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(57) Abstract: A system includes a processor and a memory. The memory includes instructions that are executable by the processor
to access a plurality of seismic images of a subterranean formation in a first geological area. The instructions are also executable to
generate a plurality of fault estimates from each of the plurality of seismic images. Further, the instructions are executable to generate
a processed seismic image of the first geological area by normalizing and merging the plurality of seismic images and the plurality of
fault estimates. Additionally, the instructions are executable to generate a statistical fault uncertainty volume of the first geological area
using the processed seismic image. Furthermore, the instructions are executable to control a drilling operation in the first geological
area using the statistical fault uncertainty volume of the first geological area.
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AUTOMATED FAULT UNCERTAINTY ANALYSIS IN HYDROCARBON
EXPLORATION

TECHNICAL FIELD

[0001] The present disclosure relates generally to hydrocarbon exploration.
More specifically, but not by way of limitation, this disclosure relates to facilitating
hydrocarbon exploration by performing an automated fault uncertainty analysis
on seismic data.

BACKGROUND

[0002] Hydrocarbon exploration is the search for hydrocarbons, such as oil or
gas, within a subterranean formation. Interpretation of faults in seismic data has
a significant impact on hydrocarbon exploration, reservoir characterization, and
field development workflows. The faults may represent drilling hazards, an
indication of fluid migration of reservoirs, and an indication of
compartmentalization of reservoirs. Thus, a comprehensive understanding of
faulting in a reservoir may provide significant value for efficient development of

hydrocarbon resources.

[0003] Fault interpretation may be performed manually by interpreting seismic
data of an area. Manual interpretation is both time and labor intensive. Further,
manual fault interpretations may differ significantly due to human bias or pre-
processing and data visualization technologies. Seismic images used by
interpreters may include imperfections resulting from noise, velocity modeling,
and imaging errors. Thus, manual interpretation of a subterranean fault is
subject to uncertainties, both in terms of whether a fault is present at a particular
location and with respect to a precise location, fault-network connectivity, and
orientation of the fault.
BRIEF DESCRIPTION OF THE DRAWINGS

[0004] FIG. 1 depicts a computing environment including a computing system

performing processing operations on seismic images according to some aspects
of the present disclosure.
[0005] FIG. 2 depicts an example of a seismic image according to some aspects
of the present disclosure.
[0006] FIG. 3 depicts an example of a seismic image with a fault uncertainty

analysis overlay according to some aspects of the present disclosure.
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[0007] FIG. 4 depicts a computing environment including the computing system
of FIG. 1 including a neural network according to some aspects of the present
disclosure.
[0008] FIG. 5 depicts a flowchart of a process to generate a fault interpretation
confidence index using a trained neural network according to some aspects of
the present disclosure.
[0009] FIG. 6 is a block diagram of a computing device according to some
aspects of the present disclosure.

DETAILED DESCRIPTION

[0010] Certain aspects and features of the present disclosure relate to

facilitating hydrocarbon exploration by performing an automated fault uncertainty
analysis on seismic data. Fault plane geometries and fault networks may
represent drilling hazards. Further, the fault plane geometries may determine
reservoir connectivity, gross volume, and performance. Interpreting faults
rapidly, accurately, and with knowledge of intrinsic uncertainty may provide a
significant advantage in facilitating hydrocarbon exploration and estimating
commercial viability of a geological region.

[0011] Multiple fault attribute volumes may be computed on a plurality of input
seismic image volumes to produce a statistically valuable population of fault
attribute realization. Once the multiple fault attribute volumes are computed, the
redundancy of the fault attribute volumes may be leveraged to derive qualitative
and quantitative uncertainty and confidence measures of predicted fault
attributes. These uncertainty and confidence measures of the predicted fault
attributes may be used as a guide and risk-assessment data for manual and
automated fault interpretations. In this manner, the fault uncertainty may be
provided in a proactive manner, such as prior to drilling, rather than a reactive
manner, such as typically performed after encountering unexpected hazards
such as drilling into a fault.

[0012] By combining the computed quantitative statistical data with routinely and
efficiently computed seismic attributes, a non-linear interpretation-confidence-
index prediction model may be built. The prediction model may be used in
regions with similar geological settings that have not been interpreted for fault
uncertainty due to the unavailability of the necessary data or for economic

reasons. The fault uncertainty predictions provided by the prediction model may
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be more computationally efficient than the computation of fault attribute volumes
used to build the prediction model.

