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List of Figures

Figure 1.1Workflow illustrates the steps used in our multiattribute seismic facies
analysis workflow. The interpreter begins by painting target facies of interest on either
seismic amplitude or attribute data. After Kuwahara filtering, histograms are computed
for each facies and each candidate attribute. Attributes that do not differentiate facies
are rejected, while those that do are kept and mapped onto a latent space using GTM.
Next, the pdf for each facies f is mapped onto the latent space generating a suite of
PDFs. Next, the attribute vector at each voxel, m, is projected onto the latent space,
generating an additional PDF. Finally, the probability that a given voxel m belongs to
facies f is computed using the Bhattacharyya distance............ccccccoevieeeecciinnnnnn. 19
Figure 1.2 Table of five seismic facies, their seismic expression, and their attribute
response seen in this data volume. The recognition of featuredltwatiscrimination
between seismic facies is critical. If this can be done, the next most important task is to
select attributes that quantitatively measure these features.............ccceeveeeeennnn. 20
Figure 1.3 A photo of the first author with and without additive noise before and after
Kuwabhara filtering applied to each of the R, G, and B components. Note that noise type
is fAsalt and Cfiteripgmsrooth as intérnalvdethila of the image, but
(LTS AV ST =T [ [ VPP UPPPPPP PP 21
Figure 1.4 Cartoon of 2D Kuwahara filtering. The input data include 25 samples
centered about the red square. Gray squares indicate voxels used in the nine laterally
shifted 9sample analysis windows, each of which contains the output location indicated
by the red square. The output is the mean as median of that gray window that has the

smallest standard deviation. In 3D, we evaluate 125 neighboring voxels, and compute



the mean, the median, and, standard deviafionje 27 overlapping 3 by 3 by 3

ANAIYSE WINAOW......ciiiiiiiiiiiiiiie e ettt e e e e e e e e eneea s s e e e e e e e e e e e e eeeeeeesssannneeeeeees 22

Figure 1.5(a) Timeslice&t 1 144 ms, and (b) vertical sl
seismic amplitude volumén these images, we have painted two seismic facies of

interest: a red salt facies and a yellow MTC facies. Two other facies of interest are a

suite of weak reflectors, which we interpret to be shale on shale package, and areas of

stronger reflectors thate interpretto be amixedsasdh al e package. Line
been interpreted and will be shown in later figures.............ooooiiiiiiceee e 23
Figurelever ti cal slices along |line AAO6 throug

reflector convergence, (c) GLGEnhtropy, (d) GLCMdissimilarity and (e) coherence

energy volumes. Note the fAsalt and pepperc
of reflector conergence. Red arrows indicate faults, which will either be a separate

facies or be misclassified in our attribdtased seismic facies analysis................. 26

Figure 1.7 Workflow showing the input to Kuwahara filtering. For each attribute, first

compute the mean, standard deviation, and median for every voxel using a céntered

sample analysis window. Then find the windkwf J noncentered windows

containing the target voxel that has the smallest normalized standard deviatian,

Finally, output the mediam), of windowk as the filtered value at the target voxel27

Figure 1.8 Vertical sl i {dileered (& tobenegce,llb) ne AAO
magnitude of reflector convergence, (c) GL&Nitropy, (d) GLCMdissimilarity and

(e) coherentenergydNt e t hat the fAsalt and pepper o ex

magnitude of reflector convergence have been suppressed..............cccccoeerrnnn 30

Xi



Figurel . 9 Verti cal sl i ces a Hittered (a)lcoherence A6 t hr o
magnitude of reflector convergence, (c) GL&&itropy, (d) GLCMdissimilarity, and

(e) coherent energy. Compared with the medilsgred attributes; the Kuwahara

filtered attibutes have much clearer edges between any facies......................... 33

Figure 1.10 Time slices at t=1144ms through, (a) seismic amplitude, (b¥nobge(c)

magnitude of reflector convergence, (d) GL&Mtropy, (e) GLCMdissimilarity, and

(f) coherent energy, and Kuwahdiiéered attributes (gj (k). The Kuwahardiltered
attributes suppress the fisalt aetdeerpepper 0;
any two seismic facies. Patterns are easy for human interpreters, but difficult for

classifiers to identify as a Single face...........coooiiiiiiccc e 39

Figure 1.11(a) A vertical slice along | ine
attribute values along the trace 1 and the trace 2, and (c) Kuwfdteaesd attribute.

Before Kuwahara filtering, values within the séttime vary rapidly, making it difficult

to detect the top salt boundary. In contrast, the Kuwahara filtered trace shows piecewise
smooth values, producing a sharp boundary at the top of the salt dome and.M4C.

Figure 1.12 Histograms of picked facies are normalized for easy comparison and do not
change the correlation coefficient of any histogram pair. Note that Kuwahara filtering

both narrows and further separates the distribution of the attribute histograms.42

Figure 1.13 Histogram correlation coefficiert< 0.5 are highlighted in green between

(a) original seismic attributes pairs, and (b) Kuwatdiered attributes pairs.......... 43

Figure 1.14 Vertical slices along | ine BBC¢C
amplitude cerendered with Kuwahasfltered and using threshold attributes, (a)

coherence, (b) magnitude of reflector convergence, (c) GGivbpy, (d) GLCM

Xii



dissimilaity, and (e) coherent energy. Note that the Kuwafitiesed attributes, with

the low facies histogram correlation coefficient (Figh3b), more clearly blocks the
desired facies. Locatilbn..of. .. .l.i.ne..BB® shows
Figure 1.15 Vertical slices along | ine AAC
crossplotted coherence and GL&similarity, before (a) and (b), and affey and (d)

Kuwahara filtering. Note that the Kuwahara filtered crossplot shows sharper edges and

(€SS INternal VarialiOm.............uuuuuueiiiii it e e e e s srres s e e e e e e e e e e e e e eeeeeeannnes 47

Figu e 1. 16 (a) Vertical slices along | ine A

gtm classification with original attributes use a 2D latent space mapped against; (c)

vertical slices along |ine AAOG andor( d) timn
with Kuwahara filtered attributes...............ooviiiiiiiieeee, 49
Figure 1.17 Vertical slices along | ine BBC¢C

seignic amplitude, and coendered with, (b) with salt facies (in red), (c) MTC facies (in
yellow), (d) sediment facies (in green), and (e) with all three facies obtained by

manually drawing a polygon on the GTM histogram............ccccoeviiviiieeeccenneennn. 52

Figure 1.18 The voxels painted in Figureb onto the latent space, generating PDFs

for (a) salt, (b) MTC, and (c) sediment, and the single voxels painted ireRi§br

generating PDSs for (d) salt, (e) MTC, and (f) sediment............cccoeeeeevveeeeceeenn. 53
Figure 1.19 Vertical slice along | ine BBO
amplitude, and coendered with Bhattacharyya Coefficient associateld ¢a} salt, (b)

MTC, and (C) SEAIMENT FACIES.......ccciiiiiieiie e 55

Figure 2.1 Workflow illustrating the steps used in our directional skeletaorzati

workflow. The interpreter begins with pestiack data conditioning by applying

Xiii



structureoriented filtering on seismic amplitude data. After filtering, a coherence or

other edgeadetection attribute is computed. A directional LoG filter produces volume
estimates of the probability, dip magnitude, and dip azimuth of locally planar events.

These events are then skeletonized to produce sharper images....................... 78

Figure 2.2 Cartoon of an analysis window with five traces and seven samples. Note that

the wavelet amplitude of the three left most traces is about two times larger than that of

the tWO NGIEMOST TFACES. ... .uuiiiiii i 79

Figure 2.3 Cartoon of a normal fault defined by the eigenvéctgrerpendicular to the

fault plane. The projectionof on t he hori zont al pl ane def.
« , and the angle betwedn andthezaxi s defines the..Af8ulto d
Figure 2.4 Cartoon showing details of directional skeletonization. (a) The analysis

window about each voxel consisting of eight subcubes and 26 neighboring voxels. The
green plane indicates a locally planar event with center point Y "'@and"Yi "@Q

define points where the eigenvecibrintersects the analysis windoihe attribute

value af'Y& ‘Qi¥loterpolated from the corner values of the red sqbare@™p ¢™¢ 1

and™Y;, pThe attribute value a¥i " interplated from the corner values of the

blue squaréYx, ™M, ™Yo @and™p x(b) Further interpolation along aXis by fitting

the parabola toYp tYd QapdYi "W estimate the maximum vallkaxand its

oo 1o ] o 1S 82

Figure 2.5 Cartoon showing the locationWfaxin 3D. In generalUmaxdoes not fall on

a voxel, such thdtmaxneeds to be distributed to its eight neighboring grid points for
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Figure 2.6 Examples of two normal fauttsen on a time and vertical slice through (a)

the original seismic amplitude volume, (b) the coherence volume, and (c) directional
skeletonization volumé2urple arrow indicates the eigenvector’l in the vertical

slice, whereas purple dashed arrow indiates its projection on the time slice.

AFaul to ciAp Aa DiEADT ©06 / ddilstratdd i(bf SeDIA A

anomalies exhibitthewellET T xT OOOAEOOOADPS AOOEAAAOON
disconnected. After our directional skeletonizationvorkflow, faults become

sharper and more continuous. Stratigraphic features are preserved, which can be

used to estimate fault throws that are indicated by blue arrows in (c). Lateral

discontinuities are also enhanced after our workflow those are indicatetly the

L= (oAT Y= T (o LY I (o) TS 84

Figure 2.7 (a) Time slice at t=1s and (b)

original seismic amplitude volume in the GOM3D survey. (c) Time slice at t=1s and (d)

vertical slice along |ine AA6 thr-ough the
oriented filtering. (e) Time slice at t =
reected Anoised vol ume. Note that-the sei

oriented filtering shows a better sigttainoise ratio. All images are at the same scale

=L 0] o] 110 o [ PP PP PP PPPPPRPPP 87

Figure 2.8 (a) Time slice at t=1s and (b)

computed from the original seismic amplitude volume. (c) Time slice and (d) vertical
slice through coherence compd from the structure oriented filtered seismic amplitude
volume. Note that low coherence values parallel to weak low sigmadise ratio

reflectors are suppressed. Thoroughgoing normal faults and localized discontinuities
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internal to the mass transpodmplexes (MTCs) are slightly enhanced. Red polygon

[T T0 [ or= eI = BT= 1L e (o] 4 0= TP 89

Figure 2.9 (a) Time slice att=1sand (b) vertedl i ce al ong | ine AAO6 t
directionally skeletonized fault probability attribute. Note that faults after our workflow

are more continuous, with higher contracts. Subtle features within the mass transport
compl exes ar e al s oifagsimtizefaalts hhve béeSriecuded, and e p 0 €
anomalies parallel to stratigraphy SUPPresSsed..........coooeeivirimmeniniiiieee e 90

