cial to
include all in our inversion work ows. Unfortunately, while most inversion software can
make use of converted waves, none of the packages availabl®CP are capable of utilizing
pure-shear data as an input to prestack AVA inversion. Thusl, am limited to PP and PS
data for this purpose. Because the SS zero-o set re ectiomme cients are equivalent to those
of PP (but with S-impedance substituted for P-impedance), & can still use the poststack
pure-shear data to invert for shear impedance by treating &s PP data within the software.
To do this, we utilize the TT data, as opposed to the RR data, de to its higher-quality
poststack image. Throughout the majority of this work, we wi proceed with analysis of PP,
PS, and TT datasets. The development of a method to jointly wert PP, PS, RR, and TT

data is detailed in Chapter 6.
2.6 Data Conditioning

During initial inversion iterations, the datasets shown abve were utilized as delivered
from the contractor with no additional processing steps apied. Various data issues that
negatively a ected results quickly became apparent: (1) wxpected data phase; (2) unreal-
istic lateral amplitude variations for major re ectors araund the reservoir; and (3) presence

of signi cant noise in the PS and SS datasets. These issudse tproblems they were causing
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in the inversion results, and their solutions are detailedddow.
2.6.1 Data Phase

Originally, | assumed the poststack and angle stack volumesere zero-phase. This incor-
rect assumption generated major errors in inversion resalivhen compared to well logs. To
resolve this issue, rather than using non-zero-phase wats| the seismic data were shifted
to zero phase, as this was more convenient for interpretivaiposes. The optimal phase
shift for each data type was estimated using well ties to thegststack data with wavelets of
varying phase. This resulted in a 160phase shift for both the PP and PS data and a 60
shift for the SS data. The cross-correlation of well ties tohe poststack data for all three
datasets improved after applying the phase shifts, from 63 to 0.965 for PP, 0.866 to 0.972
for PS, and 0.922 to 0.956 for SS. Accordingly, the inversiorsults improved signi cantly,

as would be expected from the improved well ties.
2.6.2 Lateral Amplitude Variations

After resolving the phase issues, other problems in the ingon results became more
evident. The most signi cant of these was major lateral amftude variations in all datasets,
generally showing a fading of amplitudes away from the cemtef the survey. This led to
inversion results that showed lateral impedance variatiawithin individual formations that
were unrealistic when compared to expected levels of geatogariation from the previous
static model, well logs, and modeled amplitude variationsitih changing rock properties. Be-
cause these variations are di cult to observe in gray-scalseismic sections, Figure 2.7 shows
the seismic data using a di erent colorbar and decreased gaalong with RMS amplitude
slices taken from di erent zones moving down through the seon. Here, the lateral varia-
tions become much more noticeable, and we start to understhpotential contributions to
the problem. Figure 2.7a shows a very strong correlation beten shallow amplitude varia-
tions and survey acquisition holes, indicating the 5-D intpolation applied prior to prestack

time migration was not successful in removing the acquisitn footprint. Taking a slice fur-
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ther down section shows a di erent factor|amplitude variat ions related to the presence of
the Middle Wilcox Channel, whose time thickness is also showRigure 2.7b). Figure 2.7c-e
shows slices around the Anacacho-Austin Chalk interface, thieagle Ford-Buda interface,

and a window below the Buda, all showing lateral amplitude v&tions much larger than

expected from knowledge of local geology. Here, the amplitighatterns vary from those
observed in the shallower sections, but are likely a ectedybboth of the aforementioned
factors.

Because of their major impacts on inversion results, thesang@asonable lateral amplitude
variations could not be ignored. If additional time were avéable for the project, the ideal
solution would involve partially or fully reprocessing thedatasets with a focus on achieving
more consistent amplitudes at the reservoir level. To obtaithe desired level of accuracy for
both anomaly detection and 4D analysis, prestack depth migtion (as opposed to prestack
time migration) might even be necessary. However, a more eent solution had to be
applied to t within the scope of this thesis.

A handful of di erent methods were tested with a goal of arrilng at a reasonable result
while remaining as true as possible to the underlying physic The most favorable solution
was obtained from observation of the RMS amplitude slices iRigure 2.7c-d, which show
a striking similarity that cannot be explained by any simplegeologic factors. There is no
reason to believe that lateral rock property changes in the Aatacho and Upper Austin Chalk
should correlate to those in the Eagle Ford and Buda. From heythe idea of ‘regularizing'
amplitudes at the Anacacho-Austin Chalk interface was gended. The logic behind this
solution is that because this interface is close in time to oveservoir and zone of interest, any
amplitude variations related to survey acquisition and proessing should be nearly the same
in both zones. Additionally, it was determined from well logén the area that the Anacacho
and Upper Austin Chalk should not vary much laterally, and, theefore, it is reasonable to
assume that the RMS amplitudes from a slice over this zone shd be constant. Another

benet of this method, as opposed to others considered, isahit results in acceptable
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Figure 2.7: Inline 250 showing signi cant lateral amplitudevariations and RMS amplitude
slices from various zones. The windows where RMS amplitudesre extracted are indicated
using the same colored box as the slice. (a) A comparison beem the slice from the
window above the Wilcox Channel and the acquisition geometrwith sources shown in
red and receivers shown in blue. There is a signi cant coraglon between low-amplitude
zones and acquisition holes. (b) A comparison between thécsl from the window around
the Wilcox Channel and a map of the channel's time thickness. Apfitudes in this zone
are a ected signi cantly by the lateral heterogeneities ceated by the channel. (c) An RMS
amplitude slice around the Anacacho{Upper Austin Chalk intedce. (d) An RMS amplitude
slice around the Eagle Ford{Buda interface. (e) An RMS amplitde slice for a zone below

the Buda formation.
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amplitude variations at the reservoir while completely avding using amplitudes from the
reservoir zone. For these reasons, this solution met the essary requirements of both
creating reasonable levels of amplitude variations aroutide zone of interest and maintaining
a reasonable physical explanation.

This scaling method was applied separately to each of the @datypes by regularizing
the RMS amplitudes for a slice around the Anacacho-Austin Chalinterface. The same
corrections were then applied to each individual angle stador a particular wave mode,
rather than estimating a new correction for each angle. Thiallowed us to maintain the
AVA behavior present in the original data. Figure 2.8 shows th slices of RMS amplitudes
at the top of the Eagle Ford for the poststack datasets beforand after scaling. Prior to
scaling, the amplitude patterns between the three datasetsad no meaningful correlation
other than stronger amplitudes in the center of the survey. Aér the scaling, a consistent
pattern of decreasing RMS amplitude downdip to the southeagan be seen for all three

datasets. This is one reassurance that the method is working expected.

2.6.3 Noise in PS and SS Data

The nal issue that became apparent in the initial inversionresults, especially of the
poststack TT data, was that impedance variations did not agin with known geology. These
appeared as zones of higher or lower impedance with a dip mugteater than expected.
Upon further inspection, these were determined to be a produof signi cant noise in the
data related to migration swings (see Figure 2.3). These wemost apparent in the SS
datasets, as the number of shots was decreased while bin svas kept constant. Thus fewer
data were available to cancel out the e ects of the swings dmg stacking, especially near
the survey edges. These e ects were somewhat mitigated by thpplication of an F-K Iter
to remove noise with larger-than-expected dips, carefulgpplied to avoid a ecting any true
signal. The same process was applied to the converted waveadavhere migration swings
were still visible, though to a lesser degree. No signi canssues were observed in the PP

datasets. Bandpass lIters were applied to all data to furthereduce unwanted noise. As an
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Figure 2.8: RMS amplitude slices at the Eagle Ford horizon @kt and after scaling was
applied for the PP, PS, and TT data.
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example of the level of noise removed, Figure 2.9 presents tlesults of these Iters on the
TT dataset (before, after, and di erence). While some of the ects of the migration swings
were removed, some are still apparent. More work could potelly be done to combat the

issue, but this result was su cient for our purposes.

Figure 2.9: TT data before (upper) and after (lower) applyinghoise removal, and the di er-
ence between the two. (a) Inline 250, and (b) Crossline 230.

After applying these conditioning steps, the eld data was rady to move forward in the

inversion process.
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CHAPTER 3
SYNTHETIC DATA TESTS

To observe the potential value of utilizing PS and SS datasein addition to PP data, |
begin by showing inversion results from synthetic seismi@ath modeled using known elastic
parameters. Since the model is known exactly, inversion s for P- and S-impedance,
and density, along with the calculated -V ratio, can be compared directly for accuracy.
Additionally, the synthetic data, generated from true well bg values around the reservoir
interval, can be compared to the eld data to determine if thg match expectations. In
this chapter, | discuss synthetic data generation, compamodeled data to eld data, and

analyze the results of di erent seismic inversions.
3.1 Elastic Waveform Modeling

To create the synthetic seismograms for all of the necessamave modes, | used model
parameters (P- and S-wave velocity and density) derived fno Well C logs. A simple model
was created using only the logs from just above the Anacachoptto just below the Buda
top and extrapolating the endpoints. Figure 3.1 shows the metiparameters.

Synthetic PP and PS (radial component) seismograms were ated using the CGG
HampsonRussell software's AVO Modeling module and seledithe elastic modeling method,
which is necessary to obtain accurate results, as shown imfBnons and Backus (1994).
The synthetic data were then NMO corrected using exact veld@s and accounting for non-
hyperbolic moveout before converting from o set to angle ghers. Finally, they were stacked
into 10 angle bins from 0-50 to match the eld data format.

Because the HampsonRussell software cannot model shearevawurces, another method
had to be applied to obtain SS seismograms. Here, the re edtivmodeling code described in
Simmons (2004) was utilized. Since the TT domain showing puSH re ections was selected

to be used for the initial eld data inversions in Chapter 2, he TT-equivalent synthetic data
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Figure 3.1: Model parameters (¥, Vs, and ) used for full elastic waveform modeling.
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were used to create our synthetic seismogram. The same pigirg steps as for the PP and
PS synthetics were then applied to create ve angle stacks. dtire 3.2 shows the PP, PS,
and TT datasets before and after the processing steps. Thig/gs a sense of how the data

arrive at the format used as an inversion input.
3.2 Field Data QC

One bene t of modeling the expected seismic response fromiviegs is being able to use
the results to perform quality control (QC) on the eld seisnic data. Visually comparing the
data allows us to observe any discrepancies that we might me® be cognizant of moving
forward. To make this comparison, | used gathers from the PPnd PS eld data at a CDP
location near Well C, and included TT data for comparison evethough they are not used in
the initial HampsonRussell prestack inversions. Figure 3.®mpares the eld and synthetic
gathers and shows that the PP data match fairly well out to abat 35 , beyond which the
eld data amplitudes begin to fade while the synthetic amptudes increase. The PS data are
much noisier, but the general AVA trend matches between theysthetic and the eld data,
with amplitudes increasing with angle. The TT eld data are nore (less) noisy than PP
(PS) and show a slight decrease in amplitudes at larger angléor the re ectors around the
reservoir. The re ections above the reservoir are very dinmicomparison to the synthetics.

