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ABSTRACT

Reservoir characterization for unconventional shale playdeally requires multi-component,
wide-azimuth, long-o set surface seismic data. These datae generally not available, espe-
cially in exploration or pre-development stages. Furtherpre, it is common to have only a
few wells over a large area, along with non-existent or scarmicroseismic, engineering and
production data. This thesis presents a methodology and woow to deal with these cir-
cumstances of limited data availability. By using a narrowazimuth, regional P-wave seismic
volume and integrating it with wireline logs, cuttings and R.T data, the variability in the
geomechanical properties of the Vaca Muerta Formation in Aegtina's Neuquen Basin, and
their relationships with lithology, stress state and totalorganic content, were analyzed.

Post-stack and pre-stack inversions were performed on theigmic volume. The un-
certainties inherent from limited well control in the estination of elastic properties were
investigated using blind well testing. Sensitivity and emr analysis was conducted on post-
stack vs pre-stack derived P-impedance, the choice of thevémsion algorithm (model-based
vs sparse-spike) and the de nition of the low frequency motésimple kriging model vs com-
plex model derived from multi-attribute stepwise regressn) were examined. Also, the use
of isotropic AVA equations to approximate the anisotropic YTI) behaviour of the reservoir
was evaluated, using estimates of Thomsen parameters anahgie AVA modelling.

The integration of the inversion results with the petrophygal analysis and the mechanical
stratigraphy work by Bishop (2015), suggests that the rockamposition has the largest
in uence on the geomechanical behaviour of the reservoir. v€rpressure is also a major
driving factor in that it controls changes in elastic propeties. Bishop's cluster analysis was
used to identify good quality rock classes. The probabilist interpretation of these rock
classes from seismic inversion provides a quantitative nsege of uncertainty and guides the

selection of potential drilling targets.
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CHAPTER 1
INTRODUCTION

The success of unconventional shale plays in the United Statend Canada in recent years
has led to an increasing e ort by national and independent bcompanies to evaluate the
potential of these self-sourced reservoirs in other locatis. Perhaps the most promising shale
play in the world outside of North America is the Vaca Muerta Fomation in Argentina's
Neuquen Basin.

According to the Energy Information Administration (EIA), Argentina ranks 3rd in the
world in technically recoverable shale gas resources wit©2Btrillion cubic feet (behind the US
and China). Also, with 27 billion barrels, it is in 4th place anong all countries in technically
recoverable shale oil resources (trailing only Russia, USidaChina). The Vaca Muerta holds
308 trillion cubic feet of gas and 16.2 billion barrels of gitepresenting 38.4 and 60 % of the
country's shale gas and shale oil potential, respectiveE(A/ARI, 2013). These numbers
show the great importance of this vast play in Argentina's emgy future.

The work presented in this thesis was performed in the framewk of a project that began
in 2013, between the Reservoir Characterization Project () and Wintershall Holding
GmbH. This integrated study focuses in the exploration, appiisal, and development of the
Vaca Muerta in Wintershall's rst own-operated block in the region. Data within the study
area include a large 3D seismic survey and a wealth of infortizen from a few wells consisting
of full wireline log suites, image logs, cuttings, pressyrand production data.

Traditional RCP projects are undertaken well into the develpment stage and focus on
optimizing production by monitoring either hydraulic fraduring for shale reservoirs (e.g.,
Niobrara-Codell in Wattenberg Field, Colorado) or enhancedilorecovery processes for con-
ventional reservoirs (e.g., Paluxy-Tuscaloosa in Delhi A Louisiana). The Vaca Muerta

project is unique for RCP in the sense that it is starting at a mch earlier stage. Currently,



the eld is in the "Technology Phase", with only one verticalwell inside the block, two
more vertical wells being drilled in mid-2015, and the rst lorizontal wells planned for 2016.
Optimization is evidently not a key component at this point n time. Currently, the focus is
beginning to understand the reservoir, reducing geologlaacertainty, and identifying sweet
spots to guide the placement of future wells for the later stges of development.

In this context, the use of 3D seismic for reservoir characteation poses interesting
challenges. The available data are not optimal for unconvaonal reservoirs. The o set,
and especially the azimuthal coverage is not suited for théusly of anisotropy, necessary to
measure the lateral variations of then-situ stress eld and the presence of natural fractures.
Moreover, there are limitations in the availability of ancilary data for integration with the
seismic. The well control is sparse. At this stage there ar®microseismic or VSP surveys,
and the engineering and production data are limited. This ges a good opportunity to
understand how to make the most out of this high-quality datset to assess uncertainty and
build predictive power from the beginning of the life of an uconventional reservoir. The
value of the work ow presented here is that it can be appliedni other frontier shale plays
around the world, with similar situations on data availabiity.

The main focus of this thesis is to describe the vertical andteral variability of geome-
chanical properties in the reservoir and their relationspi with lithology, stress state, and
total organic carbon (TOC) content, through the use of posstack and pre-stack seismic
attributes and petrophysics/rock physics analysis. As thiss a nascent project, there are
no previous studies for this area. RCP researcher Kyla Bighdvas conducted geologically
focused studies on the well log data, working on natural frage characterization with image
logs and mechanical stratigraphy by the use of cluster anaig. Some results from this work
are integrated with the seismic data in this thesis.

In this chapter, the objectives, location and geology of theeservoir, the data available,
and the methodology employed in this work are presented. Cpi@r 2 describes the data

pre-conditioning as a necessary step for a successful sasimversion. Chapter 3 explains



the post-stack and pre-stack seismic inversion process foemed. Chapter 4 explains the
sensitivity analysis and blind well testing of di erent inversion parameters for geomechanical
and reservoir properties, as an initial assessment of unt@nty. Chapter 5 shows the inte-
gration of the inversion results with the petrophysical angsis and mechanical stratigraphy.

Chapter 6 includes the conclusions and recommendations drawvom this study.
1.1 Objectives

The speci c objectives of this work are the following:

To quantify the uncertainty inherent from limited well control in the estimation of
elastic properties from seismic inversion through sensitly analysis and blind well

tests.

To evaluate the e ect of layer anisotropy in the Amplitude Vatation with Angle (AVA)

character of the reservoir, and its implications in an isotpic inversion.

To predict lithology, TOC, stress state, and mechanical satigraphy from seismic at-

tributes, using petrophysical analysis and statistical tehniques.
1.2 The Neuquen Basin

The Neuquen Basin is located in west central Argentina, on thastern ank of the Andes
mountain range (Figure 1.1). It covers an area of more than 1200 kn?, extending for
approximately 700 km from north to south (Hogg, 1993). The basis up to 4,000-m thick,
and comprises continental and marine siliciclastics, cashates, and evaporites, deposited
under various basin styles (Howell et al., 2005). Although itds hosted active hydrocarbon
exploration and production since the 1960s (Hogg, 1993), tlaelvent of horizontal drilling
and multi-stage hydraulic fracturing has given this basin ew life in the past few years, the

Vaca Muerta being the main reason for this uprise.
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Figure 1.1: Location map of the Neuquen Basin, along with the mbnotable hydrocarbon
basins in the southern part of South America (EIA/ARI, 2013).

1.2.1 Basin evolution

Howell et al. (2005) summarizes the complex history of the Neugn Basin in three main

stages:

1. Syn-rift stage: extensional tectonics and development parrow, isolated depocenters

(Late Triassic-Early Jurassic).

2. Post rift-stage: creation of an active subduction zone dnassociated back-arc subsi-
dence within the basin. Responsible for most of the basin ,lincluding the deposition

of the Vaca Muerta (Early Jurassic-Early Cretaceous)(Figuré.2).



3. Compression and foreland basin stage: change to a shatiyping subduction zone,
originating the transition to a compressional regime, invsion of previous extensional

features and uplift of the foreland thrust belt (Late Creta@ous-Cenozoic).
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Figure 1.2: Stratigraphic column of the Neuquen Basin, higlghting the Quintuco and Vaca
Muerta Formations. Modi ed from Howell et al. (2005).

1.2.2 Regional structure and tectonics

Resulting from the Andes orogeny that occurred in the Early G®zoic, the western
area of the basin shows more structural complexity, appeag as major thrust zones. The
central and eastern parts of the basin are signi cantly lesdeformed structurally and have
thicker sedimentary columns. This, area, which holds mostf dhe oil and gas elds in

the basin, is known as theembayment(Garcia et al., 2013). This area shows structural



deformation mainly as the result of Mesozoic tectonics, mbs away from the in uence of

Andean tectonism, from the Oligocene onward. The main strugtes in the embayment are
deep anticlinal structures parallel to the basin axis, and armal faults, mostly dipping to

the north, which compose a series of antithetic basement loks and rollovers in the upper
sedimentary Il (Urien and Zambrano, 1994)

Understanding the regionalin-situ stress eld is of paramount importance in the study
of unconventional shale plays. Towards the western part ohé¢ basin, the stress regime is
strike-slip due to the compressional tectonic e ect from te Andes. Moving to the east, the
regime transitions from strike-slip to normal, and the hodontal stress anisotropy decreases.
The direction of maximum horizontal stress in mainly east-est (Garcia et al., 2013).

Garcia et al. (2013) de ne four main zones in terms of stresgage, which can be seen in
Figure 1.3. Zone 4 is in a strike-slip regime and has the highé®rizontal stress anisotropy.
On the other hand, Zone 3 has the least stress anisotropy, begjing in a normal stress regime.

Zones 1 and 2 are in the transition zone between strike-slim@d normal stress conditions.
1.2.3 The Quintuco

The Quintuco Formation lies directly above the Vaca Muertan the study area. Its com-
position includes di erent proportions of limestone, dolmite, anhydrite, and quartz/volcani-
clastic sands (Hurley et al., 1995), deposited in a shallow mi@e environment (Figure 1.2).
This formation has produced hydrocarbons for more than 40 ges in the Neuquen Basin, as
a conventional carbonate reservoir (Yrigoyen, 1993).

The Quintuco is very important in this study for various reasns. (a) Even though the
Vaca Muerta is the main target interval, the Quintuco, as metioned previously, is also
known to be productive. Therefore, it may be an attractive smndary target. (b) In any
geomechanical analysis, the overburden is important, andlis thick formation will in uence
the stress state of the underlying Vaca Muerta. (c) The Quinico is recognized to be the
onset of overpressure, with pressure gradients up to 1 psi{iGarcia et al., 2013). These

overpressures may represent serious drilling hazards.
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1.2.4 The Vaca Muerta

The Vaca Muerta Formation has been recognized for years agthrimary source rock for
the producing conventional reservoir intervals in the Neuagn Basin, including the underlying
Tordillo Formation (Figure 1.2). It is composed of organicich shales, limestones, and marls,
deposited in a quick and widespread marine transgressioraged in the Early Tithonian
(Legarreta and Uliana, 1991). According to Kietzmann et al. 214), the deposition of the
Vaca Muerta occurred in the context of a low-angle carbonatemp. The central part of
the basin shows a generalized sigmoid geometry, shown in Figd.4. The shallow marine
carbonates of the Quintuco prograde into the deeper, mordisiclastic Vaca Muerta units.
The base of the Vaca Muerta makes a sharp, conformable corttagth the Tordillo. This is

a clear and regionally widespread seismic marker.
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geometries of the carbonate ramp, and prograding clinofosrof the Quintuco and Vaca
Muerta (Kietzmann et al., 2014).

The Vaca Muerta was deposited under anoxic conditions, andmtains high-quality amor-
phous organic matter, mostly Type I/ll kerogen. The thermalmaturity in the formation
increases gradually from the east (oil-prone window) to theest (gas-prone window) of the
basin (Legarreta and Villar, 2011). The study area is locateith the oil window.

The thickness, depth, areal extent, thermal maturity, TOC, mineralogy, depositional
environment, and pressure conditions of the Vaca Muerta Foration, make it a world-class
unconventional resource play (Ejofodomi et al., 2013). Té&b 1.1 shows a comparison in
important reservoir parameters between the Vaca Muerta ansbme of the major shale plays
in the US. The data show that the Vaca Muerta ranks high in mosttéms, especially in the
net pay thickness and the overpressure represented by theepsure gradients. Therefore, it
is clear that the reservoir quality of the Vaca Muerta is com@rable or superior to that of its
North American counterparts.

The matrix permeability ranges from hundreds of nanodarcseto tens of microdarcies.
Natural fractures are present throughout the interval, and ee believed to play a fundamental

role in the production performance of the wells (Ejofodomitel., 2013).



Table 1.1: Ranges in reservoir properties of the Vaca Muerteompared with other important
shale plays in the US (Askenazi et al., 2013).

Barnett Eagle Ford Marcellus Woodford Vaca Muerta

Area (km?) 13,000 5,000 250,000 28,900 30,000
Depth (km) 2.0-26 1.2-42 12-26 18-34 2-35
Porosity (%) 4-5 4 -15 10 - 11 3-9 4-12
TOC (%) 3-6 45-55 3-12 06-1 2-12
Net pay (m) 15 - 60 25 - 100 15 - 60 35-67 50 -350
Pressure gr. (psi/ft) 0.43 -0.44 0.6 0.15-04 ?? 06-1.1

The Vaca Muerta Formation is commonly subdivided based ortliology and depositional
environment (Garcia et al., 2013). The lower Vaca Muerta hathe highest organic content
and the lowest carbonate content. It is recognized as the hyatarbon kitchen. The log
signature shows a signi cant increase in gamma ray and a dease in bulk density. The
upper Vaca Muerta has less TOC and its carbonate content ineases upward, while the
siliciclastic content decreases. The clay content remaiferly constant throughout the whole
interval. The transition between the Quintuco and the uppeVaca Muerta is identi ed in

the logs as a noticeable reduction in bulk density (Figure 3).
1.3 Study area and data available

The RCP study area is located in the eastern part of the basinthe embayment. The
Wintershall block covers an area of approximately 90 kfn The seismic dataset used in this
work covers the entire block of interest, plus a signi cant prtion of adjacent blocks to the
south and west. It spans an area of approximately 600 KmThere is only one vertical well
inside the Wintershall block (Well A), with two more currently being drilled, cored, logged,
and completed. Three additional o set vertical wells (WebB B, C and D). are located within

the seismic survey area, and therefore are also important tee analysis (Figure 1.6).
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Figure 1.5: Type Log of the Quintuco and Vaca Muerta units in te study area.

1.3.1 Seismic data

The seismic dataset is part of a mega 3D survey of narrow-azith P-wave data, origi-
nally designed to characterize the conventional reservsiin the area. Table 1.2 shows the
acquisition parameters.

The data processing was done preserving the amplitudes, nrak it suitable for AVO
analysis and pre-stack inversion. The following steps sunamze the main steps of the pro-

cessing sequence:
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Figure 1.6: Map of RCP study area. The red polygon encloses théintershall block, and
the blue polygon encompasses the area of the seismic survey.

Table 1.2: Seismic acquisition parameters.

Patch size 9,180 x 3,300 m
Aspect ratio 0.36 (narrow azimuth)
Source type Vibroseis

Shot line spacing (m) 420
Shot point interval (m) 60
Receiver line spacing (m) 300
Receiver spacing (m) 60
Record length (s) 2.5
Sample rate (ms) 2
Number of inlines 908
Number of crosslines 751
Bin size 30x30m
Maximum o set (inline direction) 4,500 m
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Geometry and geometrical spreading.
Surface consistent spectral constraint deconvolution.
Amplitude compensation.

Refraction statics.

Surface consistent residual statics.

Velocity analysis and mute.

Radon multiple attenuation.

Surface consistent shot and receiver scalars.
Pre-stack FXY lter.

Pre-stack time migration (PSTM), isotropic.
CDP stack.