Figure 2.10 3D view showing sevemalines of the directional skeletonization result co
rendered with seismic amplitude against the HigdtnessSaturation. Faults

orientation is readily seen. More organized artifacts now appear within the salt and

ShOUId DE IGNOTEA. ... ... e e e e e e e e e e s 92
Figure 2.11 Time slice at (a) t=1.3s, and
through the original seismic amplitude volume in GSBBDvey. Polygonal faults

developed in this area, as well as syneresis features (less accurately referred to as shale
dewatering) appeared At t=1. 7.2 ........uuuurrirreiieiireeiiiiiiiee e e e eeee e 94

Figure 2.12 The same slices are shown in the previous figure through the coherence
volume. Polygonal faults are well delineated. Faults in (b) exhibit thekmwelvn
Astairstepodo artifacts on nim(e)istoeahdotictodoed sl i c
I C=Tg 0] (=1 U= o TP PR TRPPPPPTPPPS 96

Figure 2.13 The same slices shown in the previous figure through the directionally
skeletonized coherence volume. Compared with the original coherence images in the
previous figure, polygonal faults are sharper, and more continuous. Random noise is

suppressed, and subtle faults and other discontinuities are enhanced. In the vertical

XVi



sice the fault fAstairstepo artifacts have b
are enhanced. AThicko bl ack smears (o0range
the VEITICAl SHICE... . it 98

Figure 2.14 3D view showing several inlines and crosslines of the directional
skeletonization result ecendered with seismic amplitude using the Hughtness

Saturation. Note that fayblanes after directional skeletonization become sharper, and

are readily Identified........ ..o 99

Figure 2.15 Time slice at t= 1.72s througl coherence, (b) directional skeletonization,

(c) swarm intelligence volumes computed with coherence as input and, (d) with

directional skeletonization volumes as input. Note that, skeletonization shows more

subtle faults, has fewer artifacts, and prese syneresis. Applying swarm intelligence

to the skeletonized LoG image is better than that applied to coherence. Red arrows

indicate artifacts generated by swarm intelligence..........cccccooiiieeeiiiinn. 101

Figure 2.16 Vertical slices through (a) coherence, (b) directional skeletonization, and

swarm intelligence volumes with (c) coherence as input, and (d) directional

skeletonization volume as coherencengsit. The skeletonization workflow in (b)
exhibits fewer Astairstepo artifacts (red
indicate that swarm intelligence maps faults to a greater extent than our directional
skeletonization, at the expense ajamizing other features that may be naoise....103

Figure 3.1 Cartoon of an analysis window with five traces and seven samplethatote

the wavelet amplitude of the three left most traces is about two times larger than that of

the tWO NGIEMOST IFACES. ... uuiiiiiiiiiiiiiii e 120
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Figure 3.2 Time slices at t=0.74s through azimuthally limited migrated seismic
amplitude volumes: (a) 16%0 12, (b) 15 to 45, (c) 48 to 72, (d) 73 to 102, (e)

105’ to 13%, and (f) 138to 165. Note azimuthal variations and that although the
signatto-noise ratio of each azimuthal sector is low, one can identify faults and karst
1= LU | =SSP PPPPRTPRPRRRR 121
Figure 3.3Time slices at t=0.74s through coherence volumes computed from the
azimuthally limited data shown in Figure 3.1: (a) 185615, (b) 1% to 45, (c) 45’ to

75° (d) 78 to 109, (e) 108to 13%, and (f) 138to 16%. Although one can identify

faults (yellow arrows) and karst collapse features (green arrows), the images are quite

Figure 3.4Time slices at t=0.74s through coherence volume computed from (a) the
poststack seismic amplitude data, (b) the sum of the coherence shown in Figure 3.2, (c)
the multrazimuth oherence, and (d) the top Marble Fall limestone through the co
rendered ani sas&n o pa zdininpte beregid the ymproved lateral
resolution of the multazimuth coherence. Edges of karst features (indicated by green
arrows) aréoetter delineated, and subtle discontinuities (indicated by yellow arrows) are
as strong as major faults. The result obtained by stacking the azimuthal coherence
volumes is as same places noisy and in other slices. Tiendered anisotropic

i nt e msaintdy alr iimimagelindigates the areas with high anisotropic effects,
where also correspond to lateral variation areas.............ccoeeeeveeeeeciiiieeeeeeeeeeee, 123
Figure 3.5 Time slices at t=1.36s through coherence volume computed from the

azimuthal sector (a)°@2.%, (b) 4%-67.2, (c) 9¢-112.%, and (d) 13%157.% in the

XVilii



second dataset. Note that, there are significant differences between each azimuthal
coheence. Lateral shifts of discontinuities are indicated by yellow arraws....... 124
Figure 3.6 Time slices at t=1.36s through (a) th&tgiack coherence volume, (b) the

RGB image computed by azimuthal sectd¥2®.9, 45-67.2, 90°-112.%, and (c) the

new multtazimuth coherence. Note that, there are significant improvements in
delineation of lateral shifted faults (indicated by yellatows) in the multazimuth
coherence. Lateral resolution especially in less coherent areas has been better

(0 (=11 TC = L= o PSP PPRRRTN 125
Figure 4.1 (a) Stratigraphic cross section and (b) stratigraphic column of the Fort Worth
Basin. I n the Acored study area of Wise
Shale is subdivided into Upper and Lower units by the intervening Forestburg Lime.
The calciterich geomechanical ductile Marble Falls and Viola Limestones from
hydraulic fracture barriers. The Viola fracture barrier pinches out to the west, such that
the Barnett Shale lies unconformably on top of the more brittle, dolomitic Ellenburger
Group. The survey in the following figures is on strike with the area of Young County
in this image (After Pollastro et al., 2009).........cccouiiiiiiiiiiiir e 151
Figure 4.2 Genetic paleocave model for the Lower Ordovician of West Texas showing
cave floor, cave roof, and collapsed breccia (modified after Kerans, 1988,.1989p
Figure 4.3 Workflow (a) to precondition the seismic data prior to attribute computation
and (b) illustrating the steps for structure oriented filtering (SOF) based on principal
component analysis (modified after Nat, 2006). The filtered seismic amplitude is

then spectrally balanced using the average-freguency distribution computed using

a matchingpursuit spectral decomposition algorithm described by Liu et al. (2083).
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Figure 4.4 Average tim&equency spectrum for the entire survey (a) before and (b)
after spectral balancing usingina@easeinui ng f &
frequency content between t=0.6 and t=0.38
variant spectral balancing. Note the increase in frequency content within the target

Barnett Shale interval between t=0.6 and t=0.8 s as well as the inteoval taip

basement (green arrows). Red arrow indicates one normal fault, and yellow arrows

indicate large scale karst dolines, collapse features..............ccevviieemriiiiiinnnnnee. 155

Figure 4.5 Time slice at t=0.750 s through the seismic amplitude volume at the

approximate top Ellenburger horizon. Faults are indicated by red arrows. Large karst
appears as circular features (yellow arrows). Smaller karst (green arolgkss

obvious but can al so be seen. The |l ocatior
indicated by the red dashed lINe.............oeeiiiiiiiiieee e 156

Figure 4.6 Time slices at t=0.75 s through apparent dip volumes at (i) 45, (c)

90, and (d) 135from North. Yellow arrows indicate channels or cave collapse. Red

arrows indicate major faults, while pink arrows indicate minor flexures andcihioes

pTo[Tor=1 <3y To] ] o £SO PP PP PP PPPPPR R UITTPPTPPR 158

Figure 4.7 Mathematical model in defining reflector dip (modified after Marfurt, 2006).

By conventiam, n = unit vector normal to the reflector; a = unit vector dip along the
reflector; g = dip magnitudef = dip azimuth;y = strike;qw= the apparent dip in the

plane; andjw= the apparent dip in theplane...............cccciieiiiienicieee, 159

Figure 4.8 Time slice at t=0.750 s through (a) volumetric dip and (b) the dip azimuth
modulated by dip magnitude using a 2D color bar. Red arrows indic#tetfaat

control many of the | arger coll apse featur

XX



features which when correlated with most negative curvature indicates their control by
diagenetically altered joints or faults with little vertical offset. Merpret the feature
indicated by the blue arrows to be a valley or cave collapse, or cHienebllapse

features. Green arrow indicates small scale karst that are far from major fault zones.
Orange arrows indicate a relatively rugose surface thdtes®f large collapse

1= LU €=U SPPPPPRTPPPRRR 160
Figure 4.9 Time slice at t=0.750s through (a) volumetric dip, and (b) and (e) zoomed in
zones. (c¢c), (d), (f), and (g) are seismic
show large scale karst collapse features (yellow arrows), major faults (red arrows),
channellike collapse features (blue arrows), and small scale karst collapse $eature
Notice that not all karst collapse features exhibit bright bottom reflections, suggesting
heterogeneity in their fill............coo e 163
Figure 4.10 Time slice at t=0.750 s through eigenstrudbaseed coherence. Note that

the faults (red arrows), chanfie collapse features (blue arrows) and large collapse
features (yellow arrows) do not appear as strong as in the dip magnitude image. Orang
arrows indicate incoherent, rugose surfaces that are free of large collapse fedibdes.
Figure 4.11 Time slice at t=0.750 sdhgh (a) the peak spectral magnitude volumes
computed using a matching pursuit algorithm described by Liu et al. (2007) and (b)
peak magnitude and frequency modulated imagesmdered with dip magnitude

image. Yellow arrows indicate large scale karatdees. Red arrows indicate faults,

blue arrows channdike collapse and green arrow small karst shown on the previous
image. Orange arrows indicate a relatively rugose surface that are free of large collapse

(2 L | (=1 TR TR OPRUPRTPRR 165
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Figure 4.12Curvature model shows curvature value change based on plane angle
(modified after Marfurt, 2010)..........cooiiiiiiiiiiiiire e 166
Figure 4.13 Time slice at t=0.750 s through (a) npasitive and (b) mostegative
structural curvature, and (c) mgsbsitive and (b) mostegative structural curvature
corencered with dip magnitude. In this survey, the major faults are expressed by a
positive curvature anomaly on the footwall which laterally offset from a corresponding
a negative curvature anomaly on the hanging wall. The dip magnitude and coherence
anomaliedall between the two curvature anomalies. In this image, the bowl shaped
collapse features express a negative value and appear as blue ellipses (yellow and green
arrows). The rugose surface (orange arrows) is represented by a shorter wavelength,
lower debrmation pattern. Yellow polygons indicate the area where large collapse
features are controlled by faults. Blue arrows indicate chdikeetollapse features as
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Figure 4.14 Time slice at t=0.750 s through (a) rotatierecadlered with dip azimuth

and (b) vector convergence-cendered with dip magnitude. Note the red arrows
indicate major faults, and yellopolygon (14a) and white polygon indicates fault
controlled Karst fEatUIES...........coi it 169
Figure 4.15Time slice at t=0.750 s through coharenergy attributes. Note the red
arrows indicate major faults, and yellow polygon indicatesfzutitrolled karst
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Figure 4.16Time slices at t=0.750 s through at (3)(B) 45, (c) 90, and (d) 135from