A more quantitative approach to analyzing the the eld data pior to prestack inversion
is to compare its AVA behavior to that of the synthetics. If they do not show the same trend,
then the eld data will likely result in a poor inversion resut. Figure 3.4a-b shows the PP and
PS RMS amplitudes, respectively, from the Anacacho to Buda extors for the central angle
of each eld data angle stack (direct inversion inputs) andach synthetic angle stack from
modeling. Figure 3.4c and Figure 3.4d present similar plots @lving the exact amplitudes at
the Eagle Ford horizon. The amplitudes are normalized by theear-angle-stack value for PP
and for the 25 incident angle stack value for PS. From these plots, we canesthat the PP
eld data AVA behavior generally matches what is expected &m the synthetics, but starts

to deviate slightly at the 45 angle stack. Due to the asymmetrical downgoing and upgoing

38



Figure 3.2: Results of elastic waveform modeling. (a) PP datgb) PS data. (c) TT data.
The left side shows a raw gather, and the right side shows th@ lincident angle stacks after
NMO correction.

39



Figure 3.3: Comparison of synthetic and eld data angle gathe for PP, PS, and TT.
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raypaths, the PS data are complicated by the multiple anglesivolved: incident, re ected,
and their average. No mention of the angle used for stacking svéound in the eld data
processing report. Originally, it was assumed to be based ortidence angle (which is how
the angles were calculated for synthetics), but the companns show a signi cant mismatch
for the two far-angle stacks. For this reason, the calculalere ection and average angle are
also plotted. The eld data shows the best match to the averagangle curve, but even with
this curve there is still a large error for the far-angle st&s. Based on these observations, it
is unlikely that these far stacks will be bene cial for invesion of the eld data, which should

be kept in mind moving forward.
3.3 Poststack Inversion

The rst method tested using the synthetic datasets was postack inversion. Here, |
looked at the accuracy of conventional poststack inversiasf PP data along with “tricking'
commercial inversion software, which is unable to handle mtshear data, to apply the
same process to the TT data. For these processes, | used the WaonRussell software's
Model-Based Inversion package described in detail in Chaptl. For the P-impedance
background model, | used the exact values of the input modebmmeters, but with a 7
Hz low-pass lIter applied to Il the frequency band below that exhibited by the seismic
data. The PP poststack inversion result was then an absolute-impedance model that
could be directly compared to the input model. Figure 3.5 congpes the resulting acoustic
impedance estimate to the starting and true models. Also shovare the wavelet, synthetic
seismic, input seismic, and mist. Because the synthetic ¢k contains no noise and the
exact wavelet was used, the mist is very small. As the inversh produces a result that is
limited by the seismic bandwidth, the input logs were lteral in time using a 40 Hz low-
pass Iter before crossplotting against the inversion re#u The resulting cross-correlation
value was 0.985, indicating that this inversion method did aery good job of reproducing a

bandlimited version of the input model.

41



Figure 3.4: Plots comparing the AVA behavior of synthetic andeld data angle stacks. (a)
PP RMS amplitudes from above Anacacho to below Buda. (b) PS RM&mplitudes from
above Anacacho to below Buda. (c) PP exact amplitudes at the gk Ford trough. (d)
PS exact amplitudes at the Eagle Ford trough. The PP amplituds were normalized to
the near angle stack, while the PS amplitudes were normalddor the 25 incidence angle
stack. Linear best t lines are plotted for the PP data, and qadratic ts are plotted for PS.
Calculated re ection and average angle curves are also shovor the PS data.

42



Figure 3.5: Results of poststack inversion on the syntheticBPdata. On the P-impedance
track, the black curve is the low-frequency model, the blueucve is the exact model, and
the red curve is the inverted model. Labels indicate major fmation tops: Anacacho (AN),
Austin Chalk (AC), Eagle Ford (EF), and Buda (BD).

The next step was to apply the same process to the pure-shedr data. First, the seismic
data were loaded as PP data and the S-wave velocity log wasdea as P-wave velocity. Next,
this log was used to perform a well-to-seismic tie and creaéebackground low-frequency S-
impedance model, this time with a 2 Hz low pass lIter applied deito the lower frequency
band of the pure-shear data. At this point, the inversion codl be applied in the standard
fashion, with the output then being shear impedance rathethan acoustic impedance. The
results are shown in Figure 3.6. Again, the mist is very low dueo the lack of noise in
the data. Comparing the result to the bandpass- Itered orignal S-impedance model yielded
a cross-correlation of 0.96, suggesting that this method e® in fact produce an accurate
S-impedance estimate. Because the equations are the samebfath zero-o set PP and SS
re ection coe cients (see Equation 1.2), but with S-impedance in place of P-impedance, no

theory was violated.
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Figure 3.6: Results of poststack inversion on the syntheticTTdata. On the P-impedance
track, the black curve is the low-frequency model, the blueucve is the exact model, and the
red curve is the inverted model.

3.4 Prestack Inversion

After testing poststack inversions, | moved to the prestackamain to compare PP AVA
inversion to joint PP-PS AVA inversion, two methods that will also be applied to the eld
data. In these inversions, three parameters were estimatéas opposed to one for poststack):
P-impedance, S-impedance, and density. A similar work ow ag followed, and the results
are shown in Figure 3.7 and Figure 3.8. In these gures, we canesthat the results were
similar, but that the joint inversion model parameter estinates had larger variations in the
relatively consistent Austin Chalk interval, decreasing tk quality of the t to well logs.

The mis ts are both larger than what was observed for the PP athTT poststack methods
due to the added complexity of the angle stacks, and in the @®f joint inversion, the
additional data type. They seem to consistently show undesgmated amplitudes at the
top and base of the Eagle Ford. This is likely a product of theversmoothed parameter
contrasts at both interfaces. It also seems that the inversn is attempting to compensate

for this by increasing impedances above and below the Eagler& interval, resulting in
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undesirable errors at these locations. These observatiacsuld be useful when applying the
same methods to the eld data.

Table 3.1 presents the cross-correlation values for the vits. Both methods produced
accurate estimates of all parameters except for the calcted Vp-Vs ratio, which was slightly
poorer. Overall, the PP inversion alone performed slightlpetter than the PP-PS inversion

in estimating all parameters. | discuss why that might occum the next section.

Figure 3.7: Results of prestack inversion on the synthetic Péata. On the parameter tracks,
the black curve is the low-frequency model, the blue curve itBe exact model, and the red
curve is the inverted model.

Figure 3.8: Results of joint prestack inversion on the synttie PP and PS data. On the
parameter tracks, the black curve is the low-frequency moldeéhe blue curve is the exact
model, and the red curve is the inverted model.
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Table 3.1: Cross-correlation values between synthetic gtack inversion results and true
model parameters with a 40-50 Hz low-pass lIter applied.

| Inversion || P-impedance | S-impedance | Density | Vp-V g Ratio |
PP 0.98 0.97 0.96 0.79
PP-PS 0.97 0.96 0.95 0.77

3.5 Value of Multicomponent Datasets

The previous tests showed that the PP and joint PP-PS presta&cinversion methods
both produce accurate model parameter estimates. This iitrates that for the case where
the subsurface changes very little from what is observed bje well log, we can produce
accurate results using PP data alone. However, a key reseauhestion is: what happens
when the relationships observed at the well logs deviate frothose in another area of seismic
coverage? To address this question, | created additional Péhd PS synthetics for models
based on the same well logs, but this time varyingp, Vs, and values for the Eagle Ford
interval. Table 3.2 summarizes the various models as compdrto the previously shown base
model (Model 0). Figure 3.9 shows the "high' and ‘low/, Vs, and values. The 'high'
Ve and Vs values were increased by 30% while the “high' density was increased by 2%,
each representing about a 50% reduction in the magnitude dfdé parameter decrease at the

Austin Chalk{Eagle Ford interface.

Table 3.2: Various models used to create PP and PS synthetiosorder to test the limitations
of our seismic inversion methods. High and low values are shomm Figure 3.9.

| Model || Vp | Vs | Density |
0 low | low low
1 low | high high
2 high | low low
3 high | high low

Both the PP and joint PP-PS inversions were applied to the vaous modeled datasets

using the exact same inversion methods, parameters, and inp as before, other than the
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Figure 3.9: The parameters adjusted for the various modelsads for synthetic tests. The
black curves are the original model, or “low,' values, whitbe red curves represent the "high
values used in the models, which are summarized in Table 3.2.

seismic data. These results simulate how an inversion wouyteérform on a 3D volume if
it were tested and optimized through comparison to the logsf &Vell C, but applied in an
area where the model parameters at the reservoir interval Y& changed. The resulting
model parameter estimates range from being fairly accurate having a large error. To
understand why this might occur, we must study one of the imptant but often overlooked
inversion inputs: the "background trend' from well logs. Ithe HampsonRussell Model-Based
Inversion process, it is necessary to specify this backgnaltrend (i.e., relationships between
the model parameters through known well log values) prior tmversion. This is done through
log-log crossplots of S-impedance and density versus P-idlance and subsequent estimates
of best-t lines. Then, based on the observed parameter cavance, the inverted values are
allowed to vary only within a specic range around the value pedicted by the established
relationship. This can lead to inversion results that strayery little from these relationships.
The prewhitening parameter, also speci ed in the inversioprocess, is another factor
a ecting our results. A large value of this parameter restdts model parameter updates
to small changes from the previous model and to values closethe previously established
relationships, while a small prewhitening value gives thewversion more freedom to vary the

parameters with respect to each other and to the previous med
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These important inversion parameters were speci ed in ordéo produce the best match
to our original Model 0 scenario. Thus, unexpected variatis in model parameters will likely
not be picked up by our inversions. This is exactly what is olsved in the results. From
rst observing the comparison of the results of the PP prestk inversions to true model
parameters in Figure 3.10, it is clear that the S-impedance drdensity estimates are closely
tied to the P-impedance estimates as they exhibit very highovariance for all models. This
results in completely missing relatively high or low S-impgkance and density values (Models
1 and 2). From the results of the joint PP-PS inversion showmiFigure 3.11, we can see
that the output covariance is still high, but not as high as fothe PP inversions. In addition,
when P- and S-impedance vary from the "background trend,’ ¢hjoint inversion essentially
averages the e ects, thereby overestimating one parametehile underestimating the other.
Finally, the results for both methods on Model 3 show that a ratively low density value
(compared to the established background trend) cannot be @aarately estimated.

Because the model parameter updates are closely constraine the parameter relation-
ships in Model 0, areas where the relationships di er (Modell, 2, and 3) might show a
data mist after inversion that could contain useful information. In Figure 3.12, | display
these mis ts for each model and for both of the prestack inveion methods, PP and PP-PS.
First, observing the PP prestack inverison, we can see that ¢hpattern of mis t with angle
around the reservoir varies for the di erent models. If thisvere observed in eld data, as
opposed to a single pattern throughout an area, it could indate locations where properties
do not match those observed at the well. For the PP-PS prestamversion, similar behavior
can be observed, but the PP data mist is larger than for PP prstack inversion due to the
attempt to also match the PS data. The PS mis t shows a di erenbehavior, and combining
information from both of these sources could potentially di@eate rock property changes and
be used for anomaly detection.