Post-stack noise suppresion.

The data volumes available for this thesis are the PSTM gatihg the nal stack, and the

migration velocity volume.
1.3.2 Well data

Table 1.3 shows the available data for all four wells used ihis study. All of them have
modern and high-quality wireline logs that cover the entird&aca Muerta, and, in most cases,
the Quintuco and a small interval in the Tordillo. Shear sori data are available for all
wells, allowing for the calculation of elastic propertiesUltrasonic Borehole Imager (UBI)
and Oil-Based Microlmager (OBMI) data are the image logs allable because of the drilling

of these wells with oil-based muds.
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Table 1.3: Well database for the study area.
Well A WellB WellC Well D

Logs Gamma Ray X X X X
Bulk Density X X X X
P-Sonic X X X X
Shear Sonic X X X X
Stoneley Sonic X X X
Borehole Image X X X
Spectral Gamma X X
Spinner X X X
Core/Cuttings XRD X X X
Rock-Eval X X
Porosity-Saturation X X
Core Photos X X
CT Scan X X
Engineering DFIT X X
Production Data X X X
Well Reports X X X X

Data from sidewall core and cuttings are available, such asRay Di raction (XRD) and
Pyrolisis Rock-Eval, which allow for the calibration of mieralogy and TOC calculations
from logs. Some wells even have petrophysical measuremeamiscore, such as porosity, grain
density, water, oil, and gas saturations, as well as Computaed Tomography (CT) Scans
and core photos.

Engineering data are not rich is this area. Although productin history only accounts
for a few months, and the Diagnostic Fracture Injection Test (DFIT) are limited, there is
a wealth of information from reports on mud log data, as wellsadrilling and completion
reports. These can give valuable information on drilling ents related to formation pressure

and wellbore stability, important for geomechanical undetanding of the reservoir.

1.4 Previous studies

Since it is still an emerging play, published literature onhe Vaca Muerta treating it as an

unconventional reservoir is not abundant. Important aspes of shale characterization have
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been analyzed, but mostly at the wellbore scale. These incridptimization of completion
strategies (Ejofodomi et al., 2014), dynamic ow analysisBadessich and Berrios, 2012),
hydraulic fracture modelling (Monti et al., 2013), geomedmical controls on production
(Garcia et al., 2014), geological heterogeneity (Sagastiad., 2014), and production analysis
and forecasting (Herrero et al., 2014). Even fewer studiesorporate seismic data as a tool
to predict rock properties in 3D (Figure 1.7). Truman Holcombeet al. (2014) show a case
study in which seismic data were reprocessed to improve thgput data going into seismic
inversion and obtain anisotropy information forin-situ stress and fracture characterization.
They use a multivariate technique to predict a 3D distributon of kerogen content in the Vaca
Muerta by combining pre-stack seismic attributes and petyghysical analysis (Figure 1.7(a)).
Zunino and Soldo (2014) show the use of a rock mechanics teatplon the Lambda-Mu-Rho
(LMR) domain in order to identify TOC-rich or poor areas, as \ll as brittle zones. They
then apply this template to pre-stack inversion volumes tossess the spatial extent of these

zones and optimize the location of future wells (Figure 1.7)p
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Figure 1.7: (a) Map of kerogen fraction distribution derivedrom pre-stack inversion and

petrophysical logs (Truman Holcombe et al., 2014). (b) Seisencross-section color coded by
the zones derived from the LMR rock mechanics template, shimg a proposed well location

(Zunino and Soldo, 2014).
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The Colorado School of Mines has developed high-quality eesch on the Vaca Muerta
related to geomechanics. Once again, these studies werei$ed at the wellbore scale. Herzog
(2014) applied a work ow for predicting pore pressure using modi ed Bowers approach,
by taking into account the e ects of porosity and lithology an compressional wave velocities
from wireline logs. Kosset (2014) performed a complete wedre stability study, including a
1D geomechanical model, the analysis of temperature, chealiand ow-related e ects on
in-situ stress, and stochastic risk and sensitivity analysis.

Of all these studies, the work conducted by Willis (2013) is tamost relevant for this the-
sis. Willis used core data and cross-dipole sonic tools toibahte and obtain the anisotropic
sti ness tensor for the whole Vaca Muerta. Cluster analysigvas performed in several wells
in the study area, using gamma ray, compressional slownesgldulk-density logging suites.
Backus averaging allowed Willis to upscale the sti ness teons for each cluster group. The
cluster de nition showed de nite trends in terms of sti ness coe cients and Young's Moduli
(vertical and horizontal). These clusters were used as geechanical facies to populate a 3D
Mechanical Earth Model (MEM) (Figure 1.8). The lateral distibution of the geomechanical
facies is determined only by geostatistical means, using axponential variogram, as well
as facies weighting (Willis, 2013). No seismic data were useam donstrain the prediction of

these clusters away from the wells.

Figure 1.8: 3D view of modelled mechanical clusters for the @tuco and Vaca Muerta
(Willis, 2013).
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Pre-stack attributes derived from seismic inversion can pvide a powerful tool to assess
the lateral variability of rock properties. A good example Dthe integration of seismic
inversion and cluster analysis can be found in the work perfoed by Duenas (2014), in the
Montney Shale reservoir in Pouce Coupe Field, Alberta, Canadas part of RCP. Cluster
analysis was applied using wireline logs mostly governed tymposition rather than texture:
neutron porosity, bulk density, Gamma Ray, and photoelecit e ect. By cross plotting
elastic properties such as LMR, in combination with the redts of cluster analysis, her work
was able to identify and map the areas of better rock qualityrothe 3D seismic volume

(Figure 1.9).

P-Imped - o
Kﬁ;:r;“::ce V\{ * .]13;.12.'. 3 OB 4 & & § % 02‘,0,1 0.7 3 4 & 5 B om ;:09-07 SF

T

‘TVDmE_

Figure 1.9: Cross section of P-impedance volume, showing lgedies of clusters 1 and 2,
interpreted as high quality rock. Montney Shale, Pouce CowpField, Canada (Duenas,
2014).

The work from Willis (2013) and the cluster analysis by Kyla Bshop can be combined
with the research on seismic-derived rock properties fromuBfas (2014) to move towards

an integrated understanding of themechanicalbehavior of the Vaca Muerta.
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1.5 Methodology of this work

Figure 1.10 shows an illustration of the generalized work owmndertaken in this study.
Several data sources at di erent scales were used. Emphasi&s made on quality control

and validation in most of the steps.

Data
conditioning

Log QC
Gather conditioning

Acquisition footprint removal

Petrophysical Seismic Sensitivity

analysis inversion analysis

TOC/Mineralogy Post-Stack Blind well tests
Stress Pre-Stack simultaneous VTl anisotropy

Mechanical stratigraphy
Fracture information
Production

Figure 1.10: Work ow of the research presented in this thesis
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CHAPTER 2
DATA PRE-CONDITIONING

Before running a seismic inversion process, some steps ageessary to ensure that the
data are complete, in the right domain, and have the highesuality possible, thus generating
a better output for interpretation. These steps involve caful review and manipulation of

the well log and seismic data, and are explained in this chagt
2.1  Well log quality control

This is a key part of the work ow, since the elastic-propertyogs (bulk density, compres-
sional and shear sonic) are needed for almost every step ire timversion process, including
well ties, wavelet estimation, the low-frequency model, @nthe interpretation process. The
well logs need to be carefully examined for: di erences indging tools or vendors, data
spikes or unrealistic values, missing sections, borehalgosity, and misaligned data in depth,
among others.

A detailed correction was performed on the elastic-propgriogs for all available wells in
the Quintuco and Vaca Muerta intervals, de-spiking the datand correcting the unphysical
values, which were very few, mostly around the end of the logns. The bulk-density log in
particular can be very sensitive to borehole condition, yigding incorrect values in the case
of washouts. The caliper log can be a useful tool in determng these zones. Few zones
of possible borehole washout were detected based on thepmili and in these zones the
bulk-density log did not show an anomalous behavior. This ggest that the petrophysicist
did a good job compensating for these e ects.

The consistency of the elastic-property log data betweenetdi erent wells is fundamental
for inversion and interpretation. Figure 2.1 shows histogras that help evaluate this inter-
well consistency. The wells in the area have a good match, aoning that the log data

available are of good quality.
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Figure 2.1: Histograms of elastic-property logs for the fouredis in the Quintuco-Vaca Muerta
interval. Left: bulk density. Center: compressional slowrss. Right: shear slowness.

2.2 Synthetic log generation

All four wells in the study area have compressional and shedowness logs that cover
the entire Quintuco-Vaca Muerta zone. The bulk-density log are complete for this zone
for wells A and C. Wells B and D have density data only in the Ve Muerta. Since the
inversion and interpretation includes the Quintuco, syntktic bulk-density logs are needed
for this formation in wells B and D.

Wells A and C were used to crossplot bulk density versus P-wawelocity from com-
pressional slowness for the Quintuco (Figure 2.2). The crgdst shows that a Gardner-type

power function ts the data adequately. The empirical equabn obtained is the following:
syn = 10757V p 91003 (2.1)

where 4, is the synthetic bulk density in kg/m3, and V pis the P-wave velocity in m/s.
Equation 2.1 was used with the sonic logs for wells B and D to w@n the synthetic

curves for the Quintuco, and then these were spliced with theeasured bulk density logs in

the Vaca Muerta.
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Figure 2.2: Crossplot of bulk density vs P-wave velocity forhe Quintuco interval in wells
A and C. The dotted black line represents the best-t powerdw trendline, and the corre-
sponding equation and correlation value are shown in the b@n the bottom right.

2.3 Pre-stack seismic gather conditioning

Figure 2.3(a) shows the original pre-stack gathers in the aeof interest around Well
A, and Figure 2.3(b) shows the same gathers after standard cationing steps, such as
muting and Radon de-noising. As is clear from this gure, altbugh there is good event
coherency and high signal-to-noise ratio, the re ectors arnot optimally at for a reliable
AVO inversion. Therefore, it was decided that in order to impove the inversion outputs, it
was necessary to perform further pre-conditioning of the tieers, with the goal of obtaining
atter events while preserving AVO class 2 events with polaty reversals at far o sets, such
as the top Quintuco re ector.

The Geophysics team at the Wintershall o ce in Kassel, Germay) applied Residual
Move-Out (RMO) to the full survey gathers. Because of the sezof the survey, this was
a computer-intensive process. Figure 2.3(c) shows the outpgathers around Well A. The
RMO process was performed over a long time window in order togserve the AVO class
2 event at the top Quintuco. Therefore, this process was a cpnomise, as some events are

still not ideally at, especially in the middle of the Quintuco. These results, however, show
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a clear improvement with respect to the input data from Figure2.3(b).
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Figure 2.3: Pre-stack migrated o set gathers around Well A. (aOriginal data. (b) Data
after muting and Radon de-noising. (c) Improved data after RIO, showing atter events
for AVO inversion.

2.4 Angle stacks and data alignment

Once the gathers are properly pre-conditioned, they need be converted from the o set
domain to the incident-angle domain, since the AVO equatiaapplied to seismic inversion
are a function of angle (MacFarlane, 2014). Hampson-Rus$kllsoftware was used to trans-
form the data from o set to angle. It employs the Ray Paramete Method, based on the

following equation (Russell, 2014):

XVint
tV,2

rms

sin = (2.2)

where is the incident angle, X is the o set, Vjy is the interval P-wave velocity, Vs, is the

root-mean-square (RMS) P-wave velocity, antl is the two-way vertical traveltime.
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It is clear from Equation 2.2 that P-wave velocity informaton is needed to apply this
o set-incident angle conversion. The migration velocity eld available for the full survey
was used (Figure 2.4(a)). This is a smooth and not horizon-csistent velocity eld, but
the interval velocity trends, obtained by the Dix equation,are consistent with the interval
velocities from the well logs, which gives con dence to itsse for the conversion. Figure 2.4(b)
shows the pre-stack gathers converted to the incident-amgtiomain. After careful review of

the angle gathers in di erent areas of the survey, quality da is good up to 36 degrees.
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Figure 2.4: (a) Inline plot of the migration velocity eld used for the o set-incidence angle
conversion of the pre-stack gathers. (b) Angle gathers arodiWell A. Traces go from 2 to
44 degrees, in 2 degree increments. Note the lack of data frot8 44 degrees close to the
base of the Vaca Muerta.

The input into the seismic inversion requires at least threpartial stacks with limited
incidence angles to stabilize the inversion (MacFarlane024). Four sub-stacks were gen-
erated, with the following ranges: 0-94Nears), 9-18(Near-Mids), 18-27(Mid-Fars) and 27-
36 (Fars). This selection was done based on the successful caggly by Duenas (2014),
which used these same four angle ranges for partial stacks arP-P dataset, having inci-
dence angles from 0 to 36 degrees just as those for the Vaca Maseismic. The excellent
quality and stability of the data allowed for the stacking ofsmall subsets of angles without

the need for angle overlap, and still yielding consistent pigal stacks (Figure 2.5).
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Figure 2.5: Inlines of the four sub-stacks generated for pstack simultaneous inversion.

A successful inversion is dependent on the time alignment tife partial angle stacks.
The main causes for misalignment are inaccurate migratiorelocities or incorrect statics in
processing. To ensure that the data are aligned as best as gibke, small static adjustments
are calculated and applied to each sub-stack volume to optise the trace-to-trace cross-
correlation (MacFarlane, 2014).

The alignment of the Near-Mid, Mid-Far and Far angle stacks waperformed in Jasof
software, using the Near angle stack as a reference volume.eTiear angle stack is the most

similar to the zero o set as it is less compromised by normal awve-out. Volume alignment
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was used instead of horizon alignment because the phase deeces, as well as the amplitude
di erences, are taken into account. The vertical time windw used for obtaining the optimal

time shift was selected from 100 ms above the Top Quintuco, 1®0 ms below the Base Vaca
Muerta. The time-shift volumes show small time shifts, notxeceeding 3 ms in absolute value
(Figure 2.6). After applying these minimal time shifts to eactangle stack, the data shows

good alignment for inversion.

Time (ms)
Top

Quintuco

Base
Vaca
Muerta

Near/Near-Mid Near/Mid-Far Near/Far

Figure 2.6: Inlines of time-shift volumes applied to the Neawid, Mid-Far and Far stack,
with the Near stack as the benchmark volume. Negative valuesdicate an shift upward;
positive values represent a downward shift.

2.5 Acquisition footprint removal

An acquisition footprint can be de ned as any anomaly obserdan seismic data related to
surface data-acquisition geometry rather than to subsurfa geology. Irregularities in stacking
fold, and biases in source-receiver o sets and azimuths c&uarti cial spatial periodicity in
enhanced seismic signal. Seismic attributes react to thedgnges in data quality and create
artifacts that resemble the acquisition geometry (Choprateal., 2011).

The seismic dataset used for this research exhibits a cleaqaisition footprint, which can
be seen in time slices as stripes in the east-west (inlinejektion and, to a lesser degree, in the
north-south (crossline) direction (Figure 2.7(a)). The natow-azimuth geometry discussed in

Chapter 1 is most likely responsible for this undesirable ect, which contaminates not only
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geometric seismic attributes such as curvature and cohemgn but also impedance volumes
derived from inversion.

Ideally, acquisition footprint should be treated at the tine of the survey design and in the
processing shop (Chopra and Marfurt, 2007). Thankfully, soe tools are available to deal
with this issue on the interpretation side. TerraSpark Geasence's Insight Earthr software,
among its many data conditioning tools, has a proprietary Fatprint Removal process, which
is a robust and user-friendly coherent noise lIter that work in the wavenumber domain. The
only inputs needed are the seismic volume itself, the time drirace gates, the direction in
which the lIter is applied (inline or crossline), and the disance between stripes in the time
slice or the spatial periodicity of the noise. Several timdises in the interval of interest were
evaluated to determine the optimal distances, both in the ime and crossline directions.