[0013] These techniques may provide a fully automated method for deriving
fault uncertainty based on seismic fault attributes. In this manner, novel
visualizations of qualitative fault uncertainties can be created. The novel
visualizations of qualitative fault uncertainties may provide an interpreter with
valuable insights into the dominant fault corridors. In addition, the novel
visualizations of qualitative fault uncertainties highlight areas of a formation that
may benefit from further analysis. Additionally, valuable statistical information on
fault existence and placement may be computed without explicit and time-
consuming manual or automatic fault plane construction. Further, statistical
measures of fault confidence may be leveraged to introduce uncertainty-weights
in automatic fault extraction algorithms. In some examples, the influence of data
quality, fault placement, image algorithm assumptions, and velocity-mode-
induced image distortions on a fault interpretation may be anticipated.

[0014] These illustrative examples are given to introduce the reader to the
general subject matter discussed here and are not intended to limit the scope of
the disclosed concepts. The following sections describe various additional
features and examples with reference to the drawings in which like numerals
indicate like elements, and directional descriptions are used to describe the
illustrative aspects but, like the illustrative aspects, should not be used to limit

the present disclosure.

[0015] FIG. 1 is an example of a computing environment including a computing
system 102 performing processing operations on seismic images 104. The
computing system 102, may include multiple processing modules, such as a
seismic image processor 106, an image normalizer and merger 108, and a
statistical analyzer 110. An output of the computing system 102 may include
statistical fault uncertainty volumes 112 that represent fault uncertainties

generated from the seismic images 104.

[0016] In an example, the seismic images 104 may be generated from a series
of seismic surveys taken for an area of a subterranean formation. The area may
include a geological area being inspected for future hydrocarbon exploration. The

seismic surveys may include transmission of seismic waves into a geological
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formation. The seismic waves may reflect back from the geological formation to
one or more seismic wave receivers. Using the reflected seismic waves, a
seismic image generator may generate the seismic images 104 that represent

geological characteristics of the area being surveyed.

[0017] In the computing system 102, the seismic images 104 may be accessed
and provided to the seismic image processor 106. Each of the seismic images
104 may represent different seismic surveys of the same geological area. For
example, the seismic images 104 may include, but are not limited to, identical-
domain subsurface images obtained by a range of seismic-wave migration
algorithms using different migration velocity fields, images obtained from distinct
frequency bandwidths of the seismic waves, and images obtained from partial

stacks of seismic data.

[0018] To achieve a statistically significant number of the seismic images 104,
three or more different seismic images 104 may be accessed by the computing
system 102 for further processing. More or fewer seismic images 104 may also
be used to generate uncertainty results of varying qualities. In an example, the
seismic images 104 may each be generated from a plurality of different sub-
angle ranges used for receiving the seismic wave reflections. Other differences
may also be used to generate the seismic images 104, such as using isotropic or
anisotropic migration velocity fields, using distinct frequency bandwidths of the

seismic wave, using partial stacks of the seismic data, etc.

[0019] The seismic image processor 106 may repeatedly process each of the
seismic images 104 accessed by the computing system 102. The processing
may estimate fault likelihood at different locations depicted in the seismic images
104 using distinct hyper-parameter settings. Each algorithmic hyper-parameter
setting can simulate various fault interpretation styles and goals by constraining,
for example, fault stiffness and reflector truncation sharpness. In an example,
each of the seismic images 104 may be processed multiple times with a focus on
the different hyper-parameters to generate an indication of fault likelihoods in

each of the seismic images 104.

[0020] The processed seismic images 104 may enter a quantitative analysis
phase at the image normalizer and merger 108. The image normalizer and

merger 108 may normalize and co-render all of the fault likelihood estimates
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generated for the seismic images 104 by the seismic image processor 106.
Normalizing the fault likelihoods may be accomplished by generating a fault
likelihood for each of the processed seismic images 104 at a normalized value
between zero and one. Co-rendering the fault likelihood estimates may involve
overlaying data sets of the processed seismic images 104 to generate a
combined representation of the fault likelihood estimates of the set of processed

seismic images 104.