Based on these synthetic data tests, we can con rm what waspected from the theoret-

ical observations in Chapter 2. First, we observe that the PPata are useful for estimating
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Figure 3.10: The results of applying PP prestack inversion tthe various synthetic test
models. The blue, red, and dotted black curves represent tlexact model, inversion result,
and base model values, respectively.
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Figure 3.11: The results of applying joint PP-PS prestack irarsion to the various synthetic
test models. The blue, red, and dotted black curves represdahe exact model, inversion
result, and base model values, respectively.
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Figure 3.12: The observed seismic data mist for each synthettest model from PP and
PP-PS inversions.
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P-impedance, but will result in poor estimates of S-impedae and density if they vary
from the relationships observed at the well locations. Addinally, though PS data help
improve S-impedance estimates, they can diminish the acaay of P-impedance estimates,
and the PP and PS data combined are still insu cient for estinating density. To get a
better constraint on this important parameter, | suggest imestigating the value of including
pure-shear data in a prestack inversion work ow. If succefss, this could potentially justify

the acquisition of 9-C datasets for future reservoir chargarization projects.
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CHAPTER 4
FIELD DATA RESULTS

The previous chapters have shown the potential bene ts of atuding information from
converted and shear wave datasets in seismic inversion. Shenethods will now be applied to
the Eagle Ford Project eld data, discussed in Chapter 2. | lggn with poststack inversion of
the PP and TT datasets, and then compare prestack PP inversicand joint prestack PP-PS

inversion.
4.1 Inversion Preparation

Prior to implementing the di erent inversion methods, it wasnecessary to rst condition
the input data, perform well ties, pick horizons, and build dow-frequency initial model.
Chapter 2 details the seismic data conditioning process. Wog conditioning included rst
determining available logs and their depth ranges and elimating data deemed to be of poor
guality. Subsequently, a median Iter was applied to the log to remove noise. The next step
was to estimate wavelets from each seismic volume. Here, a@ow centered on the reservoir
from just above the Anacacho horizon to just below the Buda hmon ( 400 ms in PP time)
was selected and a zero-phase statistical wavelet was estied from autocorrelation of the
seismic traces. This method was preferred over using the iWegs to estimate a deterministic
wavelet because it avoided potentially over tting to the lgs and resulting in inaccuracies
away from the wells. Figure 4.1 shows the wavelets for each dagt. Well-to-seismic ties were
applied for the various seismic datasets using syntheticiseograms modeled from sonic and
density logs. Major horizons were picked for each seismictald@ype and used for PS and SS
volume registration to PP time. For the initial low-frequercy model, only Well C was utilized.
The motivation for using only one study-area well was so thahe inversion result would
be controlled primarily by the seismic data. Well C was seleed due to its advantageous

location in the center of our survey, its full suite of logs, & its large depth range of sonic and
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density log coverage (from 2000 feet measured depth to below the reservoir). These logs
were ltered in time using a 7 Hz low-pass Iter, with these valies selected to Il the missing
lower frequencies of the PP data without biasing results byicluding any frequencies higher
than necessary. The lItered log values were then extrapokad throughout the 3D volume

using the previously interpreted horizons to create the itial model.
4.2 Poststack PP Inversion

After conditioning the eld data, | began with inverting the poststack PP volume, ap-
plying the same process used for the synthetic data. In thigqress, various combinations
of inversion parameters were tested using HampsonRussellksation test feature until ob-
taining the combination producing the best t between the Pimpedance values from the
inversion result and the logs from Well C. Table 4.1 summa®s those optimal parameters.
Because the inversion converged on a solution in just a feverations, the prewhitening pa-
rameter was increased to be relatively large to slow down tlkenvergence in order to pick the
number of iterations that maximized the match to Well C. The HanpsonRussell poststack
method allows for the speci cation of a \block size," which ontrols the thickness (in time)
of each model parameter grid block. A large value results inraore sparse subsurface rep-
resentation (which may be more realistic, depending on ldcgeology), while a small value
produces a smoother result and can better t the seismic dataAn average block size of 4
ms was selected because it produced the best t to the well. Isa experimented with larger
block sizes to create a more sparse, blocky result to betteratoh the geology of the Eagle
Ford reservoir interval and avoid smoothing through sharpoperty contrasts at the top and
base of the formation. An average block size of 12 ms succed$sfaccomplished this goal
and produced a good match to Well C, but the decision was made proceed with the 4
ms average block size to facilitate comparison since thisrpaneter cannot adjusted in the
prestack inversion methods in the HampsonRussell software.

To determine the accuracy of the inversion away from Well C, tompare the inverted

model parameters to the well logs for various blind wells irhe study area, whose locations
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Figure 4.1: Wavelets extracted statistically from the varias seismic datasets used for inver-
sion in a window around the reservoir interval. The time regnse and amplitude spectrum
prior to registration are shown for each wavelet.

Table 4.1: Parameters determined to produce the optimal PPgststack inversion result.

] Parameter \ Value \
Prewhitening 95%
Iterations 4

Average block size 4 ms
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are mapped with respect to the seismic survey boundary in Figri4.2. In addition to the
wells within the seismic survey area, three wells outside éhsurvey were moved just inside
the boundary for comparison to our results. Figure 4.3 showhd P-impedance output from
the inversion for two cross-sections through the various Wéocations. From these sections,
we can see that the inversion is producing a very good match twt only Well C, which
was used for the low-frequency model and to test inversionnaaneters, but also to the blind
wells in other areas of the survey. Looking more closely, iregance estimates for the Eagle
Ford formation match the wells better than those in the AustinChalk, which show vertical
variations in some areas that do not match the logs. As an adtnal QC, we can compare
the predicted seismic data from our estimated model to the put seismic data (Figure 4.4).
This comparison shows that we also match the seismic data ara the reservoir interval
fairly well, but with some coherent mis t. Speci cally, we e that the predicted amplitudes
are too small at both the top and base of the Eagle Ford. This #ttributed to this particular
inversion method's inability to reproduce the sharp impedae contrasts at the top an base
of the formation, smoothing through these zones. Overallhé inversion is performing well,

but there are places where it could be improved.
4.3 Poststack SS (TT) Inversion

As shown using synthetic data in Chapter 3, it is possible to wrert poststack pure-shear
data directly for an accurate estimate of shear impedance.o@bining the S-impedance result
from inversion of our SS eld data with the P-impedance restuldiscussed in the previous
section could allow for signi cant uplift in interpretive capabilities. In Chapter 2, based on a
comparison of the eld data quality between the RR and TT compnents, it was determined
that the TT dataset was preferred for poststack inversion pposes, and therefore it is used
herein.

For this process, | tested inverting the seismic data in SShtie and registering the results
along with directly inverting the registered seismic datal found that results were superior

with the former (likely related to wavelet inconsistenciesesulting from registration), and
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Figure 4.2: Wells and cross section lines used to QC inversiasults.

Figure 4.3: Cross sections B-B' and A-A' of the P-impedance estates from PP poststack
inversion. The map in the bottom right shows a slice of the Rnpedance values through the
Eagle Ford formation.
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Figure 4.4: The input seismic data, predicted data, and mis from PP poststack inversion
for (a) Inline 250 and (b) Crossline 230.
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that process is discussed here. As with the PP poststack ingen, | began with tying Well
C to the seismic data, but this time using the velocities froma shear sonic log. | then created
a starting low-frequency model using this well and the sheanpedances calculated from the
logs (with a 2 Hz low-pass lIter applied) extrapolated througpout the 3D volume using the
seismic horizons. These steps were equivalent to thosedatd for the other starting models,
but applied in SS time.

For the inversions of the TT data, | attempted to achieve sintar results as for PP and
optimized parameters to produce results that best matchedhé Well C logs. Table 4.2 shows
the parameters used for the di erent results. Compared to # poststack PP inversion, here |
used a much lower prewhitening value because there was naéswiith the result converging
too quickly, as an optimal number of 15 iterations was selexd. A larger average block size
was used for the SS data due to the approximately doubled traelfimes. The inversion output
was registered to PP time using the same method discussed ihapter 2, and comparisons
to S-impedance values from well logs are shown in Figure 4.5n¢@ again, we produce very
good matches to all of the wells where S-impedance logs araikable, although this result
has lower resolution than that of the PP poststack inversiodue to the lower bandwidth of
the SS seismic data. For this reason, joint inversion wouldkély provide signi cant uplift
by combining the information from the S-wave data with the inproved resolution of the
P-wave data. A comparison of the input data to the predicted ata (Figure 4.6) also shows
almost no mist. The mis t here is smaller than that of the PP inversion due to the smaller

prewhitening and greater number of iterations selected.

Table 4.2: Parameters determined to produce the optimal TT @ststack inversion result.

] Parameter \ Value \
Prewhitening 0%
Iterations 15

Average block size 8 ms
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Figure 4.5: Cross sections B-B' and A-A' of the PP poststack invsion result. Zones in
black represent areas with no coverage by the pure-shear\sy.

Figure 4.6: The input seismic data, predicted data, and mis from TT poststack inversion
for (a) Inline 250 and (b) Crossline 230.
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4.4 Prestack PP Simultaneous Inversion

With the additional information from the AVA behavior, inverting angle gathers of the
PP data allows for simultaneously estimating S-impedancend density in addition to P-
impedance. Initial low-frequency models were created fdne additional parameters follow-
ing the same steps used for the P-impedance model described PP poststack inversion.
Again, various inversion parameter combinations were testé¢o determine which produced
the overall best match to Well C logs for all of the inversionwaputs. Table 4.3 summarizes
the parameters selected. A relatively low prewhitening vaé was used and 16 iterations were
determined to produce the best result. This larger number daterations (as compared to the
PP poststack method) was due to the relative complexity in ting ve input angle stacks by
varying three parameters, as opposed to one input stack andeoparameter. The ‘gamma’
parameter Q,’—j in this case), which a ects the contribution of the S-wave ath density terms to
the re ectivity equations as discussed in Chapter 2, was st be estimated from the starting
model values and kept constant during the inversion iteratns. This was chosen in order
to avoid introducing additional error into the results due b the relatively poor estimates of
Vp-Vs ratio from the inverted P- and S-impedance values. The fullrgle range was utilized
to potentially produce better S-impedance and density relig, but it seems that they are
still mostly controlled by their relationships to P-impedaice based on the similar patterns of
each of the results (Figure 4.7). This is consistent with whatas observed in the synthetic
data tests in Chapter 3. In this case, this works fairly wellas all three parameters show
strong matches to the well logs, indicating that the the relkdonships between the parameters
do not vary signi cantly throughout our study area. The P- andS-impedance results show
slightly better matches than density, which has a relativel large error in some locations.

