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(57) Abstract: Embodiments of systems, computer-implemented methods, and non-transitory computer-readable medium having
one or more computer programs stored therein are provided to enhance borehole image analysis associated with a hydrocarbon reser -
voir. A neural network mapping process can first be performed, responsive to openhole log data and core data, to thereby generate a
material-type scheme. Then, an image-based petrophysical analysis process can distribute and calibrate borehole image data, re-
sponsive to the core data and material-type scheme. Consequently, an approximated material type and an approximated grain size
can be produced for each borehole image reading. The openhole log data, the core data, the material-type scheme, and the approxim -
ated material types and grain sizes, for example, can then be displayed to thereby increase consistency in categorizing subsurface
material associated with hydrocarbon wells by material type and enhance interpretation of subsurface material texture, fabric, and
features to predict subsurface material composition of the hydrocarbon reservoir.
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PUCT PATENT APPLICATION

SYSTEMS, METHODS, AND COMPUTER MEDIUM TO PRODUCE EFFICIENT,
CONSISTENT, AND HIGH-CONFIDENCE IMAGE-BASED ELECTROFACIES
ANALYSES IN STRATIGRAPHIC INTERPRETATIONS ACROSS MULTIPLE

WELLS

RELATED APPLICATIONS

[0001] This application is related and claims priority to U.S. Provisional Patent Application
No. 61/943,867, filed February 24, 2014, titled “Systems, Methods, and Computer Medium
1o Produce Efficient, Consistent, and High-Confidence Tmage-Based Electrofacies Analysis
m Stratigraphic Interpretations Across Multiple Wells,” U.S. Provisional Patent Application
Wo. 61/949,558, filed March 7, 2014, titled “Systems, Methods, and Computer Medium to
Produce Efficient, Consistent, and High-Confidence Image-Based Electrotacies Aualysis in
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Stratigraphic Toterpretations  Across Multiple Wells,” and U.S. Non-Provisional Patent
Application No. 14/320,032, filed June 30, 2014, titled “Systems, Methods, and Computer
Medium to Produce Efficient, Consistent, and High-Confidence Image-Based Electrofacies
Analysis in Stratigraphic Interpretations Across Multiple Wells,” the contents each of which

are hereby incorporated herein by reference in thewr ontireties,

BACKGROUND OF THE INVENTION

Field of the Invention

[0002T Embodiments of the invention relate to hydrocarbon industries and, more particularly,
systems, methods, and non-travsitory computer-readable mediurn having computer program

stored therein for borehole image analysis.

Bescription of the Related Arxt

[0003] An understanding of the subsurface material within a hydrocarbon reservoir may play
an important role in development of the hydrocarbon reservoir to produce hydrocarbons, such
as oif and gas. More specifically, an ability to identify types and their associated propertics—

sometimes called “lithotype” or, in some circamstances “facies”—of subsurface material may
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significantly enhance development of the hydrocarbon reservoir. At least one reason that
such an understanding may be ifmoportant is that the types and properties of subsurtace
material, as well as the orientation and position of different types of material, may affect how
hydrocarbons flow through the reservoir. For example, an individual material type may be
associated with porosity and permeability ranges that differ greatly from those of another
material type.  An ability to identify the material types and characteristics within a
hydrocarbon reservoir may conscquently enhance models of the hydrocarbon reservoir that
are used to simulate fluid flow within the hydrocarbon reservoir, for example. Numerous
approaches to identifving subsurface material types and properties may exist, including

analysis of borchole images.

[0004] Borchole images—representations of walls of a hydrocarbon well borehole—may be
analyzed to help identify subsurface material types and charactenistics. Borchole images may
be acquired, for example, by measaring material resistivity along uncased borehole walls,
For example, one or more pads comtaining clectrodes and scosors (“butions”™) may be
positioned against a borehole wall. The one or more sensor pads may apply an electrical
current into the borebhole wall to measure the resistivity of the subsurface material
surrounding the borehole.  This procedure mway be repeated with the one or more pads
oriented in other directions within the borehole, as well as at a phurality of depths within the
borehole. That is, measurements or readings of material resistivity may be taken at various
depths along the length of a borehole, and they may further be taken i a phuality of
directions at cach depth. Consequently, material resistivity may be measured for a significant
portion of the subsurface material surrounding the borehole. The measured resistivity data
may then be used to develop a “picture” of the subsurface material through which the
borehole passes. As a result, borehole image (BHT) data—sometimes called borehole image
log (BHYL data or simply BHI—may include resistivity rocasurements froro within a

borehole.

[(G0357 Borehole image data may sometimes be analyzed in conjunction with other data,
mcluding, for example, openhole log data (sometimnes described as “openhole data,” “open

2% <6

hole log data,” “open hole data,” or “well logs™) and core data. Openbole log data may
imchude measured data from within an uncased borehole such as, for example, density
measurement data, neutron measurement data, gamma ray (GR) measurernent data, induction
log data, lateral log (“laterlog” or “laterolog™) data, porosity log data, photoelectric (PE)
curve data, and petrophysical calculations {e.g., water saturation). Core data, on the other

.
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hand, may inciude data measured, observed, or derived from a core sample associated with a
hydrocarbon well. A core sample can inclade, for example, 8 piece of sabsurface material
that has becn rernoved from a hydrocarbon wellbore, at a substantially known depth, during
or atter drilling. A corc samaple may be analyzed to identify, for example, one or more types
of subsurface material within the core sample, presence and location of pores and vogs within
the core sample, and grain size of subsurtace material within the core sample. As will be
vnderstood by those skilled in the art, grain size may inchude, for instance, particie size of
mdividual components that make up subsurface material, such as, for example, clastic
material. Although a core sample may be related to subsurface material properties only at
one futerval of the wellbore from which the core sample originated, information garnered
from the core sample may be used—with openhole log data and borehole image data—t0
predict and model subsurface material at other depths, ie., at uncored intervals of the
wellbore,  For example, subsurface material type, orientation, fabric, and texture may be
modeled. Texture may include, for example, the size, shape, and arrangement of grains and
spaces between grains of subsurface material, such as rock, as will be understood by those
skilled in the art. Furthermore, fabric way include the pervasive internal structure and
arrangement of subsurface material, such as the preferved orientations of grains or fragments,
related to the primary depositional or secondary diagenetic processes. A model of subsurface
material surrounding a wellbore may itself be used to enhance a model of the hydrocarbon

reservoir assoctated with the wellbore.

[0006] Also, for example, as described in U.S. Patont Application Publication No.
2012/0221306 (Hurley et al), core samples first may be described to identify facies, fabrics,
and material types 271, for example, as depicted in FIG. ia. Facies may include a body or
onit of, typically, sedimentary rock or subsurface material with specified characteristics from
which an inference may be drawn that the subsurface material was formed by a particular
geological process or within a particular geological environment. Porosity and permeability
of a core sample then may be analyzed 272, Existing core analyses, core descriptions, and
material types then may be wntegrated 273 before well logs are analyzed 274, Finally,
borehole images and openhole log data may be interpreted and compared to facies as
identified from a core sample 275 as part of a “core calibration” process. That is, an
iterpreter may integrate grain size, lithology, and texture sumultanecusly on a well-by-well
hasis to produce clectrofacics 264, given openhole log data sets 261, core data sets 262, and

borehole image reading sets 263, as depicted, for example, in FIG. 1b. Electrofacies, as will

3
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be understood by those skilled in the art, may include facies that are determined from analysis
of a diagnostics or individual set of wire-line log responses that characterize the physical
propertics of subsurface material and fluids contained within or related to a volume and depth
of investigation by a wire-line logging tool. Electrofacics may usually be confirmed in the

first instance by calibration to core data.

—

[G007] Manual interpretation of borchole image log (BHI) fabrics and textures, in
conjunction with openhole logs and core calibration, is an cstablished industry methodology
for extrapolating into uncored intervals, This manual methodology, although often utilized,
may usually only be detailed in internal company reports, ¢.g., in Ajay Samantray, Martin
Kraajveld, Walced Bulusht & Laurent Spring, Interpretation and Application of Borehole
Image Logs in a New Generation of Reservoir Models for a Cluster of Fields in Southern
Oman, AAPG Memoir 92, Spring 2010, at 343, 343--57 {(hereinafier Samantray). It may be a
time-intensive method that relies heavily on the experience of the BHI interpreter for
consistency.  Typically, during manual interpretation when multiple wells and reservoir
intervals are involved, spuricus variations in reservoirs’ rock properties from similar facies
may be generated due to the mmtroduction of minor inconsistencies i “lithotype” classes.
Lithotype, as will be understood by those skailled in the art, may jochude sabsurface material
or a geological unit characterized on the basis of a combination of selected physical, textural,

o stratigraphic parameters.

[G008] Manual interpretation of facies from borehole images has been applied to many
reservoirs over the last twenty vears. [t i3 an established industry method for creating
geologically-based facies utilizing borchole image logs (BHI) in conjunction with open hole
logs and core calibration to extrapolate into uncored intervals. The methodology may rely
heavily on the experience of the BHI mterpreter to correctly identify the image features,
textures, and orientation data. 1t is an established techuigue, but the methodology may
fargely be concealed and only occasionally elucidated through reference to specialist internal
company reports or one-off papers, e.g., in Samantray. In Samantray, the borehole image log
facies interpretation scheme by MacPherson et al, (2005) from a company report was
reproduced. This scheme, now widely used, may be an amalgamation of previous works, but
what may make it particularly unique, as displayed in Samantray, is its simplicity. On a
single page it may summarize open hole logs with image log textores.

[0009] For cxample, an image facies scheme for clastic rocks after MacPherson may be
tlustrated, for example, in FIG. 1e{i). In FIG. Ie(1), an experienced geologist may have

A4
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created a field-specific image facies scheme from a geological image interpretation of
borehole image features with a petrophysical interpretation of open hole logs. For example, a
spectrum from sand separation ou the one hand and shale separation on the other hand may
mchude several materials, with sandstone on the sand separation end of the spectrum and
mudstone on the shale separation end of the spectrum. In between these two ends of the
spectrum, argillaceous sandstone may be nearer to the sand separation end of the spectrum,
and siltstone and sandy mudstone may be nearer to the shale separation cnd of the spectrum.
The materials in this spectrum may be represented by different colors, in some circumstances,
as will be understood by those skilled in the art. For example, sandstone (e.g., massive — Sm,
rippled — Sr, lanunated — S1, cross-bedded — Sx and Sp) may be represented by yellow.,
Argillaceous sandstone {e.g., SMm, SMr, SMI, SMx) may be represented by orange. In
addition, sifistong and sandy mudstone {e.g., MS, MS b} may be represented by an olive
green, and mudstone (e.g., Mm, M1} may be represented by dark green. Characteristic log
cutoff values for certain rock types (e.g., argillaceous sandstones) may have been determined
depending on formation log responses, log data availability, and data quality in the field
These image log rock facies types may be calibrated against core data in initial phases of
projects and combined with geological fabrics interpreted from the tmage log and core, as
tlustrated, for example, in FIG. ie(ii). That is, image facies for clastic rocks after
MacPherson may be ithustrated in FIG. 1e(ii), for example. This integration of geological
textures identified from the borchole images, core, and the open hole logs may create a
geological facies (e.g., bedded argillaceous sandstone). The method may rely heavily on the
experience of the BHI interpreter to correctly identify the image features, texture, and
orientation data.  The developed facies may then be used to identity depositional
eovironments and sediment dispersal directions within the geological reservoir models.
Image associations and image facies codes may be represented by colors, for example, and
may further be related to colors used to represent the spectrum from sand separation to shale
separation tustrated n FIG. le(ny, for mnstance, as will be snderstood by those skilied in the
art. For example, colors used to represent image associations may include: yeliow for
sandstone, orange for argillaceous sandstone, grey for heterolithics, olive green for muddy
sandstone to sandy mudstone, and dark green for mudstone. Within each image association,
related colors may represent mmage facies codes, as will be understood by those skilled in the
art. For example, colors and patterns used to represent image facies codes associated with
sandstone may include: red mottied for Cgl (conglomeraie), grey-yellow for Sm (massive
sandstone; structoreless or homogeumized), vyellow with a triangolar patiern for Sy

&
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{discontimuous, irreguiar, or ripple laminated sandstone), mottled yellow for 81 (low-angle
faminated sandstone), yellow with a hatch patiern for Sx (cross-bedded sandstone), and
striped vellow for Sp (paraliel laminated sandstone). Colors and patterns used to represent
mmage facies codes associated with argillaceous sandstone may include: solid orange for
SMm (massive argiliaccous sandstone; structureless or homogenized), orange with a
triangular pattern for SMr (discontinuous, wregular, or ripple lanunated argillaceous
sandstone), mottled orange for SMI (low-angle laminated argillaceous sandstone), and orange
with a hatch pattern for SMx (cross-bedded argillaceous sandstone). Further, colors and
patterns used to represent image facies codes associated with heterolithics may nclude: grey
with a triangular pattern for Hr (discoutinuous, irregular, or rpple larsinated heterolithics
{(sandstone-siltstone-shale)) and striped grey for Hp (well to paraliel laminated heterolithics
(sandstone-silistone-shale couplets). Colors and patterns used to represent image facies codes
associated with muddy sandstone to sandy mudstone may include: grey-olive green for MS
{(siltstone and sandy mudstone) and mottled olive green for MSh (siltstone and sandy
mudstone with irregular laminae). Colors and patterns used to represent image facies codes
associated with mudstone may inclade: dark green for Mm (massive mudstone; stroctureless,
homogenized, bioturbated, or pedoturbated) and mottled dark green for Ml (larsinated or
bedded nwdstone). Finally, the facies may be combined into facies associations {0 assess
reservoir property groups rather than geological facies, as tllustrated, for example, in FIG.
fe(in). A facies association, as will be understood by those skilled in the art, may include a
group of individual facies that are considered to have been in a particular sedimentological
environment or by particular depositional processes.  More specifically, an image facies
association scheme for clastic rocks after MacPherson may be lustrated in FIG. Te(i), for
example. As depicied, image facies codes may represented by different colors and patteros,
although the colors or patterns may vary, as will be understood by those skilled in the art.
For instance, image association names may be depicted with associated colors and patterns,
as will be understood by those skilled in the art, e.g., striped yellow for §1, grey-yelow for
82, orange for 83, grey for H, olive green for Z, and dark green for M. This may help to
distinguish between good and poor reservoirs for the sinmulation of the reservolr, e.g., a cross-
bedded clean sandstone (Sx) is seen to have a better reservoir quality than a laminated clean

sandstone.

[0010] The manuval interpretation of borehole irsage log (BHI) fabrics and textures, in

conjunction with open hole logs and core calibration, is an established industry methodology

-
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for extrapolating into uncored intervals, This manual methodology, although often utilized,
may usually only be detailed in internal company veports, e.g., in Samantray. It was only
recently fully reproduced by the inventors. It may be a tume intensive method that relies
heavily on the experience of the BHI interpreter for consistency. Typically, during manual
interpretation when multiple wells and reservoir intervals are involved, spurious variations in
reservoirts’ rock properties from similar facies may be geoerated due to the introduction of

minor inconsistencics in “lithotype™ clagses.

[0011] For example, a projoct utilized a borchole image log facies interpretation scheme
developed by MacPherson et al., (2005) as reported in Samantray. This methodology may be
frequently applicd 1o the industry but seldom detailed outside of corapany reports. It may be
only occasionally clucidated through reference to specialist internal company reports or one-
off papers, as in Samantray. This scheme, now widely used, may be an amalgamation of
previous works, but what makes it particularly unique, as displayed in Samantray, 18 ifs
simplicity. Ou a single page it roay sununarize openhole logs with image log textures. For
example, in FIG. 1c(i), an cxperienced geologist may have created a field-specific
electrofacies scheme from a geological image interpretation of borehole image features with a
petrophysical interpretation of opevhole logs. That 1s, an example of an electrofacies scheme
for clastic rocks after MacPherson in Samantray, for cxample, may be illustrated in FIG.
ic(i). An clectrofacies scheme may include wireline response data 221 and borehole image
response data 222, for example. As tlustrated, wireline response data 221 (i.e., openlog data)
may include measurerments of garama ray radioactivity in APY 227, including a mean gamma
ray measurement 223, Wircline response data 221 may also include measurements of
density/neutron porosity 224, measurements of sand separation 225, and measurements of
shale separation 226, as will be understood by those skilled in the art.  For example, a
spectrum from sand separation 225 on the one hand and shale separation 226 on the othe

hand may include several materials, with sandstone on the sand separation 225 end of the
spectrum and mudstone on the shale separation 226 end of the spectrum.  In between these
two ends of the spectrum, argillaceous sandstone may be nearer to the sand separation 225
end of the spectrum, and siltstone and sandy nwudstone may be nearer to the shale separation
226 end of the spectrum. The materials in this spectrum may be represented by different
colors, i some circumstances, as will be understood by those skilled in the art. For example,
sandstone {e.g., massive — Sm, rippled (including discontinnous/irregular laminae) — Sr,

faminated — 51, cross-bedded — 5x and Sp) may be represented by yeliow.  Argillaceous
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sandstone (e.g., SMm, SMr, SMI, SMx} may be represented by orange. In addition, siltstone
and sandy mudstone {e.g., MS, MS b} may be represented by an olive green, and mudstone

{e.g., Mm, M1} may be represented by dark green. Further, borehole image response data 222
(i.e., BHI dats) may include indications of bedding types 228, Borchole image response data
222 may further include indications of often conductive mottled 229 and indications of
conductivity of image character (in hydrocarbon leg) 230. Borehole tmage response data 222
may still further include indications of where a subsurface material falls on a scale between
finely speckled image character 232 and flat/matte image character 231, An electrofacies
scheme, as depicted, may include data related to heterolithics, such as an indication of how
regular laminae are 233 and an indication of caliper enlargersent 234 (i.¢., increasing calibe

size). Characteristic log cutoff values for certain rock types {e.g., argiilaccous sandstones)
may have been determined depending on formation log responses, log data availability, and
data quality in the field. These image log rock facies types may be calibrated against core
data in initial phases of projects and combined with geological fabrics interpreted from the
image log and core, as ilhustrated in FIG. Ic(ii), for example. That is, an example of
electrofacies for clastic rocks after MacPherson in Samantray, for example, may be illustrated
in FIG. fe(i1). For cach of the image associations 2385, electrofacies roay inchude an image
facies code 236, an image facies 237, and possible alternatives 23¥, As will be understood by
those skilled in the art, image associations 235 and image facies codes 236 may be
represented by colors, for example, and may further be related to colors used to represent the
spectrum from sand separation 225 to shale separation 226 illustrated in FIG. le(i), for
instance. For example, colors used to represent image associations 235 may include: yellow
for sandstone, orange for argillaceous sandstone, grey for heterolithics, olive green for muddy
sandstone to sandy mudstone, and dark green for mudstone. Within cach image association
235, related colors may represent image facies codes 236, For example, colors and patterns
used to represent image facies codes 236 associated with sandstone may imclude: red moitied
for Cgl ({(conglomerate), grey-yellow for Sm (massive sandstone; stractureless or
homogenized), yellow with a triangular pattern for Sr (discontinuous, irregular, or ripple
laminated sandstone), mottled yeliow for Sl {(low-angle laminated sandstone), yellow with a
hatch pattern for 5x {cross-bedded sandstone), and striped yellow for Sp (parallel laminated
sandstone).  Colors and patierns used to represent image facies codes 236 associated with
argillacoous sandstone may include: solid orange for SMim (massive argillaccous sandstone;
structurciess or homogenized), orange with a triangular pattern for SMr (discontinuous,
wregular, or ripple laminated argillacecus sandstone), mottled orange for SMI (low-angle
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laminated argillaceous sandstone), and orange with a hatch pattern for SMx {cross-bedded
argillaceous sandstone). Further, colors and pattems colors and patterns used to represent
image facies codes 236 associated with heterolithics may include: grey with a triangular
pattern for Hr (discontinuous, irregular, or ripple laminated heterolithics {(sandstone-siltstone-
shale}) and striped grey for Hp (well to parallel laminated heterolithics (sandstone-siltstone-
shale couplets)). Colors and patteros used to represent image facies codes 236 associated
with muddy sandstone to sandy mudstone may inchude: grey-olive green for MS (siltstone
and sandy mudstone) and mottled olive green for MSh (silistone and sandy mudstone with
irregalar laminae). Colors and patterns used to represent image facies codes 236 associated
with mudstone may include: dark green tor Mm (massive mudstone; structureless,
homogenized, bioturbated, or pedoturbated) and mottled dark green for Ml (laminated or
bedded mudstong). This integration of geological textures identified from the borchole
tmages, core, and the openhole logs may create a geological facies (e.g., bedded argillaceous
sandstone). The method may rely heavily on the experience of the BHI interpreter to
correctly identify the image features, texture, and orientation data. The developed facies may
then be used to identify depositional environments and sediment dispersal divections within
the geological reservoir models,  For example, electrofacies {old workflow) used for a
depositional environment and sediment dispersal analysis in Oman by MacPherson in
Samantray is illustrated, for instance, in FIG. 1d. As depicted, recordings and observations
may include (1) wirehne caliper, GR, PE, density, and neutron porosity recordings and
observations; {2) static and dynamic troages recordings and observations; (3) manual picks,
bedding, and fractures/faults recordings and obscrvations; and (4) stratigraphy and relative
porosity difference (RPD) recordings and observations. More specifically, wireline caliper,
GR, PE, density, and neutron porosity recordings and ohservations may include hole shape
measurements/representations 278, gamma ray {GR) and photoeclectric (PE) measurements
279, density and neutron porosity measurements 230, and depth in meters 281, For example,
hole shape measurements/representations 278 may be represented by a column of white space
flanked by grey shading with red circles divided into six wedge-shaped portions, and GR. and

)
7

PE measurements 279 may be represented by a variety of colors, e.g., shades of orange and
yellow, at different depths to indicate the measarements recorded at the respective depth, as
will be understood by those skilled in the art. Static and dynamic tmages recordings and
observations may include static normalized resistivity image data 282 and dynamic
normalized resistivity image data 283,  Additionally, manual picks, bedding, and
fractures/fanlts recordings and observations may inchude manual dips 284, bedding azimuth

0.
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frequency histograms by structural zone 285, and strike frequency histograms and poles by
structural zone 236, Further, stratigraphy and RPD recordings and observations may inchide
uncorrected  fracture  density  measurements 287, structural dip and  fault position
measurements 288, stratigraphy 289, and SW, porosity, density, and RPD measurements 290,
SW, porosity, density, and RPD measurements 290 may be represented by a variety of colors,
¢.g., orange, yellow, and green, at different depths to jndicate the measurements recorded at
the respective depth, as will be understood by those skilled in the art.  In addition to
recordings and observations, electrofacies and sodiment dispersal analysis may include
mterpretation, which in turn may include borehole image facies, facies association, and
depositional sub-environment.  More specifically, interpretation may include indications of
mmage facies 291, indications of gross facics association 292, indications of depositional
environment and cross bedding 293, and indications of gross depositional environment 294,
In some istances, indications of image facies 291 roay be represented by a variety of colors,
such as those illustrated in the clectofacies depicted in FIG. lc(it), for example, at different
depths to indicate the image facies for the respective depth, as will be understood by those
skilled in the arl. Further, indications of gross facies association 292 similarly may be
represented by a variety of colors, such as those tustrated in the clectofacies association
scheme depicted in FIG. le(iil), for example, at different depths to indicate the gross facies
association for the respective depth. Indications of depositional environment and cross
bedding 293 may be represented by a variety of colors, e.g., different shades of green and
vellow, at differcut depths to indicate the depositional environment and cross bedding at the
respective depth.  Interpretation may also include residual dip azimuth histograms by gross
depositional environment polar plots of low angle sandstones and heterolithics with residual
dip greater than three degrees 295, Residual dip aziowth histograms 295 ypay in turn include
mdications of residual dip of cross beddings, sandstone bedding, and crosional surfaces 2906.
Sediment dispersal analysis, as will be understood by those skilled in the art, may be
determined as an overall general direction of movernent of grains that constitute facies. For

example, different mechanical or bioclogical mechanismos—e.g., wind (saltation), water

{traction}, and mass movement (land slips)—may physically move grains that make up a

formation. But the sum of and recognition of the individual directions of movement from

mnterpretation of image log fabrics are sediment dispersal and sediment transport trend

analysis. Finally, the facies may be combined into facies associations 1O assess reservoir

property groups rather than geological facies, as illustrated in FIG. Ic(iit), for example. An

glectrofacies association scheme for clastic rocks after MacPherson in Samantray may be
~10-
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depicted, for example, in FIG, Ic(iii). An elecirofacics association scheme may inchude, for
instance, image association names 239, dominant facies 248, subordinate facies 241, and
common suh-cnvironments of occurrence 242, Image facies codes may be represented by
different colors and patterns, although the colors or pattorns may vary. For instance, image
association names 239 may be depicted with associated colors and patierns, as will be
understood by those skilled in the art, e.g., striped yellow for S, grey-yeliow for S2, orange
for 83, grey for H, olive green for Z, and dark green for M. This may help to distinguish
between good and poor reservoirs for the simulation of the reservoir, ¢.g., & cross-bedded
clean sandstone {Sx) is seen to have a better reservolr guality than a laminated clean

sandstone.