Figure 2.7(b) shows a time slice of the full stack volume aftehe Footprint Removal
process was applied. The improvement with respect to the gmal volume is notable. Most
of the striping noise has been suppressed in both directionBhe same process was applied

individually to each of the four partial angle stacks.
2.6 Summary

Data pre-conditioning is a key step in any reservoir charagtization e ort. Even though
the data available are of high quality, several steps can baken to improve them even further.
That way the subsequent interpretation and integration is mre accurate and robust. Data
conditioning was applied to both the well logs and the seismdata.

With the density and sonic logs, general QC, editing and de-#jng, and histogram
matching were performed, as well as synthetic bulk densitpd generation for the Quintuco
interval in some wells, using non-linear regression on dafl@m other wells.

With the seismic, Wintershall performed detailed pre-stackaher conditioning: muting,
de-noising, and RMO. The gathers were transformed from o & incidence angle using the
migration velocity volume, generating four partial angle teicks and applying residual time

alignments using time shift volumes. Finally, the acquisian footprint was reduced in all
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Figure 2.7: Time slices of raw seismic amplitudes in the noetastern part of the survey,
extracted inside the Vaca Muerta interval. (a) Original daa. Note the striping pattern
in the east-west and north-south directions. (b) Data afterapplication of the Footprint
Removal process.
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volumes using Insight Earthr Footprint Removal module.
The outputs from the work described above are much improvedrfinput into the seismic

inversion and petrophysical analysis processes describedater chapters.
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CHAPTER 3
SEISMIC INVERSION

Inversion can be de ned as deriving from eld data a model thadescribes the subsur-
face and is consistent with the data, determining the causeoim the observation of e ects
(Sheri, 2002). In the specic case of seismic data, invermn methods are techniques that
extract information about properties of the subsurface, rluding the prediction of acoustic
impedance from stacked seismic data, the estimation of clges in elastic properties from
pre-stack seismic data, and methods that use the variatiori ce ection amplitude with o set
to detect the presence of hydrocarbons in the subsurface f¢eand Foster, 1998). The acous-
tic impedance and AVO attributes derived from seismic invaion can be transcribed into
petrophysical parameters, and combined with the structutaframework to create a model
of the reservoir. Therefore, seismic inversion can act asetlbridge of integration between
petroleum geology, petroleum engineering, and geophys{¥simaz, 2001) .

The use of pre-stack data in reservoir characterization hdseen in use for years in con-
ventional reservoirs, but has been mostly focused on facaa®d uid discrimination (Ouenes,
2012). With the advent of shale plays, the application of setsc inversion has changed.
As tight shales have low porosity (often less than 10%) and genally contain some hydro-
carbons, the use of AVO methods is oriented to primarily ex#ict lithology and mechanical
properties (Goodway et al., 2010). Reservoir quality indators such as TOC, and properties
related to the potential e ectiveness of hydraulically fraturing the rock, such as brittleness,
natural fracture presence, and closure stress, are key paweters that need to be known and
understood to optimize the production in these plays. Theggarameters can be estimated
with seismic data.

This chapter focuses on the basic theory of post-stack andepstack seismic inversion,

the underlying assumptions in these methods, and di erensébetween the two algorithms
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used in this research: Constrained Sparse Spike inversi@SSI) and Model-Based inversion.
The detailed work ow, QCs and results of the seismic inversins performed on the P-wave

dataset for the Quintuco and Vaca Muerta intervals are alsorpsented.

3.1 Theory

The basic model from which many seismic inversion methodseabased is the convolu-
tional model (Figure 3.1). It states that the seismic trace isimply the convolution of the
wavelet or source function with the earth's re ectivity seres, with the addition of a noise
component (Russell, 1988). The fundamental objective ofviersion is to nd a geologically
realistic impedance pro le that correlates to the re ectivty series, and therefore, satis es the
convolutional model. Noise is usually neglected or assumem liave been su ciently atten-
uated during data processing. Therefore, the inversion reiges a priori information about
the wavelet and understanding of the relationship betweenastic properties and re ectivity

(MacFarlane, 2014).

Earth Model Reflectivity = Wavelet Seismic

Figure 3.1. Schematic representation of the convolutional adel (MacFarlane, 2014).

There are additional assumptions to be considered regardithe wavelet and the re ec-
tivity series. In the convolutional model and inversion, tle wavelet is assumed to be constant
and well-de ned. More realistically, the wavelet is time-gariant and complex in shape (Rus-
sell, 1988). Its frequency content and phase changes withptle as a result of the high-cut

Iter characteristics of the earth. To overcome this limitdion, it is convenient to constrain
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the vertical extent of data input (MacFarlane, 2014). On theother hand, the re ectivity
series is assumed to be a perfectly random sequence. This msethat its autocorrelation is
a spike at zero-lag. The true earth re ectivity cannot be cosidered truly random, but if the

input data time window is su ciently large, it is a good approximation (Russell, 1988).
3.1.1 Post-stack and pre-stack inversion

In post-stack inversion, a band-limited estimate of acousstimpedance, or P-impedance,
is obtained from seismic amplitudes. Latimer et al. (2000)xplain some of the bene ts of
acoustic impedance data. P-impedance is a rock property hagr than an interface property,
and is closely related to lithology, porosity and uids. It @n leverage the reservoir description
beyond simple seismic interpretation.

Post-stack inversion assumes the special case of normaldeace; that is, each re ection
coe cient is the result of a seismic ray striking the interface between two layers at zero
degrees from normal. In this case, there is no mode convensiand the re ection coe cients
are a simple function of the P-wave velocity and density of thlayers (Russell, 1988):

V, V1
Rp= 22 17 3.1
i Vot 1V 3-1)

where is density andV is P-wave velocity. Subscripts 1 and 2 represent the medialvas
for the incident upper and lower transmitted layers, respdively.

The stacked data are often considered to be a reasonable appmation to a sequence
of Itered normal-incidence re ection coe cients. The stack, however, is an average over all
angles, and therefore does not represent the true normal idence re ectivity. Thus, a more
accurate input to acoustic impedance inversion would be thecoustic impedance re ectivity
from pre-stack gathers (Russell, 2014). Moreover, consttive/destructive interference from
thin beds at nite o set ranges generate amplitude distortons in the NMO corrected stacked
trace. These distortions are not accounted for in post-stednversion, but they are dealt

with in the pre-stack domain, giving more detail and resolubn (Mallick and Ng, 1995).
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When the seismic ray strikes the boundary at nonzero incidem@ngles, there is P-to
S-wave conversion and the re ection coe cient becomes a fation of the P-wave velocity,
S-wave velocity and density of the layers. The equations frowhich the amplitude variations
with o set can be derived are the Zoeppritz equations (RusBg1988). The use of the full
Zoeppritz equations can lead to a complex solution for a givencidence angle. That is
why several approximations have been derived for the re aon coe cients that are good
for a certain range of angles of incidence. For this work, th&ki-Richards equation (Aki

and Richards, 2002) is used, which is a linearized approxitran of the P-wave re ection

coe cient:
n 2 # 2
1 VS ) 1 2 VP VS -2 VS
R =—-1 4 — sin —+ - 1+tan 4 — sin 3.2
P() 2 VA 2 Ve Vo Vs (32)

where Vp, Vs and are, respectively, the average P-wave velocities, S-wawelocities,
and densities across the interface,Vp, Vs and are the di erences in parameters across
the interface, and is the average of the P-wave incidence and transmission aagl

In pre-stack inversion, both the low-and high-frequency ocoponents of the acoustic
impedance are extracted from seismic data. Plus, there isettpbvious advantage to us-
ing a full elastic model, in which Vp/Vs (and Poisson's ratio) an be estimated (Mallick
and Ng, 1995). Figure 3.2 shows the work ows for both post-sta@and pre-stack seismic
inversion. Although the steps for both methods are essentiathe same (wavelet estimation,
low-frequency model building), the quantity of input data,the complexity of the process,

and the variety of the products are clearly di erent.
3.1.2 Sparse-spike and model-based inversion

The two main categories of seismic inversion algorithms,dce-based and model-based,
are compared in Figure 3.3. The di erences between them are mly in how the methods
use modelled data from extrapolated well logs (MacFarlan€014). For this research, the

CSSI method is mainly used, which is a trace-based inversiolthe model-based approach

31



i
o

Figure 3.2: Generalized work ows for seismic inversion. Topost-stack. Bottom: pre-stack.
Modi ed from Duenas (2014).
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is employed mostly for sensitivity and comparison purposewhich are explained in more

detail on the next chapter.

* Trace Based (Deterministic)
Elastic

parameter

woe

* Model Based (Convolutional and Stochastic)

| Revise [*
‘ No
Yes

Rock
Property

Figure 3.3: Comparison of trace-based vs model-based setsimversion work ows (Duenas,
2014).

The CSSI method is the basis for the seismic inversion penfeed in Jasoi™ software.
The re ection coe cient is assumed sparse. In sparse-spikaversion, the method itself is
not directly dependent on the impedance log information; # logs are used just to set the
correct absolute impedance range. It is callecbnstrained inversiorbecause it has certain
constraints that are usually provided in order to improve tle accuracy of the solution to
the inversion (Duenas, 2014). The core of these constrarites in the objective function
(Equation 3.3), that the CSSI algorithm attempts to minimize. The inversion should be
kept simple because of the non-uniqueness of the problem ahd assumption that the fewer
re ection coe cients needed to match the data the better therepresentation of the earth

model (MacFarlane, 2014).

X
F(VP;VS; )= (Fseismic + I:contrast + I:trend + I:spatial + I:SVD + I:Gardner + qudrock) (3-3)
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where the individual terms are mist functions calculated @r trace. Fseismic controls the
seismic residualsk¢onrast keeps the solution sparse (controls the elastic parameteariance),
Fuena Stabilizes low frequencies relative to the trendspaiai controls the smoothness of the
output, Fsyp stabilizes the inversionFgaraner CONstrains the density, and=yygrock  CONStrains
the S-impedance or Vp/Vs ratio.

The model-based approach is the basis for the seismic inversperformed in Hampson-
RussellM software. The algorithm is based on the following main assyntions: the linearized
approximation to re ectivity holds, and a linear relationship exists between the logarithm
of P-impedance and both S-impedance and density, and thidagonship holds for the back-
ground lithologies. Using these assumptions, one can deravenal estimate of P-impedance,
S-impedance and density by perturbing an initial P-impedase model. Using the objective
function and this initial guess, the next step is to iterate éwards a nal solution using the
conjugate gradient method (Martins, 2013).

Russell (1988) summarizes the pros and cons of sparse-sjikd model-based inversion
methods.

Advantages of sparse-spike inversion:

The data themselves are used in the calculation.
A geological-looking inversion is produced.

The low-frequency information is included mathematicallyn the solution.
Disadvantages:

Statistical nature of the method is subject to problems in nisy data.

Final output lacks much of the ne detail; only the blocky component is inverted.
Advantages of model-based inversion:
A complete solution is possible, including the low-frequeg information.
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Errors are distributed throughout the solution.

Multiples and attenuation e ects can be modelled.

Disadvantages:

The solution is arrived at iteratively and may never be reaad (may not converge).

More than one forward model correctly ts the data (non-unigieness).
3.2 Stacked data interpretation

Wintershall performed a comprehensive interpretation of # main horizons from the full
stacked seismic data. This interpretation is very importainas it will provide the framework
for building the low-frequency trend model, which will be dicussed in the next chapter.
Detailed QC of these horizons was done focusing on consistef seismic character and
continuity across the whole survey. Localized editing of thhorizons was needed in a few
problem areas such as where gaps exist in the data, espeyialbse to the location of the
faults. Also, horizon smoothing was performed with care to pserve the structural detail
needed for the low-frequency model.

The main interpreted horizons are seen in section view in Figa13.4. This E-W inline is
important as it crosses Well A and it will be used as a refereadine for subsequent seismic

section displays. The horizons, in order from shallowest tteepest, are:

The Top Quintuco, represented by a strong peak re ector, coimuous across the area,
resulting from the high impedance of the Quintuco with resp to the overlying Mulich-

incho Formation.

The "Lower Quintuco”, given by a zero-crossing that represgs the base of onlapping
re ectors. This is the most di cult horizon to interpret but p rovides additional needed

detail for a very thick interval such as the Quintuco.
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The Top Vaca Muerta, characterized by a trough re ector thatis continuous across the
survey. This comes from the decrease in impedance of the uppaca Muerta relative

to the lower Quintuco.

The "Middle Vaca Muerta" horizon, which is a weak trough re etor, with some loss
of continuity towards the south. This proves neverthelestbe a good control horizon

within the Vaca Muerta.

The Base Vaca Muerta, a strong and continuous peak re ectorepresenting the con-

trast between the lower Vaca Muerta and the sti er underlyirg Tordillo sandstone.

Seismic
amplitude

Well A

Well D

0.5s

(TWT)
*

Well C Well B

0 15 km

Figure 3.4: Reference inline of full stack seismic data witham horizons interpreted. The
relative location of this section is depicted by the thick tdck line on the base map to the
right.

Figure 3.5, Figure 3.6, Figure 3.7, Figure 3.8 and Figure 3.9 shovaps of the ve horizons
interpreted in time domain. With the exception of the Top Quirtuco which shows a more
de ned dip from west to east, the structural trends for all heizons are similar. They are
deeper in the center of the survey and shallower toward the igb and north. The Base
Vaca Muerta horizon is clearly a ected by the faults from theintervals below; some of them

continue up into the Vaca Muerta (west and northeast).

36



Two-way
time (s)

1.40

Figure 3.6: Time structure map of the Lower Quintuco.
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Figure 3.7: Time structure map of the Top Vaca Muerta.
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Figure 3.8: Time structure map of the Middle Vaca Muerta.
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Figure 3.9: Time structure map of the Base Vaca Muerta.

3.3 Low frequency model

Accounting for missing information below the seismic banddih is a critical issue in
seismic inversion. This information is needed for qualitate interpretation; determination of
absolute reservoir properties (Pendrel, 2015). This is whye need to build a Low-Frequency
Model (LFM). The inputs into the LFM are the well logs with P-impedance (for post-stack
inversion), and additionally S-impedance and density (fopre-stack inversion). These logs
are ltered to Il the gap of the frequencies below those in tke seismic data, and then are
interpolated and extrapolated throughout the whole 3D volme, guided by the interpreted
horizons.

The interpolation of the well log data has always been a fundaental issue in the LFM.
Many analytical method can be used, such as inverse distaneeighting or kriging. But

without additional information, the truth is that we really do not know the lateral variability
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of the reservoir below the seismic bandwidth (Pendrel, 2015In situations of limited well
control and with a large survey, such as this case study, thissue becomes all the more
critical.

Driven by these considerations, in this study two sets of LFM' were generated: (a)
standard models using conventional analytical interpolation techiques, and (b) complex
models using advance methods that take into account lateratknds provided by the velocity

eld and the seismic data themselves.

3.3.1 Standard model

Jason™ software o ers two main interpolation techniques that are pplicable to the
situation of sparse data that we are dealing with in this workinverse distance-weighted and
kriging. In inverse distance-weighted, the interpolatiorweights decrease with distance from
the well, and are exactly zero at the other well positions. @bal kriging is a geostatistical
method of interpolating data using a linear combination of eights applied to the known
data based on a model of spatial correlation (Sheri, 2002)The type used here is simple
kriging, in which the global mean is constant over the entirarea and is generally based
on all the control points (Sheri, 2002). The software allow only for a spherical variogram
model, but the user is allowed to specify the variogram range

In order to determine which model to use, the predictive poweof the interpolations
was examined through blind well testing. Although in this cas it was done on the LFM,
the following explanation on how the blind well tests were pormed applies for subsequent
analysis done on the inversion results, and so it is importato show in some detail.

