SPATIO-TEMPORAL MICROSEISMIC ANALYSIS
OF THE WOODFORD SHALE, CANADIAN

COUNTY, OKLAHOMA

by
Jarred Eppehimer



¢ Copyright by Jarred Eppehimer, 2016
All Rights Reserved



A thesis submitted to the Faculty and the Board of Trustees othe Colorado School of
Mines in partial ful llment of the requirements for the degree of Master of Science (Geo-

physics).

Golden, Colorado

Date

Signed:
Jarred Eppehimer
Signed:
Dr. Thomas L. Davis
Thesis Advisor
Golden, Colorado
Date
Signed:

Dr. Terry Young
Professor and Head
Department of Geophysics



ABSTRACT

Microseismicity provides data that can be used to monitor lgraulic fracture stimulation
programs as well as to characterize the resulting hydraulfcactures. This is especially im-
portant in low permeability gas and oil shales, where the caion of additional permeability
through these fracture treatments is essential to produan. However, many applications
and analyses of these data are either qualitative in nature include a large element of in-
terpretational bias. This study looks at two microseismic m@alytical techniques: the radius
of gyration (ROG) tensor, as described in Sayers & Le Calve2({10), and the methods de-
scribed in Shapiro (2008) that relate spatio-temporal miaseismic signatures to hydraulic
di usivity and ultimately hydraulic permeability. The rad ius of gyration tensor is used to
generate a characteristic ellipsoid for any set of microseiic events, and the aspect ratio of
this ellipsoid can be related to local in-situ horizontal sess ratios.

These methods are applied to surface microseismic data eoted for six horizontal wells
drilled and completed in the Woodford Shale in Canadian Cotyy; Oklahoma. Additionally,
an attempt is made to bridge the gap between these methods. &pcally, the character-
istic ellipsoid generation from the radius of gyration terw in Sayers & Le Calvez (2010)
is applied to Shapiros work ow. Shapiro attempts to link the3D anisotropic triggering
front of seismicity, which is an ellipsoid that envelops tire-scaled microseismic events, to
reservoir permeability. The radius of gyration tensor wilgenerate this ellipsoid and remove
interpretational bias that would have been present othense.

Lastly, an attempt is made at relating the signatures preseénn the characteristic ellip-
soids to zones of natural fracture reactivation. This is da@non a stage-by-stage basis. The
hypothesis is that an ellipsoid with a signi cant tilt in its most vertical principal axis and
a signi cant azimuthal rotation away from the maximum horizontal stress direction will be

indicative of natural fracture reactivation. What de nes a sgni cant amount of deviation



in each case is open to discussion and further study.

The results of this study are mixed. Due to data and time resictions, the radius of
gyration tensor was only able to generate a rough range of apgimations for maximum
horizontal stress (see Section 3.3.1), and the lack of keyeaata prevented hydraulic per-
meability from being estimated. However, there were sevenasults of this project that can
be considered a success. First, the radius of gyration tensan arguably be used as a natural
fracture reactivation indicator, as detailed in Section 3. If a correlation can be drawn be-
tween natural fracture reactivation and production improements, this tool can then be used
as an indicator of which stages will perform better. This saeradius of gyration tensor can
also be leveraged in an otherwise interpretive analyticagging de ned by Shapiro (2008),
as mentioned above. This process is detailed in Section 3.5his implies that once the
relationship between ellipsoidal triggering fronts and hyraulic permeability is established,
the results will be more consistent and hopefully more acate. With this goal in mind,
the axes scaling for the characteristic ellipsoids geneeat from the radius of gyration tensor
comes into question. This issue is addressed in Section B,%and it is determined that the
scaling recommended by Sayers & Le Calvez (2010) is most lykeppropriate.

Additionally, a Iter was implemented based on the RT plots dened in Shapiro (2008)
to create a microseismic data subset by removing data poirttsat are not related to injected
uid and proppant placement (see Section 3.2). This subset more appropriate for locating
zones of natural fracture reactivation, at least for initih analyses. This subset is also rec-
ommended when determining horizontal stress ratios, althgh the original data should be
included for comparison. The incorporation of various mioseismic subsets such as this can
be used to verify results of future studies.

Cimarex Energy Co. has provided the data for this researchnd the Reservoir Char-
acterization Project at the Colorado School of Mines has pramed the framework for the

project.
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CHAPTER 1
INTRODUCTION

This thesis is an independent study within the Reservoir Chiacterization Project (RCP)
at the Colorado School of Mines. It is the rst project focuse on studying the Woodford
Shale in Canadian County, Oklahoma, particularly with regeds to microseismicity within
this formation. Cimarex Energy Co. has provided the data andupport for this research.
Speci cally, this thesis focuses on the implementation okseral concepts outlined in litera-
ture to create powerful tools for microseismic analysis. Naaty, these tools are the radius of
gyration tensor and the triggering front of seismicity, dened by Sayers & Le Calvez (2010)
and Shapiro (2008), respectively. These methods have allgebeen established in their cor-
responding publications, so this study serves as a veri dah of these techniques as well as an
exploration of their alternative applications. For examp®, according to Sayers & Le Calvez
(2010), the radius of gyration tensor can be used to deterng@rocal horizontal stress ratios.
However, in this study the same tensor is used to identify zos®f natural fracture reactiva-
tion, and also as an improvement on the interpretive methodsutlined by Shapiro (2008).
Shapiro's method can be used to calculate hydraulic permekty from spatio-temporal mi-
croseismic growth, but there is a step of this process that ings interpretational bias into
this procedure. This bias can be removed with implementatioof the radius of gyration
tensor. Details about these applications can be found in Cpeer 3.

The primary data used in this study were surface microseismidata collected for six
horizontal wells in Canadian County, Oklahoma. Various syporting data were provided in
the form of well logs, core measurements, wellbore deviatisurveys, fracture stage data
(spacing, depths, etc.), and treatment data such as injedeuid volumes and pressures as
well as proppant concentrations. Many of these data were ubwithin the Matlab code, such

as fracture stage data and wellbore deviation surveys usealdreate a reference origin for the



RT and ROG plots created. However, some of these data are alsat mcluded in the scope of
this study. For instance, the core test measurements are amtegral part of the relationship
between microsesimicity and hydraulic permeability, but seeral key measurements were
missing from the provided data, and as such these data werdimlately excluded from the

framework of this thesis.
1.1 Well Information

This study includes six wells for which microseismic data kBabeen provided. These
are horizontal wells that have been hydraulically treated feer drilling, a necessary step to
improve permeability and production in such a low permeabtyi shale. For con dentiality
purposes, these wells will be denoted Well A-F. Five of the six i Well A-E, are roughly
one mile laterals, while Well F is a two mile lateral. In addibn, three nearby vertical
wells, denoted Well 1-3, provide logging measurements usedater calculations of minimum
horizontal stress (see Section 3.3.1). Well 2 also providedre test measurements. These
wells can be seen in relation to the microseismic study welis Figure 1.1. Versions of
this map zoomed in to individual wells can be found in Figure 2, Figure 1.3, Figure 1.4,
Figure 1.5, Figure 1.6, and Figure 1.7. These gures not only slvahe originally provided
microseismic datasets, but also a lower panel that displagsmicroseismic subset after the
data are subjected to a process called RT lItering. This Iteing method is described in
Section 3.1.

For spatial context, several gures were included showing 3D rendering of each lateral

well over a backdrop of a slice through a seismic amplitude lume:

Well A - Figure 1.8
Well B - Figure 1.9
Well C - Figure 1.10

Well D - Figure 1.11



Well E - Figure 1.12
Well F - Figure 1.13

Also included in these gures are the microseismic events asgated with each lateral.
Note that because the background seismic data is an opaqueslthrough a volume taken
as close to the wellbore as possible, some microseismic &vexrill not be displayed due to

their location behind the slice.

Well F,3

Figure 1.1: Plan view of all 6 study wells, denoted Well A-F, withall microseismic events
displayed. Also shown are the 3 advanced dipole log wells, deed Well 1-3. Note that the
light blue square is 6 miles on a side.



(b) Well A microseismic events - RT ltered.

Figure 1.2: Comparison between (a): the entire microseismitataset for Well A and (b):
the resulting microseismic subset after subjecting the daget to RT Itering.



(a) Well B microseismic events - un ltered.

(b) Well B microseismic events - RT Itered.

Figure 1.3: Comparison between (a): the entire microseismitataset for Well B and (b):
the resulting microseismic subset after subjecting the daset to RT Itering.



(a) Well C microseismic events - un ltered.

(b) Well C microseismic events - RT ltered.

Figure 1.4. Comparison between (a): the entire microseismitataset for Well C and (b):
the resulting microseismic subset after subjecting the daset to RT Itering.



(b) Well D microseismic events - RT ltered.

Figure 1.5: Comparison between (a): the entire microseismitataset for Well D and (b):
the resulting microseismic subset after subjecting the daset to RT Itering.



(a) Well E microseismic events - un Itered.

(b) Well E microseismic events - RT Itered.

Figure 1.6: Comparison between (a): the entire microseismilataset for Well E and (b):
the resulting microseismic subset after subjecting the daset to RT Itering.



(a) Well F microseismic events - un ltered.

(b) Well F microseismic events - RT lItered.

Figure 1.7: Comparison between (a): the entire microseisndataset for Well F and (b): the
resulting microseismic subset after subjecting the datase RT Itering.
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Figure 1.8: Cross section of Well A with its associated micresmic events over a background
of an inline slice through a seismic amplitude volume. Micseismic events are colored by
stage, and the seismic section is colored by re ectivity (atk corresponding to positive and
red corresponding to negative). Also shown is a horizontalu® line representing the top of
the Woodford Shale, picked from well logs. Depths are in reémce to mean sea level.

Figure 1.9: Cross section of Well B with its associated micreismic events over a background
of an inline slice through a seismic amplitude volume. Micseismic events are colored by
stage, and the seismic section is colored by re ectivity (atk corresponding to positive and
red corresponding to negative). Also shown is a horizontalu® line representing the top of
the Woodford Shale, picked from well logs. Depths are in reémce to mean sea level.
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Figure 1.10: Cross section of Well C with its associated mi@eismic events over a back-
ground of an inline slice through a seismic amplitude volumé/icroseismic events are colored
by stage, and the seismic section is colored by re ectivityb{ack corresponding to positive
and red corresponding to negative). Also shown is a horizohtlue line representing the
top of the Woodford Shale, picked from well logs. Depths ara reference to mean sea level.

—

Figure 1.11: Cross section of Well D with its associated migeismic events over a back-
ground of an inline slice through a seismic amplitude volumé/icroseismic events are colored
by stage, and the seismic section is colored by re ectivityb{ack corresponding to positive
and red corresponding to negative). Also shown is a horizohtlue line representing the
top of the Woodford Shale, picked from well logs. Depths ara reference to mean sea level.
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Figure 1.12: Cross section of Well E with its associated migeismic events over a back-
ground of an inline slice through a seismic amplitude volumé/icroseismic events are colored
by stage, and the seismic section is colored by re ectivityb{ack corresponding to positive
and red corresponding to negative). Also shown is a horizohtlue line representing the
top of the Woodford Shale, picked from well logs. Depths ara reference to mean sea level.

Figure 1.13: Cross section of Well F with its associated migeismic events over a background
of an inline slice through a seismic amplitude volume. Micseismic events are colored by
stage, and the seismic section is colored by re ectivity (atk corresponding to positive and
red corresponding to negative). Also shown is a horizontalu® line representing the top of
the Woodford Shale, picked from well logs. Depths are in reéce to mean sea level.



1.1.1 Hydraulic Stimulations

In shale reservoirs such as the Cana-Woodford, hydraulicirsulation and treatment
programs must be used to improve production and create econigally viable wells. In simple
terms, this process requires the injection of uids at high ygssures into the reservoir until
the formation fails and fractures, connecting permeable ffravays to the wellbore. Proppant,
usually in the form of sand, is also injected during this prass to keep the induced fractures
from closing after the stimulation program.

The six study wells, Well A-F, were all hydraulically stimulaed using a Plug and Perf
completion style, but the number of treatment stages as wedk the type of uid and proppant
varied between wells. Wells A and B contain 15 treatment stag, Wells C and D contain 20
treatment stages, Well E has 10 stages, and Well F has 41 stag@Vell F has many more
stages mainly due to the fact that it is a two mile lateral, as pposed to Wells A-E which
are roughly one mile laterals. All of the wells were injectedithh uid primarily consisting
of slickwater, but Well A and B also had a crosslink gel inclugtl in its treatment uid. This
allowed for higher proppant concentrations to be injectedio the formation. The proppants
used were either 40/70 or 100 mesh white sand, or a mixture dfet two in the case of Well

F. See Table Table 1.1 for a detailed summary of this and othereatment information.

Table 1.1: Hydraulic fracture treatment information for eab study well.

Avg. Stage

Stages Length (f) Completion Fluid Proppant
Well A 15 317 Plug & Perf | Slickwater+gel 40/70 Sand
Well B 15 306 Plug & Perf | Slickwater+gel 40/70 Sand
Well C 20 233 Plug & Perf Slickwater 100 mesh
Well D 20 243 Plug & Perf Slickwater 100 mesh
Well E 10 445 Plug & Perf Slickwater 40/70 Sand
Well F 41 231 Plug & Perf Slickwater 40/70+100 mesh (2:1)
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Although the treatment styles for these wells were di erentthis study will assume that
the hydraulic fracture treatment design has little e ect onthe results of the methods out-
lined in Chapter 2. This is a awed assumption, but it is the sene assumption made in
Sayers & Le Calvez (2010) and Shapiro (2008). This assumptiwill help make meaningful

interpretations of these data for the time being, but must beddressed in future studies.
1.2 Thesis Data

Various data were provided for this study, however the primg focus is the microseis-
mic data recorded at each of the six study wells. The remaimgndata can be considered
supporting data, and include well logs, core test data, weltlbe deviation surveys, hydraulic
fracture design parameters, treatment data, and seismicass-sections. These support data

are detailed in Section 1.2.2.
1.2.1 Microseismic Data

The focus of this thesis is on the microseismic events receddfor the six study wells,
Well A-F. Each of these event sets were recorded and processgdviicroseismic, Inc. (MSI).
The six datasets were recorded in the same way, utilizing MSIFracStar array of geophones
(see Figure 1.14) and then processed using the same algoritbimmigration based imag-
ing via diraction stacking. Each microseismic event has amssociated spatial coordinate
location and occurence time, as well as other attributes dJuas moment magnitude and
focal mechanism. This study focuses on the spatial coordtea and occurence times of these
events.

As these are all surface data, there will not be a spatial biag the events toward the
observation well that is usually present in downhole micressmic data. While lateral (X,Y)
placements of these microseismic events will be more acdaradepth (Z) uncertainty is
typically greater in surface microseismic data as opposed townhole recording. Surface
microseismic data also typically have a weaker signal fronmé microseismic events due to

the increased distance from each event to receivers and nearface attenuation.
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Figure 1.14: General layout of a FracStar array, developed byicroseismic, Inc. and used
to acquire the microseismic data for Well A-F (Gumbleet al., 2014).
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In addition, several sources of near-surface noise are gm@sin these data due to pump-
ing activity, infrastructure, etc. On the other hand, a boréole is not required for surface
microseismic monitoring, and a surface array of geophondtowas for a much wider eld of
view with greater azimuthal coverage and higher fold from argater number of receivers.
The FracStar array implemented by MSI is claimed to leveragdese advantages to improve
signal to noise ratio and reduce location uncertainty for th microseismic events. The mi-
croseismic data used in this study has low locational uncaihty (less than 0.5% in most
cases) considering their depths of over 10,000 ft. These artainties for each well, as well as
the recording parameters used by MSI in their acquisition,an be seen in Table 1.2. These
uncertainties are calculated based on how accurately thenpshot locations can be estimated
using the imaging migration algorithm. Note that the microsesmic data from Well A-D were
recorded using the same receiver array, while Well E and Well each had an independent
receiver array.