SUMMARY OF THE INVENTION

[(012] Applicants have recognized problems, sources of the problems, and sohitions (o
problems identified in the prior art.  For example, wamial analysis and interpretation of
borehole images can be a time-intensive process, and it can rely heavily on the experience of
the borchole interpreter to ensure counsistency. Furthermore, consistency in borchole image
imterpretation can be particularly clusive when more than one borehole image interpreter
analyzes borehole images associated with a single hydrocarbon reservoir. At least one source
of incousistency in borchole image interpretation, for example, is that subsurface material
type can be mischaracterized. To address at least these identified problems and sources of
problems, among others, embodiments of systems, computer-implemented methods, and non-
transitory computer-readable mediam having computer program stored therein to enhance
borehole image analysis are disclosed.

21
St

[0013] Embodiments can include, for example, a new approach of combining ncural
networks and image-based petrophysics with manual image texture interpretation in 8 unified
workflow to provide an efficient, consistent, and high confidence image-based electrofacies
analysis for stratigraphic interpretations across owltiple wells in clastic successions.
Consequently, a combination of neural networks and image-based petrophysics with a
manual tmage texture interpretation to build high resolution electrofacies in stratigraphic

miterpretations across multiple wells in clastic successions, for example, is disclosed herein.

[0014} A system to enhance borchole image analysis, according to an embodiment, for
example, can include one or more processors, one or more input and output units in

comnmnication with the one or more processors, and one or more displays in communication

-11-



WO 2015/127349 PCT/US2015/017060

with the one or more processors. The one or more input and ouiput units can also be
positioned to veceive as fuput a pharality of different openhole log data sets, a phirality of
different core data sets, and a plurality of different borchole irnage reading sets, for example.
Each of the plurality of different openbole log data sets can be associated with one or more of
a plarality of hydrocarbon wells. The plarality of hydrocarbon wells, for instance, can be
associated with a hydrocarbon reservoir, Bach of the plurality of different core data sets can
also be associated with one or more of the plurality of hydrocarbon wells. Core data, for
example, can include core grain size. Further, cach of the phurality of different borebole
fmage reading sets can also be associated with one or more of the plurality of hydrocarbon
wells, More specifically, one or more of the plurality of difterent borehole image reading
sets can be associated with each of the plurality of hydrocarbon wells, In addition, cach of
the plurality of different borchole image reading sets can include a phurality of borehole
image readings. The one or more input and output units can Rurther be positioned to output
an approximated grain size and an approximated material type for each borchole image
reading. A system can also inchide non-transitory memory medium in communication with
the one or more processors. The memory medium, in tarn, can inclode a neural network

mapping module and an irnage-based petrophysical analysis module, for example.

[06G15} The neural network mapping module, for example, can inchide computer-readable
instructions stored therein that when execuied cause the system to perform a series of steps.
The steps can inclode, for example, comparing the plurality of ditferent openhole log data
sets to the pluorality of differert core data sets.  The steps can also include performing
iteratively an unsupervised neural network map, responsive to the plurality of different
openhole log data sets and the plurality of different core data sets. Performing iteratively an
pnsupervised neural network map can thereby identify one or more material types associated
with the plurality of hydrocarbon wells, for cxample. Further, the steps can juchide
generating, responsive to the neural network map, a material-type scheme. The material-type
scheme can associate cach of the identified oune or more material types with a plurality of
material characteristics, including one or more of the following: material resistivity value and

material grain size.

[0016] The image-based petrophysical analysis module, for example, can also inchude
computer-readable mnstructions stored therein that when executed cause the system to perform

a series of steps. The steps, for example, can include distributing cach of the plurality of

borchole image readings of cach of the plurality of different borehole image reading sets mnto
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one of a plurality of resistivity classes, responsive to the material-type scheme. Each of the
plurality of resistivity classes can have one or more predetermuined associated material
resistivity values, for example. Consequently, distributing each borchole image reading can
thereby associate gach borehole image reading with an approximated material type. The
steps can also include calibrating each borehole image reading responsive to the phurality of
different core data sets and the material-type scherse. Calibrating each borchole image
reading can thus produce an approximated grain size assoctated with cach borchole image
reading. The steps can further include, for example, depicting information on the one or
more displays, for each hydrocarbon well. The depicted imformation can include, for
instance, the associated one or more of the plurality of different borehole image reading sets,
the approximated material type for each borchole image reading of the associated one or
more of the plurality of different borehole image reading sets, and the approximated grain
size for each borchole image veading of the associated one or more of the phuality of
different borehole image reading sets. Depicting this data can thereby increase consistency in
categorizing subsurface material associated with the plurality of hydrocarbon wells by
material type. Further, depicting this data can enhance interpretation of subsurface material
texture, fabric, and features to predict subsurface matenial composition of the hydrocarbon

reservoir.

[0G171 In addition, in some circumstances, one oOr more approximated grain sizes cach
associated with a borehole image reading can have a core-equuiivalent resohution, for example.
The memory medium of a systern according to an ersbodimuent can further include computer-
readable instructions stored therein that when execuied cause the system to perform the step
of generating a high resolation electrofacies, responsive to the approximated material types,
the approximated grain sizes, and user identification of one or more of the following: image
texture data, imeage feature data, iroage fabric data, and image orientation data. Generating a
high resolution electrofacies can thereby enhance characterization of subsurface material

composition of the hydrocarbon reservoir.

[G018] Furthermore, the petrophysical analysis module, i a system according to an
cmbodiment, can also include computer-readable instructions stored therein that when
executed cause the system to perform additional steps. The steps can include, for example,
identifying one or more zones of fluid phase change, responsive to the plurality of ditferent
openhole log data sets and the plurality of ditterent borchole tmage reading sets. The steps

can further include modifying the plurality of resistivity classes responsive to the identified
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one or more zones of fluid phase change, a phuality of measurements of water saturation
associated with one or more of the plarality of hydrocarbon wells, the material-type scheme,
the approxumated material types, and the approximated grain sizes. Modifying the plurality
of resistivity classes can thereby compensate for fluid phase changes associated with the

identified one or more zones of fluid phase change.

[G019] In addition to systems, a computer-implemented method to enhance borehole image
analysis, according to an crobodument, can include comparing a plurality of different
openhole log data sets to a plurality of different core data sets, for example. Each of the
phurality of different openhole log data sets can be associated with one or more of a plurality
of hydrocarboun wells. The plurality of hydrocarbon wells, in turn, can be associated with a
hydrocarbon reservoir, Further, cach of the pluorality of differcnt core data sets can also be
associated with one or more of the phirality of hydrocarbon wells. Core data can inchide core
grain size, for example. A method can also include performing iteratively an unsupervised
neural network roap, responsive 1o the plurality of different openhole log data sets and the
plurality of different core data sets. Performing iteratively an unsupervised neural network
map can thereby wdentify one or more material types associated with the phurality of
hydrocarbon wells, for example. A method can further include, for instance, generating a
material-type scheme, responsive to the neural network map. The material-type scheme can
associate each of the identified one or more material types with a plurality of material
characteristics, inclading one or more of the tollowing: material resistivity value and material

grain size.

[0020] A method can also include distributing each of a plurality of borchole image readings
of each of a plurality of different borehole image reading sets into one of a phurality of
resistivity classes, responsive to the material-type scheme. Fach of the plurality of different
horchole tmage reading sets can include a plurality of borchole iroage readings and can
further be associated with one or more of the plurality of hydrocarbon wells. Additionally,
one or more of the plurality of different borehole image reading sets can be associated with
each of the phuality of hydrocarbon wells. Each of the phurality of resistivity classes can
have one or more predetermined associated material resistivity values, for example. As a
result, distributing the borebole image readings can thereby associate cach borchole image
reading with an approximated material type. A method can also include calibrating each
horchole image reading, responsive to the plurality of different core data sets and the

material-type scheme.  Calibrating each borchole image reading can produce an
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approximated grain size associated with each borehole image reading. A method can further

imchide, for example, depicting

g—rtor each hydrocarbon well—the associated one or more of
the plurality of different borehole image reading sets, the approximated roaterial type for cach
borchole image reading of the associated one or more of the plurality of different borchole
image reading sets, and the approximated grain size for each borchole image reading of the
associated one or more of the plurality of different borchole irnage reading scts. Depicting
this data can thereby increase counsistency in categorizing subsurface material associated with
the plurality of hydrocarbon wells by material type. Further, depicting this data can enhance
mterpretation of subsurface material texture, fabric, and featores to predict subsurface

material composition of the hydrocarbon reservoir,

[0021] In some circumstances, one of more approximated grain sizes cach associated with a
borehole image reading can have a core-equivalent resolution, for example. A method
according to an embodiment can also include geverating 8 high resohition electrofacies,
responsive o the approximated woaterial types, the approximated grain sizes, and user
identification of one or more of the foliowing: image texture data, image feature data, tmage
fabric data, and image orientation data. Generating a high resolution electrofacies can
thereby cnhance characierization of subsurface material composition of the bydrocarbon

reservoir.

[0022] A method can also include identifying one or more zones of fluid phase change,
responsive to the phirality of different openhole log data sets and the plurality of different
borehole tmage reading sets. A method can then include modifying the plurality of resistivity
classes responsive to the identified one or more zones of fluid phase change, a phurality of
measurements of water saturation associated with one or more of the plurality of hydrocarbon
wells, the material-type scheme, the approximated material types, and the approximated grain
sizes. Modifying the plurality of resistivity classes can therehy compensate for fluid phase

hanges associated with the identified one or more zongs of fluid phase change.

(]

[(0231 An embodiment can also include non-transitory computer-readable medium having
one or more computer programs stored therein operable by one or more processors 1o
enhance borchole irnage analysis, for example. The one or more coruputer programs can
include a set of instructions that, when executed by the one or more processors, cause the one
or more processors to perform a series of operations. For example, the operations can include
comparing a plurality of different openhole log data sets to a plurality of different core data
sets. Fach of the plurslity of different openhole log data sets can be associated with one or
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more of a plurality of hydrocarbon wells. The plurality of hydrocarbon wells, in turn, can be
associated with a hydrocarbon reservoir. In addition, each of the plurality of different core
data sets can be associated with one or more of the plurality of hydrocarbon wells, and core
data can include core grain size, for exaraple. The operations can further inchude performing
tteratively an unsupervised neural network map, responsive to the plurality of different
openhole log data sets and the plurality of difterent core data sets. Performing ieratively an
vosupervised neural network map can thereby identify one or more material types associated
with the plurality of hydrocarbon wells, for exampie. The operations can also inchide
generating a material-type scheme, respounsive to the neural network map. The material-type
scheme can associate cach of the dentified one or more material types with a plurality of
material characteristics, including, for example, one or more of the following: material

resistivity value and material grain size.

[0024] The operations can further include, for example, distributing cach of a plurality of
borehole image readings of cach of a plurality of different borehole image reading sets mio
one of a plurality of resistivity classes, responsive to the material-type scheme. Fach of the
plurality of different borehole tmage reading sets can include a plurality of borehole image
readings and be associated with one or more of the plurality of hydrocarbon wells. Further,
one or more of the plurality of different borehole image reading sets can be associated with
each of the phurality of hydrocarbon wells. In addition, each of the plurality of resistivity
classes can have one or more predetermined associated material resistivity values,
Consequently, distributing the borchole trnage readings can therchy associate each borchole
image reading with an gpproximated material type. The operations can further include
calibrating each borchole image reading, responsive to the plurality of different core data sets
and the material-type scheme. Calibrating each borehole image reading can consequently
produce an approximated grain size associated with each borehole image reading. The
operations can also include depicting on one or more displays—for each hydrocarbon well--
the associated one or more of the phurality of different borehole image reading sets, the
approximated material type for cach borehole irnage reading of the associated one or more of
the plorality of different borchole image reading sets, and the approximated grain size for
cach borehole image reading of the associated one or more of the plurality of different
borehole image reading sets. Depicting this information can thereby increase consistency in
categorizing subsurface material associated with the plurality of hydrocarbon wells by

material type. Further, depicting the information can enhance interpretation of subsurface
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material texture, fabric, and features to predict subsurface material composition of the

hydrocarbon reservoir.

[0025] In some circumstances, one Of roore approximated grain sizes, cach associated with a
borchole image reading, can cach have g core-cquivalent resolution. In some non-transitory
computer-readable mediam having one or more computer programs stored therein, according
to an emnbodiment, the set of instructions, when executed by the one or more processors, can
further cause the one or more processors to perform additional operations. The operations
can include, for example, generating a high resclution clectrofacies, responsive to the
approximated material types, the approximated grain sizes, and user identification of one or
more of the following: image texture data, image feature data, umage fabric data, and image
orientation  data.  Generating a high resolution electrofacies can therchby enhance

characterization of subsurface material composition of the hydrocarbon reservoir.

[(026] The operations can also inchude identifying, responsive to the phurality of different
openhole log data seis and the plarality of diftercnt borehole image reading sets, one or more
zones of fluid phase change. The operations can then inchude modifying the plurality of
resistivity classes responsive to the identified one or more zones of fhuid phase change, a
phurality of measurements of water saturation associated with one or more of the plurality of
hydrocarbon wells, the matenal-type scheme, the approximated material types, and the
approximated grain sizes. Modifying the plurality of resistivity classes can therchy
compensate for fluid phase changes associated with the identified one or more zones of fluid

phase change.

BRIEF DESCRIPTION OF THE DRAWINGS

[0027] The application file contains at least one drawing executed in color. Copies of this
patent application publication with color drawings will be provided by the Patent and

Trademark Office upon request and payment of the necessary fee.

[0022] These and other features, aspects, and advantages of the present mvention will
become better understood with regard to the following descriptions, claims, and
accompanying drawings. It is to be noted, however, that the drawings illustrate only several
embodiments of the invention and are therefore not to be considered himiting of the
invention’s scope as it can admit to other equally effective embodiments,

[0026] FIG. 1a is a schematic method flow diagram according to the prior art, as described in
.5, Patent Application Publication No. 2012/0221306 {Hurley et al).
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[0030] FIG. 1b is a schematic method flow diagram according to the prior art.

[0031] FIG. 1e¢fi) is a schematic diagram of an electrofacies scheme according to the prior

H
i
i

art.

[0032

[—1

FIG. 1c(i) 15 a schomatic diagram of electrofacies according to the prior art,

[0033] FIG. ic(iil) a schematic diagram of an electrofacies association scheme according to

the prior art.
[0034] FIG. 1d s a schematic diagram of electrotfacies according to the prior art.

[0035] FIG. 1e(i) 1s a schernatic diagram of an electrofacies scheme according to the prior

art.
[0036] FIG. Te(ii) is g schematic diagram of electrofacies according to the prior art.

[0037% FIG, le(iti) a schematic diagram of an electrofacies association scheme according to
the prior art.

[0038] FIG. 2 is a schematic diagram of a system according to an embodiment of the
HIVEntion.

[0G391 FIG. 3 is a schematic diagram of a sysiem according to an embodiment of the
mvention.

[0040] FIG. 4 is a schematic method diagram according to an embodiment of the invention.
[0041] FIG. 5 is a scheratic method diagram according 10 an embodiment of the jnvention.

[0042] FIG. 6(a) is a schematic diagram of a self-organizing neural network map according

to an embodiment of the invention.

[0043} FIG. 6(b) is a schematic diagram of a well-correction panel according to an

emnbodiment of the fnvention.

[0044] FIG. 6(c) 5 a schematic diagram of neural network input curves according to an

embodiment of the fnvention.

(00451 FIG. 7(a) 13 a schematic diagram of an image-based petrophysics analysis plot

according to an embodiment of the invention.

[0046] FIG. 7(b) 15 a schematic diagram of a borchole irage resistivity histogram according

to an cmbodiment of the invention,
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[0047] FIG. 7(c) 1s a schematic diagram of a borehole image resistivity histogram according

to an embodiment of the invention.

[0048] FIG. 7(d) is 2 schematic diagram of a borehole image resistivity histogram according

to an embodiment of the tnvention.

[0G491 FIG. &(a) 15 a schematic diagram of 2 multi-well density-neutron cross-plot by

electrotacies according to an embodiment of the invention.

[G030] FIG. 8(b) is a schematic diagram of texture and openhole log responses of pebbly

facies according to an embodiment of the invention.

[0051] FIG. 8(c) 15 2 schematic diagram of a multi-well bulk density box-plot for sandstone

facies according to an embodiment of the invention,

[0052] FIG. 9 i3 a schematic diagram of semi-automatic electrofacies association generation

according to an embodiment of the mvention,

[0053] FIG. 10 is g schematic diagram of a comparison of image-based petrophysics analysis

plots according to an embodiment of the invention.

[0034] FIG. 11 i3 a schematic diagram of an image-based petrophysics analysis plot

according to an emnbodiment of the invention.

[0055] FIG. 12 is a schematic diagram of stratigraphic interpretation and sediment dispersal

plots according to an embodiment of the invention.

[00S6] FIG. 13A is a schematic diagram of sediment transport trend plots by sedimentary

pnits according to an embodiment of the invention.

[00571 FIG. 138 1s a schematic diagram of sediment transport trend plots by sedimentary

units according to an embodiment of the invention,

(00581 FIG. 14 is a schematic diagram of transfer of two-dimensional electrofacies into a

three-dimensional modeling environment according to an embodiment of the mvention,

[G039] FIG. 15 i3 a schematic diagram of an image-based petrophysics analysis plot

according to an embodiment of the invention.

[0060] FIG. 16 is a schematic diagram of an clectrofacies scheme according to an

embodiment of the invention.
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[0061} FIG. 17 is a schematic diagram of multi-well image-based petrophysics analysis plots
according to an embodiment of the nvention.

[0062] FIG. 18 is a schematic diagram of sediment transport trend plots according to an
embodiment of the invention.

[0G631 FIG. 19 is a schematic diagram of multi-well image-based petrophysics analysis piots,
density box-plots, and density-neutron cross-plots according to an embodiment of the
mvention.

[0064] FIG. 20A 1s a schematic diagram of sediment transport trend plots according to an
embodiment of the invention,

[006S] FIG. 20B is a schematic diagram of sediment transport trend plots according to an
embodiment of the invention.

[0066] FIG. 20C 18 a schematic diagram of sedument transport trend plots according to an
embodiment of the invention.

[0G671 FIG. 21 is schematic method diagrams according to the prior art and to an

embodiment of the mvention.

BETVAILED DESCRIPTION OF THE INVENTION

[00681 So that the manner in which the features and advantages of the embodiments of
methods, systems, and non-transitory computer-readable medium having computer program
stored therein of the present invention, as well as others, which wiill become apparent, may be
understood in more detail, a more particular description of the embodimaents of methods,
systems, and non-transitory computer-readable medium having compuier program stored
therein of the present invention briefly summarized above may be had by reference to the
embodiments thereof, which are illustrated n the appended drawings, which form a part of
this specification. ¥ is to be noted, however, that the drawings ilustrate only various
embodiments of the embodiments of methods, systems, and non-transitory computer-readable
medinm having computer program stored therein of the present invention and are therefore
not to be considered limiting of the embodiments of methods, systems, and non-transitory
computer-readable medium  having computer program stored therein of the present

mvention’s scope as it may inchude other effective embodiments as well,
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Embediments of Svstems

[0069] A system to enhance borchole image analysis, according to an embodiment of the
mvention, for exaraple, can inchude one or more processors 101, one or more input and ountput
units 102 in communication with the one or more processors 101, and one or more dispiays
103 in commmunication with the one or more processors 101, as illustrated n FIG. 2, for
example. The one or more fnput and output units 102 can also be positioned to receive as
mput a plurality of different openhole log data sets 111, a plurality of different core data sets
112, and a plurality of different borchole image reading sets 113, for example. Each of the
plurality of different openhole log data sets 111 can be associated with one or more of a
phurality of hydrocarbon wells. Moreover, the plurality of hydrocarbon wells, for instance,
can be associated with a hydrocarbon reservoir. Openhole log data can include, for example,
density measurement data, neutron measurement data, gamma ray (GR)} measurement data,
mduction log data, lateral log (“laterlog” or “laterolog”™) data, porosity log data, photoelectric
{PE) curve data, and petrophysical calculations (e.g., water saturation). Hach of the pluraluy
of different core data sets 112 can also be associated with one or more of the plurality of
hydrocarbon wells. Core data, for example, can include core grain size. (Grain size, in turn,
can refor o particle size of individual components that make up subsurface roaterial and can
relate to the relative amounts of, for example, sand, silt, and clay within g core sample. Each
of the plurality of different borehole image reading sets 113 can also be associated with one
or more of the plurality of hydrocarbon wells. More specifically, one or more of the plurality
of different borchole irnage reading sets 113 can be associated with each of the plurality of
hydrocarbon wells. Further, each of the plurality of different borchole image reading sets 113
can include a plurality of borehole tmage readings. The one or more input and output units
102 can turther be positioned to output an approximated grain size 121 and an approximated
material type 122 for cach borchole image reading. A system can also tochude non-transitory
memory medivm 104 in communication with the one or more processors 101, The memory
medivm 104, i turn, can inclade a neuaral network mapping module 105 and an fmage-based

petrophysical analysis module 106, for example.

[0070] The neural network mapping module 105, for cxample, can include computer-
readable instructions stored therein that when executed cause the system to perform a series
of steps. The steps can inclode, for example, comparing the plorality of different openhole
log data scts 111 to the plurality of different core data sets 112, For exarople, clustering of

openhole log data can be analyzed and compared to core data by use of a correlation panel on
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the one or more displays 103, The steps can also include performing iteratively an
pnsupervised neural network map, responsive to the plurality of different openhole log data
sets F11 and the plurality of different core data sets 112, A neuwral network, as will be
understood by those skilled in the art, can consist of interconnected nodes or neurons that are
capable of “learning” relationships between different sets of data, for example. After
repeated processing, a neural network can produce a “trained” neural network map. Neural
networks can be supervised or unsupervised. A supervised neural network utilizes example
relationships between data sets, whereas an unsupervised peural network does not use
example relationships as a starting point.  Consequently, a neural network map can be
unsupervised when no input curve {e.g., a numerical core grain-size curve) is chosen to guide
neural network calculations.  An unsupervised neural network map can be advantageous
because an input curve, such as a numerical core grain-size curve, that has been created from
a visnal inspection of a core can be biased and possibly inconsistent if more than one core
interpreter created such a curve, for example. Unsupervised neural network calculations can
later be fine-tuned, for example, by use of correlation panels or on the map. Anp
pnsupervised—sometimes  called “fuzzy™—necural network map can thus calibrate the
openhole log data with the core data.  As a result, performing iteratively an unsupervised
neural network map can thereby idemtify one or more material types associated with the
plurality of hydrocarbon wells, for example. Identified material types can include, in some
circumstances, for example, facies associations or classes. For instance, identified material
types can include mudstone, siltstone, argilaceous (“rouddy”) sandstone, sandstone
{“clean™), or heterolithics. The one or more material types can be identified, for example, by
pse of variably weighted inpat curves. The steps performed by the system can further inchide
generating a material-type scheroe 120, responsive 1o the neural network map, as illastrated,
for example, in FIG. 3. The material-type scheme 120 can associate cach of the identified
one or more material types with a plurality of material charactenistics, inchuding one or more
of the following: material resistivity value and material grain size. Consequently, the neural
network map can calibrate openhole log-based material classes with core grain-size data.
Further, the material-type scheme 120--sometimes described as a “constrained gross facies
scheme” or a “constramed gross scheme”—can nclude trained, core-calibraied curves that

can then be used by the image-based petrophysical analysis module.

[0071] The wmage-based petrophysical analysis module 106, for example, can also inchude

computer-readable instructions stored therein that when executed cause the system to perform

7.