Blind well testing consists of the following steps:

1. Build the model with all wells in it.

2. Extract pseudo logs of the property (P-impedance or S-ingplance) from this model at

each well location.

3. Build the model again, this time removing one well.
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4. Extract pseudo log of the property at the location of the nmoved well.

5. Compute the RMS di erence between thevalidated and the blind pseudo logs, given

by:
S

P N
t=1 (Zval;t Zinnd;t )2

RMSD =
N

(3.4)

whereZ,, and Zying are, respectively, the impedance value of the validated ariie
blind pseudo logs at samplé, and N is the total number of samples of the pseudo-log

in the interval of interest (Quintuco and Vaca Muerta).
6. Repeat steps 3 to 5 for the other three wells.

7. Compute the average value of the RMS di erence for all fowvells, thus obtaining the

average RMS P-impedance error for the particular interpoleon parameters.

Several variogram ranges were tried for the global krigingterpolation, but the shorter
ranges (between 1,000 and 10,000 m) yielded changes that tye rapid given the little
relative variability of impedance between wells. The two ks ranges found were 12,000 and
30,000 m. These are compared with the default inverse-diatae weighted algorithm, and

the results are shown in Table 3.1.

Table 3.1: LFM blind well test results for standard interpoléion methods.

Method Average RMS error (kg/m**m/s)
P-impedance S-impedance
Inverse distance weighted 8.96 x %0 5x 10
Global kriging (Range=12,000 m) 8.99 x 10 5.02 x 16
Global kriging (Range=30,000 m) 8.86 x 10 4.88 x 10

According to these numbers, the global kriging with a 30,000 mange shows a slightly
lower error value for both P and S-impedance, signifying et predictive power. Figure 3.10
shows the well weights for this interpolation. Note the slowrad smooth decay in the weights

because of the large variogram range, indicating little sgal variability.
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Figure 3.10: 2D section plot of well weights for global krigm (range=30,000 m).

3.3.2 Complex model

The software provides an option for applying user-de ned vights that allow one to go
beyond the standard interpolation techniques. These weitghare built from attribute hori-
zons which can be derived from any lateral trend that the interpeter considers geologically
meaningful. Each layer of the model will have an attribute hezon associated with it, from
which the well weights are de ned. For practical purposes,ndy three layers were chosen
to generate these weights: Quintuco, Upper Vaca Muerta and Wwer Vaca Muerta, the two
latter bounded by the Middle Vaca Muerta horizon.

The attribute horizons are derived using all information aailable that might relate to

lateral compaction trends or facies changes. The followiragtributes were used:

1. Structural trends from the time structure maps of the top othe layers.
2. Thicknesses of the layers.
3. Mean layer RMS amplitudes from the seismic data.

4. Mean layer migrations velocities.
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5. Mean layer interval velocities obtained by applying the B equation to the migration

velocity volume.

Each of these attributes generates an impedance model. S&irevery one of these models
carries information about a certain lateral trend in the suburface, they can be combined to
generate a more geologically meaningful model. A good way tteat this is by the use of
multi-attribute analysis. This is a process that builds a mear combination of attributes in
order to calculate a property measured in the log, or targeb. The attributes are selected
according to the error in the prediction. The rst attribute is the one with the highest
correlation with the target log. The next attributes are thcse that add the least error. This
process is known astepwise regressiorfVega, 2012). The Emerge module from Hampson-
RussellM software provides the tools for this analysis, and it o ershe possibility to try
non-linear transforms of the attributes as well.

Adding extra attributes always increases the correlation @cient and decreases the
error at the known well locations. However, if we apply a valideon criteria, in which one
well is extracted from the prediction and the errors computkat the blind well locations, the
addition of more attributes will beyond some point increaséhe error. This is the criterion
used for assessing the number of attributes to use.

Figure 3.11 and Figure 3.12 show the error plot for the calculan of the P-impedance
and S-impedance models, respectively. Note that in both casehe validation error de-
creases with the addition of attributes, meaning that the mii-attribute stepwise regression

is increasing the predictive power of the models.
3.3.3 Qualitative comparison

Figure 3.13 shows the comparison in section view of the P-ingsce low-frequency
models generated with the standard interpolation and the spwise regression approach. A
10 Hz high-cut lter was applied to both these models, as thisalue represents the low-

frequency limit for the seismic survey. Figure 3.14 shows tlteame comparison for the S-
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Figure 3.11: Stepwise regression error plot for the P-impeutae model. The 2 in the x-axis
means the use of attributes 1 and 2 listed on the right, the 3 raas the use of attributes 1,

2 and 3, and so on.
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Figure 3.12: Stepwise regression error plot for the S-impeda model.
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impedance models, also high-cut Itered to 10 Hz. There is agsii cant di erence between
the two models in terms of lateral variability. The complex nadels has sharper changes due
to the local variation of the attributes. In contrast, the smple models are much smoother
laterally.

The quantitative e ect of these models on the inversion rests will be analyzed in detail

in the sensitivity analysis section on Chapter 4.

0.5s |
(TWT)

16 km

P-impedance (x 1026 kg/m~3*m/s)

Figure 3.13: Inline of the P-impedance low-frequency modelseft: complex model. Right:
standard model.

3.4 Post-stack inversion

This section presents the methodology for the inversion dfi¢ full stacked seismic dataset,

with the objective of producing a P-impedance volume.
3.4.1 Well tie and wavelet estimation

Seismic-well correlation and wavelet estimation is an itative process that has the largest
impact on the inversion results. It involves several updaseto the well logs through shifts and
stretch/squeeze operations, and updating the wavelet estation parameters (MacFarlane,

2014).
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0.5s
(TWT)

16 km

S-impedance (x 1076 kg/m”3*m/s)

Figure 3.14: Inline of the S-impedance low-frequency modelseft: complex model. Right:
standard model.

Well A is the only one with reliable check-shot data for builthg the time-depth curve.
For the other wells, the ltered P-wave sonic logs were usedA rst pass tie with a zero-
phase wavelet was performed, and then re ned by using teclguies based on well re ectivity
to estimate amplitude and phase of the wavelet simultanedys This process was done for
each well individually. After an optimal tie was achieved foeach one, amulti-well wavelet
was estimated using wells A and B, which yielded the best inddual wavelets. Figure 3.15
shows the estimated wavelets displayed together. The nalawvelet used for the well ties and
the inversion is the multi-well wavelet.

The nal well ties for the four wells are shown in Figure 3.16, gure 3.17, Figure 3.18 and
Figure 3.19. With the exception of Well C, all show an excellerdeismic-synthetic match,
with cross-correlation values of 0.7 or better. The match atvell C is much poorer because
the dominant frequency of the seismic data in this area drops around 30-35 Hz, in contrast

with the rest of the survey, which is around 40-45 Hz.
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Figure 3.15: Wavelets estimated for the zero-o set well tieof post-stack inversion. Red:
Well A wavelet. Blue: Well B wavelet. Black: multi-well wavéet.

3.4.2 Inversion parameters

To nd the optimal settings for the mis t weights to use in the inversion, and therefore
minimize the objective function, testing of the parametersand their impact on the results
was done through di erent QCs. The weights are evaluated bad on their capability to
improve: signal-to-noise ratio, well log correlation, welog normalized standard deviation,
and sparseness of the re ection coe cient (MacFarlane, 2@). Table 3.2 shows the main

parameters used for the post-stack inversion.

Table 3.2: Post-stack inversion parameters.

Parameter Value
Time window Top Quintuco-Base Vaca Muerta
Seismic mis t signal-to-noise ratio 11.5dB
Contrast mis t P-impedance uncertainty 1%
Wavelet scale factor 1
Merge cut-o frequency 10 Hz
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Figure 3.17: Full stack seismic-well tie for Well B.
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Figure 3.18: Full stack seismic-well tie for Well C.

Figure 3.19: Full stack seismic-well tie for Well D.
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One of the most important parameters is the merge cut-o fregency, which determines
the overlap in the spectrum between the seismic and the lonefuency model. A value
too high will cause an excessive imprint of the model, wherea value that is too low will
originate a gap in the bandwidth of the inversion results anthus degrade them. Figure 3.20
shows the bandwidth of the full stack with selected the mergeequency. Also shown is the
bandpass lIter applied to the inversion result. The high endf this Iter should not be too

high, as the inclusion of the higher frequencies will moskely bring noise to the results.

Figure 3.20: Bandwidth of the full stack. The high-cut lter applied to the low-frequency
model is shown in red, and the bandpass Iter applied to the @bd-stack inversion result is
shown in cyan. The merge cut-o frequency is 10 Hz.

3.5 Pre-stack inversion

This section presents the work ow for the inversion of the agle stacks generated as
explained in Chapter 2, with the goal to obtain P-impedance$-impedance and, if possible,

density volumes.
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3.5.1 Well ties and angle-dependent wavelet estimation

The well ties and estimated wavelets in the post-stack inveion serve as a good starting
point for this process on the partial angle stacks. Minor clmges were made to optimize the
well ties beginning with the Near stack in each well, and estiated the wavelets. A multi-well
wavelet was de ned for the Near stack. After this, the waveletfor the other three partial
stacks were estimated, without the need to make further chges to the well tie time-depth
curve because the time alignment of the stacks is good.

Figure 3.21 shows the nal wavelets for the four partial angletacks. The wavelets
are consistent in the phase spectra. The far stack waveletsalightly di erent amplitude
spectrum than the others, with a lower frequency content. Ade from minor di erences in
side lobe energy, all the wavelets show a stable characterabhghout the angle ranges. The
seismic-well ties for each stack for all wells are shown in kg 3.22, Figure 3.23, Figure 3.24
and Figure 3.25, using the wavelets shown in Figure 3.21. AgaMjell C shows problems.
The match is poor, especially in the near angle stack. Asideom the change in frequency
content previously discussed, the quality of the pre-stadgathers in this area is not good.
With the exception of a few small areas, the seismic-synthetmatch for Wells A, B and D

is excellent for all stacks, with cross-correlation valuasostly above 0.7.
3.5.2 Inversion parameters

The process of optimizing the parameters for pre-stack imgon is iterative. Because
most parameters interact, comprehensive testing is needénl asses their impact on the
inversion results. Moreover, the complexity of the process much higher than for post-stack
inversion because now we are inverting for three propertjeshich in turn interact with each
other. Table 3.3 shows the main parameters used for the pagtck inversion. The rock
physics constraints didn't show signi cant impact in the irversion and therefore were not

used.
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Figure 3.21: Wavelets estimated for each of the four partiatacks. Near stack: blue. Near-
Mid stack: red. Mid-Far stack: green. Far stack: black.

Figure 3.26 shows the bandwidth of the Near stack with the meegfrequency selected.
Also shown is the bandpass lIter applied to the inversion re$u The merge cut-o frequency
was selected based on the Near stack because it has the higlesjuencies and we need to

avoid the bandwidth gap.
3.6 Inversion results and quality control

In order to validate the inversion results and identify potatial problem areas, several

QC steps can be applied to the data, such as:

Seismic-synthetic correlations.
Section views of inverted results, both band-limited and fliabandwidth.
Extracted pseudo-logs from the inverted volumes comparedtivthe Itered well logs.

Map extraction of inverted volumes for di erent levels of tle Vaca Muerta.
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Figure 3.22: Well ties for partial angle stacks in Well A.

Figure 3.23: Well ties for partial angle stacks in Well B.
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Figure 3.24: Well ties for partial angle stacks in Well C.

Figure 3.25: Well ties for partial angle stacks in Well D.
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Table 3.3: Pre-stack inversion parameters.

Parameter Value
Time window Top Quintuco-Base Vaca Muerta
Merge cut-o frequency 10 Hz
Contrast mis t P-impedance uncertainty 1.6%
Contrast mis t S-impedance uncertainty 0.8%
Contrast mis t density uncertainty 0.4%
Seismic mis t signal-to-noise ratio (Nears) 17.9 dB
Seismic mis t signal-to-noise ratio (Near-Mids) 15 dB
Seismic mis t signal-to-noise ratio (Mid-Fars) 28.9 dB
Seismic mis t signal-to-noise ratio (Fars) 24 dB
Wavelet scale factor (Nears) 1.1
Wavelet scale factor (Near-Mids) 1.1
Wavelet scale factor (Mid-Fars) 1.1
1.1

Wavelet scale factor (Fars)

Figure 3.26: Bandwidth of the Near stack. The high-cut Iter gplied to the low frequency
model is shown in red, and the bandpass lIter applied to the prstack inversion result is

shown in cyan. The merge cut-o frequency is 10 Hz.
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Figure 3.27 shows the correlation between seismic and syrtibevolumes for each of
the four partial angle stacks. High correlation values mearow residuals and therefore a
successful inversion. The correlation is high in the Mid-Feand Far stacks (above 0.95). In
the Near-Mid stack, the correlation is still mostly above 0.@lthough some areas around wells
A and D drop to around 0.8. The only real problem area can be datted in the Near stack.
The southwestern area of the survey, where Well C is locateshows a dramatic decrease
in correlation values, some of them dropping below 0.6. This because of the low quality
of the gathers in this area, resulting in poor well ties. Thexfore, in this area the inversion

results cannot be considered reliable. The rest of the suyvshows excellent results.

Figure 3.27: Maps of average seismic-synthetic correlatiéor the inversion window (Quin-
tuco and Vaca Muerta) on each partial angle stack.

An important QC is the band-limited component of the inversia. This is the seismic data
contributing, and this results speaks directly to the quaty of the data and of the wavelet.

Figure 3.28 shows vertical sections of the band-limited rdssion P-impedance for both post-
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stack and pre-stack inversions. They show vertical and latd contrasts in relative acoustic
impedance. Also, they yield an excellent match with the Iteed well log from Well A. The
match is better for the post-stack in the lower Vaca Muerta, iad in the upper Vaca Muerta

and Lower Quintuco, the pre-stack results shows a somewhabre robust correlation.

Figure 3.28: Inline of band-limited inverted P-impedance (70 Hz). Left: post-stack.
Right: pre-stack. The well log has a 10-70 Hz bandpass lter.

Figure 3.29 shows the band-limited results for S-impedancéhey are slightly more noisy
than the P-impedance, because the pseudo-shear wave infation from pre-stack inversion
is more sensitive to noise. Nevertheless, the results showeatellent match with the ltered
well log from Well A.

The full-bandwidth result of the inversion contains the corpination of the seismic data
and the low-frequency model. This result is key as it allowsugntitative interpretation and
estimation of geomechanical and reservoir properties. Figu3.30 shows the full-bandwidth
results on P-impedance for both post-stack and pre-stackversions. They show the vertical
trend of decreasing P-impedance with depth, and also latér@ariations in certain layers.

They show an excellent match with the Itered well log from W& A. Just as the band-
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Figure 3.29: Inline section of band-limited inverted S-immance (10-70 Hz). The well log
has a 10-70 Hz bandpass lter.

limited results, the match is better for the post-stack in tle lower Vaca Muerta, and in the
upper Vaca Muerta and Lower Quintuco, the pre-stack has bedt correlation.

Figure 3.31 shows the full-bandwidth results for S-impedaac They also appear slightly
noisier than the P-impedance results, but still with good gality and a good match with the
ltered well log from Well A. The vertical decrease in S-impednce and the lateral variability
is evident.