North amplitude gradients computed along structural dip. Large karst do not appear to

give a strong amplitude anomaly, although small karst (green arrow) de. dtes not
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appear to be significant acquisition footprint in either of the gradient images. Faults (red
arrows) and channdike collapse features (blue arrows) appear differently on each

degree amplitude gradientS...........cooeriiiiiiiiiicce e 172

Figure 4.17 Time slices at t=0.750 s through (a) rpositive and (b) mostegative

amplitude curvature, and (c) mgstsitive and (d) mostegative amplitudeurvature

volumes cerendered with dip magnitude volumes. Dashed yellow polygons indicate

areas of faulcontrolled karst. While structural curvature is computed by taking the

derivative of the inline and crossline dip components, amplitude curvatune pited

by taking the derivative of the inline and crossline amplitude gradients shown in the

previous image. Yellow dashed line indicates zone dominated by fault controlled karst.
Although NWSE and NESW lineaments could be acquisition footprint, we ipntet

lineaments at other azimuths to indicate diagenetically altered joints giving rise to

laterally variable reflectivity. Green arrows indicate small karst. Some of those can only

be highlighted by amplitude gradient and amplitude curvatute........................ 174

Figure 4.18 Time slice at t=0.750s through (a) Amegative amplitude curvature, and
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Figure 4.19Time slice of zoomed in area at t=0.750s through (a) dip magnitude, (b)
coherence, (c) ostpositive amplitude curvature, and (d) masgative amplitude

curvature. Notice that blue arrows indicate subtle coll@psised fault.................. 179
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Figure 4.20Time structure map of the top Ellenburger Group horizon. Karst collapse
and three major faults are clearly seen. Note the increased rugosity of the surface
towards the south, and increased karst collapse towards the north. @ramge

indicate rugose surface. Red arrows indicate major faults...............ccccveeeeenneee. 180
Figure 4.21Vertical slice through seismic amplitude dmatizon slices along the top
Ellenburger Group horizon though the (a) rpgsitive and (b) mostegative

structural curvature and (c) mgsbsitive and (d) mogtegative structural curvature-co
rendered with coherence. Red arrows indicate major faultsywdashed lines indicate
where karst is developed and larger than other area where there is no major faults.
Yellow arrows indicate surface folds and jOINtS............ccccvvviiiieemniiiiiiiiieeeee, 182
Figure 4.22V/ertical slice through seismic amplitude and horizon slices along the top
Ellenburger Group horizon though the (a) rpgsitive and (b) mostegative

amplitude curvature. Red arrows indicate major faults. Biugws indicate fault
controlled karst. Yellow arrows indicate surface folds and joints. The fractures are
developed in zones where faults and karst are also developed. Green arrows indicate the

zones have no faults effects, so that fractures are ndbgede............................. 183
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Abstract

Seismic attributeprovidequantitative measuresf key statistical, geometric, or
kinematic components of the 3D seismic volunidhese measures can thbe
subsequently usetnh 3D visualization interactive crossplotting or computetassisted
facies analysisln this dissertation| evaluate theittribute expression oeismic facies
includingkarst collapse featuresiass transpbcomplexes, turbiditegndsalt using 3D

visualizationand 3Dpatternrecognition

One of the more common and more important seismic facisssalt. Salt
segmentation is critical facceleratingelocity modelingwhich in turn isnecessary for
seismic depth migrationn general, geophysicistseedto pick the high velocity salt
interface manuallyln the first chapterof the dissertation | presenta semisupervised
multiattribute clusteringmethod,and applyit not onlyto salt segmentationbut also to
mass trasport complex, shale, and sasaymentatiom the Gulf of Mexicol developa
3D Kuwabhara filteringalgorithm, andsmooththe interior attribute response astthrpen
the attributecontrast betweenne face with neighborintacies Then, | nanually paint
targetfaciesto evaluae the ability of candidate attributet® discriminateeach seismic
faciesfrom the other.Crosscorrelatingheir histogramgcandidate attributesvith low
correlation coefficients provide good facies discrimination Kuwahara filtering
significantlyincreass this discriminationKuwahara filtered attributes corresponding to
interpreterdefinedfaciesarethenprojectedagainst a Generative Topological Mapping

(GTM) manifold, resulting ina suite ofn probability density functions (PDFs). The
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Bhattacharyya distance between the PDadh unlabeled voxel to eatdciesPDF

results in a probability volume of eattierpreer-defined facies.

In the second chapter,introducea 3D faultenhancement anskeletonization
workflow. For large datasst interpreter handpicking of faults can be verytime-
consumingThis process cabe accelerateldy generatindnigh resolutioredge detecting
attributes. Coherence isan algorithmthat measures both stratigraphand structural
discontinuities Application of a directionalLaplacian of a Gaussian (LoG) filtéo
coherence volumagwovidesmorecontinuous anghargerfaults. To furtherincreag fault
resolutionand preser® stratigraphic discontinuitie$,skeletonize the filtered coherence
volumes perpendicular tothe discontinuities with the goal of providing subvoxel
resolutonf Bul t sdpesmdt f al | osoggdastnghedistebutiomot r i ¢ g |
the value onteeight neighboring grid point$.demonstratehis fault enhancement and
skeletonization workflowhrough applicationo two dataset from New Zealand anthe

Gulf of Mexico.

With the advent of shale resourpkys, wide azimuth acquisitiomas become
quite commonMigratingseismic gathers into different azimuthal bprsvides a means
to estimate horizontal stress and natural fractubeferent azimuths preferentially
illustrate faults perpendicular to theimdowever,coherence applied tthe lower fold
azimuthally limited seismic volumes ntaminated by noisén the third chapter, |
improve the energy ratio coherence algorithm and extendt@ map more subtle
discontinuitieswhich canonly beseenin differentazimuthally limited seismic volumes.
The main modification compadto theoriginal energyratio coherence algorithm is that

| addtheweighted covariancmatricesof each azimuthal sectors togetteforma single
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covariance matrixtherebyimproving the signato-noise ratiol apply this multtazimuth

coherence algorithm to two datasets from the Fort Worth Basin.

In thefourth chapter| summarizeattributeassisted interpretatian the Barnett
Shale and the Ellenburger Groufarst, faults, and joints are known to form geologic
hazards for most Barnett Shale wells in the Fort Worth Basin. In the best cases, these
drilling-related geohazards form conductive features that draw off expensive hydraulic
fracturing fluid from the tageted shale formation. In the worst cases, the completed wells
are hydraulically connected to the underlyiBienburgeraquifer and produce large
amounts of watethat must be disposeHarst collapsg@eneratsa distinct morphologic
pattern on 3D seismiutata.l show that multiplettributes delineatedifferent components

of the same geologic features, thereby confirming my interpretation.
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Title: Semisupervised multiattributeeismic facies analysis
ABSTRACT

One of the key components of traditional seismic interpretation is to associate or
Al abel 06 a specific seismic amplitude packe
geologic facies. The object of seismic clusteraigorithms is to use the computer to
accelerate this process, allowing one to generate interpreted facies for large 3D volumes.
Determining which attributes best quantify a specific amplitude or morphology
component seen by the human interpreier criticd to successful clustering
Unfortunately, many patterns, such as cohe
pepper o cl assi f i ¢ &dwaharamediahfpterd smaoththei irdenor o f 3 D
attribute responseand sharpens the contrast betweasrighboring facies thereby
preconditioning the attribute volumes for subsequent clustering. In our workflow, the
interpreter manually paints targetfaciesusing traditional interpretation techniques,
resulting in attribute training data for each faci€andidate attributesre evaluatethy
crosscorrelatingheir histogram for each facies, with low correlation implying good
facies discrimination. Kuwahardiltering significantly increaseshis discrimination.
Multiattribute voxels forthe n interpretefpainted facies are projected against a
Generative Topological Mapping (GTM) manifold, resultingnirprobability density
functions (PDFs). The Bhattacharyya distance between the PDF of each unlabeled voxel
to each oh faciesPDFs results im probability volume of each usdefined faciesWe
demonstrate the effectiveness of this workflow to a large 3D seismic volume acquired

offshore Louisiana, USA.



INTRODUCTION

Seismic stratigraphy plays a key roldheinterpretation of many Gulf of Méso
(GOM) seismic surveys. While many geologic features are represented by a specific
geometric pattern, such asannelincisementangular unconformities against erosional
surfacesand onlap onto smooth horizorseme geologic features are more chaotid a
more difficult to describe. Salt domes and mass transport complexes (MieCsiten
seenn offshore data of the Gulf of Mexico. Salt can form seals while MTCs can be seals
or drilling hazardsSeismic geomorphology coupled with an appropriate depaoaiti
model allows prediction oflithology distribution deformation features, and overall
reservoir heterogeneity. Salt holds an additional interest in the processing shop, where
the accurate definition ofiigh velocity salt is critical to prestack depthigration.
Defining the limits of salt domes in offshore seismic data consumes hours of interpreter
time. MTCs often exhibit similar textus¢o salt in 3Dcoherence volumes. Both features
are difficult toautopick while geobodytools often perform poorly.

The published literature on salt segmentaéiroeeds that of any other computer
aided facies identificatiomvorkflow, and can be dividedinto two methods. The first
methodis basedn image segmentatiobomask et al. (2007) applied a modified version
ofa ANormalized cuts i mage s ewasfashintradudgecd no ( N
to seismic interpretation @ atomicmeshing of a seismic image (Hale and Emanuel,
2002). NClSwas adaptettom the eigenvectebased method proposed by Shi and Malik
(2002),and it provides a globally optimized solution to the problem of seismic salt
boundary picking. L o mébsild a veeightirg funcbos, wigich 0 0 7 )

indicates the presence afboundary between pairs of voxels in the imdgeelated



work, Halpert et al. (2014) modified a pairwise region comparison (PRC) algorithm,
based on humaimterpreted supervision on one or more 2D slices to guide a 3D
segmentation process.

The second nthod is basedon pattern recognition and texture attribute
classification. Gao (2003) applied a gilayel ccoccurrence matrix (GLCM) to detect a
saltdome,and found that one GLCM attribute was insufficient to automatic define the
salt boundary. Berthel@2013)combinedseveralGLCM attributes spectral components,
dip, and coherence, and used a supervised Bayesian classification method to delineate
salt. They focused on texture to characterize the change of seismic character between the
salt and surrouting geology. Wallet and Pepper (2013) applied mathematical
morphology to a single attribute to constrain texture boundaries, thereby reducing the
variance of seismic attributes for improved salt delineation.