WO 2015/127349 PCT/US2015/017060

a series of steps. The steps, for example, can include distributing each of the phurality of
borehole image readings of each of the plurality of different borehole image reading sets 113
into oue of a plurality of resistivity classes, responsive to the material-type scheme 120, Each
of the phurality of resistivity classes can have one or more predetermined associated material
resistivity values, for example. For instance, an individual resistivity class can have a range
of predetermined associated roaterial resistivity values.  Consequently, distributing cach
borehole image reading can thereby associate each borchole image reading with an
approximated material type 122, Approximated material type 122 can inchude, for example,
facies, rock types, and units. The steps can also include cahbrating cach borchole image
reading responsive to the plurality of different core data sets 112 and the material-type
scheme 12¢. Calibrating each borehole image reading can thus produce an approximated
grain size 121 associated with cach borehole image reading. An approximated grain size 121
can be one of one or more approximated grain size classes. Further, an approximated grain
size 121 can in some instances be described as a “pscudo” grain size because it can indicate
an artificial, quasi-, or substitute grain size measurement for an actual grain size
measarement. That 1s, approximated grain size 121 can be a best estimpate of the grain-size
distribution that can be made as derived from clectrical responses in relation to their
empirical calibration with actual observed or measured grain sizes from 2z core. Because
borehole image data can imclode measurements in the micro-resistivity range, for example,
micro-resistivity can be used in the image-based petrophysical analysis module 106 to
generate approximated grain size 121 according to some ernbodiraents, as will be understood
by those skilled in the art. The steps can further include, for example, depicting information
on the one or more displays 103, for each hydrocarbon well. The depicted information can
include, for exarople, the associated one or more borchole image reading sets 213 of the
plurality of different borehole image reading sets 113, the approximated material type 122 for
each borchole image reading of the associated one or more borchole image reading sets 213
of the plurality of different borehole irnage reading sets 113, and the approximated grain size
121 tor each borchole image reading of the associated one or more borehole image reading
sets 213 of the plurality of different borehole image reading sets 113, The data can be
depicted as a histogram, for example, in which different categories of data are depicted side
by side. Depicting this data can thereby increase consistoncy in categorizing subsurface
material associated with the plwrality of hydrocarbon wells by material type. Further,
depicting this data can enhance interpretation of subsurface material texture, fabric, and
features to predict subsurface material composition of the hydrocarbon reservoir.
23
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[0072} In some circumstances, one oy more approximated grain sizes 121 cach associated
with a borehole 1mage reading can have a core-equivalent resohution, for example. Core-
equivalent resolution, for cxample, can be a high resolution. Further, the memory medium
104 of a systerm according to an cmbodiment can further include computer-readable
insiructions stored therein that when executed cause the system to perform the step of
generating a high resolution electrofacies, responsive to the approximated material types 122,
the approximated grain sizes 121, and user identification of one or more of the following:
image texture data, tmage feature data, image fabric data, and image orientation data.
Generating a high resolution electrofacics can thereby enhance characterization of subsurface
material coraposition of the hydrocarbou reservoir, A high-resolution clectrofacies can
include, for example, cross-bedded argillaceous sandstone.,  Advantageously, gencrating a

high resolution electrofacies can obviate a determination of lithotype from openhole log data.

[0073] Borehole image readings can, for example, include high resolution micro-resistivity
tmage log data. Further, the roemory mediurn 104 of a system according to an crobodument
can also inchude computer-readable instructions stored therein that when cxecuted cause the
system to perform a series of steps. The steps can inchude performing data quality control on
the plurality of different openhole log data seis 111, the plurality of different core data sets
112, and the plorality of different borchole image reading sets 113, for example. The steps
can also include reprocessing the plurality of different openhole log data sets 111, the
plurality of different core data sets 112, and the plarality of different borehole iroage reading
sets 113, Further, the steps can include depth matching the plurality of different openbole log
data sets 111, the plurality of ditferent core data sets 112, and the plurality of different
borehole image reading sets 113 to thereby enhance input to the system. A comprehensive
data quality control, reprocessing, and depth-matching procedure can help to assure high data

quality.

[0074} Quality control can include various agpects and steps.  For example, in some
instances, quality control can include checking: (1) for the presence of all curves in the raw
and processed data, 1.¢., for completeness; (2) that the formatting and packaging of curves is
in 8 manner acceptable by industry standard application software, as will be understood by
those skilled in the art; (3) that the raw data was not inappropriately modified, ¢.g., by
imcorrect filtering of orientation curves; and {4) that the vendor-processed data {e.g., field
print/egny) are in agreernent with internally processed images. Further, steps invoelved in

quality control can include: (1) loading the raw and processed datz into industry standard
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software, as will be understood by those skilled in the art, for verification and to check the

data accuracy; (2) quality checking—and analyzing for any data problems—a tool
magnetometer and accelerometer data; (3) calenlating oricntation data from the delivered
magnetometer and accelerometer data and verifying the orientation data against an in-house
directional survey and vendor-provided data; and (4) archiving the raw and processed data in

a database for potential interpretation.

[0075] In some circumstances, the plurality of borchole tmage readings of cach of the
plurality of different borehole image reading sets can be non-normalized. Normalization, as
will be understood by those skilled in the art, can include a statistical process applied to BHI
resistivity values within a histogram avalysis. As an exarople to ilastrate normalization in
this context, if the lowest measured resistivity value over a logged interval of BHY data is 10
chm/m and the highest value v 20,000 ohmvm, normalization will assign—if the
normalization scale is chosen to be from 1 to 100—1 to the lowest value (here, 10 ohm/m)
and 100 to the highest value (here, 20,000 obmv/m). Then, all other resistivity values can be
forced into classes between 1 and 100. BHI data is often provided as normalized data, either
normalized over the whole logged interval, or over a8 moving, short fixed interval (e.g., a
four-foot window). Non-normalized data, however, can ruaintain a true resistivity range
better than normalized data. The steps can also include flattening each borchole image
reading before distributing each borehole image reading into one of a plurality of resistivity
classes, for example. Flattening a borehole image reading, for example, can include using a
manual dip dataset from borchole image log analysis. A borchole image reading can benefit
from flattening, for example, when the top and base of a sandstone layer are not plotted as
straight lines across all BHI pads in a vertical well. In this example case, the sandstone layer
is likely inchined. Calculating the resistivity histogram of this inclined saundstone layer close
1o the top or base can computc a resistivity histogram that contains only parts of the
resistivity values from the sandstone layer. That is, the computed histogram can contain
resistivity values from the formation above or below the sandstone layer. Therefore, the
sandstone layer can be flatiened, i.¢., the top and base can he forced 1o plot as a straight line
on all pads at the same depth, to calculate a true resistivity distribution in the sandstone layer,

paraliel to the top and base.

[0076] In some systems, the veural network mapping module 105 can further inchide
computer-readable instructions stored therein that when executed cause the systom to perform

the step of modifying one or more neural network nodes of the neural network map
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responsive to variably-weighted input curves and user action, for example. The neural
network map—sometimes described as a self-organizing map—can, tor example, visualize
clustering of openhole log data curves in a representative set of nodes of the neural network
map. The neural network map can then be interactively edited to further enhance a log-to-
core corrglation, for example, and to produce a “trained,” core-calibrated neural network
map. Consequently, modifying the one or more neural network nodes can thereby enhance
identification of the one or more material types associated with the plurality of hydrocarbon
wells.  Further, one ¢or more trained and core-calibrated neural network curves can be
associated with the matenal-type scheme 120, and the neural network curves can thereby
define a constrained gross facies scheme, The one or more material types identified n the
neural network mapping module, for example, can be identified by use of variably weighted

mput curves.

[G077]1 In some circumstances, the phirality of hydrocarbon wells can be associated with a
clastic environment. A clastic environment, for example, as will be undersicod by those
skilled in the art, can inchude subsurface material that is itself composed of fragments of rock
or other material. In addition, the one or more material types associated with the plurality of
hydrocarbon wells wdentified in the neural network mapping module 105 can therefore
include one or more of the following: mudstone, silistone, argillaceons sandstone, sandstone,

and heterolithics.

[(078] The petrophysical analysis module 106, in a system according to an embodiment, can
further inchude computer-readable nstructions stored therein that when executed cause the
system to perform additional steps. The steps can inchude, for example, identifying one or
more zones of fluid phase change, responsive to the plurality of different openhole log data
sets 111 and the plurality of different borehole 1mage reading sets 113, The steps can further
inchide modifving the plurality of resistivity classes respounsive to the identitied one or more
zones of fluid phasc change, a2 plurality of measurements of water saturation associated with
one or more of the phlurality of hydrocarbon wells, the material-type scheme 120, the
approximated material types 122, and the approximated grain sizes 121, Measorements of
water saturation can include, for example, Sw and Sxo, as will be understood by those skilled
in the art. More specifically, Sw can indicate total water saturation, and Sxo can inchude
saturation of a flushed (mud invasion) zone. Modifying the phurality of resistivity classes
thereby can compensate for fluid phase changes associated with the identified one or more

zones of fluid phase change. Resistivity thus can be used in a fluid phase compensation

D6



WO 2015/127349 PCT/US2015/017060

portion of the image-based petrophysical analysis module 106 as well, according to some

embodiments.

[0079] Fluid phase can vary within a hydrocarboun reservoir between ol phase, gas phase,
and water phase, for instance. Zones of transition between different phases can produce
anomalous resistivity readings. As a result, compensation for phase changes within those
zones can be desirable so as to produce more accurate resistivity measurements.  For

b

example, sandstone can in some circumstances be “water-wet.” Water-wet sandstone prefers

contact with a water phase over other phases, for cxample.

[0080} For instance, a well can be called “water wet” if, in a clastic reservoir, for example,
the sandstone i3 filled with formation water instead of hydrocarbons.  Formation water
resistivity 1o sandstone can be dependent upon Us saturation with electrically conductive
mingrals. But a resistivity response, on the other hand, can be dependent upon the porosity of
the sandstone, ie., the amount of fluid with electrically conductive minerals, and the sand
grains themselves. The relationship can be that the lower the amnount of conductive minerals
in the water, at the same porosity and sand resistivity, the more resistive the response of the
sandstone on the BHI will be. Alternatively, the relationship can be that the lower the
porosity of the sandstone, with the same amount of electrically conductive minerals in the

water, the more resistive the response of the sandstone on the BHI will be.

[0021} Claystones, or so-called shales or mudstones, can contain clay minerals, which are
electrically conductive. There can be a variety of different clay mineral types, some of which
can have more bound water—i.e., they are more conductive—than others. The relationship
can be that the lower the amount of clay minerals with bound waters in the claystone, the

maore resistive the response of the claystone on the BHI will be.

[0082} Further, in a water-wet well with sandstones and claystones, there can be a more
resistive response from the claystone than from the sandstone, simply becanse there 15 more
conductive fluid in the sandstone than bound water in the clay minerals of the claystone. But
porosities can vary g lot in sandstones, both horizontally and vertically, and they can vary

generally more than the amount of electrically conductive minerals in the fluid.
[G0&3] In addition, mud hiltrate with a known, constant resistivity can be used in the drilling
process. This dritling mud can infiltrate permeable forraations more than others, 1.e., driling

mud can infiltrate sandstones more than claystones. Typically, drilling mud can be more
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conductive than the formation water, i.¢., sandstones with mud filtrate invasion can be more

conductive than sandstones without invasion.

[0024] Geologically, the porosity and perracability of a clastic rock can depend strongly on
the grain-size and cementation, i.c., the filling of the matrix between the grains. The matrix
filling can be one or more of the following: {a) water or hydrocarbon, (b) cement, and (¢} clay
minerals. For (a) and (b), the variations in fluid resistivities, 1.¢., the amount of bound water,
porosity and fluid invasion, can be quantified in the Sxo (saturation of flushed zone) and Sw
(total saturation) calculations. The {¢) amount of clay minerals in the sandstone matrix can
be estimated in the volume of shale (VShale) calculation from a gamma ray (GR) or a
spontanecus potential (SP) curve.

[0025] Taking all these curve responses (BHI resistivity, GR, Sxo, Sw, laterlog or induction
fog, and others, like the Pe curves) into account in the petrophysical analysis module can help
to find (a) zones with fluid phase changes (hvdrocarbon vs. water), (b) zones with more

mvasion than others, (¢) variations in grain-sizes, and (d) variations fo clay content,

[0086] Another general, geological assumption can be that the amount of clay minerals in
hydrocarbon formations increases with overall decreasing grain-sizes, i.€., an increase in GR

values indicates both lower grain-sizes and higher clay mineral content, for example.

[0087] As an illustrative example of fhud phase compensation, two cases can be compared:
(1) two similar, water-wet sandstones, intercalated by a claystone, and (2) two sinilar
sandstones, one hydrocarbon (oil) bearing and onc water wet, intercalated by a claystone.
The following image-based petrophysical interpretations can be made to obtain “pseudo”
grain-size distributions trom the BHI resistivity readings. For (1), the “water wetness” of the
sandstones and their similar porosity can be indicated by similar Sw and neutron porosity
curve vafues, The sandstones’ Sxo curve vaiues can be consistent with the Sw values {e.g.,

Sxo=Sw=1, t.¢., water saturated). Assuming the BHI resistivity, GR, and bulk density curve

values are the same, a siroilar grain-size—which can be further calibrated with core data—
and clay mincral content can be interpreted. Furthermore, BHI resistivity curve values do not
require flaid phase compensation before they can be calibrated with core grain-sizes. For (2),
on the other hand, Sw, Sxo, and bulk density curve vahies for the sandstones can be different,
but the porosity and the GR curves can have similar values. BHI resistivity values can be
higher for the hydrocarbon bearing sandstone compared to the claysione (as indicated by

significantly higher gamma ray, bolk density, and neutron porosity curve values). Another
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observation can be that the claystone has higher GR curves values than the water-wet (as
imdicated by Sw curve values, or the low laterlog/induction log resistivities) sandstone. To
use both sandstones’ BHI resistivity values for the grain-size calibration with core, BHI
resistivity values can be lowered over a hydrocarbon interval to match those of the water-wet
sandstone. If one of the sandstones of the above examples has higher GR curve values—
which can still be lower than that of the claystone—the sandstone with the higher GR curve
values can have higher clay mineral content and can be assumed to have a fower grain-size.
This can be described as a fluid phase compensation according to an embodiment of the
imvention,

[00238] For jostance, if sandstone s hydrocarbon-bearing, thuid corpensation can transform
sandstone, which was less conductive than mudstone previously, to appear now more
conduactive than mudstone classes of material, for instance. Assuming that no significant
density variations exist—i.e., assuming that no cemeuntation exists—an ncreased resistivity in

the water-wet sandstone, after compensation, may correlate with an increase n clay content.

[0089] The steps can also include, for example, matching the number of the plurality of
resistivity classes with the number of the one or more material types associated with the
phurality of hydrocarbon wells identified in the neuvral network mapping moduole 105, The
memory medium 104 of a system according to an embodiment can further inchude computer-
readable instructions stored thercin that when executed cause the system to perform a series
of steps. The steps can include, for example, determining one or more projected material
types associated with each of one or more uncored intervals of one or more of the phurality of
hydrocarbon wells, responsive to the approximated material type 122 associated with cach of
one or more of the plurality of borehole image readings 113. Uncored intervals can include,
for example, sections of a borehole from which ne core has been taken. The steps can further
inchide determining one or raore projected grain sizes associated with each of the one or
more uncored intervals of the hydrocarbon reservoir associated with the phurality of
hydrocarbon wells, responsive to the approximated grain size 121 associated with each of one
or more of the phurality of borehole image readings 113, Determining one or move projected
material types or one or more projected grain sizes can thercby produce a high-resolution

characterization of the hydrocarbon reservoir, for example.

[0090] In some circumstances, before operation of the neural network mapping module,
horehole image features can first be identified and manually classified {c.g., bedding or cross-
bedding) based on dip magnitudes, orientation trends, and borehole image character, as will
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be understood by those skilled in the art, by an experienced image interpreter. Further, mean
structaral dip can be determined from stratified units. Structural dip can inchude, for instance,
a tilt in a layer of subsurface material that resulted from structural uplifiing or downwarping
after sediment has been deposited. In some circumstances, the stratified units can be assumed
to be deposited palaco-horizontally, such as, for example, mudstone, heterolithic, or siltstone
bedding surfaces.  Original sedimentary dips, however, can be restored in some
circumstances, such as where a significant structural dip (e.g., greater than three degrees) is

determined.

Exemplary Emboedunent

[0091] To further lustrate an embodiment, an expenimental case is described. Tmitially, four
wells were selected for the deplovment of the workflow m a case study (GLTSD project
2313-43) detailed below. The workflow was subsequently applied to two additional wells,
which were added after the interpretation of the four initial wells. Core, openhole, and
borehole image log (BHI) data were loaded to an interpretation software and passed through a
comprehensive data quality control, reprocessing, and depth-matching procedure to assure
high data quality for the following, manual image log based dip analysis coupled with neural
network mapping and image-based petrophysics. An example of the workflow 1s illastrated,
for exarople, in FIG. 4 and FIG. 5. That 15, an exemplary new workflow for efficient,
consistent, and high confidence advanced image-based electrofacies analysis in stratigraphic
interpretations across multiple wells is depicted in FIG. 4, for instance. Alternatively, as
shown in FIG. § and FIG. 21, for example, the dash dot, square dot, long dash, and dash lines
can be depicted as solid lines each having a different color. For example, the dash dot lines,
which can represent calibration in FIG. 4, can be depicted as solid red lines, as in FIG. 5 and
FIG. 21, Similarly, the square dot lines, which can represent textures in FIG. 4, can be
depicted as solid black lines in FIG, § and FIG. 21, for example. Tn addition, the long dash
fine, which can represent “pseudo” grain-size per well in FIG, 4, for example, can be depicted
as a sohid bluve line in FIG. § and FIG. 21, Likewise, the dash line, which can represent
“gross”-lithology across all wells in FIG. 4, can be depicted as solid black lines in FIG. § and

Fi3. 21, for example.

[0092] In this example, image log analysis 143 was performed, as depicted in FIG. 4 and
FIG. 3, for example. The BHI features were identified and manually classified (e.g., bedding
or cross-bedding) based oun dip maguuudes, orientation trends, and BHI character by an
experienced image interpreter. The mean structural dip was determined from stratified units
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that were assumed to be deposited palaso-horizontaily, t.e., mudstone, heterolithic and/or
siltstone bedding surfaces. The original sedimentary dips were restored where a significant

structural dip (>3°) was determined.

[0093] A ncural network 144 then analyzed data. An unsupervised (fuzzy) neural network
mapping procedure was selected to calibrate openbole log-based rock classes with core grain-
size data. Through reiterative learning processes, it was established that five vock classes
could be consistently identified using variably weighted mput curves.  These variably
weighted neural network input curves are depicted, for example, in FIG. 6(c). In some
imstances, variables can be represented by different colors, e.g., red for bulk density, blue for
neutron porosity, grey for photoelectric factor, and green for gamma ray, as will be
understood by those skilled in the art. A seif-organizing neural network map, for example, 15
iilustrated in FIG. 6(a). The sciftorganizing map, which visualizes the chustering of the
openhole log carves in a down-sampled but representative set of nodes, was interactively
edited to further enhance the log-to-core correlation, as tllustrated by cireles (which can be
red, e.g., in some circumstances) within FIG, 6(a) and FIG. 6(b), for cxample. An interactive
edit on a well correlation panel is illustrated in FIG. 6(b), for example. In some
circurastances, well plot tracks within a well correlation panel can feature differcut colors that
indicate measurements or characteristics of subsurface material along the length of the
respective well, as will be understood by those skilled in the art.  This “trained,” core-
calibrated neural network was subsequently successfully apphied to two additional wells,
which were added after the mnterpretation of the four initial wells, The self-organizing map,
as Ulustrated, includes different types of nodes. The illustrated nodes, for exanmple, include
neural network nodes of a medinm grained sand class 331, neural network nodes of a fine
grained sand ¢lass 308, and neural network nodes of a very fine graimed sand class 303, The
tlustrated nodes further inchude neural network nodes of a silt class 306, which indicate a
strong bulk density and neutron porosity response, and neural network nodes of a silt class
309, which indicate a strong bulk density and a medium neuiron porosity response. A square
{which can be red, e.g., in soroe circumstances) arcund one of the vodes can ndicate a cursor
resting position, for example. The ilhustrated nodes also include neural network nodes of a
shale class 307. In some instances, ecach representation of a type of node can feature a
different color, as will be understood by those skilled in the ant, e.g., vellow for neural
network nodes of a medium grained sand class 301, orange for neural network nodes of a fine

grained sand class 305, tan for neural network nodes of a very fine grained sand class 303,
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olive green for neural network nodes of a silt class 306 and 309, and dark green for neural
network nodes of a shale class 307, Each node can further include 8 radar spectrum (or “rose
diagram”) showing the proportion of the well log response assoctated with the node. For
example, radar spectrum 302 shows the proportion of the well log response associated with a
neural network node of a mediom grained sand class 301, Similarly, radar spectrum 304
shows the proportion of the well log response associated with a neural network node of a very
fine gramed sand class 303, In some instances, cach part of 2 radar spectrum can be
represented by a different color, e.g., red for the upper right part, blue for the lower left part
(it any), and green for the lower right part (if any) of the respective radar spectrum, as will be
understood by those skilled in the art. A node selection area can be highlighted to focus
viewers® attention by use of, for example, a circle 308, which can be interactively selected.
The nodes depicted with a radar spectrum against a white background in FIG. 6(a) have been
mteractively selected to be displayed in a correlation panel. A correlation panel can include
correlation panels for one or more wells, for example, as illustrated in FIG. 6(b). For
imstance, the illustrated correlation panel imclades Well T correlation panel 311, Well 2
correlation panel 312, Well 3 correlation panel 313, Well 4 correlation panel 314, Well 3
correlation panel 315, and Well 6 correlation panel 316, Further, a correlation pauncl can
mchude a depiction of a set of intervals 318 with well log responses and a very fine sand class
from the core description that correspond to interactively selected class nodes {(ie., very fine
sand) from the neural network map using several calibration points for a core-to-log
correlation, for exarople. Swumtlarly, a correlation panel can include a depiction of avother set
of intervals 319, for cxampie, with well log responses and a very fine sand class from the
core description that correspond to interactively selected class nodes (i.e., very fine sand)

frora the neural network map using fewer calibration points for a core-to-log correlation,

[0094] fmage petrophysics 145 were then performed. The neural network mapping of the
core and openhole relationship was followed by the zonation, fluid phase compensation, and
core calibration of the image data. The BHI flattening option was selected where applicable.
Openhole logs, te., induction or lateral logs, porosity logs, and petrophysical calculations
{e.g., Sxo and Sw), were then used to identify zones of tluid phase changes that aftected the

i

BHI resistivity, as itlosirated, for example, in FIG. 7(a). That i3, an image-based petrophysics
analysis plot to determine fhad phase changes is illustrated, for example, i FIG. 7{(a). In
some instances, portions of an image-based petrophysics analysis plot as illustrated, for

example, in FIG. 7(a), can be depicted in different colors, and a horizontal line can separate
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different zones, as will be understood by those skilled in the art, e.g., Z8 above the horizontal
hine and Z1 below the line. An image-based petrophysics analysis plot can inchide a well
correlation panel that includes openhole log data measurements 320, neural network rock
types 321, static image measurements (with high resistivity in a light color) and image
threshold rock types 322, core description data 323, and image facies and tadpoles 324, More
specifically, openhole log data measurements 320 can joclude gamma ray (GR)
measurements 325 and density (DENS), neutron porosity {(NEUT), and photoelectric effect
(Pe) measurements 326. In some instances, GR measurements 325 can be depicled as a
yellow area bounded by the measurement curve to the left of the ceuter line in the GR
measurements 325 plot and a red arca bounded by the measurement curve to the right of such
center line, as will be understood by those skilied in the art. Some depictions of density
(DENS}, neutron porosity (NEUT), and photoelectric effect (Pe) measurements 326 can use
red to indicate density (DENS), blue to indicate neutron porosity (NEUT), and orange to
indicate photoelectric effect (Pe). As illustrated in FIG. 7(3), for example, a red line on the
left and a blue dashed line on the right can bound a yellow area in between the two lines in
the density (BENS), neutron poresity (NEUT), and photoelectric effect {Pe) measurements
326 plot. Further, openhole log data measurements 320 can include spectral gamma ray
measurements 327 (such as Uranium (U), Thorium (TH), and Potassium (K} and water
saturation measurements (with fluid change highlighted in dark grey as depicted or, in some
mstances, red) 328, In some mstances, purple can indicate Urantum (U), red can indicate
Thorium (TH), and green can indicate Potassium (K). For cxample, as depicied, the two
relatively shorter lines on the left of the spectral gamma ray measurements 327 plot can be
associated with Uranium (L), the line on the right can be associated with Potassium (K, and
the middie line can be associated with Thorium (TH), as will be understood by those skilled
i the art. Openhole log data measurements 320 can still further include induction log
resistivity measurements at medium depth of investigation (ILM), iduction log resistivity
measurements at deep depth of juvestigation (TLD), and microspherically focused log
resistivity (MSFL) measurements 329, In some instances, for example, red lines can indicate
mduction log resistivity measurements at mediom depth of investigation {ILM), blue lines
can indicate induction log resistivity measurements at deep depth of mvestigation (ILD), and
black hines can indicate roicrospherically focused log resistivity (MSFL) rocasurements, as
will be understood by those skilled in the art. Likewise, neural network rock types 321 can
include neural network-based lithotypes, such as sand (coarse, medium, and fine), silt, and

shale classes, and class probability 338, In some instances, color associated with an
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electrofacies scheme can be used to depict material type, as will be undersicod by those
skilled i the art, e.g., yellow for coarse sand, orange for medim sand, tan for fine sand,
olive green for silt, and dark green for shale. As depicted in FIG. 7(a), the lefi plot of the
neural network rock types 321 plots can utilize white to indicate coarse sand, light grey o
indicate medimm sand, and dark grey to indicate fine sand, for example. Additionally, static
tmage measurements {with high resistivity in a light color) and mage threshold rock types
322 can include image petrophysics-based “pseudo” grain-size classes 331, such as sand
{coarse, medium, and fine), silt, and shale {or clay) classes. In some instances, color
associated with an electrofacies scheme can be used to depict material type, as will be
understood by those skilled in the art, e.g., yellow for coarse sand, orange for medium sand,
tan for fine sand, olive green for silt, and dark green for shale. As depicted in FIG, 7(a),
image petrophysics-based “pseudo” grain-size classes 331 plots can uvtilize white to indicate
coarse sand, light grev to indicate medium sand, and dark grey to indicate fine sand, for
example. Further, image facies and tadpoles 324 cap inchude image facies {or electrofacies)
332, which can include colors that correspond o image facies or electrofacies described
herein. The column on the far right i FIG. 7(a), for example, represents image facies and
tadpoles.  Tadpoles can be an jndustry standard or common pame for indictors of dip
magnitude and dip aziomth of a planar feature identified from a borchole image on a log plot.
The magnitude or steepness of the feature can be represented by a tadpole body, a small
colored circle, plotted on a display, which typically reads left to right from 0° (flat-lying) to
00° {vertical). The dip azimuth can be shown by a short tick that radiates from the center of
the tadpole body towards the direction of the dip azimmth. These can typically be plotted on a
3667 scale radiating around the tadpole body with (° (or North) at the top, 90° (or East) on
the right, 180° (or South) o the botiom and 270° {or West) to the fefi. The combination of
the circular body and short tail have been likened to the appearance of a tadpole {(young frog),
for example. Tadpoles can be depicted in different colors, ¢.g., red and green, as will be

understood by those skilled in the art.