Again, | compare the mis t between the input and predicted daa for each angle stack
at Inline 250 and Crossline 230 (Figure 4.8). From these imageve can see that the mis t

is minimized in the 20-30 and 30-40 angle stacks, and largest at the 40-5angle stack,

where it was determined that there was the greatest mismatdhetween true and predicted
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Table 4.3: Parameters determined to produce the optimal PPrestack inversion result.

| Parameter | Value |
Prewhitening 3%
Iterations 16
Gamma from initial model
Angle range 0-50

amplitudes from the modeling discussed in Chapter 3. Ovelathe magnitude of the mis t

is comparable to that of the PP poststack inversion.
4.5 Prestack Joint PP-PS Simultaneous Inversion

Based on observations of the Aki and Richards (2002) equat®in Chapter 2, it was
expected that the addition of PS data for seismic inversion auld result in improved S-
impedance estimates. The results of the prestack inversgof the synthetic data (Chapter
3) originally suggested that this was not the case, but aftdéurther analysis, it was determined
that the PP inversion resulted in acceptable S-impedance drdensity estimates only when
they followed the established background trend from well ¢s. Thus, if there were any
variation in rock properties across our study area, we mighéxpect that including the PS
data would improve upon the PP inversion results. To test whber or not that is the case,
we apply joint PP-PS prestack inversion on the eld data.

Including the PS data requires optimizing additional pararaters. Many combinations
were tested, and the values that were chosen are shown in T@dl.4. A moderate prewhiten-
ing value was selected, mostly to avoid large (and inaccuggt variations in Vp-Vg ratio
calculated from P- and S-impedance, and the number of iteiahs was again determined
based on the best overall match to the well logs for the invexti parameters. As in the PP
prestack inversion, the gamma values from the initial modelere used. Due to the discrep-
ancy between the PS AVA behavior of our synthetic and eld dat (discussed in Chapter 3),
only the 0-30 angles were utilized for the converted waves. These same lasgvere also used

for the PP data because estimating S-impedance and densitprh the far-o set PP data

62



Figure 4.7: Cross sections B-B' and A-A' of the PP prestack invsion results for (a) P-
impedance, (b) S-impedance, and (c) density.
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Figure 4.8: Data mist from PP prestack inversion. (a), (b), aad (c) are the input data,
predicted data, and mist for the Inline 250 angle stacks. (J (e), and (f) are the input
data, predicted data, and mis t for the Crossline 230 angletacks.
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is poorly resolved, and only near-o sets are required to estate P-impedance. Additional
tests determined that the far angle stacks were not improvinresults. A % contribution
ratio of one was selected to balance the contribution of eadataset. This parameter ad-
justs how strongly to weight the mist to each dataset, wherevalues below one weight the
PP data more heavily, and vice versa. Values ranging from 0té 4.0 were also tested and
determined to have a relatively minor e ect on results. Thenversion outputs (Figure 4.9)
show that, like the PP prestack result, very good estimatesf @all parameters are produced
when compared to well logs in the area. A visual comparisontleen these results and the
PP prestack results (Figure 4.7) suggests that the S-impedea estimate matches the blind
wells slightly better, best observed by comparing the matcto the single blind well shown
on cross-section B-B'. The P-impedance and density estinest seem to be unimproved, and

the density result still shows a relatively large error at soe well locations.

Table 4.4. Parameters producing the optimal joint PP-PS pigack inversion result.

| Parameter \ Value |
Prewhitening 10%
Iterations 17
Gamma from initial model
PP angle range 0-30
PS angle range 0-30
PS/PP contribution ratio 1

The mis t for the PP and PS data are shown in Figure 4.10 and Figw 4.11, respectively.
Here, we observe that the PS mis tis larger than the PP mis t, lkely due to the lower quality
of the PS input data. Additionally, for both datasets, the mist is smallest for the 20-30
angle stack, where the signal-to-noise ratio is highest. €PP mist is slightly larger than
it was for the PP prestack inversion, which can be attributedo the tradeo between tting

the PP and PS data volumes.
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Figure 4.9: Cross sections B-B' and A-A' of the joint PP-PS presatk inversion results for
(a) P-impedance, (b) S-impedance, and (c) density.

66



Figure 4.10: PP (a) input data, (b) predicted data, and (c) mig from joint PP-PS prestack
inversion. Angle stacks are shown for Inline 250 and Cros&i230.

Figure 4.11: PS (a) input data, (b) predicted data, and (c) mis$ from joint PP-PS prestack
inversion. Angle stacks are shown for Inline 250 and Cros&i230.
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4.6 Inversion Comparison

After completing all the inversions, the results were croskyted against the well logs
(which had a 40 Hz low-pass Iter applied in the time domain) ad cross-correlation values
were compared. These values are shown in Table 4.5 for Wellv@hich was used for the low-
frequency model and to test inversion parameters, and in Thb4.6 for the blind wells in the
survey area (Figure 4.2). From these values, we can see thaéttwo poststack methods both
resulted in good impedance estimates, though the TT resultas limited by the resolution
and the relatively high noise of the data. The PP prestack irersion estimated all parameters
well; however, the \b-Vs ratio calculated from P- and S-impedance was poorly recoest.
Including the PS data in a joint inversion very slightly improved S-impedance estimates, but
resulted in a larger improvement for -V ratio. Additionally, we can see that parameter
estimates for the blind wells are comparable in quality to thse for Well C, and for the most
part slightly better. This result reinforces the amplitudescaling method | applied during
the data conditioning discussed in Chapter 2. It is also engmaging that the inversions are
not over tting the properties of Well C, meaning the inverson parameters selected are not

producing an accurate result at Well C while poorly estimatig parameters elsewhere.

Table 4.5: Cross-correlation values from comparison of nsion results to Well C logs.

WELL C Poststack Prestack
Attribute PP \TT PP \PP-PS

P-Impedance|| .95 | { .93 .93
S-Impedance|| { .85 | .93 94

Density { { .92 .92
Vp-Vsg Ratio { { T7 .82

From these comparisons, we can see that, overall, the joinPHPS prestack inversion did
the best job of inverting for the parameters of interest. Thefore, this result will be used

for analysis and interpretation moving forward.
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Table 4.6: Cross-correlation values from comparison of ension results to well logs of blind
wells.

BLIND WELLS || Poststack Prestack
Attribute PP [TT | PP [ PP-PS

P-Impedance | .96 | { .94 .95
S-Impedance { .86 | .95 .97

Density { { 91 91
Vp-Vs Ratio { { a7 .85
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CHAPTER 5
POST-INVERSION ANALYSIS

After achieving the optimal inversion results for P-impedace, S-impedance, and density,
as determined by their match to well logs, the next step was tmake use of these results
to accomplish the goals outlined in Chapter 1. To do so, thewsrsion results were used to
directly calculate key elastic and geomechanical propezs in order to perform preliminary
interpretation on their e ects on hydraulic fracturing and reservoir performance through
comparison to microseismic and production data. Future wkrwill seek to utilize these

results for dynamic reservoir modeling.
5.1 Elastic Properties

Although interpretations can be made from the directly inveted impedance and density
volumes, these parameters can also be transformed into atledastic properties that may be
more intuitive or useful for interpretation. A few examplesf the elastic properties that can
be acquired are the ¥-Vs ratio, Poisson's ratio, Young's modulus, and Lane's paraeters.
Any two of these properties (in addition to P- and S-wave veldty), can be used to calculate
the others (Birch, 1961). The equations for these properseand their physical meanings are

discussed in the following subsections.
5.1.1 Vp-Vs Ratio

The Vp-Vs ratio is one of the easiest elastic properties to understandt is simply the
ratio of P- to S-wave velocity. Since the density term is caetled during division, the ratio

can also be expressed in terms of impedances as

Vo _ Zp
Ve _ Zp. 5.1
Ve © 7o (5.1)

where % is P-impedance and € is S-impedance. Because di erent minerals have di erent

Vp-Vg ratios, it can be used to discriminate lithology (Mavkeet al., 2009). Additionally, the
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presence of even a small amount of gas can cause a signi caatreéase in P-wave velocity
while S-wave velocity is mostly una ected, lowering the W-Vs ratio. Thus, if this e ect can

be separated from lithology, it might indicate pore uid changes across the study area.
5.1.2 Poisson's Ratio

Poisson's ratio is a dimensionless measure of the transweextension of a material result-
ing from longitudinal compression, or vice versa. It can rae from O (for highly compressible
materials, such as cork) to 0.5 (for incompressible matelsalike rubber), but is between 0
and 0.4 for most rocks (Mavkoet al., 2009). Poisson's ratio can be calculated from the

inversion outputs via
(5.2)

where is Poisson's ratio.
5.1.3 Young's Modulus

Young's modulus is a measure of a material's sti ness and ibé ratio of uniaxial stress
to uniaxial strain. It corresponds to the brittleness of a mierial and can be represented in

terms of inversion outputs as

272
E="5 1+ (5.3)

where E represents Young's modulus.

Young's modulus and Poisson's ratio are often combined totesate a "brittleness index'
(Rickman et al., 2008), although this is essentially a lithology indicato{Herwangeret al.,
2015). They can also be used to describe wave propagation &orisotropic elastic medium

through Hooke's law (Lempriere, 1968).
5.1.4 Lane's Parameters

While engineers prefer Young's modulus and Poisson's ratemore intuitive parameter-

ization for the description of wave propagation in isotrom elastic media is through Lane's
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parameters, incompressibility and rigidity. Incompressility is resistance to compression,
while rigidity, also known as shear modulus, is resistance shear strain. Incompressibility
can be impacted by uid type, while rigidity is representatve of the matrix and is mostly
una ected by uid type (Goodway et al., 1997).

Because of the uncertainty in density estimates from seistrinversion, rather than analyz-
ing exact values of Lane's parameters, an alternative knawas analysis (Goodway
et al., 1997) is often applied. In this formulation, the product ofLane's parameters and
density is used in order to avoid separating out the densityetm from impedance estimates.
Then, the properties can be found using

=272 273 (5.4)

and

= 7%, (5.5)

where is incompressibility, is rigidity, and is density. Goodwayet al. (1997) showed
that crossplots of lambda-rho ( ) and mu-rho () can be used to determine lithologies and

separate uid e ects.
5.2 Comparing Elastic Properties

With the physical meaning of the elastic parameters undersbal, we can compare them
to determine what might be of most use in characterizing thesservoir in the study area. In
unconventional reservoirs like the Eagle Ford and Austin Cltla the success and e ciency
of hydrocarbon extraction for a particular well is dependdgnupon not only the quality of
the reservoir at the well location (i.e., hydrocarbons in pice and permeability), but also on
the quality of the hydraulic fracture treatment, which is a ected by lithologies and in-situ
stresses. In order to know how a particular model can help mhet a well's success, we rst
need to understand how its values can be a ected by changesrgservoir or rock properties
of interest. To do this, | present the average values for the ajor minerals of interest in

Table 5.1. Here, we can see how variations in mineralogy or &gen content might a ect the
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di erent properties. We observe that P-wave velocity and desity vary with each other, as
do S-wave velocity, Young's modulus, and shear modulus. Bson's ratio and \6-Vs ratio
also correlate. Thus, there is not much value in trying to irgrpret more than one parameter

from each of these three groups.

Table 5.1: Comparison of elastic parameters for minerals ofterest. Values are taken or
calculated from Mavkoet al. (2009).