3D computerassisted seismic facies classifioatis basen attributesWest et
al. (2002) Meldahl etal (1999),and Corradi et al. (2002ised interpreteprovided seed
points or polygons to train neural network classifiers. Coleou et al. (2003), Gao (2007),
Matos etal. (2009), and Roy dl. (2013) used 3D selbrganizing maps t@ompute
unsupervised facies volumes thadre later calibratedith well control and principles of
geomorphology. Roy et al. (2014) used generative topographic mapping to cluster
multiattribute data volumes, which werketh compared to well control using the
Bhattacharyya distance.

Unlike photographic imageseismic textures are 3D and contain many voxels.
On vertical slices, seismic facies span the continuum from conformal sandbades,

to more complex turbiditesp thighly deformed MTCs, to chaotic salko segment such



faciesit is necessary to quantify the differences in their seismic attribute expression.
Barnes and Laughlin (2002) found that the choice of attributes was critical to effective
classification.

Skilled human interpreters have little difficulty in differentiating seismic facies
such as salt and MTCs from each other. Teaching a computer to do the same is more
difficult, requiring careful psychological analysis of the human process. How does a
humani nt er preter di fferentiate these two
different degrees of chaos?

Figure 11 indicates ourseismic facies classification workflow. We begin our
paper with a summary of candidate attributes that appear to diffeeghageismic facies
of interest. Next, we precondition the attribute volumes through Kuwahara filtering,
resulting in a smoothdaciesresponse and sharper edges. We then introduce a degree of
supervision by computing histograms for each candidate #trifor a suite of user
defined facies. Crosswultiplying these histograms quantifies which attributes best
differentiate a given facies pair. The selected attribatesthen useds input to a
generative topographic mapping (GTM) classification algoritiiime probability of a
givenfaciesat each voxel is estimated using the Bhattacharyya distance. We conclude by
validating the predicted facies on seismic vertical lines and time slicegdr@nhot used
in the trainingand gnerating a suite @jeobodis.

ATTRIBUTE EXP RESSION OF SEISMIC FACIES

Seismic amplitude is the most common

If a geologic feature is naheasurabldy the spatial variation in seismic amplitude and

phase, no derivative attributes will enalalentification. Much of seismic interpretation
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is basedon pattern recognition. Seismic attributes provide quantitative measures of
statistical, geometric, or kinematic patterns seen in the 3D seismic amplitude volume.
Our initial choice of candidate dtiutes to differentiate the target seismic facsdsased

on experience. However, the final choice wéldeterminethrough quantitative attribute
histogram analysis of manually picked seismic facies.

Figure 1.2 shows a summargf seismic attribute amoalies associated with
different faciesseen in the GOM data volume described in this papeheenceis
sensitive to lateral discontinuities such as fachannekedgesand karst (Qi et al., 2014)
as well as chaotic zones such as salt and MWW@susevector dip as input for principal
component structureriented filtering (SOF) in the most coherent window to suppress
random and crossutting coherent noise and improve vertical resolutMarfurt, 2006).

We estimate the coherent partloédata usinga Karhuner_oéve filter; coherentnergy

is the energy of the Karhundémeéve filtered data, with stronger reflectors exhibiting
higher energy than weaker reflectors. Incoherent events internal to salt exhibit the lowest
coherent energy. Coherent energy ase to separate a strong reflectivity sand/shale
package from a weaker reflectivity shale/shale package.

While coherence response to MTCs and salt may be similayleyel co
occurrence attributesan helpdifferentiate different kinds of chaotic texes Texture
analysis holds significant promise in comptaeted interpretationral is often used in
interpreterdriven @ computerassisted facies analysfgvest et al., 2002; Gao, 2007,
Corradi et al., 2009)We calculate the gragvel cooccurrence matrices (GLCM) along
structural dip, which quantifies the spatial repeatability-dcourrence) of voxel

amplitude values (gray levels) at a distance within an analysis widb@M entropy



is a statistical mease of randomness of the seismic amplitude. GLCM dissimilarity
highlightsregionshaving strict stationary statistics (invariant mean and variance).

The dructural curvatureis computedby taking the derivatives of the dip
components. Reflections that exhibit similar waveforms, which hasmgll offsets
(<1/4 wavelength) and subtle changes in dip across faults, will generate curvature, but
not coherence anomalig®l-Dossary and Marfurt 2006) Reflector convergence
(Marfurt and Rich, 2010) also differentiatesoded zones frommore conformal
stratigraphy.

We select five attributes that quantify a specific amplitude or morphology
component exhibited by the target. Coherence and refleatwergence can differentiate
chaotic zone, such as salt dome, or an MTC, from sediment, but not from each of them.
Furthermore, local high coherence zones occur within salt Mih@s given their
observation. Texture attributes, such as Gl-€Mropy, and dissimilarity differentiates
chaotic zones, but are relatively insensitive to seismic facies boundaries. Coherent energy
differentiates a strong reflectivity sand/shale package from a weaker reflectivity
shale/shale package, but it MT€shibit both low and high energy elements. Our final
taskis thereforeto precondition the attribute data to provide piecewise smooth images
amenable to comyter classification algorithms.

KUWAHARA FILTERING

Kuwahara (1976) filterings commonly usedn structur® oriented fitering.
Kuwahara filters adapt to the variability of the data within overlapping analysis windows,
where Luo et al. (2002) used standard deviation followed by a mean filter and Marfurt

(2006) used 3D coherence followed by a 3D Karhunagve filter to geerate edge



preserving structureriented filters. Kuwahara filter as an edgeserving filteis widely
usedin image processingpplied to photographKuwahara filters result in piecewise
monochromatic features separated by sharp boundaries (Rigyrdy localizing the
smoothing, the Kuwahara filter properly removes detail, summasis al t and pep
noise in highcontrast regions while preserving shape boundaries ktémirast regions.
Kyprianidis et al . (20 th&ntaingaroughly tnfioantleveél he Ku
of abstraction across the image while providing an overall paistiylg loold In our
work, we use the same conceaptdefine edges between different types of incoherent
zones. Equally important, the Kuwahara filter walnooth rapidly varying attribute
anomalies within salt and MTCs to facilitate subsequent clustering.

The Kuwahardilter (Figure1.4) searcheall windows containing a given voxel.
In our workflow, the analysis windows are oblique cylinders with radi&® #n and
height of° 20 mscontainingL=143 voxels whose top and bottom faces are aligned with
the local dip magnitude and dip azimuthaverlapping windows contain any given voxel.
For a given attributegne computes thetandard deviatiqnil, the mearg, andthemedian
m, in each of thé. overlapping analysis windows. The filtered attribute will then be the
value ofmassociated with the window having the minimum valueasfalized standard
deviation,d/s. The smoothness and noise suppression of ageisacontrolled by the
size of the analysis window. If the analysis window length is large, the image will be
smoother, but somewhat blocky. If the analysis window is small, the imagdewill
smoothedess, and blockiness reduced. Numerical experimdm®ed thata single
large window L=500 filtersprovided superior results to cascading tsvoall window

L=143filters at reduced computation cost.



INTERPRETER SUPERVISION AND ATTRIBUTE HISTOGRAM ANALYSIS
Clustering

The use of classification algorithms to detect natural clusters of attribute responses
to geologic faciess referredto as unsupervised classification. On contrast, supervised
classificationis basedon a set of training data, in our case is composedsufita of
attribute vectors corresponding to interpreters picked voxels within a given seismic
facies. There are many interpregempervised machinearning methods used in seismic
facies classification including artificial neural networks (ANN), suppectors machines
(SVM), seltorganizing maps (SOM), and generative topographical mapping (GTM).
SOM and GTM both fit théN-attribute residing irN-dimensional space with a lower
dimensional manifold (in our application, alEnensional manifold).
Attribute Histograms

A histogram is a graphical representation of the probability distribution of a
guantitative variable. The relationship to geologic events is best understood by examining
the data histogranwith Sheffield et al. (2008) findinghat effective ® visualization
requires the mapped feature be near a histogram extremum. The correlation coefficient
between voxel value histograms of images can be used to detect image content from a
large database.

We represent the distribution of attribute valueeissed with the voxels that
fall within an interpretepaintedfaciesby its histogram. The voxel histogram represents
the amplitude distribution of a giveattribute, and represents a probability density
function (PDF). Zeramean seismic amplitude usyalhas a Gaussian distribution

centered about zero. The inclusion of destesand mute zones in the histogram



calculation results in a spike at valaero, and shouldbe avoided Correlation of
histograms is sensitive to their PDF, and insensititkeégeometriaotation and scaling

in seismic datalLuo et al. (2001) introducedscheme based dnstogramequalization

to scale seismic data for optimum display. We begin by generating a matrix of histograms
for each of thd= faciesand each of th&l canddate attributes. Then for each facies pair
(salt vs. MTC, MTC vs. sediment, or sediment vs. salt), we generate a vedtor of
crosscorrelatiorcoefficients. The histograms frothe seismicamplitude and seismic
attributes contain noise, such that theirdgsams poorly crossorrelate. Furthermore,

the edges between the different facies may be fuzzy, and difficult to identify. Kuwahara
filtering of the seismic attributes followed by histogram smoothing addresses these issues.
The correlation coefficientsn, between histogram fdaciesf, hr, and the histogram for

faciesg, hg, for attributen is simply:

g.o[(hfj ) ﬁf )(hgj } ﬁg )]

_ j=0
Fign = poow j " ﬂuz , (1.1
.s — \2X.. — \2
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where theh, and ﬁg are the average of the histogranmd where we have constructed our

histogram to span 101 bins.
APPLICATION
The 3D seismic data cover an area of 88§&m (3089sq mi) along the current
offshore Louisiana shelf edge. The seismic data were acquired by PGS using towed
streamer acquisdn with two sources and three receiver cables with a maximum offset
of 6000 m. We start with eninibasinbound by two saltliapirsto the west and east

(Figure 1.5). The uplift of the western salt dome is contemporaneous with the upper
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minibasinfill and occurred earlier than the eastern salt dome rise. We interpret (paint)
three seismic facies of interest: salt domegsstransportcomplexes (MTCs), and
relatively undeformed sediment that includes both strangh{erbedded sand and shale
package) reflgors, and weak (a thick predominantly shale package) reflecibes.
human eye can easily recognize the edge of salt and the limit of the. B&ICexhibits
lower amplitude, lower frequerss, and appears to be internally highly chaotic. The MTC
generallyexhibits higher amplitude, broadbarfdequenciesand laterally chaotic and
verticallymoderately conformal. The sedimentary packages exhibihatteely high or
low amplitude broadbandrequencies, coherent, and highly conformal