[0021] By normalizing and co-rendering the fault likelihood estimates, fault-
plane uncertainty corridors and fault-plane connectivity volumes may be
generated. In an example, the fault-plane uncertainty corridors and the fault-
plane connectivity volumes may be provided as overlays of the fault
interpretations of the seismic images 104. The fault-plane connectivity volumes
and uncertainty corridors are qualitative in nature and may enable accelerated
and uncertainty-aware fault interpretation. Further, the fault-plane connectivity
volumes and uncertainty corridors may be useful in classifying subsurface
regions that are suitable for automated interpretation and those that are more
suitable for human intervention. For example, an indication of limited uncertainty
of a fault prediction in a particular area may be suitable for reliance on
automated interpretation, while an indication of a greater uncertainty of a fault

prediction may be more suitable for further review by a skilled analyst.

[0022] In an example, the fault-plane uncertainty corridors may provide an
indication of uncertainty of a fault being located within a specific region. Further,
the fault-plane connectivity volumes may provide an indication of
interconnectivity of the identified fault systems. An output of the image
normalizer and merger 108 may include a three-dimensional representation of a
geological area being analyzed that demonstrates an uncertainty measurement

of the presence and location of faults within the geological area.

[0023] The output of the image normalizer and merger 108 may be accessed by
the statistical analyzer 110 in a quantitative fault analysis phase of the seismic
images 104. |If data quality is sufficient, the normalized and merged fault
likelihood volumes that are output by the image normalizer and merger 108 may
be analyzed statistically, such as by determining a mean, max, and standard

deviation of a fault likelihood at a particular pixel location. Further, a quantitative
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measure of local image similarity and local fault interpretation variance in spatial
location or a dip of the fault may be computed. The statistical data may provide
valuable input to reservoir model building or as a weight to machine-learning

based automated fault interpretation analysis.

[0024] In an example, the statistical data may include specific uncertainty
information about the fault likelihoods generated by the normalizer and merger
108. For example, the fault likelihood information may include an indication of
uncertainty that a particular pixel associated with a location in a subterranean
formation is along a fault or an indication of uncertainty that a particular fault
plane is offset. The resulting statistical fault uncertainty volumes 112 may be
output by the statistical analyzer 110 of the computing system 102.

[0025] FIG. 2 is an example of the seismic image 104 according to some
aspects of the present disclosure. The seismic image 104 may be used to
estimate properties of a formation at a particular location. For example, the
seismic image 104 may be used to estimate faults within a geological formation
based on, for example, formation layer inconsistencies within the seismic image
104.

[0026] The illustrated seismic image 104 may be one of several seismic images
104 received by the computing system 102. Each of the seismic images 104
received by the computing system 102 may represent the same geological area,
and each of the seismic images 104 may be slightly varied due to using
variations in sub-angle ranges, using migration velocity fields, using distinct
frequency bandwidths of the seismic wave, using partial stacks of the seismic
data, etc.

[0027] Further, several additional cross-sections of the seismic images 104 may
be used to provide a three-dimensional representation of the estimated
properties of the formation. For example, the faults may be estimated as three-
dimensional features instead of a two-dimensional feature of an individual
seismic image 104.

[0028] FIG. 3 is an example of a processed seismic image 304 with a fault
uncertainty analysis overlay according to some aspects of the present disclosure.
The fault uncertainty analysis overlay may include fault-plane corridor predictions

306a, 306b, and 306c. In an example, the fault-plane corridor predictions 3064,
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306b, and 306c may be the output from the image normalizer and merger 108
from FIG. 1. Thus, the fault-plane corridor predictions 306a, 306b, and 306c may

be further analyzed by the statistical analyzer 110.

[0029] As shown, the fault-plane corridor predictions 306a, 306b, and 306c¢c
include progressively thicker lines. The thicker line of the fault-plane corridor
prediction 306¢c may indicate that the exact location of the identified fault is
uncertain, while the thinner line of the fault-plane corridor prediction 306a may
indicate that the location of the identified fault is more certain. The location
uncertainty of the fault-plane corridor prediction 306b may fall between the
location uncertainties of the fault-plane corridor predictions 306a and 306c. For
example, the identified faults are likely present within the fault-plane corridor
predictions 306a, 306b, and 306c, but the exact location may be more unknown
in the fault-plane corridor prediction 306c¢ than in the fault-plane corridor
predictions 306a and 306b, as indicated by the width of the fault-plane corridor
predictions 306a, 306b, and 306c. The varying location uncertainties in the fault-
plane corridor predictions 306a, 306b, and 306¢ may be the result of differences
in the seismic images 104 that are normalized and co-rendered to generate the
processed seismic image 304. For example, each of the seismic images 104
may include slightly different fault locations.