The dominant microseismic trends visible within the data sike consistently at about
NO85 E. This is consistent with the maximum horizontal stress dection of this region (Gum-
ble et al., 2014; Pezaet al., 2014). Not all stages of each well show this azimuthal trend,
but each study well has several stages that do display this atacteristic microseismic event
propagation direction.

Overall, Well A-D, which are adjacent to each other (see Figurg.1), show higher event
counts per stage than Well E and Well F. These event counts caretseen in Table 1.3. In
addition, the events of Well A-D tend to cluster around the wdbore, creating fewer long
linear trends that are present in Well E and Well F. This couldmdicate that there are more
near-wellbore natural fracture sets that are being react@ted by the stimulation program, or
this could be due to the di erence in the hydraulic treatmentdesign of these wells compared
to Well E and Well F (see Table 1.1). Likely, it is a combinatio of both. Either way, this

indicates a more complex near-wellbore fracture geometmyrfthese wells.
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Table 1.2: FracStar geophone array parameters and resulfirerror in recorded microseismic
data (Microseismic, 2013, 2014a,b).

Stations Stqtion Geophopes FracStar | Error X | Error Y | Error Z
Spacing (ft) | per Station Arms (ft) (ft) (ft)
Well A-D 1,412 100 6 10 18 27 53
Well E 2,189 90 6 14 33 36 39
Well F 1,321 100 6 10 32 42 84

Table 1.3: Microseismic event count for each study well, ihming the e ects of RT ltering.

Stages Microseismic | Events Evenf[s a_fter Filtered
Events Per Stage | RT Filtering Events

Well A | 15 2195 146 1896 299
Well B | 15 2011 134 1672 339
Well C | 20 2917 146 2595 322
WellD | 20 3788 189 3448 340
Well E | 10 971 97 919 52
Well F | 41 3899 95 2482 1417
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The most anomalous microseismic trends are visible withiroughly the rst half (toe-
side) of Well F. The rst sixteen stages appear to be reactivatg a preexisting fault network,
as these events extend much farther below the Woodford thas typical, and the azimuthal
trend strikes at about N60E. The anomalous depth of these events can be seen on the right
half of Figure 1.13, and the azimuthal trend is visible in the arth end of Figure 1.7. This is
the motivation for dividing the stages of Well F into two growps: Stage 1-16 which appear to
be reactivating some tectonic feature within the Hunton Limstone, and Stage 17-41 which
appear to be more consistent with the typical microseismiggnature in the Woodford Shale
(NO85 E).

Subjecting these data to RT Itering{a process described i&ection 3.1{removes a portion
of the data that can be considered unrelated to uid injectia during stimulation. Compare
the panels of Figure 1.2, Figure 1.3, Figure 1.4, Figure 1.5, Figuf..6, Figure 1.7 to see the
e ect of this Itering in map view. It is clear that this Iter ing process removes many of the
distal events that could be considered anomalous. Notablynantire population of events
is removed in the northeast section of Well F (Figure 1.7). Inatct, RT ltering had the
most signi cant e ect on the rst sixteen stages of Well F, with over 1000 events removed
(compare Figure A.188 to Figure A.231). This is also the reasonrfthe abnormally high

number of Itered events for Well F seen in Table 1.3.
1.2.2 Supporting Data

Additional data was provided to support the microseismic argses and allow implemen-
tation of the later methods outlined in Chapter 2, particulaly relating microseismicity to
horizontal stress ratios and hydraulic permeability. Thes support data include well logs,
core test data, wellbore deviation surveys, hydraulic fragre design parameters, treatment
data, and seismic cross-sections. Many of these, such aswe#ibore deviation surveys, frac-
ture design parameters, and treatment data were used withthe Matlab code used to create
both the RT plots described in Section 3.1 and the radius of ggtion tensor plots detailed

in Section 3.2. For instance, both the RT and ROG plots requéd an origin location to plot
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microseismic data. This was achieved using hydraulic frage stage data and wellbore devi-
ation surveys. The stage data provided the measured depthitbe center of each stage, and
this depth could be cross-referenced with the deviation steys to nd the regional spatial
coordinates of each stage center. As microseismic events spatially described using this
same regional coordinate system, this process could then ted to plot the microseismic
events in reference to their corresponding stage. RT plotésa require a time origin, which
was derived from treatment data. Speci cally, the rst occuence of bottom hole pressure
greater than zero was chosen as t=0.

Unfortunately, the provided core test data was unable to be oluded in the scope of
this study. The application of this data would be for obtainng hydraulic permeability from
microseismicity as described in Section 2.1.3 as per Equati2.7. Many of the required
poroelastic parameters are included in the core test datajch as the bulk and shear moduli
of the dry frame material. However, there are several requdeneasurements missing from
the core data, namely bulk moduli of the pore uids and grain raterial. These measurements
are critical in this relationship, so overall the core test d@ta were excluded.

Well logs appearing in this study include calculated vertal and horizontal static Young's
modulus, vertical and horizontal static Poisson's ratio, werburden gradient, and pore pres-
sure gradient. These logs were acquired and processed byl@uoberger, and were used to
derive estimates for minimum horizontal stress gradient,sadescribed in Section 3.3.1 via
Equation 3.1. Ultimately this was used to derive rough apprasations for maximum hor-
izontal stress by using Equation 2.12 and making assumpti®rabout and p in the same
equation.

The seismic data provided are limited to cross-sectionalics in line with each lateral
well. These slices cut through re ectivity amplitude volunes of P-P seismic re ection data.
The gures displaying these sections can be found in Sectidnl. These sections provide

basic geologic and spatial context for the microseismic dat
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1.3 Geologic Overview

The Woodford Shale is an organic rich silty shale found thrgihout Oklahoma and sub-
divided into three regions: the Woodford, the Cana-Woodfadr in the midwest, and the
Barnett Woodford in the southwest. This study focuses on th€ana-Woodford of the Mid-
west region, speci cally in Canadian County. The Woodford &s an average thickness of
approximately 200 ft (see Figure 1.15) in this region, and wsldrilled into this formation
produce dry gas, condensate, and oil (Guptet al., 2012, 2013). The base of the Woodford
is characterized by rugged basin oor topography that has gua measure of control over
lithofacies distribution throughout the Woodford. In geneal, basin oor depressions tend to
contain low TOC cherty lithofacies alternating with ductile TOC-rich lithofacies, resulting
in brittle-ductile couplets in these locations. Basin oorhighs are characterized by TOC-rich
ductile lithofacies containing more clay (Guptaet al., 2013). Overall, the Woodford Shale
is characterized by lithological heterogeneity and nonuiwirm fracture distributions within
the Cana-Woodford region, as determined by core analyses Gupta et al. (2013). This
distribution is supported by the depositional history of ths region, outlined below. Geo-
graphically, the Anadarko Basin is bounded by the Nemha Uplift othe east, the Cimarron
Arch on the west, and the Wichita and Amarillo Uplifts to the south To the north is the
Anadarko Shelf, which extends across much of Western Kansd$ese features can be seen

in Figure 1.16 and Figure 1.17.
1.3.1 Depositional History

The Woodford Shale was deposited in the Late-Devonian/EgdMississippian within an
epeiric sea covering the Oklahoma Basin (see Figure 1.18). eThase of the Woodford is
marked by a widespread regional unconformity found above éhSilurian Hunton Limestone
and visible in Figure 1.19. Remnant topography of the pre-Walford basin shows an irregular
character, which in turn controlled the distribution of di erent lithologies as the epeiric sea

progressed from south-southeast to northwest during the aflal sea level rise of the late

20



_||| 50-1W 100 mi
[ 100-500 0 160 km

{.

Figure 1.15: Isochore map showing the Woodford Shale diswiion in Oklahoma. The star
represents the study location of Gupteet al. (2013), which is approximately the same for
this study.
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Figure 1.16: Early-middle Paleozoic boundaries of the Oklama Basin and other major
features, overlain by a smaller colored map of the featureseated by the Pennsylvanian
Orogeny (Guptaet al., 2013).
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GEOLOCIC PROVINCES OF OKLAHOMA
Robert A. MNerthoutt and Jock A. Campbell
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Figure 1.17: Map of Oklahoma marking the orogenic featureseated in Pennsylvanian time
(Pezaet al., 2014).

Devonian. The paleo-shoreline is found to the northeast whithe basin depocenter is to
the southwest, creating a gentle dip of approximately 2or less to the southwest within
the Woodford and underlying Hunton Limestone (Guptaet al., 2013). Paleogeographic
reconstruction indicates that this region was near 15and 20 south latitude during the
deposition of the Woodford in the Late Devonian (Guptaet al., 2013; Pezaet al., 2014).
These latitudes are associated with temperate climate andefjuent ocean upwelling, both
of which contribute to the high biological content found in he Woodford Shale.

The Woodford Shale exists in relatively thicker packages impographically low areas of
the deformed pre-Woodford basin, as opposed to the thinneeplosits on the topographic
highs. The basin oor lows also contain brittle cherty lithdacies that are absent in basin
highs. This is most likely due to the fact that these structual lows were inundated earlier
by the epeiric sea transgression, and as such were subjedteturbidity currents and debris

ows absent in the basin highs. As such, more quartz-rich syltfacies were deposited in these
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Figure 1.18: Paleogeography of North America during the Late Denian near the time
of Woodford Shale deposition. Oklahoma's paleo-locatios putlined in red (Gupta et al.,
2012).
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Figure 1.19: Basic stratigraphy of the Woodford Shale (Guptat al., 2013).
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lows as opposed to the clay-rich suspension fallout charaagking the structural highs. It
is these cherty lithofacies that combine with the organicich shales to create brittle-ductile
couplets that are highly bene cial to hydraulic fracturing treatments and production from
such impermeable reservoirs. In contrast, the topographlighs contain more ductile clay
facies that are not as susceptible to hydraulic fracture tegment.

After deposition, the Oklahoma Basin was broken into many srilar basins due to a
series of sharp uplifts during a Pennsylvanian orogenic epde. Guptaet al. (2013) has
shown many faults extending through the Woodford, most of wbh stop below the Oswego
Limestone. This would indicate that the signi cant tectonic activity a ecting this formation
occurred primarily during Pennsylvanian time. This is coristent with the observations in
Johnson (2008) which indicate the Pennsylvanian as a time afysi cant crustal upwelling
and basin subsidence in the Oklahoma region. This complexgtalepositional tectonic de-
formation would also account for much of the natural fractung present within the Woodford
Shale (Guptaet al., 2013). Additionally, natural fracturing can be identi ed in outcrop on
the formation, and according to Guptaet al. (2013) image log analysis in analogous shale
plays show a good relationship between such tectonic featgrand natural fractures in the

subsurface.
1.3.2 Horizontal Stress Regime

Past microseismic monitoring results, as well as a shear swiropy analysis byPezat al.
(2014) has established the maximum horizontal stress ortation to strike slightly north
of east/west. Additionally, a geomechanical model calibratl using full core, o set wells,
and advanced dipole sonic logs has shown the di erential vaten maximum and minimum
principal stresses to be approximately 1,500 psi in the Wotatd Shale of the Anadarko
Basin. However, these stresses have shown a high sensitivgyclay content in this basin,
with higher clay content corresponding to higher in-situ sess and vice-versa (Pezat al.,

2014).

26



CHAPTER 2
LITERATURE REVIEW

The work ow outlined in this document primarily follows the methodology published by
S. A. Shapiro and C. M. Sayers & J. Le Calvez in their papemslicroseismicity: A Tool
for Reservoir Characterization and Characterization of Microseismic Data in Gas Shales
Using the Radius of Gyration Tensorrespectively. Shapiro extensively analyzes the spatio-
temporal evolution of microseismic data and attempts to lik such signatures to geomechan-
ical properties such as hydraulic permeability. Sayers & L&alvez use the radius of gyration
tensor to link spatial microseismic signatures to in-situ drizontal stress ratios. Each of
these authors' work will be outlined in the following sectins, and both of those work ows
are recreated in Chapter 3 as completely as possible with defle data. Additionally, the
radius of gyration tensor method outlined by Sayers & Le Cadz is applied directly to one
of Shapiro's methods, bridging the gap between these two tiliet analytical methods. This

will be explained in detail in Chapter 3.
2.1 Microseismicity: A Tool for Reservoir Characterization

Shapiro (2008) applies numerous methods of spatio-tempbraicroseismic analysis for
reservoir characterization. Only the relevant sections diis work will be included in this
literature review. These include the concept of triggeringronts and their use in RT plots
(i.e. plots of microseismic event growth away from the injé&ion source over time), as well as
the extension of these methods to hydraulically anisotropirocks, ultimately linking spatio-

temporal microseismic signatures to anisotropic permedby of the reservoir rock.
2.1.1 Seismicity and Linear Di usion of Pore Pressure
If it is assumed that uid injection pressure (i.e., bottom fole pressure) is smaller than

the minimum principal stress, then the process of seismigitriggering in space and time is
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controlled by a process of linear relaxation of stress and ngopressure perturbations. This
process is described by the system of Frenkel-Biot equatsfor small linear deformations of
poroelastic systems (Biot, 1962). These equations show tlirma homogeneous isotropic uid-
saturated poroelastic medium, there are three waves that gpagate a strain perturbation:
longitudinal and shear seismic waves (i.e., P and S waves)daa highly dissipative slow
compressional wave. As typical clouds of microseismic evetdke hours to form, it is di cult

to describe this process using P and S waves due to their prgaéion velocity, so the slow
wave is used instead. The pore pressure perturbation of tleeslow waves can be described by
a linear partial di erential equation of di usion, obtainable by uncoupling the pore pressure
from the complete system of Frenkel-Biot equations in the o frequency range (Shapiro,
2008). However, uncoupling the pore pressure diusion equam requires an additional
assumption of an irrotational displacement eld in the soli skeleton. This assumption
is valid for weakly heterogeneous and weakly elastically iantropic rocks (Shapiro, 2008).
Shapiro concludes that the spatio-temporal evolution of ldraulically induced seismic events

in heterogeneous and anisotropic porous media can be ddsed as follows:

@t

whereD; are the components of the tensor of hydraulic di usivityx; (j =1, 2, 3) are the

@p, @
@([Du @?(p]’ (2'1)

components of the radius vector from the injection point to & observation location in the
medium, p is pore pressure, and is time (Shapiro, 2008). Along with the other assumptions
thus far, if only the hydraulic permeability of the medium isallowed to be heterogeneous and
anisotropic, Equation 2.1 can still be uncoupled from the coplete system of Frenkel-Biot
di usion equations in the low-frequency range. According t@iot (1962), the coe cient D

in Equation 2.1 has the following relation to the permeabily tensor of the medium:
D = NK =; (2.2)

_ M(Kg+4=3 4 |
C Kg+4=3 4+ 2M’
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whereK is the tensor of hydraulic permeability,D is the tensor of hydraulic di usivity,
is the pore- uid dynamic viscosity,N is a poro-elastic modulus de ned aboveK .4, is the
bulk moduli of the uid, dry frame, and grain material, respetively, 4 is the shear modulus

of the frame, and is porosity (Shapiro, 2008).
2.1.2 Triggering Fronts and RT Plots

The concept of a triggering front can be explained as the outéimit of pore pressure
perturbation due to uid injection into a uid-saturated me dium. For simplicity, this section
assumes that such a uid injection can be represented by a mbisource of pore pressure per-
turbation in an in nite, hydraulically homogeneous and isotopic poroelastic uid-saturated
medium (Shapiro, 2008). As such, the injection is e ectivelya step function that turns on
at time 0. As time elapses and the magnitude of the pore pressuperturbation increases,
microseismic event triggering becomes more likely. Theseeats most likely trigger at a
distance from the injection source that is less than or equ#d the size of the signi cant pore
pressure perturbation zone (called the relaxation zone),ith farther distances corresponding
to a much lower probability of occurence. The boundary betwea this relaxation zone and
all points beyond it, spatially, is known as the triggering font of seismicity.

