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Abstract

The ability to identify the intensity and orientation of fractures within both unconventional
and conventional resources can have a critical impaai fiald development-ractures and faults
are often the primary pathways for hydrocarbon migration gmdduction. Because of their
complexity and commercial importanc&actures have been studied by each of the main
disciplinesi geology, geophysics, petrophysics, and engineering. The focus of this dissertation is
to present an understanding of how digigtrgeophysical technologies can be used to characterize
fractures at different scales. Seismic attributes are otieeofain tools to map theistributionof
fractres and can be categorized ingeometric attributes, azimuthal velocity anisotropy,
amplitude variation with offset and aziihy and diffraction imaging. Tise categories are
complementary to each other and can provide overlapping information. The diversity of the
assumptions under each category makes it challenging to bridge the gapviaricdapplications.

Acquisition footprint overprints most seismic surveys and can mask or in somebeases
misinterpreted as underlying faults and fractures. There are two modern trends in imaging the
subsurface with high quality 3D seismic suryeYhe first is to acquire new high density, high
fold, wide azimuth surveys that exhibit less footprint. The second is to combine multiple legacy
surveys into Aimegamergeodo (or even Agigamer geo
To addresshis latter problem, | start my dissertation by introducing an adaptive 2D continuous
wavelet transform (CWT) footprint suppression workflow whose design is based on artefacts seen
on seismic attributes. Suboptimum seismic acquisition is one of the naages of acquisition
footprint. 5D interpolation (also called 5D regularization) is a modern seismic processing
workflow that attempts to fill in the missing offsets and azimuths. | examine the effect of a

commercial Fouriebased 5D interpolation on bdibotprint artefacts and geologic discontinuities
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measured using seismic attributes. | find that by accurately interpolating specular reflections, 5D
interpolation suppresses acquisition footprint and improvedatieeal continuity of prestack
inversion magesof P-impedancesUnfortunately, 5D Fouriebased interpolation incorrectly
corrects diffraction events and therefore attenuates faults and karst edges seen in coherence.
Whereas 5D interpolain attempts to enhance the specular component of seismic data,
diffraction imaging attempts to enhance the-specular or diffracted component of the seismic
data necessary to image fractures. Although the lateral resolution of diffractions is bettkathan
of specular reflections, closely spaced fract
single, larger fracture, while more laterally extensive fracture swarms give rigerotlaal and
offsetanisotropyl i nvesti gat e ty®dekectfraetardsnding foreaddsmodelng | i
and find that di ffractionds focusing llenensit.i
candidate to highlight closgpaced fracturesl also find that crossorrelating images of
diffractions from nedry experimert is useful inconstructingan objective function thatan be
used to update the velocity due in the image domain. | demonstrate the efficiency of these findings
usingsyntheticmodels with different complexity. Azimuthal and offset anisoyregnature for
irregularly spaced fractures is complex and different from the constant fracture spacing
approximated by effective medium theory particularly for reflectelow the fractures. 1 find
isotropic amplitude variation modeling give gudlicaton if fractures are located at the bottom

portion of the reservoir.
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Chapter 1: Introduction

Naar et al . (2006) state that AnAIl I reser v
ot her wi s e exist abrosa & \ast ramgs of scales, from millimstate microcracks to
macroscopic kilometelong featuresFractures matter in drilling, well completion, and reservoir
management, effecting the economics of a development program (Delbecq et al.F2@i8)es
and their response to waste water are also of interest to government regulators concerned about
induced seismicity (Wines, 2016)he ability toidentify fractures and theircharacteristicas
critical and depending on the scale, different dgsprcal techniques are used to image the fractures
(Figure 1.1). This dissertation is structured in chapters that address challenges not only for

analyzing fractures at different scales but also in seismic data conditioning.

Chapters 2 and 3 address cqiiseof data conditioning, where one of the major challenges
is coherent and random noise linked to the se
f oot pr i tothécompenéneaf the seismic amplitude tirmsome waymirrorsthe lateral
deployment of sources and receivers of Hdoguisition geometryThere are multiple causes and
therefore multiple expressions of acquisition footprint, includioberent noise such as guided,
surfacethat are insufficienthattenuatedbefore or by thetackor systematic errors introduced by
an inaccurate velocity model. In chapter 2 | present a neodflow that uses 2D Continuous
Wavelet Transform{CWT) to suppresscquisition footprintand incoherent noise quoststack
seismic datathat for either tne, money, or even data access reasons cannot be reprocessed from
the original common shot gathers. | show thatdegomposing time les of amplitude and
attribute datanto voices and magnitudes using 2D waveetsat | can design filters to suppress

footprint whose pattern varies laterally across the suhagmonstrate the efficacy of the method
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on a legacy data volume from the Delaware Basin of New Mexico and on a recently reprocessed

megamerge of four legacy surveys exhibiting two footprint @ats from north Texas.

In the chapter 3, | use a commercial implementation of a Fourier transform based 5D
interpolation algorithm to further regularize a wsdlmpled data modern from northwest
Oklahoma. | show that an underrecognized pgfadsociateavith Fourier based interpolation is
the suppression of subtle but important lateral discontinuities such as faults and karst edges.
Through numerical models, | show how the technique accurately interpolates specular reflections
but inaccurately interpolas norspecular diffractionsSuch inaccurately interpolated diffractions
result in the attenuation of fault and karst edges at the target Mississippian horizon and a channel

at the shallower Pennsylvanian age Red Fork horizon.

Chapters 4 and 5 focus drettransition from micr@cale to messcale fractures using full
wave modeling software. In the chapter 4, | examine the effect of fracture clustering and the
validity of effective medium theory. After reviewing the theoretical background, | examine the
differences between models of constant vs. random fracture spacing in both confined and
unconfined settings. | hypothesize that modeling the isotropic amplitude variation with offset can
provide indication of the location of fractures within the formatiof iaterest. | also examine

factors controlling diffraction imaging resolution on fractures and their horizontal orientation.

In chapter 5] utilize diffractiord &igh sensitivity tolocal errors in the velocity model,
with the goal to better locate and focus the diffractigosesent a workflow consisting of two steps.
First, | analyze the velocity errors based on the focused energy of diffracted events in the image
domain. For a sigle common shot image, the maximum energy along each migrated trace provides

a maximum focusing at the diffraction location for the correct velocity. The diffractor can be



distinguished even in the heterogenous medium. Second, | improve upon thioloséalation
by crosscorrelating multiple nearby common shot images, where the-coosslation are both
maximum and laterally symmetric for the correct velocity. | combine these observations to

constructn objective functiorwhich can be used to estiteaelocity errosin the imagedomain.

| summarize myonclusions in Chapté.

Effective Medium Theory Scattering Theory Coherence, curvature, ants tracking
Azimuthal based variation Diffraction
< >
Small-scale  pu o scale Macro-scale  Large-scale
Meso-scale
A A A A
10 5 4 2
For Uniformly Random Max scattering Min scattering
Spaced Fracture Fractures Resolution resolution
I Chapter 4 I I Chapter 5 I I Chapter 2 II Chapter 3 I

Figure 3.1. Different scale fractures are detected using diffelmtiniquesLarger scale
can be detected through seismic attributes sucblference. Messcales can be detec
using diffraction imaging. Micr@cale can be detected through AVAz and AVO.
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Chapter 2: Attribute -assiste footprint suppression using a 2D continuous
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Abstract

Acquisition footprint manifests itself on 3D seismic dataaaepetitivepattern of noise

anomalously high amplitudes, or structural shoftstime or horizon slicethat is correlated to the
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|l ocation of the sour ces .ddealy, fooprnesuppressien stooud t h e
be handledy denser seismiacquisition andnore caeful prestackprocessingprior to seismic

imaging In the case where only legacy data exist, or where economic and time constraints preclude
more expensive acquisition and more careful processing, interpreters must dealataith
contaminatedby footprint While accurate timatructure maps can be constructed from footprint
contaminated data, the effect of footprint on subsequent attributes such as coherence, curvature,
spectral components, andwwve impedance will be exacerbatdd.this work, we proposa
workflow that usesa 2D Continuous Wavelet TransforfCWT) to suppress coherent and
incoherent noise opoststackseismic data. The method involves decomposing tincesslof
amplitude and attribute daiato voices and magnitudes using 2D wavelets. &ploit the
increasedeismic attribute sensitivity to the acquisition footprint to design a mask to supipess
footprint on the originalamplitude data. Thevorkflow is easy to apply anmnprovesboth the

interpretability of the data and improves suhsayg attribute resolution.

Introduction

The interpretation of 3D seismic data and attribute analysis is challenging in the presence
of severe noise. In reflection seismic data,geeerallyconsiderthe reflectedand the diffracted
wavefields to be signaland everything elsé the noise The noisecan beeither coherentor
incoherent.Coherent noise can be defined as -nefitection energy that contains a systematic
phase relation between adjacent traces r@mdains strongafter stacking (Sheriff, 2002)n
contrast, noise that either is or appears todmelomwill be weaker after stackingAcquisition
footprint refers to tlat component of the seismic amplitude thmsome waymirrors the lateral

deployment of sources and receivers ofdbquisition geontey. While acquisition footprint is



often associated with coherent noise, its root cause is more systemic, allowing it to generate
artifacts from incoherent noise and even signal as &dtie detection attributes like coherence

and curvature exacerbdate appearance of footprjrthus hindering their effectiveness detecting
fractures and faultsThe effects of footprint can also contaminate more quantitative attribute

analysis, including impedance inversion and waveform classification.

Cahoj et al. (2016)sed seismic modeling to hypothesize the main causes of acquisition
footprint: (1) coherent noise such as guided, surface and airdet@ethat are insufficiently
attenuatedbefore or by thetackarray,(2) systematic errors introduced by an inaccurate velocity

model, resulting in noflat and/or stretcheBlMO-corrected or migrated gathers.

Dense acquisition greatly reduces the impact of acquisition footpteirfier et al. 2008)
Alternatively, acquisition footprint can be suppressed in the processing workshop osing
careful velocity analysis, leastjuares migration (Ha and Marfurt, 2017), &Ml interpolation
(Trad, 2009 Chopra and Marfurt, 2013)n the case where only legacy data exist, or where
economic and time constraints preclude more expensive acquisition and more careful processing,
interpreters must deal witthata contaminatedy footprint. While accurate timetructure maps
can be constructed from footprHobntaminated data, the effect fotprint on subsequent
attributes such as coherence, curvature, spectral components;veank Pmpedance will be

exacerbated.

Several techniquesan befound in the literature on filtering the acquisition footprint on
poststacldata tmough domain transfmation. Sahai and Sodf2006) used a 2D loypass filter
in thekx- ky domain to suppress the footprint. Drummond et al. (2000) used a wavenumber notch

filter to estimate the noise and adaptively suppress it. Soubaras (2002) used the offset distribution



as an input to designka- ky filter to attenuate the footprinthis latter filter can be very effective
but requires access to (at least the geometry of) the prestack &gméall with anyfilter is if

the signal and noise overlap in the transfatomain. For this reason, highly localized notches are
much more effective than broad interpredeawn polygonsChen et al. (2012) used an adaptive
stationary wavelet transform to suppress footprint and other random noiBanAagi et al.
(2005) useda truncated singular value decomposition algorithm in a cascadeddatttional
manner to suppress the noise on a time/horizon #iiteis paper, we use a 2D continuous wavelet
transform variation of a workflow based on applicatiokxefky filters constructed from attributes

originally proposed by Falconer and Marfurt (2pGhdextended by Davogustto (2011).