[0030] FIG. 4 is an example of a computing environment including the
computing system 102 including a neural network 402 according to some
aspects of the present disclosure. The neural network 402 may access the
statistical fault uncertainty volumes 404 from a first geological area and a set of
seismic poststack attributes 406 from the first geological area to train the neural
network 402. The result of training the neural network 402 may be a non-linear
prediction model 408.

[0031] In an example, the statistical fault uncertainty volumes 404 may be the
same as the statistical fault uncertainty volumes 112 generated by the statistical
analyzer 110, as discussed above with respect to FIG. 1. Further, the statistical
fault uncertainty volumes 404 may be used as labels for the set of seismic
poststack attributes 406 computed for the first geological area. The set of
seismic poststack attributes 406 can include a shape index, instantaneous

frequencies, or any other poststack attributes that are collected for the first
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geological area. In an example, the statistical fault uncertainty volumes 404 and
the set of seismic poststack attributes 406 may be used in a supervised training
operation of the neural network 402, such as a deep neural network (DNN).
Other machine-learning architectures may also be used in place of the neural
network 402. The supervised training operation may train the neural network
402 to generate the non-linear prediction model 408. Further, the non-linear
prediction model 408 may be continually updated as new statistical fault
uncertainty volumes are generated for different geological areas. The continual
updates to the non-linear prediction model 408 may generate a more robust and
accurate model for predicting fault interpretation confidence indexes in other

geological areas.

[0032] Because the process of generating the statistical fault uncertainty
volumes 404, as described above with respect to FIG. 1, may be computationally
expensive, the non-linear prediction model 408 may be implemented to produce
a fault interpretation confidence index of a second geological area that is
different from the first geological area without generating a new statistical fault
uncertainty volume. For example, the non-linear prediction model 408 may
access a set of seismic poststack attributes 410 for the second geological area.
Because the non-linear prediction model 408 was trained using the data
generated for the first geological area, the non-linear prediction model 408 may
use the set of seismic poststack attributes 410 to generate a fault interpretation
confidence index 412 of the second geological area. The fault interpretation
confidence index 412 may provide additional insight useful for fault interpretation
for the second geological area where a statistical fault uncertainty volume has
not been calculated. For example, the fault interpretation confidence index 412
may include an indication of uncertainty of a prediction of a fault being located at
a particular location within the second geological area. Using the fault
interpretation confidence index 412, a driller may be aware that a given fault
prediction or interpretation includes a large uncertainty, such as in spatial
location, and the driller is able to proceed carefully based on the awareness of

the uncertainty.

[0033] FIG. 5 is a flowchart of a process 500 for generating the fault

interpretation confidence index 412 using the non-linear prediction model 408
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according to some aspects of the present disclosure. At block 502, the process
500 involves accessing the seismic images 104 from a first geological area.
Each of the seismic images 104 may represent different seismic surveys of the
same geological area. For example, the seismic images 104 may include, but
are not limited to, identical-domain subsurface images obtained by a range of
seismic-wave migration algorithms using different migration velocity fields,
images obtained from distinct frequency bandwidths of the seismic waves, and
images obtained from partial stacks of seismic data. To achieve a statistically
significant number of the seismic images 104, three or more different seismic
images 104 may be accessed by the computing system 102 for further
processing. More or fewer seismic images 104 may also be used to generate

uncertainty results of varying qualities.

[0034] At block 504, the process 500 involves generating fault estimates from
each of the seismic images 104. For example, the seismic image processor 106
may repeatedly process each of the seismic images 104 accessed by the
computing system 102. The processing operations may estimate fault likelihoods
at different locations depicted in the seismic images 104 using distinct hyper-
parameter settings. Each algorithmic hyper-parameter setting can simulate
various fault interpretation styles and goals by constraining, for example, fault
stiffness and reflector truncation sharpness. In an example, each of the seismic
images 104 may be processed multiple times with a focus on the different hyper-
parameters to generate an estimate of fault likelihoods and locations in each of

the seismic images 104.