Althougha human iterpreter can easily recognize theamappng salt domes and
MTCs usingvoxekbased classifierarequite difficult. Within the chaotisalt there may
be coherent multiples or coherent migration aliasing artifacts. Within an MTC, there will
be a jumble otoherent and incoherent reflectors cut by slump surfaces and small listric
and toethrustfaults.
Seismic attributes

We calculate coherence, coherent endigymagnitudeof reflector convergence,
GLCM-entropy, and GLCMlissimilarity along structural dip (Figue6). Examination
of Figurel.6a shows that layered sediments exhibit high coherence. Faults, stratigraphic
boundaries, and other discontinuities exhibit low cehee. Salt domes have high
coherence inclusions (displayed as white) within a low coherence (black) background,
while MTCs will have coherent (white), often rotated, reflectors embedded in a relatively
incoherent (black) matrix. Thus, in these data, balhad MTCe x hi bit a fAsal

pepper 0 aggherencealunes Reflector convergence (Figdréb) is a 2D
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vector and shows the magnitude and azimuth of convergence, such as opawk- at
outs and angular unconformities. Those attributes hefferéntiatemor e A f umbl e d
internal salt dome and mass transport compteiectorsfrom conformablylayered
stratigraphy. GLCMentropy (Figurel.6¢), and GLCMdissimilarity (Figurel.6d) show
salt domes and MTCs to have high dissimilarity and high eptndple sediments have
low entropy and dissimilarity. Coherent energy (Figh&e) highlights high reflection
coefficient reflectors (the deeper sand/shale package) from low reflectivity, shallower
shale/shale package. Salt appears as low energy, with lsgim energy inclusion3he
MTC is more heterogeneous, with high energy reflectors embedded in a low energy
matrix.
Kuwaharadfiltered attributes

While our preliminary analysis of seismic attributes differentiates the three target
faciesin this GOM suvey, two challenges reduce the accuracy of comagsisted
facies classification. The first challenge is the mixed h@md lowv al ue (fAsalt
pepper 0) anomal i es seen in the salt and
additionalfacies We havea | r eady suggest efhcieschrdée brokeme s e
into a sand/shale vs. shale/shale fadiesddition faults may alsde misclassifieds
one of our threéacies Specifically, the faults in this survgyve rise tolow coherence,
the high magitude of reflector convergence, high GL@tropy and high GLCM
dissimilarity anomalies. In Figure6, around the right salt dome, there are three faults
(indicated by red arrowsguttingthrough the salt dome and neighboring stad exhibit

to similar attributeresponsé¢hroughsalt andhe MTC
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We address the first (heterogeneity) problem by applying a Kuwahara filter to
smooth rapidly varying attribute anomalies to facilitate subsequent clustering. Eigure
shows the Kuwahara filtering workflow. One computes threeasuibutesfrom each
seismic attribute: the standard deviatidnthe meare, and the mediam, in each of the
overlapping analysis windows. Figufe8 shows the mediamm, of each candidate
attribute,computed within a 100 m by 100 by+12 ms rectangular window resulting in
amuch smoother, less detailedimageh e fisal t and peppero featt
are now more continuous, while the thin anomalies associated with the faults are
eliminated.

Unfortunately, the median filtering has smoothed the edges of seismic facies from
rapidly varying to smoothly varying. To apply a Kuwahara filter, we find win#af
theL non-centeredverlappingwindows that conain a target voxel that hélse smallest
normalized standard deviatiod/ .€Kuwahara filtering then assigns the median of
window k to be the output value for the target voxel. In this example, we cascaded two
small 50 m radius by +8 ms Kuwahara filteGomparedwith the mediarfiltered
attributes shown in Figurk8, the Kuwahardiltered attributes shown in Figuied better
preserve the boundaries between different seismic facies, preconditioning them for
subsequent classification. FigutelO compares time isks through several attributes
before andafter Kuwahara filtering where we note that the Kuwalidtered attributes
have smoothed seismic facies (Figir#0). Like the median filter, the Kuwahara filter
eliminates thin anomalies such as faults (redves) and channels (blue arrow).

To more clearly see the detailed improvements by Kuwahara filtering, we

examine the attributes before and after filtering along two differaces In Figure
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1114, trace 1 intersects a top salt boundary, while tracéegsects both the top and
bottom boundariesf MTC. Before filtering (Figurel.11b), values within the salt dome
vary rapidly, making it difficult to detect the top salt boundary. Likewise, the
discrimination of the edges of the MTC is also difficultcémtrast, the Kuwahara filtered
trace in Figurd..11c, shows piecewise smooth values, producing a sharp boundary of the
salt dome and MTC.
Attribute selection to separate paintéacies

Given these filtered attributes, the next takkbwn in Figurel.l is to paint the
targetfaciesof interest on vertical or time slices and generate histograms for each facies.
Figurel.12 shows histograms for the three seismic facies: sediment (blue), MTC (green),
and salt (red). Histograms of pickétiesare normalizd to range between 0 anddr
easy comparison amtb not change the correlation coefficient of any histogram pair. Note
thatKuwahardiltering both narrows and further separates the distribution of the attribute
histograms. Coherence and GL@nssimilarty attributes now have significantly greater
discrimination between the three tardaties allowing the faciesto be separated
Reflector convergence and GLGaémtropy attributes havgoor separation between salt
and MTC, bugoodseparation of these twaciesfrom the sediments.

Figuresl.13 comparsthe correlation coefficientsy betweertheoriginal seismic
attribute paintediacieswith thosebetweerthe Kuwaharafiltered attribute paintetacies
For the original attributes (Figurel3a), the hisigram correlation coefficientsg of
sediment vs. salt are all less than f@5mostattributes. In the salt vs.the MTC facies
only coherence has a low valuergfwhile coherence and GLCiissimilarity attributes

havelow values ofrig for the MTC vs. the sedimentfacies After Kuwahara filtering
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(Figurel.13b), the correlation is significantly reduced, suggesting that our classifier will
be better able to discriminate ofeciesfrom the other whergreenboxesindicate
correlation coefficients less than a threshold of Géupled with the improved edge
enhancement of the Kuwahara filter, we expect improved results. Hidieshows
overlays of the filtered attributes on the vertical seismic alicktime stes at t=1172ms
Such threshold discrimination between facies is limited to one attribute at a time although
one can sequentially reject larger and larger areas of examination through cascading
thresholding of additional attributes.
Crossplotting of twaattributes

Crossplotting of seismic attributés used to highlighthe relationshipof input
attributes. In seismic facies analysis, the interpreter picks polygons oro#splotand
display the result, providing a degree of supervision. Figjurga aad b show a vertical
section and time slice of original coherence and GLCM dissimilanbgsplotco-
rendered with seismic amplitude. Figurd5c and d show the same images after by
Kuwahara filtering. ThecrossplottedKuwahara filtered images show bettiacies
boundaries,a n d have | ess i nternal Asalt and
crossplotting become difficult with threstributes,and intractable for more than three
facies Gao (2007) addressed this problem by crossplotting principal compafghés
attributes, which projects the data onto a plane. Thus, we propose using GTM analysis,
which mays data onto a deformed manifold.
GTM interactive clustering and Bhattacharyya distance

We apply @nerativetopographical mappingGTM) (e.g. Roy et al.2014) to

obtain vector projections of multiple attributes onto a 2D latent space. On this example,
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GTM represerg a 5dimensional5-attribute)databy a lower2-dimensional deformed
manifold. GTM starts with an initi2D plane,defined by the first two eigenvectors of
the 5x5 attribute covariance matrix (i.e. principal component analysis). This iplane
uniformly populatedvith clusters each of which describes a Gaussian PDF. Theiplane
deformedonto a curved manifold bmoving the center of a Gaussiattsbetter fit the
data At each iterationthe variance of the Gaussiendecreasedrhe process contires
until convergence providing a maximum likelihood estimation of the Gaussian centers.
At the end, all vectorare projeactdonto a 2D latent space.

From our histogram analysidhefive attributevolumes sed in the GTM are
coherencemagnitudeof reflector onvergence, GLCMentropy, GLCM-dissimilarity;
and coherent energyepresenng the depositional featureseen in theseismic facies
volume After training, the 5D attribute vectors at each vasebrojectedonto the 2D
latent space.

Figurel.16a and b show slices through the unsupervised GTM volume computed
using the original attribute ee@ndered with seismic amplitadFigure1.16c andd show
the slices through the GTM volumeomputed by Kuwahara filtered attributes- co
rendered with seismic amplitudeach voxel is projected onto the 2D latent space that is
mapped against a 2D colorbar. The users can then defineopslgdpout hypothesized
clusters on display then using commercial crossplotting tools. Salt, MTC and sediment
can be nearly differentiated, wiegourple color indicates salthe red color MTCs, the
green color the low amplitude conformal shale pacgagal the blue color the high
amplitude conformal water bottom and sand/shale paskkggirel.17a shows vertical

sl i ce tinBdiceatn=dl172 ms, through seismic amplitude. By drawing polygons
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on the GTM 2D histogram, we define geobodies of saltufiid.17b), MTCs (Figure
1.17c), and sediment (Figudel7d). To more quantitatively introduce supervision, we
project each painted face onto the previously trained 2D manifold, generating average
PDFs for each facies. We then project each 5D data voxel onto thensamifeld,
generating its own PDF. The Bhatteryya distance (e.g. Roy et al., 2014), which
measures the similarity between two PDFs, is then calculated between the voxel PDF
with each facies PDRVe firstly run our method on a few seismic lines. At the paint, the
clustering i s fAdisupenwigon byproedinydhe voXéts paanted in
Figure 1.5b onto the latent space, generating PDFs for salt, MTC, and sediment facies
(Figure1.18ac). To validate these PDFs, we pick single voxels for each facies on a line
in a different part of the suey, and project them on the latent space (Figut8df).

Note that the PDF of the single voxel fall with the PDF of the supervision data. Cross
multiplying the PDF of a given voxel and the PDF of the supervision given the square of
the Bhattacharyya dsnce. The Bhattacharyya distance says how likely the voxel
belongs to each facies.