[ Mineral || Vp (ft/s) [ Vs (ft/s) | (glcc) [ Vp-Vs | |E(GPa) | (GPa) | (GPa) |
Calcite 21000 11000 2.71 1.91 0.31 79.4 49.4 30.3
Clay 11800 5770 2.58 2.05 0.35 21.6 18.7 8
Quartz 19800 13500 2.65 1.47 0.07 95.7 7.28 44.7

Kerogen 7380 4760 2.25 1.55 0.14 6.16 1.05 2.7

Recall from Chapter 4 that the results were signi cantly moe accurate for P- and S-
impedance than for the \6-Vg ratio, and analysis in Chapter 3 suggested that density ters
were mostly derived from a pre-established relationship t®-impedance. Thus, it might be
bene cial to use parameters that can be calculated withoutitese parameters. That leads us
to analysis, since and can both be calculated from impedances alone. Based
on what was observed in Table 5.1, Lane's parameters shoulze valuable for separating
the e ects of varying mineralogies or kerogen content, so Irgceeded with this method for

a preliminary analysis of the inversion results.
5.3 Lambda-Mu-Rho Analysis

Using Equations 5.4 and 5.5, | converted the P- and S-impedangolumes from the PP-
PS prestack inversion result into and  volumes. Figure 5.1 shows a crossplot of these
values taken from a window around the reservoir interval (T Austin Chalk to Base Eagle
Ford). Here we can see that for both formations, values genéyafollow a single trend with
very little deviation or scattering, indicating that seismc velocities and density are mostly
controlled by the rock matrix and see very little in uence fom uid type. This is consistent
with observations of well log values, which showed more staing at log scale, but not

when bandpass Itered to the seismic scale. The minimal s@é is likely due to the very
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low porosity of the tight reservoir carbonates and marls. Uoftunately, this suggests that
our inversion results will not be particularly valuable forpredicting reservoir uid variations.
Thus, we proceed with trying to understand the e ect of the maix on completions and

production in the reservoir through analysis of the property.

Figure 5.1: A plot of  vs. values from inversion results from the Top Austin Chalk to
Base Eagle Ford horizons.

In the case of values, the most signi cant e ect on rigidity is lithology, which can
have a major impact on hydraulic fracture behavior. Becausgiartz and calcite, which have
relatively high rigidity, are more brittle than clay, they are more easily fractured during
stimulation. In this regard, high values are bene cial. However, this is not the only
variation that we should consider. Rock physics work by anber member of the Eagle
Ford Team has determined that increasing kerogen content diporosity, which would result
in better reservoir quality, creates lower impedances andwer rigidity (Durmus, 2019). An
additional e ect that might lower rigidity is the presence d natural fractures, which have the
potential to impact both completions and production. Keepig these e ects in mind, we then

can analyze the values from our inversion results in map view to look for costations
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to microseismic events recorded on the surface 3C grid or tetimated ultimate recovery
(EUR) forecasts from the decline curve analysis performed k3nother Eagle Ford Team
member (Amini, 2019). Slices were taken in the Lower Austin Chaand Eagle Ford target
intervals and compared to the corresponding microseismigests and production forecasts

(see Figure 5.2 and Figure 5.3).

Figure 5.2: Map views of values from the Austin Chalk and Eagle Ford target intervals
near Wells A and B. Microseismic events for each well are pletl over the zone that they
were landed in.

First, looking closely at the two wells at the center of our swey for which microseismic
events were recorded (Figure 5.2), we can look for correlatobetween values and hy-
draulic fracture behavior. From the map of Eagle Ford values and microseismic events
for Well B, which landed in the Eagle Ford, we observe that lge clusters of events often
correspond to low  values. This could be indicative of the presence of naturaiattures
resulting in more complex hydraulic fracture behavior. Thenap of Austin Chalk  values
and microseismic events for Well A's Austin Chalk stimulatioris more di cult to interpret
due to the relative consistency of values along the wellbore, and no general trend is ob-

served. This is also complicated by the fact that events weserved to move downward
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into the Eagle Ford for this well, which is likely related to he higher pore pressure and
resulting lower e ective stresses as compared to the Austinh@lk. Interestingly, for both
wells, we can observe a series of events from one of the latagss (approximately 1500 ft
from the heels to the southeast) that follow a similar southest-northeast linear feature of
relatively low  values. This is likely indicative of a subseismic fault or ghly fractured
zone allowing for uids and proppant to move preferentiallyto the southwest. The activation
of this fault during hydraulic fracturing is interpreted to be related to some of the time-lapse
changes observed in the 4D surface seismic data which waslgred in Liu (2019). Addi-
tionally, tracer data for this stage in Well A shows that it was one of the poorest producers
over the rst few months of production, indicating that the hydraulic fracture treatment was
unsuccessful in stimulating the formation. If these typesfdault or fracture zones could be

predicted with seismic data, completions strategies coulte adjusted to avoid them.

Figure 5.3: Map views of values from the Austin Chalk and Eagle Ford target intervals
over the whole survey area compared to production for each Wanded in the respective
interval. Relative EUR from decline curve analysis is represted by bubble areas.
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Next, we zoom out to the full study area to try to correlate  values to production
(Figure 5.3). An important observation here is that lateral varations in the Eagle Ford
are relatively large percentage changes compared to thosethe Austin Chalk. Thus, it is
reasonable to expect more variability in the EUR of Eagle Fordells. This is generally what
is observed, save a very large EUR outlier landed in the Austinh@lk (Well F1) and a few
of the wells in the closely-spaced cluster on the eastern eidf the area. It is dicult to
jump to concrete conclusions based on these comparisong, dtfiew key observations can be
made. Starting with the Eagle Ford map, we can see that relatly high producers occur in
both high- and low-  zones (for example, Wells G3, G4, E1, and R). Interestinglye also
observe that zones of moderate values result in poor producers (including Wells B, P1,
P2, S2, and S3). As we have discussed, relatively low values likely correspond to more
more natural fractures, kerogen, and porosity (better reseir quality) explaining the good
production in wells targeting these zones. The good produsen zones of high are then
likely related to brittle rock that contains fewer natural fractures. In these zones, hydraulic
fracturing is likely to be more successful. Zones of modeeat values may be explained by
rocks that are not brittle and do not contain a signi cant amaunt of natural fractures, or
could potentially be related to higher clay content and lowekerogen.

The Austin Chalk map in Figure 5.3 generally suggests higher galuction from zones of
lower . This is consistent with what is expected since those zonekely contain higher
kerogen and more natural fractures that could improve hydrdic fracturing results and

potentially allow for more migration and increased pressarfrom the Eagle Ford below.

5.4 FRuture Work

The preliminary analysis discussed here suggests that matimponent seismic inversion
results can be useful tools for unconventional reservoiraftacterization, potentially leading to
improvements in future reservoir development, but additioal work is in progress to con rm
these observations. The resulting property models from thaversion will be passed on to

members of the Eagle Ford Team who are working on rock physiesd to engineers who will
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perform dynamic reservoir simulation. The rock physics wkrwill allow inversion outputs
to be linked more directly to rock properties, while the dynaic modeling will bene t from
having more accurate estimates of lateral property changé&etween well logs. Once this

work is complete, we will have a better understanding of therde value of the inversion

results.
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CHAPTER 6
MULTICOMPONENT AVA INVERSION AND AVA PREDICTION ERROR

The CGG HampsonRussell commercial software package allows the joint AVA inver-
sion of PP and PS data; however, it is currently unable to harld SS data volumes. Thus, an
important objective is to understand the potential added vlue of pure-shear data. Because,
to my knowledge, no commercially available software is capa of shear-wave AVA inversion
at the time of writing, | developed a code for independent anpint AVA inversion of PP,
PS, SV, and SH modes. In this chapter, | describe the algorithand its application to the
Eagle Ford eld data.

6.1 Multicomponent AVA Inversion Method

There are multiple ways of posing and solving the AVA inversproblem. Creative and
intricate methods have been developed for these purposesr this work, | apply a relatively
simple, yet e ective, method for joint inversion of PP, PS, §, and SH re ection amplitudes,

treating it as a linear problem. The details of the inversiomethod are described herein.
6.1.1 Model Parameterization

The rst design decision when developing an AVA inversion d® for 9-C data was which
combination of model parameters to invert. As discussed in @pter 1, numerous lineariza-
tions of the Zoeppritz equations exist to approximate re etion amplitudes at an interface
using di erent combinations of parameters. The Aki and Richads (2002) equations describe
re ection coe cients in terms of velocity and density contrasts. Fatti et al. (1994) re-express
their PP re ectivity equation in terms of P-impedance, S-inpedance, and density contrasts

as
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which is expressed here using the same notation as in pre\dathapters. Equation 6.1 can

be rewritten in terms of re ection coe cients as

mn #
Vs 2 . Vs 2 .
Rep() Rp 1l+tan? 8 —> Rgsin Rtan? 4 —> Rsin® ; (6.2)
A Vo
where Rp = %ZZPP = %V‘;P + 1— is the zero-o set P-wave re ectivity, Rs = 3 ZZSS =

%Vi: + £ — is the zero-o set S-wave re ectivity, andR = — is the density re ectivity.

This form was further expanded by Simmons and Backus (1996) link all three re ection
coe cient terms into one using empirically derived relatiomships. Based on the results of
Gardneret al. (1974), they determined thatR = 0:2Rp. In combination with the Castagna
et al. (1985) mudrock curve, they also obtaine®s = (0 :688‘6—Z+0 :2)Rp. These relationships
allow the PP re ectivity equation to be expressed in terms oé& single parameter as:

! #

Vs Vs 2 ., : ’
Reg( )= 1+ 08 5:504\/— 0:8 Vo sin® +0:8sir? tan® Rp: (6.3)
P P

From this equation and the known relationships, the predieid P-wave, S-wave, and density
re ectivity can be calculated. If one were to invert for thissingle parameter, there would be
zones of poor data prediction (i.e. large data mist) wherehe background trends do not
apply (potentially due to the presence of hydrocarbons). Tus, to explain any deviations in
the shear or density re ectivity terms that are not describd by this background trend, Sim-
mons and Backus (1996) included two additional " ' parametes (the AVA model prediction
error) in the inversion as
" #

2

Vs 2 . V. .
Rep( ) Res() 8V—S sin? g + 4V—S sin?  tan® R (6.4)

P P
There are two main advantages to this parameterization. Fitsit allows for the assumption

that the parameters vary mostly independently of each othesimplifying the speci cation
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of the model covariance matrix, which will be discussed furer in the following section.
Second, the two terms can be indicative of anomalies that daot follow the established
background trend. In certain scenarios, they could represtehydrocarbon-bearing zones,
and are comparable to the \ uid factor" de ned by Smith and Gidlow (1987).