[0095] The BHI data were then zoned, and the resistivity spectrum was compensated for the
fluid phase changes. The effect of this compensation is best illustrated by considering an
interval where sandstone classes were identified by the neural network mapping. In these
intervals, if for reforence the sandstones are assumed to be “water-wet,” then the fhud
compensation transforms all sandstones classes 1o appear more conductive than mudstone

classes. Assuming no significant variations in density (.., “cementation”), increases in BHI
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resistivity in these fluid-compensated sandstone classes could be inferred to correlate with an
imcrease in clay content. The fhud-compensated BHI histogram can then be divided nto
“pscudo”-grain-size classes, as lustrated in FIG. 7(b), FIG. 7(c), and FI1G. 7(d), for example,
and correlated with core grain-size classes in an interactive thresholding process,
simultaneously across alf BHI zones. Binned BHI resistivity histograms, for example, are
tustrated 10 FIG. 7(h), FIG. 7(¢), and FIG. 7(d). As will be understood by those skilled in
the art, in some instances, cach vertical bar in a resistivity histogram, such as those illustrated
in FiG. 7(b), FIG. 7(c), and FIG. 7{d), can be depicted as a color that corresponds (o a
material type 1o electrofacies, e.g., as illustrated i FIG, Tc(it), for example. For instance,
colors depicted in FIG. 7(b), FIG. 7(¢), and FIG. 7(d)—trom left to right—can include yellow
for sandstone, orange for argillaceous sandstone, olive green for muddy sandstone to sandy
mudstone, and dark green for mudstone. Intervals with core data were used to set histogram

class cut-offs, and the neural network results guided the overall sandstone mapping.

[0096] Manual image texture inferpretation was then performed. Once the match between
core, neural network map, and image-based petrophysics was established, the obtained rock
classes were modified in terms of their geological significance through integrating the image
log analysis results, The integration of geological textures Weuntified from the BHI and core
with the “constrained gross facies scheme” created a high resolution electrofacies 146 (e.g,,
cross-bedded argillaceous sandstone). The methodology still relies heavily on the experience
of the BHI interpreter to correctly identify image textures and orientation treuds, but it
removes the need to sumultancously determine the “lithotype” from openhole logs.
Removing this element accelerated the manual interpretation process, aliowed the interpreter
to focus on his or her key objective—feature and fabric identification—and increased the

overall “lithotype” consistency.

[0097] As a result of this exarople case, the neural network and tmage-based petrophysics
BHI analysis separated five facies associations (“classes”™): roudstone [M], siltstone [MS],
argiflaceous (“muddy™y sandstone [SM], sandstone (“clean™) [8] and heterolithics [H]. The
image texture interpretation produced a total of 24 mmdividual clectrofacies (e.g., cross-
bedded, pebbly sandstone {Sxp]) types. The resulting clectrofacies were further used to
identify depositional environments and sediment dispersal directions within the stratigraphic

reservoir model of the Unayzah in Saudi Arabia.

H
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Experiments Belated to Embodiments

[0098] In light of the identified problems and sources of problems in the prior art,
experiments were performed.  For examaple, GLTSD's Technology Application-1: Rapid
Reservoir Quality Assessment (Borchole Image Based) project goal was €0 assess whether the
manual methodology could be replaced by an automatic or semi-automatic workflow. Six
clastic reference wells with core, openhole, and high quality image log data were selected and
manually interpreted. The same data was independently used for iroage-based rock typing
{facics) using software driven image-based petrophysics applications: the image data was
calibrated, zoned, and compensated for fluid phase changes prior to binning into image-based

petrophysics facies using various thresholding technigues.

[0009] Comparison of the results showed that the semi-autornatic processes could not
reliably match either the manual image or core-based interpretations without considerable
manipulation. Fhid (o1l and water) contact zones were particularly difficult to resolve,
requiting many reiterations, whereas an expericnced interpreter could compeunsaie for the
ambiguity faster and more reliably. Analysis of geological fabrics and textures, especially
non-planar image fabrics like cross-bedding, bio- or pedo-turbation, could not be reliably
reproduced using automated processes.  Tests with neural network applications in 2012
suggested, however, that pre-binnjng of the facies, rock types, and untts, based upoun the
openhole log’s response and image resistivity, can effectively provide a faster and more
repeatable standard gross lithological unit. (A gross lithological unit can inchude a generic or
general subsurface material type within an individual interval or footage, for example.) It
was therefore suggested that the most effective methodology for rapid, high resolution
reservoir characterization is an image-based petrophysical interpretation followed by facies

interpretation of the image texture/fabric by an experienced BHI interpreter.

[00100] The workflow of combining neural networks and image-based petrophysics
with the manual image texture interpretation was refined i a GLTSD's project 2013-42, a
multi-well study. The refined workflow was finally applied in GLTSD’s project 2013-43, in
another multi-well study in 2013,

[00101}1 The project assessed if the maoual borehole electrofacies interprotation can be
replaced by an automatic or semi-automatic borebole electrofacies interpretation to reduce
the time required for image log facics interpretations in multi-well studies. Six reference

wells with core, openhole, and high quality image log data were selected and manually
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interpreted. The same data was then used for image-based rock typing in specialized image-
based petrophysics software.  Scveral calibration steps were required {(e.g., SW
compensation) to convert the data into a forroat that was suitable o apply image resistivity

r

thresholding and data binning technigques. The binning process was a reiterative process until
a compatible scheme to the manual electrofacies scheme was developed (FIG. 9). Semi-
automatic clecirofacies association generation is dlustrated, for example, i FIG. 9. Ag
depicted, semi-automatically generated facies associations 349 can result from formation
image data 345 (with high resistivity readings to the left in a lighter color, e.g., yellow or
hight grey at the high resistivity end of the spectrurn and brown or dark grey at the low
resistivity end of the spectrumy); image-based fractional measurernents of sand (fine, medium,
and coarse), silt, and shale 346 (c.g., differentiated by color, such as shades of yellow for
sand, orange for silt, and green for shale); facies associations 347 (e.g., light yellow for St
vellow for 82, orange for 83, blue for H, olive green for Z, and dark green for M); and facies
association characteristics, facies color codes, and grain size cutoffs 348, Semi-automatically
generated facies associations 349 can be depicted wusing colors according to facies
associations 347, in some instances, for example, as will be understood by those skilled in the
art.  As depicted, for instance, semi-automatically generated facies agsociations 349 can
include indications of S1, 82, 83, H, 7, and M. The results of this semi-automatic image-

based petrophysics facies scheme were then compared with the manual facies interpretation.

(063102} Although the data was calibrated and fluid saturation compensated for, it was
not possible 1o match the roanual interpretation. A comparison of semi-auntoratic and manual
clectrofacies interpretation is iHlustrated, for example, in FIG. 10, In some instances, such a
comparison can be depicted using color, as will be understood by those skilled in the art. As
depicted, openhole log data measurements 320, image log measurements (with high
resistivity in a light color) 352, porosity/texture distributions (with high readings to the left)
and a heterogeneity index (with high readings to the right) 353, and the corresponding semi-
aptornatic facies associations 354 can be plotted alongside representations of maunual facies,
facies associations, and geological fabrics 355, More specifically, plotied openhole log data
measurements 320 can include: indications of the caliper from arm 1 and 3 (C13, which can
be depicted as a red line in some instances), caliper from arm 2 and 4 {C24, which can be
depicted as a blae line 1n some instances), bit size (BS, which can be depicted as a black line
in some mnstances), and differential caliper (DCAL, which can be depicted as an orange line

in some instances) 356; indications of gamma ray (GR, which can be depicted as a biue and
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green line in some instances), photoelectric effect (Pe, which can be depicted as a pink line in
some instances), and image-derived porosity (PHIS-IMG, which can be depicted as a yellow
hine 1o soroe justances) 357; deunsity and veoutron measurements, ¢.g., bulk density (DENS,
which can be depicted as a red line in some instances) and neutron porosity (NEUT, which
can be depicted as a blue line in some instances) 339; and indications of induction log
resistivity at shallow-to-medium depth of investigation (TLSM, which can be depicted as a
dark blue line in some instances), induction log resistivity at medium depth of nvestigation
{(ILM, which can be depicted as a pink line in some instances), induction log resistivity at
deep depth of mvestigation (ILD, which can be depicted as a green line in some instances),
and microspherically focused log resistivity (MSF, which can be depicted as a hight blue line
m somwe instances) 358, Further, image log measurcements {with high resistivity in a light
color) 352 can imclude MSF calibrated image log data 359, which can be depicted using
shades of yellow, orange, tan, and brown. Irage log measurements (with high resistivity in a
ight color) 352 can also include SW compensated (hydrocarbon effect removed) image log
data 360, which similarly can be depicted using shades of yellow, orange, tan, and brown
Sermi-automatic facies associations 354 can include image petrophysics-based “pseudo”
grain-size classes, such as sand (fine, medinm, and coarse), sili, and shale (or clay) classes
361, In some instances, color can be used, o.g., shades of yellow for sand, orange for silt, and
green for shale. Conversely, representations of manual facies, facies associations, and
geological fabrics 355 can include ndications of structural (which can be represented by dark
green arcas, 10 some nstances), sandstoue beds (which can be represented by olive green
arcas, in some instances), and cross-bedding conditions (which can be represented by red
arcas, in some instances) 362, Fluid (ol and water) contact zones were especially difficult to
correct for in the image-based petrophysical analysis (FIG. 10). These are arcas where an
experienced interpreter compensates the image and openhole log readings and can create a
more reliable, manual electrofacies interpretation. The project has also shown, so far, that it
is not possible to redoce the time spent for the analysis of geological fabrics and textures.
Non-planar image fabrics like cross-bedded sandstones or dispersed patchy conductive
{porous} carbonate intervals are especially difficult to consistently identify. Well stratified
intervals of sand/silt or sand/shale with good image contrasts (light and dark image coloring)
arc suitable for automatic dip analysis,

[00103] Different acquisition coropanies can have shightly different logging tools

(differences in the number or arrangement of the sensors) but can all have same basic set-up
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in that a serigs of sensors (or “buttons”) can simultaneously record the micro-resistivity {or
imverse conductivity) of a formation around the surface of a borehole wall. Minor differences
in subsurface material type, layering, fabric, grain-size, fluid countent, or mineralogy of the
formation can lead to very slight differences in recorded values, both along the borchole by a
single button and also around the borchole between different sensors. Further, these
differences in resistivity can reflect the heterogeneity of the formation and can be one reason
for using techniques related to image contrasts, i.¢., light and dark image coloring. Typically,
resistivity data can be scaled on a logarithmic scale, and the maximum and minimum range
can be given colorations based upon an mdustry standard “brown” color template. In a
brown color template, high resistivity can be light yellow (or whie} in color, and low
resistivity (conductivity) can be dark brown or black. Values between these maximmum and
minimum values can typically be assigned colors with increasing intensity from white
through vellow through orange to brown to black. However, it can be impossible to visually
distinguish these infinitesimally small changes in coloration based upon absolute recorded
values, so typically—for visual purposes—the entire data range can be “binned” into a
number of classes, usually 64, 128, or 256. The classes can then be colored white through
yeliow through orange to brown to black, while the underlying data can still retain absohute

values.

[00104] The mamual electrofacies interpretation using openhole log, image log, and
core 18 8 workflow that works 1n clastic environments. Tts advantages can jnchide allowing
the ioterpreter to correct irnage irregularities, such as breakouts and fluid influence on the
borehole image, and incorporating tield knowledge. I is a slow process that heavily relics on
the interpreters’ experience. Recent tests with neuaral network applications suggest, however,
that pre-binning of facies, rock types, and units, based apon the openhole log’s response and
image resistivity, can cffectively provide a faster and more repeatable standard gross
fithological unit (FIG. 11y Openhole neural network based rock typing combined with
image-based threshold rock typing for electrofacies interpretations 1s illustrated, for example,
in FIG. 11, As depicted, openhole log data measurcrents 320 and neural network rock types
321 are plotted alongside static image measurements (with resistivity in a light color) and
tadpoles (which can be depicted as red, green, or purple, for example) 366, image threshold
rock types 367, and core-calibrated image facies 363, In some instances, color can be used to
iustrate compounents of FIG. 11, for example, as will be understood by those skilled in the

art. The depicted openhole log data measarements 320 inchude image caliper measurements
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369 (which can be depicted in green, for example); gamma ray (GR) measurements 323
{which can be depicted as a yellow arca bounded by the measorement curve to the left of a
center vertical Hoe and a red area bounded by the measurement curve 1o the right of the same
fing, for example); density {DENS) (which can be depicted in red, for example), neutron
porosity (NEUT) (which can be depicied in blue, for example), and photoelectnic effect (Pe)
{which can be depicted in orange, for cxample) measurements 326; and jndications of
induction log resistivity at shallow depth of investigation (ILS) (which can be depicted as a
red line, for example), induction log resistivity at deep depth of investigation (ILD) (which
can be depicted as a blue line, for example), and microspherically focused log resistivity
{(MSF) (which can be depicted as a black line, for exampley 370, The depicted veural
network rock types data 321 inchudes neural network-based lithotypes, such as sand (fine,
medinm, and coarse), silt, and shale classes, and ¢lass probability 371, Color can be used to
differentiate lithotype, for example, in some instances, as will be understood by those skilled
in the art, ¢.g., orange for fine sand, orange-yellow for medium sand, yellow for coarse sand,
olive green for silt, and dark green for shale. The depicted image threshold rock types 367
imchide image petrophysics-based “pscudo” grain-size classes 331, The depicted core-
calibrated tmage facies 368 inchude wmage facies {or electrofacies) 332, which can be

depicted using color, as will be understood by those skilled in the art,

[00105] Embodiments can provide numerous advantageous features. For example, the
neural network mapping can significantly improve the consistency of the “gross facies
scheme” through the simultancous calibration of the openhole with core data interactively
across all wells. Subsequent use of image-based petrophysical analysis techniques within this
“constrained gross scheme™ can also provide robust high resolution electrofacies at each well.
Utilization of these steps prior to interpreting the images can allow an interpreter to
concentrate more effectively on the identification of image fabrics and texture rather than
fabric phus “lithotype.” This new approach of combining the best of the image-based
petrophysics with the manual irage texture nterpretation in a unified worktlow can provide
an cfficient, consistent, and high confidence advanced tmage-based electrofacios analysis for
stratigraphic interpretations across muitiple wells. Embodiments can provide stratigraphic
imterpretations  that  integrate confidential (internal) core  descriptions, petrophysical

iterpretations, and image log nterpretations.

[00106] A gross facies scheme can be an overall scheroe that provides a broad

framework for a preliminary segregation of individual facies within appropriate ranges for
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their grain-size estimate (i.e., approximated grain size), log responses, and depositional
environment. Further, a gross facies scheme can allow, for instance, acohian muds, silts, and
sands to be segregated froma fhuvial types without defining them in any detad as a particular
mud, silt, or sand type, for example. A constrained gross facies scheme {or constrained gross
scheme), furthermore, can be similar to the overali scheme but can have some interpretative
mput to coutrol how individual facies are wdentificd. As a result, a constrained gross facies
scheme can be more consistent than a typical gross facies scheme. Rather than an open-
ended gross facies scheme, the range of individual facies and the tolerance allowed for their
overlap can be controlied or “constrained” by interpretation procedures. Additionally, image-
hased petrophysics can indicate that borchole image data is used as a primary dataset in
conjunction with other wireline and core datasets to produce high-resohition petrophysical

gvaluations.

[001073 Farther, embodiments can advantageously provide increased efficiency and
consistency of high resolution electrofacies reservoir characterizations in clastic successions.
For example, embodiments can provide up to a twenty-five percent (25%) time saving for
electrofacies interpretations, per well, within muiti-well studies. Further, embodiments can
provide grain-size distribution projection from cored to un-cored intervals, Embodiments can
also advantageously use core and image log data more effectively for high resolution

reservoir characterizations and operational support.

[GO10K] Additionally, the application of this high resolution, image-texture based
facies scheme can help to clanfy some previously poorly understood log responses, for
cxample, through idenmtifying and separating a3 pebbly sandstone facies from “other”
sandstone facies in density-neutron cross-plots and box-plots (FIG. 8). For example, a mult-
well density-neutron cross-plot by electrofacies, with and without pebbly facies, for instance,
is illustrated in FIG. 8(a). A omulti-well density-neutron cross-plot by electrofacies can
mchide a nmlti-well density-neutron cross plot without pebbly facies 335 and a rmmulti-well
density-nentron cross plot with pebbly facies 336, A multi-well density-neutron cross plot
with pebbly facies 336 can also inchide an mdication of image facies or clectrofacies
determined in a study 33¥, where lithotypes are differentiated by color, in some instances, as
will be understood by those skilled in the art. For example, colors can include: light biue for
CEM; purple for Hi; shades of green for Mmot, MS, MSh, MSmot, Mm, and MI; shades of
orange for SMip, SMxp, SMm, SMmot, SMr, SMI, SMmp, and SMx; and shades of yellow

for SI, Smot, Slp, Smp, Sx, Sm, and Sxp. A multi-well density-neutron cross plot with
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pebbly facies 336 can include, for example, yellow, orange, olive green, dark green, and
purple ponts. Shades of grey also can be used to differentiate lithotype, as illustrated in FIG.
&(a), for example. A multi-well density-neutron cross-plot by electrofacies can also jnchide
an image facies key for multi-well density-neutron cross plots 337, which can indicate colors
associated with lithotype. Density-neutron cross plots, beside other cross plots, can help to
differentiate sandstones from siltstone and shales and can be one of the carliest cross plots.
Moreover, density-neutron cross plots can be used in log analysis for determination of
porosity and lithology from neutron porosity and bulk density. In addition, typical image
texture and openhole log responses of pebbly facies, for example, are illustrated in FIG. R(b).
As depicted, the image texture and openbole log responses of pebbly facies include gamima
ray measurements 325, density and ncwtron measurcrents 339, formation micro imager
(FMI} measurements 340, and indications of image facies and tadpoles 324. Similarly to the
image-based petrophysics analysis plot iltustrated in FIG. 7(3), for example, gamma ray
measurements 325, density and neutron messurements 339, formation micro imager (FMI)
measurements 344, and indications of image facies and tadpoles 324 can be depicted using
color, as will be understood by those skilled in the art.  For example, gamma ray
measurements 325 can be depicted as a yellow area bounded by a measurement curve to the
fett of a center vertical line in the garoma ray measurements 325 plot area. In addition, red
can be used to indicate density (DENS) measurements in a density and neutron measurements
339 plot, and bhue can be used to ndicate neutron (NEUT) measurements. Yellow, orange,
tan, and brown shades can be used to depict formation micro fmager (FMI) measurerments
340. Image facies can be depicted in color, as described above, and tadpoles can be depicted
as red or green, for example. Further, a wmalti-well bulk density box-plot for lower Unayzah
sandstone facies is Ulustrated in FIG. 8{(c), for exarople. The mulii-well bulk density box-plot
highlights a high bulk density response in Well 4, as indicated by circle 341, and an clevated
density response in Well 6, as indicated by circle 342, A mlti-well bulk density box-plot
also can be depicted in color, in some instances, where cach well has an associated color, as
will be voderstood by those skilled in the art, e.g., blue for Well |, green for Well 4, pink for
Well 2, dark red for Well 3, light red for Well 5, and purple for Well 6. Circles 341 and 342

can be red, in some Instances, as well.

[00109] Features of emvbodiments can have significant advantages when compared to
the prior art.  For cxample, Samantray may use the “old” mamual irage interpretation

technique with core integration. Neural networks (FIG. 6(a)) and image-based petrophysics
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(FIG. 7) may not have been available {o create a “gross facies scheme” (FIG. 1¢(i)) before
starting the manual texture interpretation (FIG. Te(i) and FIG. 16) on a well-by-well basis.
For example, an clectrofacies scheme used in two projects s depicted in FIG. 16, An
electrofacies can use different shades of grey or different colors to represent cach material,
for example. As depicted in FIG. 16, a different shade of grey is associated with each of
mudstone, clean sandstone, muddy sandstone, silistone, and thinly interbedded sand/shale. In
some instances, however, color can be used, as will be understood by those skilled in the art,
e.g., dark green for mudstone, yellow for clean sandstone, orange for muddy sandstone, olive
green for siltstone, and purple for thinly interbedded sand/shale. Typically, during the “old”
manual interpretation (FIG. 1d), when multiple wells and reservoir intervals are involved,
spurious variations in reservoirs rock properties from similar facies may be generated due to
the itroduction of minor inconsistencies in “lithotype” classes by the manual interpreter.
Electrotfacies (old worktlow) used for depositional environment and sediment dispersal
analysis in Oman by MacPherson et al, (2005) in Samantray, is depicted in FIG. 14, for
example. Newberry et al, (2004) may extract texture information (e.g., conglomerate)
divectly from the BHI data by analyzing the resistivity spectrum (e.g., FIG. T(b~{(d)
variation. [t may integrate the open log analysis aficrwards. A veural network-based “gross
facies scheme” (FIG. 64a)) therefore may not be established before a high resolution
electrofacies (FIG. 9) is generated. As before, when multiple wells and reservoir intervals are
mvolved, spuripus variations in reservoirs’ rock properties from similar facies may be
generated due to the introduction of minor inconsistencics in “lithotype” classes. SandSpect
{Techlog) is based on the paper from Newberry et al, (2004} and may thercfore have the
same weaknesses when muitiple wells and reservoir intervals are involved. A coraparison of
the old and new workflows 18 depicted in FIG. 21, for example. Grain size cutoffs, as
depicted in FIG. 9, for exanmple, can represent the sorting of the relative distribution of the
computed grain-sizes (i.e, VSILT, VULAY and TOTAL SAND (sum of fine, medium and
coarse)} as shown in their ratios in the table {e.g., S2= TOTAL SAND > 339%, <20% SILT,
<20% VCLAY).