[0035] At block 506, the process 500 involves normalizing and merging the
seismic images 104 including the fault estimates. For example, the processed
seismic images 104 may enter a quantitative analysis phase at the image
normalizer and merger 108. The image normalizer and merger 108 may
normalize and co-render all of the fault likelihood estimates generated for the
seismic images 104 by the seismic image processor 106 at block 504.
Normalizing the fault likelihoods may be accomplished by generating a fault
likelihood for each of the processed seismic images 104 at a normalized value
between zero and one. Co-rendering the fault likelihood estimates may involve

overlaying data sets of the processed seismic images 104 to generate a
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combined representation of the fault likelihood estimates of the set of processed

seismic images 104.

[0036] At block 508, the process 500 involves generating statistical fault
uncertainty volumes of the first geological area. For example, the output of the
image normalizer and merger 108 may be accessed by the statistical analyzer
110 in a quantitative fault analysis phase of processing the seismic images 104.
If data quality is sufficient, the normalized and merged fault likelihood volumes
that are output by the image normalizer and merger 108 may be analyzed
statistically. The resulting statistical fault uncertainty volumes 112 may be output
by the statistical analyzer 110 of the computing system 102.

[0037] At block 510, the process 500 involves accessing seismic poststack
attributes 406 of the first area. In an example, the neural network 402 may
access the statistical fault uncertainty volumes 112 from a first geological area
and the set of seismic poststack attributes 406 from the first geological area for

use as training data when train the neural network 402.

[0038] At block 512, the process 500 involves training the neural network 402 to
generate the non-linear prediction model 408. In an example, the statistical fault
uncertainty volumes 404 and the set of seismic poststack attributes 406 may be
used in a supervised training operation of the neural network 402, such as a
deep neural network (DNN). The supervised training operation may train the
neural network 402 to generate the non-linear prediction model 408. Further, the
non-linear prediction model 408 may be continually updated as new statistical
fault uncertainty volumes are generated for different geological areas. The
continual updates to the non-linear prediction model 408 may generate a more
robust and accurate model for predicting fault interpretation confidence indexes

in other geological areas.

[0039] At block 514, the process 500 involves accessing the seismic poststack
attributes 410 of a second geological area. Because the non-linear prediction
model 408 was trained using the data generated for the first geological area, the
non-linear prediction model 408 may use the set of seismic poststack attributes
410 to generate a fault interpretation confidence index 412 of the second

geological area.
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[0040] At block 516, the process 500 involves generating the fault interpretation
confidence index 412 of the second geological area using the non-linear
prediction model 408. The fault interpretation confidence index 412 may provide
additional insight useful for fault interpretation for the second geological area

where a statistical fault uncertainty volume has not been calculated.

[0041] FIG. 6 is a block diagram of an example of a computing device 600
according to some aspects of the present disclosure. While FIG. 6 depicts the
computing device 600 as including certain components, other examples may
involve more, fewer, or different components than are shown in FIG. 6. In an
example, the computing device 600 may be implemented as the computing
system 102, as described above with respect to FIG. 1.

[0042] As shown, the computing device 600 includes a processor 602
communicatively coupled to a memory 604 by a bus 606. The processor 602 can
include one processor or multiple processors. Non-limiting examples of the
processor 602 include a Field-Programmable Gate Array (FPGA), an application-
specific integrated circuit (ASIC), a microprocessor, or any combination of these.
The processor 602 can execute instructions 608 stored in the memory 604 to
perform operations. In some examples, the instructions 608 can include
processor-specific instructions generated by a compiler or an interpreter from
code written in any suitable computer-programming language, such as C, C++,
C#, or Java.

[0043] The memory 604 can include one memory device or multiple memory
devices. The memory 604 can be non-volatile and may include any type of
memory device that retains stored information when powered off. Non-limiting
examples of the memory 604 include electrically erasable and programmable
read-only memory (EEPROM), flash memory, or any other type of non-volatile
memory. At least some of the memory device includes a non-transitory
computer-readable medium from which the processor 602 can read instructions
608. A non-transitory computer-readable medium can include electronic, optical,
magnetic, or other storage devices capable of providing the processor 602 with
the instructions 608 or other program code. Non-limiting examples of a non-
transitory computer-readable medium include magnetic disk(s), memory chip(s),

ROM, random-access memory (RAM), an ASIC, a configured processor, optical
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storage, or any other medium from which a computer processor can read the
instructions 608.