In this work, | express the equations in a similar format, butin terms of impedance
and density contrasts rather than re ectivities and replaing the Gardneret al. (1974) and
Castagnaet al. (1985) relationships with those observed locally from wedtigs. This resembles
the method of Hampsoret al. (2005), but avoids applying the analysis in logarithmic spac
| also expand the linearization to all of the other wave modeseing utilized: PS, SV, and

SH. The resulting equations are then
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wherea and brelate the impedance and density contrasts through the egtiens ZZSS = azi;’

and — = bzipP and are derived from crossplots of P-impedance against Spiedance and

density using well logs representative of the survey area. tAbugh the rst parameter in

Zs
Zs

each equation iszipp, it is important to recall that both and — can bepredicted from
these relationships. The correspondingz, and  terms represent the deviation from these
predicted values. Note that while the PS, SV, and SH equations generally be described
using only two terms (see Chapter 2), all three are includedhen inverting jointly with
PP data so that the rst term (ZLPF’) can be controlled more strongly by the PP equation.
When PP data are not used, the second term (z.) is dropped from the three remaining
equations, and the rst term is controlled mainly by the S-inpedance contrast which can be
easily calculated from the predicted P-impedance contrast

For the Eagle Ford eld data, the coe cients a and b were calculated to be 1.03 and
0.0795, respectively, through crossplotting Well C logs ewthe zone of interest and tting
trend lines. Since the hydrocarbon zones in the project arage well-known stratigraphically,
crossplotting over the zone of interest at the well locatiowill help locate any anomalous
zones in a lateral sense through increased activity on the dw (model prediction error)

terms. In an exploration setting, where potential target znes also need to be delineated

vertically, it would likely be more bene cial to determine the background relationships from
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non-pay zones (e.g., wet sands) or use the Gardraral. (1974) and Castagnaet al. (1985)
relationships, so that any deviation from the background (g., a gas sand interval) would

be apparent on the terms at the top and base of the layer.
6.1.2 Covariance Matrix and Damping

To scale output model parameters appropriately with resped¢o each other and also
include any relationships between the parameters in the iavsion process, it is necessary to

include a model covariance matrix in the inversion. This maix is given by

2, 3

1 12
Cm=%2 3 5° (6.9)
31 32 3

where j represents covariance and the subscripts indicate the mdderameters. The
diagonal terms are the variance of each model parameter frotie initial low-frequency
model. An advantage of expressing the AVA equations followgnthe method of Simmons
and Backus (1996) (i.e., through a single parameter to deslme the majority of the data and
two smaller terms) is that it allows the terms to vary largel y independently of each other,
such that the assumption of zero covariance is reasonabladahus all o -diagonal terms of
Cm go to zero. This precludes the di culty of estimating paraméer covariances and only
requires specifying the individual parameter variances ahe diagonal terms.

To determine the appropriate values for the diagonal term®f the Eagle Ford data, | used
the well log values observed at Well C. When converted to thentie domain and resampled at
the same rate as the input seismic data (i.e. the layer thicless in the inversion), the model
parameter values were scaled appropriately for the calctilan of the variance of each term.
These were determined to be~ =6:5 103, , =16 10%and =62 10°
The relative magnitudes of the variances are logical; the rjmity of variations should be
described by the rst term, and because the S-impedance coasts are expected to be much
larger than the density contrasts, the second term should Barger than the third. To allow

for any variations in the background relationships away frm the well location to be apparent
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in the inversion results, the variances of the parameters wre each increased by a factor
of 10.

Simmons and Backus (1996) also specify a scalar for the céaace matrix as 3, which in
theory should be representative of the variance of the noisethe input data. In practice, the
e ect of increasing this scalar is a decrease in the varianoéthe output model parameters,
acting to damp the inversion results. Rather than attemptig to calculate this value, the
authors chose to apply several inversions with a range of values, “artfully' selecting the
value that minimizes data mis t while avoiding tting noise in the input data. This is an
e ective method when well logs and expected parameter vali@re unknown. Since the
Eagle Ford data includes the necessary well logs, | insteaést a range of 3 values and
choose one that appropriately scales the model parametetdlze well location to the values

observed in the logs.

6.1.3 Wavelets and Data Scaling

There were two options considered to remove the e ects of thveavelets in the inversion
results. The rst and more simple approach was to deconvohastimated wavelets to arrive
at a re ectivity series which could be directly inverted. Ths was advantageous in that it
allowed for the ability to invert each time sample independly, signi cantly simplifying the
problem and speeding up computation. However, it also had thp®tential to amplify noise if
imperfectly applied. The second approach was to include theavelets in the inversion itself
through convolution with the estimated re ectivity series Although this method was more
complex to implement, it was determined to produce more favable results during testing,
and thus it was utilized moving forward.

The input eld data from the Eagle Ford 9-C survey were the PPPS, RR, and TT
volumes, each with ve 10 limited angle stacks from 0-50as processed from a commercial
contractor. The data conditioning steps described in Chapt 2 were applied, and all modes
were registered to PP time through horizon matching. Zerohase statistical wavelets for

each mode were estimated throughout a portion of the centef the survey area using a
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window centered on the reservoir from just above the Anacachwrizon to just below the
Buda horizon ( 400 ms in PP time). Figure 6.1 shows the estimated wavelets.

At this point, it was necessary to scale the data amplitudesnal wavelets to bring them
into agreement. To do this, | chose to specify the wavelet aripides and scale only the
input data. The wavelets were all set at an amplitude of one a@nthen the PP, PS, and RR
wavelet amplitudes were adjusted to account for variationdue to source radiation patterns
and receiver orientations with respect to the direction of eximum particle displacement. A
cosine-squared angle dependency correction was deterrdin@ work well for this purpose.
This adjustment was not necessary for the TT data due to its ugue particle motion with
respect to propagation direction. Next, Equations 1.4 and 2-2.7 were used to calculate
re ection coe cients for each mode and angle using Well C logg The resulting re ection
coe cient series were convolved with the respective waveteto create synthetic data with
the optimal amplitudes for inversion. These synthetics werthen plotted against the scaled
eld data from the well location. Scalars were adjusted forach mode to best match the
synthetic data amplitudes. Figure 6.2 shows a comparison dig¢ nal scaled and synthetic
data. Overall, the match is very good at the reservoir inteal (the high amplitudes towards
the end of each trace), but there are a few traces that do not nh what was predicted
from the well logs (speci cally, the 35 traces in the PS and RR data and the 45traces in
the PS, RR, and TT data). Thus, these angles were not expected be bene cial in the
inversion and were not utilized moving forward. Also, it can & noted that the amplitudes
show a poor match in the overburden, especially for the pushear modes, although the

exact reasons for this are unknown.
6.1.4 Linear Inversion

The linear inversion process is based on the simple equation
Gm =d; (6.10)

whered is a vector containing the data time series for each mode andgle of incidencem

is a vector of three model parameters for each time sample,da® describes the functions
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Figure 6.1: Comparison of wavelets estimated from each modedaangle stack for joint
inversion.
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Figure 6.2: Comparison of nal scaled data to synthetic datanedicted from Well C logs for
each mode.
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that calculate data amplitudes from model parameters as a mi& of coe cients obtained
from Equations 6.5-6.8 corresponding to the angles and made d. If G and d are known,
then m can be solved for using least-squares regression from thesaquation as Simmons
and Backus (1996),

h i,

Mpeda = G'G+ iCn ' G'd; (6.11)
where the superscriptsT' and ~ 1' indicate the matrix transpose and inverse, respectively
The damping parameter ( 3) and covariance matrix Cn, ) described previously are included
in the equation. The system of equations is solved for eachyds simultaneously, asG
includes the wavelet convolutional e ects, and thus, the da at each time sample are not
necessarily independent.

After obtaining the matrix mpeq , it is straigtforward to determine the predicted data
using Equation 6.10 and calculate the true and predicted datmis t, or the AVA data pre-
diction error, which is important to consider in selecting optimal paramers and comparing

results.
6.1.5 Calculating Absolute Parameter Estimates

The model parameters directly output from the inversion areonvenient for anomaly
detection, but not immediately practical for understandimg the true properties of the rock
that they describe. Thus, it can be bene cial to calculate tk absolute parameter values. This

is where the information from the low-frequency models is éiuded. The method applied

Zp
Zp !

can be described in three steps. First, from the inversion quits ( ze, and ),

calculate parameter contrasts by combining the parametes with the S-impedance and

z

>-= to arrive at the
P

density contrast values predicted from the background rei@nships to

Zp  Zs
Zr ' Zs

estimated , and — series. Second, integrate these series over time samplertova
at relative parameter estimates of P- and S-impedance andrdty. Finally, multiply the
relative parameter values by the low-frequency model valsiat each time sample, and add the

resulting time series to the respective low-frequency mdde arrive at absolute parameter
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estimates. As discussed in Chapter 5, this parameterizatiartan be used to calculate other

key rock properties that may be useful for interpretation ad analysis.
6.1.6 Synthetic Data Tests

To validate the numerical implemention of the inversion cog, the method was applied
to simple synthetic data which were created for each wave medThat process is discussed

further in Appendix A.
6.2 Application to Field Data

After validating the inversion method on a single CDP locatin within the survey area,
it was ready to be expanded to larger portions of the datasetTo do this, various input
parameter combinations were tested at the CDP where Well C Iecated and then applied
to a one-second time window around the reservoir across allines and crosslines. Here, |
describe the process of selecting input parameters, comgdne inversion results, and discuss

the e ects of including shear-wave datasets.
6.2.1 Input Parameters

The rst choice of input parameters was which datasets to ustor inversion. Rather
than testing every possible combination, ve di erent cominations were selected that were
expected to optimally show the e ects of the pure-shear datan the inversion results. These
included PP, PS, TT, joint PP-TT, and joint PP-PS-RR-TT, and were selected for several
reasons. First, | wanted to concentrate on the PP and TT data, sathey were the highest-
quality (see Chapter 2) with the greatest range of usable iment angles. Conversely, the
RR data were deemed to be low-quality, were only reliable atear o sets, and thus were
not heavily tested. The value of the PS data volume was thorghly analyzed in Chapters 3
and 4, so little focus was given to the converted-wave in thedditional work, though | did
want to observe how it would behave when inverted independdn (which is not possible

using the CGG HampsonRussell software). Finally, | wanted to eghe results of including
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all four data types in a joint inversion.

Additionally, the code allows for the assignment of weightsoteach data type in a joint
inversion. Because the PP data better resolved the thin be@sound the reservoir, | tested
weighing it more heavily than the other modes in an attempt tamprove the resolution of the
inversion result. Thus, the PP-TT inversion was applied wh both a 1:1 and 4:1 contribution
ratio, and the PP-PS-RR-TT inversion used both 1:1:1:1 and2t2:1:3 contribution ratios
(with PS, RR, and TT weighted based on data quality and o set &ailability in the latter).