[00110] Further, the “Newberry” workflow may rely heavily on the VShale curve, and
internal tests with applications following a similar, semi-auntomated workflow have shown
(FIG. 1) that the ouicome may be strongly dependent on a good VShale {(quantitative
volume of shale) curve and the right Sw or Sxo curve for fluid phase compensations, Core

calibration (FIG, 6 and FIG. 7} is of subordinate importance in the suggested process. The
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use of neural network mapping (FIG. 6) can significantly improve the consistency of the
“gross facies scheme” through the simultaneous calibration of the openhole logs with core
interactively across all wells.  Subsequent use of tmage-based petrophysical analysis
techniques (FIG. 7) within this “constrained gross scheme” can provide robust high
resolution electrofacies at each well (FIG. 12, FIG. 17, FIG. 18, FIG. 19, FIG. 20A, FIG.
208, and FIG. 20C). This approach of combining the best of the tmage-based petrophysics
with the manual image textural analysis in a unified workflow can provide an cfficient,
consistent, and high confidence advanced image-based facies analysis for stratigraphic
mterpretations across multiple wells. This calibrated high resolution electrofacies can be an
essential clement for stratigraphic interpretations (FIG. 12, FIG. 134, and FIG. 13B), 3D
reservoir models, and rock physics models (FIG. 14).  This new workflow was used for
stratigraphic interpretations and sediment dispersal analysis of individual sandstone units
{arrows {(e.g., bhue arrows in some instances) indicating interpreted sediment dispersal
direction, as will be understood by those skilled in the art), as iHlustrated, for example, in FIG.
12. The depicted stratigraphic interpretations and sediment dispersal analysis includes Well 1
correlation panel 311, Well 2 correlation panel 312, Well 3 correlation panel 313, Well 4
correlation panel 314, Well 5 correlation panel 315, Well 6 correlation panel 316, and Well 7
correlation panel 317, Each well correlation pane!l also can inchude color, in some instances,
as will be understood by those skilled in the art. The depicted stratigraphic interpretations
and sediment dispersal analysis further includes representations of interpreted sediment
dispersal direction across multiple well correlation panels 375, For example, hne 376
tHhustrates the correlation of a marker bed across Wells 1, 2, and 3. Similarly, Hine 377, line
378, and hne 379 illustrate the correlation of marker beds across Wells 1, 2, 3, 5, 6, and 7.
As further tHustrated in FIG, 13A and FIG. 138, for example, GLTSD clectrofacies study
2013-43 (new worktlow) was used for stratigraphic sediment dispersal analysis.  The
depicted stratigraphic sediment dispersal analysis includes plots related to Sx or Sxp
sandstones 381 and plots related to SMx or SMxp sandstones 332, The plots related to Sx or
Sxp sandstones 381 include a stratigraphic sediment dispersal analysis for facies Sx for Unit
A 383, a stratigraphic sediment dispersal analysis for facies Sx for Unit B 384, a stratigraphic
sediment dispersal analysis for facies Sx for Unit C 335, and a stratigraphic sediment
dispersal awalysis for facies Sxp for Unit C 386, The plots related to SMx or SMxp
sandstones 382 inchude a stratigraphic sediment dispersal analysis for facies SMx for Unit A
387, a stratigraphic sediment dispersal analysis for facies SMx for Unit B 388, a stratigraphic
sediment dispersal analysis for facies SMx for Unit € 389, and a stratigraphic sediment
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dispersal analysis for facies SMxp for Unit C 390. The application of high resolution
electrofacies allowed separation of sediment transport trends by sedimentary unils {e.g.,
electrofacies Sx represents dunes whereas SMx represents interdunes),  In addition, as
tlustrated in FIG. 14, for example, GLTSD Technology Application-1 project established the
transfer of 2D based electrofacies {(from GLTSD project 2013-42) into the 3D modeling
environment. For example, clectrofacies can typically be interpreted o a two-dimensional-
based software cnvironment (wellbore-focused) and stored in a digital format, with its top in
measured depth, as will be understood by those skilled in the art, and its electrofacies code
{e.g., SMx}, to generate a two-dimensional petrophysical modeling plot 392, These tops and
electrofacies codes can subsequently be exported as a file {e.g., ASCH) and loaded into a
three-dimensional software environment. In the three-dimensional software environment, the
electrofacies can be correlated with variable references (TVDT, TVT) and modeled, e.g.,
through vertical and horizontal variogram analysis (3D modeling), for instance, to produce a
three-dimensional petrophysical modeling plot 393, Both two-dimensional petrophysical
modeling plot 392 and three-dimensional petrophysical modeling plot 393 can use color to
represent different materials that are associated with each point on the respective plot, as will

he understood by those skilled 1o the art, ¢.g., vellow, orange, olive green, and dark green.

(601117 The high resolution electrofacies can he further used to establish a rock
physics facies model. A rock physics facies model can associate a “cluster” in acoustic p-
wave (Vp) and bulk density log cross plots with a geological clectrofacies {(e.g., SMx)
because rock physic properties (¢.g., acoustic p-wave (Vp) and bulk density variations) can
be linked with varicus geological parameters, including sorting {(grain size), cement volume,
clay content, lithofacics, and compaction. Several rock physics models (e.g., for grain
contacts} can exist for these correlations. Combining neural network analysis and image-
hased petrophysics with manual texture interpretation to build electrofacies for a sediment
dispersal analysis of fhuvial channels (GLTSD study 2013-42) s tllustrated, for example, in
FIG. 17. As depicted 1n FIG. 17, for example, a map view of a cross-section 399—ie., a map
of the physical locations of Wells 1-7—is illustrated in the ceuter of the figure, and the
middie, outlined portions of the well correlation plots depicted in the figure represent the
reservoir interval analyzed in a given study. Each well correlation panel also can inchude
color, in some instances, as will be understood by those skilled 1 the art. Application of high
resolution electrofacies allowed to separate sediment fransport trends by genetic units

(GLTSD study 2013-42) is depicted in FIG. 18, for example. In addition to an overall
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sediment transport trend plot 401, an Sx sediment transport trend plot 402, an SMix sediment
transport trend plot 403, an 51 sedimnent transport trend plot 404, and an Sxp/SMxp sediment
transport trend plot 405 are depicted in FIG. 18, Sediment transport trend plots can represent
different types of material by different shades of grey, for example, or by different colors, as
will be understood by those skilled in the art.  As illustrated in FIG. 20, for example, Sx
sediment transport frond plot 402, SMix sediment transport frend plot 403, and S1 sedument
transport trend plot 404 cach include only one shade of grey because each is associated with
only one type of material. However, Sxp/SMxp sediment transport trend plot 405, as
depicted, ncludes two shades of grey; the darker grey can represent SMxp and the lighter
grey can represent Sxp.  Similarly to individual sediment transport trend plots, an overall
sediment transport trend plot can represent cross bedding, bedding, and erosional surface by
different shades of grey or by different colors, e.g., red for cross bedding, green for bedding,
and yellow for erosional surface. As depicted, for example, overall sediment transport trend
plot 401 can represent bedding with a darker grey and cross bedding with a lighter grey. In
addition, as depicted, Welis 1, 2, 3, 4, and 6 can inciude primarily cross bedding but also can
feature some bedding. Well 3 can include cross bedding alone, and Well 7 can inchide
bedding alone. As dlustrated 1o FIG. 19, for example, the application of a high resolution
electrofacies in GLTSD Study 2013-43 helped clarify some previously poorly understood log
responses through identifving and separating a pebbly sandstone facies from “other”
sandstone facies in density box-plots and density-neatron cross-plot {see FIG. R for more
details to the density-neutron cross-plot and image texture). For instance, an Sl density box
plot 411, an Slp density box plot 412, an Smp density box plot 413, an Sm density box plot
414, an Sx density box plot 415, an Smot density box plot 416, an Sxp density box plot 417,
and a density-neutron cross plot 418 are depicted. Further, a map of the physical location of
wells 419 is depicted along with an FMI image log 420 and well correlation plots (e, Well 1
correlation panel 311, Well 2 correlation panel 312, Well 3 correlation panel 313, Well 4
correlation panel 314, Well 5 correlation panel 315, and Well 6 correlation pauel 316). Each
well correlation panel also can include color, in some instances, as will be understood by
those skilled in the art. Further, horizontal lines that extend through each well correlation
panel and are connected by diagonal lines across the well correlation panels can illustrate
separate units associated with the respective wells, e.g., from the tops of the well correlation
plots to the bottoms, Unit A, Unit B, Unit C, and Unit D. The Well 4 correlation plot 314, as
depicted, also inchudes indications of high bulk density response represented by circle 421
and circle 422, Similarly, circle 425 indicates a high bulk density response for image facies
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Slp in Well 4 on the Slp density box plot 412, Circle 426 indicates a high bulk density
response for image facies Smp in Well 4 on the Smp density box plot 413, and circle 427
indicates a high bulk density respouse for image facies Sxp in Well 4 on the Sxp density box
plot 417. Further, circle 428 indicates image facies with high bulk density response in
density-neutron cross plot 418, The application of a high resclution electrofacies in GLTSD
Study 2013-43 allowed separation of sediment transport trends by genetic units and
reservoirs, as illustrated n FIG. 204, FIG. 208, and FIG. 20C, for example, including a
representation of sediment transport trends by genetic Unit A 431, a representation of
sediment transport trends by genetic Unit B 432, and a representation of sediment transport
irends by genctic Untt C 433, In some instances, facies within each representation of
sediment transport trends can be represented by different colors, as will be understood by
those skilled in the art, e.g., yellow for Sx, orange-yellow for Si, and orange for SMix in FIG.
20A and FIG. 20B. As depicted in FIG. 20A and Fig. 20B, for example, however, facies
within cach representation of sediment transport trends also can be represented by different
shades of grey. For example, as depicted in FIG. 20A and Fig. 208, Sl is at the center of
cach plot, surroanded by a mix of SMx and Sx.  Additional colors or shades of grey in a
representation of sedument transport trends as depicted in FIG. 20C, for example, can
represent Sxp, Sp, and SMxp. Scdimentary units and/or genetic units can include groups or
packages of facies or facies associations that are related by a shared or common sediment

dispersal direction.

[001121 A VShale curve can represent the quantitative volume of shale in a
hydrocarbon formation and can be determined by, for example, a gamma ray {(GR) curve.
For instance, naturally occurring gamma ray radioactivity of subsurface material can be
measoared. Becaose different subsurface materials can be associated with different gamma
ray intensity levels, a garoma ray detector can rocasure garoma ray radiation from subsurface
material. Gamma ray measurements can then be used to distinguish shale versus non-shale
and can be used to quantify a volume fraction of shale. For instance, shale can be associated
with high GR values, whereas voun-shale can often be associated with low GR wvalues,
Further, partly shaly formations can have GR values somewhere in between shale and non-
shale. Moreover, volume fraction of shale can be proportional to gamma ray measurements.

As a result, gamma ray measurements can often be a good and reliable indicator of shale.
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Embediments of Computer-Implemented Methods

[00113] A computer-implemented method to enhance borehole imvage analysis,
according to an embodiment, can include comparing a plurality of different openhole log data
sets 111 to a plurality of different core data sets 112, for example. Each of the plurality of
different openhole log data sets 111 can be associated with one or more of a plarality of
hydrocarbon wells. The plurality of hydrocarbon wells can be associated with a hydrocarbon
reservoir, Further, cach of the plurality of different core data 112 sets can also be associated
with one or more of the plurality of hydrocarbon wells. Core data can include core grain size,
for example. A method can also inchude performing iteratively an unsupervised neural
network map, responsive to the plurality of different openhole log data sets 111 and the
plurality of different core data sets 112, Performung iteratively an unsupervised neural
network map can thereby identify one or more material types associated with the phurality of
hydrocarbon wells, for example. A method can further inchide, for instance, generating a
material-type scheme 120, responsive to the neural network map.  The material-type scheme
120 can associate ecach of the identified onc or more material types with a plurality of
material characteristics, including one or more of the following: material resistivity value and
material grain size. A roethod can also inchude distributing cach of a plurality of borchole
image readings of cach of a plurality of different borehole image reading sets 113 into one of
a plurality of resistivity classes, responsive to the material-type scheme 120, Each of the
plurality of different borehole image reading sets 113 can include a plorality of borchole
tmage readings and caw further be associated with one or more of the phurality of
hydrocarbon wells. Additionally, one or more of the plurality of different borehole image
reading sets 113 can be associated with each of the phwality of hydrocarbon wells. Each of
the plarality of resistivity classes can have one or mwore predetermined associated material
resistivity values, for exarople. Distributing the borchole image readings can therchy
associate each borehole image reading with an approximated material type 122, A method
can also include calibrating cach borehole immage reading, responsive to the plurality of
different core data sets 112 and the material-type scheme 120, Calibrating cach borehole
image reading can produce an approximated grain size 121 associated with each borebole
image reading. A method can further inchude, for example, depicting—for cach hydrocarbon
well—the associated one or more borehole image reading sets 213 of the phirality of ditterent
horchole tmage reading sets 113, the approxirsated material type 122 tor cach borchole image

reading of the associated one or more borehole image reading sets 213 of the phlurality of
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different borchole image reading sets 113, and the approximated grain size 121 for each
borehole image reading of the associated one or more borehole image reading sets 213 of the
plurality of different borehole image reading sets 113, Depicting this data can therchy
mCrease consistency in categorizing subsurface material associated with the plurality of
hydrocarbon wells by material type. Further, depicting this data can enhance interpretation of
subsurface material texture, fabric, and features to predict subsurface material composition of

the hydrocarbon reservoir.

[00114] In some circumstances, on¢ or more approximated grain sizes 121 each
associated with a borehole image reading can have a core-equivalent resolation, for example.
A wmethod according to an embodiment can also include generating a high resolution
electrofacies, responsive to the approximated material types, the approximated grain sizes,
and user identification of one or more of the following: image texture data, image feature
data, image fabric data, and image orientation data. Generating a high resohition
clectrofacies can thereby enhauce characterization of subsurface material composition of the
hydrocarbon reservoir. Further, borehole image readings can include, for example, high
resolution micro-resistivity image log data, according to some embodiments, as will be
understood by those skilled 1o the art. A method can also jnchide perforrmaing data quality
controf on the plurality of different openhole log data sets 111, the plurality of different core
data sets 112, and the plurality of different borehole image reading sets 113, Further, a
method can include reprocessing the plorality of different openhole log data sets 111, the
plurality of ditferent core data sets 112, and the plarality of difterent borehole iroage reading
sets 113, A method can also include depth matching the plurality of different openhole log
data sets 111, the plurality of different core data sets 112, and the plurality of different
borehole 1mage reading sets 113, Performing data quality control, reprocessing, and depth
matching can thoreby enhance input data. In some circumstances, the plurality of borehole
image readings of each of the plurality of different borehole image reading sets can be non-
normalized. A method according to an embodiment can also inchude flattening cach borehole
image reading, before distributing each borehole tmage reading into one of a plurality of
resistivity classes. A method can also include modifving one or more neural network nodes
of the neural network map, responsive to variably-weighted input curves and user action.
Modifying the one or more neural network podes can thereby enhance identification of the
one of more material types associated with the plurakity of hydrocarbon wells, In some

circumsiances, one or more trained and core-calibraied neural network curves can be
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associated with the materiai-type scheme 1280, and the neural network curves can thereby

define a constrained gross facies scheme.

[00115] In some circumstances, for exaraple, the plurality of hydrocarbon wells can be
associated with g clastic environment; further, the one or more identified material types
associated with the plurality of hydrocarbon wells can include one or more of the foliowing:
mudstone, silistone, argillacecus sandstone, sandstone, and heterclithics. A method can also
include identifying one or more zones of tluid phase change, responsive to the plurality of
different openhole log data sets 111 and the plurality of differcnt borehole image reading sets
113, A wmethod can then include modifying the plurality of resistivity classes responsive to
the identiticd one or more zones of fluid phase change, a plurality of measurernents of water
saturation associated with one or more of the plurality of hydrocarbon wells, the material-
type scheme 120, the approximated material types 122, and the approximated grain sizes 121,
Modifving the plurality of vesistivity classes can thereby compensate for fluid phase changes
associated with the identified one or roore zones of fluid phase change. A method can also
include, for example, matching the number of the plurality of resistivity classes with the
number of the one or more identified material types associated with the plurality of
hydrocarbon wells. A method according to an crobodument can also jachude, for example,
determining one or more projected material types associated with cach of one or more
uncored intervals of one or more of the plurality of hydrocarbon wells, responsive to the
approximated material type 122 associated with cach of one or more of the phurality of
borehole irnage readings. A method can further include deterraining one or more projected
grain sizes associated with cach of the one or more uncored intervals of the hyvdrocarbon
reservoir associated with the plurality of hydrocarbon wells responsive to the approximated
grain size 121 associated with cach of one or more of the plurality of borehole image
readings. Deterraining one or more projecied material types and one or more projected grain
sizes can thereby produce a high-resolution characterization of the hydrocarbon reservoir, for

example,

{0116} More specifically, a step-by-step illustration of an exemplary method
according to an embodiment is described below. A generic step-by step manual is chosen
since more than one software application (e.g., Techlog, Petrolog, or Geolog) can be used for

the workflow shown in FIG. 4 and FIG. §, for example.
{1} Openhole logs (e.g., deosity, neutron, and gamma ray (GR)) can be selected and

loaded together with the core data to the neural network application,
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(23 The clustering of the openhole data can be analyzed using one or more neural
networks (e.g., self~organizing map ISPOM from Techlog) and compared to the core

data i a correlation panel.

{3) Through a reiterative learning processes, a certain amount of rock classes can be
consistently identified using variably weighted mmput curves and interactive editing of
the neural network nodes to enhance the log-to-core correlation, as iltustrated in FIG.

6, for example.

(4} Once one is satistied with the results, the “trained,” core-calibrated neural network
(the “constrained gross facies scheme”) curves can be transferred to the image-based

petrophysics process.

{5) Non-normalized BHI data can then be flattened using 2 mamual dip dataset from

the image log analysis 143,

{6) Flattened BHI data, core descriptions 141, and petrophysical curves from the
openhole log analysis 142 can then be loaded into the image-based petrophysical

analysis module (e.g., Techlog Sand Counting or Petrolog Image Petrophysics).

{6a}) The nmumber of BHI regitivity classes can then be matched with that from
the neural network analysis. For example, a2 match can be done visually by
plotting them side-by-side along measured depth. By comparing them side-
by-side, it can be casier 1o establish # correlation between the neural network

results and the image-based petrophysical results.

{7y BHI readings can then be manually compared with laterlog or induction log
readings. The laterlog or mduction log can be used to indicate formation invasion
(difference between shallow and deep resistivity). Further, an invasion of conductive
nmud in a hydrocarbon bearing sandstone can result in a conductive appearance of the

sand.

{7ay BHI color reversal can then be activated if necessary. The color reversal
caun be used to create a consistent resistivity histogram distribution along a
well,  For exaraple, all sands can be made to appear conductive or “water
wet,” depending on the volume of shale in the sand. Essentially, the influence
of hydrocarbon, or areas where sand appears more resistive than the shale, can
thus be removed.  All sands can be roade to be light vellow colored and all

P .

shales can be dark green colored {as iflusirated n FIG. 7, track 11, for
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istance). The correlation can be that as the sand becomes a lighter yellow,

the sand grains become coarser, and fewer clay sunerals are o the sand. Once

we

this “standardization” or fluid compensation step is done, it can be easier to
compare, visually, all sand distributions with cach other and with the core for
grain-size calibration. At a certain color, which corresponds to a bin in a
resistivity histograrn or histograms, it more than one zone exists, the core can
indicate grain-size changes. These can be calibration points for the conversion
of BHI resistivity bins into “pseudo” grain-sizes. Further, an anticipated
correlation can be that the same color (resistivity bin) can indicate the same

petrophysical response (e.g., GR} and the same core grain-size, for exaraple.

{8) BHI readings can then be further compared with Sxo and Sw readings. For
example, comparison can include a visual comparison followed by a manual zonation
becanse automatic Sxo and Sw corrections to avoid manual zoning can be

insufficient.

{%a} Data can then be zoned if localized reversal of the BHI readings ocours.
For example, sands can change color, Le., BHI resistivity values, over very
short intervals (10 feet or less), It can be up to an mterpreter to identity these
reversals in “color” through a thorough comparison of BHI and petrophysical
log values, c.g. GR, Sw, or else. Once a color reversal of a sand is identified
from BHI data, a new zone can be created. In some circumstances, all sands
need to be visually comparable to calibrate them with core grain-sizes.

(9} An interactive BHI resistivity histogram analysis can then be started.
{%a) Then, BHI readings can be compared against noural network rock types
using neuvral network classes as overall guide “framework™).
(9b) BHI readings can be compared against core grain-size using core grain-
size changes as calibration points for the “pseudo”grain-size curve
computation.

{(9c) Steps 7 to 9b can then be reiterated wntil an accepiable match is found.

(9d) Once one 18 satisfied with the results, “pseudo”-gram-size curves can be

transferred to the tmage textare interpretation modiile (e.g., Techlog WBI).
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(13 The image texture interpretation layout can be set up similarly to the layout
shown in FIG. 15, for example. An example well from GLTSD electrofacies study
2013-43 (new workflow) shows the excelient match between clectrofacies and core
descriptions, as illustrated in FIG. 15, for example. The example well also highlights
that the grain-size can be projected from cored to un-cored intervals. The depicted
irnage toxture interpretation layout juchides openbole log data measurernents 320,
neural network rock types 321, tmage measurements {(with high resistivity in a light
color) and image thresholds 395, image facies and tadpoles 324, and core description
data 323, Opeuhole log data measurements 320, as depicted, include hole shape
measurcments 396; ganuna ray {GR) measurerents 325; density (DENS), neutron
porosity (NEUT), and photoelectric effect (Pe) measurements 326; and indications of
mduction log resistivity at shallow depth of investigation (ILS), induction log
resistivity at deep depth of wnvestigation (ILD), and microspherically focused log
resistivity (MSFL) 397, As depicted, neural network rock types 321 include ncural
network-based lithotypes and class probability 330.  Similarly, depicted image
measurements (with high resistivity in a light color) and image thresholds 395 inchide
image petrophysics-based “pseudo” grain-size classes 331, Further, iroage tacies and
tadpoles 324 include image facics (or clectrofacies) 332,  Additionally, core
description data 323 include grain-size measurements 398. In some instances, the
example depicted in FIG. 15 can be Hlustrated using color, in a similar manner to FIG.

i1

(11) Results from the image log analysis 143 and the “psendo” grain-size can then be
integrated with core and image textures following a scheme similar to the one shown

in FIG. 1c(ii) or FIG. 18, for example.

Fmbediments of Noen-Transitory Computer-Readable Medinm Having One or More

Computer Proorams Stered Therein

(00117} An embodiment can also mclude non-transitory computer-readable medium
haviug one or more computer programs stored therein operable by one or more processors 1o
enhance borchole irnage analysis, for example. The one or more computer programs can
include a set of instructions that, when executed by the one or more processors, cause the one
or more processors to perform a series of operations. For example, the operations can include
comparing a plurality of different openhole log data sets 111 1o a phurality of different core
data sets 112. Each of the plurality of different openhole log data sets 111 can be associated

-5
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with one or more of a plurality of hydrocarbon wells. The plurality of hydrocarbon wells, in
turn, can be associated with 2 hydrocarbon reservoir. In addition, each of the pheality of
different core data sets 112 can be associated with one or more of the plurality of
hydrocarbon wells, and core data can include core grain size, for example. The operations
can further inchude performing iteratively an unsupervised neural network map, responsive to
the plurality of differcat openbole log data sets 111 and the plurality of different core data
sets 112, Performing iteratively an unsupervised neural network map can thercby identify
one or more material types associated with the pharality of hydrocarbon wells, for example.
The operations can also inchude generating a material-type schome 120, responsive to the
neural network map. The roaterial-type schome 120 can associate cach of the identified one
or more material types with a plurality of material characteristics, including, for example, one

or more of the following: material resistivity valae and material grain size.

[0011R] The operations can further nclude, for example, distributing ecach of &
plurality of borehole tmage readings of each of a plarality of duifferent borebole froage reading
sets 113 into one of g plurality of resistivity classes, responsive to the material-type scheme
120, Fach of the plurality of different borchole image reading sets 113 can include a plarality
of borchole image readings and be associated with one or wmore of the plurality of
hydrocarbon wells. Further, one or more of the plurality of different borehole image reading
sets 113 can be assoctated with each of the plurality of hydrocarbon wells. In addition, cach
of the phirality of resistivity classes can have one or more predetermined associated material
resistivity values.  Consequently, distributing the borchole image readings can thereby
associate cach borehole image reading with an approximated material type 122, The
operations can further include calibrating cach borchole image reading, responsive to the
phurality of diffevent core data sets 112 and the material-type scheme 120, Calibrating each
horehole image reading can consequently produce an approxumated grain size 121 associated
with each borehole image reading. The operations can also include depicting on one or more
displays—Tfor each hydrocarbon well—the associated one or more borchole image reading
sets 213 of the plurality of different borehole wmage reading sets 113, the approximated
material type 122 for cach borehole image reading of the associated one or more borehole
image reading sets 213 of the plurality of different borchole image reading sets 113, and the
approximated grain size 121 for each borehole image reading of the associated one or more
horchole tmage reading sets 213 of the plurality of different borehole tmage reading sets 113,

Depicting this information can thereby increase consistency in categorizing subsurface
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material associated with the plurality of hydrocarbon wells by material type.  Further,
depicting the information can enhance interpretation of subsurface material texture, fabric,

and features to predict subsurface material corapostiion of the hydrocarbon reservoir.