To arrive at a more formal de nition of a triggering front, the relaxation zone is de ned
as the distance travelled in a given timeg by the phase front of a harmonic pore pressure
di usion wave of frequency 2=t ;. This frequency is chosen as it is the upper bound of dom-
inant frequencies of a rectangular signal of duratioty (Shapiro, 2008). It is this rectangular
signal that will cause the pore pressure perturbations in thhmedium at any point and any

time to. Such a de nition results in the following equation for the tiggering front in an
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isotropic homogeneous medium:
r= 4Dt (2.3)

wherer is the radius of the triggering front (a sphere in a homogenes isotropic medium),
D is scalar hydraulic di usivity, and t is the time from the start of uid injection. These
triggering fronts are de ned as the outer limit of the zone inwhich it is probable for micro-
seismic events to occur, so when viewing a plot of the spatemporal distribution (i.e., an
\RT plot") of these events, the triggering front will be de ned as the upper bound of the
visible cloud of events. It follows that these triggering fints can then be used to estimate
the hydraulic di usivity of the formation if it is not known. However, this assumption adds
interpretation bias to the resulting value of hydraulic di usivity, as the appropriate value
of di usivity that characterizes the spatio-temporal microseismic growth must be estimated
by the interpreter. Two methods were used to mitigate this lais that were not covered in
Shapiro's book; these will be discussed in Chapter 3.

Shapiro (2008) numerically veri ed Equation 2.3 through irplementation of a computer
simulated uid injection in two hydraulically identical ho mogeneous models that dier in
the distribution of critical pore pressure (the amount of pce pressure perturbation needed
to experience rock failure i.e., a microseismic event). Thesults of this experiment can be
seen in Figure 2.1. More detail regarding this experiment cdre found within the reference
material. However, itis important to note that in these expeiments, the hydraulic di usivity,
and therefore the triggering front of seismicity were de n& before the microseismic events
were synthetically created. The results show that an overvetming number of the events
appear within the envelope of the triggering front, as predied by Equation 2.3.

Furthermore, this spatio-temporal distribution of eventsappears to occur in reality, as
found in the two case studies Shapiro (2008) conducted, invimg uid injection experiments
in both Fenton Hill, USA and Soultz, France. See Figure 2.2 for thRT plots resulting from
these studies. Di ering from the numerical forward modelig experiment, the di usivity of

these formations was unknown before the case study experintse Thus, the RT plots were
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Numerical modelling of seismicity
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Figure 2.1: Synthetic microseismicity generated for two derent spatial distributions of

critical pore pressure. The upper row displays (from the Igf values of critical pore pressure
randomly distributed in space by an exponential auto-cortation function; then, the resulting

microseismic cloud (plan view) for such a criticality distibution; nally, the corresponding

RT plot for this modeled microseismicity (Shapiro, 2008).
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used to estimate the hydraulic di usivity of these two formaions.

Estimation of scalar hydraulic diffusivity

(¢ 9
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Figure 2.2: RT plots created for two case studies on water ilggon experiments in the
framework of two di erent Enhanced Geothermic System projgs - one at Fenton Hill, USA
and the other at Soultz, France (Shapiro, 2008).

2.1.3 Seismicity and Hydraulic Anisotropy

Even though the scalar di usivity found in Equation 2.3 can esctively describe real-world
microseismic data, the fact remains that most rocks are chaaterized by strong hydraulic
anisotropy. The scalar di usivity does not accurately repesent this anisotropy, but an
alternative equation can be used to capture this property. @ do this, the assumption must
be made that the components of the tensor of hydraulic di usity D are homogeneously
distributed in the medium. Then, Equation 2.1 can be modi edo obtain a triggering front

for an e ectively homogeneous, anisotropic, poroelastiajid-saturated medium:

r—
41

wheren = r5rj, D 'is the inverse ofD, and T denotes that the matrix is transposed.
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In the principal coordinate system of the di usivity tensor, the matrix D; becomes

diagonal ©11, D22, D33), yielding the following:
X%:Dll + X§:D22 + X§:D33 =4t (25)
It follows that if the principal coordinate system is scaleds
p___
Xsj = Xj= 4t (2.6)

then the triggering front equation becomes an equation of aellipsoid with half-axes
lengths equal to the square root of the principal di usivites (Shapiro, 2008). Thus, the
triggering front of seismicity is an ellipsoid in an anisowpic 3D space (see Figure 2.3). This

ellipsoidal shape will become signi cant in Chapter 3.

Tensor of hydraulic diffusivity

original
coordinate system

scaled
coordinate system

Top £ South ' East \

Figure 2.3: Top: a microseismic cloud from the Fenton Hill casstudy shown in three
di erent spatial views. Middle: Time-scaled coordinates fothe same microseismic data, as

per Equation 2.6. Bottom: the same as previous but with a tté characteristic ellipsoid
(Shapiro, 2008).
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Now that an anisotropic tensor of hydraulic di usivity is obtained, Equation 2.2 can be

applied and rearranged into

K =D (2.7)

This method of obtaining anisotropic hydraulic permeabity from anisotropic hydraulic
di usivity was also tested on Shapiro's case studies at Feo Hill and Soultz. In Fenton
Hill, the permeability was calculated to be on the order of 13° m?, and rough estimates
by other authors put the permeability at Fenton Hill at 10 ¥/ 10 > m? (Pearson, 1981).
The experiment in Soultz provided estimates of permeabijiton the order of 101" m?, while
independent hydraulic data puts the permeability at 5 10 1’ m? in this area (Junget al.,
1996). The results of these studies appear to support the dikility of this relationship.
However, this ellipsoidal triggering front poses the sameterpretational bias problem as the
scalar triggering fronts mentioned earlier. This is the matation for applying the methods

used by Sayers & Le Calvez (2010) to this work ow, as descrithén the Methods section.

2.2 Characterization of Microseismic Data in Gas Shales Using the Radi us of
Gyration Tensor

Sayers & Le Calvez introduce a tool for microseismic analgsknown as the radius of
gyration tensor. This tool can be used to characterize micseismic clouds, as it provides the
principal axes of such clouds of data as well as the length,dth, and height of the fracture
treatment through the principal radii of gyration. The eigewvectors of the radius of gyration
tensor coincide with the principal axes of the microseismoud, while the eigenvalues are
related to the lengths of these axes. As such, this tensor gesies a characteristic ellipsoid
for any set of microseismic data. The ratios of the eigenvads of this tensor can also be used
to characterize the shape anisotropy of the microseismicoad. This is signi cant because
the shape anisotropy of the microseismicity is sensitive tbe anisotropy of the in-situ stress
eld, as well as the orientation of preexisting fracture netorks. Thus, the radius of gyration

tensor may be used to characterize such features (Sayers &Calvez, 2010).
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2.2.1 The Radius of Gyration Tensor

Fracture systems created in hydraulic fracture treatment®f gas shales exhibit a pre-
ferred orientation and width based on the in-situ stress sta as well as the distribution of
natural fractures or other heterogeneities. Orientationfahese fractures is a function of the
orientations of the principal stress directions as well ahé orientations of natural fractures.
Furthermore, the width of the stimulated fracture network will be sensitive to the anisotropy
of the in-situ stresses. For example, low stress anisotropyll typically correspond to wider
fracture fairways, especially when natural fractures arergsent. Conversely, high stress
anisotropy will typically correspond to narrow fracture farways (Sayers & Le Calvez, 2010).

In mathematical representation, the radius of gyration tesor is de ned as

0 1
T Tz Tis
T=0Ty Tp TxA (2.8)
Tar Ta2 Tss
where
1 X
Ti=o @0 AN g (2.9)
k=1

(Rudnick & Gaspari, 1986).

In Equation 2.9, a summation is taken over thé&l microseismic events that occurred dur-
(k)

ing monitoring and development of the hydraulic fracture sstem. r;"’ is the ith component
of the kth microseismic event, and'i(k) is the ith component of the position vector of the
center of gravity of the microseismic cloud. In other wordg, ) is the average value of
taken over all microseismic events (Sayers & Le Calvez, 2010

BecauseT;; is a real symmetric tensor, it will have three real eigenvaéis 1, ,, and 3
de ned such that 4 2 3. The square roots of each eigenvalue will give the three
principal radii of gyration, while the eigenvectors give th principal axes of the radius of
gyration tensor. Additionally, becauseT; is a real symmetric second-rank tensor, it can be
represented by an ellipsoid. In this context, a charactetis ellipsoid's principal axes will

coincide with the eigenvectors of the radius of gyration tesor with semi-axis lengthsy given
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by
p .
a= 3:1=1;23 (2.10)

(Rawdon et al., 2008).

If one of the principal axes of the characteristic ellipsoits near vertical, the eigenvalues
can then be denoted asy, 4, and . These are, respectively, the vertical eigenvalue,
the largest horizontal eigenvalue, and the smallest horigtal eigenvalue. Because the axes
lengths of the characteristic ellipsoid are de ned in termsf the eigenvalues, the aspect ratio

of the microseismic cloud can be de ned as either a simple m@tof the horizontal axes

lengths, or by the square root of the ratio of the horizontaligenvalues given by
=( = W) (2.11)

This aspect ratio de nes the width of the fracture fairway as well as the magnitde of

the seismic anisotropy. The seismic anisotropy will decre@ with increasing aspect ratio.
2.2.2 Stress Anisotropy

In general, the width divided by the length of the microseisio cloud given by is
inherently related to the ratio of minimum horizontal stres to maximum horizontal stress
(Sh and Sy, respectively). Small values o5,=S,, corresponding to a highly anisotropic
stress state, are consistent with classical planar hydraclfractures with =width/length 0.
Furthermore, if the formation is assumed to be azimuthallysotropic, such thatS,=S;=1,
the microseismic cloud would have horizontal axes of equa&niths, so that =1 in this
limit. However, if the formation contains an anisotropic digibution of natural fractures,
the width of the microseismic cloud will be given by a factor in the limit S,=S;=1. In this
context, the parameter accounts for the anisotropy in the mechanical response cadtured
rock (Sayers & Le Calvez, 2010). The variation of between the lower and upper limits of

Sh=%4=0 and S,=S, =1 is characterized by a parametep in the following equation:

= width=length = (Sh=S4)P (2.12)
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In Equation 2.12, to arrive at a reasonable value g, which must be determined inde-
pendently for each formation, one can calculate at any location whereS,=S,; are known.
Then, combine this with knowledge of the orientation distbution of natural fractures in
this area (using, for example, borehole images or seismicertion amplitude variation as a
function of incidence angle and azimuth). Thus, , $S,=S, and are known, and Equation
2.12 can be solved fop.

Once this relationship is de ned, a plot such as the one in ge Figure 2.4 can be created,
allowing this method to be used in a predictive sense. For axple, if one knowsS,=S4
in one location, the aspect ratio for a microseismic cloud ithis location can be estimated.
Alternatively, maximum horizontal stress can be estimatedi a location where microseismic

data are present (yielding ) and minimum horizontal stress is known.
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Figure 2.4: Variation of microseismic aspect ratio, as a function ofS,=S,, assuming =1
in Equation 2.12 (Sayers & Le Calvez, 2010).
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CHAPTER 3
METHODS

The following sections will detail the application of the wik ows outlined in Chapter
2. Speci cally, this is the detailed summary of the applicabn of RT plots, the radius of
gyration tensor, and ellipsoid tting on time-scaled micrgeismic data. The purpose of this
study is multifold. Firstly, this serves as a test of the apptiability of these methods to
real surface microseismic data acquired during hydraulicacture treatments in a producing
unconventional reservoir, the Woodford Shale. Secondlyhdse methods ultimately allow
calculations of several geomechanical and poroelastic gareters, namely local horizontal
stress ratios and hydraulic permeability. Thirdly, the radus of gyration tensor is leveraged
to indicate the presence of natural fractures (an applicaih not covered in the literature).
Lastly, an attempt is made at combining a portion of the workows outlined by Shapiro
(2008) and Sayers & Le Calvez (2010) to reduce interpretatidbias in ellipsoid tting on
time-scaled microseismic data. Unfortunately, due to datara time constraints, values of
horizontal stress ratios and hydraulic permeabilities wernot realized. This will be detailed
more later in this chapter.

It is also signi cant to note that a Matlab work ow was used to generate all gures in
this chapter. As such, this process is easily reproducible fany given set of microseismic
data, making future applications of these work ows computi@onally inexpensive with a short

turnaround time (on the order of hours).
3.1 RT Plots

The RT plots generated for this study can be found in Section A.of the appendix.
Each plot depicts the entire microseismic event set recomiéor its corresponding well, with
each event plotted at the distance it occurred from the \injetion source" (estimated to

be the center of the treatment stage) and at the time in whichtioccured after the start
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of treatment (t=0 corresponds to the rst occurence of botton hole pressure greater than
zero). The interpreted triggering front of seismicity is pbtted on each RT plot in red, with
its scalar di usivity value displayed in the top right corner. The events associated with each
stage of treatment are superimposed on each other, so theuléag RT plots are showing
characteristic growth for that entire well and geologic regn, as opposed to an individual
stage. Note that some microseismic events may fall outsideetibounds of these plots, and
as such are treated as outliers that will be Itered as desdred later in this section.

As the triggering front is de ned by Shapiro (2008) as the outebound of the disturbance
caused by a pore pressure di usion wave, which in turn is cae by the hydraulic stimulation,
it can be inferred that the triggering front is also the outerbound of where injected uid
interaction is taking place at any given time. Thus, the trigiering fronts can be used as
a quality control tool, in that events occuring beyond this imit can be removed from the
microseismic dataset entirely. This procedure then leavassubset of microseismic data that
are more likely to be directly related to the hydraulic stimlation program as opposed to any
extraneous causes such as fault reactivation, relaxatiori kecently treated adjacent wells,
pressure tests or production of nearby wells, etc. The sulisef microseismic events are
employed in Section 3.2 and will be discussed more therein.