Filtering in the wavelet transform domédias been used in seismic data processing for the
past 20 yearsSelesnick et al. (200%)ighlightthe pros and consontinuous and discrete wavelet
transforms (CWT and DWT)'he DWT is widely used in seismic data compressiaséiliouet
al., 1984).Goudarzi et al. (2014) implementa®D DWT to attenate ground roll. The CWT is
more amenable tgeismic processing, with one of the more common applications being the
attenuation of the airwave within a procesdefined corridor $chusteiand Sun, 1993 Yu and
Whitcombe (2008ppplied2D CWT on common shot gathers parameterizend thersuppress
coherent noiseomponentsYu et al. (201Y useda3D CWT to suppress coherent noise, cross talk
and random noise oprestackgathers.Although thislist is not completeit gives aflavor of

different application®f filtering in the wavelet domain

In this paper, we present a novel technique that 2&3ontinuous Wavelet Transform to
model the footprint and subsequently suppress pasistackdatavolumes, time slice by time

slice First, we introduce the arithmetic and vari@ement in the workflw. Secondapply the



workflow to legacy data volumes, showing how to use attribute in the filter désmaily, we

guantify the parameters considered in the noise suppression and illustrate potential pitfalls.

Method

1D Fourier Transform

For a given function in spa¢@w , the spatial Fourier transform is given by:

MM . M Q Q6 (1)

whereis the distanceQ is the spatial wavenumbecaling constants have been omitt&iQ

is the data in the wavenumber domain ¥&d 11 p. TheFourier transform convesthesignal in
spaceAd to the wavenumbedomain by intgrating over the whole space axis into a complex
function £Q . The Fourier transforrnan precisely detect wtt frequencies reside in the data,

but yields no information about the time position of sigaatures

1D Continuous Wavelet Transform

The continuous wavelet transform can be defined differently based on the normalization and
conjugation and it gives the projection of the functi@ at any scaleo and positiono into

wavelet domain by (Mallat, 2009):
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whered o refers to the data in the wavelet transform domain,[ aiglthe waelet used to
transform the datapis thedilation or scale while 6 is the translatiomparameterWe can make a
couple of observation on equation 2. First, it transforms the input data from one dimension into a
two dimensions. Second, the ter 0 in the integralindicates that CWT is a convolution

process and hence we can rewrite it as:

6 ¢ho ™Mmz[ -8 €)

Equation 3 simply states that the CWéTa convolution of the input data with a setcomplex
valuedfunctions generatettom the mother wavelefLiner, 2010) Therefore, for computation
efficiency we can compute the wavelet transform in the Fourier domain where convolution is

replaced by multiplication. Hence, we can rewrite equation 2 as:

6 ¢hw "OY &3QQ 1 &Q h (4)

wherg  3Q isthe Fourier transform of waveletodulated by the scadeand™O"Y is the irverse
of the Fourier transform. Next, wkustratethe parameters of CWT in equation 2 to build up the
understanding our application. For that purpageconsider two wavelewith different dilations

@ and their representation in thevenumber domaiim Figure2.1a For simplicity, we assume
that theFourier transfornof the wavelet is nonzero in tipositivewavenumber and consider a
real wavelet onlyFirst,Figure 2.1andicates that a short dilatation wavelet corresponds to a high
wavenumber content in the transform domain and vice versa. Conseqtientifation of the
waveletin the space domagontrolsthe number of componeritin the transform domain, needed

to cover the whole spectrum. Alsi controls the interval shift in the wavenumbergiven by

. In our application, we useumiformly shifted version of that of the prototype filter along
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the wavenumber domain. Hence, the magnitude respairall the wavelets is uniformly transform
into a Gabor wavelet or more accurately a modifatlet wavelet in the space domain (Cohen,

1995).In the wavenumbedomain the wavelet can be given as:

~

x Al-6— hQp 0O -Qph
mhé i 0 QI Q

(5)

As indicted by Equation 5 theavelets' spectrunm the wavenumber domais represented by a
raisedcosine at each componeint Figure 2.1b shows a couple of the 1D wavelets for eleven

compaments along th& showing the real, imaginary and absolute wavelets.

The 2DContinuous Wavelet Transform

The 2D continuous wavelet transform can be thought of as two cascaded 1D CWTs which can be
implemented as a 2D convolution in the space domain or as a simple multiplication inkhe

ky wavenumber domain. Generalizing equatiorby representinghe 2D wavelet transform

# "8@fo as the inverse Fourier transform of the multiplication between the input data and

wavelets of choicgives
# Ahn OY AR T T ™ h (6)
where

"Q andQ are the wavenumbers,

‘A T Bare the indices of theomponents
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"QQNQ s the 2D spatial Fourier transform of the amplitoedattribute sliceand

[ is the 2DspatialFourier Transform of thevaveles.

Choosing values of andj to be v Q@ wvand v Q wuresults in 121 2D
wavelets Figure 2.2shows ningepresentative wavelefenecentral andeightouter components)
of 121 in the wavenumber domaifigure 2.3shows 2D spatial wavelets of thene center real
and imaginary components. Wetite that the real and imaginary wavelet satisfy the Hilbert
relation witha 90 degrees shift between the two. Also, we can predict that the 2D image in space
will be decomposed into four minor orientatiom isotropic orientation in the center, arabt
west north-southand diagonahzimuthalorientations away from the cent@®ased on the number
of components usedhe corresponding 2D wavelet characteristics will change. We define the

voices and magnitudes, which are the data in the CWT domaitef@aomponenti,j)™ to be:

G OTQ  s6 "Ahn s (7)

0VE@QY P O "AGHD (8)

wheremag are the magnitudesoc are the voices and is the real part. Ultimately, one can
consider the magnitudes and voices as the datomposed into different wavenumber

componentsising the 2D absolute and real wavelets.

Mask:

Attributes computed along structure such as coherence exacerbate footprint anomalies but
are relatively insensitive to dip, allowing us to use the 2D CWT of an attribute to design a mask.
The maskm(i,j), is defined as
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G "6 - _ (9)

wheremag (0,0),s the zerewavenumber (omeanbackground magnitude) component and a
fractional value For attributes computed along dip, the (0,0) component will be the largest while
other components (with the exceptidrmperiodic footprint) will be significantly smaller. We apply

the mask in equation 1 to the 2D CWT of the seismic amplitude data, allowingejedt®D

CWT components that are significantly greater than a-defned percentage of th@,0)
component Thus, if & ©MQl - & ®"Quin, the mask @& '@Q 1 and the (i,j)
hypothesized footprint compondskept In contras, if & & "WQL - & & Qi , the mask,

G "@Q p, andthe (i) component isejected This allows us to model the noise.

The value of ranges between 0 and 1, waimallervaluessuppressingnorecomponents
The maskis calculated so that when it is appliedthe voices it will matchthe dataas well as
possible in a leastquares semls Subsequently, the generated footprint is subtraftted the
original data. The reconstructed data, lacking the voice (s) representing the footprint, is a more
interpretable seismic amplitude data set with better sigfiglre 2.4shows the workflow

implemented by this algorithm

Results and Discussion

We demonstrate our proposed technique by applying it to two vintage data. The first
volume is acquireérom Vacuum field in southeast New Mexico and on the northwest shelf of the
Permian Basin. The field associated with an anticline developed through differential compaction
and faulting. Theéime slice under consideration is at 450, just above the San Andres producing

formation (Pranter et al., 2004jigure 2.5showsthe amplitudeand coherence slicemnsidered
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for this analysisOn theamplitude slicewe notice a strong amplitude contrast corresponding to
the gently dipping layst The coherence slice showsherent geology as high cohereranyd
footprint as low cohere® expressiong-igure 2.6shows thekx - ky domain of both the data and
attribute, the noise appears as periodic spikes in the transform démain. case, w ue 121
componentsu Q vand v Q v, and- = 0.15but we will limit our analysisthrough

this sectionon the nine central components to illustrate how the method works. Ultimately, we
will make the case to why we think the magnitude of the attribetds/a better mask to suppress

the noise.

We start wih the amplitude slice; Figure 2shows the nine central magnitudefs121
components The central(0,0) component(Figure 2.7e) is the result of creserrelating the
isotropic 2D wavelet with the artifude slice It is dominated by the geology and is noise free.
Figure 2. and7h show magnitudes withveeaknorth-south azimuthabrientation, vhile Figure
2.7 and 7f show a weakeastwest azimuthalorientation. Thestrong amplitude features
highlighting theazimuthalorientation indicatehe sensitivity of the magnitude of the amplitude
data to theyeology.Next, we consider the voices of the amplitude data showigare 2.8 The
azimuthalorientationon the voices are mogronouncedhanon the magnitude®Note thenorth
south(Figure 2.& and8h), eastwest(Figure 2.8 and8f) and a diagonazimuthalorientation on
the fourcornervoices These norcentralazimuthalorientations are affected by both the geology
and footprint with thecentral voicealsodominated by the signalut not impacted by acquisition

footprint noise.

Next, we consider the magnitude and voices of the coherence slice. The nine central

magnitudes are shown kigure 2.9 We do not observe a pronoun@amuthal orietationin all
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magnitudes. Further, the coherent geology corresponds to a low magnitude in all the components
except for theentralcomponent This leads us to conclude that the magniafeéhe coherence
aremore sensitive to nois¢han tocoherent geolgy. In other words, it recognizes the coherent
geology andexacerbateshe noise. Thus, the magnitudes of the cohergmogide a good

candidate to compute the mask to filter out the noise.

Figure 2.10shows the voices of thattribute Similar azimuthalorientations are seen on
the nine components with a clear sensitivity to the noise but not to the gelétwghat purpose,
we cannot apply the mask to these voices as they lack the geology, to begin with. Thisusads to
to desigrnthe mask usig the magnitude of the attribyiccording to equation henapplyingit

to the voices of the data

Next, we address the choice of number of components and thresl@dthat purpose,
we vary theparameterseeded to design the maakd analyze the resulis theory, the optimum
number of components is a function of the acquisition parametect defineshe periodicity of
the footprint inthe k« - ky domain. This survey was acquired using an orthogooaice and
receiver line with 1320 ft line spacing, resulting in an approximately 1320 by 1320 ft footprint

pattern. The source and receiver intervals within the line are 220 ft resulting in a natural 110 ft by

110 bins. The periodicity of the footprint ihe wavenumber theam——— 4.8 radian/kft. The

Nyquist wavenumber of the datagujs 28.6 radian/kft and thus 6 times greater than that of the

footprint along the ¥Q8Given the (0,0JQ is an over lapping element between tf@and Q,
the ideal numbeof components is 11. Sampling the footprint significantly with less than 11
components under samples the pattern of the footprint, while sampling significantly greater than

11 times gives a comparable result at increased cost.
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To illustrate the effect of the number of components, we analyze the filtered results using
different components, namel9, 49 121 and 225. We observe a directionally proportional
relationship betweethe number of compeent and smoothness of the kesuNe start withthe
nine component§p ‘Q pand p Q p), Figure 2.11awherewe clearly observe the
noise Figure 2.11b shows the modest improvement using 49 components with significant noise
present.Using a 225 components oversmodhthe data andresults inlosing geological
information thushindering the interpretabilitgf the resultsTo link the number of components
to the predicted periodicity, we consideigure 2.12a. We show the spectrum ald®gvith
synthetic periodic spikes to resemble the footprint with the spectrum of wavelets superimposed for
the four cases. In the 9 and 49 components case, we include more spikes than desired per wavelet
spectrum which makes suppressing them more challenging. Zllkeoinponent case is optimal
because we sample each spike in a wavelet and subsequently suppression more efficient. The 225
components samples it fine enough but oversmooths desired amplitude in the spike free spectrum.