A more detailed comparison between log and inversion-degi¥ impedance can be per-
formed by extracting a pseudo-log of the inverted volume ahe well location. Figure 3.32
shows the full-bandwidth P-impedance pseudo-logs, compdrwith the high-cut Itered well
logs. Figure 3.33 shows the band-limited P-impedance psetdgs, together with the band-
pass lItered log data. The matches are excellent for both ptstack and pre-stack in all
wells except Well C, where there are important mismatchessgecially in the Vaca Muerta.

The same analysis can be applied for the inverted S-impedandeigure 3.34 and Fig-
ure 3.35 show comparisons for both full-bandwidth and bandnited results, respectively.
As expected, the matches are not as excellent as the ones fomipedance, but still are

good. Some mismatch can be observed particularly in the Lowdaca Muerta at wells B
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Figure 3.30: Inline of full-bandwidth inverted P-impedancg0-70 Hz). Left: post-stack.
Right: pre-stack. The well log has a 70 Hz high-cut lter.

Figure 3.31: Inline of full-bandwidth inverted S-impedanc€0-70 Hz). The well log has a 70
Hz high-cut lter.
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Figure 3.32: Pseudo-logs extracted from the full-bandwidtP-impedance post-stack (blue
curves) and pre-stack inversion (red curves), compared Wwithe high-cut (70 Hz) Itered
well logs (black curves) for all wells.

Figure 3.33: Pseudo-logs extracted from the band-limited iPapedance post-stack (blue
curves) and pre-stack inversion (red curves), compared Wwithe bandpass(10-70 Hz) Itered
well logs (black curves) for all wells.

60



and D, where the inversion results underestimate the log vas. Once again, Well C shows

a poor correlation and therefore unreliable results in thiarea.

Figure 3.34: Pseudo-logs extracted from the full-bandwidtls-impedance inversion (blue
curves), compared with the high-cut (70 Hz) ltered well loggblack curves) for all wells.

The lateral variability of the elastic properties derived fom inversion is best observed
in map view. RMS values of the P-impedance inverted volumesre extracted using small
windows (10 ms), for three important levels: below the Top & Muerta horizon, centered
in the Middle Vaca Muerta horizon, and above the Base Vaca Muea horizon. Figure 3.36
shows the horizon slices. The trends for both post-stack amae-stack inversion results are
similar, but the absolute values vary, especially in the Uppé/aca Muerta at the northeast
area.

When comparing the P-impedance distribution at the di erentlevels, important di er-
ences can be observed. The focus of the analysis is the areat#rest to the northeast.
In the Upper Vaca Muerta, the P-impedance is decreasing towds the north, while in the
Middle Vaca Muerta, it is clearly increasing. The Lower VacMuerta does not show such a

de ned trend, with many smaller-scale variations in P-impdance.
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Figure 3.35: Pseudo-logs extracted from the band-limited iBypedance inversion (blue
curves), compared with the bandpass(10-70 Hz) Itered welbgs (black curves) for all wells.

Figure 3.37 shows the maps for S-impedance. The trends are iamto the results of
the pre-stack P-impedance. This suggest than P and S-imped® are strongly correlated,
resulting in a Vp/Vs ratio that might have small variability th roughout the area. The

implications for this will be analyzed in Chapter 5.
3.7 Summary

Post-stack and pre-stack inversions were performed for thiegional 3D seismic survey
focused on the Quintuco and Vaca Muerta. Two very di erent aproaches for creating a
low frequency model were implemented: a standard model ugikriging interpolation, and
a complex model using lateral trends of attributes and comhbing them through stepwise
regression. These di erent methods provide the foundatiofor a more quantitative analysis
that will presented in Chapter 4.

The high quality of the data allowed for a successful inversi, as con rmed by the high
seismic-synthetic correlation and the excellent match ohe inversion results with the well

logs. Exceptions for these were found in the southwest of tearvey, where Well C is located.
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Figure 3.36: Maps of extracted P-impedance from post-stacka pre-stack inversion, for
three main levels of the Vaca Muerta.
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Figure 3.37: Maps of extracted S-impedance for three main &y of the Vaca Muerta.
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This area has poor data quality, and therefore the inversioresults here are unreliable. But
for the rest of the survey, the inversion volumes can be coretitly used for estimation of
geomechanical and reservoir properties.

The di erences in lateral trends of the elastic properties étween the three main levels of
the Vaca Muerta is seen in map view (Figure 3.36 and Figure 3.37his is not surprising as
the Vaca Muerta is a thick interval, in uenced by di erent depositional cycles, where these
variations are expected. The meaning of this variability inerms of reservoir characterization

will be addressed in the interpretation and integration disussion in Chapter 5.
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CHAPTER 4
SENSITIVITY ANALYSIS OF INVERSION RESULTS

Considering the characteristics of the data available, theesults are subject to large
uncertainties. A quite large seismic volume was inverted thi very little well control, using
an isotropic AVO approximation for pre-stack inversion in \at clearly is an anisotropic
formation.

This chapter has the objective of quantitatively comparinghe results from the various
inversion approaches and input data used. The calculatiorf the possible errors and their
dependence on the model or algorithm is a fundamental step this stage, where we are
reducing uncertainty and starting to build predictive powe in the reservoir and a geome-

chanical model of the study area.
4.1 Post-stack versus pre-stack P-impedance

As explained in the inversion theory section, pre-stack deed acoustic impedance has
theoretical advantages with respect to post-stack. It is reessary, however, to quantitatively
compare both results and draw conclusions on the practicad@ects of using one or the other
method. In subsection 3.3.2, the methodology for blind welesting was explained on the
low-frequency model. Here, the same principle is applied, trwow on the inverted volumes.
The di erences between the blind pseudo-logs extracted frothe volume and the high-cut
Itered well logs are computed for the RMS error calculation

Figure 4.1 shows the comparison of the blind well tests for pgestack and pre-stack P-
impedance. Note that Well C is not included in the tests becaaghe inversion results in this
area are not reliable, as was observed in Chapter 3. For WeAsand D, both pseudo-logs
show a similar behavior, but in Well A they overestimate the alues of the eld-data log
in most of the Upper Vaca Muerta, whereas for Well D the match iswuch better, with a

slight overestimation in the Lower Quintuco. In Well B is whee we can observe the greatest
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di erences for both logs; the post-stack pseudo-log showdager error in the Lower Vaca
Muerta. Both logs underestimate the impedance values of theld-data log in the Lower

Quintuco and the Upper Vaca Muerta.

Figure 4.1: Blind well tests for post-stack P-impedance invgion (blue curves) and pre-stack
P-impedance inversion (red curves) compared with the highit Itered P-impedance from
the well logs (black curves).

In order to compare the RMS errors, it is more useful to do it iterms of percentage error,
rather than absolute values. The percentage error simply ee@s from the ratio between the
RMS error and the average impedance value for the intervaln IFigure 4.2, the percentage
error is quite low (less than 10 %) and similar for both methad The higher error for

post-stack P-impedance comes mostly from Well B.
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Figure 4.2: RMS errors of blind well tests for post-stack andre-stack P-impedance inversion.

Both post-stack and pre-stack P-impedance derived from iavsion yield good results for
the study area. The advantage of pre-stack inversion is thahe pseudo-shear information
can be used for the estimation of geomechanical propertieBut if the goal were only to
characterize reservoir properties that correlate well wit acoustic impedance, such as TOC
or pore pressure, post-stack inversion would provide a ro&tutool to do it, being much less

time-consuming and computer-intensive.
4.2 CSSI versus model-based inversion

Model-based pre-stack inversion was performed on the seisrdataset using Hampson-
RussellM software. The process will not be described in detail becausll the important
inputs for the CSSI were brought into the model-based invaon process. The same angle-
dependent wavelets, time-depth curves (so the well ties ardentical) and low frequency
model were used. The di erence is essentially in the algdnith and the inversion parameters.
CSSI allows for more control on these parameters, whereas floe model-based process a

few basic QCs were performed.
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Since the interest is in the geomechanics of the Vaca Muertdne comparison of these
results is better done in the domain of these geomechanicabperties rather than in the
impedance domain. Poisson's ratio can be easily computearfr the pre-stack inversion

volumes using the following equation:

= h (4.1)

whereZp and Zg are the P and S-impedances, respectively.

Young's modulus is more complicated: to compute this propigr the density is needed.
As we saw in Chapter 3, this dataset does not allow for a reliabdensity solution. Sharma
and Chopra (2012), however, propose an attribute calleH , which is nothing but the
product of Young's modulus and density. The advantage of thiproperty is that no density
is needed for its calculation; it can be computed from the imvsion results by the following

equation:
E =2(Zs)’(1+ ) (4.2)

Figure 4.3 shows the comparison of the blind well tests for Rsion's ratio. The main
di erence between the two pseudo-logs can be observed in togver Vaca Muerta (Wells A
and D) and the upper part of the Quintuco (Well B). Aside from Icalized di erences in the
high-frequency character of the curves, the behavior of dopseudo-logs is similar in general
terms. The RMS percentage error is almost the same for both theds, with only a slight
advantage in the model-based inversion (Figure 4.4).

Figure 4.5 shows the comparison of the blind well tests for th@oduct E . The behavior
of both pseudo-logs is similar. The dierence is mainly in tb frequency content of the
curves, the model-based derived pseudo log being of highegliency. The RMS percentage
error is also almost identical for both methods, this time wi a slight advantage of the CSSI

inversion (Figure 4.6).
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Figure 4.3: Blind well tests for model-based Poisson's rat(blue curves) and CSSI Poisson's
ratio (red curves) compared with the high-cut Itered Poissn's ratio from the well logs
(black curves).

Figure 4.4: RMS errors of blind well tests for model-based ar@SSI| derived Poisson's ratio.
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Figure 4.5: Blind well tests for model-basede (blue curves) and CSSIE (red curves)
compared with the high-cut Itered E from the well logs (black curves).

Figure 4.6: RMS errors of blind well tests for model-based ar@SSI derivedE .
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The geomechanical properties derived from pre-stack ingson for this study area, are not
highly sensitive to the inversion algorithm used. Either oa could be employed depending on
user preference or software availability, and the resultsilvbe suitable for a geomechanical

model.
4.3 Standard LFM versus Complex LFM

As in the previous section, the domain of comparison is the gaechanical properties. In
here, the results of pre-stack CSSI using two di erent loméquency models are compared.
The wavelets, well ties and inversion parameters are keptadtical for both cases.

Figure 4.7 shows the comparison of the blind well tests for Rsion's ratio. The pseudo-
logs from the standard model show a good match with the wellde for most parts on
the well, except in the upper Quintuco and middle Vaca Muertan Well B, and the lower
Quintuco in wells A and D. The pseudo-logs from the complex rdel show more mismatch.
They drastically underestimate the Poisson's ratio valueBom the well logs in the Lower
Vaca Muerta for wells A and D, and overestimate these values the middle Vaca Muerta
for Well B, with a noticeably higher error than the standard nodel. The RMS percentage
error is more than 1% lower for the standard than for the compk model, and the errors are
more evenly distributed for the three wells (Figure 4.8).

Figure 4.9 shows the comparison of the blind well tests f& . The di erences between
the pseudo-log for the standard model and the complex modetanuch less than for Poisson's
ratio. Both pseudo-logs overestimate the values in the upp®aca Muerta for Well A, and
the lower Quintuco for Well D, and underestimate them for bdt the lower Quintuco and
upper Vaca Muerta for well B. The largest error in the complexnodel can be seen in Well
B at the upper Quintuco. The RMS percentage error is also motdan 1% lower for the
standard model than for the complex model, the di erence comg mostly from the errors
on Well B (Figure 4.10).

Based on these results, the low frequency model has the |laganpact on the geome-

chanical properties derived from seismic inversion. The LFMas control on the absolute
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Figure 4.7: Blind well tests for Poisson's ratio obtained fro inversion with the standard
LFM (red curves) and the complex LFM (blue curves) compared whitthe high-cut Itered
Poisson's ratio from the well logs (black curves).

Figure 4.8: RMS errors of blind well tests for Poisson's ratisom the standard and complex
low frequency models.
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Figure 4.9: Blind well tests forE obtained from inversion with the standard LFM (red
curves) and the complex LFM (blue curves) compared with the gh-cut ltered E from
the well logs (black curves).

Figure 4.10: RMS errors of blind well tests foE from the standard and complex low
frequency models.
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values of the impedances. Therefore, it is vital to QC the wedbg data and do these blind
well tests to assess the e ectiveness of the interpolatioretiveen wells, in order to reduce
risk and handle uncertainty.

The stepwise regression approach is robust, but in this patilar situation where there
is little knowledge of the reservoir, it is perhaps best to lep the LFM simple, and let the
seismic data control the variations in the inversion. A moreomplex model can be applied
when there is more well control and a more developed geol@jiand petrophysical model of

the reservoir.
4.4 E ect of VTI anisotropy in AVO inversion

Organic-rich shales normally exhibit strong vertical trasverse isotropy (VTI), with the
axis of symmetry perpendicular to the bedding-parallel lamation and clay-particle pre-
ferred orientation (Vernik and Milovac, 2011). The horizotal P-wave velocity is faster than
the vertical P-wave velocity. This has important implicatons in AVO analysis for these
formations. Ruger (2002) showed than the re ection coe cents for P-waves as a function

of angle of incidence for a VTI medium can be expressed as:

Re™ (i) = RE°(i) + RE" (1) (4.3)
where i is the angle of incidenceRS°(i) is the re ection coe cient in the absence of
anisotropy, andRa" (i) is the anisotropic term, given by:

an| . — 1 - 2 . 1 - 2 . 2 .
R3" (i) = é( > 1)Sin“i+ 5( > 1)sin“itan®i (4.4)
where and are the Thomsen parameters (Thomsen, 1986), and the subptsi1 and

2 denote values for the upper and lower interfaces, respeetly.

From the above equations, some important insights can be dva (Ruger, 2002):

The parameter controls the sirfi term, which in uences the re ection coe cient at
small angles, while controls the sirfitan?i term, which becomes important at larger

incident angles.
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If there is no contrast in and between two interfaces, the re ection coe cient

approximates that of purely isotropic media, even if both kgers may be VTI.

Changes in anisotropy have a strong in uence on re ection eccients if the changes in

isotropic elastic parameters are comparable to the di erees in anisotropic parameters.

Considering the fact that the software used for the pre-st&danversion uses isotropic AVO
equations, it is necessary to evaluate the quality of thessotropic approximations when
dealing with the anisotropic behavior of the Vaca Muerta shas. To do this, approximate
values of Thomsen parameters for the Vaca Muerta interval arestimated using well logs,
data from published studies, and certain assumptions. Thersimple AVA modelling is
performed to evaluate the impact of anisotropy contrasts gén the uncertainty of estimating

elastic properties from isotropic inversion.
4.4.1 Estimation of Thomsen parameters

The methodology employed by Willis (2013), who uses the symine of the sti ness
tensor for VTl media, is followed to calculate the necessaryi sess coe cients. Five in-
dependent elastic moduli exist for TI media (Mavko et al., 209). Three of these sti ness

coe cients can be calculated with density and full-wavefam dipole sonic tools:

C33 = bVPZ (45)
C44 = bVSZ (46)
Ces = bVSZtoneIey shear (4'7)

where  is the bulk density, Vp is the P-wave velocity, Vs is the S-wave velocity, and

V2

Stoneley shear 1S the horizontal shear velocity. This velocity can be caldated using the

following equation:
p

DTSTZ DT}
9

DTSM Stoneley shear — mud (4.8)

mud
b

76



where DT ST is the Stoneley sonic log, mug is the drilling mud density, which can be
found in the log headers, andT,q is the slowness of the drilling mud. This parameter
can be estimated by assuming an isotropic match in the undgithg Tordillo sandstone using
Equation 4.8 (that is, setting the horizontal shear slownsDT SMsioneley shear €qual to the
vertical shear slowness)(Willis, 2013).