[00119] In some circumstances, one or more approximated grain sizes 121 cach
associated with a borehole image reading can have a core-equivalent resohution. In some
non-transitory computer-readable mediom having one or more computer programs stored
therein, according to an embodiment, the set of instructions, when executed by the one or
more processors, can further cause the one or more processors to perform additional
operations.  The operations can inclade, for example, generating a high resolution
electrofacies, responsive to the approxumated material types 122, the approxumated grain
sizes 121, and user identification of one or more of the following: image texture data, image
feature data, image fabric data, and image oricntation data. Generating a high resohition
electrofacies can thereby enhance characterization of subsurface material composition of the
hydrocarbon reservoir.  Further, borehole tmage readings can include, for example, high
resolution micro-resistivity image log data, according to some embodiments, as will be
vnderstood by those skilled in the art. The operations can also include, for example,
performung data quality control on the pluraluy of different openhole log data sets 111, the
plurality of different core data sets 112, and the plurality of different borehole image reading
sets 113, The operations can further include reprocessing the plurality of different openhole
tog data sets 111, the plurality of different core data sets 112, and the plurality of different
borehole image reading sets 113, The operations can still further include depth maiching the
plurality of different openhole log data sets 111, the plurality of different core data sets 112,
and the plurality of different borehole image reading sets 113. The performing data quality
control, reprocessing, and depth matching operations can thereby enhance input data. In
some circurpstances, the phlurality of borehole image readings of cach of the plurality of
different borchole image reading sets can be non-normalized. The operations can further
mclude, for example—before distributing each borehole image reading into one of a plurality

of resistivity classes—flattening cach horchole imnage reading.

[00120] The operations can also include, for example, modifying one or more neural
network nodes of the neural network map, responsive to variably-weighted input curves and
pser action. Modifying the one or more neural network nodes can thereby enhance
identification of the one or more material types associated with the plurality of hydrocarbon

wells., In some circumstances, one or more trained and core-calibrated neural network curves
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can be associated with the material-type scheme 120, and the neural network curves can
thereby define a constraimed gross facies scheme. In addition, the plurality of hydrocarbon
wells can be associated with a clastic environment, for example, and the one or more
identified material types associated with the plurality of hydrocarbon wells can include one or
more of the following: mudstone, siltstone, argillaceous sandstone, sandstone, and
heterolithics.  The operations can also inchude identifying, responsive to the phurality of
different openhole log data sets 111 and the plurality of differcnt borehole image reading sets
113, one or more zones of fluid phase change. The operations can then include modifying the
phurality of resistivity classes responsive to the identified one or more zones of flaid phase
change, a plurality of rocasurements of water saturation associated with one or more of the
plurality of hydrocarbon wells, the material-type scheme 120, the approximated material
types 122, and the approximated grain sizes 121, Modifying the phurality of resistivity
classes can thereby compensate for fhud phase changes associated with the identified one or
maore zones of fluid phase change. The operations can also include matching the number of
the plurality of resistivity classes with the number of the one or more identified material types
associated with the plorality of hvdrocarbon wells. Further, the operations can inclhude
deterroining one or more projecied material types associated with each of one or more
uncored intervals of one or more of the plurality of hydrocarbon wells, responsive to the
approximated material type 122 associated with each of one or more of the plurality of
borehole 1mage readings. The operations can also include determining oue or more projected
grain sizes associated with cach of the one or more uncored ntervals of the hydrocarbon
reservoir associated with the plurality of hydrocarbon wells, responsive to the approximated
grain size 121 associated with cach of one or more of the plurality of borehole image
readings. Deterraining one or more projecied material types and one or more projected grain

sizes can thereby produce a high-resolution characterization of the hydrocarbon reservoir.

Further Description Related to Embodiments: Example Studv

[ea1213 An example study related to acceleraied borehole image log facies
interpretation has been conducted, for example. During this study, a goal was 1o assess
whether the manual methodology could be replaced by an automatic or semi-automatic
workflow. Six clastic reference wells with core, open hole, and high quality image log data
were selected and manually interpreted. The same data was independently used for image-
hased rock typing (facies) using software-driven image-based petrophysics applications: the

mmage data was calibrated, zoned, and compensated for fluid phase changes prior to binning
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into image-based petrophysics facies using various thresholding techniques. Comparison of
the results showed that the semi-automatic processes could not reliably match etther the
manual image or corc-based interpretations without considerable roanipulation. Fluid (odl
and water) contact zones were particularly difficult to resolve, requiring many reiterations,
whereas an experienced interpreter could compensate for the ambiguity faster and more
reliably. Amnalysis of geological fabrics and textures, especially nounplanar image fabrics like
cross-bedding, bio- or pedo-turbation, could not be reliably reproduced using automated
processes. Tests with neural network applications suggest, however, that pre-binning of the
facies, rock types and units, based upon the open hole log’s response and image resistivity,
can offectively provide a faster and more repeatable standard gross lithological unit. It 8
therefore suggested that, at present, an effective methodology for rapid reservoir
characterization can be an image-based petrophysical interpretation followed by facies

mterpretation of the image texture/fabric by an experienced BHI interpreter.

[00122] This study assessed whether the manual borehole image facies interpretation
can be replaced by an automatic or scmi-automatic borehole image facies interpretation to
reduce the time required for image log facies interpretations in multi-well studies.  Six
reference wells with core, open bole, and high quality 1image log data were sclected and
manually interpreted. The same data were then used for image-based rock typing in
specialized image-based petrophysics software. Several calibration steps were required (e.g.,
SW compensation) to convert the data into a format that was suitable to apply image
resistivity thresholding and data binning techniques. The binning process was a reiterative
process until a compatible scheme to the manual image facies scheme was developed, as
iifustrated, for example, in FIG. 9. That is, semi-automatic image facies association
generation 1s illostrated in FIG. 9, for example. The results of this semi-automatic
image-based petropyhsics facies scheme were then compared with the manual facies

interpretation.

(031231 Although the data was calibrated and fluid saturation compensated for, it was
not possible to match the manual interpretation.  Fluid (o1l and water) contact zones were
especially difficult to correct for in the image-based petrophysical analysis, as illustrated in
FIG. 10, for example. That s, a comparison of semi-automatic and manual image facies
mterpretation s tlustrated, for example, in FIG. 10, These are areas where an experienced
iterpreter can compensate the image and open hole log readings and can create a more

reliable, manual image facies interpretation.
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100124 The study indicated that it was not possible to reduce the time spent for the

[

analysis of geological fabrics and textures. Nonplanar image fabrics like cross-bedded
sandstones or dispersed paichy couductive (porous) carbonate intervals can be especially
difficult to consistently identify. Well stratified intervals of sand/silt or sand/shale with good

image contrasts (light and dark image coloring) can be suitable for avtomatic dip analysis.

{00125 The manuval 1mage facies interpretation using open hole log, image log, and
core can be a method that works in clastic environments, Its advantages can include allowing
the interpreter €0 correct image irregularities, such as breakouts and fluid influence on the
borehole image, and incorporating field knowledge. It can be a slow process that heavily
relies on the interpreters’ experience. Recent tests with neural network applications suggest,
however, that pre-binning of facies, rock types, and units, based upon the open hole log’s
response and image resistivity, can effectively provide a faster and more repeatable standard
gross lithological unit, as illustrated in FIG. 1, for example. That is, open hole neural
network based rock typing combined with image-based threshold rock typing for image
facies interpretations is iHustrated, for example, in FIG. 11, It is therefore suggested that, at
present, an effective methodology for rapid reservoir characterization can be an image-based
petrophysical juterpretation followed by facies mterpretation of the image texture/fabric by

an experienced BHI interpreter.

Additional Description Related t¢ Embodiments: Another Example Studv

(00126} Another example study was conducted that related to combining image-based
petrophysics and neural network analysis to build electrofacies.  Core-calibrated borchole
tmage log facies interpretations can be tiroe intensive and rely heavily on the experience of
the image interpreter to provide consistent results for extrapolation into uncored intervals, A
goal of this study was to increase both the efficiency and consistency of the interpretation
results through combining image-based petrophysics, neural network mapping, and manuaal
feature tdentification. The unified workflow can inchude: (i) core-calibrated open hole log
neural network mapping; (i) zonation, fluid phase compensation, and core calibration of the
image prior to the image-based petrophysics facies analysis; and (it) manual tmage textural
micrpretation. The study, which included a total of 3750 t of image data and 1105 f of core
from six wells, showed that the use of neural network mapping can significantly improve the
consistency of the “gross facies scheme” through the simuitancous calibration of the open
hole logs with core interactively across all wells,  Subsequent use of image-based
petrophysical analysis techniques within this “constrained gross scheme” can provide robust
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high resolution electrofacies at each well. This approach of combining the best of the tmage-
based petrophysics with the manual tmage textural analysis i a unified workflow can
provide an efficiont, consistent, and high confidence advanced image-based facies analysis

for sequence stratigraphic interpretations across multiple wells.

[oa1273 In the first example study described above, the inventors have suggesied a
more etffective methodology for rapid reservoir characterizations: otilizing an irmage-based
petrophysical analysis followed by a manual facies interpretation of the image texture/fabric
by an experienced BHI interpreter. This second study applied this methodology in six wells
with a total of 3750 £t of image data and 1105 ft of core. Both the efficiency and consistency
of BHI-based facies interpretations through the combination of manuval twage fabric and
texture identification with an image-based petrophysical log analysis and neural network map
can be desired, for example. For such instances, inttially, only four wells, for example, were
selected for a study. Core, open hole, and image log data were loaded and passed through a
comprehensive data quality countrol, reprocessing and depth-matching procedure to assure
high data quality for the following manual dip analysis coupled with neural network mapping

and image-based petrophysics.

[00128] The stady first included a manual dip interpretation process. The BHI features
were identified and manually classified (e.g., bedding or fractures) based on dip magnitudes,
orientation trends, and BHI character by an experienced image interpreter.  The mean
structural dip was determined from stratified units that were assumed to be deposited palaco-
horizontally, ie., mudstone, heterolithic, and/or siltstone bedding surfaces. The original

sedimentary dips were restored where g significant structural dip (>3°) was determined.

[00129] The study then utilized ncural network and image-based petrophysics. An
unsupervised (fuzzy) neural network mapping procedure was used to calibrate open hole iog-
based rock classes with core grain-size data. Through reiterative learning processes, it was
established that five rock classes could be consistently identified using three variably
weighted input carves, as illustrated, for example, in FIG. 6{(c}. That is, neural network input
curves are tlustrated in FIG. 6(c), for example. A self-organizing map, as iltastrated in FIG.
6(a}, for exaraple, and which visualizes the clustering of the open hole log curves in a down-
sampled but representative set of nodes, was used to further enhance the log-to-core
correlation, as illustrated by red circled portions of FIG. 6(a)-(b). That is, a self-organizing
neural network map s lustrated in FIG. 6(a}, for example, and an interactive edit on a well
correlation panel is illustrated in FIG. 6(b), for example. This “trained,” core-calibrated
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newral network was subsequently successtfully applied to two additional wells, which were

added after the interpretation of the four mtial wells.

[00130] The ncural network mapping of the core and open hole relationship was
followed by the zounation, fluid phase compensation, and core calibration of the image data.
Open hole logs, ie., mduction or lateral logs, porosity logs, and petrophysical calculations
{e.g., Sxo0 and Sw), were used to identify zones of fluid phase changes that atfected the BHI
resistivity, as illustrated, for example in FIG. 7(a). That is, an image-based petrophysics
analysis plot to determine fluid phase changes is illustrated, for example, in FIG. 7{(a). The
BHI data were then zoned, and the resistivity spectrum was compensated for the fhid phase
changes. The effect of this compensation is best iHustrated by considering an interval where
sandstone classes were identified by the neural network mapping. In these intervals, if for
reference the sandstones are assumed to be “water-wet,” then the fluid compensation
transforms all sandstones classes to appear more conductive than mudstone classes.
Assunung no sigoificant variations n density (e, “cementation”), jncreases in BHI
resistivity in these fhuid-compensated sandstone classes could be inferred to correlate with an
increase in clay content. The fhud-compensated BHI histogram can then be divided into
“pseudo”-grain size classes, as iHustrated, for example, in FIG. 7(b)—(d}, and correlated with
core grain-size classes in an interactive thresholding process, simultancously across all BHI
zones. That is, binned BHI resistivity histograms are illustrated in FIG. 7(by(d), for
example. Intervals with core data were used to set histogram class cut-offs and the newural

network results guided the overall sandstone mapping.

[00131] OUnce the match between core, neural network map and image-based
petrophysics was ¢stablished, the obtained rock classes were modified in terms of their
geological significance through integrating the manual dip imterpretation results.  The
integration of geological textures identified from the BHI and core with the “constrained
gross facies scheme” created a high resohution electrofacies (e.g., cross-bedded argillacecus
sandstone). The methodology can still rely heavily on the experience of the BHI interpreter
to correctly identify image textures and orientation treuds, but it removes the need to
simultancously determine the “lithotype™ tfrom open hole logs. Removing this element can
accelerate the manual interpretation process, allow the interpreter to focus on the interpreter’s
key objective, feature and fabric identification, and increase the overall “lithotype”

consistency.
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[00132} The neural network and image-based petrophysics BHI analysis separated five

facies associations (“classes”}—mudstone (M, silistone [MS], argiflaceous Mruddy™)
sandstone [SM], sandstone (“clean™) [S], and heterolithics [Hl—and produced a total of 24
individual image facies {c.g., cross-bedded, pebbly sandstone [Sxp]) types. The application
of this high resolution, image-texture based facies scheme also helped clarify some
previously poorly understood log responses through identifying and separating a pebbly
sandstone facies from “other” sandstone facics in density-neutron cross-plots and box-plots,
as iHustrated in FIG. &, for example. That is, a muiti-well density-neutron cross-plot by
clectrofacies, with and without pebbly facies, is illustrated, for example, in FIG. &{a)
Further, typical image texture and open hole log responses of pebbly facies are iHusirated, for
example, in FIG. &(b). In addition, a multi-well bulk density box-plot for lower Unayzah
sandstone facies is illustrated in FIG. B(c), for example. The resulting electrofacics were
further used to dentify depositional environments and sediment dispersal directions within
the sequence stratigraphic reservoir model of the Unayzah in Saudi Arabia, Future studies in
the Unayzah that are only based on open hole logs can use these image texture-based
electrofacies log cut-offs to correlate from “imaged” to “an-imaged” wells and to constrain

palacotransport trends |

[00133} This study showed that the use of neural network mapping can significantly
improve the consistency of the “gross facies scheme” through the simmltaneous calibration of
the open hole with core data interactively across all wells. Subsequent use of image-based
petrophysical analysis techuiques within this “constrained gross scheme” can provide robust
high resolution electrofacies at each well. Utilization of these steps prior to interpreting the
images can thus allow the interpreter to concentrate more effectively on the identification of
image fabrics and texture rather than fabric plus “lithotype.” This appreach of combining the
hest of the image-based petrophvsics with the manual image texture inferpretation in a
unified workflow can provide an efficient, consistent, and high confidence advanced image-

based facies analysis for sequence stratigraphic interpretations across multiple wells,
P o

{01343 In the various embodiments of the wnvention described hercin, a person having
ordinary skill in the art will recognize that varicus types of memory are readable by a
computer, such as the memory described herein in reference o the various computers and
servers, ©.g., computer, computer server, web server, or other computers with embodiments
of the present vention. Exaroples of computer readable roedia include but are not limited

to: nonvolatile, hard-coded type media such as read only memories (ROMs), CD-ROMs, and
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DVD-ROMs, or erasable, clectrically programmable read only memories {(EEPROMs),
recordable type media such as floppy disks, hard disk drives, CD-R/RWs, DVID-RAMs,
DVD-R/RWs, DVDHR/RWs, flash drives, memory sticks, and other newer types of
memories, and trapsmission type media such as digital and analog comimunication links. For
example, such media can include operating instructions, as well as instructions related to the
system and the method steps described above and can operate on a computer. It will be
understood by those skilled in the art that such media can be at other locations instead of, or
in addition to, the locations described to store computer program products, o.g., including
software thereon. It will be understood by those skilled in the art that the variously the
software moodules or clectronic coraponents described above can be implerented and
maintained by electronic hardware, software, or a combination of the two, and that such

embodiments are contemplated by embodiments of the present invention.

{01353 This application 1s related and claims priority to U.S. Provisional Patent
Application No. 61/943,867, filed February 24, 2014, ttled “Systoms, Methods, and
Computer Medium to Produce Efficient, Consistent, and High-Confidence Image-Based
Electrofacies Analysis in Stratigraphic Interpretations Across Multiple Wells,” U.S.
Provisional Patent Application No. 61/949.553, filed March 7, 2014, titled “Systems,
Methods, and Computer Medium to Produce Ffficient, Consistent, and High-Confidence
Image-Based Electrofacies Analysis in Stratigraphic Interpretations Across Multiple Wells,”
and U.S. Non-Provisional Patent Application No. 14/320,032, filed June 3§, 2014, titled
“Systerns, Methods, and Computer Medium to Produce Efficient, Consistent, and High-
Confidence Image-Based Flectrofacies Analysis in Stratigraphic Interpretations Across
Muitiple Wells,” the contents each of which are hereby incorporated herein by reference in

their entireties.

[00136] In the drawings and specification, there have been disclosed embodiments of
methods, systoms, and non-transitory computer-readable medium having computer program
stored therein of the present invention, and although specific terms are employed, the terms
are used in a descriptive sense only and not for purposes of Himitation. The embodiments of
methods, systems, and non-transitory computer-readable medium having computer program
stored therein of the present imvention have been described in considerable detail with
specific reference to these ithustrated embodiments. It will be apparent, however, that various
modifications and changes can be made within the spirit and scope of the embodiments of

methods, systoms, and non-transitory computer-readable medium having computer program
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stored therein of the present invention as described in the foregoing specification, and such

modifications and changes are to be considered equivalents and part of this disclosure.
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CLAIMS
THAT CLAIMED IS:
I. A system to enhance borehole image analysis, the system characterized by:
ORE OF OIC ProCcessors;

ong or more input and output units in communication with the one or more
processors and positioned to recetve as input 3 plurality of different openbole log data
sets, a plorality of different core data sets, and a plurality of different borehole image
reading sets, each of the plaraliy of different openhole log data sets associated with
one or more of a plurality of hydrocarbon wells, each of the plurality of different core
data sets associated with one or more of the plurality of hydrocarbon wells, each of
the plarality of different borehole image reading sets including a plurality of borehole
image readings and agsociated with one or more of the phirality of hydrocarbon wells,
one or more of the plurality of different borehole image reading sets associated with
each of the phurality of hydrocarbon wells, core data including core grain size, the
plurality of hydrocarbon wells associated with a hydrocarbon reservotr, and to output
an approximated grain size and an approximated material type for each borehole

image reading;
one or more displays in commuunication with the one or more processors; and

non-transitory  memory mwedium in compmnication with the one or more

processors, the memory mediurg jnchiding:

a neural network mapping module inchiding computer-readable
instructions stored therein that when executed cause the system to perform the

steps of?

comparing the plurality of different openhbole log data sets 1o

the plurality of different core data sets,

performing iteratively an unsupervised neural network map,
responsive to the phirality of different openhole log data sets and the
plurality of different core data scts, to thereby identify one or more
material types associated with the plurality of hydrocarbon wells, and

generating, responsive to the neural network map, 2 material-
type scheme, the material-type scheme associating each of the
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identified one or more material types with a plurality of material
characteristics, the material characteristics imchiding one or more of the

following: roaterial resistivity value and material grain size, and

an image-based petrophysical analysis module including computer-
readable instructions stored therein that when executed cause the system (o

perform the steps of:

distributing cach of the phlurality of borchole image readings of
cach of the plurality of different borehole image reading sets into one
of a plurality of resistivity classes responsive to the material-type
scheme to thereby associate each borchole mmage reading with an
approximated material type, cach of the plurality of resistivity classes
having one or more predetermined associated material resistivity

values,

calibrating cach borchole image reading responsive to the
plurality of different core data sets and the material-type scheme 1o
produce an approximated grain size associated with each borehole

image reading, and

depicting on the one or more displays, for each hydrocarbon
well, the associated one or more of the plurality of different borehole
image reading scts, the approximated material type for cach borchole
image reading of the associated one or more of the plurality of
different borehole image reading sets, and the approximated grain size
for each borehole image reading of the associated one or more of the
plurality of different borehole image reading sets to thereby increase
copsistency in categorizing subsurface material associated with the
plurality of hvdrocarbon wells by material fype and enhance
interpretation of subsurface material texture, fabric, and features o

predict subsurface material composition of the hydrocarbon reservoir.

2. A system as defined in Claim 1, wherein one or more approximated grain sizes cach

associated with a borehole mage reading have a core-equivalent resolution.
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3. A system as defined in any of Claims 1-2, wherein the memory medium further
imchides computer-readable instractions stored therein that when executed cause the system

1o perform the step of:

generating a high resolution clectrofacies to thereby enhance characterization
of subsurface material composition of the hydrocarbon reservoir, responsive to the
approximated material types, the approximated grain sizes, and user identification of
one or more of the following: image texture data, image feature data, image fabric

data, and image orientation data,
] <=3

4. A system as defined in any of Claims 1-3, wherein borehole image readings inchude
high resolution micro-resistivity image log data, and wherein the mwemory medium further
inchudes computer-readable jnstructions stored therein that when executed cause the system

to perform the steps oft

performing data guality control on the plurality of different openhole log data
sets, the phurality of different core data sets, and the plurality of different borehole
irnage reading sets;

reprocessing the plurality of different openbole log data sets, the plurality of
different core data sets, and the plurality of different borehole image reading sets; and

depth matching the plorality of different openhole log data sets, the plurality
of different core data sets, and the plurality of different borchole trnage reading sets to

thereby enhance input to the system.

(9]

A system as defined in Claim 4, wherein the phurality of borehole image readings of
each of the plurality of different borchole image reading sets are non-normalized, and
wherein the petrophysical analysis module further includes computer-readable instructions
stored thercin that when executed cause the system to perform the step of, before distributing
cach borehole image reading into one of a plurality of resistivity classes, flattening each
borehole image reading.

6. A system as defined in any of Claims 1-5, wherein the neural network mapping
module further includes computer-readable instructions stored therein that when executed

cause the system to perform the step oft

modifying one or more neural network nodes of the neural network wmap

responsive 1o variably-weighted input curves and user action to thereby enhaunce
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identification of the one or more material types associated with the plurality of

hydrocarbon wells,

7. A system as defined o Claim 6, wherein one or more trained and core-calibrated
neural network curves are associated with the material-type scheme, the neural network

curves thereby defining a constrained gross facies scheme.

8. A systern as defined in any of Claims 1-7, wherein the plurality of hydrocarbon wells
are associated with a clastic coviromment, and wherein the ouve or more material types
associated with the phlurality of hyvdrocarbon wells identified in the neural network mapping
module inchude one or more of the following: mudstone, siltstone, argittaceous sandstone,

sandstone, and heterolithics.

9. A system as defined in any of Claims 1-8, wherein the petrophysical analysis module
further includes computer-readable instructions stored therein that when exccuted cause the

system to perform the steps of!

identifving, responsive to the plurality of different openhole log data sets and
the plurality of different borchole image reading sets, one or more zones of fluid

phase change; and

modifying the phurality of resistivity classes responsive to the identified one or
more zoues of fhud phase change, a plurality of measurements of water saturation
associated with one or more of the plurality of hydrocarbon wells, the material-type
scheme, the approximated material types, and the approximated grain sizes, to therchy
compensate for fluid phase changes associated with the identified one or more zones

of flaid phase change.

10, A systern as defined in any of Claims 1-9, wherein the petrophysical analysis module
further includes computer-readable instructions stored thercin that when executed cause the
system to perform the step of matching the number of the plurality of resistivity classes with
the number of the one or more matenial types associsted with the plurality of hydrocarbon

wells identitied 1o the neural network mapping module.