Due to the interpretive nature of the triggering fronts, ths Itering runs the risk of re-
moving potentially useful data. This is why it is important to de ne a scalar hydraulic
di usivity value that best characterizes the microseismievent growth over time. Two pri-
mary methods were used to accomplish this goal. The rst is ansple plot of distance
versus the square root of time (an \RTQC" plot). When microsesmic events are plotted in
this space, the microseismic event growth in time will be lewr, as the triggering front is
a square root function as de ned in Equation 2.3. Thus, the tggering front in this space
will also be linear, and much easier to t to the data by hand. @mpare the RT plots in
Figure A.1-Figure A.6 to their corresponding RTQC plots in FigureA.7-Figure A.12. The

second method to reduce this interpretational bias is empled when these triggering fronts
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are expanded into 3 dimensions and an anisotropic di usiwyittensor is calculated. This
methodology is described in Section 3.5.
Although the RT plots found within this study are an integral part of the work ow, they

were not generated by the author, but rather by Gumble (2015)
3.2 Radius of Gyration Tensor Results

The radius of gyration tensor, as described in Section 2.2ag calculated in a Matlab
environment and then used to generate characteristic el§pids for the six study wells. The
corresponding plots for each well can be found in Section A.Btbe appendix. In addition,
plots were generated for each individual stage of all six gl as well as for two sets of
microseismic data: the complete un Itered dataset, and theubset created through RT plot
ltering as described in Section 3.1. If viewing the electrac version of this document,
comparisons can be made between the corresponding plots leé two microseismic subsets
by clicking the reference link in each caption.

A representative ROG plot can be seen in Figure A.124. Each ofdbe ROG plots has
four panels representing four perspectives indicated aleoeach panel: 3-dimensional view
in the top left, plan view in the top right, cross-sectional iew looking west in the bottom
left, and cross-sectional view looking north in the bottomight. This particular example
shows the microseismic event sets corresponding to all 28ges of treatment plotted with a
common origin, so that the event sets will be overlapping eaother and hopefully creating
a signature representative of the entire well. Such plots ofrerlapping stages will be referred
to as a \superstage". Note that the origin of these plots corgponds to the estimated
injection location at the center of each treatment stage asistussed in Section 3.1. These
plots are annotated with various statistics about the disglyed microseismic data, as well
as the characteristic ellipsoid tted to these data. The ceer of mass, which is also the
center of each characteristic ellipsoid, is indicated in thtop left corner. The total number
of microseismic events can be found in the top right corner.aPameters that describe the

characteristic ellipsoid are found in the center: Verticahnd azimuthal deviations on the
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middle left, principal semi-axes lengths in the middle righ(color coded to the axes in
the panels), and an approximate aspect ratio below the semxes lengths, denoted by .
The center of mass is calculated as the average, {y, z) values for the entire microseismic
dataset. The vertical deviation is de ned as the angle betvem vertical and the principal
axis of the characteristic ellipsoid closest to vertical. file azimuthal deviation is the smallest
angle between north and the longest (green) principal axispeasured clockwise with east
corresponding to 90. The principal semi-axes lengths are calculated based orethigenvalues
of the radius of gyration tensor, as per Equation 2.10, and ¢happroximate aspect ratio

is calculated as the ratio of the two horizontal axes of the dhnacteristic ellipsoid. Note
that these axes will not always correspond to the same colasrfeach well or stage, and
this will not be an exact aspect ratio due to the vertical dewtion of the characteristic
ellipsoid. However, the relationship established by SayegsLe Calvez (2010) between this
aspect ratio and local horizontal stress ratios (see Equati 2.12) only applies when one of
the principal axes is near vertical, and the aspect ratios sluch ellipsoids will be minimally
a ected by their small vertical deviations. However, this aproximation will still add error
to the calculated aspect ratio proportional to the verticaldeviation, and should be kept in
mind. See Section 4.1 for suggestions regarding this cotieq.

As mentioned above, Figure A.124 depicts a superstage for Well Bowever, it is also
using the complete microseismic dataset for this well. Corape this to Figure A.145, where
the RT plot for Well D (seen in Figure A.4) was used to lter evens occuring beyond the
triggering front. It is immediately apparent that Itering o f these events causes a reduction
in the size of the characteristic ellipsoid due to the remoVaf the 340 events occuring beyond
the triggering front. However, the deviation values as wellssthe aspect ratio are comparable
to the original values, save for a small reduction in. In this particular case, the RT Itering
process has not changed the overall character of the chamxistic ellipsoid. This is typical
for the superstage plots, due to the averaging out of more wpie characteristics of each

treatment stage. Characteristic ellipsoids for some inddual stages of the study wells show
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more extreme changes when subjected to RT Itering, and theswill be discussed in Section
3.6.

This complexity then raises the argument of which set of mioseismic data is more
appropriate for these studies. For example, Itering the ndroseismic events beyond the
triggering front can result in a characteristic ellipsoid bhat is a better t, visually speaking, to
the event set. Compare the un Itered microseismic data of 8ge 15 in Well A in Figure A.33
to the Itered subset in Figure A.49 for an example of this qualative t improvement.
However, an argument can be made that these \anomalous" evsrthat are ltered out give
important insights into the in-situ stress eld, and removing them would be unwise. On the
other hand, these lItered events could be related to nearbyatilt reactivation. If this is the
case, those events should be removed when determining honial stress ratios with this

method.
3.3 Horizontal Stress Ratios

According to Sayers & Le Calvez (2010), the aspect ratio calculated from the radius
of gyration tensor plots is relatable to the local in-situ hozontal stress anisotropy (see
Equation 2.12). This is due to the fact that this horizontal sress anisotropy is a primary
driver of the orientation of the propagating hydraulic fratures, the resulting shape of the
microseismic event cloud, and thus the characteristic glsoid for that cloud. However,
natural fractures can also impact this shape by diverting tb hydraulic fractures created by
the stimulation program, possibly increasing the aspect tia of the characteristic ellipsoids.
To account for this possibily, Sayers & Le Calvez (2010) hawecluded a term in Equation
2.12 that accounts for the heterogeneity due to these naturéiactures. This value ranges
from zero to 1 as a scaling factor on the relationship betweespect ratio and horizontal
stress ratio. It follows that if natural fractures are diveting the hydraulic fractures to a
large extent, should be closer to 1, whereas if natural fractures are paedlwith maximum
horizontal stress, or if the formation is relatively homogeeous and possessing fewer natural

fracture sets, will be closer to zero. This, however, poses a problem of gtiazation.
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For a robust relationship between microseismic aspect ra8 and horizontal stress ratios
to be established, a value of must be chosen that e ectively captures the e ect of these
natural fractures. According to a lecture by Lorenz (2016),he angle between maximum
horizontal stress and the principal natural fracture orietation is a large deciding factor for
whether or not hydraulic fractures are diverted by these natal fracture sets. If the angle
is between 0 and 6Q the hydraulic fracture is more likely to be diverted, wheras if this
angle is between 60and 90, the stimulated fracture is less likely to follow the natura
fractures; however, the latter range of angles also provsl¢he greatest possible increase to
the resulting aspect ratio, and should be weighted as such artranslating this information
to values. It stands to reason that a 60angle between natural fractures and the maximum
horizontal stress orientation would be the sweet spot of mawizing likelihood of hydraulic
fracture diversion while still increasing characteristiellipsoid aspect ratio. This angle should
probably correspond to = 1. If the angle between maximum horizontal stress and natat
fractures is close to zero, then should also be close to zero, but not exactly zero. Similariy
this relative angle is above 6Q then must decrease to account for the decreased likelihood
of hydraulic fracture diversion. However, any diversion thadoes occur at these angle ranges
will have a greater e ect on the aspect ratio of the microsaisic cloud, so this must be
considered as well. Additionally, if the natural fractures ee at a 90 angle to the maximum
horizontal stress, there is the possibility of the hydrauti fracture diverting perpendicularly
in both directions as opposed to just the direction correspding to the acute angle between
the max horizontal stress and the natural fracture plane. Tis would e ectively double the
potential for increasing aspect ratio, and should be re eetd in the choice of .

The next problem with the relationship in 2.12 is the paramedr p. This is de ned as
a formation-spec ¢ parameter that describes the variatiorof horizontal stress ratios with
microseismic aspect ratios. As such, it is an empirical termhat must be solved for given
trustworthy values of all other terms in 2.12. can be calculated from microseismic ROG

plots as described earlier in Section 3.2, is possible to obtain through re nement and
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implementation of the reasoning posed above in this sectioand S, can be obtained from
sonic velocity logs. The problem that arises here is attaimg a value of maximum horizontal
stress to plug into this equation. This relationship is potetially very useful in that it can be
used to derive maximum horizontal stress values, as theseaypically di cult to measure.

However, to establish this relationship in the rst place, atleast one trustworthy value of

maximum horizontal stress must be obtained to derivep.
3.3.1 Estimating Maximum Horizontal Stress

Equation 2.12 allows calculations of horizontal stress rias from microseismic data, but
requires accurate and p values. This section outlines an attempt to bypass this missy
information and arrive at a table of values for maximum horiantal stress for a given range
of p values and an assumption that =1. The well logs provided in this study can be
used to calculate minimum horizontal stress using EquatioB.1, as described below, and
microseismic aspect ratios are obtained from the radius of/ration tensor of each well's
superstage plot. These aspect ratios can be found in Tablel3Note that the aspect ratio
chosen for Well F is an average of the aspect ratios of the twoperstage plots (Stage 1-16
in ?? and Stage 17-41 ir??). Also, all stress values derived from Well E are suspect, die
the fact that the superstage plots for Well E have large vertal deviations (see Figure A.166
and Figure A.177). This causes the calculation of microseistnaspect ratio as de ned
by Equation 2.11 to be inaccurate. This source of inaccuradg addressed in the future
recommendations section (Section 4.1).

To calculate a value of minimum horizontal stress, the foling equation was imple-
mented:

_En_u
P E L,

h P v Pp) (3.1)

where  is the minimum horizontal stress gradient, is Biot's constant, p, is pore pres-
sure gradient,E}., are horizontal and vertical static Young's modulus, respé&eely, ., are

horizontal and vertical static Poisson's ratio, respectigly, and  is vertical stress gradient
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Table 3.1: Microseismic aspect ratios for the superstageofs in all study wells, including
both raw and RT lItered datasets.

(Un ltered) (RT Filtered)
Well A 0.532 0.438
Well B 0.419 0.328
Well C 0.546 0.315
Well D 0.506 0.432
Well E 0.263 0.303
Well F 0.447 0.575

(Iverson, 1995). Note that this is an anisotropic form of thigquation (VTI) due to the in-
corporation of both vertical and horizontal measurementsféroung’'s modulus and Poisson's
ratio.

The well logs provided include vertical and horizontal Youg's modulus (static), vertical
and horizontal Poisson's ratio (dynamic, but approximatef equal to the static values within
the Woodford Shale), overburden gradient, and pore pressugradient. This combination,
along with the assumption that Biot's is equal to 1, allowed Equation 3.1 to be used to
calculate the minimum horizontal stress gradient at Well B. However, this procedure is
highly sensitive to the value used for pore pressure gradiernmo elaborate, one of the logs
provided is minimum horizontal stress gradient, calculate by Schlumberger (red curve in
Track 2 of Figure 3.1, Figure 3.2, and Figure 3.3). This is the mearement needed for
Equation 2.12, but there is an underlying assumption of a cetant pore pressure gradient,
which can be seen as the blue curve in Track 3 of Figure 3.1 and &g 3.2. An alternative
to this is to extract a pore pressure gradient log from seismidata, using the 4 nearest
traces of a pore pressure volume (See the black curves witfirack 3 of Figure 3.1 and
Figure 3.2). In each case, this seismic extraction produceower pore pressure gradients
compared to the constant pore pressure gradient assumptjowhich caused the calculated
minimum horizontal stress to be lower than the provided measement (compare the black
to the red curves in Track 1 of Figure 3.1 and Figure 3.2). Also, thassumption that Biot's

constant is equal to 1 was probably not made by Schlumbergamnd this altered value could

46



account for part of the observed di erence. For instance, vam Equation 3.1 is used with all
provided log values including the constant pore pressureagtients, but with  still equal to
1, the resulting minimum horizontal stresses are much clost® the provided (red) curves.
Compare the blue curve to the red in Figure 3.1 and Figure 3.2. &di erence between these
curves could be due to a di erence in Biot's constant, or podsy the implementation of a
di erent equation than 3.1. Regardless, all minimum horizatal stress values were compiled,
and average stress values were chosen for each well (two fachewell: one provided by

Schlumberger, and one calculated with Equation 3.1). Thesalues are found in Table 3.2.

Table 3.2: Estimated average values for minimum horizontadtress for Wells 1-3. The
left column corresponds to calculated values using EquatiB.1, whereas the right column
corresponds to values calculated by Schlumberger.

sy Calculated (psi) sy Schlumberger (psi)
Well 1 10,000 11,000
Well 2 9,500 10,500
Well 3 8,000 8,200

With estimated values for minimum horizontal stress, Equatin 2.12 can be implemented.
However, and p are still unknown for the Woodford Shale, so assumptions niuse made.

is assumed to be 1, ang is allowed to vary discretely between 0.25 and 10. With
these assumptions, a table of values for maximum horizontatresssy can be produced.
Because both the un Itered microseismic data and the RT Iteed data are included in this
approximation, two total tables are produced (Table 3.3 andable 3.4). Each well has six
possiblep values for whichsy is calculated, assuming =1. The values from Table 3.2 were
used as the minimum horizontal stresssf) input for this calculation, but only one value
could be used for each well. As such, an average was taken betw¢he calculated and
Schlumberger values 0§, and then the closest vertical well to the horizontal study wils
was favored. For instance, Well 3 is closest to Well F (see Figud.1), so the average of
the calculated 8,000 psi and the Schlumberger 8,200 psi (i.8,100 psi) was used in the

calculation of the maximum horizontal stress at Well F. Well 1is closest to Well A-E, so it
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Figure 3.1: Well 1 { Track 1: minimum horizontal stress values calculated (blue/black)
and provided (red). The black curve is calculated with seisictderived pore pressures, while
the blue assumes a constant pore pressure gradiedrack 2: minimum horizontal stress

gradients corresponding to track 1. Track 3:
overburden gradient (red). The black curve is derived fromessmic data, while the blue
assumes a constant pore pressure gradieffirack 4: Horizontal (black) and vertical (red)
Poisson's ratio. Track 5: Horizontal (black) and vertical (red) Young's modulus.
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Figure 3.2: Well 2 { Track 1: minimum horizontal stress values calculated (blue/black)
and provided (red). The black curve is calculated with seisictderived pore pressures, while
the blue assumes a constant pore pressure gradiefdrack 2: minimum horizontal stress
gradients corresponding to track 1. Track 3: Pore pressure gradient (blue/black) and
overburden gradient (red). The black curve is derived fromessmic data, while the blue
assumes a constant pore pressure gradieffirack 4: Horizontal (black) and vertical (red)
Poisson's ratio. Track 5: Horizontal (black) and vertical (red) Young's modulus.
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Figure 3.3: Well 3 { Track 1: minimum horizontal stress values calculated (black) and
provided (red). Track 2: minimum horizontal stress gradients corresponding to tr&cl.
Track 3: Pore pressure gradient (black) and overburden gradient @& Track 4. Horizontal
(black) and vertical (red) Poisson's ratio. Track 5: Horizontal (black) and vertical (red)
Young's modulus.
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was favored for those ve wells. However, Well 2 should stillbincluded in the calculations
for these wells, so the overall, chosen for Well A-E was 10,250 psi. The anomalous tectonic
conditions by Well F, observable in the ROG plots in Appendix A.&nd microseismic clouds
in Figure 1.7, meant that only the closest vertical well, WelB, was used in the maximum

horizontal stress calculations for Well F.