Figure 2.12b shows the rejected frémgure 2.11d, the amplitude of the rejected noise.

To analyze the influence dfe - hwe consider thepatial trace of is at inline = 2%Eigure
2.13) We alsokeep the number of components fixedlatl and vary- = 0.01, 0.15and 0.3.
Evidently, thelargerthe epsilonthe higherthe rejection. We noticthe power of is critical in
reducing the spikes related to the footprint noise but preserving the trend of the actubhelata
choice of the optimum value is subjective to the signal to foot@iitt and the source of the noise.
Although not mathematically supported, in our applications on a number of datasets with different
footprint characters, marine and land data, we four@QP@ is a reasonable range forThis is

predominantly driven by thgeological features of interest with 10% for subtle features and 20%
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for completely flat layersFor this data, the structure is relativéligt, and an ideal result was

achieved for = 0.15

Although the method is implemented on a slice by slicesba® show two figures to
reflect howit improves the quality on a vertical section of ttaga.Figure 2.14shows the inline
251 before 2.15a) and after (8b) the footprint suppressiofigure (2.15c) shows the noise
suppressed using teorkflow. Although the noise appears as possible geologic collapse features
in the shallow section suggesting, it does not match prior information from the area. Instead, these
features are the footprint likely due to processing pitfalls and appear ashgpagoolic artifacts
around the reflector or variation in the amplitude along strong reflectors. The noise level reject is
about 2630% of the original amplitude. Suppressing the foot result®minuouseflectors and
more acceptable geology represgioin Subsequently, this allows for better automated
interpretation such as auto horizon/fault pick@tse improvement in the overall qualitybetter
seen on Figure 2.15owingthekx- ky transform of the filtered slic€ ompared witlFigure 2.&,
we see that a lot of periodic noisagnitudes arsupressed on the transformed data. Figure 2.15b

showsthe edge detection attribute computed on the filtered data.

Finally, we demonstrate the efficiency of the method on a horizon slice from a megamerge
survey acquired in north central Texas. This data consists of four separate surveys all shot two
decades agdhree of which had edstest receiver lines and one with nértlbuthreceiver lines.

The prestack gathers are contaminated with highly aliasedhd@nmll which contributes to the
severe footprint\{ermaet al., 2016). The horizon considered in this example is the PaloPinto, a
shallow target att£0.9 s) with a pronounced normal fault (Figure 2.16a). The coherence horizon

is shown in Figure 2.16b; ¢hfootprint masks the subtle faults making interpreting this time

16



structure very challengingBecause the of the different acquisition pattern, we used 121
components and an =0.1. Figure 2.16c shows the same horizon extracted after applying the

workflow. We clearly suppressed the noise and improved the resolution of the structural features.

Discussion and Limitation

There are multiple causes and therefore multiple expressions of acquisition footprint.
Although it is not necessary to know the exactseaof the footprint, the proposed workflow
assumes that the interpreter can identify its expression. If the cause is variability in théosignal
noise ratio due to periodic changes in the number and distribution of offsets, the footprint will
often be expessed by a coherence attribute. If the cause is systematic errors in velocity that result
in a suboptimal NMO (or migration) correction, periodic changes in the distribution of offsets will
give rise to a structural footprint, that may be expressed byreattre attribute. Footprint
associated with steeply dipping, and hence-&mparenfrequency, migration aliasing artifacts
may be characterized by a given spectral component. Improper balancing of the gathers for mutes
prior to stack can lead to periodchanges in amplitude, such that the amplitude itself (or
alternatively, its envelope) is an appropriate attribute for footprint characterization. Inability to

identify such an attribute makes this workflow useless.

Although not discussed here, thesegasses can be applied to prestack migrated gathers,
typically through application to one offset or azimuth volume at a time. Prior to migration, one

should evaluate some type of improved trace balancing, noise suppression, or 5D interpolation.

This paperhas focused on using the 2D CWT to analyze (and then attenuate) noise. The

2D CWT holds potential to characterize signal, such as the periodicity and orientation of polygonal
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faulting, syneresis, joints in carbonates, cleats in coal seams, or othehjlatgretlitive geologic
patterns. Such quantitative measurements may be then correlatedteti@tion of stresses at

the time of deformation or the amount of clay in the formation.

Conclusions

While the 1Dcontinuous wavelet transforfCWT) is widely used as a seismic data
analysis and data processing tool, only a limited number of geophysical applications have used the
spatial 2D CWT. In this paper, we apply the 2D CWT to time slices of both a seismic amplitude
and a corresponding seismic ditrie volume that exacerbates footprint contamination, allowing
it to be more easily characterized. By using attributes computed along structure and displayed as
a time slice, rather than through a time slice through the original amplitude data, thagesulti
periodicity represents footprint only, rather than footprint and geology. The choice of the attribute
depends on the kind of footprint. In the first legacy data from Vacuum Field in this paper, a primary
cause of footprint was due to the periodicitythe collection of offsets in any given CMP, which
thereby resulted in a periodic variability of the noise rejected by the stack @hiaylateral
variability in the signato-noise ratio is easily characterized by cohereAteach patch, euse
the magitude of thecoherenceattribute of the center (O wavenumber) component and an
appropriate threshold-) value to constructa 2D CWT mask thatis then applied to the
corresponding 2D CWT voices of the amplitude data to model the noise. This reconstoisxed

is then adaptively subtracted from the origiaalplitude data.

In contrast to previously implementégky footprint characterization workflows, the 2D
CWT masks applied to the data vary laterally. Lateral changes in footprint occur due toghangin

the weathering zone (and hence ground roll that has leaked through the stack or migration array),
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to lateral changes in overlying dip, and most commonly in land data in the midcontinent USA,
different acquisition designs used in multiple surveys conmgriasimegamerge. The efficiency of

the method was demonstrated on the vintage merged data from north Texas.

We have found d@osing using CWT to be robust and simple to udee results of
applying theworkflow to 3D datasets witta strongacquisition footpint are promising. After
suppression, we have impralthe overall S/Nresolved structural and stratigrapfeaturesand
preserved the spatial bandwidtlesulting in subsequent attribute images that exhibit lateral
changes in geology.his works as adndy tool for interpreters to enhance the quality of the signal

and understand the subsurface better.
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Figure 4.1a Left: the spectrum in the wavenumber domain. Right: the wavelet in the space domain.
a and al are the scales of the two wavelets, i is the component ntimiger, ® are the
wavenumber shifts ard : =|= « B are the location of the components. When the scale decreases,
the wavenumber spread increases and covers high wakersith1.b Left, the spectrum of the
wavelet in the wavenumber domain. Right: the wavelet in the space domain. We display the real,
imaginary andabsoluteof the wavelet.

20



i=1&j=1 i=6&j=1 i=1&j=1

l\‘ (cycle/1000 ft)
k_(cycle/1000 ft)
Kk (cycle/1000 ft)

k . (cycle/1000 ft) k . (cycle/1000 ft) L‘ (cycle/1000 ft)

i=1&j=6 i=6&j=6 i=11&j=6

k

¥
k_ (cycle/1000 ft)
k_ (cycle/l t)

k\ (cycle/1000 ft) k\ (cycle/1000 ft) l-c‘ (cycle/1000 ft)

i=1&j=11 i=6&j=11 i=11&j=11

k
¥
Kk (cycle/1000 ft)

l\\ (cyele/1000 ft) k . (cycle/1000 ft) l\\ (cycle/1000 ft)

Figure 2.2.The central and eight edge wavelets of 121 iin ky transform.



i=6&j) -5
X
=6 &)=

X

=74 =6

X

(b)
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Figure 2.9.The nine central components of 121 magnitudes corresponding to the coherence slice
shown in Figure 2.41¢ ellow arrows indicatareas that are contaminated by periodic events which

we interpret to be footprinRed arrows indicatareas that are less patio and relatively footprint
free. This leads us to conclude that the magnitude of the attribute is insensitive to the geology and

highly sensitive to the noise.
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Figure 2.10.The nine central components of 121 voices corresponding to the cohereace sl
shown in Figure 2.4lRed arrowsndicatethe absence gderiodicgeology.Y ellow arrows
indicateareasdominatedoy strong periodic coherence anomalies, which we interpret to be
footprint
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Figure 2.11.The filtered data using = 0.15 and (a) 9, (b) 49, (c) 121 and (d) 225 components.
The rejection is directly proportional to the number of components
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Figure 2.12.(a) The spectrum in wavenumber showing the synthetic periodic noise (black
spikes) wih the wavelet spectrum superimposed for 9, 49, 121, 225 components. The ideal
number of components is achieved when we isolate the spike of the noise using different
spectrum to allow for better adaptive subtract{bh.The noise rejectefdom Figure 2.11c, the
amplitude values used in this colorbar are 20% that of the original data.
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Figure 2.13.A comparison between the spatial traces at inline = 251 using a fixed 121
components and = 0.01, 0.15 and 0.3. The rejection is directly proportiontti¢éovalue ot.
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Figure 2.14.A comparison between the spatial traces at inline = 251 using a fixed 121
components ankl = 0.01, 0.15 and 0.3. The rejection is directly proportional to the valte of
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Figure 2.16.(a) crossline 1090 through the north Texas seismicstaiaing the topPaloPinto
horizonin red The yellow arrow indicates the fault that cuts through the horizon. (b) A horizon
slice along the top PaloPinto throutiecoherence volume. The coherence image is contaminated
with footprint noise. (c) A PaloPinto horizon slice through coherence volomguted after
footprint suppression We preserve the fault and structural features, whereas the groundroll noise
bursts that gave rise to organized low coherence impulse responses are now significantly reduced.
The two yellow arrows indicate two faultsatican be better interpreted after the noise suppression.
The cyan line shows the vertical profile shown in (a).
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Appendix A

A Stepby-Step Description of thaaspi_kxky cwt_footprint_supressionworkflow

The goal of the footprint suppression workflow is to generate an estimate of the footprint noise

component using edge detection attribute. We subsequently adaptively subtnaatéhed noise

from the original unfiltered data. We show below screen captures of the GUI and introduce the

different steps. We choo$g) the input amplitude data ai(d) the footprint sensitive attribute.

Step 1Slice the amplitude volum@)

Step2. Slice the attribute volumgt)

X asspi_loy_cwt_footprint_suppression workflow GUI (Release Date: 19 December, 2017)
Eile

kxky_cwt_footprint_suppression - A three-step workflow to suppress preiodic footrpint noise using 2D CWT

Seismic Input (*.H): |,’cuhome561mohseanroJectsM‘atcngafdfmigfboi\ermaker H Browse| (1)
Attribute (*.H): |'<>Jects]\vatongarenergy_rat|o_snmn\arlly_bo\Iermaker_workﬂow_broadband H Browsel (2)
*Unique Project Name: IW

Suffix: IworHIow—

Verbose: r

Primary parameters lParallellzatlon parameters|

Step 1 - Slice the seismic amplitude data volume

Execute step 1 ... <:|(3)

Step 2 - Slice the attribute data volume

Execute step 2 ... <:|(4)

Step 3 - apply the filtering in the cwt domain
Operator window size along kx direction :
lll—

Operator window size along ky direction :
lll—

Aggressiveness of noise suppression:

oo

Want to output mask?

r

Want to output individual components?
(CAUTION!! HUGE QUTPUT!!!)

r
Execute step 3 ...

Step 4 - Unslice the filtered data

Execute step 4 ...