[0044] The computing device 600 may include or otherwise access the seismic
images 104. The computing device 600 may also include the seismic image
processor 106 that can receive the seismic images 104 for processing. The
computing device 600 can execute the image normalizer and merger and the
statistical analyzer 110 to generate the statistical fault uncertainty volumes 112.
Further, the computing device 600 can include a neural network 402 that is
trainable using seismic poststack attributes 406 of the area associated with the
seismic images 104 and the statistical fault uncertainty volumes 112 that are
output by the statistical analyzer 110. Once trained, the neural network 402 may
be the non-linear prediction model 408, which is capable of generating fault
interpretation confidence indexes 412 of additional areas. The fault
interpretation confidence indexes 412 can provide useful information to an
operator regarding predicted locations of faults.

[0045] The computing device 600 can also include an action module 618. The
action module 618 can include executable program code for taking one or more
actions based on the output of the non-linear prediction model 408. For
example, the computing device 600 may execute the action module 618 to
control a drilling operation within a subterranean formation. In such an example,
a drilling direction may be determined based on a predicted location of a fault in
the subterranean formation prior to drilling into the fault. The control of the
drilling operation may also generally include making a determination about
whether to drill a well based on economic risk implied by the volumetric
uncertainty provided by the fault uncertainty confidence indexes 412. For
example, the fault uncertainty confidence indexes 412 may provide information
that accounts for economic risk of drilling a well in a particular area by estimating
uncertainty in volumetrics and providing an indication of a quality of crucial fault
seals. In another example, the computing device 600 can execute the action
module 618 to determine whether an area is more suitable for hydrocarbon
exploration than other similarly analyzed areas based on the fault interpretation
confidence indexes 412. The computing device 600 can then generate a
graphical user interface (GUI) indicating whether particular areas are suitable for

further exploration and display the GUI on a display device 622, such as a liquid
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crystal display or light emitting diode display.

[0046] As one particular example, the computing device 600 uses the non-linear
prediction model 408 to generate an output indicating the fault interpretation
confidence indexes 412. The computing device 600 can then execute the action
module 618 to apply a set of rules based on the output to determine whether
particular areas are suitable for hydrocarbon exploration. The rules may indicate
that the particular areas are predicted to have well defined fault locations or
uncertain fault locations. The computing device 600 can generate and display a
GUI that includes an alert indicating whether the particular areas are suitable for
further exploration or should be avoided during a drilling operation.

[0047] Fault uncertainty analysis in hydrocarbon exploration can be facilitated
according to one or more of the following examples.

[0048] As used below, any reference to a series of examples is to be
understood as a reference to each of those examples disjunctively (e.g.,
"Examples 1-4" is to be understood as "Examples 1, 2, 3, or 4").

[0049] Example 1 is a system comprising: a processor; and a memory including
instructions that are executable by the processor for causing the processor to:
access a plurality of seismic images of a subterranean formation in a first
geological area; generate a plurality of fault estimates from each of the plurality
of seismic images; generate a processed seismic image of the first geological
area by normalizing and merging the plurality of seismic images and the plurality
of fault estimates; generate a statistical fault uncertainty volume of the first
geological area using the processed seismic image; and control a drilling
operation in the first geological area using the statistical fault uncertainty volume
of the first geological area.

[0050] Example 2 is the system of example 1, wherein the instructions are
further executable by the processor for causing the processor to: generate a
prediction model by training a deep neural network using the statistical fault
uncertainty volume of the first geological area and a first set of seismic attributes
of the first geological area; and generate a confidence index of a fault location in
a second geological area by applying the prediction model to a second set of
seismic attributes of the second geological area.

[0051] Example 3 is the system of example 2, wherein the instructions are

further executable by the processor for causing the processor to: control a drilling
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operation in the second geological area using the confidence index of the fault
location in the second geological area.

[0052] Example 4 is the system of examples 1-3, wherein the plurality of seismic
images comprise at least three different seismic images.

[0053] Example 5 is the system of example 4, wherein the plurality of seismic
images are generated from a plurality of sub-angle ranges used to receive
seismic wave reflections from the subterranean formation in the first geological
area.

[0054] Example 6 is the system of examples 1-5, wherein controlling the drilling
operation in the first geological area comprises controlling the drilling operation
to avoid a portion of the first geological area where the statistical fault
uncertainty volume indicates a high degree of uncertainty in a fault-presence
prediction.

[0055] Example 7 is the system of examples 1-6, wherein controlling the drilling
operation in the first geological area is performed prior to drilling into a fault in
the first geological area.