Table 3.3: Values of maximum horizontal stress calculatedsing Equation 2.12 assuming
=1 while allowing p to vary between 0.25 and 10. The aspect ratios for this tableane
taken from the un ltered superstage plots of each of the sixudy wells.

p= 0.25 0.5 1 2.5 5 10
Raw Data | sy (psi) SH SH SH SH SH
Well A 127,961 | 36,216 | 19,267| 13,193| 11,629 10,918
Well B 332,558 | 58,384 | 24,463| 14,516| 12,198| 11,182
Well C 115,333 | 34,383 | 18,773| 13,057| 11,569| 10,889
Well D 156,359 | 40,033 | 20,257| 13,461| 11,746| 10,973
Well E 2,142,402 148,188| 38,973| 17,488| 13,389| 11,715
Well F 203,798 | 40,630 | 18,141| 11,183| 9,517 | 8,780

Table 3.4: Values of maximum horizontal stress calculatedsing Equation 2.12 assuming
=1 while allowing p to vary between 0.25 and 10. The aspect ratios for this tableene

taken from the RT Itered superstage plots of each of the sixtsdy wells.

p= 0.25 0.5 1 2.5 5 10
RT Filtered Data sy (psi) SH SH SH SH SH
Well A 278,501 | 53,429 | 23,402| 14,260| 12,090| 11,132
Well B 885,581 | 95,274 | 31,250| 16,009| 12,810| 11,459
Well C 1,041,074 103,301| 32,540| 16,270| 12,914| 11,505
Well D 294,299 | 54,923 | 23,727| 14,339| 12,123| 11,147
Well E 1,216,055/ 111,645| 33,828| 16,525| 13,015| 11,550
Well F 74,358 | 24,542 | 14,099| 10,110/ 9,050 | 8,562

An interesting outcome of creating these tables is that, forhe given value of 1, inap-
propriate p values become obvious. For instance, in both Table 3.3 andile 3.4,p values
of 0.25, 0.5, and 1 produce unrealistically large values ofasmamum horizontal stress. This
immediately allowsp to be constrained, assuming a correct is chosen. If these results are

combined with other knowledge of the stress regime in the CatWoodford, such as the 1,500
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psi di erence between minimum and maximum principal stre€s in the Anadarko basin cal-
culated by Pezaet al. (2014), then a smaller range of acceptable values can be derived.
Again, this depends on an accurate value, so calculating this value should be prioritized

in future studies.
3.4 Hypothesis: Natural Fracture Indicators

The review of the numerous ROG plots generated for the six sty wells has led to the
formulation of a hypothesis: that these plots can indicatendividual treatment stages that
have reactivated preexisting natural fracture sets. The pmise behind this hypothesis begins
with the consideration of a homogeneous, isotropic format. A hydraulic stimulation of
such a formation should result in relatively planar fractues striking in the orientation of
maximum horizontal stress and extending vertically in crassection. The corresponding
microseismic event set for this ideal scenario should prackia characteristic ellipsoid that
is well behaved, in that it has a vertical axis nearly vertica and an azimuthal deviation
near the maximum horizontal stress direction. Any signi cahdeviations from this result
are most likely due to some sort of heterogeneity or anisopy in the formation itself.
This is likely going to be in the form of natural fractures, ast is common for hydraulic
fractures to reactivate and be diverted by such features. Tis, one can use the vertical and
azimuthal deviation values derived for each characteristiellipsoid as an indicator of natural
fracture reactivation. Because this is an approximation tht disregards other sources of
heterogeneity and anisotropy, only large deviations from &well behaved" characteristic
ellipsoid are considered to have natural fracture reactitian. As such, any characteristic
ellipsoid that has an azimuthal deviation that is 10 or more away from the maximum
horizontal stress direction (estimated to be roughly 85east of north in accordance with the
ndings in Pezaet al. (2014) as well as observed azimuthal trends in past complatis in the
Cana-Woodford) in addition to having a vertical deviation ¢ at least 20 can be interpreted
as having reactivated some preexisting fracture network. Mothat this technique does not

capture all cases of natural fracture reactivation, but edence has shown it to be a reasonable
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criterion for locating extreme cases. Additionally, smaltedeviations either azimuthally or
vertically are sometimes acceptable as natural fractureaetivation indicators so long as the
other deviation value is signi cantly large. For now this wil have to be a qualitative cuto
chosen by the interpreter. An example of this is shown in the WeB evidence in Section
3.4.1.

To demonstrate this hypothesis, several examples from initlual treatment stages will
be considered and compared. These comparisons are madegitie RT Itered ROG plots,
as they tend to be more representative of the microseismictdaset. Filtering events that
occur beyond the triggering front should not remove any eventhat directly correspond to
the uid injection program as per the reasoning in Section 3. Therefore, even if any ltered
events do correspond to reactivation of natural fractureshese would fall outside the reach
of the treatment uid, and would be less impactful on the perdrmance of the well. In those
cases, knowing that a distant fracture network was reactited would be less useful, as it
most likely would not a ect production, pressure communicton, etc. Similar evidence for
natural fracture reactivation is in fact seen in the un ltered data, but in many cases the
events that would be Itered out in the RT plots are dominating the characteristic ellipsoids.
When these events are ltered out, the character of the ellipgd changes dramatically. For
example, compare Figure A.132 to its RT ltered plot in Figure A.B53. In this case, the
characteristic ellipsoid for the un ltered data would indcate natural fracture reactivation
according to the proposed hypothesis, but the RT lItered elfisoid is very close to what would
be considered a well behaved hydraulic fracture stimulatio Excluding the ellipsoids, the
visual character of these plots do not di er strongly, so it an be inferred that the \o -screen”
events are driving the original, un ltered characteristicellipsoid, and as such are creating a
false positive of natural fracture reactivation. While moredistal natural fractures may be
reactivated in this case, these are too far from the wellbote interact with the treatment
uid and proppant, and as such are not considered to be e eate natural fractures for the

purposes of this study.
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3.4.1 Hypothesis Support in Study Wells

Consider Figure A.184. Visually speaking, this plot shows a ghsrse set of microseismic
events with very little to no planar fracture indicators. This can be considered evidence
for natural fracture reactivation. Additionally, the criteria for the proposed hypothesis are
satis ed: the vertical deviation is 293 (above 20) and the azimuthal deviation is 678
(more than 10 deviated from 85). Compare this example to an earlier stage of the same well
in Figure A.180. This gure has visual indicators of planar hydaulic fractures, speci cally
in map view. Additionally, it would be considered a well behaad ellipsoid due to its vertical
and azimuthal deviations of 11 and 793 , respectively.

Next, compare two stages of Well F. This is a well that is known ttvave caused reac-
tivations of natural fractures and faults, so it is a good inasion to test this method. In
Figure A.258, one of the few well behaved stages of Well F is slmwNote the low vertical
deviation and the aziumthal deviation near the maximum hogontal stress direction. Com-
pare this to a more typical stage for this well in Figure A.241.tlis visually obvious that this
is a non-traditional hydraulic fracture result. There are mdividual clusters of microseismic
events that are most likely indicative of fracture reactiviion, and few planar features be-
sides. The deviation values for this stage are also indicati of natural fracture reactivation
as per the hypothesis.

More evidence for this hypothesis can be found within each thie study wells, as detailed
below:

Compare the well behaved stage 4 affell A in Figure A.38 to the potential reactivation
shown in Stage 10 of the same well (Figure A.44).

Well B is less clear, but stage 11 (Figure A.77) may be showing signsnatural frac-
ture reactivation. Note that stage 11 does not meet the azimbal deviation requirement
imposed by the hypothesis, but the very large vertical deviimn still makes it a candidate
for reactivation. A more well behaved stage of this well canebseen in Figure A.79. While

stage 13 still shows the clustered populations of events asstage 11, there are also visible
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planar fractures extending in the maximum horizontal stresdirection unlike in stage 11.

Well C has many cases of stages that fall somewhere between theetidt for well behaved
and natural fracture reactivation. However, stage 13 in Fige A.116 still shows promis-
ing evidence for reactivation both visually and accordingat the hypothesis (allowing for a
slightly smaller azimuthal deviation). More reactivationstages are found in Figure A.105,
Figure A.106, and Figure A.114. Some representative well behdvstages are found to be
stages 5, 7, and 18 in Figure A.108, Figure A.110, and Figure A.12&spectively.

Well D shows potential fracture reactivation in Figure A.146, Figuré.150, Figure A.155,
and Figure A.163, and more well behaved stages in Figure A.153, lig A.156, Figure A.159.

Well E : potential fracture reactivation in Figure A.184 and Figure A.85, and well
behaved stages in Figure A.178 and Figure A.180.

Well F has many examples that support this hypothesis: stages 3, B3, 20, and 27
(Figure A.235, Figure A.241, Figure A.250, Figure A.252, and Figure AB2, respectively)
all show reactivation signs. Compare these to the few well lheved stages of this well,
found in Figure A.239, Figure A.258, and Figure A.272. Recall thathis well is known to
have many cases of nearby fault and fracture reactivationnd as such has fewer traditional
planar fractures and many unique ROG plot signatures, suctsan Figure A.234 where there
appears to be two stages' worth of event populations most &k due to reactivation of a

nearby fault.
3.5 Shapiro Ellipsoids: Applying ROG Methodology to 3D Triggering Front s

As mentioned in 2.1.3, assuming an e ectively homogeneousjisotropic, poroelastic,
uid-saturated medium, the triggering front of seismicity becomes an ellipsoid if the mi-
croseismic events are scaled by their occurence time ac@ogdto Equation 2.6. Similar to
the triggering front tting mentioned in Section 2.1.2 and Sction 3.1, where the triggering
front that best ts the data must be chosen by an interpreter,this ellipsoid must also be
chosen by hand. However, tting a three dimensional ellipsdito a set of microseismic data

is much more di cult to do by eye than a one dimensional triggeng front on an RT plot.
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In addition, the RTQC plots helped in the RT plot triggering front tting, but there is no
such plot that is applicable in three dimensions. As it is thexes lengths of this ellipsoid
that gives the principal components of an anisotropic di uwity tensor, which can then be
related to hydraulic permeability via Equation 2.7, it is inportant that this ellipsoid char-
acterizes the microseismic events as best as possible. #oately, the work ow outlined in
Section 2.2, where a characteristic ellipsoid is generatex t an arbitrary set of data points,
can be applied here. The only di erence is that now the radiusf gyration tensor, and its
corresponding characteristic ellipsoid, is generated fome scaled microseismic data instead
of traditional spatial microseismic data. This ultimatelyallows for a data-driven triggering
front to be generated, removing nearly all interpretationkbias in determining the anisotropic
di usivity tensor. This is the second of the two methods for educing interpretational bias

mentioned in Section 3.1.
3.5.1 Characteristic Ellipsoid Axes Scaling

This method raises an important debate regarding the axesalimg within the radius
of gyration tensor work ow (see Equation 2.10). The charaetistic ellipsoid generated by
the radius of gyration tensor will correspond exactly to theanisotropic triggering front of
seismicity. Therefore, one must trust that this charactestic ellipsoid is truly characteristic
of the microseismic data, particularly with regard to the saling of the axes. The particular
scaling proposed by Sayers & Le Calvez (2010) originates letpolymer studies in Rawdon
et al. (2008), which claim that this scaling will eliminate a bias éwards larger con gurations
[of polymers] with regards to their radii of gyration and itse ects on the characteristic
asphericity that partially characterizes the shape of the glymer. With this scaling factor,
the shape of the characteristic ellipsoid will no longer bedsed, regardless of the size of the
polymer or microseismic con guration. As microseismic evegets are indeed spatially large
compared to traditional polymer samples, this would implytat Equation 2.10 is appropriate.

In statistical terms, scaling the the axes of the charactegiic ellipsoids according to 2.10

would correspond to roughly a 61% con dence region (SWOG Sistical Center, n.d.). This
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is calculated from the following equation relating the vaance along the x, y, and z axes to

the critical value de ning the con dence region of the chareteristic ellipsoid:
X y z
(5)+(=)2+(—)2=s (3.2)
X y z

where ,, y, and , are the standard deviations of the data points along the, y, and

z axes, respectively, and is the critical value that is chosen to generate an ellipsoidf a
speci ¢ con dence level (Spruyt, 2014). For examples can be chosen to be equal to 5.991
if a con dence level of 95% is desired.

In the case of the characteristic ellipsoids de ned by Saye®& Le Calvez (2010), their
principal axes do not likely coincide with the principal catesian axes, but rather with the
eigenvectors of the calculated radius of gyration tensor.hEse axes are then scaled according
to the eigenvalues, as these eigenvalues represent the agreor variance, of the data in
the direction of the eigenvectors (Spruyt, 2014). Therefer , , and , in Equation 3.2
correspond to the square roots of the eigenvalues of the nasliof gyration tensor. Combining
this realization with the axes scaling de ned by Equation 2.0, this results in an equation

for these ellipsoids similar to Equation 3.2:

Sy Yo 12 2° 5 _
(93—1) +(93—2) +(p3=3) =1 (3.3)

wherex® y® and z°correspond to the set of principal axes de ned by the threeggnvectors
calculated from the radius of gyration tensor, and ;.,.3 correspond to the eigenvalues, or
variance, of this radius of gyration tensor in the directiorof x°, y° and z° respectively.

Therefore, rearranging Equation 3.3 yields an analog to Eqtion 3.2 with a critical value
of s = 3. A chi-square calculator designed by SWOG Statistical Geer (n.d.) attributes
this critical value to a con dence region of 60.8375%.

To qualitatively test this con dence region, below it is conpared to a larger con dence
interval of 80% for several stages of Well D. This would cospond to a more conservative
triggering front that would ultimately lter out fewer data if used as a Iter similar to the

RT plots method described in 3.1. Compare the results of oneich stage with increased
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axes scaling found below in Figure 3.4.

Note that the 80% ellipsoid appears to be a better t for the daa simply due to the
increased number of events enveloped by the ellipsoid. Howewhere is also a large increase
in the blank space enveloped by this increased ellipsoid afcompare the empty space visible
in the north view of Figure 3.4(a-b)). Several other stages &f/ell D, as well as the Well D
superstage, are scaled up to this 80% con dence level, anchdae found in Section A.2 of
the appendix. The outcome is debatable, as these other plaghibit the same inclusion of
more distal events while also increasing blank space. Howewbese microseismic data sets
tend to be much more densely populated near the wellbore, 4as probably ill advised to
favor the relatively few distal events by upscaling the axesf these characteristic ellipsoids.