The two remaining independent sti ness coe cients, C;, and C;3, can be estimated

using the MANNIE approach developed by Suarez-Rivera and Brath (2012), shown in the

following equations:

Ciz= Ca3 2Cu (4.9)

C12 = C13 (410)
where the coe cients and are experimentally determined from cores taken in multiple
orientations to the bedding (Willis, 2013).

An equation of symmetry is used for the nal coe cient (Mavko et al., 2009):
C11 = C12 + 2C66 (411)

Willis (2013) determined the and coe cients for the Vaca Muerta in an area that is
not so far away from the study area for this thesis. The valudsund were 1.218 and 1.25,
respectively. These values were used for estimation of theisotropy parameters. Thomsen

parameters can be calculated as a function of the sti ness &agients (Thomsen, 1986):

Cuu  Cas
= Z-— o9 412
2Cas (4.12)
Ces Cus
= 7> 413
2Cs (4.13)
1
= ocZ 2(Ci3+ Cas)® (Css  Cua)(Cis+ Caz  2Cua) (4.14)
33

Using Equations 4.5 to 4.14, the Thomsen parameters were camgd for the Vaca Muerta
interval using wells C and D, which were the only ones with realble Stoneley well logs.

(Figure 4.11 shows the logs for and . Aside from short wavelength variations in the Upper
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Vaca Muerta, the values for both and remain fairly constant throughout the whole

interval, at mean values of approximately 0.1 and 0.2, respt@vely.

Figure 4.11: Logs of Thomsen parameters for wells C and D. Ogen delta. Blue: epsilon.

Looking at these results, and based on Equations 4.3 and 4id¢can be concluded that,
since the anisotropic parameters do not have big contrastsithin the Vaca Muerta, the
isotropic AVA equations used for pre-stack inversion, are @ood approximation to the VTI
behaviour of the Vaca Muerta, giving further con dence in tle inversion results. The excep-
tion for this case is the Lower Vaca Muerta, which overlies thTordillo Formation. Being a
massive sandstone, the Tordillo is not expected to exhibing strong anisotropy. While this
may be a gross assumption, we can say that the anisotropic pareters for this formation
are close to zero. There is a strong anisotropy contrast beden the Lower Vaca Muerta and

the Tordillo, which will be the issue to address in the AVA reectivity model explained in
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next section.
4.4.2 Re ectivity modelling for the Lower Vaca Muerta-Tordillo inter face

Equations 4.3 and 4.4 are used, where the isotropic re ecticoe cients are calculated
using the Aki-Richards approximation presented in Equatior8.1. Table 4.1 shows the reser-
voir properties of the Lower Vaca Muerta and the Tordillo use for this simple re ectivity

modelling:

Table 4.1. Average properties of the Lower Vaca Muerta and Tdillo obtained from the
well logs.

Property Lower Vaca Muerta Tordillo

(g/cc) 2.36 2.61
Ve (M/s) 3170 4700
Vs (m/s) 1870 2710

0.2 0
0.1 0

Isotropic re ection coe cients are used in the inversion todetermine elastic parameters
that provide the best match to the input AVA response (MacFalane, 2014). Figure 4.12
compares the isotropic and anisotropic re ection coe ciets for the properties described
above. The isotropic approximation (blue curve) does not gld a good match with the
anisotropic AVA character expected for this interface (onage curve). By scaling the S-wave
velocity of the Lower Vaca Muerta in the isotropic equation § a factor of 0.9, however, the
match with the anisotropic curve becomes acceptable for ttengle ranges up to 36 degrees
(black curve).

This simple model suggests than the inversion will tend to wierestimate the S-impedance
values for the Lower Vaca Muerta (by a factor of 10% or more), hich might explain the
mismatch seen in Figure 3.35 in wells B and D. This means that ¢hVp/Vs ratio, and
therefore the Poisson's ratio extracted from the inversiors expected to be higher than it

actually is in this interval.
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Figure 4.12: Comparison between re ection coe cient curvesor the Lower Vaca Muerta-
Tordillo interface model. Blue: isotropic. Orange: anisobpic. Black: isotropic with 0.9*Vs.

Using isotropic equations to approximate an anisotropic AVAresponse will generate

additional uncertainty in the estimation of elastic propeties in the Lower Vaca Muerta.
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CHAPTER 5
INTERPRETATION AND INTEGRATION OF INVERSION RESULTS

Understanding the relationships between the elastic paraees derived from pre-stack
inversion and some of the key properties that control prodtieity in shale plays, such as
mineral composition, TOC, and pore pressure, can be a fundantal step in the reservoir
characterization of the Vaca Muerta. This approach enhansethe value of seismic data
beyond conventional structural interpretation and attribute analysis.

This chapter focuses on the petrophysical analysis and ropkysics modelling that pro-
vide the crucial link between seismic inversion and the reseir parameters needed to identify
potential sweet spots and to guide future well placement. Bimechanical stratigraphy work
performed by Kyla Bishop is integrated into the inversion rsults in a probabilistic frame-
work. It provides the possibility to derive rock physics retionships in terms of rock classes,
while helping to gain insights into the compositional in uece on the geomechanical behavior
of the reservoir, as well as the e ective stress linkage to leeities for the Vaca Muerta. The

validation data from production logging are also integrate into the analysis.
5.1 Relationships between elastic parameters, mineralogy and org anic content

The three main minerals that compose the inorganic framewobof the Vaca Muerta rocks
in the study area are calcite, quartz, and illite. The XRD datgoroduce a direct measurement
for the mineral volumetrics, but it is sparsely sampled fronthe cuttings. Therefore, wireline
logs calibrated with the XRD measurements were used to comguthese mineral fractions at
log resolution, and consequently link them with the elastiproperties at the well locations.

Wells B, C, and D have Schlumberger's Elemental Capture Sgeascopy (ECS) wireline
data for the Vaca Muerta, which after specialized procesgjrgives weight lithology fractions
for quartz-feldspar, carbonate (calcite), and clay (illie). These were transformed from weight

fractions to volume fractions. An excellent correlation wasound between these volumes
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derived from the ECS and the XRD data from Wells B and C (Figure 3.(a)). Well D does
not have XRD data available to calibrate, so the volume fractins derived from the ECS log
are taken as a good representation of the mineralogy in thisei

Well A does not have an ECS log available, but it does have XRD tafrom cuttings.
Therefore, for this well the following petrophysical relabnships are used, calibrating the

parameters to nd a best t with the XRD data in the interval of in terest:

Volume of clay is de ned from Steiber's method, using the flmwing equations (Steiber,

1973)
GRIog GRmin
I = 5.1
R GRmax GRmin ( )
I
Vclay = 3GTFIQGR (5.2)

where GRyoq is the Gamma Ray value from the log (in API units),GRmin and GRpyax
are the minimum and maximum values, respectively, of GR in #hinterval of interest.
It is important to note that the Gamma Ray log used has been cogcted for uranium,
which is considered to be in uenced more by the organic comtethan by the clay

content.

Volume of quartz is de ned by an empirical correlation devebed by Wintershall, given
by:

GRyog + 102
2:63

unartz - (5 . 3)

wherex is a calibration parameter used to t the XRD data. The GR log ugd is also

the one corrected for uranium.

Volume of carbonate is given by:

Vcarbonate =1 [unartz + Vclay] (5-4)
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Figure 5.1(b) shows the logs of mineral volumes for Well A, whishow a good correlation

with the XRD data for most of the target interval.

() (b)

Figure 5.1: Logs of clay, carbonate and quartz mineral volursgwith calibration data from
XRD (black dots). (a) Well B (from ECS logs). (b) Well A (from petrophysical relationships).

For the calculation of the TOC within the Vaca Muerta, Schmokr's empirical formula
was used (Schmoker and Hester, 1983). It is given by:

Toc= & B (5.5)
B

where the TOC is computed in weight %, g is the bulk density from the logs, andA
and B are tting parameters.

Wells B and C have Rock-Eval data from cuttings, allowing forcalibration of the TOC
values for these wells. No Rock-Eval data are available for NgeA and D, so the same tting
parameters found for wells B and C are used for these wells. &ig 5.2 shows the TOC logs.
Note the excellent match with the calibration data in the wels where these data are present.

The way to nd relationships between elastic parameters anthese petrophysical proper-
ties is by cross-plotting data from the well logs. Figure 5.a] shows a crossplot in a typical

domain to evaluate pre-stack inversion results: Vp/Vs vs P-ipedance. The color code is
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Figure 5.2: TOC logs with rock-eval calibration data (black dts).

volume of carbonate. It can be clearly seen that the acoustimpedance increases with in-
creasing carbonate content. Vp/Vs ratio does not show a cleaensitivity to the change in
Vcarbonate -

The cross-plot in Figure 5.3(b) also features Vp/Vs versus P-ipedance, but now color
coded by volume of quartz. Contrary to the case for carbonate¢he increase in acoustic
impedance is related to alecreasein quartz content. Again, the Vp/Vs attribute does not
respond clearly to variations inVyuar. . Clay volume does not show any clear correlation to
either P-impedance or Vp/Vs (Figure 5.3(c)).

An expected inverse relationship between acoustic impeda&nand TOC is captured in
Figure 5.3(d). Kerogen, being a much less sti material thantte inorganic minerals has
slower seismic wave velocities. The increase in TOC towartlhe base of the Vaca Muerta is
correlated well with the decrease in P-impedance, but no egionship is seen for the Vp/Vs

ratio.
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(a) (b)

(©) (d)

Figure 5.3: Cross-plots of Vp/Vs (y-axis) vs P-impedance (x-as), color coded by (a) car-
bonate volume, (b) quartz volume, (c) clay volume, and (d) T@.

Figure 5.4 shows the cross-plots between the P-impedance ahd rock properties that
show sensitivity to this elastic parameter. The direct ret@onship with carbonate content
and the inverse relationship with quartz content and TOC carbe clearly detected, and
demonstrates that P-impedance is a robust attribute that cabe used to map the distribution
of mineral fractions and organic content in the reservoir @ seismic inversion volumes.
The clay content, although not sensitive directly from acostic impedance, can be easily
calculated using Equation 5.4, if there is knowledge 8 armonate @and Vguartz -

An important observation can be made from the cross-plots in §ure 5.4. To transform

P-impedance into any of these properties by using a simplegression technique to t the
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Figure 5.4: Top left: P-impedance vs carbonate volume. Topgft: P-impedance vs quartz
volume. Bottom: P-impedance vs TOC. The colour code is redrfthe Upper Vaca Muerta
and blue for the Lower Vaca Muerta.

whole data would not be the best way to approach the problem. Here seems to be more
than one single slope, implying that the relationship betvwen these parameters is most
likely facies-dependent. Conventional petrophysics an@ismic analysis techniques lack the
necessary focus on the heterogeneous nature of shale plays] often de ne models and
predictions that, while adequately representing the meanedhavior of the system, may have
substantial errors at the local level (Suarez-Rivera et al2013).

An illustration of this problem can be seen on Figure 5.5. Clust analysis provides a
useful tool to evaluate the variability of the Vaca Muerta byseparating it into rock classes

from which more focused property predictions can be made.
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Figure 5.5: Graphical representation of the advantage of ug rock class classi cation for
property predictions vs global correlations (Suarez-Riva et al., 2013).

5.2 Integration with mechanical stratigraphy

Fellow RCP researcher Kyla Bishop performed comprehensiwerk on cluster analysis
for the Vaca Muerta, using all wells in the study area. She udas input the log suites con-
sidered to best capture thenechanicalvariability of the reservoir: bulk density, Gamma Ray,
dynamic Young's Modulus, and Vp/Vs. Bishop chose Well B, whicls considered to contain
the most complete and best quality log dataset, as the mastarell for the cluster analysis.
Based on many QC plots and sensitivity analysis, she foundahusing nine clusters gives a
good representation of the heterogeneity of the reservoifter the master classi cation was
established for Well B, the rest of the wells were tagged.

Figure 5.6 shows the cluster analysis results. Three main amcan be identi ed, with
fairly consistent patterns across the wells. The lower Vackluerta appears to be quite
homogeneous, with a predominance of clusters 7, 8, and 9. Tingper part of the Vaca

Muerta is less homogeneous but still some relatively thiclayers can be identi ed, mostly
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of clusters 1 and 3. The middle part of the Vaca Muerta shows ¢éhgreatest heterogeneity.

Small-scale variability of clusters 4, 5, 7 and 8 is detectddr all four wells.

Figure 5.6: Cluster analysis results for the Vaca Muerta (Biep, 2015).

5.2.1 Rock class properties

To establish the link between mechanical stratigraphy andhie inversion results, the rock
classes de ned by Bishop's cluster analysis need to be aradg in a quantitative manner

in terms in geomechanical properties, mineralogical comgibon, and organic content. The
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subsequent analysis includes only the most representatis® of the nine clusters. Cluster 2,
6 and 9 do not have a large enough sampling size, especiallyewhhese rock classes will be
upscaled to seismic resolution.

Figure 5.7 shows histograms of the distributions of for each cluster. The values
consistently decrease with increasing cluster number. Tmeans that clusters 1 and 3 are
the stiest rocks. This is not surprising as these are mostlyocated in the upper Vaca
Muerta, while clusters 7 and 8, which are the least sti, gemally are found in the middle
to lower Vaca Muerta. The distributions of Poisson's ratio d not show this consistency
with cluster number. The peak values for all clusters fall heeen 0.20 and 0.25, suggesting
small variability in this parameter, although clusters 4 ad 7 exhibit slightly lower values

(Figure 5.8).

Figure 5.7: Distributions ofE by rock class.

In terms of mineral composition, there is a de nite trend of ncreasing quartz content
with increasing cluster number (Figure 5.9). The opposite ears for carbonate content,
although the trend is not nearly as consistent as that for qu&, yielding more overlap and
higher standard deviations in the distributions (Figure 5.0). These histograms con rm that

the quartz-to-carbonate ratio decreases towards the basttbe Vaca Muerta, and that the
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Figure 5.8: Distributions of Poisson's ratio by rock class.

rock classes are capturing this composition variability.

The clay volume yields very similar distributions (Figure 511). With the exception of
clusters 1 and 8 that have slightly smaller values, all clusts peaks at around 20% clay
volume, meaning that the Vaca Muerta has relatively low clagontent throughout all of the
interval. This suggests favourable conditions for hydraid fracturing. Aside from possible
drilling problems caused by clay swelling, rocks with highlay content are more ductile and
therefore less prone to generate and sustain fracture netks.

TOC also shows a consistent pattern of increasing organichiness with increasing cluster
number (Figure 5.12). Again, this an expected results since TOincreases downwards in the
Vaca Muerta. But it is interesting to con rm that the mechanical rock classes are sensitive
to this composition e ect. Clusters 4, 5, 7, and 8 have TOC vaks mostly higher than 2-3

wt %, making them rocks with excellent hydrocarbon generatn potential.
5.2.2 Rock class probability from seismic inversion volumes

A deterministic interpretation does not take into account he uncertainties in the data

such as property overlap of lithology, resolution, or seismnoise. It is only a likely interpre-
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Figure 5.9: Distributions of quartz volume by rock class.

Figure 5.10: Distributions of carbonate volume by rock class
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Figure 5.11: Distributions of clay volume by rock class.