I, A system as defined in any of Claims 1-10, wherein the memory medmm further
inchudes computer-readable instructions stored therein that when executed cause the system

to perform the steps of:
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determining one or more projected material types associated with each of one
or more uncored intervals of one or more of the plorality of hydrocarbon wells
responsive to the approximated material type associated with each of one or more of

the plurality of borchole tmage readings; and

determining one or more projecied grain sizes associated with cach of the one
or more uncored intervals of the hydrocarbon reservoir associated with the plurality of
hydrocarbon wells responsive to the approximated grain size associated with each of
one or more of the plurality of borehole image readings to thereby produce a high-

resolation characterization of the hydrocarbon reservoir.

12. A computer-implemented method to enhance borehole image analysis, the method

characterized by:

comparing a phurality of different openhole log data sets to 3 phurality of
different core data sets, cach of the plurality of different openhole log data sets
associated with one or more of a phivality of hydrocarbon wells, each of the plurality
of different core data scts associated with one or more of the plurality of hydrocarbon
wells, core data including core grain size, the plurality of hydrocarbon wells

associated with a hydrocarbon reservoir;

performing iteratively an unsupervised neuvral network map, responsive to the
plurality of different openhole log data sets and the plurality of different core data
sets, to thereby identify one or more material types associated with the phlurality of

hydrocarbon wells;

generating, responsive to the neural network map, a material-type scheme, the
material-type scheme associating cach of the identified one or more material types
with a plurality of material characteristics, the material characteristics including one

or more of the following: material resistivity value and material grain size;

distributing each of a phlurality of borehole image readings of each of a
plurality of different borehole image reading sets into one of 4 plurality of resistivity
classes responsive to the material-type scheme to thereby associate each borchole
image reading with an approximated material type, cach of the phuality of resistivity
classes having one or more predetermined associated material resistivity values, cach
of the plurality of different borchole image reading sets including a plurality of
borehole image readings and associated with one or more of the plurality of
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i3,

hydrocarbon wells, one or more of the phurality of different borehole image reading

sets associated with each of the plurality of hydrocarbon wells;

calibrating each borehole tmage reading responsive to the phurality of differcut
core data sets and the materiai-type scheme to produce an approximated grain size

associated with each borehole image reading; and

depicting, for each hydrocarbon well, the associated onme or more of the
plurality of different borchole image reading sets, the approximated material type for
each borehole image reading of the associated one or more of the plurality of different
borehole image reading sets, and the approximated grain size for cach borehole image
reading of the associated one or more of the plurality of different borehole image
reading sets to thereby increase comsistency in categorizing subsurface material
associated with the plurality of hydrocarbon wells by material type and enhance
interpretation of subsurface material texture, fabric, and features to predict subsurface

material composition of the hydrocarbon reservoir,

A computer-implemented method of Clatm 12, wherein one or muore approximated

grain sizes each associated with a borchole image reading have a core-equivalent resolution.

14

A computer-implemented method of any of Claims 12-13, wherein the method is

further characterized by:

i5.

generating a high resolution electrofacies to thereby enhance characterization
of subsurface material composition of the hydrocarbon reservoir, responsive to the
approximated material types, the approximated grain sizes, and user identification of
one or more of the following: image texture data, image feature data, image fabric

data, and image orientation data,

A computer-implemented method of any of Claims 12-14, wherein borchole image

readings include high resohution micro-resistivity image log data, and wherein the method is

further characterized by:

performing data guality control on the plurality of difterent openhole log data
sets, the phurality of different core data sets, and the plurality of different borchole
image reading sets;

reprocessing the plurality of different openhole log data sets, the plurality of

different core data sets, and the plurality of different borchole image reading sets; and
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depth matching the plurality of different openhole log data sets, the plurality
of different core data sets, and the plarality of different borehole image reading sets to

thereby enhance input data.

16, A computer-implemented method of Claim 15, wherein the plurality of borchole
image readings of cach of the plurality of different borehole image reading sets are non-
normalized, and wherein the method s further charvacterized by, before distributing each
borchole image reading into one of a plurality of resistivity classes, flattening cach borchole

image reading.

17. A computer-implemented method of any of Claims 1216, wherein the method s

further characterized by:

modifying one or more neural network nodes of the neural network map
responsive to varighly-weighied input curves and user action to therchy cnhance
identification of the one or more material types associated with the plurality of

hydrocarbon wells.

I8. A computer-imoplemented method of Claim 17, wherein one or more trained and core-
calibrated neural network curves are associated with the material-type scheme, the ncural

network curves thereby defining a constrained gross facies scheme,

19, A computer-implemented method of any of Claims 12-18, wherein the phuality of
hydrocarbon wells are associated with a clastic environment, and wherein the one or more
material types associated with the plurality of hydrocarbon wells identified in the neural
network mapping module include one or more of the following: mudstone, silistone,

argillaceous sandstone, sandstone, and heterolithics.

20. A computer-iraplemented method of any of Claims 12-19, wherein the method is

further characterized by:

identitving, responsive to the plurality of different openhole log data sets and
the plurality of different borehole image reading sets, one or more zones of fhid
phase change; and

modifying the plurality of resistivity classes responsive to the identified one or
more zones of fluid phase change, a plurality of measarements of water saturation
associated with one or more of the plurality of hydrocarbon wells, the material-type

scheme, the approximated material types, and the approximated grain sizes, to thereby
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compensate for fhuid phase changes associated with the identified one or more zones

of fhud phase change.

2% A computer-implernented roethod of any of Claims 12-20, wherein the method
further characterized by matching the number of the plurality of resistivity classes with the
number of the one or more material types associated with the plarality of hydrocarbon wells

identified in the neural network mapping module.

22, A computer-imaplemented method of any of Claims 12-21, wherein the method is

further characterized by:

determining one or more projected material types associated with each of one
or more uncored intervals of one or more of the plorality of hydrocarbon wells
responsive to the approximated material type associated with each of one or more of

the plurality of borchole tmage readings; and

determining one or more projecied grain sizes associated with cach of the one
or more uncored intervals of the hydrocarbon reservoir associated with the plurality of
hvdrocarbon wells responsive to the approximated grain size assoctated with cach of
one or more of the plurality of borehole image readings to thereby produce a high-

resofution characterization of the hydrocarbon reservoir.

23, Non-transitory computer-readable medium having one or more computer programs
stored therein operable by one or roore processors 1o enhance borchole image analysis, the
one Or more computer programs characterized by a set of instructions that, when executed by

the one or more processors, cause the one or more processors (o perform the operations of)

comparing a phurality of different openhole log data sets to a phuality of
different core data sets, cach of the plurality of different openhole log data sets
associated with one or more of a phurality of hydrocarbon wells, cach of the plurality
of different core data sets associated with one or more of the plurality of hydrocarbon
wells, core data including core grain size, the phurality of hydrocarbon wells
associated with a hydrocarbon reservoir;

performing iteratively an unsupervised neural network map, responsive to the
phurality of different openhole log data sets and the plarality of different core data
sets, to thereby identify one or more matenal types associated with the plurality of

hydrocarbon wells;
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24.

generating, responsive to the neural network map, a material-type scheme, the
material-type scheme associating cach of the identified one or mwore material types
with a plurality of material characteristics, the material characteristics including one

or more of the following: material resistivity value and material grain size;

distributing cach of a plurality of borehole image readings of cach of a
phirality of different borehole image reading sets into one of a plurality of resistivity
classes responsive 1o the material-type scheme to thercby associate cach borchole
image reading with an approximated material type, each of the phurality of resistivity
classes having oune or more predetermined associated material resistivity values, cach
of the plurality of different borchole tmage reading sets including a plurality of
borehole image readings and associated with one or more of the plurality of
hydrocarbon wells, one or more of the phurality of different borehole tmage reading

sets associated with cach of the plurality of hydrocarbon wells;

calibrating cach borchole image reading responsive to the plurality of different
core data sets and the material-type scheme to produce an approximated grain size

associated with each borehole image reading; and

depicting on one or more displays, for each hydrocarbon well, the associated
one or more of the plurality of different borchole image reading sets, the
approximated material type for cach borehole image reading of the associated one or
more of the phurality of different borehole tmage reading sets, and the approximated
grain size for each borchole image reading of the associated one or more of the
plurality of different borehole tmage reading sets to therehy increase consistency in
categorizing subsurface material associated with the plurality of hydrocarbon weils by
material type and enhance interpretation of subsurface material texture, fabric, and

features to predict subsarface material composition of the hydrocarbon reservoir,

Non-transitory computer-readable medium having one or raore computer programs

stored thercin of Claim 23, wherein one or more approximated grain sizes each associated

with 8 borehole image reading have a corg-equivalent resohution.

23,

Non-transitory computer-readable medium having one or more computer programs

stored therein of any of Claims 23-24, wherein the set of instructions, when executed by the

one or more processors, further cause the one or more processors to perform the operation of

D
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generating a high resohution electrofacies to thereby enhance characterization
of subsurface material composition of the hydrocarbon reservoir, responsive to the
approximated material types, the approximated grain sizes, and user identification of
one or more of the following: image texture data, image feature data, image fabric

data, and umage orientation data.

26.  Non-transitory computer-readable medium having one or more computer programs
stored therein of any of Claims 23-25, wherein borchole image readings mclude high
resolution micro-resistivity image log data, and wherein the set of instructions, when
executed by the one or more processors, further cause the one or more processors to perform

the operations of)

performing data guality control on the plurality of difterent openhole log data
sets, the phurality of different core data sets, and the plurality of different borchole

image reading sets;

reprocessing the plurality of different openhole log data sets, the plurality of

different core data sets, and the plurality of different borchole image reading sets; and

depth matching the plurality of different openhole log data sets, the plurality
of different core data sets, and the plarality of different borehole image reading sets to

thereby enhance input data.

27. Non-transitory computer-readable medium having one or more computer programs
stored therein of Claim 26, wherein the plurality of borehole tmage readings of each of the
plurality of different borehole image reading sets are non-normalized, and wherein the set of
insiructions, when executed by the one or more processors, further cause the one or more
processors to perform the operation of, before distributing cach borehole image reading o
one of a plurality of resistivity classes, flattening cach borehole image reading.

28, Non-transitory computer-readable medium having one or more computer programs

stored therein of any of Claims 23-27, wherein the set of instructions, when executed by the

one or more processors, further cause the one or more processors to perform the operation of

modifying one or more neural network nodes of the neural network map
esponsive (o variably-weighted input curves and user action to thereby enhance
identification of the one or more material types associated with the plurality of

hydrocarbon wells.
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29, Non-transitory computer-readable medium having one or more computer programs
stored therein of Claim 28, wherein one or more trained and cove-calibrated neural network
curves are associated with the material-type scheroe, the weural network curves therchy

defining 3 constrained gross facies scheme.

348, Non-transitory computer-readable medium having one or more computer programs
stored therein of any of Claims 23-29, wherein the plorality of hydrocarbon wells are
associated with a clastic environment, and wherein the one or more material types associated
with the plurality of hydrocarbon wells identified in the ncural network mapping module
inchude one or more of the following: mudstone, siltstone, argillaceouns sandsione, sandstone,

and heterolithics.

31, NWon-transitory computer-readable medium having one or raore computer programs
stored therein of any of Claims 23-30, wherein the set of instructions, when executed by the
one or more processors, further cause the one or more processors to perform the operations
oft
identifying, responsive o the plurality of different openhole log data sets and

the plurality of different borchole image reading sets, one or more zones of fhud

phase change; and

modifying the phurality of resistivity classes responsive to the identified one or
more zoues of fluid phase change, a plurality of measurernents of water saturation
associated with one or more of the plurality of hydrocarbon wells, the material-type
scheme, the approximated material types, and the approximated grain sizes, to thereby
compensate for fluid phase changes associated with the identitied one or more zones

of fluid phase change.

32 Non-transitory comaputer-readable medium baving one or more computer programs
stored therein of any of Claims 23-31, wherein the set of instructions, when executed by the
one or raore processors, further cause the one or more processors to perform the operation of
matching the number of the plurality of resistivity classes with the number of the one or more
material types associated with the plurality of hydrocarbon wells identified in the neural

network mapping module.

33, Non-transitory corpputer-readable reedium baving one or more computer progrars

stored therein of any of Claims 23--32, wherein the set of instructions, when executed by the

74
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one or more processors, further cause the one or more processors to perform the operations

of:

determining one or more projected material types associated with cach of one
or more uncored intervals of one or more of the plurality of hydrocarbon wells
‘esponsive to the approximated material type associated with each of one or more of

the plurality of borehole image readings; and

determining one or more projected grain sizes associated with cach of the one
or more uncored intervals of the hydrocarbon reservoir associated with the phurality of
hydrocarbon wells responsive to the approximated grain size associated with each of
one or more of the plurality of borchole image readings to thereby produce a high-

resolution characterization of the hydrocarbon reservoir.



PCT/US2015/017060

WO 2015/127349

1132

(My Joud) e} 9|4

3409 FHL NI @3AY3S40 S310V4 1vII907039
Ol WIHL FHVdNOD ANV 'SD0T ITOHNIJO
Y3HL1O0 ANV SFOVINI FT10HIIO0T LIHdHTLNI

Vi

ST1IaM 3HL
NI STSATYNY D07 TYNOILNIANOD WHOJd3d

~7/¢

S3dAL X¥O0H HIOAYASIY
ANV ‘SNOILJIY0S3A F¥OD ‘SASATYNY
FH0D ONILSIXT FLYHOILINI ANV ILVTVAL

~€LC

SONTd FH03 HO/ANY STTdWVS
FHOO-TTOHM HOd SISATYNY ALITIGVINHId
ANV ALISOHOd TYNOILNIANOD FHINOOV

~2LC

S3dAL MO0 HIOAYISTY ANV ‘SOI¥dvA
MO0Y "SI0V AJILNIAI OL SFHOD 38140S3d

~1/C




PCT/US2015/017060

WO 2015/127349

2/32

(Wy Joud) qi oI

S310V404.19314

v9¢

SISYE T1IM-AG-TIIM V NO d313ddd31NI
AG NOILYHOILNI FHNLXIL ANV ADOTOHLIT ‘3ZIS-NIVED SNOINVIINNIS

S13S
ONIdv3d S14S v _.wmm% o
JOVII V1vd 4402
€92 292 19
J710H3404 F1OHNAO




WO 2015/127349

3/32

i !
? | | 3 Ef
] 8" a|
| 4 Z
~ | |z ™ v | O]
.o | R
S [ e (4| 2|3
o | = < i =z
<-4 ol NS -2 S| wl
X = %]8 ‘Zé O xl
g 35 25| |8
| <t l__lIE =0 = | 3|
o | W |z tSw 913
& ) O 1= | B \\
O zl5| s Z
1l =
& | 3 =61 |88
AR S g oz | T3
N X 2 < =
z<(___l l (] Il —n
3% | 213 8o
| > l 8]“—" w
e | = © e
= = g | AES i
T =, |g | gl T
I~ o -
o STE | ©lz| —
= Rl Q| T
' b 0
& L IE EIR:
z |2 5 Wz
Iy §—|LZ“ 5 =8 5 Z
< ' i;é’lL". ildl:J: n. =
O IE':( 3 Slax 1 -
A « | T —
L |5 s I I-;';-g IYNINYT
| O Y | Qo WVIN93Y
w1 al [ 30w
N = o vo \
Sy =T %
- v S WO~ N
™~ Z << \N
N S3JAL ONIOO3E~® = @
3ISNOJS3IY ISNO4S3ay N

INIAYIM JOVWI FTOHIHOT — N

PCT/US2015/017060

234



WO 2015/127349

PCT/US2015/017060

4/32
235 FIG.Ic-if (PRIORART) 535 237 238
IMAGE IMAGE FACIES '
ASSOCIATION CODE IMAGE FACIES ALTER-
NATIVES
CONGLOMERATE
MASSIVE SANDSTONE;STRUCTURELESS SMm
OR HOMOGENIZED
{ DISCONTINUOUS, IRREGULAR OR SM
i RIPPLE LAMINATED SANDSTONE v
SANDSTONE LOW-ANGLE LAMINATED SANDSTONE SMI,
(HI)
CROSS-BEDDED SANDSTONE
PARALLEL LAMINATED SANDSTONE
MASSIVE ARGILLACEOUS SANDSTONE;
STRUCTURELESS OR HOMOGENISED Sm,MS$
DISCONTINUOUS, IRREGULAR OR RIPPLE
LAMINATED ARGILLACEOUS SANDSTONE | Sr, Hr
ARGILLACEQUS
LOW-ANGLE LAMINATED ARGILLACEQUS
SANDSTONE SANDSTONE SI, HI
CROSS-BEDDED ARGILLACEQUS
SANDSTONE Sx
DISCONTINUOUS, IRREGULAR OR RIPPLE
LAMINATED HETEROLITHICS ( SAND- SMr
, STONE —SILTSTONE —SHALE]
HETEROLITHICS WELL TO PARALLEL LAMINATED HETERO- | gpj|
LITHICS (SANDSTONE-SILTSTONE-SHALE
COUPLETS) LM
SILTSTONE AND SANDY MUDSTONE SMm,
MUDDY SANDSTONE Mm
0 : _
T SILTSTONE AND SANDY MUDSTONE SMm,
SANDY MUDSTONE WITH IRREGULAR LAMINAE
Mm
MASSIVE SANDSTONE; STRUCTURLESS, MS
HOMOGENISED, BIOTURBATED OR
MUDSTONE PEDOTURBATED
LAMINATED OR BEDDED MUDSTONE Hi




PCT/US2015/017060

WO 2015/127349

5/32

NIV1ddO14 OL NIV1d TVLSVOD

SIN IN ‘W
AUV LNGIYISIAYIINIT ‘THOHSA40 0L IDVLIHOHS HIMOT
HSYMLNO TYIDV1I9-0IANTS ¥O NIV1d SN ‘SIA
IVISYOD “‘ANVINGIYISIGYILNI ‘FOV4IHOHS HIMOT-I1aaIN
SNVEHIAO ONV AUV LASINLSIGHILN] ‘S3807 AdvLngialsia | WIAS SN IH ‘IH
HSYMLNO TVIDVID-OIANTA |
ANV STYOHS JHOHSH40 ‘ABV.LNGINLISIAYILINI $3901 JAS WIAIS “TINS MAIS &
AYVLNGIY1SIA 3DV4TIHOHS SA00T4133IHS GINIHNOINN :
IDV4IHOHS 31dAiN/¥3ddN aNY ‘SYvIHINOW iS5 ws ‘1§
STINNVYHD AMVLINGIYLSIA SA004L3THS GINIINOINN
1SS wis + X§
STAINNVHD ANV SAQ0014133HS GINIHNOD
FONIFH™HNII0 40 S3Iov4 S3IDv4 N O_wﬁwwmm,q
SINIINNOYIANI-ENS NOWINOD JLIVNIQHOINS | INVNIANOG IOV
27 L7¢ 0%z 6EC

(LYY d01dd) 1

H-20 9l




PCT/US2015/017060

WO 2015/127349

6/32

( LYV H0ldd)

Pl Ol

] - : R \
s 6L €67 | ( T egz 7oz 1gg o | 8L
ININNOYHIANT 68¢ 98¢ S8z | 08¢ 6.7
-gNS TYNOILISOd3d 06 411 L7 |~ 782 ALISOHOd
ANV NOLLYDD [4ST4 | 88T Y4 | SLINYA SIOVINI NOYLNIN ANV
~0SSY SIDVA'SIDVA /S3¥NIDOVYA JINVYNAQ ALISN3A ‘3d ‘4D
I9VINI TIOHIYOY P ady ‘ONIQa3g ANV DILVIS  “43dIVD INITIYIM
lec "AHAVY¥OLLVYLS “SyDId TYNNYIA
NOILY.13HdHILINI NOILYAYISIO/ONIQY0DIY




WO 2015/127349

—_—— e e —— — B

- XxAPI
e

=

o

2

o

&

L

(7))

> ‘—I—’
5|
|5

s % |

<[ x ,

-~ O l)_ |

=3 15
LLj lg

€ = |z |

s 1z

— & |

T oz IE O
= |E

o 53 |

. X IEZ_‘_

O Zg

W e
| & <

a |

e

| Q|

I EL

| »
3ISNOJS3Y
ANITIYIM

7132

OFTEN CONDUCTIVE MOTTLED

e e e e — e ————— ————

S3dAl 9NIAA34

3dSNOJS3y
J9VH! 370H3Y049

MORE CONDUCTIVE IMAGE CHARACTER (IN HYDROCARBON LEG)

PCT/US2015/017060

-}
pra
m
Z
u
212
o L < |
= | Tzl
=2 | 8le
<(I
=L | Yl
|<—t(_> = | 3
w Ol <
55| 38
LL< 0
| =| 3
= U)8
| o=
| ——
| i
W
‘ L) L
[andl 0 4
| rz
X
'—-.
‘ T
[ §
oo
I I
2 =
‘ o %
(DE o _i
I =
|;;ga\v'Nw\l\f‘!
O ¥YIN9IY
lgﬁ JHOW
Q
24
D
L=



WO 2015/127349 PCT/US2015/017060

8/32

F1G.1le-ii (PRIOR ART)

IMAGE | IMAGE FACIES ‘
ASSOCIATION CODE IMAGE FACIES ALTER- |
NATIVES
CONGLOMERATE
MASSIVE SANDSTONE;STRUCTURELESS SMm
OR HOMOGENIZED
DISCONTINUOUS, IRREGULAR OR
RIPPLE LAMINATED SANDSTONE SMr
SANDSTONE LOW-ANGLE LAMINATED SANDSTONE SMiI,
(H1)
i CROSS-BEDDED SANDSTONE
S PARALLEL LAMINATED SANDSTONE
““§ MASSIVE ARGILLACEOUS SANDSTONE;
STRUCTURELESS OR HOMOGENISED Sm,MS$S
DISCONTINUOUS, IRREGULAR OR RIPPLE
LAMINATED ARGILLACEOUS SANDSTONE | Sr, Hr
ARGILLACEQOUS ’
LOW-ANGLE LAMINATED ARGILLACEOUS
SANDSTONE SANDSTONE - SILHI
CROSS-BEDDED ARGILLACEQUS
SANDSTONE Sx
DISCONTINUOUS, IRREGULAROR RIPPLE |
LAMINATED HETEROLITHICS { SAND- - SMr
STONE —SILTSTONE —SHALE] :
HETEROLITHICS WELL TO PARALLEL LAMINATED HETERO- [ g\|
LITHICS (SANDSTONE-SILTSTONE-SHALE -
COUPLETS) _ S_l, Mi _
: SILTSTONE AND SANDY MUDSTONE SMm,
MUDDY SANDSTONE
TO Mm
SILTSTONE AND SANDY MUDSTONE SMm,
SANDY MUDSTONE WITH IRREGULAR LAMINAE Mm'
MASSIVE SANDSTONE; STRUCTURLESS, MS
HOMOGENISED, BIOTURBATED OR
MUDSTONE PEDOTURBATED
LAMINATED OR BEDDED MUDSTONE Hi




PCT/US2015/017060

WO 2015/127349

9/32

NIV1ddOT OL NIV1d WiSV0OD , SIA A WA
‘AYYLNGIYISIAYILNI ‘THOHSAH0 OL IDVIIHOHS HaIMOT
HSYMLNO TVIDV19-OIANT4 YO NIVd 4SSN
IVLISYOD ‘A¥YLNGINISIGYILNI “IDVATHOHS YIMOT-31aaIN
SNVIHIAO ANV AYVINGINISIANILNI ‘S3F0T AUVLNGINISIA WIS ‘SN IH “IH
HSYMLNO TVIDVI9-0IANTS
ANV STYOHS FHOHSIHO ‘AUVINGINLISIAYILNI ‘S3901 JINS WIAIS ‘NINIS XINS
AYVINGIY1SIA 3IDVATIHOHS SO0 T413IHS GINIINOINN
IDV4IHOHS I1AQIN/YIddN ANV ‘SYYIHLNOW IS ws ‘IS
STINNVHI AYVLINGIYISIA'SA001413IHS AINIINOINN
1515 ws + X§
STANNYHI ONV SAOO0T4133HS g3INIINOD
IDNIYHYNID0 40 S3DV4 S3iDVv4 N o_w@__ww sy
SLININNOHYIANI-9NS NOWINOD JIVNIQHOENS | INVNINOG IOV