(c) 2008-2017 AASPI - The University of Oklahoma

Help |

Step 3

Compute the mask using the footpregnsitive attribute 2D CWT components to model the noise

on the 2D CWT seismic attribute components. Then, inverse transform the manlstetiack to
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x-y space and subtract it from the original seismic amplitude volume. This step is all done using
the kxky _cwt code from the workflow. The parameters needed for these steps are:

(1) Operator window size along kx (defines the number of compoaéoig kx)(1)

(2) Operator window size along ky (defines the number of components alofig) ky)
(3) Aggressiveness of the noise suppressin

(4) An optional choice to output the mask for quality cong#l

(5) An optional choice to output the voices and magnitudes also for quality cgtrol
(6) After selecting these values cli€kecuteStep 36)

X aaspi_lody_cwt_footprint_suppression workflow GUI (Release Date: 19 December, 2017)
| Eile Help

kxky_cwt_footprint_suppression - A three-step workflow to suppress preiodic footrpint noise using 20 CWT

Seismic Input (*H): |fouhomesﬁ,‘muhsenfprojectsMatanga,’d_m\g_bmlermaker.H [Browse]

Attribute (*.H): fojects/watongaenergy ratio_similarity_boilermaker_workflow_broadband.H Browse

R Step

X aaspi_kxky_cwi_footprint_suppression workflow GU| (Release Date: 19 December, 2017)

Eile Help
kxky_cwt_footprint_suppression - A three-step workflow to suppress preiodic footrpint noise using 2D CWT 4
Seismic Input (*.H): |fouhDmestmohsen,fPrmactsiWalongafd_mng_bmlermaker.H Browse|
Attribute (*.H): |‘0|ectstatonqa,’energyﬁratiois\mllar\tyﬁbo\|ermakerﬁworkﬂowibroadband H Browse

*Unique Project Name: |boilermaker
Suffix: workflow

Verbose: r

Primary parameters |Para||e|ization parameters|

| Step 1 - Slice the seismic amplitude data volume

Execute step 1 ... |

| Step 2 - Slice the attribute data volume

Execute step 2 ... |

Step 3 - apply the filtering in the cwt domain

Operator window size along kx direction :

e

Operator window size along ky direction :

e

Aggressiveness of noise suppression:

0.1
Want to output mask?
-

Want to output individual components?
(CAUTION!!! HUGE OUTPUT!!!)

r

Execute step 3 ... I

Step 4 - Unslice the filtered data

Execute step 4 ... l( (l)

[(c) 2008-2017 AASPI - The University of Oklahoma

Unslice the filtered data to construct the filtered results.
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Chapter 3: Data Conditioning of a Modern Midcontintent Data Volume using

POCS FiveDimensional Interpolation

Alali, A., P. Swetal, N. Nakata and K.J. Marfurt

This papewill be submitted to th&EG journal Interpretation
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Abstract

Seismic data acquisition design is subjected to variety of geophysical, operation and cost
constraints. In the states like Oklahoma, where property boundaries as well as access roads
generally run NS and EW, the most common 3D land acquisition geomedrioideploy source
and receiver lines at right angles. CMP bins that fall between the two adjacent shot and two
adjacent receiver lines contain a variable number of traces exhibiting different-ssceteer
offsets and azimuths. In the absence of obs$achis pattern repeats, resulting in variations in
fold, signalto-noise ratio, sensitivity to velocity errors, and AVO response that is called
acquisition footprint.

5D interpolation is a welkstablished technique that addresses these issues byiréggla
the data. In general, 5D interpolation is designed to construct missing specular reflections and have
been shown to improve inversion for 8hd Swave impedance. Less well documented is the
impact of 5D interpolation on nonspecular diffractionsdeeeto accurately image faults and
stratigraphic edges. Obvious to seismic processors, but less obvious to interpreters, because 5D
interpolation is driven by the input velocity model, it has little value in suppressing multiples where
the original primarynoveout velocity has been masked.

We presena case studgased on a welampled Mississippi Lime survey acquired in NW
Oklahoma, USA, where the objective was to map not only impedance anomalies indicative of
more porous parts of the fractured chert mnesie but also to map subtle faults that may cause a
horizontal well to leave the target zone. The original-20@ data provide good fault images but
suffer from acquisition footprint and other noise. Footprint and noise artifacts contaminate
subsequenprestack inversion. We usa commercial Fourier transform basederpolation

techniqueProjection mto Convex SetéPOCS) to construct an interpolated 0@ data volume
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and find footprint to be suppressed and lateral continuity of prestack inversigasnmproved.
However, fault and karst edges at the target Mississippian horizon and a channel at the shallower
Marmatonhorizon have been significantly attenuated. We therefore recommend interpreters who
use such technology to request both volumes filoair orocessor using the original data to

define structural and stratigraphic edges, and the interpolated data for inversion for rock properties.

Introduction

5D interpolation is applied routinely in seismic data processing with the purpose of
reducirg migrationoperator aliasingrtifacts, suppressing acquisition footprint, and suppressing
random noiseldeally, seismic data are acquired on a jgifidve sort the data by offsetzimuth
sectors, the traces in a given bin willimegular. Seismic data regularization can be divided into
two categories, the first category relies on wageationbased methods to reconstruct the data
using the wavefiel velocity. The second category is based on signal processing techniques where
a transform such as Fourier, Radon or curvelet transform is used to reconstruct thardataus
applications irprevious studiebave demonstrated the advantageSfintermlation Verma et
al. (2015) used &vave equationinigrationbasedsD interpolation on a legacy data from Texas
to increase the fold and carry better quantitative interpretation. Downton et al. (2008) used 5D
interpolation to address inadequate sampling ahowed that it preserves the amplitude and
improves AVO analyse Chopra and Marfurt (2013) demonstrated the value of interpolation in
filling gaps of source or/and receiver spacingducingacquisitionfootprint, and improving
geometrical attribute ality. Barnes et al. (2013) applied amplityoleserving interpolation to

regularizemarine data prior to Kirchhoff depth migration.
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The most common signal processing interpolations methods are Fourier transform based
and havebecomethe standard in commmeial software. Thecomparison of theletails of each
methodis beyond the scope of this papeather,we simply list the most commoriourier

transform based algorithnasd their mairproperties.

The first group relies on the Discrete Fourransform DFT) and requireannulus sector
binningprior to interpolationThis binning process is not associated with the geometry and is used
to bin the data on a regular grid in order to compute the DR& DFT-based algorithmare
computationally fast but camtroduce errors due to tlanulus sector binningrhe Minimum
Weighted Norm Interpolation (MWNI) (Liu and Sacchi, 2004, Tr20009)algorithm preserves
amplitude and can interpolagpatiallysparse data. It has a drawback of introducing artifacts when
the number of iterations is not accurately chosemotBAer technique is Projectiomto Convex
Sets (POCS) (Abma and Kabir, 2006), which utilizeddaFourier transforms in spa¢eceiver
space and sourespace)for each frequency sliceBy applying a thresold only, the higher
magnitude components are kept, after which the data are inverse Fourier transformed. spatially
POCSrequires more iterations than MWNI acieeates more artifacts for data with large gaps (Pan
and Schlosser, 2013Pn the other hand?OCSis less sensitive to the number of iterations than
MWNI (Pan and Schlosser, 2013)he second group of techniques reliesaoNon-Discrete
Fourier Transform (NDFT) and does not requ@raulus sectdoinning before interpolatiosuch
as Anti-Leakage Fourier Transform reconstruction (Xu et 2005).NDFT is computationally
intensive because it reconstructs each wavenumber separately lautcoaastelyhandle narrow
azimuth marine dat&DFT can interplateat any location and does not suffer frdme binning

issues observed in the first group. Finally, and more recently, hybrid approaches have been
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implemented which apply regular grids with an additional interpolation to minimize binning error

helping the far offsets (Jin, 2010; Wang and Wan, 2(A&n and Schlosser, 2013).

To assess the artifacand validity of the 5D interpolation algorith@ary and Perz (2012)
used the newly interpolated traces to reconstruct the input trabheg.compared the nely
generated traces with the original and confirmed that sgbtdigicafeatures such as diffractions
are notinterpolatedproperly. This workflowservesas a measure of energy leakage in the 5D

interpolation process and can be used to assess the olugmytSD interpolation algorithm.

Perry (2017) demonstrated on his Red Fork case shatysD interpolatiorattenuated
geometrical structures such as faults and channels.objeetive ofhis work was amplitude
enhancementind found that 5D interpolation provided superior prestack inversion results.
However, he was surprised that 5D interpolation degraded the fault and channel images mapped
by coherence attributes. The underlying cause of this degradation and those dbg&hegra
and Marfurt (2013) motivates this studyhe objective of thistudyis to examine the advantages
and disadvantages of 3BOCSinterpolation on a langeismicdata fromnorthwesterrOklahoma.

In particular, we are interested in understandirguas associated witbuppressingsubtle
geometric featuresfter 5D interpolationFracturesand drilling zones of interest are often
associated with karst (Milad and Slatt, 201The paper is structured as folloWw¥e begin with

a synthetic model to ilistrate the mechanics of the 5D POCS algorithm and how it handles
specular and nonspecular scattered events. Next, we sumitigribackground geology of the
area of interestafter which we describe the data acquisition pratessing workflow leading up

to the interpolation. Weresentour choice of interpolation method for this datand examine

the influence on velocity picking, imaging and geometrical attributes. Finallapply modet
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basedost staclacoustianversion on both datassindsummarze theadvantageand limitations

usingPOCSinterpolation.

A Simple Model of Specular and Nonspecular events

5D interpolation affects both speculavents such as reflection and nonspecular events
such as diffractionTo illustratethe effect ofnormal moveoutNMO) on diffraction andthe
sensitivity of interpolation to the annulus sector binning constructa 3D model with a vertical
fault as a difraction generator (Figure 3.1a). Diffractioimstheory are sensitive to small scale
such adaults,channelsaand karst features (Rau€ravies et al. 2014; Decker, 201¥)e use d5
Hz peak frequency Ri ¢ keagsbfigadsezdas 10l eeceiversiinghes our ¢
inline and crossline direction with receiver spacing of 40. fiVe propagatéhe source using a
finite difference acoustic modeling algorithm and bin the data on a 151 x 151 grid resulting in a
maximum fold of 9.Figure 3.1bshowsseven NMQcorrected CMPsBy constructionPOCS
interpolation algorithm involvesitering lower amplitude wavenumbeirsthe Fourier domaiand
hence camtroduce undesired energy in thme domain. To enhance the viewing of the result
we added 10% Gasian noise and show the same CMPs in Figure 3.1c. To ithenicconsistent
sampling problem imeal data problem, we mute four sources and show the same CMPs in Figure
3.1d. The stackof both regular andecimateddataareshownin 3.1e and 3.1f. Applyig NMO
using the correct RMS velocity accurately flattens the reflector but results in residual maveout
the diffraction (red arrows)his is due to the fat¢hat diffractionshavea longer travel time than
the reflectionAlso, theunderlying assumption of 5D interpolation is that missing traces look like
adjacent traces. This assumption has shortcamingreas with different travel timevents We

feed the decimated data intea@mmercial POCS algorithm to reconstruct the missing traces using
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the following annulus sector binspi=45° by qh=80 ft (Figure 3.1y a G=d5°p qh=100 ft
(Figure 31h). Visualizing the CMPs shows that the data reconstrinetsdifferent characteristi

for the deeper reflectiofred arrow).The different can be explained by the bias due to the anulus
sector bin usedlo better analyze the effect of the interpolation, we stachntieepolateddata
using different annulus sector bins to evaluate theceif has on construogy a seismic imagéen
Figure 3.1i we use @i=90A and @h=750 ft offse"
not well constructed (green arrows) and the diffraction (red arrow) is suppressed. In Figure 3.1]
we use apld=4®A 100 ft sector bin which results
with minor artifact but suppresses the nonspecular energy completely (red arrow). Finally, we
show the results for @i=45A and onptustth®@enerdyf set s
of the specular energy apartly constructthe diffraction with minor artifacts. In general, coarse

annulus sector binning affects both reflection and diffracliomparticular, diffractions are more
susceptible and tend to be thesfifeature of the data to be affected. The sampling differences
between the original and 5D interpolationoffset and azimutbould easily account for some of

the differences in the diffractions and flat events that we see in Figuje Bracessors stuld get

into the habit of testing different annulus sector bins to ensure the features of interest are preserved.