Figure 5.12: Distributions of TOC by rock class.
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tation, at best. Typical work ows such as adjusting polygos in cross-plots arbitrarily, do not
give a quantitative estimate of uncertainty. The Facies anérluid Probability (FFP) module
in Jason™ software uses Bayesian theory to generate probability vahes from determinis-
tic inversion results and lithology logs, indicating the kelihood that a certain lithology is
present at a data point in the seismic grid.

The following steps were applied for FFP:

1. Create lithology logs, using the rock classes derived findBishop’'s mechanical cluster

analysis.

2. Determine a combination of properties derived from seistninversion that creates a
good enough discrimination of rock classes. After some exipgntation, P-impedance

and Vp/Vs were found to be a suitable pair.

3. Calculate the prior probability for each rock class usinghe known geological infor-
mation from the wells. This is an important input according b Bayesian theory (Ta-

ble 5.1):

Table 5.1: Prior probabilities for each rock class.

Rock class Probability
0.09
0.16
0.19
0.18
0.15
0.23

coO~NOT DA WE

4. Fit 2D Probability Density Function Functions (PDF) to every rock class. Figure 5.13
shows the calculated PDF's for each rock class. Although thei still some overlap,

the rock classes are fairly well separated, and the PDF's hanihis discrimination.

5. Apply the weighted lithology PDF's to the inversion volumes
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Figure 5.13: Cross-plot of P-impedance vs Vp/Vs at seismic rdstion, color coded by rock
class, and associated PDF's for each rock class.

The software outputs probability volumes for each rock clags, as well a most probable
rock class volume. Figure 5.14 shows a section of most prolebbck class. A good match
exists with the rock classes from cluster analysis at Well Aasidering of course the sig-
ni cant di erence in resolution (well logs are sampled at Iss than 20 cm, while a seismic
wavelength can be up to tens of meters). The vertical and lai@ variability of the rock
classes is seen very clearly.

FFP provides a robust work ow to handle uncertainty in interpretation. The most prob-
able rock volume can be used to help guide placement of futunells, once a sound inter-
pretation is complete and the best rock classes in terms ofsexvoir quality and potential
for e cient hydraulic stimulation are identi ed. It can eve n be a useful tool for geosteering

purposes.
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Figure 5.14: Inline section showing most probable rock clagslume and comparison with
Well A lithology log. Areas in black are unclassi ed.

5.3 Link of velocities with e ective stress/pore pressure

Rock physics forward modelling can be used to estimate thetical values for elastic
properties from combinations of porosity, uid saturatiors, and mineral volumes, which can
then be compared with the actual measured values of Vp, Vs, an@rmsity.

The blocky Xu-Payne module in Ikon Science's RokD®¢ software was used, which is
based on the methodology developed by Xu and Payne (2009). Issence, the Xu-Payne
rocks physics model starts by mixing the various matrix comgmnents (inorganic minerals
and kerogen in this case) using Reuss-Voigt-Hill average. @i, various pores (interparticle
as well as wet clay water-bound pores) are included in the $gm using di erental e ective
medium theory. Finally, the pore uids are added using Gassnma's theory.

For each rock class, the mean mineral (calcite, quartz, andite) and kerogen (TOC)

volumes derived from petrophysical analysis were calcudat. The log-derived porosities
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calculated by Wintershall correlate well with core porositymeasurements, so these values
are used for the estimation of the mean porosity for each rockass. In terms of uids, the
model assumes full water saturation as a base case. Replgdinine with oil has a very small
e ect on the velocities in low-porosity rocks such as the osdound in the Vaca Muerta.
Table 5.2 shows the results of comparing the modelled valuegh the measured values
of elastic properties. The densities show an excellent agmeent between model and data.
For every rock class, the measured values of Vp and Vs, howe\ag signi cantly lower than
the values obtained from the Xu-Payne model. Another interestg observation is that for

clusters 4 and 7, the Vp/Vs ratio of the data is noticeably lowethan that of the model.

Table 5.2: Comparison of measured and modelled elastic pau@ters for each rock class.
Density is in g/cc and velocities are in m/s.

Rock class data model Vv Puata V Pmodel \Y Sata Vv Smodel Vv p:V Sata \ p:V $hodel

1 263 2.61 4340 5315 2539 3118 1.71 1.7
3 255 255 3782 4821 2247 2843 1.68 1.7
4 247 245 3432 4287 2091 2509 1.64 1.71
5 246 245 3410 4290 1956 2521 1.74 1.7
7 239 239 3148 4025 1940 2335 1.62 1.72
8 237 238 3140 4049 1855 2358 1.69 1.72

The large deviations of the measured velocities with resgeo the modelled velocities,
cannot be explained by lithology, porosity, and/or uid cortent. These di erences should
be attributed to e ective stress If the e ective stress is reduced, the velocities will degie
from the Normal Compaction Trend (NCT), meaning velocity deagasing with depth (Bowers,
1995). According to Terzaghi's equation, a reduction in e dive stress means an increase in
pore pressure.

Pore pressure prediction in unconventional reservoirs ischallenging endeavor, worthy
of a whole thesis (Herzog, 2014). For the purposes of this wpdn extremely simpli ed pore
pressure calculation was performed, based on the methodpigroposed by Herzog (2014).

The objective is to con rm the overpressured nature of the & Muerta, and explore possible
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relationships with the rock classes. The summarized workwis as follows:

1. De ne overburden stress by integration of the density Iy The extrapolation of the

density to surface was done based on o set wells.

2. Select area of normal compaction, de ned as the normallyrgssured interval. This
was de ned as the overburden above the Quintuco (Herzog, 20140btain best t

parameters for the NCT.

3. Perform lithology and porosity substitution on the compessional velocity in the Quin-
tuco and Vaca Muerta using a simple petrophysical model. Thavay only the e ects

of stress on the velocities are left (Herzog, 2014).

4. Calculate pore pressure using these velocity curves @mated for lithology and porosity.

As interpreted in Figure 5.15, the onset of overpressure forl alells is located in the
upper to middle Quintuco. Entering the Tordillo, the pressue appears to sharply return to
normal.

Pore pressure calculation with the Bowers equation yieldeglues that appeared to be
unrealistically high (almost consistently above 1 psi/ft) On the other hand, the Eaton
equation (Eaton, 1975) gave values much closer to what is eqted and has been found
in the Vaca Muerta (mostly between 0.7 and 0.95 psi/ft). The esults are shown in Fig-
ure 5.16. These results con rm that the Vaca Muerta is highlyoverpressured through the
entire interval, and this overpressure is causing the largeduction in the velocities.

Examining the pore pressure distributions per rock classedll help determine if there
is any correlation between overpressure and the lower Vp/Vs tia seen in clusters 4 and
7. Figure 5.17 shows these distributions. Clusters 1 and 3 talower pore pressure than
the others. A clear link between overpressure and Vp/Vs canndte established, as cluster
7 is the most overpressured along with cluster 5, which has #&her Vp/Vs ratio, whereas

cluster 4 appears to be less overpressured.
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Figure 5.15: NCT (blue curve) with lithology and porosity corected P-wave velocity (orange
curve). The stars point to the interpreted onset of overpresire. The dashed black line
represent the Quintuco-Vaca Muerta boundary.

Gas saturation is likely to be the biggest control on Vp/Vs vamtion in this case. Us-
ing the Xu-Payne model, and doing uid substitution with a smdl amount of gas (10%)

the modelled Vp/Vs ratio decreases, matching the measured Vp/Vior clusters 4 and 7

(Table 5.3).

5.4 Interpretation of good quality rock classes

Based on the analysis presented in the previous sectionsysters 5 and 7 exhibit a
good set of characteristics to be considered for potentiatiting targets. These favorable

properties are:

Low clay content (23% average), and hence a high proportiohlarittle minerals (calcite

and quartz).
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Figure 5.16: Calculated Eaton pore pressure pro les for thea¢a Muerta interval.

Table 5.3: Vp/Vs ratio of data compared with modelled and uid sibstituted Vp/Vs for
clusters 4 and 7.

Rock class Vp/Vs (data) Vp/Vs (model, Sw=1) Vp/Vs (model, Sw=0.9, §=0.1)
4 1.64 1.73 1.64
7 1.62 1.72 1.63

High TOC (6 wt.% average).
High overpressure (0.86 psi/ft average).

Low Poisson's ratio (0.19 average). In a passive basin anddam the isotropic stress
assumption, the minimum horizontal stress is estimated whtthe following equation

(Close et al., 2012):

XX = 1—( 2z P)+P (5.6)
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Figure 5.17: Distributions of Eaton pore pressure by rock da.

where ,, is the vertical overburden stressP is the pore pressure, and is Poisson's
ratio. — is de ned by Goodway et al. (2010) as the closure stress saal&SS).
Low Poisson's ratio, and therefore low CSS values, means thile minimum pressure
required to open and sustain pre-existing fractures or plas of weakness is lower, which

is favorable from a hydraulic fracturing and completions sindpoint (Close et al., 2012).

Good correlation with areas of high production from the Prodction Logging Tool

(PLT) in well A (Figure 5.18).

The uncertainty analysis derived from FFP can be used as a guide propose landing
zones for horizontal wells. As mentioned in the introductiontwo vertical wells were drilled
in the study area. These wells will be used as drilling padsrfthe horizontals. Figure 5.19
shows proposed well trajectories using the rst drilled veical well (Well E) as pad. Likewise,
Figure 5.20 shows proposed plans for the horizontals usingeteecond vertical well (Well F)

as pad. Both cases assume that:

The well trajectories follow the highest probability of ocarrence of either cluster 5 or

7.
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Figure 5.18: PLT data with oil production percentages per stag(left track), and rock classes
from cluster analysis (right track) for Well A. Note the high proportion of cluster 7 (red) in
the upper stage, and the predominance of cluster 5 (orange) the lower stage with high

production, both highlighted by the black boxes.
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The trajectories are parallel to the direction of the minimm horizontal stress inter-

preted for the study area.

The lengths shown are approximately 1,000 m, which is the tigal length of a Vaca
Muerta horizontal well (Atkins, 2014).

Figure 5.19: Left: arbitrary line of most probable rock clasitersecting Well E, aligned
with the interpreted minimum horizontal stress direction.Right: probability of rock class 7,
with proposed well trajectories in dark blue.

Due to the large thickness of the Vaca Muerta, it is perhaps su cient to land horizontal
wells in only one level. The whole interval, which has exceiit reservoir rock for the most
part, will likely not get stimulated e ciently. Another alte rnative for hydraulic stimulation
of the Vaca Muerta, which is proving to be e cient for this play, is slant wells. This strategy
allows accessing the multiple good rock quality interval®@ind, at a lower cost than horizontal

wells.
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Figure 5.20: Left: arbitrary line of most probable rock clasmtersecting Well F, aligned with
the interpreted minimum horizontal stress direction. Righ probability of rock class 5, with
proposed well trajectories in dark blue.
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CHAPTER 6
CONCLUSIONS AND RECOMMENDATIONS

The Vaca Muerta project has provided RCP with a unique oppotinity to investigate a
world-class unconventional reservoir from the beginnind the life of a eld. A comprehensive
work ow has been presented, that shows the value of using amaw-azimuth, regional P-
wave seismic volume with sparse well control, and integraty it with high-quality data from
wireline logs and cuttings, to generate a rock property mothat incorporates and quanti es
the uncertainties inherent at this stage. This work ow is aplicable in other frontier shale
plays around the world, where reducing risk is vital given ta limited data available.

The work presented in this thesis lays the groundwork for a nbnuing reservoir charac-
terization e ort that in time should help optimize completion strategies and improve overall
eld development.

From this study, the following conclusions can be drawn:

In the absence of wide-azimuth data, inversion for elastiag@perties remains the best
tool for seismic reservoir characterization in shale playsThe inversion results were
successful, with low seismic-synthetic residuals and higbrrelation with the well logs

for the whole area, except in the southwestern portion of thetudy area.

Both post-stack and pre-stack derived P-impedance resuligeld similar low RMS
errors from blind well tests. The excellent quality of posstack acoustic impedance
suggests that it can be used to monitor changes in propertisach as pore pressure, if

time-lapse seismic data were to be acquired.

The choice of inversion algorithm (model-based or CSSI) do@ot have a relevant
impact in the estimation of geomechanical properties fromesmic inversion, but the

low-frequency model does. In this case, a simple model gibester predictability away
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from the wells. A more complex LFM using the work ow presenteth this thesis could
be bene cial once more wells are drilled and a better geologl model of the reservoir

is available.

In a VTl medium such as the Vaca Muerta, an isotropic inversiomives a good ap-
proximation to the anisotropic AVA character of the reserve, because of the small
contrast in Thomsen parameters within the Vaca Muerta. An exaption is found at

the interface between the Lower Vaca Muerta and the Tordillsandstone, where simple
AVA modeling shows an overestimation of Vp/Vs ratio by 10% or m@. Hence, care

should be taken when interpreting the inversion results inhie Lower Vaca Muerta.

The mineralogy and TOC have a high correlation with the pattens observed in the
mechanical clusters, suggesting that rock composition hasstrong in uence on the

geomechanical behavior of the Vaca Muerta.

Rock physics modeling shows that e ective stress is a majoadtor in the velocity
trends in the reservoir. Pore pressure calculations con rrthat the Vaca Muerta is
overpressured, but no clear correlation was found betweearp pressure and mechanical

stratigraphy.

The inversion results are interpreted using Bayesian probdity and joint PDF's for

a quantitative measure of uncertainty. Clusters 5 and 7 wer®und to show potential
as horizontal drilling targets, and tentative landing zone for horizontal wells were
proposed based on these rock classes and the probabilistieiipretation of the seismic

inversion volumes.
6.1 Recommendations for future research

Multiple avenues for future work are available, or will beaome available as new data are

acquired:
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The deterministic inversion can be updated incorporating ata from the two new ver-
tical wells. In doing so, uncertainty in the area of interesto the northeast should
be signi cantly reduced. On the other hand, commercial toslare becoming available

that do not rely on the low-frequency model (e.g., Ikon Scier's Ji-Fir inversion).

A detailed sequence stratigraphic interpretation is necsary to assess the relationship
between the elastic properties from seismic inversion ane sequence geometry and

position of the prograding clinoforms.

The FFP work is a basic estimate of uncertainty. This work can bextended into
a geostatistical inversion using Jasdl software's RockMod module. Moving into
stochastic space will allow for a full measure of uncertaytand increased vertical

resolution for the reservoir model.

A more comprehensive petrophysical model should be deveddp using advanced tools
such Techlog™ Quanti-Elan. The model should not only incorporate improve values
for mineralogy and TOC, but also porosities and uid saturaions. This work will help

enhance the rock physics modelling linking elastic propés with reservoir parameters.

Overpressure is a major driver of productivity in the Vaca Merta. More detailed work
on pore pressure prediction is necessary. In this study, th&p of overpressure has been
interpreted in a vertical sense using the well logs. Futurdwlies should aim to map

the lateral extent of the over-pressured zones using seisndiata.

The pressure seals and seal capacity of the Quintuco and itsplications in the stress

state of the Vaca Muerta need to be investigated and modelled

A feasibility study of the possible value of acquiring multcomponent data is a must.
Also, rock physics modelling to assess the value of time-lapseismic should be con-
ducted. The well log data and the pre-stack inversion of P-wa seismic data has

shown subtle di erences in Vp/Vs ratio. Multi-component sesmic can help improve
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the Vp/Vs estimation through converted-wave, shear wave, ojnt inversion. On the
other hand, well log data has shown small anisotropy in S-wawelocity. Anisotropy
in shear wave pre-stack amplitudes might be present, howeveThis type of analysis

from multi-component data can help characterize fractureahsity at the seismic scale.