(1dV "o1dd) i1-9[ 9

° 3w




PCT/US2015/017060

¢ 9l
_S13S SONIAV3IY 3OVINI 310HIHOY
- AdALTIVIY3IVIN A3LVINIXOHddV N:\m._.um V1ivad 3400

ecl
71 ~~ 3AZIS NIVYD QILVINIXOUddV _‘:\m._.m_m Vivad 501 310HN3dO

AN

el

10/32

WO 2015/127349

m_.SQOS_ SISATVNVY
TVIISAHdOY13d
90} ] d3sva-31ovI

L{ JT1NAOWN SNIddVIN

1
SO 11 YYOMLIN TVHN3IN
(S)LINN O/ ~2z01
por” | INNIGIIN AYOWAN
€01 ] (S)AV1dSia (S)40SS3D0Yd ™01

W31SAS




PCT/US2015/017060

WO 2015/127349

11132

€ "old

1 ONIQY3Y HOVY3 H04 3ZIS NIVEO d3LVINIXOdddY

e
1¢l
| ©NGYE HOVE 404 3dAL TYINALYA GIUVIXONddY
TTIM YV HO4 L3S ONIQYIY IOVl TToHTNoE [ Tew
TINAOW SISATYNY 0 GON NI
WOISAHAONLd 5 | ONLLIN TN
o] G3svE-39vAI 0L WL ol
0cl
S13S
ONIQY3Y S13S y cw%owg
JOVNI vva0o /| om0 Lo

J10H3dog / M




PCT/US2015/017060

WO 2015/127349

STIIM TV SSOHOV

AOQTOHLIT-SSOH9,

¥ "Old

12/32

TEMYH e
3ZIS-NIVEO ,0aN3Sd,
SIHNLYXIL  scsassssansss .
AUV e e SAIDV40HLOTNT [y,
= d31vyddliivo
TIIM ¥3d - \.ﬂﬁf A STIIM TTY SSOHOY
TSNV 0N __ e =< (ADOTOHLITSSOND,
SOISAHdOd13d .
29V M - - AHOMLIN TvdnaN
51~ TosL L il
ey - N ooooow
T~ ...H.v eI )
RN
SISATYNY SISATYNY SNOILdI¥0S3d
90T AOVII 9071 31T0HNIdO 4409
evl vl Lyl




PCT/US2015/017060

WO 2015/127349

13/32

S old

S31DV40410314

97l Q3LVHaIYD
TN
T13M ¥3d — \\ N STIIM T1V SSOHIV
321S-NIV¥D ,00n3sd, 7 saunixaL // ADOTOHLIT-SSOYD,
/ N
SDISAHdOY13d | N[ womian vl
S
\\ 31VHEIVYD
/
SISATVNY SISATYNY SNOLLAIIS3a
507 IOV 501 JTOHN3dO 340

{ ( (
£71 Z7l L7L

SUBSTITUTE SHEET (RULE 26)



PCT/US2015/017060

14/32

WO 2015/127349

@ mu \ .n\ SIA [ | 1dv8 HVINIT [ AVY VININVD
ON 3918/q HVINI SZ'0 | 40O1Ov4 1103 1I0L0Hd

S3A | am UVANIT T ALISOY0d NOYLNAN

SIA |8 | ewo/s HVINIT S0 ALISN3Q 1N

JIVAIDY | 10103 | jiNn | NOILVINYOASNVYL | IH9IEM | EELEZY

J

40D ‘NOILNSIMISIA SISSVID NN ‘ALIMILYE0Y SSY1D NN ‘SISSY1D (NN) YYOMLIN
TYHNIN “49 ©d ‘NOYLNAN ‘ALISNIQ ‘SdOL ‘IINTHII3Y (LHOIN OL 1337) HOVHL 107d T1IM

|

i

6LE

-~

w.me

T - E el . ¥ i ’ FR AN RS R ! ] b
STV e . by 1elioMm

[
9lE




WO 2015/127349

15/32

PCT/US2015/017060

320

\

DATA (TRACK 1-5)
HIGH READINGS
TO THE RIGHT

LOG/PETROPHYSICAL

STATICIMAGE 322

331 (HIGHRESISTIVITY

"IN LIGHT COLOR) &

\ IMAGE THRESHOLD
NEUTRAL ~ ROCKTYPES

NETWORK
ROCK TYPES

323~ CORE DESCRIPTIONS
) |

324

/

IMAGE FACIES
& TADPOLES |

B
HIGH —
CONDUCTIVITY
C
HIGH —
CONDUCTIVITY 1S
HIGH = | ;o
CONDUCTIVITY '} N
| | NN-BASED SAND, " IMAGE |
1 - ( . —
325 DENS/ \ SILT,SHALE 332 FACIES
NEUT/Pe SW/ ANS NN CLASS
J FLUID PROBABILITY ~ IMAGE-BASED
326 U5TH/K CHANGE % SAND, SILT,
‘ im,itp, 330 SHALE
27 38 g
\ l
329 331




PCT/US2015/017060

WO 2015/127349

16/32

| ] ] =]
| @ £ = @
LEE — = ™ - .
% = - &
i} SAPDV4 J9VIAL -NOILYNOZ
"~ ALISOHOd NOYLNAN HOIH A/AT O
T s
()] N
) :
v e] #
n E3
<
T o H
9ee m A
W " - x.ﬂﬁu
=3 . "
= K
TS . w.h_ ®
@
MJJ »
_ ﬂii,_mo%a NOYLNIN HOIH .
m -
(0) & ¥ . »
o " s « o P .
w 7 # ¥ o g
=
~ =
= . : : T e
see—T|5  (ever=u) dwis dins -
‘dxNS ‘dwis “d)S “dxS LNOHLIM ,

e E ]

SI0V4 AG QILLOTd STIAINYS StiZ ‘dNOYD HYZAVNN —STIAM 9
ALISN3Q 1NE "SA ALISO¥Od NOYLNIN 101d-SS0HD TIM-LLINA




WO 2015/127349

PCT/US2015/017060
17/32
325 339 340 324
A M N
cr  DENS/ ey IMAGE FACIES/ FIG 8b
| 'NEUT TADPOLES
ey - josey - ——
5 E
-
i |
i
Y
MULTI-WELL BOX-PLOT: (BULK DENSITY) FIG 8c

FACIES: Sxp, Slp, Smp, SMxp, SMlp,SMmp

0.25 g/cc

WELL-4
WELL-5

HIGH BULK DENSITY




WO 2015/127349 PCT/US2015/017060

18/32
345 346
| L 347 348
FORMATION| IMAGE ) ]
IMAGE s AZ%SED | FACIES ASSOCIATIONS
| ‘ |  FACIES CHARACTERISTICS:
HIGH > LOW |ASSOCIATIONS|  FACIES COLOR CODE (n)
RESISTIVITY
SILT,SHALE | AND GRAIN SIZE CUTOFFS
FRACTION | ST — 3 BEST SANDSTONE (1):
| TOTAL SAND>33%, <5% VSILT,
: <5% VCLAY
GOOD SANDSTONE (2):
'TOTAL SAND >33%, <20% VSILT,
| <20% VCLAY

ARGILLACEQUS SANDSTONE (3)
- TOTAL SAND >33%, <50% SILT, |
<33% VCLAY

HETEROLITHIC (5) |
TOTAL SAND <66% AND >33%,
< 50% VCLAY, <50% VSILT

SILTSTONE (4) W
TOTAL SAND <50%, >33% VSILT,
<33% VCLAY

MUDSTONE (6)
TOTAL SAND <50%, >33% VCLAY
<33% VSILT

CONVERSION OF GRAIN SIZE CURVES
INTO FACIES ASSOCIATIONS

10t

FIG.9




PCT/US2015/017060

WO 2015/127349

19/32

355

354

353

352.

320

SJldgv4 TvIIS01035 ANV
SNOLLVIDOSSY S31DVH
ANV S31DV4 TVANVIN

Iz ¢+ =
HI

s

I R

ONIQQ3Ig-ssoOUD
‘S@39 INOLSANVS
“IVYNLONYLS

|

NOILYOLLSIANI 40 HL43Q INTH344id

YO SIOVINOD QiN4 0L

'SNOILVIDOSSY S310v4d
JULVINOLNV-IINGS

IHOIY 3IHL OL

DNIAV3Y HOIH (0T XOvdl)
X3AN! ALIINIDOYILIH
1437 3HL OL ONIAV3IY HOIH
(6-£ MDwil) SNOLLNGIYLSIA
FHUNIXIL/ALISOHOd

Y0100 LHOIT NI
ALIALLSISTY HOIH
(9-9 30vHl)

507 39V

——

NA HOLVIAISIN

. b
T\L rq. A

i ( /

S25tt

SONIAVIY ALIALLSISTY

HOl

SONIQV3IY ALIALLSISTY

ainNuHo

P —

1 3NA HOLVINSIN

P

TIVHS LIS
‘ISYV0D
‘3N ‘INH ANVS

/

JOVIAIL
a3103440D MS

(

JOVIAIL
@31vyanvo 4SIN

(

359 360

ASW QT WS

(

LHOMN FHL
OL SONIQVIY HOIH
(%-T MowlL)

vivad 901 310H N3IdO

?%..{\rd A

e ek

- A ALA

Far: B Pty

1NaN
/SN3a

(

OWI-SIHd @d 4D

/

1v2d ‘sg

‘YO ‘€10

/

356

362

361

357 339 358

FIG. 10



PCT/US2015/017060

WO 2015/127349

20/32

FIG.11

368

S310vd 3OVIANIL
d31vdgIvd 3400

53104
ADVINI

2
332

367

366

S3AdAL AD0Y

QTOHS3HHL 3DVINE

{8 Movui)
$S3104avVLH0100 1HOMN
NI ALIAILSISIY HOIH

(£ 3DvdL) IDVINIDILVIS

JIVHS ‘LIS

‘ISHVYOO-Q3IN- INIA
ANVS @3svd 3IovNI

—

33

JIVHS ‘11IS

‘ISYYOO-GIN -INI
aNVS d3svsg HO

321
(

SIdAL YO0H
NYOMLIN TVHLNIN

IS
‘an‘si

320
(

1HOIY IHL OL SONIAVY3Y
HOIH (P-T MDvdl)
V1vd 501 310H N3dO

ad/1NIN
/SN3a

326

19

l
325

H4411vD
IOVINI

369




377

WO 2015/127349

21/32

PCT/US2015/017060

317

316

FIG. 12

/

379

311 3"76 312
/

)

I

378



WO 2015/127349 PCT/US2015/017060

22/32

WELL3 N : WELL3

SANDSTONES, Sx OR Sxp-—2

WELL3 WELL3

S ~SANDSTONES, SMx OR SMxp

W

S ,
387 388

FIG. 134



WO 2015/127349 PCT/US2015/017060

23/32
385 386
. Pl
UNIT C ~ UNIT D
WELL3 WELL 3

38 N e N

X

. T

x WELL 1

x WL WELLS

2]

L » WELL 2

5

= WELL6

-

=

<

wn

UNITC UNITD
WELL3 WELL3
N ; 1 N

Q

R

« WELL

X

3 WELLS5

w

u 3 WELL 2

= WELLG

%2,

()

Z

<

V)

/
362

S
389 \390

FIG.13B



WO 2015/127349 PCT/US2015/017060

24/32

317

«--MOT 10 HOIH-~

B

T

e R

i 85

T e

e e

316

MODELING

RHOB LOW--=

PETROPHYSICAL

mwm{&ﬂ 3 R

315

f31 4

~—HIGH
~—HIGH

~—M0T 1d HOIH—~

FACIES
MODELING

313

WELL 6

312

(3N

WELLS




PCT/US2015/017060

WO 2015/127349

25/32

FIG.15

SNOILAIYDS3A YOO

AZISNIVYO

S31DV4 IDVIAI

398~

.

JIVHS ‘1S
‘GNVS Q3Sva-IDvIAI

332

/324 (/323

S310d4avL ANV
S31Dv4 35VIAI

/395

SAT0HS3IYHL

IOV g (HOT0D LHON
NI ALIALLSISTY HOIH) I9VINI

ALITIGVEOHd

SSVID NN NV
FIVHS LIS

'‘ANVS Q3Sva-NN

330 331/

-/

/321

MTHOMIIN TVILNIN

THSWNQTI'ST

\ 397

320

1HOIY IHL OL SONIAVIY
HOIH (S-T MDvYl) viva Dol

9d/1N3IN/SNIa

49

‘325 ‘326

3dVHS 310H

396~



PCT/US2015/017060

WO 2015/127349

26/32

G3aa3ag 11aM ‘FJ1VHS/ANYS a3aa3agd3LINI AINIHL
Q3LVNINVT-I1ddIY ‘TTVHS/ANYS G3AQ3gY3LNI AINIHL
G31LLOW ‘INOILSLIIS

a3WY043a 4O JAISSYIA “INOLSLTIS

_ a3aa3g aNoisLiis
QILVYNIAVI-31ddId ‘(L AQanin,) INOLSANYS

aanLLon ‘(,Aaanin,) INOLSANYS

A1993d ‘a3INY043a YO IAISSYI ‘(LAQANIA,) INOLSANYS
a3NY043a 40 IAISSYIN (LAQaN,) INCLSANYS
A1993d ‘a3aa3g-ssoyd ‘(LAaanin,) INOLSANYS
a3aaig-ssoyud ‘(L Aaanin,) INOLSANYS

A1993d ‘a3aa3ag ‘((Aaanin,) INOLISANVS

a3iaa3g ‘(LAaanin,) INOLSANYS

Q3LVYNIAVT-I1ddiY ‘((NV3I1D,) INOLSANVS

 @31LLOW ‘(,NV3TD,) INOLSANYS

A1893d ‘a3INY043a YO JAISSYIN ‘(,NV3I1D,) INOLSANYS
Q3INHO043a HO IAISSYIAL ‘(,NVI1D,) INOLSANVS

A1993d ‘a3aa3g-ssoyd ‘(,Nv3I1D,) INOLSANVS
a3aaig-ssoyd ‘(,Nv31D,) INOISANVS

A19€3d ‘a3aa3dg ‘((Nv3I1D,) INOLSANYS

a3aa3g ‘(,Nv31D,) INOLSANYS

a3I1LIOW “INOLSaNIn

@3INY043a YO JAISSYN “INOLSaNIN

Q3LYNIAVT ‘INOLISANIN

JOWSIA
SN
gqsin
NS
JOWIAIS
dwins
WIAIS
dxals
XINIS
diiNs
IINS

15
jows

9l 9l




317

316

315

34

313

312

3N

WO 2015/127349

27/32

PCT/US2015/017060

LR

i

{ !

' L

i ot N

e

WELL3

WELL 2

WELL1

e

{ T

FIG. 17



PCT/US2015/017060

WO 2015/127349

28/32

- S3DV4 IOVIAIL [S101d 404 NOILYNOZ

XS @ dXNG m

XNS =

XS @
35 507
dx dxo S3DV4
WS /9XS Ad DVHHNS
5 IVNOISOY3
s ‘ONIQQg3g

“ONIQa3g SSOWD

JIV4UNS TYNOISOY3
oNIga3d
ONIQa3d SSOud IS
_
2 T13M | .
XS
aNFuL
1vSH3IdSIa ININIAIS h
35 OL S TIVYIAO LT1AM N
.\

8l 9/

L07

07



PCT/US2015/017060

WO 2015/127349

29/32

w 0€

VERIEL,
\
AV

Veam

N

LT1amVY

i1y

S713
e’/

it

e/

LTTIM

T

e1am N
e’




WO 2015/127349 PCT/US2015/017060

30/32

FIG.20A

431
OVERALL BIMODAL NE AND SE,SUGGESTING
E DIRECTION
FIG. 20B
~UNIT B
432

POLYMODAL, WITH A WEAK NNW TO SSE
BIAS




WO 2015/127349 PCT/US2015/017060

31/32

FIG.20C
— UNIT C
0° NORTHERLY
AND
SOUTHERLY
WELLS
270° = 90° 433
SOUTHERLY
WELLS
180°
OVERALL ENE DIRECTION SUGGESTED IN THE
S,ENE IN N v




PCT/US2015/017060

WO 2015/127349

32/32

¢ Ol

$2102J01103|3
paieiqied

.

ovl

o sjjaMm jje ssoie

S | = N Mr%%ﬁmgfmw%mﬁawmﬁwu%w

soisAydoilad g\

MIOMISN
Jde o 3 ging
- gewy i wwﬂw%u | N oh
\ \ LN\ e
s1sAjeuy sisAjeuy suondussag
801 a8ewy Ho1 ejoyuadp 3107
eyl - vl
$3128404129)3
¥9C

Pl BN

isiseq jj2m Ag jjlem e uo ialaadiaju] 3yl Ag

uonesdajul aunixa} pue Adojoyli) ‘azis-uieid snosueljn

P i ~.
sisAjeuy | sisAjeuy suondudsag
801 a8ew| | 8o1ejoyuadp 310D

¢3¢

£9¢

NEW w;::rkﬂaw

~P

old workflow



INTERNATIONAL SEARCH REPORT

International application No

PCT/US2015/017060

A. CLASSIFICATION OF SUBJECT MATTER

INV. GO1V11/00
ADD.

According to International Patent Classification (IPC) or to both national classification and IPC

B. FIELDS SEARCHED

GOlvV E21B

Minimum documentation searched (classification system followed by classification symbols)

Documentation searched other than minimum documentation to the extent that such documents are included in the fields searched

EPO-Internal, WPI Data

Electronic data base consulted during the international search (name of data base and, where practicable, search terms used)

C. DOCUMENTS CONSIDERED TO BE RELEVANT

Category™

Citation of document, with indication, where appropriate, of the relevant passages

Relevant to claim No.

cited in the application

Y paragraphs [0002],
[0093], [0099],
figures 1,2A-5,10A,10B

[0030],

[0090] ,
[101106] - [0110];

X US 2012/221306 Al (HURLEY NEIL FRANCIS 1-5,
[US] ET AL) 30 August 2012 (2012-08-30)

9-16,
20-27,
31-33
6,7,17,
18,28,29

_/__

Further documents are listed in the continuation of Box C.

See patent family annex.

* Special categories of cited documents :

"A" document defining the general state of the art which is not considered
to be of particular relevance

"E" earlier application or patent but published on or after the international
filing date

"L" document which may throw doubts on priority claim(s) or which is
cited to establish the publication date of another citation or other
special reason (as specified)

"O" document referring to an oral disclosure, use, exhibition or other
means

"P" document published prior to the international filing date but later than
the priority date claimed

"T" later document published after the international filing date or priority
date and not in conflict with the application but cited to understand
the principle or theory underlying the invention

"X" document of particular relevance; the claimed invention cannot be
considered novel or cannot be considered to involve an inventive
step when the document is taken alone

"Y" document of particular relevance; the claimed invention cannot be
considered to involve an inventive step when the document is
combined with one or more other such documents, such combination
being obvious to a person skilled in the art

"&" document member of the same patent family

Date of the actual completion of the international search

20 May 2015

Date of mailing of the international search report

03/06/2015

Name and mailing address of the ISA/

European Patent Office, P.B. 5818 Patentlaan 2
NL - 2280 HV Rijswijk

Tel. (+31-70) 340-2040,

Fax: (+31-70) 340-3016

Authorized officer

Bream, Philip

Form PCT/ISA/210 (second sheet) (April 2005)

page 1 of 2




INTERNATIONAL SEARCH REPORT

International application No

PCT/US2015/017060
C(Continuation). DOCUMENTS CONSIDERED TO BE RELEVANT
Category™ | Citation of document, with indication, where appropriate, of the relevant passages Relevant to claim No.
Y DUBOIS ET AL: "Comparison of four 6,7,17,
approaches to a rock facies classification 18,28,29
problem",
COMPUTERS AND GEOSCIENCES, PERGAMON PRESS,
OXFORD, GB,
vol. 33, no. 5, 10 April 2007 (2007-04-10)
, pages 599-617, XP022025373,
ISSN: 0098-3004, DOI:
10.1016/J.CAGE0.2006.08.011
pages 599-605
pages 611-614
Y US 20137080133 Al (SUNG ROGER R [SA] ET 1-5,8,
AL) 28 March 2013 (2013-03-28) 10-16,
19,
21-27,
30,32,33
paragraphs [0031] - [0049]; figures 2-4
Y BASU T ET AL: "Facies analysis: 1-5,
Integration of core and log data using a 10-16,
neural network as input for reservoir 21-27,
modeling in Betty Field, Malaysia", 32,33
INTERNET CITATION,
2004, XP001210333,
Retrieved from the Internet:
URL:http://Tibrary.seg.org/doi/pdf/10.1190
/1.1786905
[retrieved on 2014-06-30]
the whole document
Y CA 2 869 825 Al (ARAMCO SERVICES CO [US]; 1-5,
SAUDI ARABIAN OIL CO [SA]) 10-16,
7 November 2013 (2013-11-07) 21-27,
32,33
pages 8-12; figures 1,2C,2D
Y US 2009/259446 Al (ZHANG TUNFENG [US] ET 1-5,8,
AL ZHANG TUANFENG [US] ET AL) 10-16,
15 October 2009 (2009-10-15) 19,
21-27,
30,32,33
paragraphs [0044], [0081] - [0094];
figures 5a,5b,7,8
Y US 2005/171697 Al (HELIOT DENIS [US] ET 1-5,8,
AL) 4 August 2005 (2005-08-04) 10-16,
19,
21-27,
30,32,33
paragraphs [0033], [0035], [0039],
[0046]; figures 4,7,8

Form PCT/ISA/210 (continuation of second sheet) (April 2005)

page 2 of 2




INTERNATIONAL SEARCH REPORT

Information on patent family members

International application No

PCT/US2015/017060
Patent document Publication Patent family Publication
cited in search report date member(s) date
US 2012221306 Al 30-08-2012 US 2012221306 Al 30-08-2012
WO 2012118864 A2 07-09-2012
US 2013080133 Al 28-03-2013 CA 2847693 Al 21-03-2013
EP 2756337 A2 23-07-2014
US 2013080133 Al 28-03-2013
WO 2013040281 A2 21-03-2013
CA 2869825 Al 07-11-2013 CA 2869825 Al 07-11-2013
CN 104380144 A 25-02-2015
US 2009259446 Al 15-10-2009  NONE
US 2005171697 Al 04-08-2005  NONE

Form PCT/ISA/210 (patent family annex) (April 2005)




	Page 1 - front-page
	Page 2 - description
	Page 3 - description
	Page 4 - description
	Page 5 - description
	Page 6 - description
	Page 7 - description
	Page 8 - description
	Page 9 - description
	Page 10 - description
	Page 11 - description
	Page 12 - description
	Page 13 - description
	Page 14 - description
	Page 15 - description
	Page 16 - description
	Page 17 - description
	Page 18 - description
	Page 19 - description
	Page 20 - description
	Page 21 - description
	Page 22 - description
	Page 23 - description
	Page 24 - description
	Page 25 - description
	Page 26 - description
	Page 27 - description
	Page 28 - description
	Page 29 - description
	Page 30 - description
	Page 31 - description
	Page 32 - description
	Page 33 - description
	Page 34 - description
	Page 35 - description
	Page 36 - description
	Page 37 - description
	Page 38 - description
	Page 39 - description
	Page 40 - description
	Page 41 - description
	Page 42 - description
	Page 43 - description
	Page 44 - description
	Page 45 - description
	Page 46 - description
	Page 47 - description
	Page 48 - description
	Page 49 - description
	Page 50 - description
	Page 51 - description
	Page 52 - description
	Page 53 - description
	Page 54 - description
	Page 55 - description
	Page 56 - description
	Page 57 - description
	Page 58 - description
	Page 59 - description
	Page 60 - description
	Page 61 - description
	Page 62 - description
	Page 63 - description
	Page 64 - description
	Page 65 - claims
	Page 66 - claims
	Page 67 - claims
	Page 68 - claims
	Page 69 - claims
	Page 70 - claims
	Page 71 - claims
	Page 72 - claims
	Page 73 - claims
	Page 74 - claims
	Page 75 - claims
	Page 76 - claims
	Page 77 - drawings
	Page 78 - drawings
	Page 79 - drawings
	Page 80 - drawings
	Page 81 - drawings
	Page 82 - drawings
	Page 83 - drawings
	Page 84 - drawings
	Page 85 - drawings
	Page 86 - drawings
	Page 87 - drawings
	Page 88 - drawings
	Page 89 - drawings
	Page 90 - drawings
	Page 91 - drawings
	Page 92 - drawings
	Page 93 - drawings
	Page 94 - drawings
	Page 95 - drawings
	Page 96 - drawings
	Page 97 - drawings
	Page 98 - drawings
	Page 99 - drawings
	Page 100 - drawings
	Page 101 - drawings
	Page 102 - drawings
	Page 103 - drawings
	Page 104 - drawings
	Page 105 - drawings
	Page 106 - drawings
	Page 107 - drawings
	Page 108 - drawings
	Page 109 - wo-search-report
	Page 110 - wo-search-report
	Page 111 - wo-search-report