Geological Background

The datausedin this studywere acquired by Chesapeake Energy to imat\ississippi
Lime" play in northwest Oklahoan. The AMississippi Limeo is a
heterogeneous package of tight limestone, siliceous limestone, and fractured chert. The reservoir
is complexwith most porosity being fracture porosity with most of the fractures being shrinkage

(diagenetic) rather than tectonic fractures. The original siliceous limestone was deposited during
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the Mississippian and theaectoni@lly uplifted in the early Pennsylvanian leading to periodic
subaerial exposure and erosion, as well as-g@gbsitional Beration. This complex geologic
journey has led to a significant lateral and vertical heterogeneity and compartmentalization within
Mississippian formation (Montgomery et al., 1998). The main four electrofpc@®sed by

Lindzey (2015) ardigh-porositytripolite, chert, fractured tighthert, and tight limestone.

The structure in this area is relativity flat with one major fault that trends ronghlyeast
to southwest acrogbe survey with the downthrown block to the south. ©ffset of the fault
varies across the area with the maximum offset at 100 ft and théLfimaltey, 2015). The target

of the surveys relatively shallow, rangig between 5000 to 5300 ft and 88B0ms.

The Mississippian Limestone play has been drilled vertically with significant success over
the past century. Intensive horizontal drilling started in 2007 followed by unconventional
exploration which renewed the interest of this play over the paatdeBetween 2012014, the

production saw a jump from 50,0001kday to 300,00®bl/day.

SeismicData Acquisition and Processing

The seismic data in this study cover 44°kising theorthogonal acquisition pattestown
in Figure 3.2aTwenty-six receive-lines with a line spacing of 440 ft were active for each shot
with a 220 ft receiver spacing. The soutite spacing is 880 ft with 220 ft source interval. This
acquisition pattern produces a maximum nominal fold of 220. The maximum offset is 14yD00 ft
the EW direction and half that offset in the-8l direction Figure 3.2bshowsa representative

spiderplot for this survey.
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The data quality is hindered by the presence of ground roll that can be linked to a shallow
gypsum layer. This layer extend®iin the north of Oklahoma to the south of Kansas (Suneson
1998), evident by the presence of one of the largest gypsum, gaN®ily accessibleslose to
this survey. Werocesshe data using a conventional workflow starting with trace editing followed
by relative amplitude scaling and surface consistent deconvoliNiext, we apply linear noise
suppressionRefraction statics precede velocity analysis and surface consistent residual statics.
Due to the fairly regular acquisition our surveyith few ggps,we chose POCSD interpolation
technique using commercial softwagygor to migration velocity analysisPOCS is widely used
in signal and image reconstruction. The main controlling factors for this technique are the annulus
sector binning, the numbeaf missing seismic traces and the threshold used to reject the low
amplitudesvavenumbelfZi-Jian et al., 2015). POCS requires at least half the traces to be live in
the inputgather(Pan and Schlosser, 2018Ye interpolatedhe data along thazimuth and offset
axes Uuis4 %A ahapb0 fipins. The objective of this interpolation isto enhance the
coherent signal and suppress the acquisition footprint whilst preserving the geology. Figure 3.3a
and 33b shows the fold map of the ddtaforeand after 5D interpolationesulting in an average
increase in foldy a factor of 4Figure 3.8 shows the spider pléor the same CMP shown in

Figure 3.2bafter 5D interpolation.

Effect on Migration and Geometric Attributes

To comparehe two datasetsye first consider the effect of 5D interpolation on the velocity
analysisThe velocity semblance is constructed by
together to form a supgather. The data quality and offset coverage dictates how many CMPs are

used in the supegather. For these data, we used 7 by 7 bins (or 49) CMPs to construct a
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supergather for semblanbased velocity analysifn fact, one may consider the sugathers as

a crude form of interpolatiowhere we rely on adjacent CMPs to yide denser offset coverage

The advantage of 5D interpolation over sugathers is thathe it useshigher dimensionso
interpolate. Figure 3.4how the velocity semblance farsupergather computed using tluata

with and without 5D interpolation. Thenterpolated datamproves thevelocity semblance
resolution in theshallowsectionyesulting inmore continuous reflectsion the interpolated gather

The zone of interest is highlighted with the yellbax on both datasstAt the zone of interesg
significant improvemenis achievedn the faroffset which gives a clearer semblantae deeper
sectionon both Figure 3.4a and 3.#xontaminatedby the multiples due to the carbonktgering

in the zone of interest. Because of the improvement seen on the interpolated data, we used it to

pick the migration velocity.

Unfortunately, if we picked multiples below the top of the basement (below the yellow
box), the continuity of these vents wilelkalso improved. The data beyond the muted zone (red
dashed line ira) havebeenextrapolatedandthe resultin the far offsetmay be inaccurate. b
extrapolation may result ian image that is highly prejudiced by the initial picked velocity. We
show aCMP before and after interpolation to verify the effect of interpolatiotherar offset in
Figure 3.5. To reduce the effect of the interpolated data, a harsh mute is applied after migration to

suppress all thartificial events created in the far offset

There are two pitfalls in this moddtiven workflow. First, if we assume our model to be
one of hyperbolic moveout, weaker, far offset nonhyperbolic moveout traces may be
misinterpolated or perhaps extrapolated based on the higher amplitude neafRigaoes3.5).

Second, if it is difficult to pick an accurate velocity due to strong multiples (such as below the
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basement at t=1.2 s in this data volume), then we will preferentially interpolate and enhance

multiples rather than the weaker primaries.

Figr e 3. 6 shows | ine AAO6 t hrpeestachKirchiot#imest ac k e
migration for both dataets in Figure 3.6sing the velocity picked on the interpolated data. The
Mississippian toappears aa broad peak on the seismic data that catifbeult to pick in certain
areas (Lindey, 2015) We observe morebalanced amplitude after the interpolat{gigure 3.6b)
which can be linked to the reduction in footprintaddition, the fault is clearer on the interpolated
section (green arrow).For that reason, the balanced amplitude is more desired fanaitito

pickers This is also a product of the higher fold generated by the interpolation

The third comparison is on seismic geometrical attridtke vertical resolution is defined
as a quder wavelength of the data. We computed coherendbkeoariginal dataset and extracted
horizons slices along the Marmaton and Mississippian formation in Figure 3.7. Both slices show
both random and coherent noiggther techniques in the literature sueh SOF (Zhangtal.,
2016a) and radial trace time frequency peak filtering using Hurst exponers &aang et al.,
2016b)can reduce the random and coherent nddso, £parate techniques also exist in the
literature to suppress footprint suchthsse described blAli et al. (2018 andGalibert et al.
(2002) however, they offer no data regularizatiddoherent noise such as footprint is more
difficult to predict by interpolation as thesnaskin with the signal. Interpolating without
distinguishig the two could indeed result in distorting coherent signal amplifidel 2014)
acknowledged that applyingormal moveout (NMO) prior to interpolating the data simplifies the
task by reducing the wavenumber bandwidth (and aliasing) in the offsetatirantireducing the

binning error Applying NMO allows the interpolatioto preserve the coherent sigiaald suppress
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the footprint. Figure 3.8 shows the same two horizon slices extracted from the coherence volume
after 5D interpolation. Both slices shoesk acquisition related noise. The channel edges seen in
Figure 3.8a are suppressed after the interpolation. The Mississippi Lime horizon slice shows a

clearer image and a slimmer fault

The ability of 5D interpolation to enhance the reflections and presebtle features such
as faults, diffraction and fractures is crucial. The challenge for 5D interpolatiampterization
is in defining the appropriatnnulus sectdoinningto approximate thdiffraction wavenumbes
properly.Such sensitivitys mote of an issue fodatalocatedclose tothe borders of the survey,

particularly at shallow times or far offsets becausdemirease in the number of live samples.

Effect on P- Impedance

To further evaluate the impact of seismic data interpolation, we performed-orogssi
acoustic impedance inversion on the data before and after 5D interpolation. A total of four wells
are available for this survey withwWave logs and density. Perry (Z2Q1ldemonstrated how 5D
interpolated and spectral balancing together can improve -thgpédance compared with the
original data. Figure 3.9 shows horizon slices along the top Mississippi lime through the regular
and 5D interpolated volumeBoth slices she similar overall trends. The linear features shown
by black arrows in Figure 3.9a are artefacts that correspond to acquisition footprint seen on the
original amplitude data. 5D interpolation suppress the footprint noise and hence, in the impedance

we havea much smoother variation ofiPipedance.

Figure 3.10a and 10b shows coherenceetalered with Fmpedance for the original and

5D interpolated data respectively. Lindzey (2015) indicated that the downthrown block shows a
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broader peak in the at the top of the Mississippian immediately souté fzulh compared to the

north of the fault. She concluded that is due to result of the abundance of chert conglomerate
transported from the upthrown (red arrow) block down to the downthrown block (white arrow).
Both slices show similar trends with a mom@mounced low impedance on the 5D interpolated

data.

Finally, we show the impedance slice through the same horizon with the coherence
computed on the original data for comparison. The structurally governed impedances changes are
imaged better in Figure Bl than in Figure 3.10a and 10b. Such an analysis make sense, since with
the original coherence we can preserve all the structural features and with 5D interpolated P

impedance we are able to suppress all the footprint noise and its effect on impedance.