[0056] Example 8 is the system of examples 1-7, wherein the statistical fault
uncertainty volume comprises an indication of uncertainty that a particular pixel
associated with a location in a subterranean formation is along a fault.

[0057] Example 9 is a method comprising: accessing, by a processor, a plurality
of seismic images of a subterranean formation in a first geological area;
generating, by the processor, a plurality of fault estimates from each of the
plurality of seismic images; generating, by the processor, a processed seismic
image of the first geological area by normalizing and merging the plurality of
seismic images and the plurality of fault estimates; and generating, by the
processor, a statistical fault uncertainty volume of the first geological area using
the processed seismic image.

[0058] Example 10 is the method of example 9, further comprising: generating,
by the processor, a prediction model by training a machine-learning architecture
using the statistical fault uncertainty volume of the first geological area and a first
set of seismic attributes of the first geological area; and generating, by the
processor, a confidence index of a fault location in a second geological area by
applying the prediction model to a second set of seismic attributes of the second

geological area.
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[0059] Example 11 is the method of example 10, further comprising: controlling,
by the processor, a drilling operation in the second geological area using the
confidence index of the fault location in the second geological area.

[0060] Example 12 is the method of examples 9-11, further comprising:
controlling, by the processor, a drilling operation in the first geological area using
the statistical fault uncertainty volume of the first geological area.

[0061] Example 13 is the method of example 12, wherein controlling the drilling
operation in the first geological area is performed prior to drilling into a fault in
the first geological area.

[0062] Example 14 is the method of examples 9-13, wherein the statistical fault
uncertainty volume comprises an indication of uncertainty that a particular pixel
associated with a location in a subterranean formation is along a fault.

[0063] Example 15 is the method of examples 9-14, wherein generating the
plurality of fault estimates from each of the plurality of seismic images comprises:
processing, by the processor, the plurality of seismic images using a plurality of
algorithmic hyper-parameter settings on each of the plurality of seismic images
to generate the plurality of fault estimates.

[0064] Example 16 is a non-transitory computer-readable medium comprising
program code that is executable by a processor for causing the processor to:
access a plurality of seismic images of a subterranean formation in a first
geological area; generate a plurality of fault estimates from each of the plurality
of seismic images; generate a processed seismic image of the first geological
area by normalizing and merging the plurality of seismic images and the plurality
of fault estimates; and generate a statistical fault uncertainty volume of the first
geological area using the processed seismic image.

[0065] Example 17 is the non-transitory computer-readable medium of example
16, wherein the program code is further executable by the processor for causing
the processor to: generate a prediction model by training a deep neural network
using the statistical fault uncertainty volume of the first geological area and a first
set of seismic attributes of the first geological area; and generate a confidence
index of a fault location in a second geological area by applying the prediction
model to a second set of seismic attributes of the second geological area.

[0066] Example 18 is the non-transitory computer-readable medium of example

17, wherein the program code is further executable by the processor for causing
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the processor to: control a drilling operation in the second geological area using
the confidence index of the fault location in the second geological area.

[0067] Example 19 is the non-transitory computer-readable medium of examples
16-18, wherein the program code is further executable by the processor for
causing the processor to: control a drilling operation in the first geological area
using the statistical fault uncertainty volume of the first geological area.

[0068] Example 20 is the non-transitory computer-readable medium of
examples 16-19, wherein the statistical fault uncertainty volume comprises an
indication of uncertainty that a particular pixel associated with a location in a
subterranean formation is along a fault.

[0069] The foregoing description of certain examples, including illustrated
examples, has been presented only for the purpose of illustration and description
and is not intended to be exhaustive or to limit the disclosure to the precise forms
disclosed. Numerous modifications, adaptations, and uses thereof will be
apparent to those skilled in the art without departing from the scope of the
disclosure. For instance, examples described herein can be combined together

to yield still further examples.
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Claims

1. A system comprising:
a processor; and
a memory including instructions that are executable by the processor for
causing the processor to:
access a plurality of seismic images of a subterranean formation in a
first geological area;
generate a plurality of fault estimates from each of the plurality of
seismic images;
generate a processed seismic image of the first geological area by
normalizing and merging the plurality of seismic images and the plurality of
fault estimates;
generate a statistical fault uncertainty volume of the first geological
area using the processed seismic image; and
control a drilling operation in the first geological area using the

statistical fault uncertainty volume of the first geological area.