Therefore, the original scaling recommended by Sayers & Lal@ez (2010) will be used.
3.5.2 Obtaining Hydraulic Permeability from Anisotropic Di usivity

As mentioned in Section 2.1.3, an anisotropic di usivity tesor is obtained from tting
a characteristic ellipsoid to time-scaled microseismic i This di usivity tensor can be
related to hydraulic permeability of the reservoir rock acaading to Equation 2.7. However,
as seen in Equation 2.2, this relationship is involved, reging a large amount of core test
data in the form of bulk moduli of the reservoir uid, dry frame, and grain material K+.q.g,
respectively), the shear modulus of the frame ), and porosity of the reservoir (). Many of
the required poroelastic parameters are included in the etest data, such as the bulk and
shear moduli of the dry frame material. Porosity can be obtaed from logging measurements,
and hydraulic di usivity is obtained from the microseismicdata. However, there are several
required measurements missing from the core data, namelyllbunoduli of the pore uids
and grain material. Also missing, but independent from the ¢e data, is a measurement of
pore- uid dynamic viscosity ( ). Ultimately, due to data limitations, this relationship has

not been achieved in the scope of this study.
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Well D: Stage 2 (RT Filtered) — 61% Ellipsoid

3D View
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(a) Recommended axes scaling - 61% con dence interval

Well D: Stage 2 (RT Filtered) — 80% Ellipsoid

3D View
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(b) Increased axes scaling - 80% con dence interval

Figure 3.4: Comparison between (a): the axes scaling recommded by Sayers & Le Calvez
(2010) and (b): an increased scaling corresponding to an 8@¥%n dence interval (Spruyt,
2014; SWOG Statistical Center, n.d.).
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3.6 Discussion

As mentioned in Section 3.2, some stages exhibit drastic clggs in character when sub-
jected to RT Itering. For example, a comparison of the un Itered microseismic data in
Figure A.22 to the RT ltered version in Figure A.38 shows an impreement in the charac-
teristic nature of the characteristic ellipsoid. This is deermined qualitatively by visual in-
spection and comparing where major trends exist in the data €. planar features) compared
to where the horizontal axes line up azimuthally. Other exaples of this visual improvement
in tdue to RT ltering can be found in Figure A.39 (compare to Figure A.23), Figure A.40
(compare to Figure A.24), and Figure A.49 (compare to Figure A.33)Vell A has the most
examples of this qualitative character improvement, but eemples for other wells are also
present, such as in Figure A.81, Figure A.105, Figure A.123, and FiguA.157.

An important debate arises from the comparison of some of treesdividual stages. See
Figure A.102 and its corresponding RT lItered subset in Figure AL23. There is a signi cant
decrease in aspect ratio (from .567 to .237) resulting fronhis ltering. As horizontal
stress ratios are calculated from this aspect ratio, this wdd imply that the choice of which
microseismic subset to use in this calculation is criticaHowever, using the superstage plots
to determine these horizontal stress ratios will mitigatetis impact, as the RT ltering is
less impactful on those aspect ratios in most cases. Overdtllis recommended that the RT
Itered data be used in determining horizontal aspect ratis, as these will remove anomalous
events from the data that may correspond to nearby faults, pssure e ects from nearby
producing wells, etc. As such, the RT ltered data would mostikely be more representative
of the near-wellbore environment and the stresses acting ¢imat location. However, the
raw data should de nitely be included as a comparison when lcallating horizontal stresses
using this method. The results calculated from each dataseill provide insights into which
dataset is ultimately appropriate for this method.

An interesting quality can be found in stage 4, 5, and 6 of Well AEach stage has the

same azimuthal deviation between 95and 100 that is reduced to about 83 by RT Itering.
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This may imply that a fault or fracture set near these stages &g reactivated during their
treatment, although these events driving this skew are mogikely not related to uid and
proppant placement and as such will not signi cantly a ect poduction. There are also
many more of these characteristic improvements in Well A cgoared to the other study
wells. This could mean that there are more natural fractureets near Well A, but these
are most likely not near the wellbore, as the RT Itering proess has removed their impact
on the characteristic ellipsoid. This would suggest that th comparisons between the raw
data and the RT Iltered data may be another tool that can be leeraged to determine
locations of natural fracture reactivation. However, the RT Itered data are still a more
conservative choice for a standalone dataset, as there aesvér anomalous stages according
to the hypothesis, and these stages are more likely to haveethatural fractures interacting
with production as rationalized in Section 3.4.

It has been established that the RT ltered microseismic dat is most appropriate for
conservatively locating zones of natural fracture reacttion, as well as when calculating
horizontal stress ratios. This leaves only the question ofhich data to use in the hydraulic
permeability calculation discussed in Section 3.5. This lcaulation is based on the principal
of tting a triggering front to a set of microseismic data as mtroduced in Section 2.1.2. The
only di erence is that the triggering front will be 3-dimengonal, and the microseismic data
will be scaled by occurence time. Because triggering frordse the very lter used in RT
Itering, it would be redundant to use the RT Itered data as an input for this 3D triggering
front tting. As the radius of gyration tensor will automatic ally generate a 61% con dence
region ellipsoid, using RT ltered data as an input will over Iter the data. Thus, it is
recommended that the raw datasets be used as an input for geang 3D triggering fronts

and hydraulic permeability.
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CHAPTER 4
CONCLUSIONS AND RECOMMENDATIONS

The radius of gyration tensor has been shown to be a useful arglevant tool for mi-
croseismic analysis. Its implementation yields characistic ellipsoids that can be used for
calculating local horizontal stress ratios. Maximum horiantal stress is typically hard to
calculate, and this method provides an alternative way to aive at such values while making
microseismic data more valuable overall.

The radius of gyration tensor can be applied to the hydraulipermeability calculations
detailed by Shapiro (2008). This application removes intpretational bias found in the tting
of ellipsoidal triggering fronts. Coupled with core test di@ and engineering parameters given
by 2.2, the result is data-driven values of permeability.

Characteristic ellipsoids generated by the ROG tensor wodw can give insights to natu-
ral fracture distributions in the hydraulically treated formation. When these natural fracture
sets are reactivated, it is hypothesized that these heteregeities will show in the microseis-
mic data, and skew what would be considered a \well behavedharacteristic ellipsoid.

Of the two microseismic datasets discussed in this text, theaw dataset and the RT
Itered dataset, it was determined that the most appropriae data would depend on which
application one is pursuing. For determining horizontal sess ratios, it is recommended that
the RT lItered data be used, however the raw data should be iheded for veri cation of
results once the relationship given by Equation 2.12 is estgéshed.

Superstage ellipsoids should be used for these calculatiat rst, as these will be rep-
resentative of the well as a whole, instead of heavily weiglg individual characteristics of
each treatment stage. For calculating hydraulic permeahyj, it was reasoned that the raw
data would be most appropriate. For locating zones of naturdracture reactivation, a con-

servative choice would be the RT Itered data, however this wuld potentially miss zones of
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natural fractures that may have been captured by the anomals events ltered by the RT

plots.
4.1 Recommendations

There are several areas of this research that are incompletee to data and time con-
straints. As such, this section outlines suggestions and mnmendations for any wishing to
continue the applications of these methods.

The most desirable result of this study would be a robust caltation of maximum hori-
zontal stress, calculated after establishing the relatiahip in Equation 2.12. Speci cally, this
would mean arriving at values of and p. Suggestions for how one can calulateare found
in Section 3.3, but other methods for quantifying heterogeaity, such as CT scan analysis,
can be used as alternatives. Finding for a given eld will be more complicated, and will
most likely require many microseismic datasets and at leashe independently calculated or
estimated maximum horizontal stress value. Alternativelyjf the study conducted by Peza
et al. (2014) is accurate, their calculation of a 1,500 psi di erdial between maximum and
minimum horizontal stress (see Section 1.3.2) can be used ta a starting estimate of
maximum horizontal stress and ultimatelyp as well. This can also be used as a constraint
on the possible values gb as reasoned in Section 3.3.1.

To make these methods of greater value to completion to enggrs, it is recommended
that estimates of hydraulic permeability be calculated fron microseismic data according to
the methods in Shapiro (2008). Particularly, these calculimns should leverage the char-
acteristic ellipsoid tting from the radius of gyration tensor. However, this raises the next
recommendation regarding the axes scaling for characteitsellipsoids. The current axes
scaling corresponds to roughly a 61con dence region. However, when tting the ellipsoid
as a 3D triggering front as opposed to a visual representaticof an entire microseismic
dataset, a larger axes scaling might be more appropriate. &ecing the con dence interval
is not recommended. In either case, this relationship reqas much core and engineering

data as outlined by Equation 2.2.
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Next, the approximate aspect ratios calculated for each chacteristic ellipsoid can be
adjusted. These aspect ratios are su cient for early implemntations of this method due to
widely varying aspect ratios for each stage, but as the mettos re ned the small errors due
to this estimation will become detrimental. In its current brm, aspect ratios are estimated
as a ratio of the smallest principal horizontal axis length igided by the largest. This ratio
assumes that the principal vertical axis is perfectly vertial. In many cases, the vertical
axis is 10 or more deviated from true vertical. Thus, the principal hoizontal axes will be
tilted from true horizontal, as they must maintain orthogorality to the vertical axis. As this
vertical deviation increases, the aspect ratio estimate bemes less accurate. A true value of
aspect ratios should be calculated as the projection of theipcipal horizontal axes onto the
horizontal plane. This will account for the tilt in these axe by incorporating the vertical
deviation value in the calculation.

The methods outlined in this thesis all have the underlying ssumption that the hy-
draulic fracture stimulation design will not a ect the resuting microseismicity. While this
assumption serves for intermediate analyses such as thesiéimately the e ect of fracture
stimulation design choices should be quanti ed. This willlmprove the accuracy of all ndings
using these methods, as well as make microseismicity morgagling to engineers.

Lastly, this process was coded in Matlab, but the processirend turnaround time of
these methods can be improved by recreation of the program anlanguage such as Java or

C. This point is minor and included only for the sake of compteness.
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APPENDIX - COMPLETE SET OF PLOTS - ALL WELLS

A.1 RT Plots

Well A: Stage 1—15 Number of Events: 2060
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Figure A.1: RT plot for Well A: Stage 1-15 (Gumble, 2015). Corrgwnding RTQC plot in Figure A.7.
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Well B: Stage 1—15 Number of Events: 2011
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Figure A.2: RT plot for Well B: Stage 1-15 (Gumble, 2015). Corsponding RTQC plot in Figure A.8.
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Well C: Stage 1—20 Number of Events: 2916
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Figure A.3: RT plot for Well C: Stage 1-20 (Gumble, 2015). Corsponding RTQC plot in Figure A.9.
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Well D: Stage 1—20 Number of Events: 3788
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Figure A.4: RT plot for Well D: Stage 1-20 (Gumble, 2015). Corsponding RTQC plot in Figure A.10.
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Well E: Stage 1-10 Number of Events: 971
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Figure A.5: RT plot for Well E: Stage 1-10 (Gumble, 2015). Corsponding RTQC plot in Figure A.11.
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Wel] F: Stage 1-41 Number of Events: 3901
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Figure A.6: RT plot for Well F: Stage 1-41 (Gumble, 2015). Corrgmnding RTQC plot in Figure A.12.
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A.1.1 RTQC Plots
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Figure A.7: RTQC plot for Well A: Stage 1-15 (Gumble, 2015). Coasponding RT plot in Figure A.1.
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Well B: Stage 1—15 Number of Events: 2011

R Diffusivity = 80
| ® Microseismic = Trigger Front|

6000 |-

5000 ~

4000 -
E
[}
=
°
51
©

3000 (-

L]
L
L]
2000 -
e
1000 - o o
L]
®
2 ]
-200 200

Square Root of Time

Figure A.8: RTQC plot for Well B: Stage 1-15 (Gumble, 2015). Coesponding RT plot in Figure A.2.
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Well C: Stage 1—20 Number of Events: 2916
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Figure A.9: RTQC plot for Well C: Stage 1-20 (Gumble, 2015). Coesponding RT plot in Figure A.3.
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Well D: Stage 1—20 Number of Events: 3788
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Figure A.10: RTQC plot for Well D: Stage 1-20 (Gumble, 2015). Geesponding RT plot in Figure A.4.
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Well E: Stage 1-10 Number of Events: 971
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Figure A.11: RTQC plot for Well E: Stage 1-10 (Gumble, 2015). Geesponding RT plot in Figure A.5.
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Well F: Stage 1-41 Number of Events: 3901
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Figure A.12: RTQC plot for Well F: Stage 1-41 (Gumble, 2015). Coesponding RT plot in Figure A.6.
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A.2 Radius of Gyration Tensor Plots - Axes Scaling Comparisons
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Figure A.13: Comparison between (a): the axes scaling reconmded by Sayers & Le Calvez
(2010) and (b): an increased scaling corresponding to an 8@¥%n dence interval (Spruyt,
2014; SWOG Statistical Center, n.d.).

79



Center of Mass: (-208.7, -75.4, -216.4 )
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Figure A.14: Comparison between (a): the axes scaling reconmded by Sayers & Le Calvez
(2010) and (b): an increased scaling corresponding to an 8@¥%n dence interval (Spruyt,
2014; SWOG Statistical Center, n.d.).
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Well D: Stage 14 (RT Filtered) — 61% Ellipsoid
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Figure A.15: Comparison between (a): the axes scaling reconmded by Sayers & Le Calvez
(2010) and (b): an increased scaling corresponding to an 8@¥%n dence interval (Spruyt,

2014; SWOG Statistical Center, n.d.).
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Well D: Stage 19 (RT Filtered) — 61% Ellipsoid
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Well D: Stage 19 (RT Filtered) — 80% Ellipsoid

3D View
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Figure A.16: Comparison between (a): the axes scaling reconmded by Sayers & Le Calvez
(2010) and (b): an increased scaling corresponding to an 8@¥%n dence interval (Spruyt,
2014; SWOG Statistical Center, n.d.).
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Well D: Stage 20 (RT Filtered) — 61% Ellipsoid

3D View
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Well D: Stage 20 (RT Filtered) — 80% Ellipsoid

3D View
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Figure A.17: Comparison between (a): the axes scaling reconmded by Sayers & Le Calvez
(2010) and (b): an increased scaling corresponding to an 8@¥%n dence interval (Spruyt,
2014; SWOG Statistical Center, n.d.).
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A.3 Radius of Gyration Tensor Plots - Characteristic Ellipsoids

This section includes all radius of gyration tensor plots gerated for each stage and su-
perstage of the six study wells, as well as for both the un Ited and RT Itered microseismic
datasets. Links are included in the electronic version of #fhhdocument to easily compare the

ROG plots of the two datasets.
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A.3.1 Well A: Complete Dataset

Well A: Stage 1-15
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Figure A.18: Characteristic ellipsoid for Well A: Stage 1-15. @npare with the RT Itered plots in Figure A.34.
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Figure A.19: Characteristic ellipsoid for Well A: Stage 1. Congre with the RT Itered plots in Figure A.35.
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Figure A.20: Characteristic ellipsoid for Well A: Stage 2. Congre with the RT Itered plots in Figure A.36.
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Figure A.21: Characteristic ellipsoid for Well A: Stage 3. Congre with the RT Itered plots in Figure A.37.
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Figure A.22: Characteristic ellipsoid for Well A: Stage 4. Congre with the RT Itered plots in Figure A.38.
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Figure A.23: Characteristic ellipsoid for Well A: Stage 5. Congre with the RT Itered plots in Figure A.39.
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Figure A.24: Characteristic ellipsoid for Well A: Stage 6. Congre with the RT Itered plots in Figure A.40.
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Figure A.25: Characteristic ellipsoid for Well A: Stage 7. Congre with the RT Itered plots in Figure A.41.
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Figure A.26: Characteristic ellipsoid for Well A: Stage 8. Congre with the RT Itered plots in Figure A.42.
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Figure A.27: Characteristic ellipsoid for Well A: Stage 9. Congre with the RT Itered plots in Figure A.43.
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Figure A.28: Characteristic ellipsoid for Well A: Stage 10. Copare with the RT ltered plots in Figure A.44.
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Figure A.29: Characteristic ellipsoid for Well A: Stage 11. Copare with the RT ltered plots in Figure A.45.
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Figure A.30: Characteristic ellipsoid for Well A: Stage 12. Copare with the RT ltered plots in Figure A.46.
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Figure A.31: Characteristic ellipsoid for Well A: Stage 13. Copare with the RT lItered plots in Figure A.47.
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Figure A.32: Characteristic ellipsoid for Well A: Stage 14. Copare with the RT ltered plots in Figure A.48.
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Figure A.33: Characteristic ellipsoid for Well A: Stage 15. Copare with the RT ltered plots in Figure A.49.
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A.3.2 Well A: RT Filtered Dataset