Conclusions

For economic reasons, mosisnicsurveys are acquired on coarse grids which gives rise
to acquisition footprintThis limitationcan degrade the quality of the data and affects semblance
based velocity analysigeometrical attributes and ahtude preservationin the midcontinent of
the USA,5D interpolation methods have become&vellaccepted part of the seismic processing
workflow that helg suppressacquisition footprint and improves specular reflections for
impedance inversiorAlthoughregularized seismic data yielddetter signato-noise ratio and
better AVO analysis, one must be aware of the inherent limitations of the method due to parameters
settings and the nature of the features being interpolated. We have demonstrated 8€ing PO
interpolation algorithm onraOklahoma Mississippi Limelataset that subtle features can be
damagedat the expense of improving the amplitude analysis.aftlébutethel oss of fAedge:

the seismic images using thaditional Fourier transfornmbasedsSD interpolation technique®
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the error introduced due to tlaanulus sector binnin@nd inherenNMO correction.All these
factors could lead to the lack of lemmplitude wavenumber needed to construtitlefeatures
suchasdiffraction and which arefamportance to interpreters. In our analysis we found that
computing geometrical attributes onginalinterpolated seismic data gives better results whereas
impedance is better computed on 5D interpolated ddegarecommend thahierpretergequest

daa volumeswith and without interpolation to construct a more detailed image of the subsurface.
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Figure 3.1 (a) Model of a faulted reflector in depth. (b) 7 CMPs after NMO correction usir
correct velocityRedarrows indicate unfocussed diffraction events. (c) same CPDs in (b) ¢
adding gaussian noise 10% of the amplitude. (d) CMPs in (c) after decim&tomuted 4 out
of the possible 9 sources in the modeled data. (e) Stacked original data. (f) Stacked data
decimation. Red arrows indicate areas where we can see residual moveout on the diffrac
Also, note how thestrength of the diffraction idifferent between two stacks are different due
decimation. The edge of the top diffractor is shorter. CMPs after POCS interpolation usin
annulus sectoris45Ananéeesuli-dd)\ O (G The
number of traces p&MP depends on the annulus sector bin size. In this figure we illustra
remnant moveout on the diffraction after NMO and express the importance of annulus se
binning prior to interpolation. To better illustrate the result, we show the stacks different
annulus binnilr@® OiAnhain id & Goriié 4 5 § ijhY 80dpt o (=K5F andp
gh= 80 ft. The specular reflection energy is not properly constructed due to the in approp
annulus sector binning (green arrows). (k) giveltést binningo enhance the specular
reflection. Red arrows show areas wherertbespeculaenergy is not is not constructed. Wit|
this minor change and after 3D stacking subtle features may get suppressed.
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Figure 3.2.(a) Map showing the survey acquisition geometry. orthogonal geometry. Sc
indicate shot locations with shot lines running approximately Nérthu t h . Pl us
i ndicate receivers with r ec-#Vest Backcsclebkdi n
green + signs indicate a representative comsiat gather. (b) Spider diagram a
representative common midpoint gather. Notice the survey has longer offsets iWthe E
direction than in the N5 direction. (c) cartoon showing thanulus sectdoinning of a
common midpoint gather with two offset and four azimuthal sectors with (left) data bef
5D interpolation showing three bins containing one traces, one bin containing two trac
four bins containing no trace. (right) the goal of 5D interpolaBdo fill each bin with at
least one trace. In our implementation, the annulus sectors bins meagix#®A a h=d
660ft used to interpolate the data. At least 50% of the traces need to be alive to interg
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Figure 3.3.Fold map of the surveghown in Figure 3.2 (a) before and (b) ai
5D POCS interpolation. The nominal bin size is 110 x 110 ft. In general, t
more regular fold will result in reduced acquisition footprint. (c) Spider plc
the same representative common midpoint gathewstio Figure3.2bafter 5C
interpolation.
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Figure 3.4. Velocity semblance panels and the corresponding CMP supergathe
before and (b) after 5D interpolation. The yellow box indicates the target area
consistingohighvel oci ty fAMi ssissippi Li meo
Top of basement is at approximately t=1.2 s. The section below top basement
contaminated by multiples (black arrow). The interpolated semblance (b) show
f ocused pi8wr semblancé panel (red arrow) and more continuous
hyperbolae in the CMP gather (green arrows). Unfortunately, if we picked mult
bel ow the top basement, this contin
data beyond the mute zone (red dasir@ldn the gather in a) have extrapolated .
may result in inaccurate response and a stacked volume that over stresses the
picked velocity.
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Figure 3.5.(a) Original CMP without mute. (b) Original CMP after the mutelritdrpolated

CMP. The three CMPS are plotted against absolute offset. Note we have stronger reflections
after interpolation and more traces per CMP bin (red arrow). The greersahowthe
extrapolated data along the reflections. This data resulteesssig the far offset amplitude on

the stack.

60



Time (ms)

2200 ft

Time (ms)

2200 ft

Figure3.6.Ver ti cal slices along |line AA® thr«
and (b) with 5D interpolation. Note the better amplitude balancing in the zone of interest

between t=900 and 1200 ms. The vertical resolution at the deeper Arbuckle horizon is als
significantly improved in (b) when compared with (a). The improved amplitude balancing
directly related to the more consistent fold and spider diagrams provided by 5D interpasa

shown in Figure 3.3. Red arrow indicates areas where the noise has been suppressed. T
arrow shows the fault.
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Figure 3.7.A horizon slice along (a) the top of the Marmaton and (b) top Mississippian through
coherence volumes computed from on the original data. Note the channel runnirgonthtion

the Marmaton slice, indicated by red arrows. In the Mississippian image hateppear to ben
echelon faults (orange arrpwnd elliptical karst collapse features, some of which were identified
by Cook (2016) on horizontal image logs. In both slices, tHe &hd EW acquisition design
results in a rectangular footprint pattehatt fades in and out across the survey that is directly
linked to the deployment of sources and receivers shown in Figlre 3.
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Figure 3.8.The same horizon slices shown in Figure 3.7 along the top of the Ma
(a) andMississippian (b) formations but now through the coherence volume cor
from the 5Dinterpoled volume. Most of the footprint artifacts have been elimir
Unfortunately, the channel edges seen in Figure 3.7a have been lost a
interpolation. TheNE-SW trending fault that appeared to be en echelon in Figur:
appears to be more miinuous after 5D interpolatiorather than as an en echelon f
in Figure 3.7b. Karst collapse features in the Mississippian identified by Cook
also appear thave been suppressed.
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.Low

Figure 3.9. Horizon slices along the top of the (a) Marmaton formation
Mississippian through the-Rave impedance volumes obtained by prestackrsior
of the original data. The black arrow indicates the liniment feature we desc

footprint.
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Figure 3.10.Mississippian horizon slices through acoustic impedanaerdered with
coherence (a) before and (b) 5D interpolation.
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2200 ft

Figure 3.11.The impedance computed on 5D interpolated datendered with the coherer
computed on the original data. Note the coherence anomaly seems to delineate the hic
impedance (magenta) anomaly in the SE part of the image.
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Abstract

Fractures play an important role in most carbonate and unconventional res€&iwoirss
reason, accurate identification of fractures and their associated properties using seismic data have
significant importance in reservoir characterization. Amplitude variation with azimuth analysis
provides measurementBat are sensitive to thatensity (fracture density) and orientation of
fractures. If thdractured unit can beeated as an equivalent anisotropifectivemedium we can
create an approximate fracture model. The underlying assumption of effective medium theory is
that the fratures are uniformly disturbed and sufficiently close such that only specular reflections
from the boundaries of the fractures are observed. In contrast, for random fracture spacing,
individual scattering occurs, and the assumptions of effective mediusnythesumption are
violated.

In this paper, we modéliscretefractures in the reservoir and analyze the amplitude at the
top and bottom of the reservoir. In the first analysis,examineconstant vs random fracture
distribuions. We find that the bottomeflectionis more sensitive to the fracture scattering and
henceshowsa larger amplitudaleviation between the constant and random fracture spacing
amplitudes. In the second analysis, we vary the fractwedical locationwithin the reservoirThe
deviation in the bottom reflectioms reducedwith reducedfracture vertical extent. Finally,
comparing the amplitude of the top reflection generateotropic and the fracturechodels

indicates the location of fractures within the reservoir.

Introductio n
Natural fractures exist ifboth conventional and unconventionaservoirs Natural

fractures exist invariousscales from discrete joints/faulteneasuring 10s or 100s of metéos
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microcracksmeasuredn millimeters. Fractures are important in oil and gas exploration and
development, providing not only significant permeability, but sometimes significant porosity as
well. The knowledgeof the spatial distribution, orientson and mechanical properties of the
fracture gstems i<ritical in constructing numerical reservoir simulators to enhailgecovery.

Fracture detection is an integrated task involving geology, geophysics and petrophysical
techniguesA common approach is to userttalata, such as cores, outcrapalysis, image log,
and well logameasured directly from the target formatidn.general, such measurements provide
very high vertical resolution and can be used to conspeedictions made from 3Burface
seismic data. Hard-data are essential ioharaterizing the zones of interest and providing
informationon whether the fractures are limitéd a specificformation or cut througimultiple
formations. Core and log measurements are local and hence fail to provide information on the
natural network ancateral extent of the fracturéslilad et al., 2018)

Another common techniquelies on3D surfaceseismic data which providagherlateral
resolution butower vertical resolutiorthan well contral Depending on the scale of the fractures,
different sesmic attributes can be usaérgescale faults can baetectedising seismic geoetric
attributes such as coherence, curvatuoe disorder (Marfurt and Chopr&007). A Fr act ur e
swarmso which are closely spaced fractures ca
2014).Cracks andnicro-scale fractures can be indirectly detedtedughazimuthal variation in
velocity and amplitudéGrechka2014 Liu et al., 208; Liu andMartinez 2012)

Figure 4.1shows the different scale fractures dhéir methods ofdetection Beginning
with fracturesthat are much smaller than the seismic waveleragtth microscaleractures give
rise toamplitude and velocity variatisrthat can be measured on prestack seismic offset and

azimuth gathers. This directional dependence of velocity and amplitude, or anisotropy, requires a
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theoretical model that allows us to build relation between thessisinic scale properties and the
seignic wavelength. We use Effective Medium Theory (EMT), to replace the small scale
heterogenous isotropic medium with an equivalent large scale homogeneous anisotropic media to
represent the fractures. Whine size of fractures relevant to the seismic wengthis extremely

small the effect of a fractured layer on the seismic response can be asdbedaverage properties

of a medium $choenbergndSayers1995.

Techniques characterizing the anisotropy can be based on velocity or amplitude variations
with direction.The most commonwelocity-basedechniqueso characterize the anisotropyelude
velocity variation with azimuth (V¥z) and shearwave splitting,as well asamplitudebased
techniqgues such asmglitude variation with Azimuth AVAz). The anisotropy parameters
predicted by each tecljue varydue to method sensitivity and underlying approximations
(Delbecget al., 2013).

Since initial observations of azimuthal changes in velocity by Lynn e1295, Mueller
(21997, Crampin(1981), and Thomsen (198&Gnisotropy analysis from surface seismic data has
progressed rapidlyR¢ger and Tsvankin (1997) defined the basic theory for ampliwadiation
with-offset (AVO) inversion in fractured media. Gray (2008) used azirdafendenvariations
in the AVO to allow fracture delineation. Zelewski et al. (20@8jnonstrated the usefulness of
wide-azimuth and AVAz inpredicing the presence of fractures. Dong and Davidson (2003)
discussed seismic acquisition design and its impact onrdgicgion of fracture density and
orientation. Liu et al. (2011) proposed a-precessing workflow dedicated to amplitude versus
incident and azimuthal angle (A\ZA inversion, while simultaneously addressing the imaging

issues caused by the shallswfa® overburden comekity and acquisition footprintiu et al.
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(2016) studied the effects of overburden and thin layers on fragtwhesed azimuthal AVO
response through forward modeling.