In the case that time-lapse and/or multi-component seismiare not economically jus-
ti able, a wide azimuth, long-o set modern P-wave seismic dtaset should be acquired
in the study area. The azimuthal variations in P-wave velotes and/or amplitudes
will help understand the horizontal in-situ stress anisotspy, or lack thereof. Azimuthal
seismic inversion could also be performed in this dataset. ditional to stress and frac-
tures, anisotropy in rock strength and geomechanical proges can be derived from

this analysis, which can have a big impact on well planing andmpletion design.

Integration of surface seismic with image logs, core, VSP,@amicroseismic data when
it becomes available will be instrumental for eld developrent as the project moves

forward.

107



REFERENCES CITED

Aki, K., and P. Richards (2002),Quantitative seismology2nd ed., University Science Books.

Askenazi, A., P. Biscayart, M. Caneva, S. Montenegro, and M. Meno (2013), Analoga
entre la Formacon Vaca Muerta y Shale Gas / Oil Plays de EEUUSociety of Petroleum
Engineers Argentine SectionYoung Professionals Committee).

Atkins, L. (2014), Argentina's Vaca Muerta shale, http://www.epmag.com/argentinas-vaca-
muerta-shale-718661, accessed October 13, 2015.

Badessich, M., and V. Berrios (2012), Integrated Dynamic Flownalysis To Characterize
an Unconventional Reservoir in Argentina: The Loma La Lata Ca&s in SPE Annual
Technical Conference and Exhibition, San Antonio, Texas, 8-10 OctoheBPE 156163,
doi:10.2118/156163-MS.

Bishop, K. (2015), Mechanical stratigraphy of the Vaca Muéa Formation, Neuquen Basin,
Argentina, Master's thesis, Colorado School of Mines.

Bowers, G. (1995), Pore Pressure Estimation from Velocity &a: Accounting for Overpres-
sure Mechanisms Besides UndercompactioBPE Drilling and Completion 10(2), 89{95.

Chopra, S., and K. J. Marfurt (2007), Seismic attributes for prospect identi cation and
reservoir characterization Geophysical Development Series No. 11, Society of Explacat
Geophysicists, Tulsa, Oklahoma, doi:10.1190/1.9781560800.

Chopra, S., K. J. Marfurt, and S. Misra (2011), Acquisition Fotprint Removal for Better
Fault and Curvature Attributes, Search and Discovery40719

Close, D., M. Perez, B. Goodway, and G. Purdue (2012), Intemped work ows for shale gas
and case study results for the Horn River Basin, British Colubyia, Canada, The Leading
Edge 31(5), 556{569, d0i:10.1190/tle31050556.1.

Duenas, C. (2014), Understanding rock quality heterogeheiof Montney shale reservoir,
Pouce Coupe Field, Alberta, Canada, Master's thesis, ColoradSchool of Mines, doi:
10.1007/s13398-014-0173-7.2.

Eaton, B. (1975), The equation for geopressure predictioroim well logs, inFall Meeting of
the SPE of AIME, Dallas, Texas, 28 September-1 Octohe3PE 5544.

108



EIA/ARI (2013), World Shale Gas and Shale Oil Resource Assessnte Tech. rep, U.S.
Energy Information Administration.

Ejofodomi, E. A., G. D. Cavazzoli, J. Estrada, and J. Peano (20)3Investigating the Criti-
cal Geological and Completion Parameters That Impact Produion Performance, inUn-
conventional Resources Technology Conference, Denver, Colorado, 12-14 Augu&TeC
1576608, pp. 669{679, doi:10.1190/urtec2013-070.

Ejofodomi, E. A., R. A. Varela, G. Cavazzoli, E. I. Velez, and J. Bano (2014), Development
of an Optimized Completion Strategy in the Vaca Muerta Shalgvith an Anisotropic Ge-
omechanical Model, INSPE/EAGE European Unconventional Conference and Exhibition,
Vienna, Austria, 25-27 February SPE 167806.

Garcia, M. N., F. Sorenson, J. C. Bonapace, F. Motta, C. Bajuk, an#i. Stockman (2013),
Vaca Muerta Shale Reservoir Characterization and Descriph: The Starting Point for
Development of a Shale Play with Very Good Possibilities fa Successful Project, irun-
conventional Resources Technology Conference, Denver, Colorado, 12-14 Augu&TeC
1508336, pp. 863{899, doi:10.1190/urtec2013-090.

Garcia, M. N., F. Sorenson, H. Stockman, and C. Zavala (2014), &b and Tight Reservoirs:
A Possible Geomechanical Control in the Success of ProdugiVells, Neuquen Basin,
Argentina, in SPE/EAGE European Unconventional Conference and Exhibition, Vienna,
Austria, 25-27 February SPE 167707.

Goodway, B., M. Perez, J. Varsek, and C. Abaco (2010), Seismietpphysics and isotropic-
anisotropic AVO methods for unconventional gas exploratig The Leading Edge29(12),
1500{1508.

Herrero, F., L. Maschio, and S. Maria (2014), Production Analys and Forecasting of Vaca
Muerta Shale in Argentina: Case History-Based Approach, ilnconventional Resources
Technology Conference, Denver, Colorado, 25-27 Augu&tRTeC 1965548, doi:10.15530/
urtec-2014-1965548.

Herzog, M. (2014), Pore pressure, and the interdependencyteen lithology, porosity and
acoustic log response targeting the Vaca Muerta FormatioriVlaster's thesis, Colorado
School of Mines, doi:10.1007/s13398-014-0173-7.2.

Hogg, S. (1993), Geology and Hydrocarbon Potential of the Neugu

Basin, Journal of Petroleum Geology 16(4), 383{396, doi:10.1306/
0C9B052B-1710-11D7-8645000102C1865D.

109



Howell, J. A., E. Schwarz, L. A. Spalletti, and G. D. Veiga (2005)The Neuquen Basin: an
overview, in The Neuquen Basin, Argentina: A Case Study in Sequence Stratigraphy and
Basin Dynamics vol. 1, edited by G. Veiga, L. Spalletti, J. Howell, and E. Scharz, pp.
1{14, The Geological Society of London, Special Publicatis, London.

Hurley, N., H. Tanner, and C. Barcat (1995), Unconformity-rela¢d porosity development in
the Quintuco Formation (Lower Cretaceous), Neuquen Basin, gentina, in Unconformi-
ties and Porosity in Carbonate Strata: AAPG Memoir 63edited by D. Budd, A. Salle, and
P. Harris, pp. 159{175, American Association of Petroleum Geamjists, Tulsa, Oklahoma.

Keys, R., and D. Foster (1998),Comparison of Seismic Inversion Methods on a Single
Real Data Set Society of Exploration Geophysicists, Tulsa, Oklahoma,aitdoi:10.1190/1.
9781560802082.

Kietzmann, D. A., R. M. Palma, A. C. Riccardi, J. Martn-Chivel et, and J. lopez-Gomez
(2014), Sedimentology and sequence stratigraphy of a Tithn{Valanginian carbonate
ramp (Vaca Muerta Formation): A misunderstood exceptionasource rock in the Southern
Mendoza area of the Neuquen Basin, Argentin&ggedimentary Geology302 64{86, doi:
10.1016/j.sedge0.2014.01.002.

Kosset, T. (2014), Wellbore integrity analysis for wellpat optimization and drilling risks
reduction: the Vaca Muerta Formation in Neuquen Basin, Mastés thesis, Colorado School
of Mines, doi:10.1007/s13398-014-0173-7.2.

Latimer, R. B., R. Davidson, and P. van Riel (2000), An interpeter's guide to understanding
and working with seismic-derived acoustic impedance datahe Leading Edge19(3), 242{
256, doi:10.1190/1.1438580.

Legarreta, L., and M. Uliana (1991), Jurassic-Cretaceous mae oscillations and geometry
of back-arc basin I, central Argentine Andes, inSedimentation, Tectonics and Eustasy
edited by D. McDonald, International Association of Sedimdnlogists Special Publication.

Legarreta, L., and H. J. Villar (2011), Geological and Geochenal Keys of the Potential
Shale Resources, Argentina BasinSearch and Discovery80196

MacFarlane, T. (2014), Amplitude inversion of fast and slowanverted waves for fracture
characterization of the Montney Formation in Pouce Coupe Fid, Alberta, Canada, Mas-
ter's thesis, Colorado School of Mines, doi:10.1007/s183014-0173-7.2.

Mallick, S., and P. Ng (1995), A comparison of poststack and gstack inversion of seismic
data, in SEG Annual Meeting, Houston, Texas, 8-13 Octohepp. 651{654.

Martins, L. M. R. (2013), From OBC seismic to porosity volume a pre-stack analysis of a

turbidite reservoir, deepwater Campos Basin, Brazil, Mast's thesis, Colorado School of
Mines.

110



Mavko, G., T. Mujerki, and J. Dvorkin (2009), The Rock Physics HandbogkCambridge
University Press, New York, doi:10.1007/s13398-014-0172-7

Monti, L., M. Suarez, L. Vega Velasquez, and anthony robert fompson (2013), Mod-
eling Vertical Multifractured Wells in Vaca Muerta Shale OI Play, Argentina, in SPE
Unconventional Resources Conference, The Woodlands, Texas, 10-12 AEIPE 164537,
doi:http://dx.doi.org/10.2118/164537-MS.

Ouenes, A. (2012), Seismically Driven Characterization of W@onventional Shale Plays,
CSEG Recorder 2(February), 18{24.

Pendrel, J. (2015), Low frequency models for seismic invenss: strategies for success, in
SEG Annual Meeting, New Orleans, Louisiana, 18-23 Octohepp. 2703{2707.

Ruger, A. (2002), Re ection Coe cients and Azimuthal AVO Analysis in Anisotropic Media ,
Society of Exploration Geophysicists, Tulsa, Oklahoma.

Russell, B. (1988),Introduction to Seismic Inversion Methods Course Notes Series; No. 2,
Society of Exploration Geophysicists, Tulsa, Oklahoma, @40.1190/1.9781560802303.

Russell, B. H. (2014), Prestack seismic amplitude analysig&n integrated overview, Inter-
pretation, 2(2), 19{36, doi:10.1190/INT-2013-0122.1.

Sagasti, G., M. Foster, D. E. Hryb, A. Ortiz, and V. Lazzari (201% Understanding Ge-
ological Heterogeneity to Customize Field Development: An Exaple from the Vaca
Muerta Unconventional Play, Argentina, inUnconventional Resources Technology Confer-
ence, Denver, Colorado, 25-27 August)RTeC 1923357, doi:10.15530/urtec-2014-1923357.

Schmoker, J., and T. Hester (1983), Organic carbon in Bakken ffoation, United States
portion of the Williston Basin, AAPG Bulletin, 67, 2165{2174.

Sharma, R. K., and S. Chopra (2012), New attribute for determition of lithology and
brittleness, in SEG Annual Meeting, Las Vegas, Nevada, 4-9 Novempgmp. 1{5, doi:
10.1190/segam2012-1389.1.

Sheri, R. (2002), Encyclopedic Dictionary of Applied Geophysi¢€th ed., Society of Explo-
ration Geophysicists, Tulsa, Oklahoma.

Steiber, R. (1973), Optimization of shale volumes in open lologs, Journal of Petroleum
Technology 31, 142{162.

Suarez-Rivera, R., and T. Bratton (2012), Estimating horiantal stress from three-
dimensional anisotropy, US Patent No. 8,175,807 B2.

111



Suarez-Rivera, R., G. V. Dahl, H. G. Borgos, D. R. Paddock, and.DHandwerger (2013),
Seismic-Based Heterogeneous Earth Model Improves Mappingdervoir Quality and Com-
pletion Quality in Tight Shales, in SPE Unconventional Resources Conference, The Wood-
lands, Texas, 10-12 April SPE 164544.

Thomsen, L. (1986), Weak elastic anisotropyGeophysics 51(10), 1954{1966, doi:10.1190/
1.1442051.

Truman Holcombe, H., T. Hong, B. Zhao, E. Salguero, J. Hallin, M. W&ce, S. Chi, M. E.
Muzzio, and E. Zunino (2014), Integrated seismic reservaiharacterization of Vaca Muerta
shale, iInSEG Annual Meeting, Denver, Colorado, 26-31 Octobepp. 2392{2396.

Urien, C. M., and J. J. Zambrano (1994), Petroleum Systems in thEeuquen Basin, Ar-
gentina, in The petroleum system - from source to trap: AAPG Memoir §Oedited by
L. Magoon and W. Dow, pp. 513{534, American Association of Petieum Geologists,
Tulsa, Oklahoma.

Vega, A. (2012), Time-lapse density prediction for reservatharacterization using probabilis-
tic neural networks at Postle Field, Texas County, OklahomaMaster's thesis, Colorado
School of Mines, doi:10.1007/s13398-014-0173-7.2.

Vernik, L., and J. Milovac (2011), Rock physics of organic skes, The Leading Edge30(3),
318{323.

Willis, M. (2013), Upscaling anisotropic geomechanical prepties using Backus averaging
and petrophysical clusters in the Vaca Muerta Formation, Mster's thesis, Colorado School
of Mines, do0i:10.1007/s13398-014-0173-7.2.

Xu, S., and M. Payne (2009), Modeling elastic properties in daonate rocks, The Leading
Edge 8(1), 66{74.

Yilmaz, O. (2001), Seismic Data Analysis: Processing, Inversion and Interpretation of Seis-
mic Data, vol. 1, Society of Exploration Geophysicists, Tulsa, Okleoma.

Yrigoyen, M. (1993), The history of hydrocarbon exploratin and produc-
tion in Argentina, Journal of Petroleum Geology 16(4), 371{382, doi:
10.1306/bf9ab72b-0eb6-11d7-8643000102¢c1865d.

Zunino, J., and J. Soldo (2014), Rock Mechanics template In a &l Oil Play, Vaca Muerta

Fm, Argentina and Their Impact in the Exploratory Strategy, in EAGE Conference and
Exhibition, Amsterdam, The Netherlands, 16-19 June

112



	Abstract
	Table of Contents
	List of Figures
	List of Tables
	List of Abbreviations
	Acknowledgments
	Dedication
	Introduction
	Objectives
	The Neuquen Basin
	Basin evolution
	Regional structure and tectonics
	The Quintuco
	The Vaca Muerta

	Study area and data available
	Seismic data
	Well data

	Previous studies
	Methodology of this work

	Data Pre-Conditioning
	Well log quality control
	Synthetic log generation
	Pre-stack seismic gather conditioning
	Angle stacks and data alignment
	Acquisition footprint removal
	Summary

	Seismic inversion
	Theory
	Post-stack and pre-stack inversion
	Sparse-spike and model-based inversion

	Stacked data interpretation
	Low frequency model
	Standard model
	Complex model
	Qualitative comparison

	Post-stack inversion
	Well tie and wavelet estimation
	Inversion parameters

	Pre-stack inversion
	Well ties and angle-dependent wavelet estimation
	Inversion parameters

	Inversion results and quality control
	Summary

	Sensitivity analysis of inversion results
	Post-stack versus pre-stack P-impedance
	CSSI versus model-based inversion
	Standard LFM versus Complex LFM
	Effect of VTI anisotropy in AVO inversion
	Estimation of Thomsen parameters
	Reflectivity modelling for the Lower Vaca Muerta-Tordillo interface


	Interpretation and integration of inversion results
	Relationships between elastic parameters, mineralogy and organic content
	Integration with mechanical stratigraphy
	Rock class properties
	Rock class probability from seismic inversion volumes

	Link of velocities with effective stress/pore pressure
	Interpretation of good quality rock classes

	Conclusions and recommendations
	Recommendations for future research