Figure A.34: Characteristic ellipsoid for Well A: Stage 1-15. @npare with the un ltered plots in Figure A.18.
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Figure A.35: Characteristic ellipsoid for Well A: Stage 1. Conmgre with the un Itered plots in Figure A.19.
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Figure A.36: Characteristic ellipsoid for Well A: Stage 2. Conmgre with the un Itered plots in Figure A.20.
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Figure A.37: Characteristic ellipsoid for Well A: Stage 3. Conmgre with the un Itered plots in Figure A.21.
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Figure A.38: Characteristic ellipsoid for Well A: Stage 4. Conmgre with the un Itered plots in Figure A.22.
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Figure A.39: Characteristic ellipsoid for Well A: Stage 5. Conmgre with the un Itered plots in Figure A.23.
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Figure A.40: Characteristic ellipsoid for Well A: Stage 6. Conmgre with the un Itered plots in Figure A.24.
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Figure A.41: Characteristic ellipsoid for Well A: Stage 7. Conmgre with the un Itered plots in Figure A.25.
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Figure A.42: Characteristic ellipsoid for Well A: Stage 8. Conmgre with the un Itered plots in Figure A.26.
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Figure A.43: Characteristic ellipsoid for Well A: Stage 9. Conmgre with the un Itered plots in Figure A.27.
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Figure A.44: Characteristic ellipsoid for Well A: Stage 10. Copare with the un ltered plots in Figure A.28.
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Figure A.45: Characteristic ellipsoid for Well A: Stage 11. Copare with the un ltered plots in Figure A.29.
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Figure A.46: Characteristic ellipsoid for Well A: Stage 12. Copare with the un ltered plots in Figure A.30.
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Figure A.47. Characteristic ellipsoid for Well A: Stage 13. Copare with the un ltered plots in Figure A.31.
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Figure A.48: Characteristic ellipsoid for Well A: Stage 14. Copare with the un ltered plots in Figure A.32.
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Figure A.49: Characteristic ellipsoid for Well A: Stage 15. Copare with the un ltered plots in Figure A.33.
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A.3.3 Well B: Complete Dataset

Figure A.50: Characteristic ellipsoid for Well B: Stage 1-15Compare with the RT Itered plots in Figure A.66.
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Figure A.51: Characteristic ellipsoid for Well B: Stage 1. Copare with the RT Itered plots in Figure A.67.
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Figure A.52: Characteristic ellipsoid for Well B: Stage 2. Copare with the RT Itered plots in Figure A.68.
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Figure A.53: Characteristic ellipsoid for Well B: Stage 3. Copare with the RT Itered plots in Figure A.69.
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Figure A.54: Characteristic ellipsoid for Well B: Stage 4. Copare with the RT Itered plots in Figure A.70.
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Figure A.55: Characteristic ellipsoid for Well B: Stage 5. Copare with the RT Itered plots in Figure A.71.
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Figure A.56: Characteristic ellipsoid for Well B: Stage 6. Copare with the RT Itered plots in Figure A.72.
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Figure A.57: Characteristic ellipsoid for Well B: Stage 7. Copare with the RT Itered plots in Figure A.73.
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Figure A.58: Characteristic ellipsoid for Well B: Stage 8. Copare with the RT Itered plots in Figure A.74.
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Figure A.59: Characteristic ellipsoid for Well B: Stage 9. Copare with the RT Itered plots in Figure A.75.
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Figure A.60: Characteristic ellipsoid for Well B: Stage 10. Gopare with the RT ltered plots in Figure A.76.
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Figure A.61: Characteristic ellipsoid for Well B: Stage 11. Gopare with the RT ltered plots in Figure A.77.
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Figure A.62: Characteristic ellipsoid for Well B: Stage 12. Gopare with the RT ltered plots in Figure A.78.
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Figure A.63: Characteristic ellipsoid for Well B: Stage 13. Guopare with the RT ltered plots in Figure A.79.
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Figure A.64: Characteristic ellipsoid for Well B: Stage 14. Guopare with the RT ltered plots in Figure A.80.
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Figure A.65: Characteristic ellipsoid for Well B: Stage 15. Gopare with the RT ltered plots in Figure A.81.
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A.3.4 Well B: RT Filtered Dataset

Figure A.66: Characteristic ellipsoid for Well B: Stage 1-15Compare with the un Itered plots in Figure A.50.
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Figure A.67: Characteristic ellipsoid for Well B: Stage 1. Copare with the un ltered plots in Figure A.51.
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Figure A.68: Characteristic ellipsoid for Well B: Stage 2. Copare with the un Itered plots in Figure A.52.
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Figure A.69: Characteristic ellipsoid for Well B: Stage 3. Copare with the un Itered plots in Figure A.53.
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Figure A.70: Characteristic ellipsoid for Well B: Stage 4. Copare with the un Itered plots in Figure A.54.
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Figure A.71: Characteristic ellipsoid for Well B: Stage 5. Copare with the un Itered plots in Figure A.55.
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Figure A.72: Characteristic ellipsoid for Well B: Stage 6. Copare with the un Itered plots in Figure A.56.
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Figure A.73: Characteristic ellipsoid for Well B: Stage 7. Copare with the un Itered plots in Figure A.57.
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Figure A.74: Characteristic ellipsoid for Well B: Stage 8. Copare with the un Itered plots in Figure A.58.
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Figure A.75: Characteristic ellipsoid for Well B: Stage 9. Copare with the un Itered plots in Figure A.59.
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Figure A.76: Characteristic ellipsoid for Well B: Stage 10. Gopare with the un Itered plots in Figure A.60.
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Figure A.77: Characteristic ellipsoid for Well B: Stage 11. Gopare with the un Itered plots in Figure A.61.
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Figure A.78: Characteristic ellipsoid for Well B: Stage 12. Gopare with the un Itered plots in Figure A.62.
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Figure A.79: Characteristic ellipsoid for Well B: Stage 13. Gopare with the un Itered plots in Figure A.63.
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Figure A.80: Characteristic ellipsoid for Well B: Stage 14. Gopare with the un Itered plots in Figure A.64.
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Figure A.81: Characteristic ellipsoid for Well B: Stage 15. Gopare with the un Itered plots in Figure A.65.
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A.3.5 Well C: Complete Dataset

Figure A.82: Characteristic ellipsoid for Well C: Stage 1-20Compare with the RT ltered plots in Figure A.103.
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Figure A.83: Characteristic ellipsoid for Well C: Stage 1. Copare with the RT Itered plots in Figure A.104.

150



Figure A.84: Characteristic ellipsoid for Well C: Stage 2. Copare with the RT Itered plots in Figure A.105.
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Figure A.85: Characteristic ellipsoid for Well C: Stage 3. Copare with the RT Itered plots in Figure A.106.
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Figure A.86: Characteristic ellipsoid for Well C: Stage 4. Copare with the RT Itered plots in Figure A.107.
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Figure A.87: Characteristic ellipsoid for Well C: Stage 5. Copare with the RT Itered plots in Figure A.108.
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Figure A.88: Characteristic ellipsoid for Well C: Stage 6. Copare with the RT Itered plots in Figure A.109.
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Figure A.89: Characteristic ellipsoid for Well C: Stage 7. Copare with the RT Itered plots in Figure A.110.
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Figure A.90: Characteristic ellipsoid for Well C: Stage 8. Copare with the RT Itered plots in Figure A.111.
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Figure A.91: Characteristic ellipsoid for Well C: Stage 9. Copare with the RT Itered plots in Figure A.112.
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Figure A.92: Characteristic ellipsoid for Well C: Stage 10. Gopare with the RT Itered plots in Figure A.113.
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Figure A.93: Characteristic ellipsoid for Well C: Stage 11. Gopare with the RT Itered plots in Figure A.114.
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Figure A.94: Characteristic ellipsoid for Well C: Stage 12. Gopare with the RT Itered plots in Figure A.115.
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Figure A.95: Characteristic ellipsoid for Well C: Stage 13. Qopare with the RT Itered plots in Figure A.116.
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Figure A.96: Characteristic ellipsoid for Well C: Stage 14. Qopare with the RT Itered plots in Figure A.117.
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Figure A.97: Characteristic ellipsoid for Well C: Stage 15. Qopare with the RT Itered plots in Figure A.118.
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Figure A.98: Characteristic ellipsoid for Well C: Stage 16. Gopare with the RT Itered plots in Figure A.119.
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Figure A.99: Characteristic ellipsoid for Well C: Stage 17. Qopare with the RT Itered plots in Figure A.120.
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Figure A.100: Characteristic ellipsoid for Well C: Stage 15. @npare with the RT Itered plots in Figure A.121.

167



Figure A.101: Characteristic ellipsoid for Well C: Stage 19. @npare with the RT Itered plots in Figure A.122.
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Figure A.102: Characteristic ellipsoid for Well C: Stage 20. @npare with the RT Itered plots in Figure A.123.
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A.3.6 Well C: RT Filtered Dataset

Figure A.103: Characteristic ellipsoid for Well C: Stage 1-20Compare with the un ltered plots in Figure A.82.

170



Figure A.104: Characteristic ellipsoid for Well C: Stage 1. Qopare with the un ltered plots in Figure A.83.
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Figure A.105: Characteristic ellipsoid for Well C: Stage 2. Qopare with the un ltered plots in Figure A.84.
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Figure A.106: Characteristic ellipsoid for Well C: Stage 3. Qopare with the un ltered plots in Figure A.85.

173



Figure A.107: Characteristic ellipsoid for Well C: Stage 4. Qopare with the un ltered plots in Figure A.86.

174



Figure A.108: Characteristic ellipsoid for Well C: Stage 5. Qopare with the un ltered plots in Figure A.87.
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Figure A.109: Characteristic ellipsoid for Well C: Stage 6. Qopare with the un ltered plots in Figure A.88.
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Figure A.110: Characteristic ellipsoid for Well C: Stage 7. Qopare with the un ltered plots in Figure A.89.

177



Figure A.111: Characteristic ellipsoid for Well C: Stage 8. Qopare with the un ltered plots in Figure A.90.
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Figure A.112: Characteristic ellipsoid for Well C: Stage 9. Qopare with the un ltered plots in Figure A.91.

179



Figure A.113: Characteristic ellipsoid for Well C: Stage 10. @npare with the un Itered plots in Figure A.92.
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Figure A.114: Characteristic ellipsoid for Well C: Stage 11. @npare with the un Itered plots in Figure A.93.
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Figure A.115: Characteristic ellipsoid for Well C: Stage 12. @npare with the un Itered plots in Figure A.94.
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Figure A.116: Characteristic ellipsoid for Well C: Stage 13. @npare with the un Itered plots in Figure A.95.
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Figure A.117: Characteristic ellipsoid for Well C: Stage 14. @npare with the un Itered plots in Figure A.96.
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Figure A.118: Characteristic ellipsoid for Well C: Stage 15. @npare with the un Itered plots in Figure A.97.
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Figure A.119: Characteristic ellipsoid for Well C: Stage 16. @npare with the un Itered plots in Figure A.98.
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Figure A.120: Characteristic ellipsoid for Well C: Stage 17. @npare with the un Itered plots in Figure A.99.
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Figure A.121: Characteristic ellipsoid for Well C: Stage 18. @npare with the un Itered plots in Figure A.100.
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Figure A.122: Characteristic ellipsoid for Well C: Stage 19. @npare with the un Itered plots in Figure A.101.

189



Figure A.123: Characteristic ellipsoid for Well C: Stage 20. @npare with the un Itered plots in Figure A.102.
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A.3.7 Well D: Complete Dataset

Figure A.124: Characteristic ellipsoid for Well D: Stage 1-20Compare with the RT lItered plots in Figure A.145.

191



Figure A.125: Characteristic ellipsoid for Well D: Stage 1. Gopare with the RT Itered plots in Figure A.146.
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Figure A.126: Characteristic ellipsoid for Well D: Stage 2. Gopare with the RT Itered plots in Figure A.147.
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Figure A.127: Characteristic ellipsoid for Well D: Stage 3. Gopare with the RT Itered plots in Figure A.148.
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Figure A.128: Characteristic ellipsoid for Well D: Stage 4. Gopare with the RT Itered plots in Figure A.149.

195



Figure A.129: Characteristic ellipsoid for Well D: Stage 5. Gopare with the RT Itered plots in Figure A.150.

196



Figure A.130: Characteristic ellipsoid for Well D: Stage 6. Gopare with the RT Itered plots in Figure A.151.
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Figure A.131: Characteristic ellipsoid for Well D: Stage 7. Gopare with the RT Itered plots in Figure A.152.
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Figure A.132: Characteristic ellipsoid for Well D: Stage 8. Guopare with the RT Itered plots in Figure A.153.
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Figure A.133: Characteristic ellipsoid for Well D: Stage 9. Gopare with the RT Itered plots in Figure A.154.
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Figure A.134: Characteristic ellipsoid for Well D: Stage 10. @npare with the RT Itered plots in Figure A.155.
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Figure A.135: Characteristic ellipsoid for Well D: Stage 11. @npare with the RT Itered plots in Figure A.156.
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Figure A.136: Characteristic ellipsoid for Well D: Stage 12. @npare with the RT Itered plots in Figure A.157.
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Figure A.137: Characteristic ellipsoid for Well D: Stage 13. @npare with the RT Itered plots in Figure A.158.
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Figure A.138: Characteristic ellipsoid for Well D: Stage 14. @npare with the RT Itered plots in Figure A.159.
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Figure A.139: Characteristic ellipsoid for Well D: Stage 15. @npare with the RT Itered plots in Figure A.160.
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Figure A.140: Characteristic ellipsoid for Well D: Stage 16. @npare with the RT Itered plots in Figure A.161.
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Figure A.141: Characteristic ellipsoid for Well D: Stage 17. @npare with the RT Itered plots in Figure A.162.
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Figure A.142: Characteristic ellipsoid for Well D: Stage 15. @npare with the RT Itered plots in Figure A.163.
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Figure A.143: Characteristic ellipsoid for Well D: Stage 19. @npare with the RT Itered plots in Figure A.164.
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Figure A.144: Characteristic ellipsoid for Well D: Stage 20. @npare with the RT Itered plots in Figure A.165.

211



A.3.8 Well D: RT Filtered Dataset

Figure A.145: Characteristic ellipsoid for Well D: Stage 1-20Compare with the un Itered plots in Figure A.124.

212



Figure A.146: Characteristic ellipsoid for Well D: Stage 1. Gopare with the un Itered plots in Figure A.125.

213



Figure A.147: Characteristic ellipsoid for Well D: Stage 2. Gopare with the un Itered plots in Figure A.126.

214



Figure A.148: Characteristic ellipsoid for Well D: Stage 3. Gopare with the un Itered plots in Figure A.127.

215



Figure A.149: Characteristic ellipsoid for Well D: Stage 4. Gopare with the un Itered plots in Figure A.128.
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Figure A.150: Characteristic ellipsoid for Well D: Stage 5. Gopare with the un Itered plots in Figure A.129.