After deciding on the data types and weights, the only additioal parameter to be ad-
justed during the inversion was the 3 value, or damping parameter. | selected optimal values
for each inversion through comparison of outpuabsolutemodel parameters (P-impedance,
S-impedance, and density) at the test CDP to the values of thé/ell C logs. Figure 6.3
shows an example of that process. The e ects of increasingetldamping are a decrease
in the magnitude of parameter variations and an increase inath mist. Figure 6.4 shows
the results of each inversion at the well location (with the gppropriate 3 values). After
selecting these values, the inversions were applied to alDE locations across the survey

area.
6.2.2 Results

Figure 6.4 gives a good initial idea of what should be expecté@m each inversion run.
As the input parameters were selected to best match the impeuaze values within the Eagle
Ford interval, all of the results do well in that regard at thelocation of Well C. Additionally,
all inversions except the PS-only run result in fairly goodstimates of density over the same
interval. The inaccurate PS result suggests that using PS gle stacks out to 30 is not useful
for estimating density. Where the inversion results di er tle most is in the Austin Chalk
interval. Here, the values of all three parameters tend to beverestimated when the SS data
contribution is greater than about 30%. This can likely be dtibuted to the registration
process, which distorted the Austin Chalk and Eagle Ford redions. Also, it is clear that

the PP-only result and the results where PP data is heavily ighted better resolve the thin
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Figure 6.3: An example of how 3 values a ect inversion results. The three results show
(a) a value that is too low, (b) the optimal value, and (c) a valie that is too high. This
example is from the inversion of PP data alone. The rst threeolumns show P-impedance,
S-impedance, and density for the inversion output in bluehe low-frequency model in orange,
and the well log in gray. The fourth and fth columns show the mput data and the data

mis t, respectively.
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Figure 6.4: Calculated absolute model parameters from eactversion run at the location of
Well C compared to the well logs. The input data and mis t (prelicted minus observed data)
are also shown. Each row shows the results of a di erent ingon with the respective input
data detailed on the left. The rst three model parameter calmns show the P-impedance,
S-impedance, and density from inversion output in blue, thew-frequency model in orange,
and the well log in gray. Each plot covers a time window of 400sn
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beds, including the Eagle Ford interval and especially thegh-impedance Anacacho interval.
Finally, in the mist, it can be observed that as relative contibution of a particular mode
increases, it's mis t magnitude decreases, and vice versa.

After understanding the variations between the di erent invesion results vertically, |
attempt to study the di erences in a lateral sense by rst conparing amplitude slices around
the Eagle Ford interval of each model parameter (prior to callating absolute values). These
are shown in Figure 6.5, which further reveals the variationwk to di erent input data types
and weighting. It also illustrates a powerful method chnomaly detection searching for large
amplitude values in the two terms. Again, these are indicative of where the relationships
observed at the well location aremost violated within the survey area and could suggest
di erences in uid or rock properties. In the rst column, we see a general decrease in
magnitude of impedance and density contrasts as we move foetr to the southeast for each
inversion result. The parameters vary more signi cantly with each result, and in this case,
it is di cult to say whether the "hot' zones are true anomalies or just zones of poor data
quality, although the northwestern area of the survey seents fairly consistently show larger
values.

Analysis of the inversion output parameters is incomplete wiout also studying any
potential di erences in data mist to understand what they might mean for each result.
Maps of the RMS amplitude of the mist (stacked over angle foeach mode) around the
reservoir (Figure 6.6) indicate where, and for which modeshe inversion is doing a better
job of predicting the observed data. From the gure, we can sethat the northwestern
extent of the survey area (which showed the largest paramedr values) generally exhibits
a larger mist, especially for the PP and PS data. This furthe indicates that there are
signi cant changes in uid or rock properties from what is olserved at the center of the
survey. If additional analysis were to indicate that these hanges are related to higher
or lower reservoir or completion quality, these results ctii be used to delineate where

the changes occur laterally, potentially improving futureeld development. Also from the
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Figure 6.5: Amplitude slices of inverted model parameters aind the Eagle Ford horizon.
The minimum amplitude was taken for the rst parameter, whie the RMS amplitude over
a 40 ms window was taken for the others. Because the SS dataevacquired over a smaller
portion of the survey, inversions including those data areut down to the appropriate area.
The rst two parameters each have a single colorbar scale, Wéthe third, which varies more
signi cantly between the di erent results, has multiple s@les. Although the rst parameter is
P-impedance contrast it is also representative of what theaseline S-impedance and density
contrast maps would look like, but at a di erent scale.
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gure, the e ects of increasing the relative weights of a pdicular dataset are apparent, and
interestingly, the pattern of mis t stays relatively consistent for each wave mode across all
results, with only the magnitude changing.

Since the main goal of the work in this chapter is to study the q@ential value of the
addition of S-wave data, next | compare the absolute paramet estimates between the
PP-only result and the four joint inversion results. These @ shown in Figure 6.7 for PP-
only, Figure 6.8 for PP-TT (4:1 contribution ratio), Figure 6.9 for PP-PS-RR-TT (12:2:1:3),
Figure 6.10 for PP-TT (1:1), and Figure 6.11 for PP-PS-RR-TT (11:1:1). From these
results, we can see that the P- and S-impedance results of tAB-only inversion match the
blind wells very well throughout the Austin Chalk and Eagle Fad, but the density result
is poorer, as expected. The evenly weighted PP-TT and PP-ASR-TT results do a better
job of estimating the magnitude of the relatively low-densy Eagle Ford, but perform poorly
in the Austin Chalk (due to the registration issues mentionegreviously) and have lower
resolution. Since inversion parameters were set with a facan the Eagle Ford, this suggests
that including S-wave data improves density estimates, buthat these improvements do not
come without tradeo s. We can also observe that these resslare very similar to each other,
indicating that the PS and RR datasets (with poorer quality ad more limited o sets) are
having little impact on the results. The PP-TT and PP-PS-RRAT inversions with PP
more heavily weighted, which also appear very similar to daother, attempt to balance the
improvement in density estimates from S-wave data with theigher resolution from P-wave
data. The results may or may not be favorable for the interpter, depending on the inversion
goals.

The PP-TT (4:1) and PP-PS-RR-TT (12:2:1:3) joint inversionresults are compared to
those of the PP-only inversion through crossplotting agast well log values in a range around
the reservoir from just above the Anacacho top to just below # Buda top (about 200 ms
selected over the area of increased velocity and density trasts; Figure 6.12) for the wells

shown in the cross-sections. The three results show littl@nation in the crossplots and very
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Figure 6.6: RMS amplitude slices of mist (stacked over angleof each mode) around the
Eagle Ford horizon.
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Figure 6.7: A comparison of absolute (a) P-impedance, (b) 8¥ypedance, and (c) density
estimates at the blind well locations for the PP-only invetisn.

similar crosscorrelation values. This is likely due to theery small values of the terms
in the project area (i.e.,Zs and vary little from what is predicted by Zp), which makes
it di cult to determine exactly how useful the multicomponent data is. Additionally, these
could be aected partially by the resolution of the data, as e tuning e ect at the thin

Eagle Ford layer is ampli ed for the low-resolution convegd and shear modes.

These factors are also con ated with the inversion method'assumption of isotropic
media, which is standard practice but likely to impact resu$ in unconventional reservoirs
such as the Eagle Ford, which generally exhibit some degrek amisotropy. This could
potentially lead to deviations from observed well log valigethat are not well understood. It
could also be a source of signi cant uncertainty that is ofte ignored in AVA inversion, and

should be examined further.
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Figure 6.8: A comparison of absolute (a) P-impedance, (b) 8¥pedance, and (c) density
estimates at the blind well locations for the PP-TT joint inversion with a 4:1 contribution
ratio.
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Figure 6.9: A comparison of absolute (a) P-impedance, (b) 8¥pedance, and (c) density
estimates at the blind well locations for the PP-PS-RR-TT jmt inversion with a 12:2:1:3
contribution ratio.

99



Figure 6.10: A comparison of absolute (a) P-impedance, (b)i®pedance, and (c) density
estimates at the blind well locations for the PP-TT joint inversion with a 1:1 contribution
ratio.
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Figure 6.11: A comparison of absolute (a) P-impedance, (b)i®pedance, and (c) density
estimates at the blind well locations for the PP-PS-RR-TT jint inversion with a 1:1:1:1
contribution ratio.
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Figure 6.12: Crossplots comparing the inversion results toel log values for the PP, PP-
TT (4:1) and PP-PS-RR-TT (12:2:1:3) inversions. Each row aoesponds to the labeled
inversion, and the columns showp, Zs, and values. The crosscorrelation values for each

crossplot are shown.
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6.3 Discussion

The seismic AVA inversion methods of Simmons and Backus ()%nd Hampsonet al.
(2005) were successfully extended to multicomponent datadtested on RCP's Eagle Ford
dataset. In addition to calculated volumes oZp, Zs, and for detailed analysis, the output
model parameters could be studied directly as a means of aralgndetection in the reservoir.
While the parameterization of the CGG HampsonRussell softwaris similar, it does not
allow the user to directly analyze the model parameters, takg away a key interpretive
tool. The value of this prediction error approach was demotrated through analysis of the

parameters and data mis t, which were used to locate zones fothe reservoir where the
background trends (from Well C logs) do not apply.

The development of this method allowed for the study of the Wae of pure-shear seismic
data for AVA inversion, which is not possible with commercidy available software packages.
The addition of SS data in the inversion work ow slightly imgroved density estimates within
the reservoir interval but at a cost of decreased resolutioWhile this may not have a major
impact on interpretations in this particular location, it could provide signi cant uplift in an
exploration setting or in a more conventional play where w changes are more apparent
and more critical for success. Though this dataset was notddl for exhibiting the full value
of 9-C inversion, it did indicate that the potential is there

Based on these observations, | can also make several recomstagons on future work in
utilizing this method. First, | would highly recommend testng the inversion with di erent
combinations of wave modes on a synthetic dataset speci baldesigned to examine the
value of the di erent modes, which was beyond the scope of ththesis. This could allow
for a much-improved understanding of how useful each datapg is in predicting true model
parameters and further show that converted waves are not sweient for estimating density,
which seems to be a common misconception in 3-C inversion woAdditionally, application
to a conventional play could further illustrate the value ofeven a slight improvement in

S-impedance or density estimates over utilizing PP data ale. In the inversion method
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itself, other techniques could potentially be tested for $ang the problem. For example, one
might study the e ect of imposing sparseness or blockiness ¢he result to better resolve
thin beds like the Eagle Ford. Finally, additional work in this particular location could focus
on improving these results through the application of a moreobust registration method,

which could address the parameter estimation issues obsaahin the Austin Chalk interval, a

spectral balancing process to match the frequency conterfteach dataset, or an examination
of the e ects of anisotropy. These processes could providigrg cant uplift to the results

that | achieved.
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CHAPTER 7
CONCLUSIONS AND DISCUSSION

The work presented throughout this thesis sought to Il a ctical role in RCP's Eagle
Ford Project while enlightening readers on the potential vae of multicomponent datasets
and the often overlooked details of frequently used seismiv/ersion software. The results

and ndings of this thesis are reiterated here.
7.1 Theoretical Value of Multicomponent Data

To study how the addition of multicomponent data might be bee cial in seismic inver-
sion work, | rst analyzed the Aki and Richards (2002) linearied approximations to the
Zoeppritz equations for PP, PS, SV, and SH re ection coe ciets. From the equations, it
was determined that inversion of PP data alone is unlikely tproduce reliable estimates of S-
impedance and density. | also concluded that PS data are ugkfor improving S-impedance
estimates, while the pure-shear data are likely our only hepfor constraining estimates of

the critical density term.
7.2 Synthetic Data

Synthetic PP, PS and SS data were created based on a simpli edodel from Well C
logs. This allowed for testing each of the initially plannednversion methods prior to eld
data application. The results showed that each method acaitely reproduced the model
parameters being inverted for up to the limit of the seismicréquencies. Subsequently, the
prestack inversion methods (PP and joint PP-PS) were testeon additional synthetics from
models with parameters shifted within the Eagle Ford interal, simulating a situation where
the rock properties of the reservoir are varying away from ast well. The results suggested
that PP data cannot be used to accurately estimate S-impedae and density when they vary

with respect to P-impedance from the relationships obserdén the well logs. The addition
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of PS data improved S-impedance estimates for the test mosiebut did not provide any
uplift in density estimates. These observations con rmed hat was expected from theory.
Therefore, it is unreasonable to expect density estimatesofn conventional PP-PS prestack
model-based inversion methods to be signi cantly better #in those obtained from a direct

relationship to P-impedance.
7.3 Field Data

Prior to inversion, several steps needed to be applied to abtion the seismic data. The
most signi cant was the removal of unreasonable lateral antijude variations that were de-
termined to be related to survey acquisition and some of thatfalls of production processing
that were not resolved by 5-D interpolation. They were corited through the application of
a scalar per CDP that was applied to regularize amplitudes @he Anacacho{Austin Chalk
interface, which is just above the reservoir interval. Thisuccessfully resolved the issue and
allowed me to move forward in the inversion process. Througlomparison to synthetic data,
| also was able to further QC the AVA behavior of the input eld data to select the ideal
angle range for inversion.