2. The system of claim 1, wherein the instructions are further executable by the
processor for causing the processor to:

generate a prediction model by training a deep neural network using the
statistical fault uncertainty volume of the first geological area and a first set of
seismic attributes of the first geological area; and

generate a confidence index of a fault location in a second geological area by
applying the prediction model to a second set of seismic attributes of the second

geological area.

3. The system of claim 2, wherein the instructions are further executable by the
processor for causing the processor to:
control a drilling operation in the second geological area using the confidence

index of the fault location in the second geological area.

4, The system of claim 1, wherein the plurality of seismic images comprise at
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least three different seismic images.

5. The system of claim 4, wherein the plurality of seismic images are generated
from a plurality of sub-angle ranges used to receive seismic wave reflections from

the subterranean formation in the first geological area.

6. The system of claim 1, wherein controlling the drilling operation in the first
geological area comprises controlling the drilling operation to avoid a portion of the
first geological area where the statistical fault uncertainty volume indicates a high

degree of uncertainty in a fault-presence prediction.

7. The system of claim 1, wherein controlling the drilling operation in the first

geological area is performed prior to drilling into a fault in the first geological area.

8. The system of claim 1, wherein the statistical fault uncertainty volume
comprises an indication of uncertainty that a particular pixel associated with a

location in a subterranean formation is along a fault.

9. A method comprising:

accessing, by a processor, a plurality of seismic images of a subterranean
formation in a first geological area;

generating, by the processor, a plurality of fault estimates from each of the
plurality of seismic images;

generating, by the processor, a processed seismic image of the first
geological area by normalizing and merging the plurality of seismic images and the
plurality of fault estimates; and

generating, by the processor, a statistical fault uncertainty volume of the first

geological area using the processed seismic image.

10.  The method of claim 9, further comprising:
generating, by the processor, a prediction model by training a machine-
learning architecture using the statistical fault uncertainty volume of the first

geological area and a first set of seismic attributes of the first geological area; and
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generating, by the processor, a confidence index of a fault location in a
second geological area by applying the prediction model to a second set of seismic

attributes of the second geological area.

11.  The method of claim 10, further comprising:
controlling, by the processor, a drilling operation in the second geological area

using the confidence index of the fault location in the second geological area.

12. The method of claim 9, further comprising:
controlling, by the processor, a drilling operation in the first geological area

using the statistical fault uncertainty volume of the first geological area.

13.  The method of claim 12, wherein controlling the drilling operation in the first

geological area is performed prior to drilling into a fault in the first geological area.

14. The method of claim 9, wherein the statistical fault uncertainty volume
comprises an indication of uncertainty that a particular pixel associated with a

location in a subterranean formation is along a fault.

15.  The method of claim 9, wherein generating the plurality of fault estimates from
each of the plurality of seismic images comprises:

processing, by the processor, the plurality of seismic images using a plurality
of algorithmic hyper-parameter settings on each of the plurality of seismic images to

generate the plurality of fault estimates.

16. A non-transitory computer-readable medium comprising program code that is
executable by a processor for causing the processor to:

access a plurality of seismic images of a subterranean formation in a first
geological area;

generate a plurality of fault estimates from each of the plurality of seismic
images;

generate a processed seismic image of the first geological area by
normalizing and merging the plurality of seismic images and the plurality of fault

estimates; and
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generate a statistical fault uncertainty volume of the first geological area using

the processed seismic image.

17. The non-transitory computer-readable medium of claim 16, wherein the
program code is further executable by the processor for causing the processor to:
generate a prediction model by training a deep neural network using the
statistical fault uncertainty volume of the first geological area and a first set of
seismic attributes of the first geological area; and
generate a confidence index of a fault location in a second geological area by
applying the prediction model to a second set of seismic attributes of the second

geological area.

18. The non-transitory computer-readable medium of claim 17, wherein the
program code is further executable by the processor for causing the processor to:
control a drilling operation in the second geological area using the confidence

index of the fault location in the second geological area.

19. The non-transitory computer-readable medium of claim 16, wherein the
program code is further executable by the processor for causing the processor to:
control a drilling operation in the first geological area using the statistical fault

uncertainty volume of the first geological area.

20.  The non-transitory computer-readable medium of claim 16, wherein the
statistical fault uncertainty volume comprises an indication of uncertainty that a
particular pixel associated with a location in a subterranean formation is along a

fault.
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