217



Figure A.151: Characteristic ellipsoid for Well D: Stage 6. Gopare with the un Itered plots in Figure A.130.
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Figure A.152: Characteristic ellipsoid for Well D: Stage 7. Gopare with the un Itered plots in Figure A.131.
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Figure A.153: Characteristic ellipsoid for Well D: Stage 8. Gopare with the un Itered plots in Figure A.132.
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Figure A.154: Characteristic ellipsoid for Well D: Stage 9. Gopare with the un Itered plots in Figure A.133.
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Figure A.155: Characteristic ellipsoid for Well D: Stage 10. @npare with the un Itered plots in Figure A.134.
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Figure A.156: Characteristic ellipsoid for Well D: Stage 11. @npare with the un Itered plots in Figure A.135.
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Figure A.157: Characteristic ellipsoid for Well D: Stage 12. @npare with the un Itered plots in Figure A.136.
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Figure A.158: Characteristic ellipsoid for Well D: Stage 13. @npare with the un Itered plots in Figure A.137.
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Figure A.159: Characteristic ellipsoid for Well D: Stage 14. @npare with the un Itered plots in Figure A.138.
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Figure A.160: Characteristic ellipsoid for Well D: Stage 15. @npare with the un Itered plots in Figure A.139.
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Figure A.161: Characteristic ellipsoid for Well D: Stage 16. @npare with the un Itered plots in Figure A.140.

228



Figure A.162: Characteristic ellipsoid for Well D: Stage 17. @npare with the un Itered plots in Figure A.141.

229



Figure A.163: Characteristic ellipsoid for Well D: Stage 18. @npare with the un Itered plots in Figure A.142.
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Figure A.164: Characteristic ellipsoid for Well D: Stage 19. @npare with the un Itered plots in Figure A.143.
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Figure A.165: Characteristic ellipsoid for Well D: Stage 20. @npare with the un Itered plots in Figure A.144.
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A.3.9 Well E: Complete Dataset

Figure A.166: Characteristic ellipsoid for Well E: Stage 1-10Compare with the RT Itered plots in Figure A.177.
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Figure A.167: Characteristic ellipsoid for Well E: Stage 1. Gopare with the RT Itered plots in Figure A.178.
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Figure A.168: Characteristic ellipsoid for Well E: Stage 2. Gopare with the RT Itered plots in Figure A.179.
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Figure A.169: Characteristic ellipsoid for Well E: Stage 3. Gopare with the RT Itered plots in Figure A.180.

236



Figure A.170: Characteristic ellipsoid for Well E: Stage 4. Gopare with the RT Itered plots in Figure A.181.
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Figure A.171: Characteristic ellipsoid for Well E: Stage 5. Gopare with the RT Itered plots in Figure A.182.
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Figure A.172: Characteristic ellipsoid for Well E: Stage 6. Gopare with the RT Itered plots in Figure A.183.
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Figure A.173: Characteristic ellipsoid for Well E: Stage 7. Gopare with the RT Itered plots in Figure A.184.
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Figure A.174: Characteristic ellipsoid for Well E: Stage 8. Gopare with the RT Itered plots in Figure A.185.
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Figure A.175: Characteristic ellipsoid for Well E: Stage 9. Gopare with the RT Itered plots in Figure A.186.
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Figure A.176: Characteristic ellipsoid for Well E: Stage 10. @npare with the RT Itered plots in Figure A.187.
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A.3.10 Well E: RT Filtered Dataset

Figure A.177: Characteristic ellipsoid for Well E: Stage 1-10Compare with the un ltered plots in Figure A.166.
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Figure A.178: Characteristic ellipsoid for Well E: Stage 1. Gopare with the un Itered plots in Figure A.167.
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Figure A.179: Characteristic ellipsoid for Well E: Stage 2. Gopare with the un Itered plots in Figure A.168.
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Figure A.180: Characteristic ellipsoid for Well E: Stage 3. Gopare with the un Itered plots in Figure A.169.
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Figure A.181: Characteristic ellipsoid for Well E: Stage 4. GQopare with the un Itered plots in Figure A.170.
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Figure A.182: Characteristic ellipsoid for Well E: Stage 5. Gopare with the un Itered plots in Figure A.171.
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Figure A.183: Characteristic ellipsoid for Well E: Stage 6. Gopare with the un Itered plots in Figure A.172.
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Figure A.184: Characteristic ellipsoid for Well E: Stage 7. Gopare with the un Itered plots in Figure A.173.
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Figure A.185: Characteristic ellipsoid for Well E: Stage 8. Gopare with the un Itered plots in Figure A.174.
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Figure A.186: Characteristic ellipsoid for Well E: Stage 9. Gopare with the un Itered plots in Figure A.175.
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Figure A.187: Characteristic ellipsoid for Well E: Stage 10. @npare with the un Itered plots in Figure A.176.
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A.3.11 Well F: Complete Dataset

Figure A.188: Characteristic ellipsoid for Well F: Stage 1-16Compare with the RT ltered plots in Figure A.231.
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Figure A.189: Characteristic ellipsoid for Well F: Stage 17-4XCompare with the RT Itered plots in Figure A.232.

256



Figure A.190: Characteristic ellipsoid for Well F: Stage 1. Copare with the RT Itered plots in Figure A.233.
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Figure A.191: Characteristic ellipsoid for Well F: Stage 2. Copare with the RT Itered plots in Figure A.234.
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Figure A.192: Characteristic ellipsoid for Well F: Stage 3. Copare with the RT Itered plots in Figure A.235.
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Figure A.193: Characteristic ellipsoid for Well F: Stage 4. Copare with the RT Itered plots in Figure A.236.
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Figure A.194: Characteristic ellipsoid for Well F: Stage 5. Copare with the RT Itered plots in Figure A.237.
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Figure A.195: Characteristic ellipsoid for Well F: Stage 6. Copare with the RT Itered plots in Figure A.238.
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Figure A.196: Characteristic ellipsoid for Well F: Stage 7. Copare with the RT Itered plots in Figure A.239.
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Figure A.197: Characteristic ellipsoid for Well F: Stage 8. Copare with the RT Itered plots in Figure A.240.
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Figure A.198: Characteristic ellipsoid for Well F: Stage 9. Copare with the RT Itered plots in Figure A.241.
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Figure A.199: Characteristic ellipsoid for Well F: Stage 10. GQopare with the RT Itered plots in Figure A.242.
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Figure A.200: Characteristic ellipsoid for Well F: Stage 11. GQopare with the RT Itered plots in Figure A.243.
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Figure A.201: Characteristic ellipsoid for Well F: Stage 12. GQopare with the RT Itered plots in Figure A.244.
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Figure A.202: Characteristic ellipsoid for Well F: Stage 13. GQopare with the RT Itered plots in Figure A.245.
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Figure A.203: Characteristic ellipsoid for Well F: Stage 14. Qopare with the RT Itered plots in Figure A.246.
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Figure A.204: Characteristic ellipsoid for Well F: Stage 15. GQopare with the RT Itered plots in Figure A.247.
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Figure A.205: Characteristic ellipsoid for Well F: Stage 16. GQopare with the RT Itered plots in Figure A.248.
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Figure A.206: Characteristic ellipsoid for Well F: Stage 17. GQopare with the RT Itered plots in Figure A.249.
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Figure A.207: Characteristic ellipsoid for Well F: Stage 15. GQopare with the RT Itered plots in Figure A.250.
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Figure A.208: Characteristic ellipsoid for Well F: Stage 19. GQopare with the RT Itered plots in Figure A.251.
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Figure A.209: Characteristic ellipsoid for Well F: Stage 20. GQopare with the RT Itered plots in Figure A.252.
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Figure A.210: Characteristic ellipsoid for Well F: Stage 21. GQopare with the RT Itered plots in Figure A.253.
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Figure A.211: Characteristic ellipsoid for Well F: Stage 22. GQopare with the RT Itered plots in Figure A.254.
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Figure A.212: Characteristic ellipsoid for Well F: Stage 23. GQopare with the RT Itered plots in Figure A.255.
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Figure A.213: Characteristic ellipsoid for Well F: Stage 24. GQopare with the RT Itered plots in Figure A.256.
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Figure A.214: Characteristic ellipsoid for Well F: Stage 25. GQopare with the RT Itered plots in Figure A.257.
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Figure A.215: Characteristic ellipsoid for Well F: Stage 26. GQopare with the RT Itered plots in Figure A.258.
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Figure A.216: Characteristic ellipsoid for Well F: Stage 27. GQopare with the RT Itered plots in Figure A.259.

283



Figure A.217: Characteristic ellipsoid for Well F: Stage 28. GQopare with the RT Itered plots in Figure A.260.
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Figure A.218: Characteristic ellipsoid for Well F: Stage 29. GQopare with the RT Itered plots in Figure A.261.
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Figure A.219: Characteristic ellipsoid for Well F: Stage 30. GQopare with the RT Itered plots in Figure A.262.
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Figure A.220: Characteristic ellipsoid for Well F: Stage 31. GQopare with the RT Itered plots in Figure A.263.
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Figure A.221: Characteristic ellipsoid for Well F: Stage 32. GQopare with the RT Itered plots in Figure A.264.
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Figure A.222: Characteristic ellipsoid for Well F: Stage 33. GQopare with the RT Itered plots in Figure A.265.
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Figure A.223: Characteristic ellipsoid for Well F: Stage 34. Qopare with the RT Itered plots in Figure A.266.
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Figure A.224: Characteristic ellipsoid for Well F: Stage 35. Qopare with the RT Itered plots in Figure A.267.
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Figure A.225: Characteristic ellipsoid for Well F: Stage 36. GQopare with the RT Itered plots in Figure A.268.
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Figure A.226: Characteristic ellipsoid for Well F: Stage 37. GQopare with the RT Itered plots in Figure A.269.
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Figure A.227: Characteristic ellipsoid for Well F: Stage 38. Gopare with the RT Itered plots in Figure A.270.
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Figure A.228: Characteristic ellipsoid for Well F: Stage 39. GQopare with the RT Itered plots in Figure A.271.
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Figure A.229: Characteristic ellipsoid for Well F: Stage 40. GQopare with the RT Itered plots in Figure A.272.

296



Figure A.230: Characteristic ellipsoid for Well F: Stage 41. GQopare with the RT Itered plots in ??.

297



A.3.12 Well F: RT Filtered Dataset

Figure A.231: Characteristic ellipsoid for Well F: Stage 1-16Compare with the un ltered plots in Figure A.188.
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Figure A.232: Characteristic ellipsoid for Well F: Stage 17-41Compare with the un ltered plots in Figure A.189.
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Figure A.233: Characteristic ellipsoid for Well F: Stage 1. Copare with the un ltered plots in Figure A.190.
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Figure A.234: Characteristic ellipsoid for Well F: Stage 2. Copare with the un ltered plots in Figure A.191.
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Figure A.235: Characteristic ellipsoid for Well F: Stage 3. Copare with the un ltered plots in Figure A.192.
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Figure A.236: Characteristic ellipsoid for Well F: Stage 4. Copare with the un ltered plots in Figure A.193.
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Figure A.237: Characteristic ellipsoid for Well F: Stage 5. Copare with the un ltered plots in Figure A.194.
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Figure A.238: Characteristic ellipsoid for Well F: Stage 6. Copare with the un ltered plots in Figure A.195.
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Figure A.239: Characteristic ellipsoid for Well F: Stage 7. Copare with the un ltered plots in Figure A.196.

306



Figure A.240: Characteristic ellipsoid for Well F: Stage 8. Copare with the un ltered plots in Figure A.197.
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Figure A.241: Characteristic ellipsoid for Well F: Stage 9. Copare with the un ltered plots in Figure A.198.
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Figure A.242: Characteristic ellipsoid for Well F: Stage 10. Qopare with the un Itered plots in Figure A.199.
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Figure A.243: Characteristic ellipsoid for Well F: Stage 11. Qopare with the un Itered plots in Figure A.200.
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Figure A.244: Characteristic ellipsoid for Well F: Stage 12. Qopare with the un Itered plots in Figure A.201.
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Figure A.245: Characteristic ellipsoid for Well F: Stage 13. Qopare with the un Itered plots in Figure A.202.
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Figure A.246: Characteristic ellipsoid for Well F: Stage 14. Qopare with the un Itered plots in Figure A.203.

313



Figure A.247: Characteristic ellipsoid for Well F: Stage 15. Qopare with the un Itered plots in Figure A.204.
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Figure A.248: Characteristic ellipsoid for Well F: Stage 16. Qopare with the un Itered plots in Figure A.205.
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Figure A.249: Characteristic ellipsoid for Well F: Stage 17. Qopare with the un Itered plots in Figure A.206.
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Figure A.250: Characteristic ellipsoid for Well F: Stage 18. Qopare with the un Itered plots in Figure A.207.
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Figure A.251: Characteristic ellipsoid for Well F: Stage 19. Qopare with the un Itered plots in Figure A.208.
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Figure A.252: Characteristic ellipsoid for Well F: Stage 20. Qopare with the un Itered plots in Figure A.2009.
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Figure A.253: Characteristic ellipsoid for Well F: Stage 21. Qopare with the un Itered plots in Figure A.210.
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Figure A.254: Characteristic ellipsoid for Well F: Stage 22. Qopare with the un Itered plots in Figure A.211.
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Figure A.255: Characteristic ellipsoid for Well F: Stage 23. Qopare with the un Itered plots in Figure A.212.
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Figure A.256: Characteristic ellipsoid for Well F: Stage 24. Qopare with the un Itered plots in Figure A.213.
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Figure A.257: Characteristic ellipsoid for Well F: Stage 25. Qopare with the un Itered plots in Figure A.214.
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Figure A.258: Characteristic ellipsoid for Well F: Stage 26. Qopare with the un Itered plots in Figure A.215.
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Figure A.259: Characteristic ellipsoid for Well F: Stage 27. Qopare with the un Itered plots in Figure A.216.

326



Figure A.260: Characteristic ellipsoid for Well F: Stage 28. Qopare with the un Itered plots in Figure A.217.
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Figure A.261: Characteristic ellipsoid for Well F: Stage 29. Qopare with the un Itered plots in Figure A.218.
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Figure A.262: Characteristic ellipsoid for Well F: Stage 30. Qopare with the un Itered plots in Figure A.219.
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Figure A.263: Characteristic ellipsoid for Well F: Stage 31. Qopare with the un Itered plots in Figure A.220.
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Figure A.264: Characteristic ellipsoid for Well F: Stage 32. Qopare with the un Itered plots in Figure A.221.
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Figure A.265: Characteristic ellipsoid for Well F: Stage 33. Qopare with the un Itered plots in Figure A.222.
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Figure A.266: Characteristic ellipsoid for Well F: Stage 34. Qopare with the un Itered plots in Figure A.223.
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Figure A.267: Characteristic ellipsoid for Well F: Stage 35. Qopare with the un Itered plots in Figure A.224.

334



Figure A.268: Characteristic ellipsoid for Well F: Stage 36. Qopare with the un Itered plots in Figure A.225.
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Figure A.269: Characteristic ellipsoid for Well F: Stage 37. Qopare with the un Itered plots in Figure A.226.
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Figure A.270: Characteristic ellipsoid for Well F: Stage 38. Qopare with the un Itered plots in Figure A.227.
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Figure A.271: Characteristic ellipsoid for Well F: Stage 39. Qopare with the un Itered plots in Figure A.228.
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Figure A.272: Characteristic ellipsoid for Well F: Stage 40. Qopare with the un Itered plots in Figure A.229.
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Figure A.273: Characteristic ellipsoid for Well F: Stage 41. Qopare with the un Itered plots in Figure A.230.
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