Figure 1.19 show seismic amplitude aendered with Bhattacharyya distance
volumes for each of the supervised facies. The Bhattacharyya distance provides a
probability measrement of how likely a facies to appear at a certain spatial location. A
Bhattacharyya distance value of 0.8 against salt means the analysis point is 80% likely to
be salt. Such probability estimation is especially useful when there is no clear separation

within a transiion zone among multiple facies.
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CONCLUSIONS

We have developed a workflow to automate the volumetric delineation of seismic
facies, with a focus on chaotic facies such as salt diapirs and mass transport complexes
commonin the Gulf of Mexi®. Key to such classification is the choice of attributes that
capture patterns seen by the human interpreter that help identify the target facies. Human
interpreters see patterns and facies boundaries at scales larger than a few voxels. We
approximate thd pattern recognition by applying 3D Kuwahara filtering to each attribute
volume. Generative topological mapping not oallowsii c |l ust eri ngo of
data, but also facilitates the introduction of interpreter provided supervision, resulting in
a probabilistic volume of each desired faci@fe Bhattacharyya distance between the
PDF of each unlabeled voxel to eacdécies PDFs results @ probability volume of
each usedefined facies.
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Figurel.1 Workflow illustrates the steps used in our multiattribute seismic facies analysis
workflow. The interpreter begins by painting target facies of interest on either seismic
amplitude or attribute data. After Kuwahara filterihggtograms are computed for each
facies and each candidate attribute. Attributes that do not differentiate facies are rejected,
while those that do are kept and mapped onto a latent space using GTM. Next, the pdf for
each facies f is mapped onto the lasg@ce generating a suite of PDFs. Next, the attribute
vector at each voxel, m, is projected onto the latent space, generating an additional PDF.

Finally, the probability that a given voxel m belongs to facies f is computed using the
Bhattacharyya distance
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Facies Seismic expression Coherence Coherent Reflector GLCM GLCM
name energy convergence | entropy | dissimilarity
Salt Low energy, incoherent, “salt and Low Low High High
vertically and laterally pepper”
chaotic
MTC Mixed energy, “salt and “salt and Low High High
incoherent, mixed pepper” pepper”
frequency, piecewise
conformal
Turbidite Low energy, coherent, High Low Moderate Moderate High
piecewise conformal
Sand/shale High energy, coherent, High High High Low Moderate
package modern frequency,
conformal
Shale Low energy, coherent, High Moderate High Low Moderate
package conformal

Figure 1.2 Table of five seismic facies, their seismic expression, and their attribute
response seen in this data volume. The recognition of features that allow discrimination
between seismic facies gsitical. If this can be done, the next most important task is to

select attributes that quantitatively measure these features.
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Figure 1.3 A photo of the first author with and without additive noimdore and after
Kuwahara filtering applied to each of the R, G, and B components. Note that noise type
i's fAsalt and peppero. Kuwahara filtering
preserves edges.
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Figurel.4 Cartoon of 2D Kuwahara filtering. The input data include 25 samples centered
about the red square. Gray squares indicate voxels used in the nine laterally shifted 9
sample analysis windows, each of which contains the output location indigeatteel red
square. The output is the mean as median of that gray window that has the smallest
standard deviation. In 3D, we evaluate 125 neighboring voxels, and compute the mean,
the median, and, standard deviation, ia 27 overlapping 3 by 3 byahalysis window.
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Time (ms)

R e '
. 0 . Picked facies of interests
Figurel5(a) Timesliceat=1144 ms, and (b) vertical sl

seismic amplitude volume. In these images, we have painted two seismic facies of
interest: a regalt facies and a yellow MTC facies. Two other facies of interest are a suite

of weak reflectors, which we interpret to be shale on shale package, and areas of stronger
reflectors that we interpret to be a mixed sandal e package. Line BE
interpreted and will be shown in later figures.
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Figurel6 Ver t i c al slices along Iine AAO6 throu
reflector convergence, (c) GLGkNhtropy, (d) GLCMdissimilarity and(e) coherence
energy vol umes. Note the fAsalt and pepper

of reflector convergence. Red arrows indicate faults, which will either be a separate facies
or be misclassified in our attribubtesed seismic facies ansily.
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Figure 1.7 Workflow showing the input to Kuwahara filtering. For each attribute, first
compute the mean, standard deviation, and median for every voxel using a céntered
sample analysis window. Then find the windkwf J non-centered windows containing
the target voxel that has the smallest normalized standard deviatioginally, output

the medianm, of windowk as the filtered value at the target voxel.
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Figurel9Ver ti cal sl i ces al on dilterded (a) eohekepad, () hr ou g
magnitude of reflector convergence, (c) GL&¥itropy, (d) GLCMdissimilarity, and (e)

coherent energy. Compared with the mediliered attributes; the Kuwahafdtered
attributes have much clearer edges between any facies.
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Figure1.10 Time slices at t=1144ms through, (a) seismic amplitude, (b) coherence, (c)
magnitude of reflector convergence, (d) GL&¥itropy, (e) GLCMdissimilarity, and (f)

coherent energy, anduwaharafiltered attributes (g)i (k). The Kuwahardiltered
attributes suppress the Asalt and peppero;
two seismic facies. Patterns are easy for human interpreters, but difficult for classifiers to

identify & a single face.
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Figurel11l( a) A vertical slice along |ine AAOQ
attribute values along the trace 1 and the trace 2, and (c) Kuwidteassl attribute.

Before Kuwahara filtering, values within the salt dome vary rapidly, making it difficult

to detect the top salt boundary. In contrast, the Kuwahara filtered trace shows piecewise
smooth values, producing a sharp boundary at the top of the salt dome and MTC.
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Figure1.12 Histograms of picked facies are normalized for easy comparison and do not
change the correlation coefficient of any histogram pair. Note that Kuwahara filtering
both narrows and further separaties distribution of the attribute histograms.
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Figure1l.13 Histogram correlation coefficiemiy < 0.5 are highlighted in green between
(a) original seismic attributes pairs, and (b) Kuwatdiered attributes pairs.
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the low facies histogram correlation coefficient (Figlire3b), more clearly blocks the
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Figurell7Ver t i cal sl i ces al dawd72imsthreugrBd €eismicr d t |
amplitude, and coendered with, (b) with salt facies (in red), (c) MTC facies (in yellow),
(d) sediment facies (in green), and (e) with all three facies obtained by manually drawing

a polygon on the GTM histogram.
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Title: A workflow to skeletonize faults and stratigraphic features
ABSTRACT

Improving the accuracy and completeness of subtle discontinuities in noisy
seismic data is useful for mapping faults, fractures, unconformities and stratigraphic
edges. In this paper, we propose a workflow to improve the quality of coherence
attributes. First, & apply principal component structuwgented filtering to reject
random noise and sharpen the lateral edges of seismic amplitude data. Next, we compute
eigenstructure coherence, which highlights both stratigraphic and structural
discontinuities. We appla Laplacian of a Gaussian filter to the coherence attribute that
sharpens the stelgpdipping faults,attenuates the stratigraphic features parallel to the
seismic reflectorsand skeletonizesinconformity features subparallel to reflectors.
Finally, we skeletonize the filtered coherence attribute along with the fault plane. The
filtered and skeletonized seismic coherence highlight the geological discontinuities more
clearly and precisely. These discontinuous features can becocaled by their dipping
orientation, or as a suite of independent, azimuthally limited volumes, providing the
interpreter a means of isolating fault sets that are either problematic or especially
productive. We validate the effectiveness of our workflow by applying it to seismic
surveys acquired from the Gulf of Mexico, USA and the Great South Basin, New Zealand.
The skeletonized result rejects noise and enhances discontinuities seen in both the vertical
and lateral direction. The eoender i ng of the nfawl diop azi
magnitude exhibits both strengths of the discontinuities and their orientation. Finally, we
compare our workflow to the results generated from the swarm intelligence and find our

method to be better at tracking short faults and stratigraphic disuies.
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INTRODUCTION

Identification and mapping fauleseone of the most important steps in seismic
data interpretation in conventional plays, while fawudentification is critical to
identifying potential drilling hazards andtharacterizing natural fractures in
unconventional resourgdays While major faultsseen in seismic amplitude voluroan
be easilyidentified and picked by experienced interpreeitse process is stilime-
consumingparticularly in picking more subtle faults masksdnoise. A huge effort has
been made to accelerate the procedure of seismic interpretatidhis paper we
introduce a 3D workflowthat minimizes coherence artifacts, links disconnetdetts
and stratigraphic edges, and skeletonizes the results

Coheaence (Marfurt et al., 19985ersztenkorn and Marfurt, 1999) is routinely
used to detect structural discontinuities in 3D seismic data. Otherdetirion
algorithms(e.g., Dorn et al., 2012; Abossary and Marfurt, 2008uo0 et al.,1996; Wang
et al., D16 provide similar results.Unfortunately, coherence measures all lateral
discontinuities, including where steeply dipping coherent noise interferes with more
gently dipping reflectorsCoherence also delineates channglesd carbonateuild-ups,
slumps collapse features and angular unconformitAso, coherence cahe used to
detect chaotic textures in multiattribute seismic facies analysis (Qi et al., 2016).

Automaticfault extraction in most commercial software packages requires that
the seismic tiributeis first smoothedrior to skeletonizationSeismic data conditioning
for fault interpretation includes removing incoherent noise, sharpening the edges between
the hanging wall and footwaland flattening the spectrum of the seismic data. Fehmers

and Hocher (2003) proposed aadgepreserving structureriented filtering workflow
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that uses anisotropic diffusion to reject croasting noise in 3D seismic data. Marfurt
(2006) generalized an algorithm developed by Lual.ef2002) based on overlapping
Kuwaharawindows. Davogustto and Marfurt (2011) combitieelse two approaches into

one algorithm and cascaded them wkithky footprint suppression. Zhang et al. (2015)
applied the structureriented filtemg workflow to prestack tira migrated data that
improves prestack seismic inversion results. Spectral balancing also improves the
coherence image and partially diminished the stairstep artifacts commonly seen on
vertical slices. Allthese processes are applied to the seismic amgldata and can be
thought to be seismic data processing.

However, one <can also filter the <cohe
processing One of the mee popular algorithms is based on swarm intelligence (Randen
et al., 2001 and Pedersen et al., 208Bne automated fault extraction algorithms need
human supervision to select appropriate pilot samples or traGdlser innovations
include an edgeéetection algorithm described by Zhang et al. (2014) that generates
skeletonized fault sticks on time sl&cel'he locafault-extraction method can result in a
suite of onepixel thick-labeled fault surfaces from seismic data (Cohen et al., 2006). Wu
and Hale (2015) describe a method that maps intersecting faults based on Hal@ §€2013)
fault construction techque. AlBinHassan and Marfurt (2008hd Boe (2012) applied
Radon transforms to improve fault imagesle Kadlec et al. (2008)sed level sets to
address the same objective. Barnes (2006) constructed a second moment tensor of
coherence values falling witin analysis window about each voxel to determine the fault
orientation, rejecting anomalies parallel to stratigraphy. He then dilated the images to

connect disjoint fault segments, followed by skeletonization to reduce their thickness.

63



Other 3D attribut-based visualization techniques (Marfurt, 2016; Qi et al., 2014; Wallet
et al., 2011Wu and Hale, 200@arealso useful for fault and discontinuityterpretation.
Faultsilluminated bydifferent geometric attributesan be cerendered using RGB or
CMY to corender multiple coherence volumes computed from spectral compdbhents
and Lu (2014); Henderson et al., 201D¢wett and Henza (2016) extended this approach
beyond these coherence images useiforganizing maps combine the results. These
combined fault images were subsequently enhanced using swarm intelligence.