Other scholars conducted more complicated forward modeling exgr@srto validate the
robustness of the effective medium theory. Liu et al. (2015) constructed a synthetic model with
parallel and orthogonal fractures at different scales and estithaté@cture density ahesmalk
scale fractures even when largeale fractureswere present.Fang et al.(2017) showed that
fracture clusteringwhich violates the uniform fractures distribution assumed by EG&&R
significantly affectthe reflection characteristiesxd caus&VAz/AVO responseso deviate from
those corrgsonding toconstant spaced fracture amplitudgeismic amplitude in the presence of
fracture clustering is dominated by fracture scattering; with sufficient clustering one may treat
fracture scattering as a single separate diffraczhuster et a{2017) arguehat with sufficient
lateral seismic data resolution that one can separate diffractions using diffraction imaging

Diffraction imaging isunique due to its ability to image smadcale discontinuities
including faults, edges, pinch oytsugasity, channeledges,fractures, and karsS{urzu et al.
2014;Sturzu et al.2015; Decker, 2014)sareni et al.2017) Liu et al. (2015) used four color
blended diffraction volumes to highlighbheamentin the sub surface. Raudhavies et al. (2014)
ard Berkovitch et al. (2009)sed diffraction imaging to generate a diffraction strength volume and
correlated it with fracture density from well logs to highlight potential fracture corridors. In
addition to scattering due to fractures, the effect of therbmwrden, thickness and lateral
distribution of the fractures is an active area for research. Documenting the effect of fracture
signature on seismic amplitude can help bridge the gap between the high resolution seen on image

|l ogs such as [BaeFormatinéMicpimagér sFMIHogs) and the seismic data.
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In this study, we ansider two groups of fracturenfined fractures which are extensional
nonsheared fractures that do obss through the entire layer amaconfined fractures which are
fractures that cut through the whole layer. We follow the work by Fang €04l7)(and examine
the seismic amplitude due to a fractured medium using both constant and irregular fracture spacing.
in both confinedand unconfined settings.

The paper is statured as follows: First, we briefly introduce the models of fractured media
and the parameters needed to build the model of choicaskttee powerlaw theory that provides
the randomness of the fracture spacing. Second, we introduce the modeling algorithm and the
properties of the fractures considered in this study. Third, we validate our modeling accuracy by
constructing a threlayer moatl with a constant fracture spacing and propagating the wavefield
as an EMT (single anisotropy parameters) vs. discrete joints fractures, where each fracture is
modeled using a single stiffness. Next, we generate a suite oflalyezemodels and vary the
confined and unconfined fracture spacing and location within the reservoir and analyze the
amplitude on CMP gathers. We conclude with a summary of the advantages and limitations of

studying fractures using full wavefield modeling.

Models of Fracture Media
Fracture intensity and orientation a@weo of the more important parameters weedto
estimate both in the exploration stage of the oil field and later in the development and mature stage
when constructing geocellular models for flow simulatidtilad and Slatt,2018. Working
backwards from 3D surface seismic data, we first characterize the seismic anisotropy and

subsequently the physical properties of the fractures. The most popular method to characterize

anisotropy is the e setersRimgdreta. nl993;Thomdemm h986). Whils p ar |
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T h o ms para@eters are very useful in characterizing anisotropy, they offer no direct reference
to the fracture properties of the medium. A second widely used fracture model isohasder
S c h o e n(h980) girnea Slip Theory (LShnHudsonds (1980) model

Linear Sip Theory describeafracture as a thin layer inside an isotropic host medium. As
the thickness of the inserted layer approaches zero, the resulting medium reduces to a linear slip
interface. The LST technique allows us to study the fracture represented as a weaknes#\surface.
horizontally fractured medium fermed by arinterfaceinsertedin a homogeneous isotropic host
medium. A vertically fracturethedium isformedby a vertical inteface inserted in hRomogeneous
isotropic host medium.

Hudsonds (1980) model represents fractures
the host rock. The origin of the isolated penny shaped cracks indicates the type of anisotropy
typically with a Horizontal axis of symmetry (Horizontally transverse isotropic, HTI) or Vertical
axis of Symmetry (vertically transverse isotrc
cracks and therefore does account for the fluid flow between crddiss. accur acy of HL
theory decreases when the crack density is ldrgeontrastL. ST holdsfor large cracldensities
(Grechka and Kachanov, 200®Iso, LST offers a more intuitive understanding of the fracture
because it does not assume penny shaped cracks. For this reason, we will use the LST to model
fractures in this paperhe elastic properties of a fracture are described by the fractupianoe
matrix and depend on the geometry of the fracture surf@choenberg, 198@choenberg and

Sayers, 1995). The stiffness matrix for an HTI medium is given by
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where

_and‘ are the lame parameters,

Y and Y arethe tangential and the normal weakness

@ and®w are the normal and tangential compliances, and

Q is the fracture spatial density that is defined as the number of fractures per unit distance

Note thatCus is equal to the* of the homogeneousotropic host medium stiffness which
indicates that the fracture is described by the elements corresponding to the fracture system only
(Cui et al., 2018Bakulin et al., 200R Under the LST, the anisotropy parameters can be linked
directly to the fraaires using equations3. TheHTI mediumis the simplesto study the fracture

behavior and seismic data signature as a function of offset and azimuth.
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To construct the randomness of the fracture spacing, we follow the {leowé&snction by

Priest and Hudm (1976) and Fang et al. (2QXgiven by:

a«a 9 —, (4)

where® is the fracture spacing in unit distanéeis the poweilaw exponent that controls the
distribution, & is a random number between 0 and 1, @nd and®  are the minimum and
maximum values for fracture spacing, respectively. By solving equationiderobtainmodels
with differentfracture spacingJsingé  p generatesiniformrandomdistribution betweeid
andw  which can lead to the formation of clusters of fractures.
Finite Difference Modeling

We use the finitalifference software of Tesseral Technology IKogtyukevychet al.,
2008) to model the anisotropic wavefield. A grid size of 4 meteiéuinand Y& is used for
optimized forward modeling. The sourceaiRicker wavelet with 30 Hz pkdrequency. Each
fracture is modeled as a single grid width size. We define the normal stiffbess5 e9 m/Pa)
and (@ =5 e8 m/Pa) as a function of the norm#l  and tangential weaknegs ). We generate
fractured modelsising botheffectivemedium theory (EMT) and as discrete joints akin to the work
done by Fang et al. (2017). For the EMT, we model the fractured layer using the average

anisotropic parameters over the wavelength. In all our models, the fractures are situated in a layer
with vp=3 km/s,vs=1.7 km/sanddensity2200—. Thefracture planes are assumede vertical

(HTI) for all cases such that the only variable is the fracture spacing. Given the frequency and the

velocity of the fractured layer, we determine the dominant wavelength to be 100 meters.
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Numerical Validation
Our objectiveis to examine the amplitude due tomuniform fracture spacing in different
confined settingkirst,we analyze the scating due to a single fracture in a homogenous medium.
Figure 4.2 shows a simple sketch to describe the different arrivals due to a single fracture. The
observed arrivalare: PP and PS diffractions from the top and bottom tips of the fracture, as well
as scattering from the sides of the fracture in the form@fdeattering and-B scattering. Fang
et al. (2013) carried a detailed analysis and concluded that the fdwbrmfluence fracture

scattering are the stiffness of the fracture and specificall¥) ), incident angle anddisson's

ratio of the host medium (Fang et al., 2013). In our analysis we-usert5 and hence 3

scattering dominates the enegpattered due to the fracture (Fang et al., 2013).

Second, we validate the accuracy of the modeling algorithm using uniformly distributed
fractures modelegtia the EMT andas dscretejoints fractures. We constructraodel with 129
fractures and IPneter spacingisinga single source located in the middle of the sur#egure
4.3shows thenodels used to generate the two datasets. Figure 4.4 shastotather generated
using the EMT(Figure 4.4a) and the discrete joints (Figure 4.4l)e two slot gathers are
identicalwhich indicate the validity of our modeling algorithm under the EMT assumption of
uniformly spaced fracturedNext, we use equation 5 to generateandom fracturalistribution
with @ =8, =24 and¢=1. The spacingdiween adjacent fractigds plotted against the
offset in Figure 4.5As a comparisonye show the shot gather generated using the constant spacing
fractures vs. the randomly spaced fractumdsigure 4.6a and 4.6kJsingtherandom distribution,
we obseve scattering particularlydiow the second reflection. Scattering also occurs under the

first reflector but are weaker.

CMP Amplitude Analysis
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In the previous section we demonstrated how scattering due to irregataadractures
can generate ampliie signatureglifferent from uniformly spacedractures on common shot
gathers. In this section, we analyze the seismic amplitude on CMP stacked data in three different
scenarios: isotropic, consent spacing fracture, and irregularly spaced fracturesoWaralthe
location of the fractured zone. Figure @shows the models in depth with unconfined fractures
that cus through the whole formatipfractures confined to the top (4.7b) and fractures confined
to the bottom (4.7c) of the formation.

The acqusition configuration is shown in Figure 4.7khe fracture parameters and wavelet
used for modeling are the same as those used in Fgaifeor the irregular fracture model, we
computed 30 simulations for each of the models shown in Figure 4.7 using equatiotb1 and
=8, =24 anck=1. CMP data are collected from 0.5 to 1 km. We show the normalized P wave
amplitude comparison ifrigure 4.8. The red and yellow curves indicate the response of the
constant and irregularly spaced fracture models. The blue dashed curves indicate the response due
to an isotropic case. FigurdsBa and 4.8lare for tle unconfined fracture, Figures 4.8cd 4.8d
are for the fracture confined to the top of the formation and fiffagure 4.8e and 4.&howthe
bottom confined fracture. For the unconfined fractures, comparing Figure 4.8a with 4.8b shows a
smaller deviation between the constant and randeawgiure spacing for the top reflection and a
big deviation for the bottom reflection. The bottom reflection has a larger Fresnel zome and
affectedmoreby thefractures. For the top confined fracture, Figure 4.8c shows identical results
to 4.8a becausthe same fracture scattering is seen by the top reflection in bstis.déor the
bottom reflection 4.8dthe isotropic reflection has larger normalized amplitude than the fractured
reflection. For the bottom confined fracture, the top reflection of teured cases matches the

isotrgpic case. In the presence of an accuvatecity modelsuch as from tomography or CMP

80



reflection scanmodeling the response for an isotropic model and comparing it with the real data
gives a quickindicationabout the loation of the fracture. From our analysis we notice the top
reflection is less influenced by fracture scattering ancpcavideinsight when compared with the
modeled isotropic amplitude behavior. The bottom reflection sees more of the fracture signature
but translatingthe signaturento fracture spacing is challengingue to the deviation between the
constant spacing and irregular fractures, the results indicate that EMT may give inaccurate results

because it does not account for fracture clusteringteffe

Limitations: Although the thickness of this reservoir is unrealistic, similar results can be achieved
using thinner formation and higher frequency wavelktsaddition,stacked carbonatean give

rise tostrong internaimultiples and undesired arrivadad those hawveot included in this analysis.

We also assumed knowledge of the spatial distribution and characteristics of the fracture
construct our forward model&or real data, we can rely on core and outcrops pcogpnate of

the fracture charactestics and orientation to carry similémrward model analysisAlthough
numerical modeling does not encapsulate the full complexity of the real data problem, it gives
moreinsight into studying fracturscattering as aotnplimentary method to the existing effective
medium theory. Also, forward modeling can bridge the transition from EMT and fracture
scattering theory to diffraction scattering theory base methods such as diffraction imaging. Linking
diffraction imaging tofracture characterization is an active area of research. In Appendix A we
analyze the effect of anisotropy as a function of azimuth for different fractured layer thicknesses.
Also, we listsome of the factors controllinthe resolution of diffracting imagg through

established concepts in the literature.
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Conclusiors

Using numerical modeling under EMT and as unconfined, confined discrete joints we find
that when fractures are irregularly spaced, clustering occurs,tb@desponse is different from
the seismic amplitude predicted from EMT theory. This amplitude deviation is stronger for the
bottom reflections.