Four inversion methods were applied to the Eagle Ford Projeeld data using the CGG
HampsonRussell software package: two on poststack data (PRAATT) and two on prestack
data (PP and joint PP-PS). The parameters controlling the beavior of each method were
tested exhaustively, both to understand their e ects and taptimize each choice. From the
selected parameters, it is clear that there is no particulazombination that works well for all
datasets, but rather the parameters for each must be indivichlly adjusted. The outputs of
each inversion were compared to Well C along with blind welis the study area to determine
their accuracy. The poststack methods both produced goodtiesates of the corresponding
impedance parameter, and the idea of poststack inversion mire-shear data was validated,
although the result was limited by the resolution and relatiely low signal-to-noise ratio of
the data. The prestack PP inversion produced accurate estates of all inverted parameters,

with cross-correlation values above 0.9. Including PS dasdightly improved the S-impedance
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result, as predicted, resulting in more substantially imppved estimate of \4-Vs ratio.
7.4 Analysis of Results

As mentioned at the beginning of this chapter, my work lled a ky role in the Eagle
Ford Project by providing an improved understanding of thetatic reservoir through seismic
inversion. Speci cally, various elastic property models @re provided for further rock physics
analysis and for use in dynamic reservoir modeling. Initi@nalysis of these properties suggest
that they can be used to predict areas of the Eagle Ford and AustChalk reservoirs that
are ideal targets for future wells. This observation is badeon comparison to microseismic
event locations and estimated ultimate recovery from dedke curve analysis. From these
comparisons, it was determined that wells targeting the Edg Ford should seek zones of
relatively high or low  values, corresponding to zones of brittleness (better foydraulic
fractures) and zones of increased kerogen and natural fracts (better reservoir quality),
respectively. Wells landing in the Lower Austin Chalk shouldarget only zones of low
values. Since the formation is naturally more brittle and eser to stimulate due to its
lithology, a well's success is a ected more by the presencearganic material and natural

fractures.
7.5 Multicomponent AVA Inversion

To further study the potential of S-wave data for seismic inersion, a code was developed
to extend the methods of Simmons and Backus (1996) and Hampsehal. (2005) to 9-C
data. It was successfully applied to the Eagle Ford eld datademonstrating the value of the
prediction error methods employed for anomaly detection emss the reservoir. The inability
of PS data to improve density estimates was further displage while including shear waves
marginally improved density estimates, as expected, but & cost of decreased resolution.
Although this may not be particularly impactful in our case, hese improvements could prove
to be very valuable in certain scenarios. This could potentig justify the acquisition of 9-C

data in areas where an accurate density estimate would prae signi cant uplift for reservoir
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characterization.

7.6 Recommendations

Based on observations made throughout this work, | have seaerecommendations for
what processes could be improved (if the time were availabk® re ne the results and make
the analysis more robust.

A likely rst-order source of error in my work is the assumpton of isotropy in the reservoir.
We know that the presence of clay and kerogen in the Eagle Fofakrmation creates vertical
or tilted transverse isotropy (Sayers, 2013), and the adddn of natural fractures that we
believe to exist in parts of the study area will result in azimthal anisotropy. These e ects
will change re ection coe cients and introduce error in ourresults. Additionally, a better
knowledge of the anisotropy could be useful for locating zes and intensity of natural
fractures, which can potentially have a signi cant impact o reservoir performance. As
mentioned in Chapter 2, the kinematic e ects of anisotropy @re removed during processing
(the P-wave data were prestack time migrated using a model dhassumed anisotropy with
an orthorhombic symmetry), and birefringence correctionsvere applied to the converted
wave and pure-shear data. The impact and reliability of thescorrections are not known.
Thus, to characterize the anisotropy, the data would have tbe at least partially reprocessed.

If the data were reprocessed, attention should be focused wrintaining reasonable and
accurate amplitudes at the reservoir level. Although the sotion | applied can be very useful
in a situation where time is limited, it would be ideal to addess or avoid the problem during
data processing.

Further work could also be done to study the e cacy of the newl developed multicompo-
nent inversion method. Testing on a synthetic dataset or onada from a more conventional
play where theZs and values vary more signi cantly from the values predicted by he
input background relationships could give a better underanding of the capabilities of the
inversion using di erent combinations of wave modes. Tweakto the method itself could

also be tested, and additional data conditioning steps callimprove results on the Eagle
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Ford data.
7.7 Final Thoughts

Overall, I have shown some of the value and limitations of thei erent seismic datasets
in a 9-C survey for AVA inversion purposes. Additionally, I cavey the value of synthetic
data for testing methods and eld data QC. | also show how themiimized seismic inversion
results can be used to characterize the reservoir and impeokeservoir development. Various
steps along the way, most notably the lateral amplitude scalg solution, might be of use to
others following a similar work ow. Finally, my work is a key $ep towards accomplishing
the overall goals of RCP's Eagle Ford project, and opens th@dr for signi cant future work

and analyses.
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APPENDIX
SYNTHETIC DATA TESTS

The inversion method detailed in Chapter 6 was tested on a Sytic dataset in order
to validate the numerical implementation of the code. A simlg three-layer, 1-D model was
created, and PP, PS, RR, and TT synthetics were generated. €hnversion was applied to

the synthetics, and the results are shown herein.
A.1 Model and Synthetic Data

A three-layer model was created using averagé, Vs, and values from the Austin
Chalk, Eagle Ford, and Buda intervals. Each layer was set aDB ms time thickness to avoid
any e ects of tuning or registration. From the model, the vebcity and density contrasts
were calculated. These values were used in combination witie Aki and Richards (2002)
equations shown in Chapters 1 and 2 to calculate the PP, PS , Safid SH AVA for incident
angles of 5, 15, 25, 35, and 45. Subsequently, these time series were convolved with
wavelets estimated from the corresponding eld data limité angle stack volumes to create

the synthetic PP, PS, RR, and TT data. Figure A.1 illustrates ths process.
A.2 Testing

Next, the synthetic data were used as inputs to the seismic iexsion code. Five inversions
were applied, including PP, PS, RR, TT, and joint PP-PS-RR-TI (equally weighted). The
exact wavelets were used and the low-frequency model wascaddted from the exact model.
All other input parameters except for 3 remained the same as those applied to the eld
data and described in Chapter 6; 3 was adjusted for each input to appropriately scale the

outputs (as would be necessary for eld data).

Figure A.2 shows the result of the PP inversion. The inversionugputs (

Zp
P

70 zs, and

) are compared to the true values from the model with a lowpas$ier applied. The
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Figure A.1: The model parameters\(-, Vs, and ), calculated re ectivites, and synthetic
PP, PS, RR, and TT data used to validate the numerical implem&ation of the inversion
code.
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absolute parameters calculated are compared to the low-eency model and the exact
model. The input data and the data mis t are also shown. Simdr results are shown for PS

in Figure A.3, RR in Figure A.4, TT in Figure A.5, and joint PP-PS-RR-TT in Figure A.6.

Figure A.2: Results of applying the inversion to the synthetid®P data. Direct inversion
outputs (ZZPP, zs, and ) are shown in the rst three panels in blue, with lowpass-
Itered, true model values shown in orange. The next three peels show calculated absolute
impedance and density values in blue, the true model in oraeagand the low-frequency
background model in yellow. The data and mist are shown in te seventh and eighth

panels.

Overall, the results show that the main parameter for each wersion Zp for PP and
joint and Zs for PS, RR, and TT) is accurately estimated. The results on th remaining
parameters are variable, which is to be expected due to themited ability of some wave
modes to resolve these values and the relatively small impabey have on the modeled
data. This is exaggerated by the fact that the initial model Bs minimal deviation from the
input background trends, as they were calculated from the s& well logs. In cases where
the true terms are larger (e.g., away from well control), | expect that they would be much

more accurately estimated.
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Figure A.3: Results of applying the inversion to the synthetid®S data. Inversion outputs

( zs, and ) are shown in the rst two panels in blue, with lowpass- ltered, true model

values shown in orange. The next two panels show calculatetlsalute S-impedance and
density in blue, the true model in orange, and the low-frequey background model in yellow.
The data and mis t are shown in the seventh and eighth panels.
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Figure A.4: Results of applying the inversion to the syntheti®RR data. Inversion outputs

( zs,» and ) are shown in the rst two panels in blue, with lowpass- Itered, true model

values shown in orange. The next two panels show calculatetsalute S-impedance and
density in blue, the true model in orange, and the low-frequey background model in yellow.
The data and mis t are shown in the seventh and eighth panels.

118



Figure A.5: Results of applying the inversion to the synthetid T data. Inversion outputs

( zs,» and ) are shown in the rst two panels in blue, with lowpass- Itered, true model

values shown in orange. The next two panels show calculatetdsalute S-impedance and
density in blue, the true model in orange, and the low-frequey background model in yellow.
The data and mis t are shown in the seventh and eighth panels.
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Figure A.6: Results of applying joint inversion to all syntheic data (PP, PS, RR, and TT).
Inversion outputs ( Zsz , zs,»and ) areshowninthe rsttwo panels in blue, with lowpass-
Itered, true model values shown in orange. The next two panhe show calculated absolute
impedance and density values in blue, the true model in oramagand the low-frequency
background model in yellow. The data and mist are shown in ta seventh and eighth
panels.
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Observations of the data mis t suggest the data is being accately predicted with min-
imal mist, as expected since the input is noise-free and thevavelets are known. This
further indicates that the code is behaving as expected. Bas on the results of the syn-
thetic data testing, the numerical implementation of the cde appeared to be in order. It

was subsequently applied and further tested on eld data asedcribed in Chapter 6.
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