In this paper we introduce a 3D fauldirectional skeletonizationworkflow
(Figure 2.1) thatuses the dip magnitude and azimuth of a directionalacegm of a
Gaussian (LoG) enhanced discontinuities im&ge beginour paper bysingprincipak
component structureriented filteringto suppress both random and steeply dipping
coherent noise on the seismic amplitude dBt&n, we compute the cohererat&ibute
from the original and filtered seismic amplitude volumes and compare the results. Next,
we apply a directional LoG filter resulting in a smooth but somewhat blurred image.
Finally, we skeletonize theoG filteredimage perpendicular to sharpecally planar
features.

METHOD
Poststack data conditioning:

Seismic attributeguantify patterns seen amongighboring seismic samples and
traces to extr@ subtle featuressaluable forinterpretation. Forthis reason,minor
improvemeng of poststack amplitude data can significantly improve subsequent
attribute images. In this workflow, we use a Karhuhegve (principalcomponent) filter

aligned with a structure to suppress random and any crosscutting coherenEacise.
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voxel has an estimate of cabkace. Of all the overlapping windows that contain our
analysis point, we choose the window that is most coherent (Davogustto and Marfurt,
2011). Within this window about an analysis painat timet, we compute the covariance

matrix C:
F O (')c‘)b"’(‘)r‘]d) r']cbc')(‘)Td’c‘)r‘]d) Nnw

6 06 O o o o W o A , (2.1)
where6 ando indicate thé™ and j" trace,® andw (¢ andw) the distance along the
x-axis andy-axis of the’Q ('Q) trace from the analysis poinf,andr are the apparent
dip in thex andy direction measured is/m and superscript H denotes the Hilbert
transform.The samples along structural dip for a fixed valu&kdbrm what is called a
sample vector. The first eigenvectdiof the matrixC best represents the lateral variation
in each of the sample vectors. Cross correlating this eigenvector with the sample vector
that includes the analysis point gives a cromselation coefficientp:

I B 60 W no AwL 0, (2.2)
and the Kl:filtered (or first principal component) of the d&éta at timetis then a scaled
version of the eigenvectot:

0 . (2.3)

The AKuwaharao window i s inotcaenteredbouathe | at er
analysis pointd . An analysis window of five traces and seven interpolated sample
vectors,u(ttk aeis 3hownin Figure2.2. Note that in this cartoon, the wavelet amplitude
of the three left most traces are about two times larger than that of the twaadght

traces. Each sample vector approximately reflects a scaled version of the paggen (2,
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1, 1), where the scaling factor can be positive for a peak, negative for a trough, or zero
for a zero crossing. The first eigenvector for this cartoon will be a unit length vector

representing this pattern:

~
3

| VoM (2.4)

Projecting the central sample vector at titvgainst the eigenvectet, gives across
correlationcoefficientb. For structureoriented filtering, one scales by b giving the
KL-filtered version of the seismic data. Note that since the covariance matrix used to
compute the first eigenvector used seven sample vectors, that the statistical analysis
involves seven times as much input data as for a simple mean filtdreffmore, by using
the laterally varying eigenvector, one better preserves the lateral change in amplitude in
the original data.
Coherence

Coherence is an edgketection attribute and measures lateral changes in the
seismic waveform and amplitud&@here are several popular coherence algorithms,
including those based on semblance (Marfurt et al., 1998), eigenstructure (Gersztenkorn
and Marfurt, 1999), the gradient structure tensor method (Bakker et al., 1999), and the
Sobel filter (Luo et al., 1996 & Lud®002).In our workflow, we use an energy ratio
coherence ofl traces in aK sample analysis window defined as the ratio between the
energy of the coherent (Kfiltered datap ) to the energy of the unfiltered (or total data,

0) within the analysis mdow centered about the analysis point:

0o —, (2.5)

where the coherent ener@y (the energy of the Kifiltered data) is:
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0O B 6 0 WO nw Nw 6 0 WO no nNw ,

(2.6)
the total energyO of unfiltered data in the analysis window is:
O B 60 O N AW 6 0 W nw o,
(2.7)
andwhere a small positivevalud,, prevents division by zero

the Hilbert transformApplication of Hilbert transform of seismic data avoids unstable
estimates of the covariance matrix for small vertical windows centered about a trace zero
crossing (Marfurt, 206). Weapplied the technique to volumes using a semblance and
Sobel filter algorithm, as well as tlemergyratio coherence algorithm all of whicire
computedalong structural dip. There is no significant difference for the larger, through
going faults. As expected, small discontinuities that are better delineated by-eatergy
coherence provide greater detailn contrast, if there isa footprint in the colerence
images, skeletonization will sharpen it.

Fault enhancement:

The goal of fault enhancement is to suppress incoherent noise and enhance faults
trends.While coherence highlight faults and channel eddlesse fault images may be
broken A normal faultplane defines the surface between the footwall and the hanging
wall (Figure2.3). FollowingBarnes (2006) and Machado et al. (2016), iNaroxel ()

spherical analysis window, the secemrder moment tensdk of thediscontinuity data

| wohoho is
0 0 0
A O 0 o (2.8)
0 0 o}



where the elements :
0 B wwl,, (2.9)

wherew are the distances from the center of the analysis window. If the input coherence
data is computed from tirnmigrated data, axis z should be stretcteedepth For planar
coherence anomalies, the three eigenvalues the second moment tensdwill have

_ | _ . The eigenvectord and’l of the seconarder moment tensor represent

the planar surface, while the eigenvectorepresents the normal to the planar surface.
The eigenvectofl has three components with positive to the northl  positive to

the east, and positive down(Figure2.3). Machado et al. (2016) applied a directional
Laplacian of Gaussian (LoG) operator to 3D seismic data to smooth along and sharpen
the faults perpendicular to locally planar events. The Gaussnoother is elongated

along the plane (defined by the eigenvectbrand’l ):

0 Qondd ¥ 46, (2.10)
whereR is the rotation matrix and defined @ " °1 . ¥ is adiagonalmatrix is defined
as:

" m m
¥ mn o, m , (2.11)
mn m ,

where the value gf and, is 3 times of the bin size, apd is the bin size. The rotation
matrix R is aligned with the eigenvectdr. Thus,the second derivative of the Gaussian

in the eigenvectoll direction ( ) is:

— [ — 1, Qwn-~— = — | (2.12)
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where, ,, ,and, are aligned along the eigenvecibt’l , and’l , respectively, anfd

is a normalization factor. Since the directional LoG filter is based on a Gaussian

di stribution function, we call our filtere
Fault skeletonization:

Finding eigenvectotl is key to directionly skeletonize planar anomalies in coherence

images (Qi et al., 2016). For each voxel, we extract 26 neighboring samples of fault
probability that fall withina Q@ Q& 'Q @ridded window (Figur.4). Figure2.4a

shows a hypothesized plane in greatersecting the center of the window at pdini.

The intersection ofl with this window gives the locationdY( ,”Y ) which fall in

the 2D red and blue rectangles, and are then interpolated from the neighboring grid points.

We assume the center analysis ptlitis at 0,0,0 and the points is at(-dx-dy-d2).

Values of interpolated point¥  and"Y in the analysis window (Figur24) are:

Y _ — ’?’Y 'rY o and (213)
- YOy —
Y n Ty . (2.14)
If the value at the center of the analysis winddw, Y or"Y Y , no fault

maximum occurs and we set the skeletonized value to be zero. If the value at the center
of the analysis window;Y 7Y andY 7Y , afault anomaly falls within the

window. We fit a parabola of the form:

6, @ 0, Q (2.15)
to the valuéY , Uig, and’Y (Figure2.4b). The maximum valugmaxand distance

betweenU14 and location ofJmaxprojection on the eigenvectdr is:
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Y — 7Y, (2.16)

: —, (2.17)
where dandoare defined as:

w Y Y Y T¢Q, (2.18)

o Y Y o T1Q, (2.19)
whereQis the halflength betweeflY and”Y . In generalUmaxdoes not fall on the

grid pointU14, such that we need to distribute thgax value into the eight neighboring
grid points and the weights functiofs are based on their distance between.thgand

eight neighboring grid points:

~. ~
3

Y Y . 2.20)

In Figure2.5, Umaxfalls with a subcube of the grid analysis window, indicated by the red

dashed line. We compute skeletonized values8ameighboring grid points whose

weighted average produces the fault probability at the maximum location. Finally, all
skeletonted values on grid points will be output to the skeletonized image. Ridure

show a normal fault before and after our directional skeletonization workflow. Coherence

fault anomalies appear broken on the time slice (Fig@i®).Wh i | e fAst atsr st epc
appear on the vertical slice.Faul t 6 ciAp Aa DiEAOT I©6 /AvBiEh | ACT E
are computed from the eigenvectof! indicate the direction of skeletonization, with

the result shown in Figure. After this workflow, faults become sharper and more
continuous. Stratigraphic features atsopreservedand thesean be used to estimate

fault throws thatire indicated by blue arrows in Fig@déc. Lateral discontinuitiesuch
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as shale dewatering syneresisembhanced after our workflow thigtindicated by yellow
arrow.

APPLICATION
Gulf of Mexico (GOM3D):

We first apply our workflow to a 3D seismic dataset in the Gulf of Mexico
(GOM3D). The seismic data were acquired by PGS using towed streamer acquisition
with two sources and three receiver cables with a maximum offset of 6000 m. The dataset
within theinline and crossline spacing of 123.1ft * 39.4ft (37.5m * 12.5m), covers over
2723.27 f# (253km?), and has beeprestackime migrated The uplift of the wetgrn salt
dome is contemporaneous with the uppénibasinfill, and it occurred earlier than the
eastern salt dome rise. Structural and stratigraphic features such as salt domes, mass
transport complexes, and undeformed sediment and shale, are maja @@= in this
area. Figure7di spl ays a time slice at 1s and a
amplitude volume. Random and coherent noise overprint reflectors in the migrated
dataset After principatcomponent structe-oriented filtering (Fgures2.7c and2.7d),
the signailto-noise ratioof lateral ad vertical discontinuities haacreased as seen in
both clearer faults and block delineation witthe mas transport complexes. Figures
2.7e and2.7f shows the rejected noise. Figu2e8 showsthe comparison of coherence
before and after principal component structorented filtering.Salt domes and mass
transport complexesxhibitaii s a | t a mpattermpnehe @leeredcerolume. Figure
2.8c and2.8d show thatcoherence computed aftitering preservesateral and vertical
discontinuities, anduppresses random and coherent noiSekerence computed from

the structureoriented filtered seismic amplitude volume exhibits a better sigrabdise
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ratio. Small cross faults and other distinuities within thenass transport complexase
clearly imagedat the time (Figure 2.8c) and vertical slice (Figure 2.8d) through
coherenceHowever, fault anomal i es sFigurds29aex hi bi
and 2.9b show directionally sketonized coherence imagdsault anomalies araow
more continuousexhibit higher contrastwith reducedi st ai r st epo arti f ac
MTC edges, and many subtle faults (indicated by green arrows in FXfireare
enhanced in both time and vertisites. The noise that does not represent locally planar
discontinuitiess suppresseduring the skeletonization stdp.Figure2.10,we use Hue
LightnessSaturation (HLS) color model to gender the fault dip magnitude (against S),
the skeletonized tdt probability (against L), and the fault dip azimuth (against H). In
Figure 2.10, the fault orientationis readily seenNumerical computation of fault
probability and orientation at each voxel provide an easy way to identify fault sets, either
visibly or through statistical analysis. Note that the coherent noise within the salt has been
organized and shoulde interpretedss noise. More sophisticated processing produces
homogeneous reflection salt images in this part of the Gulf of Mexico.