The top reflection is less influenced by fracturetterang and by comparing it to isotropic
modeled AVO can establish whether fractures are confined to the bottom of the reservoir. It
remains a future research area to study the effect of scattering in a thinner more realistic formation
thickness and predidracture distribution from fracture scattering directly. Also, studying the
signature of random fracture length can spark ideas to using fracture scattering directly to analyze

the anisotropic properties.
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Figures
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Figure 4.1. Different scale fractures are detected using different methods. Larger scales can be
detected through seismic attributes such as coherence.-ddales can be detected using
diffraction imaging. Micrescale can be detected through AVAz and AVO. In thispape focus

on themicro-scale tanescscale transition.
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Reflector

Figure 4.2. Different arrivals due to a single fractui@ incident Pwaves Modified afte
(Fang, et al., 2013). Depending on the fracture properties sstiffiasss, elastic properti
and angle of incider{red arrows)different arrivals dominate the respomahough shee
waves are generated from the refraction tips, we preferentially measure and pr
enhance PP diffractions. In contrast, @av&ve incident on the side of the fracture \
generate both PP and PS reflections. These events will convert at the bottom of the 1
(forming what many call a prism wave) which where PPP and PSP events are mei
the surface.
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Figure 4.3. The model used to generate the data uttteeffective medium theory @a) andas
discrete joints (4.3b). In b the spacing between the fracture is 12 m. The thickness of the
fractured layer is 200 m and the fractures extend through thie Wyer (unconfined fractures
We average the anisotropy parameters over the wavelength to represent the model unde

EMT.
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Figure 44. (a) Shot gather motkrl using the model in Figure3&. (b)Shot gather moded
using the model in Figure3b. A wavelet with a peak frequency of 30 Hz, grid sizpisqz=4
m. The two shot gathers are identical which confirms that discrete joints give similar re

EMT when the fractures are uniformly spaced.
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Figure 4.5. Fracture spacing generated using the pdesrequation, the circle represer
the fracture spacing between adjacent fractagasnst the soureeceiver offset.
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Figure 4.6. (a) Shot gathemodeled using the model iigure 43b. (b)Shot gather modeled

using the model with irregular fracture spacing. The gather generated using the irregular fracture
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the host medium.
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Appendix A

In this appendix, we give a brief backgrouod the motivations behind thmvork and
provide additional model results to support our analji$iss effort started as a collaboratiwith
Marathon oil company to understand the effectiveness of AVAz and diffraction imaging in
characterizing fractures. In particylaMarathon geophysicists wamb investigate how the
thickness, velocity and fracture intensity of the reservoir change s#ismic amplitude.
Understanding the effects of these factors requires us to show the basic limits of seismic resolution.
Ultimately, the goal is to compliment the results from the well logs through seismic forward
modeling. We summarize our findings tire benefits and limitations of using finite difference

algorithm to model fractures as AVAz and diffraction imaging problems.

Amplitude Variation with Azimuth

Liu et al. (2015) used velocity, density and fracture intensity from well log to model AVAz
for a marine data offshore of the United Arab Emirates. They used a reflebtagity rather than
a full-wave modeling algorithm and as a result, they did not model undesired arrivals such as
multiples and PS5 waves. For real data, mitigating the multipkegssential prior to any AVAz
analysis. First, we constructed dayer model to analyze the amplitude variation at a specific
offset in three different scenarios: unconfined fractures, confined fractures the top and the bottom
of the reservoir. Second,engenerated three models to analyze the effect of the anisotropy as an
overburden on a deeper isotropic/isotropic reflection as a function of azimuth. \We =84 and

Y  T® to represent the anisotropy.
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The models used for the first case are shoignre Ala to Alc. To avoid tuning and
shearwave arrivals, we used a thick reservoir. In Figuréad the whole 600 m thick layer is
fractured. In the Figure Ab, the top 300 meters of the fractured cases. In the third scenario, the
bottom 300 metersf the layer is fractured Ac. For thick reservoirs, there is a strong sensitivity
in the reflection from the top and the base of the zone to where the fractures are located.
Specifically, the top reflectivity is insensitive to fractures when they amérnsal to the bottom.

The base reflection is sensitive to the location of the fracture zone in all three scenarios.

Figures A2 shows a suite of the models constructed to examine the effect of the thickness,
and the location of the anisotropic layer ie thverburden. Figure-2a, shows different models
with three different thickness (10m, 50m and 150m). The anisotropic layer leaves an imprint on
the deeper isotropic/ isotropic reflecting for all three thickness. A thicker anisotropic layer results
in a lover amplitude deeper reflection. The maximum and minimum amplitude orientations are
dependent on the thickness and positions of the fracture layer which may be another reason for the

90-degree ambiguity in determining the fracture orientation from amplitiada.

Diffraction Imaging

Using diffraction imaging to deterministically resolve the fractures changes the nature of
the task at hand. We rely on 2D synthetic data to model individual diffraction and examine the
controlling factors. We structure this sea as follows: The diffraction imaging assumptions

considered in our models are:

1- The acoustic PP wavefield are modeled and recorded only,

2- The modeling is noise free,
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3- Multiples due to reflections have been successfully migrated and removed, and

4- We can separate nespecular diffraction from specular reflection.

Finite difference modeling

We use a grid size of 1 meter 86 andYa. Diffractions are modeled with a 2% slower
velocity than the background medium. The width of flaeture/diffractor affects the amplitude
generated and therefore a thicker diffractor gives a stronger seismic amplitude. For synthetic
modeling, any fracture width provides good results, especially in noise free environments. The
only limitations for sythetic data are that thinner fractures (< 1 meter) require a smaller grid and
subsequently increase the computation time. We chose a 10 meters thick fracture because it has
5% of the reflection amplitude energy, and this representative of detectabletidiffia real data.

For all the models, we use two diffractions separated by 100 meters.

To understand the detection limitations of diffraction imagingreveewthe concepts of
horizontal and vertical resolution for poststack data in a lossless mebhenvertical resolution

for a poststack data in a lossless medium is give®diyisteet al. (2017

Q4 — (A-1)

whereQ ds the vertical resolution and the wavelength is given bwyhere 0 is the velocity and

"Qs the frequency. With winder range of incident angle, we approachthe—. Figure A3a

demonstrate how to approach the maximum resoluéad, includes faults with the following
throws 100, 40 and 5 meters. For faults to be deterministitedected on conventional reflection

seismic data, they need to be above be a quarter of the dominant wavelength or more. For our
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numerical example, this occurs for the fault with a throw of 34 meters and above. We can detect
separate diffractions fronhé top and bottom of the feature for larger throw faults such as the 100
meter fault. As we approach a quarter of the wavelength, the scattering from top and bottom
interfere, and we detect the feature as a single point diffractor. Such faults causiemgflesks

to line up against troughs at the location of the fault (FiguB8®)A Smaller faults can still produce

a recognizable displacement in the reflection. Finally, the fault with a throw of 5 meters or less
appears difficult to detect. Using difftamn imaging, we can detect the 100 m and 40 m throw
faults but may struggle with the 5 meters throw because it has a low amplitude and could be masked

by the background noise.

The horizontal resolution for a poststack lossless medium is givBclysteet al. (2017

Qo ——— (A-2)

whereQ dis the lateral resolution anis the migration aperture. From equatiof2Ave conclude

that shallower depths and smaller wavelengths result in increased horizontal resolution. The
migration aperture is inversely proportional to the horizontal resolution, whereby a shorter aperture
smears the diffractions and reduces the lateral resolution. For real data the aperture is a little more
complex. Large apertures will not only incredise computation time but also in poor signal to
noise ratio and degrade the migration quality. Two nearby fractures are resolved when the
horizontal resolution identifies them as two separate events. We examine the influence of
migration aperture in FigarA-4. In Figure Adb we use a 116Meter aperture and find the two
diffractors are not resolved. In Figuredk, we use a 225Meter aperture and can resolve the two

diffractions.
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Next, we examine the effect of velocity inaccuracy on horizontal respluti@ generate
three models with a 5% slower, correct and 5% faster velocities. Velocity inaccuracy can push the
energy up for slow velocity (Figure-Ba) or down for faster velocity (Figure3b). Also, it causes
the energy of the diffractor in the imagemain to be smeared to appear as a smile or a frown.
Therefore, velocity inaccuracy reduces the horizontal resolution and the ability to resolve the
features is no longer valid. Whereas an error in the overburden velocity may not necessarily reduce

the resolution but it may move the diffraction location laterally.

Confined vs unconfined fractures

Next, we construct a-Bayermodel based on well log obtained from Marathon company.
The model consists of an overburdacarbonate formation and a half spéegure A4-6a). We
insert two diffractors 100 meters apart in theget tightmudrockand examine the following three
scenarios: First, unconfined diffractors that cuts througletiieetargetformation (150mnthick).
Second, théracturesare 75 m long and confined to the bottom ofttrget Finally, the fractures
are 75 meters long and confined to the top oftldrock We also compute the envelope for the

three cases given by:

Q6o i oo i oo

wherei «fp is the orighal trace and «fo s its Hilbert transform Note theunconfined
diffractions have more significant effect on the amplitude at th@tmottf the diffractor (Figure
A-6b). A confined fracture to the lowerudrockis more pronounced than a fracture fooed to
the top and hence can be imaged better both on thgsihaataand the attribute (Figure-ADb).

Further, the strength of the envelope can give an indication of the locatiorfraictioee buis not
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conclusive. The stronger diffraction amplitusken at the bottom is driven by the contrast between
the fracture and the bottom layer. For closely spaced fractures (below seismic horizontal
resolution), the destructive interference may smear the amplitude and attribute. Distinguishing the

models in thaicase using diffraction imaging results can be challenging.

18-layers model

Carbonate formatiomre often vertically stackedthich adds an undesiredmplexity,
creatinga significant interbed multiples which cararkthe deeper diffractions within tHienited
resolution. To illustrate hownarking due to shallower fractures influences the amplitude, we
examine the following three scenarios: Fractures located icatt@natethemudrockformation
and both formations. Figure-8a shows a zoomed portion of the model with the layers
highlighted. Athough interbed multiples due to reflections have been suppressed, we still observe
multiples due to the diffractions. We also see a strong bottom reflection due to the strong velocity
contrast at the basé thecarbonatéFigure A8b). Figure (A8c) shows the imaged diffraction in
the mudrock Weaker multiples still existed due to the reverberatwithin the diffractors.
Finally, in Figure (A8d) the fracture located in tliarbonatdnas masked the fracture at the top of
themudrock where thgertical resolution limit, the thickness from the top of tebonatdo the
top of themudrockis 50 meters. The vertical resolution according to equatieh)(i& 66 meters.

With more sources and wider azimuth acquisition in the field, we may achieve a firatioeso

and hence map the fractures better.

For real data, factors like noise, data quality, acquisition parameters and processing can
suppresdow amplitudesmaltscale fractures Diffraction imaged real data are usually noisy

because of the low amplde of diffractiors compared with background noise.
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Figure A-1. Velocity model in depth with the middle layer(a) fully fracture (b) top 300 mett
(c) bottom 300 meters. (d) Seismic trace at offset (750m), blue for fully fractured, red for
fractured, and yellow for top fractured. (e) Average amplitude for the top reflection. (f) Av
amplitude for the bottom reflection. Although the maximum reflection for the bottom refle
of the red trace (bottom fracture) looks larger, it has theesamarage amplitude.
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Figure A-2. A varying thickness anisotropic layer influences the de
isotropic/isotropic reflection and gives a different amplitude signat{@e.Thret
models with different thickness fractured layer in blue. Fromefighe thickness
the layer is given as (10, 50 and 150 meters). (b) The variation of the amplitL
function of azimuth for the thremodel shown in (a). The corresponding thickne
are given in the legendlhe maximum and minimum amplitude oriations ar
dependent on the thickness and positions of the fracture layer which maybe
reason for the 90 degrees ambiguity in determining the fracture orientatio
amplitude data
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