The signaito-noise ratio of this dataset was very low, and the dataset was time
migrated. We applied the workflow to thiatasetand found significant improvement
after applying our skeletonized fault probability workflow. However, there are still some
spikes and are poorly displaydd.terms ofspikes, coherence values will always range
between 0 and 1. For this reason, isolagites do not cause problems so long as they
do not align with other spikes. The biggest limitation in applying attributes and
skeletonization to this kind of data is those interference phenomena corresponding to

overlapping, poorly migrated events wilvgirise to discontinuities, which of course will
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thenbe sharpeneduch data limitations, including issues as basic as fault shadows, need
to be properly addressed in the imaging algorithm, and cannot be corrected by any data
conditioning or image processg.
Great South Basin (GSB3D):

Our second test data is from the Great South Basin, New Zealand. The
intracontinental rift basin formed during the n@tdetaceous ang dividedinto several
highly faulted sukbasins thatontainvery thick sedimentary fillA polygonal fault
system is very developed in the area, and its genetic mechanisms include gravity collapse,
density inversion, syneresis and compactional loading (Cartwright et al., 2003), while
syneresiss also seem the datasefThe inline and cradine spaces are both 12.5m, and
the time sample rate is 2mBigure 2.11 shows the original seismic amplitud&/e
compute coherence frotheseismic amplitudeolume In Figure2.12a, polygonal faults
are well delineated. However, the wklln o wn p ot air dre ¢kkbitetbs the
vertical slice (Figur.12c). The syneresis pattern (Fig@r&2b and2.12c) is too chaotic
to be interpreted. Fault trenohscoherenceare disconnected, especially on curved faults.
After our workflow (Figure2.13), polygonal faults are sharper and more continuous, and
Aist ai r st e p beerasupprescedyndresis, andtheestratigraphideaturesare
also enhancedfter skeletonizatonThe At hi cko bl ack smears
subparallel to the verticalises. Figure2.14 showsa 3D view of skeletonized fault
probability cerendered with fault dip azimuthAnd seismic amplitude dathlote that
polygonal fault planes and syneresis are both preserved after directional skeletonization
in the 3D volume, and fault planes associated with fault dip azianatfeadily identified

Lateral discontinuities such as syneresis also seen
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Comparison of directional skeletonization with swarm intelligence

We apply our directional skeletonizati method and swarm intelligence to the
GSB3D survey, and compare these results in faultsgndresis enhancement. Figure
2.15a shows a time slice at 1.72s throdlyacoherence volume tha usedas the input
for comparison of the two different method$e polygonal faultggreen rectangular)
and syneresigorange arrowgare both present in this time slidégure2.15b shows the
directional skedtonization result and Figure 2.15c shows the result of swarm
intelligence, both computed from coherenceteNibat, directional skeletonization shows
more details (subtle faults) than swarm intelligence in the polygonal fault zone. Swarm
intelligence generates linear artifacts, but directional skeletonization does not, as
indicated by the red arrows in Figur245c ard 2.15d. Figure2.15d shows the swarm
intelligence result withthe directionally skeletonized volume as inpdthe results
obtained by pplying swarm intelligence to the directionally skeletonized degdetter
than thatthose obtained frommoheence preservingmore subtle discontinuitieis the
polygonal faults zone. However, despite applying many different combinations of
parameters for swarm intelligence, the syneresis evall not be preservedrange
arrow). We conclude with Figur@.16 showing samevolumes as in Figur2.15 but on
vertical slicesThe swarm intelligence result with directional skeletonization volume as
input shows more comuous and sharpéault images than the one computticectly
from coherence. The directionsiteletornization workflow in Figure2.16 exhibit fewer
Astairstepo sain Figufeal6 (ted arrowy. Blue arrdwes indicatéaults
better mapped bgwarm intelligence thahy directional skeletonizatiorgt the expense

of organizing other feates thaare probablyoise. Stratigraphic featurase preserved
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and enhanced using the directional skeletoromaivorkflow. Comparing Figure.16c
with 2.16d we can see that swarm intelligence with directional skeletonization as input
created fewer &ifacts. Swarm intelligence and the skeletonization workflow both need
edgedetection attribute as input. These two methods are sdyggdample analysis, and
computation cost of these two methods are similar. For the dataset GSB3D with 500 by
280 tracesad 750 timesamples, the enhancement and skeletonization take around 200s.
Applying the same dataset to swarm intelligenhe computation time is around 220s.
CONCLUSIONS

We havedeveloped 3D fault directional skeletonization workflow to skeletonize
ard segment fault images:irst, we @plied structureoriented filteringto suppress
random and coherent noidéext, we computed coherence as our edgeection attribute
to detect discontinuous features. Coherence computed after data conditioning using
structureoriented filtering SOF), followed by iterative application of a LoG filter and
directional skeletonization rejects noise, enhances faults in both vertical and lateral
directon. W s kel et onize the results peddpendicu
magnitude, resulting in shamemore continuous fault and stratigraphic edges. These
discontinuous features can be cetoded bytheir dip azimuth and magnitude, as a
suite of independentzimuthally limited fault sets that may be found to hageeater
risk of communicating with adjacent aquifers, or on the positive side, to be better
correlated with open fractureSubtle stratigraphically limited features such as faults
within mass transport complexes and syneresis in shales are alsceghhmltattribute
display of the skeletonized faults and its dip magnitude and azimuth readily display

interfaultrelationshipsComparingour directional skeletonizationoskflow with swarm
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intelligence, we findhe swarm intelligenckas the danger ohancing smalartifacts,

which arenot presentn our skeletonization results. Swarm intelligence and directional
skeletonizati on hbriifacts,and ennacpreviouslg disaantmsotise p 0
fault segmentsOur skeletonization workflow preservestratigraphic features, such as
dewatering syneresis, which swarm intelligence sme&ascading directional
skeletonization with the swarm intelligence results in more continuous and sharper fault

imaging than with coherence as input.
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o Coherence
Seismic
amplitude

Directional Laplacian of
Structure oriented a Gaussian filtering
filtering

Filtered seismic Planar event Planar event Planar event

amplitude probability dip magnitude dip azimuth

Attribute
computation

Skeletonization

Skeletonized fault,
stratigraphic edge, or
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Figure 2.1 Workflow illustrating the steps used in our directional skeletonization
workflow. The interpreter begins with pestiack data conditioning by applying structure
oriented filtering on seismic amplitude data. After filtericgherenceor other edge
detection attribteis computedA directional LoG filter produces volume estimates of
the probability, dip magnitude, and dip azimuth of locally planar events. These events are
then skeletonized to produce sharper images.
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Analysis

The best-fit
waveform

Figure2.2 Cartoon of an analysis window with figeacesand seven samplelote that
the wavelet amplitude of the three left most traces is about two times larger than that of
the two righ-most traces.
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Normal fault

Figure2.3 Cartoon of a normal fault defined by the eigenvedtoperpendicular to the
fault plane. The projectiondf on t he hori zont al pl ane defi
« , and the angle betweén and thez-axis defineshefi f aul t 6 di p magni t uc
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Q Uright

“Fault” dip
magnitude®

Figure 2.4 Cartoonshowing details of directional skeletonization. (a) The analysis
window about each voxel consisting of eight subcubes and 26 neighboring voxels. The
green pane indicates a locally planar event with center point™y  andyY  define

pomts where the eigenvectdr intersectsthe analysis windowThe attribute value at

Y s interpolated from the corner values of the red sq¥are’y ,7Y , and’Y . The

attribute value aty s interpolated from the corner values of the blue sqbéaréy,
Y ,and"Y . (b) Further interpolation along axis by fitting the parabola toy .Y
andY  to estimate the maximum vallnaxand its location.
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Figure2.5 Cartoonshowing the location dfmaxin 3D. In generalUmaxdoes not fall on
a voxel, such thatlmax needs tabe distributedo its eight neghboring grid points for
subsequent display.
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Figure2.6 Examplesf two normal faultseen on édmeand vertical slice through (a) the

original seismic amplitude volume, (b) the coherence volume, and (c) directional
skeletonization volumePurple arrow indicates the eigenvector 'l in the vertical

slice, whereas purple dashed arrow indicates its profion on the time sliceA Faul t 0

dip azimuthe AT A OZAAOI 06 [iuie BlusttaedCih )0 Eadtlanomalies
exhibitthewel-ET T xT OOOAEOOOAPS AOOEAAAOOh OOAE C
After our directional skeletonization workflow, faults become sharper and more
continuous. Stratigraphic features are preserved, which can be used to estimate

fault throws that are indicated by blue arrows in (c). Lateral discontinuities are also

enhanced after our workflow those are indicated by the yellovarrow in (c).
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Figure27( a) Time slice at t=1s and (b) vertic:
seismic amplitude volume in the GOM3D survey. (c) Time slice at t=1s and (d) vertical
slice along | ine AA® through t h-eriene@i s mi c
fiter i ng. (e) Time slice at t=1s and (f) ve
Afinoi sedo volume. Note that t heorientedfétemingc a mp |

shows a better sign#b-noise ratio. All images are at the same scale angdit
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computed from the original seismic amplitude volume. (c) Time slice and (d) vertical

slice through coherence computed from the structure oriented filtered seismic amplitude

volume. Note thatow coherence values parallel to weak low sigioahoise ratio
reflectors are suppressetihoroughgoing normal faults and localized discontinuities
internal to the mass transport complexes (MTCs) are slightly enhaReddpolygon

indicatesa salt dome.

89

c



Coh

Low

g Prob
=
High
Low

Figure29 ( a) Ti me slice at t=1s and (b) vert.i
directionally skeletonized fault probability attribute. Note that faults after our workflow

are more contiuous, with higher contracts. Subtle features within the mass transport
compl exes are also enhanced. beénSdadecéedand t e p 0

anomalies parallel to stratigraphy suppressed.
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